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1.1	 When AI Meets the Real World
1.2	 The Immense Promise and Hidden Dangers of LLM-PoweredApplications
1.3	 The Developer’s Dilemma: Is It “Customer-Ready”?
1.4	 What Do We Mean by LLM and Agent Evaluation?References
1.1	 When	 AI	 Meets	 the	 Real	 WorldIn February 2024, the British Columbia Civil Resolution Tribunal ruledthat Air Canada was liable for negligent misrepresentation after itswebsite chatbot gave a passenger false information about bereavementfares, and it ordered the airline to pay compensation (Moffatt v. AirCanada 2024). The decision, and the scrutiny that followed, shows thatwhen AI touches customer facing �lows, wrong answers can create real�inancial, legal, and trust risks.These high-pro�ile missteps are not isolated. In 2024, Google’sGemini (previously Bard) had to abruptly pause its image generationfeature after it produced “inaccurate or even offensive” images;
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executives publicly called the outputs “embarrassing and wrong” andapologized (Raghavan 2024). Together, cases like Air Canada andGemini surface the same lesson: no matter how impressive a LargeLanguage Model (LLM) appears in demos, if it is not rigorouslyevaluated and tested under real operating conditions, it can break aproduct, or shatter public trust in it. In Fig. 1.1, the AI deployment riskcurve shows that risk increases exponentially as systems move fromcontrolled testing to real-world deployment. The “last mile” tocustomers is where most failures occur.

Fig.	1.1 The AI deployment risk curveYet the excitement is understandable. In just a few years, LLMs havedemonstrated capabilities once found only in science �iction. They candraft and summarize essays, write code, answer complex questions,and generate images and videos on demand. OpenAI’s ChatGPT, forexample, reached 100 million users within 2 months of launch, makingit the fastest growing consumer application in history at that time (Hu



2023). That wow factor has set off a race: companies large and smallare rushing to weave LLMs into customer experiences, from smartemail assistants to autonomous agents embedded on websites.However, potential alone is not enough. The moment these systemsleave the lab and meet the messiness of real users, the central questionbecomes reliability: can the AI produce correct, safe, and consistentresults every time? Early evidence suggests many deployments are notmeeting that bar. In the scramble to ship, teams sometimes skip basicdiligence, such as robust evaluation suites, regression checks on boththe model and the serving stack, and guardrails tuned to real-worldedge cases. As the Air Canada ruling shows, poorly tested AI does notjust cause technical glitches; it can misinform customers, offend users,trigger PR crises, and invite lawsuits and regulatory action. This bookargues that systematic evaluation, before, during, and after launch, isthe difference between delightful AI and dangerous AI. In Table 1.1, theEvaluation Gap demonstrates that teams typically test less than 10% ofthe scenarios users will actually encounter (Fig
Table	1.1 The Evaluation Gap: what teams test vs. what users actually encounter
What	 teams	 test What	 users	 encounter

Happy-Path	 Queries
“What’s	 the	 weather	 in	 Paris?”

Edge Cases“What is my deceased relative had a ticket?”
Clear	 Instructions
Well-formatted,	 unambiguous	 requests

Ambiguous QueriesVague, misspelled, or contradictory inputs
Common	 Use	 Cases
Top	 10	 expected	 interactions

Adversarial InputsJailbreaks, prompt injections, abuse
Demo-Ready	 Examples
Scenarios	 that	 showcase	 features

Multi-turn ChaosContext drift, contradictions, user confusion1.2). This gap is where failures happen, and where systematicevaluation becomes critical.



Fig.	1.2 The hallucination Iceberg
1.2	 The	 Immense	 Promise	 and	 Hidden
Dangers	 of	 LLM-Powered	 ApplicationsThere’s no question that LLMs have unlocked incredible newpossibilities. These models, trained on massive text data, can mimichuman-like understanding and generation of language, image, video,and audio. They have been used to summarize documents, generatesoftware code, carry on conversations, and even pass professionalexams. Businesses see opportunities to deploy LLMs for customerservice bots, virtual assistants, content creation tools, and autonomousoperational agents. The promise is that an LLM-powered feature canhandle queries or tasks with a level of complexity that traditionalsoftware couldn’t match. This promise has driven huge investment andproduct development across industries.



However, alongside the hype, there is growing awareness of thedangers. By their very nature, LLMs do not guarantee correctness orstability. They generate outputs probabilistically, which means the sameprompt might yield different responses on different occasions. Even ifthe probability of having poor responses is low, at the scale of ChatGPTit becomes almost inevitable that some users will experience iteventually. If such a model is directly answering customer questions, ahallucination can translate into real misinformation. Hallucination iswhen an LLM con�idently generates �luent but false, unfounded, orunveri�iable information, presenting invention as fact despite lackinggrounding in data, tools, or sources. Recent research from OpenAIargues that hallucinations arise from statistical causes in moderntraining and evaluation pipelines, that errors will occur even witherror-free training data, and that common grading incentivesencourage guessing rather than uncertainty, which makeshallucinations persist in practice (Tauman Kalai et al. 2025).Likewise, LLMs can exhibit biases or offensive content learned fromtheir training data. We saw this in the Gemini example, where a featureintended to create images of people produced results offensive enoughthat Google had to shut it down and rebuild the system. Microsoft’sBing AI chatbot provides another cautionary tale: when �irst released,Bing’s LLM-powered chat sometimes went “off the rails,” it insultedusers, made emotional or erratic comments, and even producedunsettling responses (at one point declaring love to a user and urgingthem to leave their spouse) (Warren 2023). This episode also exposedanother risk vector, anthropomorphism. When a model uses �irstperson language and claims feelings or intentions, people can overattribute agency and credibility to its output, which createspsychological and emotional risks, including distress, coercivedynamics, and undue trust in statements that are invented (Sharma2024). The public backlash was swift, prompting Microsoft to hastilyadd strict conversation limits and content �ilters to rein in the AI’sbehavior. In each case, the pattern is the same: a powerful AI system



that looks amazing in controlled demos can quickly become a liabilitywhen exposed to the messy, unpredictable nature of real-world usage.Crucially, these failures are not always obvious until afterdeployment. An AI might perform impressively on common testprompts, also known as eval sets, yet still fail in unanticipated wayswhen exposed to the vast diversity of real user inputs. Language is very�lexible: users can ask things or phrase questions in ways developersnever predicted. Because the input space is open ended, it is impossibleto test to 100%; no �inite evaluation suite can exhaustively cover everyprompt, context, or tool interaction, so some failures will only emergein the wild. This means an untested or under-tested LLM can still holdsurprises that become visible only in production. The world witnessedthis when Microsoft’s Bing AI chatbot (powered by an LLM) initiallywent off the rails with emotional, erratic responses to users, promptingthe company to hastily add limits and �ilters (Leswing 2023). In eachcase, the pattern is the same: a powerful AI system that looks amazingin demos can quickly become a liability if it hasn’t been vetted for themessy, unpredictable nature of real-world usage.Like other top labs, Google’s Gemini and OpenAI, Anthropic also hita rough patch. In September 2025, customers began noticing thatClaude’s answers felt off: less consistent, less trustworthy, andoccasionally out of character. Anthropic reported that users had begunnoticing degraded responses from Claude, and that the growingfrequency and persistence of these reports led the team to open aninvestigation and publish a postmortem. Anthropic rolled back recentchanges and stabilized quality, but for customers the impact wasimmediate: con�idence dipped, some pilots paused, and teams addedextra checks while waiting for clarity. Public threads collected examplesand complaints, underscoring how quickly perceived quality issuestranslate into user friction and hesitation. Anthropic published apostmortem and rolled back recent changes, reassuring users andstabilizing quality (Anthropic 2025). The broader lesson matches theGemini and OpenAI incidents in this chapter: evaluation has to cover



the full surface area and protect users from regressions they wouldotherwise feel immediately.To be clear, the issue isn’t that LLMs are bad technology, it’s thatLLMs integrated into products without robust evaluation willeventually hit a corner case and break when put into complex products.They might break by providing wrong answers, by producingsomething offensive, by crashing or looping, or by doing something assubtle as subtly misinterpreting a user’s request and giving anirrelevant result. And because these AI systems often act as the “face” ofa product (interacting directly with users), their failures are highlyvisible. A traditional software bug might cause a feature to quietly stopworking; an AI failure can lead to a public relations nightmare, asillustrated with Fig. 1.3: the visibility Paradox, or a loss of customertrust.

Fig.	1.3 The visibility ParadoxIn short, untested or under-evaluated LLMs will break when putinto complex, real-world products. It might not happen immediately,



but given enough users and enough diverse inputs, something will gowrong. When it does, the fallout can be far worse than a typicalsoftware bug because it undermines user trust and company reputationin a very public way. This brings us to the key challenge for anyonebuilding with AI: ensuring these systems are ready for the real world.
1.3	 The	 Developer’s	 Dilemma:	 Is	 It	 “Customer-
Ready”?For engineers and product builders working with AI, this raises aburning developer question: How	do	we	know	when	an	LLM-powered
solution	is	truly	ready	for	customers? This is the developer’s dilemma(see Fig. 1.4: decision tree). On the one hand, you have an AI model thatcan do remarkable things; on the other hand, you are aware it mightalso do something wildly unexpected or wrong, and worst case hurt thecustomer’s business. Deciding that a system is “customer-facing ready”is far trickier with an AI model at the core than with most traditionalsoftware because you cannot enumerate every way it might fail and youcannot test every path users will take. The goal, then, is not perfectcertainty but justi�ied con�idence. You reduce unknowns with thoroughevaluations that re�lect real user tasks, with guardrails and policiesaligned to your domain, with staged rollouts and canaries, and with livemonitoring and incident response. You cannot make the risk zero, butyou can and must drive it down to an acceptable level through rigorous,end-to-end evaluation.



Fig.	1.4 The developer’s dilemma decision treeIn classical software development, teams can write unit test casesfor expected inputs and edge cases. In fact, in many softwaredevelopment tools, it is a built-in feature to run unit tests beforedeploying to production. There’s a sense of control: given the sameinput, the software will deterministically produce the same outputevery time. With LLMs, there is no such deterministic guarantee. Themodel might usually answer a billing question correctly, butoccasionally it might glitch and respond with irrelevant information orrefusal. It might handle a dozen variations of a prompt well, and thenfail on the thirteenth because of an odd wording. To bridge that gapbetween lab and reality, teams lean on shadow mode and A/B tests as alayer of real-world testing. Done properly, A/B limits how wrong thingscan go, you cap traf�ic, start with canaries, set stop losses, and keep afast rollback so the blast radius stays small.That said, A/B for LLMs often goes wrong in practice (Fig. 1.5).Metrics can reward engagement rather than correctness, novelty effectscan in�late short-term wins, conversational �lows violate independence



so effects bleed across turns, and rare but serious harms are hard todetect with typical sample sizes. The �ix is to treat A/B as a safety valve,not a truth oracle, pair it with of�line correctness suites and policychecks. This way you still get the realism of production signals, whilekeeping tight bounds on risk.

Fig.	1.5 Common pitfalls for A/B testing for LLMsRecently, more than before, AI developers often face pressure fromthe business side to ship features quickly (the AI hype train isn’tslowing down). There’s excitement to capitalize on AI capabilities and afear of missing out. This can tempt teams to push a chatbot or AIfeature into production after testing it only on a handful of examples orhappy-path scenarios. The dilemma is that doing so might mean �lyingblind. Developers effectively let real users �ind the problems in public.And as we have seen, those problems can be costly. Amazon Rufus(shipped 2024): Amazon rolled out its in-app shopping assistant Rufus



to US customers, but reviewers and users quickly documented that itcon�idently surfaced wrong or irrelevant product info, a classichallucination-in-the-cart problem for a shipped feature. Amazon hascontinued iterating, but the early critiques underline why pre-launchevals and post-launch guardrails are essential for consumer LLMs(Ovide 2024). Amazon’s fast-follow �ixes prevented major fallout, butnot every company will be so lucky.So what does “customer-ready” really entail for an AI system? At ahigh level, it means the system has been vetted to meet the needs andexpectations of users consistently and safely. A customer-ready LLMapplication should:Produce accurate, factually correct outputs for the intended domainof questions or tasks (e.g., if it’s a travel assistant, it should reliablygive correct information about �lights, hotels).Behave safely and ethically, without generating offensive, biased, orharmful content (especially important for open-ended chatbots orany AI that might handle sensitive user inputs).Handle a range of real-world inputs gracefully, including unclear orunexpected user requests. Meaning it should have been tested notjust on ideal prompts but also on messy, awkward, or adversarialones.Fail softly and recover, i.e., if the AI doesn’t know an answer orencounters an edge case, it should handle it by either asking forclari�ication or defaulting to a safe response, rather than spoutingnonsense or shutting down. Sometimes this is called a blank-response (BR), where the AI just answered a closing sentence such as“I am not sure.”Perform consistently, so that any given user’s experience is reliable.This includes being robust against multiple turns of conversation (forchatbots) and not wildly changing personality or quality from oneinteraction to the next.Ensuring all of the above is no simple checklist item, it requiresrigorous evaluation. This is why forward-looking AI teams are now



treating evaluation as a �irst-class concern. It’s telling that after theBard incident, Google immediately launched a Trusted Tester programto gather extensive feedback before full release. Likewise, the Geminiteam, after pulling the �lawed image feature, vowed to do “extensivetesting” and improvements before reintroducing it. OpenAI hasfamously said it spent over 6 months red teaming and testing GPT-4internally before releasing it to the world. Developers are realizing thatproactive evaluation is the only way to escape the dilemma of notknowing your AI’s readiness until it’s too late. In the rest of this book,we’ll dive into exactly how to evaluate and harden LLMs and AI agents,so that you can con�idently answer the question: “Is it customer-ready?” before you hit deploy.
1.4	 What	 Do	 We	 Mean	 by	 LLM	 and	 Agent
Evaluation?It’s worth clarifying the terms upfront. LLM evaluation refers to anysystematic process of assessing a Large Language Model’s performanceon desired criteria, whether that’s accuracy, safety, helpfulness, or othermetrics. LLM evaluations, evals in short, assess a model’s performanceto ensure outputs are accurate, safe, and aligned with user needs. Thiscan apply at different levels. Sometimes we evaluate the LLM model inisolation, for example, checking how well a model can answer triviaquestions correctly or solve a mathematical problem. AI researchersoften use standardized benchmarks for these purposes (like academictest sets where there are known correct answers). These model-centricevals are like testing the engine of a car: they gauge the raw capabilities.However, in real products an LLM usually doesn’t operate alone, itmight be part of a larger AI agent or application. For instance, considera customer support chatbot that uses an LLM to look up information ina knowledge base, or an autonomous agent that can analyze real-timetime-series and invoke actions based on LLM decisions. In those cases,we need to evaluate not just the core language model, but the entireagent behavior in the context of its tools and the environment (Fig. 1.6).



Agent evaluation means testing the AI system in a more integrated,task-oriented way: does the AI agent actually ful�ill the task it’sdesigned for (e.g., successfully resolve a support ticket, correctly book a�light, �ix a software bug) and do so safely and ef�iciently? Evaluatingagents can involve simulations of real-world scenarios or letting theagent interact with a controlled environment and measuring outcomes.

Fig.	1.6 LLM vs. agent evaluationsThroughout this book, we will discuss both types of evaluation:intrinsic model evaluations and end-to-end agent evaluations. In thenext chapters, we’ll explore how to create targeted eval sets for yourspeci�ic application and use case. We’ll also look at what the industry



and research community have already developed in terms of evaluationbenchmarks, and how you can leverage them. Public benchmarks (likeacademic leaderboards) can be a useful starting point to get quick,comparable signals about an LLM’s general abilities. Think of them asthe “driving range” for AI models: useful for practice and calibration,but not a substitute for road-testing your speci�ic product on realterrain. A model might score top marks on a benchmark quiz (say,answering science questions or coding problems) and yet fail on yourapplication’s unique requirements. Effective evaluation will inevitablyrequire customized tests that re�lect the actual tasks and challengesyour users will throw at the AI.In Chap. 2, we will delve deeper into why these evaluations are socritical, by learning from practical examples. We’ll examine concreteincidents (some brie�ly mentioned above) where insuf�icient evaluationled to problems, and we’ll draw lessons about what could have beendone differently. Through these, we will build a strong case forinvesting time and resources into comprehensive evaluation strategiesbefore and after deployment. Armed with that understanding, we willthen be ready to explore how to conduct effective LLM and agentevaluations in the later chapters.
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By now we have established that deploying an untested or under-testedAI system is courting disaster. To really drive this point home, let’s lookat some concrete scenarios, both real incidents and a hypothetical“what-if” that illustrate the very real consequences of inadequateevaluation. These examples will show how things can go wrong in
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practice, and underscore why rigorous evals are so essential beforeputting an LLM-powered application into the world.
2.1	 Case	 Study:	 A	 Hypothetical	 Near-Miss—
MedBot	 Prescribed	 the	 Wrong	 DoseImagine a hospital deploys an AI-powered virtual assistant; let’s call itMedBot to help doctors and patients with medical information. It uses alarge language model to answer health questions and suggesttreatment guidance. Before launch, the developers test MedBot onsome common medical Q&A pairs: “What are the symptoms of �lu?”,“How do I treat a sprained ankle?”, and so on. It performs well in thesetests, often citing reputable sources. Con�ident in its abilities (and eagerto launch), the hospital rolls out MedBot in a limited trial at an urgentcare center.Now picture a patient asking MedBot about the dosage for theirchild’s fever medication. The AI is supposed to provide the standarddosage based on the child’s age and weight. Most of the time, it does.But on this day, due to an odd quirk of how the question was phrased(something the developers never tried during testing), the modelhallucinates an incorrect dosage, one that is ten times too high for achild. The parent, trusting the authoritative answer on the screen, isabout to administer this dangerously high dose when a nurse luckilyoverhears and intervenes. A potential tragedy is averted by human luck.When the AI team investigates, they discover:MedBot was never systematically evaluated on pediatric dosagequestions.No one tested odd phrasings, typos, or incomplete information.There were no risk-tiered policies for high-stakes outputs (e.g.,always showing a hard-coded, double-checked dosage table, orrequiring human sign-off for medication instructions).While this scenario is hypothetical, it’s uncomfortably plausible. Itencapsulates the core fear of deploying LLMs in high-stakes domains



without exhaustive testing: the AI might seem �ine on the surface, untilit suddenly isn’t. In this imagined case, better evaluation, includingtesting MedBot on a wide range of medical queries, edge cases, andphrasing variations could have caught the dangerous behavior beforeany patient was at risk. Keep this in mind as we turn to real-worldexamples; though many current LLM applications deal with less life-critical topics, the trust and safety stakes can still be very high.
2.2	 Case	 Study:	 Google	 Gemini’s	 Offensive
Image	 FailuresWe introduced this incident in Chap. 1: Google’s Gemini AI (anadvanced model succeeding Bard) included a feature to generateimages of people based on prompts. The idea was to showcase themodel’s creativity while celebrating diversity, Google �ine-tuned thesystem to avoid bias by representing different ethnicities and gendersin its image outputs. Unfortunately, when actual users got their handson it in early 2024, the feature back�ired spectacularly. Gemini’s imagegenerator produced historical �igures and characters in bizarrelyinaccurate ways for example, depictions of World War II Germansoldiers as people of color, and other anachronistic images. Socialmedia lit up with examples of these cringe-worthy outputs. EvenGoogle’s own executives were taken aback: CEO Sundar Pichaireportedly called some of the AI’s responses “completely unacceptable”(Elias 2024).What went wrong? In essence, Google over-engineered for diversitywithout adequately evaluating the side effects. The Gemini imagemodule had safety capabilities to ensure all groups are representedequally in every image. The intention was noble to prevent a singledemographic from always dominating results but the implementationwas naive. The AI started injecting diversity even when it made nosense. Worse, the model became overly cautious about certain promptsand refused to answer innocuous requests, presumably due tomisinterpreting them as sensitive. These combined issues (distorting



outputs and needless refusals) were obvious once users tried a varietyof prompts. It appears that Google’s internal evals did not cover enoughof these realistic use cases. According to external experts, Gemini wassimply not thoroughly tested with real-world prompts before launch,especially bias and safety ones. The fallout was immediate: Google hadto pause the image feature for images of people and publicly apologize,acknowledging the images were embarrassing and wrong. In hindsight,a more extensive evaluation, including red team testing with a diverseset of prompts (historical �igures, sensitive contexts, etc.) could havepredicted these failure modes. This case shows that even a tech leaderlike Google can stumble when an AI product is pushed out withoutexhaustive testing; the result is public embarrassment and a stepbackward for user trust.
2.3	 Case	 Study:	 Microsoft	 Bing’s	 Unhinged
Chatbot	 DebutAnother infamous example comes from Microsoft’s �irst deployment ofthe new Bing search chatbot in early 2023. This chatbot, codenamed“Sydney,” was powered by an unreleased version of OpenAI’s GPT-4 andwas supposed to transform web search with interactive dialogue. Earlydemo videos were impressive. But when the chatbot was opened topublic previews, users quickly discovered that longer conversations orcertain probing questions could drive Bing’s AI completely off the rails.In some well-publicized instances, Bing’s chatbot insulted users, lied,and exhibited bizarrely emotional behavior (Warren 2023).Microsoft was caught off-guard by how extreme and unpredictablethe responses were. In response, within days, the company imposeddrastic limits: each user could only ask 5 questions per session and 50questions per day, preventing the long chat sessions that led tocraziness. They also rapidly tweaked the bot’s tone. Microsoftacknowledged that they didn’t fully envision some uses and misuses ofthe chat interface and that the model could get confused or provoked inextended sessions. In essence, the initial release was a beta test that the



whole world witnessed, for better or worse. The incident highlighted akey evaluation lesson: conversation length and adversarial usage areimportant dimensions to test. It’s likely Microsoft’s internal evalsfocused on single-turn quality and factual correctness (which the newBing did fairly well at), but they may not have stress-tested multi-turninteractions where the model could drift into weird territory. Also,testing with adversarial prompts or psychologically tricky scenarios(e.g., a user role-playing a relationship) might have revealed theseissues. The Bing saga illustrates that even if an LLM performs greatunder normal conditions, you must evaluate its behavior underextended and edge case conditions because users will inevitably pushboundaries. Failing to do so can lead to public incidents that are notonly embarrassing but could even be seen as the AI being out of control.
2.4	 Case	 Study:	 Amazon’s	 Rufus:
Hallucinations	 in	 the	 Shopping	 CartE-commerce giant Amazon integrated an LLM-based assistant namedRufus into its mobile shopping app in 2024. Rufus was designed to helpcustomers �ind products through a chat interface, you could ask thingslike “What’s a good gift for a 5-year-old who loves science?” and Rufuswould suggest items. It marked a new era of AI-guided shopping.However, when this feature rolled out widely, many users and Amazonsellers noticed that Rufus had a habit of providing answers thatsounded con�ident but were often incorrect or irrelevant. For example,if asked for the cheapest product in a category, Rufus might returnitems that were nowhere near the cheapest. If asked for the “best” ofsomething, its picks were questionable or outright bad. Imagine itrecommending heavy winter gloves as the “best running gloves.” In oneinstance, users reported asking for a certain type of TV and Rufussuggested a product that wasn’t even a TV. Essentially, Rufus washallucinating product attributes and making poor recommendations,likely because it lacked true understanding of the products and was



going off patterns in text data, like reviews or descriptions that didn’talways correlate with reality (Ovide 2024).From Amazon’s perspective, this was troubling. Badrecommendations can directly hit customer satisfaction and sales, andfalse or misleading product info can erode trust in the platform.Amazon quickly iterated on Rufus to improve its accuracy, and it beganre�ining the model’s responses with additional data and guardrails. Butone has to wonder: could these issues have been caught before launch?This was a consumer-facing feature affecting potentially millions ofshoppers, yet early testers outside the company immediately �laggedbasic errors. It suggests that Amazon’s internal evaluation of Rufusmight have been too narrow. Perhaps they tested it on generic queries,but not enough on tricky comparative questions or with input phrasedin various ways. They might not have involved enough beta users ordomain experts to try to break the system. The lesson here is that whendeploying LLMs in a domain like shopping, travel, or �inance, you mustevaluate domain-speci�ic tasks and factual accuracy within that domain.A general benchmark or a few canned tests won’t reveal that Rufus tellssomeone a 720p resolution TV is “great for 4K gaming,” a hypotheticalexample of a nonsense answer. As practitioners, we should treat thesedomain-speci�ic hallucinations with the same seriousness as outrighterrors, and design evals that speci�ically check the model’s outputagainst ground truth facts, like actual product data in Amazon’s case.Rufus’s rocky launch is a case study in why domain-focused evaluationand gradual rollout, to catch errors early, are so important. The featuresurvived and improved, but not before garnering some negative pressand user frustration that could have been mitigated.
2.5	 Case	 Study:	 Verbose	 AnswersNot all evaluation failures come from missing coverage. Some emergebecause the evaluation system itself is biased, and models learn tooptimize for that bias. A clear example appeared in the early stages oflarge-scale conversational chatbots. Models trained and tuned using



early preference-based evaluation pipelines often exhibited overlyverbose behavior, re�lecting biases in human and automated judgingsystems that tended to favor longer responses (Ouyang et al. 2022;Zheng et al. 2023a).In these early deployments, users frequently observed assistantsproducing responses that were overly long, repetitive, or unnecessarilyverbose, even when a short, direct answer would have suf�iced.Importantly, this was not a case of insuf�icient evaluation. Thesesystems were heavily tested. The issue was how they were evaluated.Early preference-based evaluation pipelines, especially thoserelying on human raters or LLM-as-a-judge scoring, tended to implicitlyreward verbosity. Longer responses often appeared more helpful,thoughtful, or complete at a glance, even when the additional contentadded little value. Research on reinforcement learning from humanfeedback documents this effect. When raters are asked to choose the“better” response without strong length normalization, models learn toassociate more words with higher reward (Ouyang et al. 2022).This bias was also visible in early conversational benchmarks suchas MT-Bench and Chatbot Arena, where preference scores weresensitive to response length unless explicitly controlled (Zheng et al.2023b). As a result, models learned exactly what the evaluation systemtaught them: longer answers win.Crucially, doing more of the same evaluations would not have �ixedthe problem. It would have reinforced it. The models were not under-evaluated; they were over-optimized against a misaligned metric (therewould be more discussions about picking the right metrics in the nextchapter). Over time, as teams recognized this failure mode, evaluationtemplates and reward models were adjusted to penalize verbosity,normalize for length, and better re�lect real user preferences for clarityand concision. Modern chatbots exhibit far less of this behaviorprecisely because the evaluation systems evolved.This case illustrates a distinct and important lesson. Evaluationitself can shape, and sometimes distort, model behavior. Failures do notonly arise when evaluation coverage is too narrow. They also arise



when metrics, templates, or raters encode the wrong incentives. In suchcases, more evaluation is not the answer. Better evaluation design is.
2.6	 Common	 Threads:	 Why	 These	 Failures
HappenedLooking across the above examples: Gemini, Bing, and Rufus, we canspot a few common themes. In each case, the issues arose because theAI system did something the creators didn’t anticipate and hadn’tevaluated for:1. Unanticipated inputs or use patterns: Users often interacted withthe AI in ways developers didn’t fully simulate. For instance, verylong conversations with Bing, historical �igure prompts withGemini, tricky comparison queries with Rufus.

 
2. Lack of domain-speci�ic accuracy evals: The AI outputs containfactual or logical errors speci�ic to the domain. For example:history/culture for Gemini, emotional conversational dynamics forBing, product facts for Rufus. Standard tests or generic evalbenchmarks wouldn’t catch these domain-speci�ic mistakes.

 
3. Overcon�idence in output: All these AIs delivered their �lawedanswers in a con�ident, unquali�ied manner: hallucinated images,wrong recommendations, false info, etc., given as if true. If thesystems had a way to express uncertainty or had been tuned to bemore cautious when unsure, the failures might have been lesssevere. Evaluation can include checking not just what the AI says,but how it communicates uncertainty.

 
4. Insuf�icient red teaming and adversarial testing: It seems themodels weren’t pushed to their breaking points before launch. Athorough eval phase might have involved trying to provoke Bing tosee if it stays polite, or trying lots of culturally varied prompts onGemini, or intentionally asking Rufus impossible questions, etc. Inother words, a �ind-the-loopholes approach by an internal red team

 



, p pp yor beta users could have revealed these issues early.The cost of these oversights, as we saw, ranged from embarrassmentand user backlash to legal liability. These are precisely the kinds ofoutcomes that comprehensive evaluation is meant to prevent. Rigorousevals, both human-rated or LLM-rated (LLM-as-a-Judge), aim to stress-test AI systems in a safe environment so that most problems arediscovered before real users encounter them.
2.7	 The	 Path	 Forward:	 Evaluating	 AI	 for
QualityBy learning from these practical missteps, AI practitioners can build astrong case within their organizations for why evaluation isn’t a “nice tohave,” it’s an imperative. The excitement of what LLMs can do must bebalanced with clear-eyed assessment of what they might do wrong. Aswe move into the next chapters, we will shift from why to how: Howcan we systematically evaluate LLMs and AI agents to catch issues likethe ones above? What tools, methodologies, and benchmarks areavailable to help us?One immediate question you might have is: Don’t companiesalready evaluate these models using benchmarks and tests? Yes, thereis a growing array of public benchmarks and leaderboards used tomeasure LLM performance. These can serve as useful starting points orsanity checks. For example, an AI model’s ability to answer generalknowledge questions or solve math problems can be gauged withcertain well-known test sets. However, as we hinted earlier, many ofthese benchmarks are like evaluating a car on a testing track, theyprovide quick, comparable metrics but might not re�lect the fullcomplexity of real-world driving. Nonetheless, it’s worth being familiarwith them, both to understand an LLM’s baseline capabilities and toavoid reinventing the wheel when designing your own evals. In Chap. 3,we will dive deeper into designing speci�ic evaluations beyond publicbenchmarks.



2.8	 Existing	 Benchmarks:	 Gauging	 General
LLM	 CapabilitiesResearchers have developed numerous benchmarks to test variousaspects of LLMs. Below are some of the core general-abilitybenchmarks often cited. In later chapters, we discuss more on thequery sets and metrics used on these.
MMLU	 (Massive	 Multitask	 Language	 Understanding) (Hendryckset al. 2021)—A benchmark of 57 subjects, from mathematics tohistory to law, in a multiple-choice quiz format. It’s a comprehensivetest of broad knowledge and reasoning. Models are evaluated bytheir accuracy across these diverse topics. MMLU has become astaple for comparing how “knowledgeable” different LLMs are. It’sgreat for cross-model comparisons though it may not map directly toyour speci�ic application’s needs.
GSM8K (Cobbe et al. 2021)—Grade-school word problems thatstress step-by-step arithmetic reasoning; often used to gauge chain-of-thought quality.
TruthfulQA (Lin et al. 2022)—Adversarial questions where humansoften repeat common misconceptions; measures whether a modelresists “con�idently wrong” answers.
ARC	 (AI2	 Reasoning	 Challenge) (Clark et al. 2018)—Non-diagramscience questions (Easy/Challenge splits) to probe commonsenseand science reasoning.
HumanEval (Wang 2024)—Code generation tasks scored by pass@k(does the generated function pass unit tests?). Useful proxy forcoding ability, but small and sensitive to contamination.
BBH	 (BIG-Bench	 Hard) (Suzgun et al. 2022)—23 especially toughBIG-Bench tasks; popular for testing whether chain-of-thought helpsin reasoning.
Dialog/quality	 leaderboards	 (MT-Bench,	 Arena-Hard) (Zheng etal. 2023b)—Multi-turn chat judged by humans or “LLM-as-judge,”built from real user prompts; helpful for conversational quality andpreference ranking.



Agent/Task benchmarks (closer to product reality):
SWE-bench/SWE-bench-Live (Jimenez et al. 2024)—Can an agentpatch real GitHub issues so tests pass? Strong proxy for end-to-endsoftware tasks and tool use.
WebArena	 (and	 VisualWebArena) (Zhou et al. 2024)—Full,reproducible websites to evaluate browser-based agents on realisticmulti-step tasks with programmatic success checks.
AgentBench (Liu et al. 2023)—A suite of interactive environments toscore planning, tool use, and long-horizon decision-making for LLMagents.Holistic frameworks (how to compare apples-to-apples):
HELM (Stanford) (Liang et al. 2023a, b) standardizes scenarios andmulti-metric reporting (accuracy, calibration, robustness, fairness,toxicity, ef�iciency) to reduce leaderboard cherry-picking and exposetrade-offs. Use it to see broad strengths/weaknesses across tasksunder uniform settings.
2.9	 ConclusionIn this chapter, we moved from abstract warnings about “evaluationgaps” to concrete, repeatable failure patterns. A hypothetical MedBotnearly caused a dangerous overdose because pediatric dosagequestions were never explicitly tested. Gemini’s image generator over-corrected for diversity, producing historically implausible results andrevealing the risks of evaluating safety in isolation. Bing Chat devolvedinto unhinged behavior during long conversations, exposing howsingle-turn evals miss multi-turn instability and anthropomorphism.Amazon’s Rufus con�idently hallucinated product attributes,highlighting the necessity of grounded, domain-speci�ic accuracychecks.Across all of these cases, the underlying causes were strikinglysimilar: Unanticipated user behavior, evaluation sets that failed tore�lect real domains and risks, overcon�ident outputs with no calibrated



uncertainty, shallow red teaming, and a systematic underestimation ofhow much users trust AI-generated answers.We also examined public benchmarks and holistic evaluationframeworks, not as silver bullets, but as useful baselines. They helpcompare models and sanity-check capabilities, yet they leave a widegap between “this model looks good on paper” and “this product is safein production.”In Chap. 3, we turn from diagnosis to construction. We breakevaluation down into its three core levers: Sets, Templates, metrics, andRaters and show how deliberate design of each one transformsevaluation from a reactive safety net into a proactive tool for building AIsystems that behave reliably in the real world.
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3.1	 Eval	 Sets:	 Representative	 Data	 for
Evaluation
3.1.1	 From	 Standard	 to	 CustomAs seen from previous chapters and real-world examples, the journeyfrom prototyping an LLM or agent to a production-ready AI system isnot only a technical progression but also an evolution in understandingand de�ining what “good” means for a speci�ic set of applications.At the core of de�ining “good” lies the evaluation set, a curated testcollection aimed to probe at and measure model performance acrossdesired tasks and criteria. Designing these evaluation sets is critical foraccurately measuring and thus ensuring models meet quality and safetybenchmarks during development as well as before deployment. Thedesign of the evaluation set needs to be compatible with the maturity of



the AI system’s development cycle, from simple sanity checks in theearly days to rigorous, custom-tailored evaluation frameworks.This section explores the common evolution path of AI systems, therationales behind why one development stage necessarily outgrows theprevious evaluation set design approach, and how to navigate thetransitions between stages effectively, while the rest of the chapterfocuses on designing custom evaluation sets.
3.1.1.1	 The	Four	Stages	of	Evaluation	Set	Evolution
Stage	1:	Manual	Curation	and	Sanity	ChecksAt the initial stage of developing or working with an LLM or agent for aspeci�ic task, the evaluation needs are simple. One is often simplytesting out whether the goals can be remotely met to understand howlong a journey one may be embarking on, to assess how much potentialinvestment is needed. The focus is not yet to optimize for nuancedperformance requirements. Can the model follow the type ofinstructions at all? Can the agent handle the most common use caseswithout catastrophic failure?At this stage, the requirements of an evaluation set with:
Speed: The set can be created within hours and can easily modify itwithin days.
Clarity: Each example has crystal clear success criteria, agreed uponby the entire team from product to engineering.
Easily	 debugged: Each evaluation example, when the model fails atit, can give the dev team a clear signal on what is causing the failure.The above led to an evaluation set that is typically:
Small: 10–50 manually curated examples.
Manually crafted: Often handcrafted by dev and/or product teams.Representative of hero use cases: The top few core use cases for theproduct initial phases.Ratable by humans uncontroversially: Often the expected idealmodel responses are well understood and the actual modelresponses are manually reviewed and rated by the dev team.



At this stage, identifying fundamental gaps in the initial model in termsof core target user cases is the most important goal, such as failure inbasic instruction following such as formatting requirements, basicknowledge retrieval. These evaluations and the identi�ied failures arethe early indicators of whether the model is roughly in the ballpark.As the model improves, this manually curated evaluation set quicklysaturates. All the basic prompt requirements are ful�illed and the setcannot provide meaningful signals on further improvements. The setneeds to be expanded to unveil more comprehensive ways the modelcan fail and thus improve upon.
Stage	2:	Public	BenchmarksChapter 2, covered benchmarks at a high level and there exist manypublic benchmarks that are relatively well-vetted and understood.Famous ones include but are not limited to, MMLU for knowledge,HumanEval for coding, MATH for mathematical reasoning, TruthfulQAfor factuality, and many more in every conceivable capability area,including image and video generation and inputs.Compared to manually curated sets, public benchmarks’ advantagesare obvious:
Credibility: Well-established, community-powered benchmarks arewidely recognized as representative and meaningful.
Coverage	 (and	 scalability): A diverse set of benchmarks canmeasure the performance of a model’s various capabilities and areeasily scalable to thousands, if not more, user input examples.Ease to use:– The public benchmarks are well documented and easily adoptable,often with existing LLM-based rating models (autoraters).– The score is easily interpretable and comparable across manyexisting models and AI systems.One important aspect of using public benchmarks is to understandwhich one(s) are the most suitable for the model of interest. Eachbenchmark is designed by a group of people often with a speci�ic



purpose in mind. Some focus on measuring baseline capabilities; somefocus on frontier capabilities for highly specialized models. Forexample, MMLU-Pro tests a model’s breadth of knowledge and deeperreasoning across multitask understanding, while IFEval tests a model’scapability to follow explicit instructions.“How important is mastering such topics to one’s own model’s usecases?” is among some of the critical questions one should explorebefore applying a benchmark as a key model performance metric. Inparticular, several aspects of benchmark-application alignment shouldbe examined to ensure meaningful usage of benchmarks:Capability coverage: How well do the capabilities a benchmark aimsto test map to one’s own list of critical capabilities to develop?Task framing: Are the examples phrased in a way that’s similar toone’s own users?Dif�iculty distribution: Does this benchmark have the right level ofdif�iculty to challenge one’s own model?Success criteria: Does the benchmark de�ine a successfully completedtask aligned with one’s own user satisfaction?Sometimes a model over�itted on a misaligned benchmark can achievehigh performance on the benchmark, but at the cost of performance onreal-world applications. Modeling techniques that improve benchmarkscores, such as specialized �ine-tuning or prompting, may not translateto better user experiences.As one’s AI system continues to develop past achieving reasonablysatisfactory scores on relevant benchmarks, one is often faced with thenext level of challenges:1. Diminishing returns of optimizing for benchmarks.  2. Increasingly more discrepancies between any availablebenchmarks and one’s own special use case. These discrepanciesmay be minor in the grand scheme of things, but still critical amonga smaller set of AI systems with the similar goal.
 



Often, having already performed well on �ive relevant, say, imagegeneration benchmarks, optimizing for an additional benchmark won’tbring the same level of leap in model capability as before. At the sametime, none of the six benchmarks seem to perfectly capture the righttype and distribution of user queries that the product is designed tosolve.At this point, the need for a custom-tailored evaluation set becomesvital for understanding the model’s strengths and weaknesses in orderto discover and prioritize development gaps.
Stage	3:	Custom	Evaluation	SetsThe period between stage 2 and stage 3 marks a pivotal transition inthe evaluation mindset. The most important question to ask is nolonger “how good is the model academically,” but rather “how well doesthis system serve our users?”This mindset shift is important not only in grounding all aspects ofthe evaluation design beyond the evaluation set construction but also intemplates (Sect. 3.2) and metrics (Sect. 3.3).Regarding how to sculpt one’s evaluation set, the questionultimately comes down to how to best represent the distribution of theusers and their needs. For example,
User	 tasks	 distribution: most AI systems or products do not aim tosolve a question randomly uniformly sampled from all of humanknowledge and capabilities. Instead, it aims to meet the needs of aparticular type shaped by the domain of interest. Often, it looks morepractical than academic, think more like, “which credit card has thebest reward program” versus “who invented credit cards?”. Thismeans a model that scored 80% on a public benchmark may score90% satisfaction on actual user queries because the latter are easierand more predictable; or it could score 20% on actual user queriesbecause they require speci�ic domain knowledge that is not capturedby the public benchmarks. This potential, and often severe, mismatchbetween public benchmarks and a product’s actual user needs would



make the public benchmarks a misdirection for building a high-quality AI product.
Product	 constraints: Public benchmarks evaluate models in perfectconditions. In reality, an AI product often requires low responselatency, cost-ef�iciency, format and length constraints, speci�ic toneand personality, in order to serve a speci�ic use case.
Human-in-the-loop	 messiness: Public benchmarks mostly occur ina controlled environment, like a “vacuum.” For example, on singleturns and no variation in user preference or memory. However, mostAI products involve a human factor in the loop, as in conversations,with persisted memories, which all make the evaluation multi-faceted and messy. A model that can answer a question whenpresented perfectly with all assumptions clearly stated, may strugglewhen interacting with a user that may introduce self-con�licts andvagueness when describing the problem at hand.
Success	 criteria	 beyond	 correctness: Beyond whether the modelresponse correctly addressed the issue, which is the focus of publicbenchmarks, many other factors in�luence a user’s decision to adoptan AI product or not. For example, are there potential concerns forharm? Was the solution or path to reach the solution ef�icient? Werethe model responses engaging or entertaining for the user?This mindset shift determines the main characteristics of a customevaluation set:
Aligned	 to	 user	 distribution: Custom evaluation sets are designedto best represent the AI system or product’s user distribution, forvarious rationales discussed above.
Multi-dimensional	 assessment: It’s not just whether the modelful�illed a user need but also the helpfulness and safety, among otherdimensions, of the path it took to reach the ful�illment.
Customized	 success	 metrics: Success metrics are de�ined by theproduct requirements and constraints, rather than genericcorrectness.



Scale	 and	 diversity: Often hundreds or thousands of evaluationscenarios, sometimes covering long-tail behaviors and user needs.This stage often has the largest and most diverse evaluation set (sofar). This diversity can manifest in the distribution of topics, usecases, as well as complexity and dif�iculty.
Dynamic	 and	 evolving: The set often changes as the model as wellas one’s understanding of the user needs changes. More on this inSect. 3.1.2.Building a high-quality custom evaluation set requires substantiallymore work than earlier stages, as well as iterations as one’sunderstanding of the product and users deepens. It also requires moreinfrastructure in tracking, inference, and automation, often withintegration with human data components.Ultimately, the payoff translates into faster and more on-pointiterations and model improvements in areas where it matters the most.

Stage	4:	Real-World	Examples	(Online	Evaluation	Sets)Once the model reaches a satisfactory performance on customevaluations, the natural next step is to release to the public. Thisenables the most crucial and direct measurement of the AI product orsystem’s performance: controlled experimentation of user satisfactionin the wild, including A/B testing, gradual rollout, multivariate testing,to name a few. At this point, running online experiments to supplementAI product evaluation is not only possible but also critical because real-world performance often diverges signi�icantly from that measured bybenchmarks, even custom eval sets.Together comes decades of research and experimentation since themid-twentieth century that the authors won’t elaborate on themethodology and principles here.The bene�its of large-scale A/B testing are obvious. No matter howcarefully custom evaluation is designed, it often fails to capture thecomplexity of real user interactions, especially long-tail behaviors andedge cases, as well as emergent patterns that arise in prodenvironments. A model that tops a QnA benchmark can still produce



responses that fail user expectations, due to tone, verbosity, andmisalignment with user intent. The rich data from online testing notonly replaces all previous steps of making assumptions with obtainingactual user distribution but also is a most reliable source ofintermediate telemetry data to help diagnose, run validations, andprovide insights into user goals and rationale.However, the downside is nontrivial either. At this point, measuringand predicting the relationship between model improvement and userengagement and satisfaction becomes a holy grail and, at the same time,a new challenge that is yet to be fully understood.A great model is a necessary but not suf�icient condition for a greatAI product. Therefore, pinpointing the performance issues directlyrelated to the model is most dif�icult, without which, user signals aresurprisingly noisy to AI researchers. For example, users’ satisfactioncould be more in�luenced by their Internet connection and/or themodel’s response latency, the ease of navigation in the UI, etc. Beforeusing online evaluation outcome to inform further model development,one must tease the impact of the model itself out of the multi-factorcauses of user signals.
3.1.1.2	 The	Evolution	Through	All	Four	Stages	and	Their
CoexistenceThe discussions above walked through the speci�ic purposes each stageof the evaluation sets serves, mirrored by the product’s evolution. Inearly stages, one of the �irst goals is to prove feasibility and establishbaseline capabilities. Basic or generic evaluation suf�ices. As theproduct moves toward release to the public, as well as afterwards, theevaluation set must become increasingly tailored to the product’s users,domain and product requirements (Fig. 3.1).



Fig.	3.1 The four stages of evaluation set evolutionOn this journey, each stage is necessary. Rarely can we skip a step.For example, we can’t skip step 3 (building custom eval sets) and godirectly to step 4 (online testing), due to the large amount ofexperimentation and exploration needed at the early developmentstage and the often small number of users. Step 2: public benchmarksare limited as they are for product excellence and are really effective ingetting the model off the ground to reach a reasonable level of overallintelligence before specializing in one’s hero use cases. On the other



hand, if a model development gets stuck at stage 2, the team often facesdif�iculty making informed decisions about model improvement,chasing benchmarks that don’t translate into actual user values, andending up blind to critical product-speci�ic failure modes only afterrelease.When a model “graduates” from one stage to the next, often we �indourselves repurposing the evaluations from the previous stages, ratherthan discarding them.For example, once the model development has passed stage 2,public benchmarks have saturated so that they are no longer effectivein driving model performance improvement. At this point, it’s oftenrecommended to use benchmarks as guardrails, also referred to asregression eval sets. They are still very effective in detecting and�iltering out the branches of model development where baselinecapabilities have regressed signi�icantly, and thus ensure the model isnot catastrophically weak in important areas, while allowing thecustomer evaluation sets to drive the improvement efforts on metricsthat directly re�lect user satisfaction.Once the model or AI product has reached stage 4, with a large userbase for running online experiments, custom evaluation sets still havethe advantage of being free of common noise and bias in user data, andoften have a much shorter turnaround time.Meanwhile, the mini sets in stage 1 often get constantly rewritten,after informed by failure modes discovered by the larger scaledevaluations.The rest of Sect. 3.1 focuses on the lifecycle of a custom evaluationset, from creation to retirement.
3.1.2	 Sources	 of	 Custom	 Evaluation	 SetsOften there are several sources of data available to construct customevaluation sets, of which an effective one requires diverse sources, eachproviding unique advantages and requiring careful consideration ofpotential pitfalls. The choice and combination of data sourcesfundamentally shapes what aspects of model performance the set



measures and how well the evaluations will re�lect real-worldscenarios.
3.1.2.1	 Production	LogsObserved user interactions with the AI system are the source of muchcritical information to evaluate and diagnose the system’s performance,and the �irst step in improving its quality and user satisfaction. Theselogs contain:The actual prompts users submit, often to solve their actual problemsencountered.The contexts in which they interact with the model.Patterns of real-world usage.All of which are impossible to fully anticipate during initialdevelopment.The bene�its are manyfold. Production logs contain real usagepatterns, including organic language during interaction, common issueswith the model or product UI, paths to translate model performance tobusiness outcome.But among all bene�its, the most impactful one is to obtain thedistributions of your user behaviors, including the distribution of thetypes of tasks the users care about, as well as the distribution of theaspects of the model performance that really matter in usersatisfaction. Such distributions are critical in guiding correct metricsdesign and effective prioritization during model and productimprovement.
Downside	of	Production	LogsFirst of all, privacy concerns are paramount. User data may containpersonally identi�iable information (PII) or sensitive content thatcannot be used for model evaluation. A dedicated privacy review isrequired, to ensure proper and robust removal of PII, clear data lineage,and governance policies such as user wipeout compliance (GDPR), allbefore accessing production logs, let alone using them to evaluatemodels across developing teams.



Secondly, there are two types of noise that are prevalent inproduction logs data. The �irst type is that the majority of theproduction logs have low model-differentiating power. Prompts such as“hello” or simple tasks such as “write me an email to request anappointment with my doctor” are not the best to distinguish high-capable models from mediocre ones, and thus not the best choice as anevaluation task. Another type of noise is that often factors beyond themodel capabilities have high impact on user satisfaction, such asresponse latency and safety governance �ilters. This is relevant whenuser feedback data is used as a potential source for evaluation data.Thirdly, for evaluating a single model, often ground truth labels,such as those of prompt annotations, need to be separately acquired viahuman annotation, the reliability of which is a key component in thesuccess of the evaluation (Sect. 3.4.6).Last but not least, production data often contains a selection bias:users optimize how they interact with AI tools, which means theobserved user data re�lects what the existing system handles well andwhat users have learned to ask. A similar shift happened to onlinesearch engines, where an effective search query used to mean the rightkeywords were used, but the same level of effectiveness can be reachedwith a more conversational query nowadays with AI-based search.This creates a feedback loop where your evaluation dataset mayunderrepresent tasks that users have given up attempting whenprevious model versions performed poorly. If the goal of yourevaluation is to identify capability gaps and improve on it, usingproduction logs as the main source to create the evaluation set will beinsuf�icient.
Discussion	on	Production	Logs	of	Enterprise	ProductsFor large-scale consumer product systems, even if only a smallpercentage of users opt-in for allowing their prompts to be used forfuture model improvements, in absolute values it adds to signi�icantamounts, which is typically not the case for enterprise products. The



latter often has strict restrictions on how client data is allowed to beused, and model evaluation is often not included.Alternatively, many teams choose to establish a clear path of gainingpermission exceptions from enterprise customers, through eithercustomer escalation on major failures or feature requests, or directuser research studies on customers’ high priority cases. This type ofapproach has a high initialization cost but often is worthwhile to gain adeeper understanding of customer needs, especially given the muchlower ongoing cost after a template becomes available.Another potential alternative to production logs is what is oftenreferred to as Eyes-off systems. This requires building a secure dataprocessing pipeline that either operates on-the-�ly or stores customerdata with no human access but only machine access, then developingmachine judgment of model performance on customer logs. Thisensures no human would ever have eyes on the actual customer data,maintaining promises of privacy and security to customers, whileallowing for a peek into the AI product performance on actual customertasks, via aggregated metrics. The biggest weakness of this approach isthe lack of understanding of machine judgment quality on realcustomer data, which, though it can be mitigated, can never be fullyaddressed.
3.1.2.2	 Expert/Framework-Based	CurationExpert-curated evaluation datasets involve domain specialists manuallycrafting prompts and ideal responses that test speci�ic capabilities orre�lect important use cases. For example, building evals for a codingagent requires a good understanding of the syntax and best practices ofa programming language, in order to design test cases re�lectingrelevant knowledge and application skills. This approach allows forprecise control over what aspects of model performance you measureand can ensure coverage of critical scenarios that might be rare inproduction data.One common use case of expert-curated evaluation generation is tocreate challenging examples that push the boundaries of model



capabilities, design prompts that test nuanced understanding, andprovide high-quality reference answers that establish clearperformance standards. For example, the MultiLoKo (Hupkes andBogoychev 2025) benchmark evaluates models not just on multiplelanguages, but on contexts that require understanding of local eventsand cultural traditions.Such expert curation also includes examples built via user research,e.g., structured interviews to construct the most complex and real-world examples directly from users. Such curation combines the best oftwo worlds, being inspired by real users but also constructed to becomplex, while suffering from common survey response bias.The main limitations of expert curation are scalability and potentialdeviation from real-world usage. Expert-written prompts may notre�lect how actual users phrase requests or what they genuinely careabout. This can result in evaluation sets that measure performance in aclean environment rather than a realistic one. Expert curation is alsoexpensive and time-consuming, which limits the size and diversity ofdatasets you can create, especially as your evaluation set saturates andevolves (more on that in Sect. 3.1.5). Furthermore, expert evaluatorsmay inadvertently introduce their own biases, assumptions, and blindspots into the dataset. To mitigate these issues, it’s valuable to havemultiple experts or even expert vendors independently contributeexamples, to validate expert-curated data against production patterns,and to be explicit about what speci�ic capabilities or scenarios thecurated examples are intended to assess.
3.1.2.3	 Crowd-Sourced	Arena	ChallengesProduction logs represent real-world usage while lacking model-differentiating power; expert curation aims to be highly effective intelling models apart while risking deviation from real-world usage.Online leaderboards, such as LM Arena, have transformed how LLMsare evaluated in the wild, offering a combination of the best of bothworlds. Section 3.2 will discuss the design of the platform and thescoring system in more depth. Here we focus on the LM Arena logs.



These crowd-sourced battle arenas present users with responsesfrom two anonymous models and ask them to vote for the betterresponse, generating Elo ratings that have become in�luentialbenchmarks in the �ield. Their strengths are easy to see:
Always	 Fresh: Static benchmarks suffer from training-evaluationcontamination, most often via web-scraped corpora containingleaked examples, as well as over�itting, as models are developed tooptimize for a static set over a long period of time. By contrast, arenaevaluations use fresh, user-generated prompts that cannot beanticipated during training, providing a continuously renewing testset that resists contamination and over�itting.
Actual	 User	 Preferences: A model might excel at multiple-choicequestions or achieve high scores on reasoning benchmarks while stillproducing responses that users �ind unhelpful, verbose, or tone-deaf.Arena evaluations measure what ultimately matters for AI products,whether people prefer the model responses in realistic usagescenarios.
Prompt	 Diversity: Users ask about everything from debugging codeto creative writing to relationship advice, creating a naturalisticdistribution of tasks that re�lects real-world demand. Thisdistribution is biased as the population of LM Arena users are not arandom sample of all AI users; they often are more tech savvy andeager to test new technologies. This stands in stark contrast tobenchmarks that, despite efforts at comprehensiveness, inevitablyare limited by task type diversity.
Scale: Platforms like LM Arena have collected millions of preferencesacross hundreds of thousands of prompts, providing far moreextensive coverage than would be feasible through expert annotation.This size allows for �ine-grained comparisons and the detection ofsubtle performance differences that smaller evaluation sets mightmiss.
Variation in Ratings: Rather than relying solely on researchers’intuitions about what constitutes good performance, these platformsincorporate perspectives from a broad user base with varying needs,



expertise levels, and use cases. This inclusive approach may bettercapture the multi-faceted nature of model quality than expert-onlyevaluations.
Bias	in	Usage	PatternsDespite the above unique advantages, crowd-sourced arena data sufferfrom systematic biases that limit its validity as a comprehensiveevaluation method on its own. The largest one stems from the arenausers’ self-selection bias, resulting in their behaviors meaningfullydifferent from typical users using the model to solve real problems.Besides the demographics of the arena users tend to skew heavilytoward technology-savvy individuals; the motivation of battling oneLLM against another fundamentally alters a user’s interactive patternswith the models. The prompts are posed to test models’ frontiercapabilities or expose weaknesses, rather than seeking genuineassistance with tasks users face in the real world, with a higher thanusual emphasis on adversarial or jailbreaking testing. While suchtesting scenarios are useful in surfacing important failure modes, theydistort the usage distribution away from how the model is typicallyused. Optimizing a model based on a skewed distribution may likelycause the model to perform worse on where one truly cares about; howthe model or AI product performs where a typical user needs it themost.
Seasonal	and	Event-Triggered	FluctuationsArena data is an ever-shifting stream of pairwise comparisons. Thecomposition of user base, prompt categories, and the models availableall change over time. This design introduces a new type of bias if only asnapshot of the data is taken to be used for model evaluation.Seasonal variations affect both who participate and what they askabout. During academic terms, student-related queries increase.Around holidays, requests for gift recommendations or party planningrise. During major news events, users �lood platforms with questionsabout current affairs. These temporal �luctuations mean that a model’s



rating can drift not because its capabilities changed, but because theevaluation distribution shifted.One of the special cases is major AI releases. This createsparticularly dramatic perturbations due to high relevance to the arenause population. When a highly anticipated model or AI productlaunches, enthusiastic early adopters may dominate the platform,submitting challenging prompts speci�ically designed to test the newmodel’s limits. This creates a temporary spike in dif�iculty thatdisproportionately affects the new model’s initial rating. For example,during the early days of Nano Banana, LM Arena experienced a spike inimage generation tasks, with 2.5M votes within 2 days (https:// arena. ai/ blog/ nano-banana/ ), which does not represent a persistently high-volume user need.This temporal contingency limits the direct utility of arena ratingsfor long-term tracking or for comparing models evaluated at differenttimes, though studies have shown careful �iltering and sampling of theraw data can reduce some of the above-mentioned bias to an extent.
3.1.2.4	 (Adversarial)	Red	TeamingRed teaming involves deliberately attempting to elicit problematicbehaviors from AI systems through adversarial testing, for safety andresponsible AI scenarios. Red team exercises typically involve skilledpractitioners systematically probing for model failures, safety issues,bias manifestations, and other undesirable behaviors. Often as a part ofsafety stress testing, this approach is particularly valuable foridentifying risks and measuring a model’s resistance to adversarialattempts that wouldn’t emerge from typical user interactions, such asjailbreaking attempts, subtle forms of manipulation, or edge cases thatviolate safety policies.The primary challenge with red teaming evaluation data is that itrepresents an adversarial distribution that may not re�lect typical usagepatterns. While these examples are crucial for ensuring safety androbustness, over-optimizing for red team scenarios can lead to modelsthat are overly cautious or that refuse benign requests due to false

https://arena.ai/blog/nano-banana/


positive detections. Red team data also requires carefully determiningwhether a model’s response to an adversarial prompt represents agenuine failure or an acceptable boundary, which depends heavily oncontext and policy decisions. Additionally, red teaming exercises can beresource-intensive, requiring skilled practitioners and potentiallyextensive effort to generate comprehensive coverage of the risk surface.Teams should be cautious about using red teaming data in isolation andare generally recommended to balance it with data from other sourcesto maintain model utility while improving safety.
3.1.2.5	 Synthetic	Data	GenerationIncreasingly commonly, teams use LLMs themselves to generateevaluation data by having models create prompts, responses, or entirescenarios. Synthetic data generation can help scale evaluation datasetsrapidly, create variations on existing examples, and explorehypothetical use cases that haven’t yet emerged in production. Modelscan be prompted to generate diverse examples across differentdomains, dif�iculty levels, or edge cases, potentially covering a broaderrange of scenarios than manual curation alone.However, there’s a signi�icant risk for circularity: if one model isused to generate evaluation data for another similar model, theevaluation may have major blind spots about capabilities that bothmodels struggle with or only create evaluation in places both modelshave suf�icient training data for and are thus often good at. It is alwaysrecommended to calibrate synthetic examples against real-world data,use diverse generation strategies to avoid homogeneity, and beparticularly cautious about using synthetic data for high-stakes safetyevaluations where authentic failure modes are critical to detect.Also, in practice, we noticed synthetically generated data sometimesstruggles with suf�icient diversity, resulting in near-duplicates orevaluation scenarios that seem different but are remarkably similarunder slightly different “dressings.”
3.1.2.6	 User	Feedback	and/or	Escalation



User feedback within the product is often another golden source ofdirect signal about how the model and AI product meet user needs. Itcan take the forms of thumb up/down ratings, in-conversation explicitcorrection or sentiment expression, or user escalation/feedbackreports. This data source is invaluable because users’ feedback oftenhighlights issues that technical metrics miss. Feedback data can revealwhen responses are technically correct but pragmatically unhelpful,when tone or style mismatches user expectations, or when the modelmisunderstands underlying user intent. Each of such insights can thenbe used to complement existing evaluation sets or to create new ones.The challenge with user feedback is that it’s often sparse, biased,and highly noisy. Users typically provide feedback on extreme casesrather than a uniformly random sample. Negative feedback may comedisproportionately from users with speci�ic use cases or expectationsthat don’t re�lect your broader user base. Additionally, user feedbackoften lacks the speci�icity needed for evaluation: a thumbs downdoesn’t necessarily indicate what aspect of the response wasproblematic or how it could be improved; it could actually very well betriggered by model response latency which was caused by Internetconnection. Interpreting user feedback requires careful analysis todistinguish signal from noise, and we caution against over-indexing onfeedback from vocal minorities or edge cases while neglecting the silentmajority of users who interact successfully with the system.
3.1.2.7	 Combining	Data	Sources	StrategicallyThe most robust evaluation strategies draw from multiple data sourcesto balance their respective strengths and limitations. Production logsprovide realism and relevance; expert curation enables precisecapability measurement; crowd-sourced presents challengingscenarios; red teaming ensures safety in extreme situations and explicitprobing; synthetic data offers scale; user feedback provides real-worldinsights on utility; all these complement academic benchmarks forstandardized comparison. By thoughtfully combining these sources, itis possible to create evaluation datasets that are both comprehensive



and representative of what matters for the speci�ic AI product at hand.The key is understanding what each source contributes, being explicitabout the limitations it introduces, and designing evaluationframeworks that are aligned with how the evaluation results areintended to be used (more on that in Sect. 3.1.4).
3.1.3	 Evaluation	 Type	 and	 When	 to	 Use	 WhichEvaluating large language models requires a diverse toolkit of testtypes, each designed to surface different aspects of model behavior. Justas software engineering employs unit tests, integration tests, and end-to-end tests, LLM evaluation demands a structured hierarchy ofassessments. This section discusses the major dimensions of evaluationset categories and provides recommendations on which situations eachtype is the most effective.
3.1.3.1	 By	Objective:	Optimization	vs	Constraints
EvaluationsEvaluation sets tend to take on a life of its own. By the time the model issomewhat mature, there are often tens if not hundreds of evaluationsets being used by various subsets of the development team. Thiscomplicates the decision-making process, as the metrics calculatedfrom these evaluation sets on the release candidates rarely provide aclean picture of a single all-around winner. The most common scenariois some release candidates triumph at certain evaluations whilestruggle at others. No one model takes home all the prizes.One strategy to build some structure around the evaluation maze tofacilitate effective decision-making is to slot all various evaluations intoeither an evaluation to optimize for or an evaluation as a constraint inthe optimization problem. Under this framework, the constraintevaluations only matter when the metrics fail to pass certainpredetermined thresholds, and the efforts can focus on identifying thecandidates that optimize the optimization evaluations, and thussigni�icantly reduce the complexity of decision-making.



Optimization	 evaluations help you hillclimb toward betterperformance. These evaluations are the ones for which thedevelopment team is actively trying to improve the metric. For example,user satisfaction on the model’s core tasks, task completion rates, etc.Optimization evaluations drive the development priorities and measureprogress. They typically use diverse, somewhat representative samplesof real-world usage and focus on the capabilities that matter most tothe users.Metrics based on these evaluation sets should be North Starmetrics, reviewed frequently to understand progress and headroom.For example, Chatbot Arena provides Elo ratings computed from over�ive million user votes, offering a continuously updated benchmark thatre�lects real-world performance on open-ended conversational tasks.
Constraint	 evaluations, on the other hand, ensure nothing majorbreaks. These establish guardrails: the model must not produce moreunsafe content, must not become less factual, and must not performworse at critical capabilities. This category of evaluations does not tryto push performance higher; they’re simply trying to preventperformance from falling below acceptable thresholds. Commonevaluations that fall within this category include safety evaluations,hallucination evaluations, factuality evaluations, and capabilityregression evaluations.

Unbiased	Production	Logs	Sample	as	an	Optimization	or	Constraint
EvaluationOften an evaluation set representing the AI product’s production logsusage distribution, in the format of an unbiased random sample of livetraf�ic, becomes a critical component of the model’s evaluation suite. Itis intuitively categorized as an optimization evaluation. However, inpractice, an evaluation set representing the unbiased distribution ofproduction logs is more effective as a constraint or regressionevaluation.By the time an AI product has suf�icient production logs to scale theevaluation construction, the underlying model should have reached a



performance level that could suf�iciently meet user satisfaction formajority of the user requests. This is based on the assumption thatmost user requests are of the low or medium dif�iculty level, which isalmost always true. At this point, it is much more ef�icient to optimizefor an evaluation that is more challenging than the average real-worlduser, to climb where there’s suf�icient headroom, while still critical tomaintain a reasonable performance on a typical user’s request. Thelatter can be ful�illed by using the production logs sample as aconstraint evaluation. Alternative strategies include weighted averagesof the two approaches.
3.1.3.2	 By	Format:	Single-Sided	vs	Side-by-Side	EvaluationsSingle-sided evaluations assess a model’s output against absolutecriteria. Does the answer contain the correct information? Is it safe?Does it follow the format speci�ied by the user prompt? Does the modelresponse contain hallucination? These evaluations produce discretejudgments: pass/fail, factual scores, or safety ratings. Common metricsinclude accuracy or precision, which calculates the percentage ofcorrect predictions, and recall, which quanti�ies true positives (more onthat in Sect. 3.3.2). Single-sided evaluations are essential forestablishing whether a model meets minimum thresholds and fortracking absolute performance over time.
Single-sided	 evaluations are most suitable when there are clearcorrectness criteria or a golden standard or answer key, or when hardconstraints need to be enforced. They’re particularly valuable for thetype of constraint evaluations, e.g., ensuring that new versions don’t fallbelow established baselines. Often, factuality and safety evaluations aremost effective as single-sided evaluations.
Side-by-side	 evaluations pit two model responses against eachother, asking which is better according to some criterion. Thiscomparative approach often aligns better with how humans thinkabout quality: we might struggle to rate a response as “7 out of 10” butcan easily say which of two responses is more helpful. Side-by-sideevaluations are particularly powerful for subtle qualities like tone, style,



or overall user satisfaction. For example, AlpacaEval (Dubois et al.2024) uses GPT-4 to compute win rates by comparing model outputsagainst a baseline like GPT-3.5-Turbo through pairwise prompting,providing scalable automated comparisons that correlate highly withhuman preferences.The downside of side-by-side evaluations is that they can onlymeasure which side is better, and not if either side is good enough orany good at all. The other major issue with side-by-side evaluation ispotential length and format bias (Long et al. 2024), in that humans tendto favor longer responses or better formatted responses, regardless ofwhether the actual content is more helpful for the task at hand.Besides the evaluation set, the choice of metrics differs greatly insingle-sided vs side-by-side evaluations. See further discussion in Sect.3.3.
3.1.3.3	 By	Complexity:	Unit	Tests	vs	“Integration”	TestsBorrowing the concept from software engineering, the concept ofrobust unit tests building up to more comprehensive integration tests isalso effective for LLM evaluations.
Unit	 tests for LLMs evaluate isolated, atomic capabilities. These arenarrow assessments of speci�ic skills: Can the model correctly parse adate? Does it know basic arithmetic? Can it identify the sentiment of asimple sentence? Unit tests are fast to run, easy to debug, and provide aclear signal when something breaks. Benchmarks like MMLU (MassiveMultitask Language Understanding) test models across 57 subjectswith over 15,000 multiple-choice questions, providing granularmeasurements of knowledge across domains from mathematics to law.They form the base of your evaluation paradigm. There should be manyunit tests and they should run frequently, as a gatekeeper to morecomprehensive and expensive evaluation tests.Unit tests are especially effective for verifying that fundamentalcapabilities remain intact after model updates, for debugging speci�icfailure modes, or for establishing baseline competencies. Publicbenchmarks like HellaSwag (Li et al. 2025a) evaluate commonsense



reasoning through sentence completion tasks, allowing for quickdiagnosis of whether a model update has degraded basic reasoningabilities. The GSM8K benchmark speci�ically targets mathematicalreasoning with grade-school math word problems, providing focusedevaluation of arithmetic and logical thinking with limited but targetedscope.
Integration	 tests evaluate how multiple capabilities work togetherto accomplish realistic tasks. These tests tend to be more open-endedand require more than one step of reasoning. The task may involvereading a document, extracting relevant information, performinganalysis, and formatting a response, in order to satisfy user needs.Integration tests are slower, more expensive, and harder to rate anddiagnose, but they catch problems that unit tests miss: the varioustypes of failures that emerge when components interact. If the userneeds that the model aims to solve involve multi-step reasoning ormaintaining context across several operations, integration tests becomeessential.

3.1.3.4	 By	Interaction	Complexity:	Single-Turn	vs	Multi-Turn
Evaluations
Single-turn	 evaluations present the model with a standalone promptand assess the model’s performance by its response to this one prompt.Each evaluation scenario is self-contained and independent, whichmakes it easy to scale, diagnose, and analyze in aggregate. Single-turnevaluations are effective for many use cases, such as open-bookquestion and answering and text summarization. Single-turnevaluations �lexibility and operational advantage often make them themajority of the model’s evaluation suite.
Multi-turn	 evaluations involve sequences of interactions betweenthe model and a typical user, where the later turns in the sequence arein�luenced by earlier ones. Such evaluations are critical for applicationswhere the user may interact with the model to re�ine or redirect theoriginal task, as such conversational abilities to integrate feedback and



course-correct or expand the original task are de�inite blind spots insingle-turn evaluations.For example, the MT-Bench-101 (Bai et al. 2024) benchmark isdesigned to evaluate a model’s capabilities to handle user requeststhrough multiple turns of interaction with the user via a hierarchicalframework of taxonomy, the highest level including,Perceptivity, model’s ability to understand context.Adaptability, model ability to respond to user feedback, such as self-correction, format or content rephrasing.Interactivity, model’s ability to proactively engage with the user.Other multi-turn benchmarks, such as MT-Eval (Kwan et al. 2024), offersimilar but different taxonomy (recollection, expansion, re�inement,and follow-up) to organize the interactive capabilities human usersvalue through back-and-forth exchanges with an LLM. All these providea good foundation for custom evaluation sets.Several aspects of multi-turn evaluation make it more complex andharder to determine the quality. The more pronounced ones is theevaluation execution format. It mostly comes in three �lavors withincreasing �lexibility: static context, side-by-side dynamicconversations, and individual open conversations.
Multi-turn	evaluations	via	static	context use predeterminedsequences where the user’s earlier messages are scripted in advance.For example, MT-Bench consists of 80 multi-turn questions across eightcategories including writing, roleplay, reasoning, math, and coding, witheach question featuring challenging follow-up prompts designed to testwhether models can maintain context and adapt their responses. Theseevaluations might test whether the model maintains consistency acrossturns, whether it can handle multi-step instructions, or whether itappropriately updates its understanding as new information arrives.MT-Bench-101 presented that common alignment techniques and chat-speci�ic designs haven’t led to obvious enhancements in multi-turnabilities, highlighting the dif�iculty of this evaluation paradigm.



The advantage of multi-turn evaluation via static context lies in itssimilarity to a single-turn evaluation, rendering many executionconveniences and less demand to completely revamp the evaluationplatform and infrastructure, going from single-turn to multi-turn.Meanwhile, the limitation of static context is nontrivial. When thecontext involves multiple previous turns, the question arises as to howto ensure a fair comparison while maintaining evaluation validity. Forexample, when the status context includes three previous turns, whichmodel should be used to generate the responses to these earlier turnsbefore comparing the model responses to the last user turn, and whattype of bias or noise each approach brings remain a critical and yet notfully understood questions.
Multi-turn	evaluations	via	side-by-side	dynamic	conversations, on theother hand, are much closer to how real users interact with models.Each follow-up user prompt can adapt to what the previous modelresponse was, rather than being limited by maintaining a �ixed set ofprevious turns. In order to execute such dynamic evaluation, it ofteninvolves a human evaluator, or another LLM acting as the user.Compared to static context, side-by-side dynamic conversations canchallenge the model in realistic interactive situations that revealinteractive behavior gaps in a much more natural way, but they’reexpensive, harder to reproduce, and dif�icult to debug. The downside isthat when the models in comparison provide responses with largedeviations from each other, one often has to choose one direction toconstruct the next user prompt, rendering essentially an interruption tothe follow-up behavior in the other model. If the dynamic conversationscontinue for several turns, it’s likely neither side would end up with anend-to-end coherent standalone conversation. The LM Arena’s crowd-sourced platform is one example, allowing users to interact with twomodels side-by-side, providing the same prompt, compare the twomodels’ responses, and vote for a preferred one. In an LLMdevelopment evaluation suite, side-by-side dynamic conversationevaluations can be used to assess interactive behaviors where status



context fails to capture. However, their complexity means they shouldcomplement, not replace, simpler evaluation types (Fig. 3.2).

Fig.	3.2 Multi-turn evaluations via individual open conversations



Multi-turn	evaluations	via	individual	open	conversations take therealism of the evaluation environment to the next level. They measure atarget model’s performance by having a human or LLM predict the nextuser turn interacting with the target model, mostly freely, with apredetermined goal in mind. They then compare the conversation’soutcome, including whether the model’s responses altogether achievedthe user’s goal, as well as how ef�icient and engaging the process was,against an independently executed conversation with another model touse as a baseline. The user-driven open conversations independentlycarried out using the target and baseline model were realistic but evenharder to replicate, control bias and noise, and to diagnose.
3.1.3.5	 Design	an	Overall	Evaluation	StrategyThe most effective evaluation strategies combine multiple types oftests, each serving a speci�ic purpose.Begin with a broad base of single-turn unit tests that verify atomiccapabilities and can run quickly during development. Layer onintegration tests that check realistic work�lows. Use single-sidedevaluations to enforce constraints and measure against absolutestandards, while employing side-by-side comparisons to optimize forsubtle quality improvements. Designate clear optimization targets andprotect them with constraint evaluations that catch regressions. Formost capabilities, start with single-turn tests and only introduce multi-turn complexity when it’s necessary to evaluate truly conversational orstateful behavior. Save dynamic conversation evaluations for thecapabilities that matter most and where static tests have proveninsuf�icient.One important principle to remember is that evaluation is not justabout measurement; it’s also about learning. The right evaluation sethelps deepen the understanding of a model’s capabilities, guidesdevelopment priorities, catches problems before they reach users, andprovides con�idence that changes are genuine improvements ratherthan clever over�itting to the test sets. Building a thoughtful evaluationsuite, with clear intent for what each component reveals about the



model’s capabilities and behaviors, is key to a foundation for systematicprogress in LLM development.
3.1.4	 Requirements	 of	 a	 Good	 Evaluation	 SetThe previous two sections explored where evaluation scenarios can besourced from (Sect. 3.1.2), as well as what types of evaluation sets theyshould form (Sect. 3.1.3), guided by how the evaluation sets areintended to be used. These two together provided a general directionon how to establish a custom evaluation set, a turning point in the four-phase maturing journey discussed in Sect. 3.1.1.This section, built on the previous two, �ills a critical gap inestablishing not only an evaluation set, but a good one. What does“good” mean? How to improve from “good” to “better”? The dimensionsof evaluation set quality we’ll discuss are interconnected yet distinct,each addressing different aspects of what makes an evaluationmeaningful and useful not merely as a measurement tool, but as a lensthrough which we can understand model capabilities, identify failuremodes, and guide development priorities.
3.1.4.1	 ValidityValidity refers to whether an evaluation set actually measures what itpurports to measure. In the context of LLM evaluation, validityencompasses both construct validity and ecological validity. The formerrefers to whether the evaluation captures the theoretical construct ofinterest, while the latter represents whether performance on theevaluation predicts real-world performance. Both require a deepunderstanding of the phenomenon, model capability, or model behaviorone aims to measure and are challenging to address.

Construct	Validity requires that evaluation tasks genuinely test thecapabilities they claim to assess. For instance, a reasoning benchmarkshould require actual reasoning rather than pattern matching ormemorization. This concern has become particularly acute as modelshave grown larger and training data more extensive. Recent work(Zheng et al. 2024; Bean et al. 2025; Alaa et al. 2025) has revealed



issues in the operationalization of abstract phenomena, task selection,and statistical testing that undermined the validity of the benchmarkclaims.The �irst and most essential step of ensuring construct validity is tounderstand and provide a precise and operational de�inition for thephenomenon one is set up to measure. This sets the direction andboundaries for all subsequent tasks of establishing a custom evaluationfrom task selection to template design. In order to articulate and build ashared knowledge of the phenomenon, positive examples can helpclarify the phenomenon and guide sub-component identi�ication, whilenegative examples can help shape what is out of scope, which furtherhelps isolate the phenomenon to measure.On the other side of the same coin, the second step is to control forconfounding factors that may affect the evaluation outcome, to ensurewe are not measuring a mixture of phenomena. When confounds arepresent, for example, a user’s Internet speed, it becomes impossible tointerpret what a model’s evaluation outcome actually re�lects Forexample, if a reasoning benchmark requires models to produceresponses in strict JSON format, poor performance might indicate weakformatting skills rather than poor reasoning ability, fundamentallyundermining the validity of any conclusions about reasoningcapabilities. Without proper controls, benchmarks risk measuring aconfounded combination of the target phenomenon and theseextraneous factors, making it unclear whether improvements on thebenchmark represent genuine progress on the intended capability orsimply better handling of the measurement artifacts. This is whyrigorous benchmarks should either eliminate confounding tasksentirely, measure them separately to adjust scores accordingly, or atminimum acknowledge their presence as a limitation. Otherwise, thebenchmark fails to measure what it claims to measure, renderingcomparisons between models unreliable and potentially misleading forboth research progress and deployment decisions.After identifying a clear picture of what to measure and what not tomeasure, construct validity requires a representative evaluation set.



Section 3.1.2 explored the various sources to form such a set, and theprevious step of isolating the phenomenon to measure will helpidentify the right distribution that the evaluation set is supposed torepresent.For example, if an evaluation is designed to measure the averageimpact of a model change on the product’s typical user base, thedistribution to represent is the usage pattern and user needs of theunbiased live traf�ic. However, if an evaluation is designed to measurethe average impact of a model change on where the previous model islacking, the optimal distribution to construct the evaluation on is nolonger always the unbiased live traf�ic. Because for a somewhat maturemodel, often the typical usage pattern is not where the model is lacking.The metrics and statistical analysis on the outcome based on theevaluation set are equally important, if not more, to ensure constructvalidity.In practice, it is almost impossible to rule out all confoundingfactors. As a result, it often takes several iterations to re�ine themethodology to source and select the right scenarios to construct avalid evaluation set. Two exercises could be quite helpful in thissituation. Firstly, if there are existing public or custom benchmarksaiming to measure a similar phenomenon, similar outcomes should beobserved comparing the same models. Strongly different results couldreveal major confounding factors or mistakes in the evaluation setup oreven data processing. Secondly, it’s worthwhile to take the time todiscuss the limitations and trade-offs each method presents in eachstep of the evaluation set design and process. Through such deliberateinvestigation, one can drastically reduce the chance of having majorblind spots in the construct validity of the evaluation set design.Lastly, a critical challenge for validity is the training-evaluation datacontamination. As LLMs are trained on increasingly large web scrapes,popular benchmarks may appear in training data, either directly or insimilar forms. This makes it dif�icult to distinguish genuine capabilityfrom memorization. Recent proposals include using dynamically



generated evaluations or private test sets, though these introduce theirown trade-offs.
Ecological	Validity can be considered as one special case ofconstruct validity, in that it addresses whether benchmark performancetranslates to real-world utility, i.e., how representative one evaluationset is compared to real-world usage patterns. Many academicbenchmarks involve carefully curated tasks with clear correct answers,while real-world applications often involve ambiguous queries, multi-turn interactions, and subjective quality judgments. Anthropic’sevaluation work (Miller 2024) has emphasized the importance ofevaluating models on realistic usage patterns.

3.1.4.2	 ActionabilityActionability refers to whether evaluation results provide clearguidance for model improvement. An actionable evaluation set helpsdevelopers understand not just that a model is failing, but why it’sfailing and what might be done to address those failures.Diagnostic Value is central to actionability. An ideal evaluation setbreaks down performance across multiple dimensions, enablingdevelopers to identify speci�ic weaknesses. For instance, rather thanreporting a single accuracy score, an actionable evaluation mightseparate performance by task type, topic category, or reasoning depth,revealing patterns that suggest concrete areas for improvement. Suchfailure mode analysis often requires the evaluation set to include richmetadata about each example on dimensions mentioned above. Thismetadata enables systematic investigation of failure modes rather thananecdotal observation of individual errors.In order to build an actionable evaluation set, heuristic or model-based classi�iers are often adopted to annotate each evaluation examplewith metadata such as model capabilities, topic or domain, complexity,dif�iculty, and safety policies. It is important to verify the accuracy ofsuch classi�iers before applying the results to automate failure modeanalysis.



For example, TruthfulQA (Lin et al. 2022) contains 817 questionsspanning 38 topic categories, such as health, law, and �inance. Slicingthe evaluation metrics by domain provides insights on model behaviorsin various domains, which may lead to targeted strategies to improvethe model in each relevant domain. Another example, SummEval(Fabbri et al. 2021), does this for summarization. It provides per-example human annotations across multiple quality dimensions, suchas coherence, consistency, �luency, and relevance, so failure modes canbe disaggregated by dimension rather than collapsed into a singlescore.However, evaluation actionability is ultimately limited by thecomplexity of LLMs. When a model fails on a task, the root cause mayinvolve interactions between training data, architecture, andoptimization that are dif�icult to disentangle. This has led to calls formore mechanistic evaluation approaches that probe internal modelrepresentations.
3.1.4.3	 ReliabilityReliability refers to the consistency and reproducibility of evaluationresults. A reliable evaluation should yield similar results when repeatedand should not be overly sensitive to minor variations due to randomchance or any factors unrelated to model performance, such as raterpool assignment.Consistency across runs is a must-have requirement. Forevaluations involving any randomness, in-example ordering, sampling,model temperature, or positioning (in side-by-side evaluations), resultsshould be stable across runs. This requires appropriate aggregationover multiple samples and reporting of uncertainty estimates.There are several touchpoints in designing and executing an LLMevaluation where measurement uncertainty enters and reliabilitystudies and improvements are needed. Rater reliability is the mostwell-studied (Sect. 3.4.2); reliability for template designs can also play amajor role in ensuring overall evaluation reliability (Sect. 3.2); the



reliability required in evaluation set construction, however, is oftenoverlooked.Inter-Annotator Agreement (IAA), also known as Inter-RaterReliability (IRR), is crucial for evaluations involving human judgment.For open-ended generation tasks, multiple annotators should agree onquality assessments. Low agreement suggests either unclear evaluationcriteria or genuinely ambiguous cases, the former caused by noise inthe rating process, while the latter in set construction, both of whichlimit reliability. Recent work has shown that human evaluation of LLMoutputs can have surprisingly low agreement, particularly forsubjective qualities like helpfulness or creativity. This strongly suggeststhe need to leverage analysis on IAA to identify the types of evaluationexamples that are dif�icult to reach a robust rating. A simple next step isto remove such examples from the set. A more time-consuming butpotentially bias-avoiding approach is to analyze the source of noise inthe example. If, for example, the example is considered subjectivebecause each rater has to make their own assumption about the user’strue intent, providing complete context on the user’s goals mayimprove the robustness of the ratings on this example.A special and quite prevalent case of the above presents itself in thatsmall changes in wording, formatting, or even whitespaces cansubstantially affect model outputs. A reliable evaluation should eithercontrol for this unwanted sensitivity through careful promptengineering or explicitly measure it as part of the evaluation (Liang etal. 2022; Aali et al. 2025). The existence of “prompt engineering” as adiscipline highlights how unreliable model behavior can be.In practice, one has to consider other trade-offs such ascomputation and turnaround time before employing certain techniquesto improve the robustness of evaluation results. For example, the self-consistency sampling (Wang et al. 2022) can improve modelperformance but at the cost of multiple forward passes. Evaluationsmust specify whether such techniques and their incurred costs aretolerated and ensure fair comparisons.



3.1.4.4	 Ef�iciencyEf�iciency addresses the practical costs of running evaluations,including that on computation and human effort. As models grow largerand more expensive to run, and as the number of public and custombenchmarks proliferates, ef�iciency becomes a critical consideration forsustainable evaluation practices.Ef�icient evaluation sets achieve good coverage of model capabilitieswith minimal redundancy. Both human-written and LLM-generatedevaluation sets are prone to have almost similar examples thatchallenge the model’s capabilities in the same manner; analysis thatfocuses on identifying the critical subset that has the same predictivepower on the model performance delta (Polo et al. 2024) becomesmore and more crucial.Trade-offs with the other evaluation quality dimensions areinevitable. More ef�icient evaluations may sacri�ice validity in thatfewer examples may not capture the full distribution of scenarios,actionability due to less detailed error analysis, or reliability becausefewer samples increase variance. The art of evaluation design involves�inding the right balance for the intended use case.An emerging approach to ef�iciency is adaptive evaluation, wherethe evaluation adapts based on model performance. Easy examples thatall models solve can be skipped, while challenging areas receive moreattention. However, this introduces complications for standardizationand comparison across models.
3.1.4.5	 SensitivitySensitivity refers to an evaluation’s ability to discriminate betweenmodels of different capabilities, particularly at the high end ofperformance. As models improve, evaluation sets can becomesaturated, with multiple models achieving near-perfect scores, makingit dif�icult to identify the best models or measure progress.

Dynamic	Range is crucial for sensitivity. An evaluation should havesuf�icient headroom that even the best current models don’t achieveperfect performance. This requires anticipating future progress when



designing evaluations, challenging given the rapid pace of LLMdevelopment. The “AI effect” describes how tasks that seem dif�icultoften become easy once solved, making it hard to maintain sensitiveevaluations.
Avoiding	Saturation requires proactive evaluation design. Somestrategies include using open-ended tasks with no upper bound onquality, incorporating adversarial examples speci�ically designed tochallenge strong models, or using human-level performance as amoving target. However, each approach has limitations.Kiela et al. (2021) introduced the concept of “dynabench,” arguingfor dynamic adversarial data collection where humans continuallycreate examples that fool current models. This approach maintainssensitivity by co-evolving evaluations with model capabilities. Thedownside, however, is the high cost of maintenance and the loss of astable benchmark providing longitudinal measurements.
Granularity	of	Measurement also affects sensitivity. Coarse metrics(like binary pass/fail) provide less signal than �iner grainedassessments. However, increasing granularity often requires morecomplex evaluation protocols and may reduce reliability if the �inerdistinctions are dif�icult to judge consistently.

3.1.4.6	 Making	Trade-OffsThese �ive dimensions interact in complex ways, and designing a goodevaluation set requires navigating inevitable trade-offs. A perfectlyvalid evaluation might be impractical due to ef�iciency concerns. Ahighly sensitive benchmark might sacri�ice reliability if it depends onsubjective judgments of subtle quality differences.As is the same as all other aspects of evaluation design, hitting theright balance depends on the evaluation’s goals and purpose. Researchbenchmarks might prioritize sensitivity to measure incrementalprogress, while deployment evaluations might emphasize validity andreliability to make high-stakes decisions about model readiness.Actionability is particularly important during development but lesscritical for external comparisons. One direction of reaching a balance



produces frameworks like HELM, BIG-Bench (Srivastava et al. 2023),and EleutherAI’s evaluation harness, which combine multipleevaluations with different strengths, providing a more complete pictureof model capabilities than any single benchmark could offer.The next step after de�ining the �ive quality dimensions of theevaluation set, is measurement and improvement. This is often referredto as meta-evaluation, studies that evaluate the evaluation set in each ofthe �ive dimensions. Understanding the quality of each benchmarkimproves the ef�iciency of the entire evaluation system by allocating theright amount of resources.
3.1.4.7	 SummaryThe �ive dimensions of validity, actionability, reliability, ef�iciency, andsensitivity provide a framework for understanding what makes an LLMevaluation set valuable. No evaluation perfectly satis�ies all dimensions,but being explicit about these qualities helps evaluation designersmake informed choices and helps evaluation consumers interpretresults appropriately.
3.1.5	 Beyond	 Set	 Creation:	 Maintenance	 and	 UpgradesCreating a custom evaluation set is merely the beginning of a rigorousevaluation framework. As models train and improve, not only does theoverall evaluation approach evolve (see Sect. 3.1.1), individualevaluation sets must also evolve to remain useful signals of genuinecapability with relatively low noise.This section explores the lifecycle of custom evaluation sets beyondcreation, from their initial deployment through their maturation,expansion, and eventual retirement or transformation into regressionbenchmarks.
3.1.5.1	 Early	Signals	of	Custom	Evaluation	Set	Quality	and
Ways	to	ImproveWhen deploying a custom evaluation set, there are many early signalsthat could be gathered to provide indications of the set’s overall quality.



A poorly or not at all validated benchmark can mislead developmentpriorities, waste computational resources, and propagate �lawedconclusions throughout the development.
Bias	Detection	via	Comparisons	with	Known	OutcomesA necessary but not suf�icient condition for an informative customevaluation set is that it can correctly distinguish models with drasticallydifferent capabilities. Thus, by checking if the custom evaluation setassigns the right comparison outcomes between models, either of quitedifferent rankings on public leaderboards, or of very different modelsizes (parameters), can provide a quick signal on whether theevaluation set roughly points in the right direction. Kaplan et al. andHoffmann et al. established that loss scales predictably with compute.Evaluations should generally respect these trends, exhibiting sensiblescaling properties with respect to model families, parameters, compute,and data. For example, for a series of models within the same familywith increasing sizes:Plot evaluation score against model size (parameters) on log scale.Verify monotonic or near-monotonic improvement.Identify problematic subsets that may indicate evaluation mis-signals.
Bias	Detection	via	Contamination	Against	Training	DataThis is a crucial test to implement and, ideally, automate to runperiodically. Including the exact copy or even a near copy of theevaluation example in the training set can cause the evaluation set tolose its representativeness and make the result meaningless.Similarity scores in the embedding space are relatively easy toimplement and cheap to scale between post-training datasets and theevaluation set, as both follow similar conversational formats. On theother hand, source- or article-level similarity in the pretraining datasetsseems to work more ef�iciently.
Variance	Reduction	via	Rating	Reliability



Even among the same pool of raters, some evaluation examples tend topresent more reliable ratings, measured by Inter-Rater Reliability (IRR)metrics, than other examples. It is often fruitful to examine the level ofIRR at the evaluation subsets level. Some examples could be hard toreach a certain level of reliability due to speci�ic evaluation examples:Requires domain expertise or knowledge that’s lacking in generalraters.Involves a signi�icant amount of subjective judgments.Lacks suf�icient context on user goals to fully de�ine “what is better.”For examples in the �irst situation, it is often recommended to removesuch evaluation examples or relocate them to a separate evaluation setwith specially skilled rater assignments.Examples in the second and third situations, however, shouldgenerally be removed as they are not the most effective in evaluatingand differentiating models. Some examples in such categories can stillbe high-quality evaluation examples, but leveraging them well requiresmore nuanced and careful design of the rating process, such asdiversifying and providing clarity on user goals before aggregating.
Variance	Assessment	Across	Training	CheckpointsFor evaluation sets to give good signals throughout training, it’simportant to evaluate at regular checkpoint intervals to characterizenoise properties:Plot learning curves: Score vs. training step should showinterpretable progression.Calculate temporal autocorrelation: High-frequency oscillations mayindicate evaluation instability rather than genuine performance�luctuation.Identify regime changes: Sudden drops or plateaus warrantinvestigation on set validity and relevance.If your evaluation shows high variance while training loss smoothlydecreases, the evaluation set may be capturing ephemeral behaviorsor may have insuf�icient sample size.



Diversity	in	Not	Only	Topic	Categories	but	also	Dif�iculty	and
ComplexityA good distribution of topics is often strived for in evaluation setdesigns. It is equally important to verify that the evaluation set has anappropriate dif�iculty distribution. An evaluation where all modelsscore near 100% (ceiling effect) or near 0% (�loor effect) providesminimal discriminative power. Plotting score distributions acrossmultiple models spanning different capability levels can provide a quickunderstanding of how diverse the evaluation set’s dif�iculty levels are. Awell-climbed evaluation set should exhibit gradual saturation, i.e., adistribution shift of dif�iculty over time.
3.1.5.2	 Expansion	to	More	Challenging	SetsStatic evaluation sets eventually lose discriminative power as modelsimprove. If set at a dif�iculty level that’s too far advanced for the currentdevelopment, the evaluation set is not very useful when all experimentsare likely to return negative outcomes. This is often the case, asimprovement is gradual and not overnight. Therefore, maintainingeffective evaluation requires systematically matching task dif�iculty tothe frontier of model capabilities. This progression should be principledrather than arbitrary, with clear hypotheses about what makes tasksmore challenging.Several dimensions can be used as a lever to increase dif�iculty. Taskcomplexity can be scaled by requiring longer chains of reasoning,integrating information across multiple disparate sources, or involvingmore steps in multi-stage processes. For instance, a basic readingcomprehension task might evolve into multi-document evidencesynthesis, then into retrieval-augmented question-answering over largecorpora.Ambiguity and underspeci�ication represent another dimension forgrowing dif�iculty. While initial evaluation sets often feature clear-cutcases with single correct answers, advanced evaluation can introducelegitimate ambiguity requiring models to recognize uncertainty,request clari�ication, or qualify their responses appropriately. This



mirrors real-world deployment conditions more faithfully thanarti�icially simpli�ied benchmarks, isolating one basic capability at atime.Domain transfer and compositional generalization offer additionalchallenge dimensions. While initial evaluation might assess capabilitieswithin familiar domains, advanced evaluation can test transfer to noveldomains, combinations of previously learned skills in newenvironments, or applications requiring creative extrapolation beyondtraining distribution patterns. For example, retrieval and reasoningbased on recent (Li & Goyal, 2025) and evolving (Nakshatri et al. 2025)knowledge is more challenging than that using well-establishedknowledge and thus needs evolved evaluation sets to test.Ultimately, Chollet (2019) argues for evaluation focused ongeneralization ef�iciency and skill acquisition rather than skill itself,suggesting that evaluation should progressively test the ability to learnand adapt rather than simply measuring static knowledge.
3.1.5.3	 Expansion	to	Multilingual	Evaluation	SetsAs language models expand to serve global audiences, evaluationframeworks must extend beyond English to assess capabilities acrossdiverse languages and cultural contexts. Developing multilingualevaluation sets presents unique challenges in translation, culturaladaptation, and ensuring comparable dif�iculty across languages.The most straightforward approach involves direct translation ofexisting English evaluation sets. However, naive translation often failsto preserve task dif�iculty or semantic content. Idiomatic expressionsmay have no direct equivalents. Cultural references may becomeobscure or meaningless. Syntactic structures available in English maynot exist in target languages, fundamentally changing taskrequirements.Hu et al. (2020) describe a comprehensive multilingual evaluationframework covering 40 languages. Their work emphasizes theimportance of including typologically diverse languages rather thanonly high-resource languages similar to English. Evaluation should span



different writing systems, grammatical structures, and morphologicalcomplexity to test genuine multilingual capability rather than transferlearning from English.Cultural adaptation goes beyond linguistic translation. Evaluationexamples involving historical events, geographic knowledge, socialnorms, or commonsense reasoning must be adapted to be appropriateand fair for speakers of different languages. An evaluation questionabout American football might be replaced with one about cricket forHindi evaluation sets, or football (soccer) for Spanish sets, maintainingcomparable reasoning requirements while ensuring cultural relevance.Creating original multilingual evaluation content, rather thantranslating from English, provides the highest quality assessment.Native speakers can develop evaluation examples that naturally re�lecthow tasks arise in their linguistic and cultural contexts. This approachavoids the subtle artifacts of translation and ensures that evaluationmeasures genuine capability rather than translation robustness. Thedownside is obvious: high cost and slow development.Parallel evaluation sets, where the same underlying task ispresented in multiple languages with careful calibration of dif�iculty,enable cross-lingual capability comparison. If a model performssubstantially better in English than in other languages for the same tasktype, this indicates language-speci�ic weaknesses rather than generalcapability limitations. Ponti et al. (2020) demonstrated this parallelevaluation approach.
3.1.5.4	 Contamination	and	Over�itting	PreventionThe reliability of evaluation signals depends on the integrity ofevaluation sets, which requires clear separation from trainingprocesses. This separation can be enforced through technical controlsor organizational practices, but best safeguarded by automatedmonitoring.Training-Eval contamination occurs when evaluation examplesappear in training data, either explicitly or through near-duplicates.Brown et al. (2020) described contamination analysis procedures



involving n-gram overlap detection between training and evaluationsets. They found that even for seemingly isolated benchmarks,substantial overlap can occur through web scraping and dataaggregation processes.More generally, the over�itting problem manifests in many forms.Models may learn super�icial patterns speci�ic to the evaluation formatrather than the underlying capabilities being tested. Trainingprocedures may inadvertently optimize for benchmark performancethrough hyperparameter selection or architectural choices validatedprimarily against speci�ic evaluation sets. Most concerning, asevaluation sets circulate within the research community, they riskbecoming implicit training objectives rather than independentmeasures of capability.The work by Dodge et al. (2021) highlighted how evaluation datacan leak into training corpora through web scraping, creatingcontamination that undermines benchmark validity. Similarly, Recht etal. (2019) demonstrated that model performance often dropssubstantially on newly collected test sets that match the originaldistribution, suggesting that models learn dataset-speci�ic artifactsrather than general capabilities.Preventing contamination requires proactive measures throughoutthe training pipeline. Training data should be scanned for near-duplicates of evaluation examples, removing matches above aconservative similarity threshold or disqualifying the evaluationexample. For datasets derived from web sources, URLs of evaluationexample sources should be explicitly blocked during training datacollection.Beyond preventing direct contamination, it’s important to avoidtraining-evaluation sharing the exact (narrow) distribution. Forexample, if evaluation sets are collected through speci�ic promptingtemplates or interface designs; training data should notdisproportionately feature similar templates. This, ultimately, goes backin a full circle to the importance of evaluation set construct validity.



Organizational practices provide additional safeguards againstover�itting. Developing separate evaluation sets for development and�inal candidate selection, but drawn from the same distribution, is anexample of a great practice. The rationale is similar to separatevalidation and test datasets in traditional machine learning tasks. Theevaluation set used for LLM development is used to tunehyperparameters, compare different architectures, and make decisionsabout which model variant to keep. Because these choices are based onmodel performance on such development evaluation sets, the modelindirectly “learns” from the development set through this iterativeselection process, which means validation accuracy becomes anincreasingly optimistic estimate of real-world performance. The �inalevaluation set solves this problem by remaining completely untoucheduntil the very end, after all development decisions are �inalized. Thisprovides an unbiased estimate of how the model will actually performon truly unseen data in production. Without this separation, the risk ofover�itting to the evaluation set through the model developmentprocess itself, increases and can lead to deploying a model that looksgreat on paper but fails to generalize to new data.
3.1.5.5	 RetirementA hillclimb evaluation set serves as an active development target duringmodel training. Teams iterate on model architecture, trainingprocedures, and data mixtures while monitoring performance on thesesets. However, once performance saturates or when there’s suspicion ofover�itting, the set should graduate to become a regression evaluationset.Regression sets serve a different purpose: they establish a baselineof capabilities that must be maintained as models evolve. Rather thandriving improvement, they detect capability regressions when newtraining approaches or architectural changes inadvertently harmpreviously acquired skills. This retirement to regression processacknowledges that an evaluation set’s utility changes over its lifecycle.



The timing for retirement can be triggered by several types ofconditions. If model performance exceeds 95% accuracy on apreviously discriminative task, the set likely no longer provides a usefultraining signal. If successive model iterations show diminishing returnsdespite continued optimization efforts, saturation has occurred. Ifanalysis reveals that errors are primarily due to annotation noise ratherthan genuine model limitations, the set has reached its ceiling. As a lastexample, if training dynamics show signs of memorization, such asmuch higher performance on the evaluation set than on held-outsamples from the same distribution, the set should be retired fromactive use.Once graduated to regression status, these sets should be frozen. Noadditional optimization against them should occur, and they should beevaluated only periodically to ensure capabilities haven’t degraded.Documentation should clearly mark them as regression benchmarks toprevent teams from inadvertently optimizing against them.As more and more active hillclimb sets retire to the regression set,computational costs for regression detection can become prohibitive,even if in most development environments, regression evaluations arerun much less frequently than hillclimb evaluation. Downsamplingprovides a pragmatic solution.Strati�ied sampling maintains representation across importantdimensions of the evaluation space. If an evaluation set covers multipletask types, dif�iculty levels, or domain categories, downsampledversions should preserve these proportions. For a set with 40%reasoning tasks, 30% factual knowledge tasks, and 30% instruction-following tasks, a 1000-example downsample from a 10,000-exampleset should maintain these ratios.Dif�iculty-weighted sampling can prioritize challenging examplesthat better discriminate between model capabilities. If humanevaluation or model performance analysis has identi�ied certainexamples as particularly diagnostic of genuine understanding versussurface pattern matching, these examples should be overrepresented indownsampled versions. This approach ensures that evaluation



ef�iciency increases without sacri�icing the ability to detect meaningfuldifferences between systems.When downsampling, it’s essential to validate that the reduced setmaintains similar discriminative properties to the full set. This can beveri�ied by evaluating multiple models on both full and downsampledversions and con�irming that relative rankings remain stable. If adownsampled set shows substantially different performancecharacteristics or changes the relative ordering of systems, it should berevised or the full set should continue to be used.
3.1.5.6	 Housekeeping:	Versioning	and	DocumentationAs evaluation sets evolve through these various processes, rigorousversioning and documentation become essential. Each version shouldbe clearly identi�ied with unique version numbers following semanticversioning conventions: major versions for fundamental changes intask de�initions or evaluation criteria, minor versions for additions ormodi�ications that preserve backward compatibility, patch versions forcorrections of errors or ambiguities.Documentation should record the complete provenance of eachevaluation set version: creation date, source of examples, annotationprocedures, known limitations, intended use cases, and inappropriateapplications. Changes between versions should be exhaustivelydocumented with clear rationales for modi�ications.Gebru et al. (2021) introduced the concept of “Datasheets forDatasets,” providing a framework for documenting datasetcharacteristics, collection procedures, and recommended uses. Thisframework applies directly to evaluation sets and should be standardpractice, especially as new evaluation sets are continually created andupdated to expand capabilities as well as their depth.
3.1.5.7	 ConclusionEvaluation sets are living artifacts that must evolve alongside themodels they assess. Contamination prevention, systematic dif�icultyincreases, multilingual expansion, and the graduation from hillclimb to



regression sets represent essential practices for maintaining evaluationintegrity throughout a model’s development lifecycle. Organizationsthat treat evaluation as a static process risk optimizing toward obsoletebenchmarks while genuine capabilities stagnate. Those that invest inevaluation evolution ensure their models continue improving oncapabilities that matter for real-world deployment.
3.1.6	 Beyond	 Individual	 Evaluation	 SetsEvaluating LLMs is a multi-faceted challenge that cannot be adequatelyaddressed through a single benchmark or evaluation methodology. Asthese models become increasingly capable and are deployed acrossdiverse applications, the need for comprehensive, multi-dimensionalassessment frameworks has become critical. This section explores theprinciples and practices of using multiple evaluation sets in concert tomeasure the collective capabilities of LLMs, addressing the complexitiesof interpretation, reconciliation of con�licting results, and the nuanceddifferences between evaluation paradigms.
3.1.6.1	 The	Necessity	of	Multiple	Evaluation	PerspectivesThe limitations of relying on individual benchmarks have been welldocumented in the literature. Chollet (2019) argues that narrow task-speci�ic benchmarks often fail to capture general intelligence or theability to generalize to novel situations. Similarly, models are shown toachieve high scores on certain benchmarks through memorization orexploitation of dataset artifacts rather than genuine understanding(Gururangan et al. 2018; McCoy et al. 2019), rendering capabilitiesmeasured by a single benchmark thin evidence.Multiple evaluation sets are necessary because:Task diversity: Different benchmarks emphasize different cognitivecapabilities, from mathematical reasoning to commonsenseunderstanding.Domain coverage: No single benchmark can comprehensively coverall domains where LLMs are deployed.



Evaluation methodology variance: Benchmarks employ differentevaluation paradigms (multiple-choice, generation, humanevaluation) that each have distinct strengths and limitations.Robustness veri�ication: Multiple evaluations help identify whethermodel capabilities are robust or brittle.Therefore, evaluation sets can be viewed as complementaryinstruments in a diagnostic toolkit. Just as a physician uses multipletests to diagnose a patient, researchers and practitioners should usemultiple benchmarks to understand model capabilities. For example,MMLU (Hendrycks et al. 2021) assesses broad knowledge across 57subjects using multiple-choice questions, while HumanEval (Chen et al.2021) evaluates code generation through functional correctness. Theevaluation sets may be combined into one, but the grading processrequires a different set up, for example, execution veri�ication is oftenneeded for coding tasks, as well as different metrics aggregationapproaches.
3.1.6.2	 Identifying	Convergent	ValidityWhen multiple evaluation sets produce consistent results about amodel’s capabilities in a domain, this provides convergent validity,evidence that the observed capability is robust and not an artifact of aparticular benchmark design or measurement noise. For example, if amodel demonstrates strong performance on both MATH and GSM8K formathematical reasoning, and also performs well on quantitativereasoning questions in MMLU, this triangulation provides strongerevidence of mathematical capability than any single benchmark alone.
Group	Evaluations	by	Capability	DomainIt’s practically convenient and analytically ef�icient to organizebenchmarks into groups that target similar capabilities, for example,reasoning, knowledge, coding, or instruction following.A model that performs consistently well across benchmarks withina domain of capabilities demonstrates robust capabilitiescorrespondingly. Conversely, a model that excels at one of the evals but



fails at others within the same domain reveals important limitations ingeneralization.It’s often computationally expensive to evaluate the candidates oneach model development path with all the benchmarks within variousdomains of capabilities. So teams often pick a smaller subset to guidethe model improvement phase. A more comprehensive set ofbenchmarks is then used sparingly at critical points to select topcandidates for continued development or launch in products.
Analyze	Correlation	PatternsIntegrating a correlation analysis into the evaluation pipeline isessential for achieving a more rigorous and robust understanding ofmodel intelligence, as well as the quality of the adopted benchmarks.For example, Qian et al. (2026) demonstrated that traditionalleaderboards often suffer from ranking inconsistency, where slightvariations in benchmark selection lead to wildly different modelhierarchies. Correlation analysis helps stabilize these rankings byidentifying which tests provide the most reliable signals of quality.Zhang et al. (2025), with a slightly different angle, suggests thatmany current benchmarks are over 90% redundant. Without acorrelation study, model dev teams waste signi�icant computationalresources and research bandwidth testing the same latent abilitiesacross multiple redundant datasets.Lastly, Zhou et al. (2025) demonstrated that a lack of correlationbetween benchmarks that claim to measure the same domain ofcapabilities often reveals fundamental �laws and biases in evaluationdesign.By quantifying these relationships, researchers can trim redundanttests, ensure concurrent validity, and develop more streamlined, lessnoisy evaluation suites.
Integrating	Multiple	BenchmarksWhen combining multiple LLM benchmarks into a uni�ied score,researchers typically employ weighted aggregation methods that re�lectthe relative importance of different capabilities.



The most straightforward approach is simple averaging, whichtreats all benchmarks equally, though this can be problematic whenbenchmarks measure overlapping skills or when certain capabilitiesare overrepresented.Domain-weighted averaging assigns weights based on theimportance of different capability domains (reasoning, knowledge,coding, etc.), which requires either expert judgment or empiricalvalidation of which skills matter most for target applications.More sophisticated approaches include principal componentanalysis (PCA) to identify underlying factors and reduce redundancybetween correlated benchmarks, or item response theory (IRT)methods that account for benchmark dif�iculty and discriminativepower. Some researchers advocate for Pareto frontier analysis ratherthan scalar scores, plotting models across multiple dimensions toidentify trade-offs rather than collapsing everything to a single number.A key challenge is that weighting choices embed value judgmentsabout what “better” means. For example, weights optimized foracademic research tasks may differ from those prioritizing real-worldutility. Liang et al. (2022) introduced the “Holistic Evaluation ofLanguage Models (HELM)” framework; Yang et al. (2023) discussedmethodological issues in combining scores. Arti�icial AnalysisIntelligence Index v4.0 is a single index representing the level ofintelligence, leveraging 10 benchmarks (GDPval-AA, 𝜏2-Bench Telecom,Terminal-Bench Hard, SciCode, AA-LCR, AA-Omniscience, IFBench,Humanity’s Last Exam, GPQA Diamond, CritPt).
3.1.6.3	 Understanding	Divergent	Evaluation	Results
Sources	of	Evaluation	DisagreementDivergent results across evaluations are common and can be highlyinformative. Understanding why evaluations disagree is often asvaluable as the evaluations themselves.1. Benchmark Design Differences:(a) Question format: Multiple-choice questions may advantage  



models differently than open-ended generation tasks.  (b) Answer length: Some benchmarks require short answers,others lengthy explanations.  (c) Prompt sensitivity: Variation in prompt formatting cansigni�icantly affect performance.  (d) Dif�iculty calibration: Benchmarks may sample differentregions of the dif�iculty spectrum.  
2. Evaluation Methodology Variance(a) Exact match vs. semantic similarity: String matching maypenalize correct answers with formatting differences.  (b) Partial credit: Some benchmarks award partial credit forpartially correct answers.  (c) Human vs. automatic evaluation: LLM-as-a-judge and humanraters may disagree on subjective qualities.  (d) Reference-based vs. reference-free: Some metrics require goldstandard answers, others assess quality intrinsically  

 

3. Domain Speci�icity and Coverage(a) Training data distribution: Overrepresentation orunderrepresentation of certain domains in pretraining.  (b) Fine-tuning objectives: Models optimized for speci�ic domainsmay underperform in others.  (c) Knowledge gaps: Missing or outdated information inparticular subject areas.  
 



4. Task Formulation and Cognitive Demands(a) Recall vs. recognition: Generating an answer from memory vs.selecting from options.  (b) Compositional reasoning: Tasks requiring multiple reasoningsteps vs. single-step inference.  (c) Context length: Long-context understanding vs. short-prompttasks.  
 

Diagnostic	Framework	for	Analyzing	DisagreementWhen encountering divergent results, a systematic diagnostic approachmay reveal differences in evaluation designs, which in turn providevaluable insights into model’s behaviors, weaknesses, and strengths.Step 1: Characterize the disagreementFor example, quantifying the magnitude of performance difference,identifying whether disagreement is systematic or task-speci�ic, anddetermining if the disagreement involves relative rankings orabsolute performance can also shed light on where the source ofdisagreement is.Step 2: Analyze benchmark characteristicsBefore relying on a certain benchmark to guide model development,it is important to understand the evaluation methodologies behindthe benchmark design, such as task formats and dif�icultydistributions, in order to pinpoint whether the divergent evaluationoutcome is due to benchmarks measuring different aspects, or, forexample, the measurement itself is unreliably executed. This stepmay also reveal how relevant or representative the adoptedbenchmarks are to the evaluation task at hand.Step 3: Conduct disagreement analysisSampling examples where model performance differs acrossbenchmarks and then categorizing error types and patterns can lead



to identifying whether errors re�lect genuine capability gaps orevaluation artifacts.Step 4: Perform controlled experiments to understand causalityIf in rare and lucky situations, experiments on measuring the testmodel on variants of benchmark tasks result in successfully isolatingfactors that cause the evaluation outcome divergence, one couldfurther use A/B testing to con�irm causality.
Toy	 Example:	 MMLU	 vs.	 Real-World	 Domain	 BenchmarksLet’s say a model achieved 85% accuracy on MMLU’s medical questionsbut only 60% on a specialized medical licensing exam. This divergencecould stem from:MMLU using simpler multiple-choice questions vs. complex case-based reasoning in licensing examsDifferent coverage of medical specialtiesVariation in question ambiguity and clinical detailDifferent standards for what constitutes a correct answerThis type of analysis may reveal that while the model has stronggeneral medical knowledge, it may lack the detailed, applied clinicalreasoning required for professional practice.
3.1.6.4	 Decision-Making	with	Con�licting	ResultsWhen different evaluation sets’ results con�lict, researchers andpractitioners must �irst understand the source of the disagreement asdiscussed above, after which informed decisions often still need to bemade about model selection, deployment, and further development, ifthe disagreement is caused by legitimate differences in the design andmeasurement. We now discuss a few strategies to make decision-making in such situations more formalized.
Strategy	1:	Clearly	Designate	Your	Evaluation	Sets	to	Climb	vs
Regression	SetsThe bene�it of clearly designating evaluation sets to climb vs regressionlies in the clarity it brings, because purpose determines usage.



Especially the sets designated as regression sets now can follow asimple strategy of how to be used as part of a large evaluation suite:threshold-based decision rules.Regression sets only become visible in the decision-making process,if the model’s performance dips below the thresholds that came alongwith the sets. For example,Safety thresholds: Minimum scores on truthfulness and safetybenchmarks.Core capability thresholds: Required performance on benchmarksaligned with primary use cases, especially those already achieved inprevious versions of the model.Robustness requirements: Acceptable performance across diverseevaluation conditions.This approach ensures models meet baseline requirements across allimportant dimensions rather than trading off one capability foranother.
Strategy	2:	Decompose	Composite	Scores	to	Ensure	Fair	BaseliningRather than comparing overall benchmark scores and getting an overalldisagreement, decompose the benchmarks into sub-categories and onlycompare results within the same sub-categories. A model might excel atMMLU’s STEM subjects but underperform on humanities, revealingmore nuanced capabilities than the overall score suggests.The results of the decomposing studies can lead to conductingtargeted follow-up evaluations. Design custom evaluations thatspeci�ically probe the areas where benchmarks disagree.
Strategy	3:	Design	Ensemble	MetricsUse aggregated metrics across multiple benchmarks to simplifydecision-making. The most common approach is via weighted averageof various benchmarks. Researchers often start with a simple averagemean and then make adjustments using feedback gained in ensemblemetrics usage. Other ways to aggregate benchmarks include harmonicmean, which emphasizes minimum performance, as well as analysis to



identify models that are non-dominated across multiple objectives tohelp assign weights.
3.1.6.5	 ConclusionEvaluating large language models through multiple evaluation sets isnot merely a best practice; it is a necessity for understanding the multi-faceted nature of model capabilities. This chapter has explored howdifferent evaluation paradigms complement each other, how todiagnose and interpret divergent results, and how to make informeddecisions when evaluations con�lict.As LLMs continue to evolve in capability and are deployed inincreasingly diverse applications, the sophistication of our evaluationmethodologies must keep pace. Multi-evaluation frameworks providethe comprehensive perspective necessary to understand these complexsystems and deploy them responsibly and effectively.
3.2	 Templates:	 Requirements	 for	 Designing
Effective	 Evaluations
3.2.1	 Introduction:	 The	 Core	 Challenge	 of	 Traditional
Evaluation	 TechniquesIn the world of LLMs being apprised across multiple industries anddomains, including creative work, education, coding, and otherspecialized professional work, the classical way of doing evaluationsoften stops at a simple (and quite frequently binary) score or a vaguestatement of preference. Such feedback provided in the form of averdict gives a summary judgment and has its merits, as we will showlater in the chapter, but it completely fails one of the core purposes ofassessment: to facilitate growth. Enabling a shift away from subjective,non-diagnostic critiques toward actionable, relevant, reliable, andsensitive feedback is paramount for successful applications as a betterassessment provides a concrete roadmap, a diagnosis that outlines thesteps needed to bridge the gap between where the work is and where itneeds to be. We will be arguing that by embedding this kind of speci�ic,



forward-looking guidance evaluation truly becomes a powerful enginefor improvement.
3.2.2	 The	 Failure	 of	 Traditional	 MetricsThe problem starts with outdated tools. When Large Language Models�irst emerged, they were primarily seen as text generators (e.g., auto-completion was the most common application of language models), andresearchers naturally leaned on established, text-based metrics. For along time, researchers relied on simple, automated metrics like BLEU(Papineni et al. 2002) and ROUGE (Lin 2004) to check text quality.These metrics basically just count word overlap and check how manywords match between the model’s output and a “perfect” referenceanswer. This approach was �ine for simpler tasks, but it’s totallyinadequate for today’s sophisticated models. Think about it: if an LLMis asked to generate an original poem or draft a complex legal brief,those word-counting metrics fail completely because they can’t capturethe deep semantic meaning or factual correctness (Fig. 3.3).



Fig.	3.3 The semantic gap in traditional metricsFurthermore, LLMs don’t just generate text anymore: they areincreasingly multimodal, creating everything from images and code toaudio, so text-based metrics completely miss the mark. Using a text-overlap score to judge a Python script or a medical image is afundamental mismatch of tool to task. The disconnect is clear when welook at speci�ic outputs: traditional scores cannot hear the “robotic”distortion in a synthesized audio clip or see the “hallucinated” extra�inger in an AI-generated photo. Because these metrics lack any conceptof visual or auditory �idelity, they remain blind to the errors that mattermost to a human user. Attempting to measure the quality of a videowith a text-based ruler is a category error; the units of measurementsimply do not translate to the multi-domain outputs we now expectfrom advanced AI (Fig. 3.4).

Fig.	3.4 The dimensional metric mismatchOne can argue that different modality can use different metrics andindeed literature references metrics speci�ic to image generation andeven some multi-modality quality metrics, such as the LearnedPerceptual Image Patch Similarity (LPIPS) or Multi-scale StructuralSimilarity Index Measure (SSIM) metrics (HEIM Benchmark 2023).These metrics are quite speci�ic and most likely not known forprofessionals outside of a speci�ic area of development. Thus all thesemetrics are far too narrow and don’t capture complexity and depth forthe open-ended, multi-domain outputs we now expect from advanced



AI. Additional complexity is coming from the conversational and thusmulti-turn nature of LLMs: as content of the conversation gets longerand more complex, so does complexity of evaluations. Taking all theseconsiderations into account it becomes evident that metrics likeBLEU/ROUGE are entirely useless, especially when evaluating thevisual quality of an image or a video.Even as we move past these crude techniques and utilize better,domain-speci�ic measures, we encounter a second, equally criticalfailure point: preference for a single score that encompasses the overallresult. This is a very natural tendency and preference that is true notonly for the �ields of LLMs but almost in any area of knowledge wheredecisions must be made and communicated. Think of analogy withEconomics: we know that no country’s economy can be distilled to theGDP value, but still this is one of the most common metrics that is beingused to rank countries’ economies. The same is true for the evaluationof LLMs: the tendency to reduce a response’s quality to a single rating isexpected and inevitable; still, it leads to the loss of critical information.However, the desire for a “one metric to rule them all” is notinherently �lawed; it is warranted for different business purposes. If theobjective is to make a �inal, binary decision, such as whether a model issafe enough to deploy, suitable to replace a previous version, or readyto launch in a production system, an ultimate verdict is required. This�inal verdict takes all the diagnostic signals and maps them into asimple, actionable decision point. The single-dimensional scoreprovides the necessary con�idence and clarity for high-stakes decisions,enabling teams to determine model readiness and alignment withspeci�ied requirements. Therefore, while a single verdict serves itspurpose for deployment and product management teams, its simplicitymeans it provides negligible utility to the engineering teams focused oncontinuous model improvement.
3.2.3	 The	 Goal	 of	 Comparison:	 LM	 ArenasAs we have discussed, diagnostic feedback is paramount for engineers,but another critical objective that frequently drives evaluation is



comparison. This objective involves purely comparing two or moremodels against each other, essentially determining which one isgenerally perceived as “better.” This comparative goal is the entire basisof the LMSYS ChatBot Arena (n.d.) (https:// lmarena. ai/ ), one of themost visible and in�luential competitive evaluation platforms foradvanced LLMs. This approach is also called side-by-side	or	pairwisescore, as we compare one side vs. the other, while the other approachdiscussed before is called a single-sided	or	pointwise metric. These aredeeply discussed in Sect. 3.1.3.2.LMSYS was launched in 2023 by students and faculty from UCBerkeley, in collaboration with other institutions. The organizationstarted as a multi-university research effort and was formallyestablished as a non-pro�it corporation in September 2024. The goal ofthis project was to provide an open platform to address thefundamental dif�iculty of assessing LLM quality using traditional, staticbenchmarks. The platform uses a crowd-sourced methodology tocapture real-world human preferences via anonymous, randomizedhead-to-head battles. Anyone can join the evaluation efforts and weencourage readers to contribute to the project and to experience theLM arena for themselves (Fig. 3.5).

Fig.	3.5 Screenshot from LMSYS LM arena for the prompt: “generate an photo of a cat”

https://lmarena.ai/


LMSYS LM arena directly measures how well models align withdiverse user intent “in the wild,” an aspect that standardized tests oftenmiss. Due to its unique value, openness, and scale, amassing hundredsof thousands of user votes and generating massive public datasets ofreal conversations (like LMSYS-Chat-1M), the Arena quickly becameone of the most referenced LLM leaderboards globally. Its continuoustracking in�luences both commercial and open-source LLMdevelopment, providing a critical, up-to-date external validation ofmodel capabilities and showcasing the narrowing performance gapbetween proprietary and open models (Fig. 3.6).

Fig.	3.6 Screenshot from LMSYS LM arena (https:// lmarena. ai/ leaderboard) as of Dec 1, 2026The Arena’s primary output is its quantitative leaderboard,originally calculated using the Elo rating system (Elo 1978), amethodology borrowed directly from competitive games like chess. Inthis system, the Elo score quanti�ies the relative skill level of eachmodel by tracking win/loss results against the expected outcome basedon current rankings. The rating update for a model (A) after a battle isdetermined by the formula:

https://lmarena.ai/leaderboard
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Fig.	3.7 Screenshot from GameArena (https:// www. kaggle. com/ game-arena) as of Feb 24, 2026By the nature of the game’s environment GameArena is focusedprimarily on models’ ability to solve problems that require complexreasoning. One bene�it of such an approach to evaluation is in resilienceto saturation as the complexity of games scales as models becomestronger.In the Arena, models compete anonymously in randomized, head-to-head battles. The Arena’s all-vs-all tournament structure neatlysolves the typical problem of �inding a perfect baseline model forcomparison. However, outside of such competitive arenas, especiallywhen a company is conducting A/B testing or internal modeldevelopment, selecting the right baseline is a major technical challengethat requires a careful, strategic approach. Developers mustthoughtfully decide which established model their new candidateshould be compared against to ensure the resulting data is meaningfulfor product improvement. While highly ef�icient for determining aperceived leaderboard rank, this comparative method is fundamentallyholistic and preference-based, reinforcing the challenge of obtainingdiagnostic feedback on why one model was preferred over the other.While being highly in�luential and respected in the LLM developerscommunity, the LMSYS arena suffers from limitations, which are notlimited to the lack of diagnostic feedback but also include potentialbiases from LMSYS users’ prompts and preferences not necessarilyrepresentative of “real” users. Thus, over-indexing on LMSYS results
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might skew evaluations toward a quite narrow group of power-usersand their speci�ic needs and preferences.
3.2.4	 The	 Goal	 of	 Diagnostic:	 The	 Template	 SolutionThe ultimate trade-off of comparative systems like the ChatBot Arena isclear: while they establish a consensus rank of “perceived quality,” theydo not help in understanding why a model failed or succeeded, thusfailing the engineer’s core need for diagnostics. To achieve the requiredlevel of detail, to move from a simple preference to an actionablediagnosis, we must return to a well-established principle: breakingdown subjective complexity into objective, measurable components.This concept forms the basis of the evaluation template or rubric, thesystematic, structured approach that allows us to capture the crucialnuance lost in single-score assessments.The challenge of evaluating complex outputs is not new asresearchers have long understood that to measure somethingsubjective or complex accurately, you must break it down into objective,measurable components (Welty et al. 2019). This structured approachhas roots in �ields like education and human-computer interaction,where researchers developed scoring tools to evaluate everything fromstudent essays to text, images, and videos. The key technique here iscalled deconstruction: converting a broad, holistic concept (like“Coherence”) into clear, individual conceptual components (Jescovitchet al. 2019).However, deconstruction is extremely challenging to do well. Itrequires the precise, careful de�inition of all characteristics of interest,especially for complex or “fuzzy” concepts where meaning is dif�icult topin down (for instance, de�ining all necessary and suf�icient conditionsfor a text to be classi�ied as “spam”). Failure to precisely de�ine thesetraits can lead to �laws where critical information is missed (constructunderrepresentation) or where the de�initions are ambiguous (taintedconstructs), undermining the entire measurement goal. Theseindividual characteristics are often designed to be independent (ororthogonal) of one another. For instance, if you are measuring



“helpfulness,” you might decompose it into “completeness” and“conciseness.” Both are desirable, but if your template omits one, say, itonly measures completeness, the model being optimized will learn toprioritize coverage at the expense of brevity, leading to undesirableverbosity, or vice-versa (Tam et al. 2024).For human raters to be consistent, the template acts as a structuredchecklist. For example, when evaluating for “Accuracy,” the templatemust clearly de�ine what each score means (e.g., 1 being inaccurate, 5being accurate) and ensure that all human evaluators are aligned onthese de�initions. By enforcing clarity and speci�ic steps, templatesmaintain the integrity and reliability of the evaluation (Paritosh 2012).However, the most effective templates often employ a dual scoringmechanism, combining both the detailed analytic components and a�inal holistic, single-metric score. The bene�it of this blending is a built-in calibration mechanism: the individual checklist questions force therater to objectively analyze speci�ic traits �irst. Then, when asked for theoverall holistic score, the rater’s �inal judgment is effectively groundedin and aligned with the individual component scores, therebyproducing a result that honors the holistic intent while maximizing thebene�its of the analytic breakdown (Kaldaras et al. 2022). Thisapproach ensures the �inal score remains true to the overall purpose ofthe evaluation while leveraging the detailed diagnostics. Studies haveeven shown that scores derived from combining analytic rubriccategories can very closely agree with scores assigned using a holisticrubric.Imagine you want to evaluate the quality of audio output of an AI-powered virtual assistant. To build a powerful rating template, youwould need to deconstruct “audio quality” into a list of atomic,objective, and comprehensive characteristics. Such list can look likethis:clarity and �idelity of the soundnaturalness and realism of the soundpresence of background noise



To ensure the template captures not only objective soundscharacteristics but also subjective ones, we recommend adding an“Overall Quality Verdict” question as well.Such templates (see Fig. 3.8) can be a great and intuitive startingpoint of template design.

Fig.	3.8 Illustrative example of a template for Audio Output Quality evaluation: dual scoringmechanism with rubrics evaluations and an overall scoreIt is quite common for template design to undergo several iterationsto achieve the goal of deconstruction completeness. We recommend thefollowing process of template improvement:1. Start with the initial version (version 1.0) of the template.  2. Collect a small sample of ratings using this template using ratersthat are expected to perform evaluations once template is �inalized.  3. Manually label the same sample using expert raters, whose overallverdict you trust more. In addition to verdicts, ask these “trusted”raters to add comments to justify their verdict.  



4. Compare labels collected using “trusted” raters with labels comingfrom “regular” raters.(a) If “trusted” raters agree with “regular” raters, your template isready to be used.  (b) If there are misalignments in overall verdicts, study carefullydisagreements in verdicts together with justi�ications fromtrusted raters. In this justi�ications, you would likely �indinsights that would point to the weakness of the templaterubrics. Once these weaknesses are addressed a new versionof template (version 1.1) will be ready to be tested using asimilar approach.

 
 

It is critically important to design evaluation templates very carefullyand thoughtfully, as gaps in templates will back�ire in the form ofunreliable metrics and possibly wrong deployment and modelingdecisions down the line. For example, if an evaluation template does notcover all aspects of quality, the LLM will inevitably learn to prioritizeone capability at the expense of others, leading to a biased orincomplete system.A robust evaluation must cover functional performance (likeaccuracy) as well as alignment with ethical performance. It is notunusual that these dimensions come with trade-offs, and by simplyincreasing performance across one dimension, we can inadvertentlyhurt another one. But performance across all the dimensions needs tobe controlled in a balanced way.Let’s use an example of a Q&A system designed in a way that it isrefusing to give any de�initive answers and suggests using othersources instead. Such a system is very unlikely to make any inaccuratestatements, so its factuality score will be stellar. Unless responses’



usefulness is measured alongside factuality, such a system can bedeemed the most accurate, while being completely useless.In 2024, a parody chatbot https:// www. goody2. ai was launched.This chatbot is “… so safe, it won’t answer anything that could possiblybe construed as controversial or problematic.” The completeuselessness of this chatbot illustrates the need for balancedperformance across both safety and helpfulness and raises an ethicalquestion of how and who can determine this right balance (Fig. 3.9).

Fig.	3.9 Screenshot from Goody-2 model: an illustrative example of perfectly correct, butcompletely useless model responseGoing back to more practical application, the solution is to explicitlydecompose the �inal score into orthogonal, or separate, characteristics.By clearly separating these traits, the template makes performancetrade-offs visible. For instance, a generalized model might prioritizeHelpfulness (providing comprehensive coverage) while a specializedmodel might prioritize Reliability (ensuring factual accuracy andsafety). This level of detail gives engineers explicit direction; if themodel needs higher factual density, they know exactly what to tune.While this section initially focuses on creating rubrics for humanraters, it is crucial to recognize that the rise of LLM-as-a-Judge systems(sometimes also called autoraters as opposed to human raters)fundamentally changes the optimal design of the template. Theassumption that instructions optimized for human clarity andcomprehension are equally effective for an LLM is frequently incorrect.

https://www.goody2.ai/


Research demonstrates a “notable alignment gap” where LLMs, whengiven vague, human-centric rubrics, may take computational“shortcuts,” bypassing the complex logical steps a human rater isexpected to follow (Wu et al. 2025). Therefore, the template musttransform from a simple instruction set into a specialized promptengineering challenge, requiring speci�ic linguistic properties toenforce the desired evaluation behavior. We will delve into the speci�ictemplate requirements and techniques for LLM-as-a-Judge in detail inSect. 3.2.4.
3.2.5	 Enhancing	 Comparative	 Evaluations	 for	 DiagnosticSo far in this chapter we have been contrasting composite multi-dimensional evaluations against single-score evaluations and we havediscussed LMSYS ChatBot Arena to be examples of single-scoreevaluations. Another important way to classify evaluations is by twoother common types: single-sided (pointwise) and side-by-side(pairwise or comparative).Side-by-side is a very popular approach that asks raters to comparetwo responses to the same prompt and simply choose which one isbetter. This method is widely used, notably in LMSYS ChatBot Arenawhich we have discussed above. As we’ve underscored, the mainlimitation of side-by-side comparison is exactly what the userhighlighted: it tells you which model won, but it does not tell you why.To bridge the diagnostic gap, templates must evolve into a hybridformat. This means raters are not just asked for a preference (A or B),but are also required to provide analytical scores or feature tags thatidentify the speci�ic criteria (like Coherence or Safety) that drove theirpreference. This structure converts a simple subjective choice into avaluable, quanti�ied engineering data point making comparativetemplates suitable for model improvements.The diagnostic gap is not the only issue with side-by-sideevaluations; they also introduce the bias of comparison. Themethodological shift from asking for an absolute score (single-sided/pointwise) to asking for a relative preference (side-by-



side/pairwise) fundamentally changes the evaluation outcome,introducing speci�ic biases (Yu 2025). Psychometric research has longidenti�ied the Contrast Effect, where a rating is unconsciously skewedby comparing it to the performance of a simultaneously or previouslyobserved output (Feldman et al. 2012). Critically, the use of relativeevaluation, or comparison, yields fundamentally different results thanabsolute scoring: preferences recorded in pairwise settings can �lipdramatically compared to the scores assigned when responses areevaluated individually. This divergence is rooted in the fact that relativeevaluations are psychologically known to be more diagnostic of subtle,implicit biases (such as social stereotypes) than absolute evaluations,which may appear unbiased on the surface. Therefore, while useful forestablishing a relative rank, the side-by-side method provides adifferent, and often more fragile, measure of quality than single-sidedscoring (Fig. 3.10).



Fig.	3.10 Illustrative example of a preference bias coming from a side-by-side templateFortunately, the negative effects of this comparative bias are notinsurmountable. Several methodological strategies can be employed toreduce the Contrast Effect and stabilize evaluation. The most commonmitigation involves the use of anchoring, where raters are providedwith clear, pre-scored examples of both high-quality and low-qualityresponses before beginning the task (Feldman et al. 2012). Theseanchors help establish an absolute internal standard, making the raterless reliant on the immediate, side-by-side comparison for judgment.Furthermore, combining methodologies, often called mixed evaluation,is highly effective. This involves using absolute (single-sided)evaluation for detailed diagnostic feedback and quality control, whileonly employing relative (pairwise) comparison for generating the �inalleaderboard or deployment decisions. For example, a scenario in whichhuman raters are being extensively trained using a speci�ic single-sidedquality template with multiple rounds of feedback, examples, andquestions answered. Such training leads to increased �idelity of humanratings which can be later used for �inal decision-making whilechoosing the best performing model for deployment via side-by-sideevaluations of multiple model candidates. We will discuss raterstraining and reliability in more detail in Sect. 3.4.
3.2.6	 Template	 Design	 for	 LLM-as-a-JudgeThe central assumption that instructions optimal for human evaluationare automatically optimal for LLM judges should not be taken lightlyand needs to be scrutinized for every speci�ic case, as more and moreliterature is proving it to be generally false (Ramnath et al. 2025). Thereis a notable alignment gap between how humans grade and how LLMsinterpret the same rubric.While a human rater can rely on context and implicit instructions,an LLM Judge requires a highly structured prompt to ensure quality.Researchers have found that if LLMs are given vague or overly holisticrubrics designed for human comprehension, they often take



computational “shortcuts,” bypassing the deeper, structured logicalreasoning expected in human grading (Wu et al. 2025).This misalignment has launched an entire body of researchdedicated to prompt engineering for evaluation. This work focuses on�inding instructions that maximize the LLM Judge’s performance,sometimes prioritizing speci�ic linguistic properties (like structuredoutput formats or speci�ic command phrases) that have the desiredeffect on the model’s internal reasoning, even if the instructions mightseem overly formal or non-comprehensive to a human (Li and Dong2024). Techniques like Chain-of-Thought (CoT) (Wei et al., 2023)prompting, few-shot examples, and strict output con�inement arespecialized linguistic tools used to force the LLM Judge to follow therequired evaluation logic.Imagine an illustrative example of evaluating for “Coherence”incorporating CoT into LLM Judge. Whereas a standard humantemplate might ask for an overall verdict of “coherency” score, a CoT-enabled LLM-Judge template would �irst require the model to:1. Identify the main claim or topic of the response  2. Verify if each subsequent sentence provides relevant supportingevidence  3. Check for logical transitions (e.g., “however,” “consequently”)  The model’s actual evaluation output would then look like this:“The response begins with a clear statement on the topic. Sentence 2provides a supporting example. Sentence 3 uses a connector“furthermore” to add detail. No statements that are not logicallylinked.”This process forces transparency, ensuring the LLM Judge adheres tothe prede�ined logical grading criteria. In some sense, template designwith CoT has a lot of resemblance with the “deconstruction” method wediscussed in Sect. 3.2.3, as both improve objectivity of the score by



providing structure and criteria for grading. Same as for“deconstruction,” CoT-templates quality is entirely dependent on thedesign of the structured template itself (Fig. 3.11).

Fig.	3.11 Chain-of-thought prompting enables large language models to tackle complexarithmetic, commonsense, and symbolic reasoning tasks
3.2.7	 ConclusionIn this chapter, we have discussed how single-scalar scores are notadequate for the needs of modern AI models and more nuanced andcomplex measurement frameworks are needed. Moreover, differentevaluation goals warrant different templates and metrics:



Arenas with side-by-side comparisons together with Elo scores arepowerful for model ranking and comparison goals.Meticulously engineered “deconstruction” templates (for Humanraters) or Chain-of-Though instructions (for LLM judges) arerequired for the actionable evaluations with diagnostic goal.By aligning our templates with speci�ic business objectives, whether a�inal deployment “verdict” or a deep diagnostic drill-down, we move AIdevelopment from guesswork toward a scienti�ic, repeatable lifecycle ofanalysis, measurement, and targeted improvement.
3.3	 Metrics:	 A	 Statistical	 Framework
3.3.1	 Introduction:	 How	 Templates	 Are	 Inseparable	 from
MetricsThe evaluation framework, or template, and the evaluation metric areinextricably linked, representing two sides of the inferential coin. Thetemplate, as we saw in the previous chapter, establishes the scope,relevance, and criteria (the estimand), while the metric provides thespeci�ic, quanti�iable tool (the estimator) necessary for measurementand decision-making. This relationship means that even after atemplate is �inalized, signi�icant intellectual effort is required to designand implement metrics that capture the required nuances (Guo et al.2023).If we go back to the illustrative template for Audio Output Qualityevaluation (see Sect. 3.2.3), a number of different metrics can beconstructed using this template. Examples include (but not limited to):“Noise	Adjusted	Quality”: “Clarity & Fidelity” + “Naturalness &Realism” − “Background Noise”
“Noise	Adjusted	Overall	Verdict”: “Overall Verdict” − “BackgroundNoise”
“Hybrid	of	Overall	Verdict	and	Noise	Adjusted	Overall	Verdict”: Anaverage of “Overall Verdict” and “Clarity & Fidelity” + “Naturalness &Realism” − “Background Noise”



All three proposed options have their metric and each one can bepreferred over the other two depending on the need. At the same time,metrics that assess relevancy or correctness of Audio Output cannot beproduced using this template because no signals relevant to thesecharacteristics are being collected. Thus, the template de�ines the basisand scope for measurements that can be performed using it, andmetrics can only be as precise and speci�ic as the template allows (Fig.3.12).

Fig.	3.12 Illustrative example of a template for Audio Output Quality evaluationMetric design is in many ways a derivative from template design,and the necessary qualities vary signi�icantly depending on the LLM’sapplication (e.g., translation, summarization, coding, reasoning). Thevalidity of the framework inherently limits the utility of the metric (Liuet al. 2024). If the evaluation benchmark (the template) is poorlydesigned, for example, by con�lating unrelated qualities, such astreating abstract cognitive problem-solving ability as equivalent toethical or value-aligned behavior, then the overall evaluation lacksconceptual meaning (Miller 2025). In this scenario, a highly precise oref�icient metric provides a statistically rigorous answer to a misleadingquestion.



3.3.2	 Examples	 of	 Metric	 De�initions	 from	 Widely	 Used
BenchmarksTo ground the statistical discussion, it is helpful to examine how leadingbenchmarks de�ine their speci�ic metrics. These de�initions transformabstract goals like “helpfulness” or “safety” into concrete, measurableclassi�ications. Below we give examples of some of the most commonlyused metrics that are available for practitioners.
3.3.2.1	 Factuality:	The	FACTs	v2	(Grounding)	CategorizationGoogle DeepMind’s FACTs v2 benchmark provides a granular de�initionof factuality as grounding. Rather than a simple binary score, itclassi�ies the relationship between an LLM’s output and its referencematerial into �ive categories:Category A (Subset): The output is a subset of the reference and isfully consistent with it (e.g., less information but all true).Category B (Superset): The output is a superset of the reference andadds accurate information while maintaining consistency.Category C (Identical): The output contains the same details as thereference, potentially with different wording.Category D (Disagreement): The output and reference disagree on afact. This is the primary failure mode for the metric.Category E (Neutral Difference): The output and reference differ inphrasing or minor detail that does not materially affect truthfulness.By default, categories A, B, C, and E are considered “passing,” while D isa failure. This categorization allows engineers to diagnose whether amodel is under-informative (Category A) or over-informative (CategoryB) while maintaining accuracy.
3.3.2.2	 Safety:	Panel	of	Metrics	in	HELMSafety evaluation summarized in HELM (Kaiyom et al. 2024) focuses onmultiple vectors of risks and the ethical and social dimensions of modelbehavior:



Bias Benchmark for QA (Parrish et al. 2022): To evaluate risks ofsocial discrimination.SimpleSafetyTest (Vidgen et al. 2024): LM evaluated harmfulnessscore on requests deemed to be obviously or universally harmful.HarmBench (Mazeika et al. 2024): LM evaluated harmfulness scoreto measure the ef�icacy of jailbreaking techniques.XSTest (Röttger et al. 2024): LM evaluated helpfulness/harmfulnessscore to evaluate edge cases and strict refusals.AnthropicRedTeam: LM evaluated harmfulness score to evaluateelicitation of harmful model behavior by human and model-assistedred teaming.
3.3.2.3	 Quality	and	Helpfulness:	MT-Bench	and	AlpacaEvalWhen measuring conversational quality, the metrics shift towardhuman-centric alignment:MT-Bench Score (Zheng et al. 2023a): Evaluates multi-turninteractions on a 1-to-10 scale. A separate, highly capable LLM acts asthe judge, scoring the model based on its ability to maintain context,provide logical reasoning, and adapt to follow-up questions.AlpacaEval Win Rate (Dubois et al. 2024): This is a single-turn metricmeasuring helpfulness. It calculates the win rate of a model against astandard baseline (e.g., GPT-4 Turbo). If the LLM judge prefers thecandidate model’s response over the baseline more than 50% of thetime, the model is considered superior in helpfulness.
3.3.3	 Metrics	 as	 Statistical	 EstimatorsEvaluation metrics must be understood as statistical estimators. Theyare rules applied to sample data (the evaluation set) to estimate anunknown population parameter (the model’s true capability, orestimand). Adopting this statistical perspective is essential forestablishing scienti�ic rigor in LLM evaluation.The evaluation set of questions is conceptually a random sampledrawn from a hypothetical, in�inite, unseen super-population of allpossible questions (Miller 2024). The observed score (s) is therefore



only a point estimate (ˆ{μ}) of the model’s true, unobserved capability(μ) across the entire population of tasks it is designed to perform. Thereliability of the metric is de�ined by how well this estimate performs,quanti�ied by its statistical properties.
3.3.4	 Desirable	 Statistical	 Properties	 of	 LLM	 MetricsEstimation theory provides criteria to compare different rules(estimators) for the same quantity, ensuring that the chosen metric isthe most reliable tool for the given circumstances. Among the mostwidely cited and desirable characteristics de�ining the quality of anLLM metric are the following statistical properties:1.
Unbiasedness: An estimator is de�ined as unbiased if its expectedvalue is equal to the true value of the parameter being estimated.Conceptually, this means the metric is designed to “hit the bullseye”on average: it does not systematically overestimate orunderestimate the model’s true underlying capability (μ or the
estimand). Unbiased metrics are necessary to prevent systemicerrors that could distort conclusions, such as when automatedmetrics might unfairly penalize useful outputs simply because theydeviate from a rigid set of reference answers. This is generally adesired property, but in some cases if there is no clear way how toconstruct an unbiased metric an intentional choice of an over or anunder-estimator can be made. For example, when assessing forsafety it might be acceptable to use an over-estimator, but not anunder-estimator.

 

2. Consistency: Consistency ensures that as the sample size (N, thenumber of evaluation items) increases, the estimator converges inprobability to the true population parameter. For evaluation,consistency is crucial because it acts as a guarantee: if you assessyour model on a large enough set of questions (a larger sample),the resulting score becomes an ever more faithful and accurateestimate of the model’s true ability in the real world. A consistentmetric guarantees that adding more data improves accuracy,making it vital for large-scale benchmarks and leaderboards

 



making it vital for large scale benchmarks and leaderboards.3.
Ef�iciency: Ef�iciency refers to the variance of the estimator, or howspread out its possible results are. Among all possible unbiasedestimators, the ef�icient estimator is the one that achieves thesmallest possible variance, a theoretical limit known as the Cramér-Rao Lower Bound (CRLB). Ef�iciency directly translates toprecision. Imagine �iring at a target: an ef�icient metric ensures theshots (the score estimates) cluster tightly together, even if theaverage isn’t perfectly centered. This precision is tied directly to thewidth of the resulting con�idence interval (CI): highly ef�icientmetrics yield the narrowest possible CIs. Since the width of the CIdetermines the conclusive strength of any comparison madebetween models, maximizing ef�iciency is paramount forstatistically defensible conclusions and reducing the costassociated with needing massive sample sizes for high precision.

 

Since achieving perfect unbiasedness and maximum ef�iciency is often atheoretical ideal, practitioners should approach metric selection withpractical rigor. Evaluations are ultimate enablers of decision-makingand problems diagnostic, thus metrics, above all, must be Actionableand Sensitive. In particular, practitioners might intentionally choose anover-estimator for a metric (e.g., for Safety) even if it sacri�ices strictunbiasedness. The rationale for such choice lies in the imbalance of theimportance of precision and recall: the cost of a False Negative (amissed safety issue) is far greater than the cost of a False Positive (anunnecessary model refusal). The key strategy involves two steps:simplicity and validation.1. Simplicity: More intuitively understandable and simple metrics arein many cases the ones with most desired statistical properties. Anaverage value under certain, not very restrictive conditions is themost powerful statistical metric one can use.
 

2. Validation: Do not rely solely on new or custom metrics withoutrigorous testing. Prefer metrics that have been extensively analyzedin academic literature and demonstrated to perform well  



in academic literature and demonstrated to perform well,particularly in domains related to your speci�ic LLM task. Thesemetrics have undergone testing to con�irm properties likeconsistency and stability.
3.3.5	 Quantifying	 UncertaintyA crucial element of rigorous evaluation is the move from relying solelyon point estimates to quantifying the uncertainty surrounding thoseestimates through con�idence intervals (CIs).Reporting only a point estimate (ˆ{μ}), such as a model’s averageaccuracy, is insuf�icient for scienti�ic decision-making, as it perpetuatesthe �lawed “highest number is best” mentality common in industryleaderboards.For example, when comparing Factuality of two different modelsusing metrics like “Accuracy rate” one can make a wrong decision bypreferring a model with marginally higher “Accuracy rate,” but nottaking into account that model responses are non-deterministic in theirnature, which means that if models are scraped and evaluated again.It’s highly likely that different values of “Inaccuracy rate” will beobserved even for the exact same query set and the exact same models.For example,
Evaluation: Model A’s measured “Inaccuracy rate” is 3.0% and ModelB’s “Inaccuracy rate” is 3.8%.
Repeated	Evaluation: Model A’s measured “Inaccuracy rate” is 3.5%and Model B’s “Inaccuracy rate” is 2%.Thus, it’s possible that the model that was “winning” in one of theexperiments, will no longer be in another, and if we make a decisionbased on a single data point, we can end up with launching asigni�icantly less accurate model.A con�idence interval provides a range of plausible values for thetrue underlying parameter (μ), allowing researchers to quantify theprecision of their �indings and rigorously test hypotheses.



The Con�idence Intervals are indispensable for model comparison.Metrics are ultimately used to determine if one model is “better” thananother. This argument cannot be statistically supported withoutconstructing the con�idence interval around the difference between thetwo models. If the CI for the difference includes zero, the observedperformance difference is considered statistically indistinguishablefrom noise. The width of this interval directly quanti�ies the precision ofthe estimate, de�ining the strength and conclusiveness of the argumentfor model superiority (Figs. 3.13 and 3.14).

Fig.	3.13 Illustrative example Inaccuracy rate of two models



Fig.	3.14 Illustrative example of two models with overlapping con�idence intervals around pointestimates for quality
3.3.6	 Constructing	 Con�idence	 Intervals:	 Methods	 and
LimitationsThe construction of a con�idence interval depends on statisticalassumptions regarding the underlying data distribution (Table 3.1).
Table	3.1 Methods and limitations for con�idence intervals construction
Method Description When/how	 to

use	 it

Parametric
Methods	 and
the	 Central
Limit	 Theorem
(CLT)

Parametric methods rely on assumptions, most commonlyleveraging the Central Limit Theorem (CLT) to constructintervals. The CLT states that if the sample size (N) issuf�iciently large, the sampling distribution of the samplemean will be approximately normal, provided the data areIndependent and Identically Distributed (IID)
Works best forlarge datasets(starting withfew hundreddatapoints)Works best forhomogeneousdatasets



Method Description When/how	 to
use	 it

Non-parametric
Methods
(Bootstrapping)

Bootstrapping is a robust, non-parametric alternative thatavoids rigid distributional assumptions by repeatedlyresampling the original evaluation set with replacement toempirically construct the sampling distribution of theestimator
Preferable if notenoughevidence toapplyassumptions ofCentral LimitTheoremCan becomputationallyexpensive

Robust
Alternatives	 for
Discrete
Metrics

Since many fundamental LLM performance metrics (e.g.,exact match, accuracy) are binary, they follow a Bernoullidistribution. For these proportions, the CLT-based Waldinterval is known to be erratic. Two robust methods offersuperior performance in small-sample LLM evaluation:•  The Wilson Score Interval (Frequentist): This intervalis highly recommended for binomial proportions. It isknown to demonstrate favorable coverage and lengthproperties, making it generally preferred over theinaccurate CLT-based methods•  Bayesian Beta-Bernoulli Credible Intervals (Bayesian):Bayesian approaches, utilizing a conjugate prior like theBeta distribution, also yield valid and well-calibratedintervals, performing strongly in comparison to frequentistCIs in small N settings

For small-sampleevaluationswith binomialproportions

3.3.7	 Enhancing	 Reliability:	 Replication	 and	 Statistical
VerdictsOnce an appropriate metric and uncertainty quanti�ication method areselected, attention must turn to maximizing measurement reliabilitythrough experimental design, particularly through replication andadvanced statistical synthesis. Both replication and synthesis haveimplications for point estimation as well as con�idence intervalestimation.
3.3.8	 Optimal	 Number	 of	 ReplicationsThe need for repetitions extends beyond simply mitigating thestochasticity of the model’s output. Even when evaluating a single, �ixed



LLM response, the template interpretations, especially those involvingconcepts like Helpfulness, Quality, or Factual Accuracy frequentlycontain an intrinsic subjective component. To reduce reliance on thesubjectivity of a single rater (whether human or LLM-as-a-Judge),replications of ratings are frequently used: the exact same LLM outputis evaluated more than once. This practice should be explicitlydistinguished from the replication of LLM responses, where the modelis prompted multiple times to generate varied outputs for the samequestion. While response replication serves the goal of measuring andmitigating the instability of outputs due to stochastic decoding, ratingreplication is focused on reducing the inherent noise and varianceintroduced by the measurement process and the rater’s subjectiveinterpretation.Research has established that single-run leaderboards are highlyfragile: one study found that 83% of evaluation slices showed at leastone pairwise rank inversion when compared against a more stable,aggregated result (Gonzalez et al. 2025). This instability implies thatconclusions drawn from a single stochastic run are unreliable, makingreplication a necessary structural component of reliable benchmarking.The primary practical bene�it gained from replication is not adrastic narrowing of con�idence intervals as it is often modest (e.g.,~5% standard error shrinkage from one run to three runs) (Gonzalezet al. 2025), but a massive improvement in rank stability (LitvinoffJustus et al. 2024).For practitioners, the cost aware guidance recommends treatingevaluation as a controlled experiment, reporting uncertainty, andemploying at least two repetitions under stochastic decoding as a cost-effective default to improve robustness and stability (Gonzalez et al.2025).
3.3.9	 Making	 Rigorous	 Comparisons	 and	 Statistical
“Verdicts”When multiple independent raters evaluate the same output, the rawscores must be aggregated to generate a single, de�initive score for that



observation. This aggregation process is crucial for increasingrobustness and leveraging the diverse “perspectives” offered by theseparate agents or raters.Strategies for combining these judgments (often referred to asmulti-agent collaboration strategies) fall into several categories (Li etal. 2025b):Majority Voting: In this method, the �inal verdict or score category fora single response is determined by the preference chosen by thehighest number of raters. Research into multi-agent collaborationsuggests this simple method often demonstrates the most robustperformance when aggregating judgments.Weighted Averaging: This approach assigns different levels ofimportance or expertise to each rater’s score. The scores areaggregated by multiplying each rater’s output by theirpredetermined weight before calculating the �inal mean score.Panel Discussion/Group Discussion: This advanced protocol requiresthe agents or raters to engage in a collaborative dialog, debate, orstructured discussion before submitting their �inal score orpreference. This strategy involves complex coordination protocols(such as chain or tree topologies).Let’s study an example of safety evaluations where for each modelresponse 3 judgments are obtained to increase robustness ofevaluations. In this scenario:Majority Voting will require at least 2 out of 3 judgments to �indresponse unsafe, so that we can rule that response is indeed unsafe.Such an approach decreases risk of false-positives and thus falsealarms.Weighted Averaging will assign each observation a score between 0and 1 and thus it will distinguish cases where no judges foundresponse unsafe from cases where 1 out of 3 judges marked responseas unsafe. This method will produce more nuanced responses andthese responses would be lost using Majority Voting.



Panel Discussion/Group Discussion: Assume an additional step inverdict making where each case is being re-evaluated based on theinitial ratings. All three methods have their merit and can bepreferred depending on the task at hand.Surprisingly, empirical studies (Li et al. 2025b) have shown that paneldiscussion methods can sometimes lead to decreased performancewhen compared to simpler, direct aggregation techniques like majorityvoting.The primary goal of employing these collaboration strategies is toproduce a single, high-quality estimate that leverages the independentjudgments of multiple sources, maximizing the signal-to-noise ratio inthe assessment (Fig. 3.15).



Fig.	3.15 Illustration of different methods of aggregation of multiple judgments
3.3.10	  Conclusion



In this chapter, we have discussed that the metric is fundamentally astatistical estimator (ˆ{μ}) whose function is to quantify the abstractcapability de�ined by the template (the estimand, μ).Achieving reliability hinges on three core statistical commitments:1. Prioritizing Statistical Rigor: Metrics must be engineered forunbiasedness, consistency and high ef�iciency, as these propertiesdirectly translate to precision. This precision determines therequired sample size and ultimately the cost of the evaluation,providing the clearest path to statistically defensible, cost-effectiveconclusions.
 

2. The Con�idence Interval Imperative: Reporting only point estimates({μ}) is scienti�ically inadequate. The construction and presentationof Con�idence Intervals (CIs) are essential for quantifyinguncertainty and establishing whether observed model differencesare statistically signi�icant or merely indistinguishable from noise.
 

3. Replication and Aggregation are helpful: Due to the inherent noisefrom model stochasticity and rater subjectivity, evaluationfrequently gets improved when rely on multiple repetitions ofratings and responses to ensure responses stability (using at least 2runs). Furthermore, when multiple judgments are collected, theseindividual scores must be synthesized using formal aggregationstrategies like majority voting to produce a single, reliable verdictfor each observation, maximizing the robustness of the �inalassessment.

 
By adhering to these statistical principles, evaluation moves beyondanecdotal evidence, providing the necessary precision andconclusiveness required to guide the engineering and deployment oftrustworthy LLM systems.
3.4	 Evaluators:	 Human	 Raters	 vs.	 LLM	 Judges



3.4.1	 IntroductionIn previous chapters, we have discussed the complexity and nuances ofdesigning evaluation Sets, Templates, and Metrics. This chapter delvesinto who or what serves as the “evaluator,” examining the trade-offs andlimitations of human expertise versus the burgeoning “LLM-as-a-Judge”paradigm.Given all this complexity and how custom-made the assessmentcriteria are, the primary choice of raters was initially human expertiseas human judgments are frequently seen as the gold	 standard forsubjective quality assessment. However, manual evaluation isprofoundly limited, characterized by high costs, signi�icant timeconsumption, and restricted scalability. Obtaining high-quality humanratings for millions of generation examples, a common requirement initerative model development, is economically infeasible.This logistical and �inancial bottleneck catalyzed the emergence ofthe LLM-as-a-Judge paradigm, where powerful foundation models areprompted to function as autoraters. This technique provides a scalable,automatic alternative to manual evaluation, relying on the assumptionof a close approximation of human preferences. The transitionrepresents a fundamental shift in evaluation strategy, allowing scalableand relatively inexpensive evaluations, but not removing the necessityfor labels quality control and monitoring.A comprehensive comparison between human expertise and LLMjudges must analyze not only alignment with expected humanpreference, but also alignment with “ground truth,” which may or maynot coincide with typical human preference. This manifests especiallyprofoundly in safety and alignment evaluations, where alignment withLLMs-as-a-Judge and human evaluators can result in promotingcommon biases. Thus, focusing on validating LLM judges by theircorrelation with human preference, essentially treating the LLM as alow-cost, high-throughput proxy is not suf�icient.In addition to this, modern understanding of LLM evaluationrecognizes another conceptual challenge: success of LLM evaluation



hinges on its ability to accurately capture the variance of humanjudgment when such variance is critically needed.Imagine two very distinct tasks: middle-school math and creativewriting. A low variability, highly reliable autorater is a great choice forevaluation of solutions to math problems, due to their objectivity,whereas for creative writing an Autorater with the ability to account forthe diversity of human opinions is required.Ultimately, practitioners are required to �ind the balance betweenthe economic necessity for speed and low cost, and the technicalrequirement for dependable, high accuracy scoring and architecturedepends on both task and resources available.
3.4.2	 Human	 Evaluation:	 The	 Original	 Ground	 Truth	 and
Its	 Limitations
3.4.2.1	 The	Measurement	Framework	for	Human	Rater
QualityHuman data annotation, often assumed to be the unquestionable “goldtruth,” is frequently corrupted by quality issues that underminedownstream machine learning efforts. The very concept	 of	 “ground
truth” in most cases is profoundly impossible. There is simply noobjective ground truth for subjective tasks, and whatever we recognizeas ground truth is ultimately an artifact of the data collection process,task design, and consensus methodology. To counteract this, robustframeworks are essential for monitoring and improving label quality.One such framework is proposed in “Annotation Quality Framework -Accuracy, Credibility, and Consistency” (Lavitas et al. 2021):The ACC framework systematically measures quality using four keymetrics:1. Accuracy: This metric assesses how closely annotations align withan established gold standard, which requires expert reviewing togenerate labels which are deemed to be as close as possible to thedesired true labels. Results are typically published using

 



standardized classi�ication metrics such as precision, recall, and F1score.2.
Credibility: This quanti�ies the expected accuracy of an annotation,conditioned on the individual decisions of the reviewers. For a �inalannotation derived through majority rule, credibility is computedby simulating the distribution of hypothetical possible annotationsusing techniques like statistical bootstrapping and resampling.

 
3.
Consistency	 (Instant): This measures inter-rater agreementamong reviewers who evaluate the same object simultaneously.This is often quanti�ied using the Fleiss	 kappa	 coef�icient.  

4.
Consistency	 (Longitudinal): This measures the stability ofannotations over time by comparing initial annotations withsubsequent re-annotations performed after a substantial interval(e.g., 60 days). This is also measured using the Fleiss kappacoef�icient and is essential for continuous annotation programs.

 
The practical implementation of robust human evaluation requiresgathering multiple opinions for each evaluation point and utilizingstatistical analysis, such as measuring inter-annotator agreement orrelying on majority votes, to achieve reliable results. Furthermore, clearinstructions and training are paramount for guiding evaluators andminimizing variance.
3.4.2.2	 Further	Limitations	of	Human	Raters:	Constraints
and	BiasesWhile humans provide the ultimate reference for subjective quality,their utilization faces profound practical and inherent cognitivelimitations.First, the economic and operational constraints are prohibitive forlarge-scale application. Manual evaluation costs cannot scale effectivelyto handle the millions of data points required for continuous LLMdevelopment. This high cost and limited throughput force evaluationefforts to be restricted in scope, creating a bottleneck for rapid



iteration. The cost associated with �ixing human consistency, such asrunning periodic re-annotation samples for longitudinal consistencychecks, adds substantial operational overhead, rendering human-onlyevaluation fundamentally impractical for ongoing, high-volumemonitoring.Second, human judgment is inherently susceptible to systemiccognitive and annotator biases. These biases introduce systematic noisethat violates the assumption of ground truth. Here are some commonbiases:1.
Anchoring	 Bias: Annotators’ decisions can be disproportionatelyin�luenced by the very �irst piece of information or reference theyencounter. Strategies to combat this often involve forcing the expertto construct arguments against the anchor price or initialinformation, thereby weakening its in�luence.

 
2.
Serial	 Position	 Effect	 (Recency	 and	 Primacy): When presentedwith a sequence of items (such as two responses in a pairwisecomparison), raters tend to recall or favor the informationpresented �irst (primacy bias) or last (recency bias). This can skewresults in pairwise LLM evaluation, where the presentation ordershould theoretically be irrelevant.

 
3.
Con�irmation	 Bias: Human raters may favor new evidence thatcon�irms their existing beliefs or hypotheses.  

Finally, the “gold standard” status of human preference breaks downentirely in complex domains. For factually dense or logicallychallenging tasks, such as competitive mathematics, coding, or high-stakes reasoning that exceed general human capabilities, humanpreference becomes an unreliable indicator of objective factualaccuracy. Furthermore, conducting high-quality evaluations for thesecomplex frontier domains requires true	 subject	 matter	 experts,which drives the cost of human evaluation even higher and limits thepool of available raters. In such contexts, using human alignment as the



primary evaluation metric is inappropriate, as the LLM may exhibitsigni�icant advantages over human judgment in terms of objectiveground truth precision.
3.4.3	 The	 Emergence	 and	 Ef�iciency	 of	 LLM-as-a-Judge
3.4.3.1	 Scalability	and	Economic	TransformationThe primary disruptive force of the LLM-as-a-Judge paradigm is itsscalability and economic ef�iciency. LLM evaluation can processmillions of examples for costs representing a massive reductioncompared to human labor. This economic transformation allowsorganizations to move evaluation from a sparse, expensive manualprocess to a continuous, high-throughput automated work�low. Thisef�iciency is critical for modern model development pipelines, enablingthe running of automated regression tests, rapid comparison againstmodel iterations, and the use of diverse prompt sets necessary forcon�irming quality before deployment.
3.4.3.2	 Empirical	Alignment	with	Human	JudgmentEmpirical studies have strongly validated the ef�icacy of using powerfulLLMs-as-judges. These models can achieve high correlation with bothcontrolled expert human preferences (e.g., MT-bench) and crowd-sourced preferences (e.g., Chatbot Arena).A crucial �inding (Zheng et al. 2023b) is the high non-tie agreementrate observed between GPT-4 (using pairwise comparison) and humanexperts, reaching 85% on the MT-bench dataset. This excellent internalagreement suggests that an LLM judge, when properly constrained, canexecute a prede�ined scoring rubric with high reliability. This elevatesthe LLM judge from a mere cost-saving proxy to a potentiallysuperhuman consistency engine for applying subjective standards.Furthermore, the same study (Zheng et al. 2023b) has shown thatLLM judgments are not just replicative; they can be persuasive. Analysisof cases where human preferences deviated from the LLM’s judgmentfound that human evaluators considered the LLM’s rationalereasonable in 75% of instances. Additionally, 34% of human raters



were willing to change their initial selection after reviewing the LLM’sjudgment, demonstrating that the LLM judge can act as a constructive,external calibrator that helps re�ine human evaluation quality.
3.4.3.3	 The	Concept	of	Superhuman	LLM	JudgesThe utility of LLM judges extends beyond mere cost reduction; researchincreasingly suggests they can achieve a level of superhumanconsistency when applying a �ixed evaluation rubric. For subjectivetasks, research (Zheng et al. 2023b) has demonstrated that a strongLLM judge, such as GPT-4, achieved a non-tie agreement rate of 85%with human experts on an open-ended benchmark, which wasstatistically higher than the observed agreement among the humanexperts themselves (81%). This superior internal agreement positionsthe LLM judge not just as a proxy, but as a more dependableconsistency engine capable of applying complex subjective standardswith less variance than individual human raters who are susceptible tocognitive drift.Furthermore, in objective evaluation domains, LLMs demonstratean advantage in areas that surpass general human cognitive limits. Infactually and logically complex tasks such as competitive mathematics,coding, or high-stakes reasoning, LLMs have shown signi�icantadvantages over humans. In these cases, where the task complexityexceeds general human capabilities, human preference becomes anunreliable measure. The LLM judge’s ability to approach objective truthand precision in these frontier domains fundamentally challenges thetraditional notion that human judgment is the ultimate “gold standard.”This realization requires meta-judging to shift away from humanpreference alignment and focus instead on verifying the LLM judge’sprecision against objective ground truth labels.
3.4.4	 Challenges	 of	 Using	 LLMs-as-JudgesDespite their high empirical alignment with the human preference incertain domains, LLM judges introduce speci�ic measurement errors



that challenge their trustworthiness, particularly related to scoringstability and internal consistency.
3.4.4.1	 Consistency	Failures:	The	Stochastic	Reliability
ProblemThe most signi�icant reliability de�iciency observed (Haldar andHockenmaier 2025) in LLM judges is low intra-rater reliability. Whilehigh-correlation studies con�irm strong alignment on average,individual LLM judges exhibit signi�icant variance in the scores theyassign to the identical generation input across different runs due to thenon-deterministic nature of their responses. This run-to-runinconsistency, rooted in the model’s stochastic nature and decodingstrategies (such as sampling), means that the single scores assigned byan LLM judge can be rendered “almost arbitrary in the worst case”.This presents a paradox of both being true at the same time: highconsistency with the external human consensus coincides with lowconsistency with its own previous judgments. The path to resolution ofthis paradox is in replication strategies, which we will discuss further inthis chapter. Speci�ically, we will call out here that replications arestructurally necessary for LLM evaluations to mitigate stochastic noise.This demonstrates that raw model knowledge is insuf�icient fordependable evaluation. The measurement error originates during thegenerative phase of the evaluation, where the unconstrained tokengeneration process introduces stochastic noise that invalidates thereliability of deterministic single-score assignments.
3.4.4.2	 Systemic	LLM-Speci�ic	Evaluation	BiasesLLM judges are susceptible to systematic, predictable biases that can bemitigated through architectural design and prompting techniques (Li etal. 2025b):
Verbosity	 Bias: LLMs often favor responses that are longer or moreverbose, even if the essential quality or accuracy is not superior.
Self-Enhancement	 Bias: The judge may show a minor, measurablebias toward responses that were generated by its own model family



or architectural type.
Positional	 Bias: Both users and human raters pose higherimportance to the top of response and likely prefer response withinaccuracy at the bottom to the response with an issue at the top.LLMs don’t have this bias, unless they are asked to perform position-weighted evaluation.These biases can be mitigated by leveraging ensembles of multipleLLMs that are designed to improve evaluation robustness. Later, we willgive more speci�ic examples of such structures as leveraging ensemblejudgment schemas has shown (Li et al. 2025b) to increase precisions ofevaluations across multiple domains.

3.4.4.3	 Limits	of	Human	Behavioral	Simulation	and
Subjective	ModelingAnother challenge of relying on LLMs-as-a-judge solemnity hasrevealed (Gui and Toubia 2025) that LLMs are currently still tooprimitive to model all complex aspects of human behavior andpreferences. Research indicates that in “blind” experimentalsimulations where LLMs are tasked with mimicking human subjectsmodels often face confoundedness stemming from prompt ambiguity,which limits their ability to capture the intricate nuances of humansocial preferences (Fig. 3.16).



Fig.	3.16 Comparison of humans and LLMs purchase probability (Gui and Toubia 2025)Consequently, for certain categories of highly subjective tasks, LLMsare not good enough to mimic human decision-making and preferencesfaithfully. These �indings suggest that effectively leveraging LLMs forbehavioral simulation requires a fundamental rethinking of establishedexperimental design practices, such as moving away from traditionalblinding protocols, rather than simply adapting methods developed forhuman subjects.
3.4.4.4	 Limitations	in	Objective	Reasoning	and	FactualityEvery modern LLM release is accompanied by a suite of performancemetrics across multiple categories, including complex reasoning,advanced mathematics, and deep factuality. For these specializeddomains, even frontier models continue to demonstrate signi�icantheadroom, indicating that these tasks remain inherently “hard” andunsolved for current AI architectures. Relying on LLM-as-a-judge forthese speci�ic frontier capabilities is particularly risky, as the modelauthors themselves communicate through these benchmark gaps thattheir systems have not yet mastered the very skills they would berequired to evaluate (Fig. 3.17).



Fig.	3.17 Reasoning and math benchmarks with largest headroom for the most advanced modelsUnfortunately, reverting to human raters for these tasks is oftenequally problematic. The extreme complexity of these high-leveldomains means that only a small, highly trained pool of subject matterexperts (SMEs) can reliably perform these evaluations, furtherescalating costs and limiting scalability. There is an optimistic outlook,however, that as models continue to evolve and become smarter, thenumber of these “unsolvable” tasks will gradually decrease, eventuallyenabling more robust automated evaluation across all domains.
3.4.5	 Advanced	 Techniques	 for	 Enhancing	 LLM	 Judge
RobustnessTo address the inherent instability and systematic biases of LLM judges,advanced architectural techniques focus on imposing structure,external scaffolding, and rigorous calibration upon the evaluationprocess.



3.4.5.1	 Structured	Prompting	and	Bias	MitigationEffective LLM evaluation requires rigorous prompt engineering:
Bias	 Mitigation	 through	 Averaging: To counter positional bias, thestandard methodology involves presenting the answer choices in twodifferent presentation orders and averaging the resulting scores. Thisapproach has been empirically shown to alleviate the bias.
Rubrics	 and	 Reference	 Data: For reliable evaluation, especiallywhen using weaker evaluator models, providing explicit scoredescriptions and reference answers is critical. Empirical analysissuggests that providing descriptions for only the highest and lowestscores may yield the most reliable results, indicating that excessivelygranular rubrics for intermediate scores may not be strictlynecessary.
Chain-of-Thought	 (CoT)	 Reasoning : Requiring the LLM judge toarticulate its reasoning process (Chain-of-Thought) before assigninga �inal score signi�icantly enhances consistency and interpretability,thereby reducing various internal biases. These model-inferredthinking traces serve as a transparent proxy for human reasoning,improving the reliability and consistency of automated LLM raters,especially in subjective evaluation tasks.

3.4.5.2	 Improving	Context	and	Reasoning	CapacityEvaluation structure can be augmented to improve the LLM judge’scapacity for complex assessment:
Reference-Guided	 Judging: To resolve high failure rates in objectivetasks, such as evaluating complex math questions, a technique calledreference-guided judging is employed. This method involvesindependently generating the LLM judge’s answer �irst, and thendisplaying this generated answer as a reference anchor within thejudge prompt. This scaffolding provides the necessary factualconstraint, resulting in a dramatic improvement in failure rate (e.g.,dropping from 70% to 15% in some experiments (Zheng et al.2023b)



Multi-turn	 Context	 Management: In dialog evaluationenvironments like MT-bench, proper context management ismandatory. Attempting to evaluate multiple turns using separateprompts often causes the LLM judge to struggle with accuratelyreferencing previous assistant responses. Therefore, displaying
complete	 conversations	 in	 a	 single	 prompt is necessary to enablethe LLM judge to fully grasp the conversational context andaccurately assess multi-turn performance.

3.4.5.3	 Hybrid	EvaluationsThe Hybrid Framework is an advanced orchestration strategy designedto maximize the economic ef�iciency of LLM-as-a-Judge systems whilepreserving the “gold standard” reliability of expert human judgment.Rather than viewing human and machine raters as mutually exclusive,this architecture treats them as a tiered system where high-volume,low-complexity tasks are automated, and “frontier” or high-uncertaintycases are escalated to subject matter experts (SMEs).A crucial component of successful hybrid architectures is the abilityof the LLM judge to estimate its own epistemic uncertainty. Instead ofoutputting a deterministic score, the model is prompted to predict aprobability distribution over the rubric categories.
Tier	 1: High	 Con�idence. If the LLM judge provides a verdict with acon�idence score above a prede�ined threshold (e.g., Probability>0.95), the score is committed to the metrics pipeline automatically.
Tier	 2: Uncertainty-Based	 Escalation. When the judge identi�iesambiguity, which is often caused by prompt complexity or edge casereasoning, the sample is routed to a human queue.
Tier	 3: Meta-Judging. To prevent “con�ident hallucinations” wherethe judge is wrong but certain, a small, random percentage (typically5–10%) of high-con�idence machine ratings must be regularlyaudited by humans for calibration.The architectural focus is placed on achieving precise con�idenceestimation and robust meta-judging for low-con�idence classi�ications



(Haldar and Hockenmaier 2025). If the LLM judge miscalculates itsuncertainty, for instance, if it is highly con�ident but factually incorrect,expensive human labor is wasted re-evaluating misclassi�ied high-con�idence cases, negating the cost savings derived from automation.Best practices for deploying such a system involve a stagedapproach:
Regression	 Testing: Running automated LLM Judge sets.
Internal	 Calibration: Comparing a subset of those results againstexpert “trusted” labels to study misalignments.
Human	 Veri�ication: A �inal expert sign-off on key metrics beforeproduction deployment.
3.4.6	 Continuous	 Quality	 Monitoring	 and	 Rater	 VettingRegardless of whether the rater is a human expert or an advanced LLM,quality monitoring and a mechanism for continuous feedback arecrucial components of a robust evaluation pipeline. Both modalities aresusceptible to drift and inconsistency: human preferences can changeor decline over time, while LLM outputs suffer from stochastic variance.Therefore, a rigorous system of vetting, calibration, and quality controlmust be applied to all evaluators.
3.4.6.1	 Vetting	and	Calibration	for	Human	RatersFor human evaluators, quality monitoring is often formalized underframeworks like the Annotation	 Quality	 Framework	 (ACC) (Lavitas etal. 2021), which tracks four key metrics: Accuracy, Credibility, InstantConsistency, and Longitudinal Consistency.
Vetting	 (Accuracy	 and	 Instant	 Consistency): Initial rater readinessis established by comparing early annotations against a high-quality
gold	 standard set (Accuracy) and measuring inter-rater agreementusing tools like Fleiss	 Kappa (Instant Consistency). These measuresensure that new raters are aligned with the established rubric andbaseline standards before entering the production pool. Clear



instructions and robust training examples are paramount forminimizing variance at this stage.
Continuous	 Monitoring	 (Longitudinal	 Consistency): Rater qualitycan degrade due to fatigue, conceptual drift (applying labels moreliberally or conservatively), or turnover. To detect and correct this,longitudinal quality checks: comparing initial annotations with re-annotations performed by the same rater after a time interval (e.g.,60 days) are required. Intervention protocols, such as improvingguidelines or providing targeted retraining, are then deployed toaddress the identi�ied issues.

3.4.6.2	 Quality	Control	and	Meta-Judging	for	LLM	JudgesLLM judges, while exhibiting high average consistency, introduce therisk of low intra-rater	 reliability: they can assign different scores tothe same input across runs due to stochasticity. Furthermore, the LLMmodel itself can drift over time, necessitating continuous qualitychecks.
Meta-Judging: This is the process of assessing	 the	 quality	 of	 the
LLM’s	 judgment	 itself. For objective tasks, this involves verifying theLLM judge’s precision against objective	 ground	 truth	 labels,moving beyond mere alignment with fallible human preference.
Continuous	 Calibration: To ensure the LLM judge remains alignedand reliable, it must be regularly calibrated against small, highlytrusted samples of human preference. This process ensures that themachine-rater’s internal rubric has not drifted, maintainingcon�idence in the high-volume, automated scoring pipeline.Specialized architectures, like those using calibrated autoraters, aredesigned explicitly to address stochasticity by predictingprobabilities rather than deterministic scores, thereby providing aninherent measure of judgment quality.
3.5	 Conclusion



In Chap. 3, we have discussed four main levers of LLM evaluations:Evaluation Sets, Templates, Metrics and Evaluators.Each component is equally critical for the success of an evaluationframework, and deep understanding and informed decisions arerequired for building robust evaluations.Starting with the evaluation sets: any evaluation set is a samplefrom some underlying distribution and necessarily represents the traitsof that population. Some sets are intentionally biased to zoom into aspeci�ic problem space (e.g., trust and safety-focused sets), while othersare designed to be broad to assess characteristics across the entiredistribution (e.g., sets for overall expected helpfulness).Once a set is constructed, measurements are being applied to it.Measurements themselves consist of the template and the metriccalculations. Metrics can only be as powerful and speci�ic as thetemplates allow them: if a certain signal is not being collected, orcollected in a way that is not trustworthy, it decapitates all thedownstream metrics’ usability. We recommend a hybrid approach totemplate constructions that includes collecting the most objectivedecomposed signals together with the overall subjective assessments.Metrics themselves must be designed with statistical rigor, whichincludes understanding of potential biases and con�idence intervals.Point estimates without con�idence intervals around them have verylittle practical value, and we recommend that all practitioners strive toalways report both point estimates and the corresponding margin oferrors.Finally, the choice of evaluators represents a critical factor inevaluation success. No estimators, either human or machines, is perfect,as all have non-zero probability of making incorrect verdicts, thuscareful choice of appropriate evaluation schema is required in eachcase: while LLMs-as-a-judge is an excellent and practical choice forhigh-volume tasks, areas requiring deep domain knowledge that exceedcurrent cutting-edge LLMs capabilities still rely on the expertise ofhighly trained human raters.



Ultimately, the intentional and strategic orchestration of these fourlevers is instrumental in constructing the trustworthy and reliableevaluations for the next generation of AI systems.
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4.1	 What	 Makes	 an	 Agent	 an	 AgentBefore establishing evaluation frameworks, we must de�ine what distinguishesan AI agent from a standard large language model. The term “agent” has becomeubiquitous in industry discourse, and correspondingly imprecise. Marketingmaterials label everything from simple chatbots to complex autonomoussystems as “agents,” creating confusion about what capabilities actually requirespecialized evaluation approaches. A rigorous de�inition is essential: itdetermines which evaluation methods apply, what metrics matter, and when theframeworks developed in Chap. 3 need fundamental adaptation rather thanminor extension.The stakes of this de�initional work are practical, not merely academic. Anorganization deploying a retrieval-augmented generation (RAG) system thatalways follows the same retrieve-then-generate sequence faces differentevaluation challenges than one deploying a system that autonomously decideswhether to search, calculate, browse the web, or respond directly based on eachquery. The �irst is a work�low with predictable behavior; the second is an agentwith emergent behavior. Con�lating them leads to either over-engineeringevaluation for simple systems or, more dangerously, under-evaluating complexones.
4.1.1	 De�ining	 Agency:	 From	 Chatbots	 to	 Autonomous	 SystemsAt its core, an agent is a system that perceives its environment, reasons aboutgoals, takes actions, and observes the results of those actions in an iterativeloop. Unlike a standard LLM that produces a single response to a single prompt,an agent operates across time, maintaining state and adapting behavior basedon feedback from its environment. This temporal dimension, the fact that agentsact, observe consequences, and act again, fundamentally changes whatevaluation must capture (Fig. 4.1).



Fig.	4.1 Standard LLM vs agent evaluationAnthropic’s framework for building effective agents draws a criticalarchitectural distinction that clari�ies this boundary (Anthropic 2024). As theyde�ine it: “Work�lows are systems where LLMs and tools are orchestratedthrough prede�ined code paths. Agents, on the other hand, are systems whereLLMs dynamically direct their own processes and tool usage, maintainingcontrol over how they accomplish tasks.” This distinction hinges on a singlequestion: who	controls	the	execution	�low?In a work�low, the developer predetermines each step. The system mightincorporate an LLM at various points (to classify input, generate a response, orsummarize results) but the sequence of operations is �ixed in code.An example of a customer service work�low:1. Classify the inquiry  2. Retrieve relevant documentation 3. Generate a response  4. Log the interaction  



The LLM contributes to each step, but the work�low engine dictates the order.Change the customer’s question, and the same four steps execute in the samesequence.In an agent, the model itself decides what action to take next based onobservations. Given a customer inquiry, an agent might determine that it �irstneeds to check account status, then search the knowledge base, then (upon�inding the answer incomplete) escalate to a human, or perhaps recognize thatthe question is simple enough to answer directly without any tool calls at all.The execution path emerges from the model’s reasoning, not frompredetermined code. This autonomy is both the source of agent capability andthe root of evaluation complexity.OpenAI’s characterization aligns with this view. In their announcement oftools for building agents, they state: “We view agents as systems thatindependently accomplish tasks on behalf of users” (OpenAI 2025a). Theirpractical guide to building agents elaborates that an agent “leverages an LLM tomanage work�low execution and make decisions. It recognizes when a work�lowis complete and can proactively correct its actions if needed” (OpenAI 2025a).The key capabilities (managing execution, making decisions, recognizingcompletion, correcting itself) all point to the model exercising judgment ratherthan following a script.Google DeepMind’s research offers an even more formal perspective,proposing “the �irst formal causal de�inition of agents” (Kenton et al. 2023).Their key insight: “agents are systems that would adapt their policy if theiractions in�luenced the world in a different way.” This counterfactual framing iselegant: an agent is precisely something that would behave differently if theconsequences of its actions changed. A work�low, by contrast, executes itspredetermined path regardless of downstream effects.Despite these authoritative de�initions, the �ield lacks complete consensus. Acomprehensive survey on LLM agents de�ines AI agents as “arti�icial entitiesthat sense their environment, make decisions, and take actions,” noting thatwhile many efforts have been made to develop intelligent agents, thecommunity has historically lacked “a general and powerful model to serve as astarting point for designing AI agents that can adapt to diverse scenarios” (Xi etal. 2023).The practical implication for evaluation is signi�icant. When assessing awork�low, you can test each predetermined step independently. You know whatthe system will do; you verify that it does it correctly. When assessing an agent,you cannot predict the execution path. The same input may trigger different



sequences of actions across runs. Evaluation must therefore focus not just on�inal outcomes but on the quality of the dynamic decision-making process itself.Consider another concrete example: A travel booking system. A work�lowimplementation might always (Fig. 4.2)1. Extract travel dates and destination 2. Search �lights  3. Search hotels  4. Present options  5. Book upon con�irmation  

Fig.	4.2 Travel booking work�lowTesting this system means verifying each step functions correctly and integratesproperly with the next, a tractable engineering problem.An agent implementation receives the same travel request but reasons abouthow to proceed. It might recognize that the user mentioned “a quiet hotel nearthe conference center” and decide to �irst search for the conference locationbefore searching hotels. It might notice that �lights on the requested dates areexpensive and proactively check adjacent dates. It might determine that the



user’s budget constraint, mentioned casually, rules out business class and skippresenting those options entirely. Each decision represents the modelexercising judgment (Fig. 4.3).

Fig.	4.3 Travel booking agent (dynamic path)Evaluating this agent requires assessing not just whether it successfullybooks appropriate travel, but whether its chain of decisions was sensible. Did itappropriately prioritize the user’s stated and implied preferences? Did it gathernecessary information before acting? Did it avoid unnecessary steps? Did ithandle ambiguity reasonably? These questions, although not the full list ofquestions that can be asked, have no analog in work�low evaluation becausework�lows don’t make decisions; they execute instructions.The distinction also surfaces in failure modes. Work�lows fail in predictableways: a step doesn’t execute, an integration breaks, data doesn’t �low correctly.The failure is localized and typically reproducible. Agents fail in emergent ways:the model makes a poor decision that cascades into subsequent poor decisions,or it interprets ambiguous instructions in an unexpected way, or it gets stuck ina loop of ineffective actions. These failures are often non-deterministic and



context dependent, requiring evaluation approaches that can detect patternsacross many runs rather than verifying correctness on individual cases.This is why the evaluation frameworks from Chap. 3 (sets, templates,metrics, and raters) require fundamental adaptation for agents. Evaluation setsmust capture not just input/output pairs but multi-step scenarios withbranching possibilities. Templates must score trajectories, not just �inalresponses. Raters, whether human or LLM judges, must assess reasoningquality and decision-making, not just output correctness. The remainder of thischapter develops these adaptations systematically.But �irst, we must understand the internal mechanics that enable agency:the perception, reasoning, action, observation loop that de�ines how agentsoperate moment to moment. This loop is the unit of agent behavior, andunderstanding it is prerequisite to evaluating it.
4.1.2	 The	 Agent	 Loop:	 Perception,	 Reasoning,	 Action,	 ObservationThe canonical agent architecture follows a cyclical pattern that repeats until thetask is complete or a termination condition is met. This cycle, sometimes calledthe “agentic loop,” comprises four phases that mirror how humans approachcomplex tasks: perceive the current situation, reason about what to do, takeaction, and observe the results.
Perception is the agent’s intake of information and its environment. At eachstep, the agent receives input that may include the original user query, thecurrent state of the environment, results from previous actions, error messages,or new information retrieved from external sources. This input forms theagent’s “observation” of the world at that moment. In practice, perception oftenmeans constructing a prompt that aggregates relevant context: the taskdescription, conversation history, tool outputs, and any other state the agentneeds to make its next decision.
Reasoning is where the agent processes its observations and decides whatto do next. This phase leverages the LLM’s core capability: given context,generate a sensible continuation. The agent might decompose a complex goalinto subgoals, recall relevant knowledge, compare alternative approaches, orsimply determine that it has enough information to produce a �inal answer. Thequality of this reasoning phase largely determines agent effectiveness.
Action is the agent’s intervention in the world. Actions might include callinga tool (searching the web, querying a database, executing code), generating textfor the user, modifying a �ile, or signaling that the task is complete. Crucially,



actions have consequences: they change the state of the environment orproduce new information that the agent must incorporate.
Observation closes the loop. After an action executes, the agent receivesfeedback: the tool’s output, an error message, con�irmation of success, orupdated environmental state. This observation becomes part of the agent’scontext for the next cycle, enabling it to adapt its approach based on whatactually happened rather than what it expected to happen (Fig. 4.4).

Fig.	4.4 The agent loopEach cycle through this loop represents one “step” in the agent’s trajectory.Simple tasks might require only one or two steps; complex tasks might require



dozens. The number of steps, the quality of reasoning at each step, and theappropriateness of actions all become targets for evaluation.The agent loop is the abstract architecture; different implementationtechniques realize it in different ways. The most in�luential of these is ReAct(Reasoning + Acting), introduced by Yao et al. (2022a), which makes thereasoning phase of the loop visible by requiring the model to produce anexplicit “Thought” trace before each action.Prior to ReAct, the LLM research community had studied reasoning andacting as separate capabilities. Chain-of-thought prompting showed that modelscould improve their answers by producing intermediate reasoning steps, butthese reasoning traces existed in isolation, disconnected from any externalenvironment. Separately, action generation approaches had models producetool calls or navigation commands, but without any visible deliberation aboutwhy a particular action was chosen. Yao et al. demonstrated that combining thetwo creates powerful synergies: “reasoning traces help the model induce, track,and update action plans as well as handle exceptions, while actions allow it tointerface with external sources, such as knowledge bases or environments, togather additional information” (Yao et al. 2022a).The practical structure of a ReAct trace illustrates the pattern:
Thought: I need to �ind when the Eiffel Tower was built. Let me search forthis information.
Action: Search (“Eiffel Tower construction date”).
Observation: The Eiffel Tower was constructed from 1887 to 1889 as thecenterpiece of the 1889 World’s Fair.
Thought: The search results indicate construction was completed in 1889. Inow have the information needed to answer the user’s question.
Action: Respond (“The Eiffel Tower was completed in 1889.”)Each cycle through this loop represents one “step” in the agent’s trajectory.Simple tasks might require only one or two steps; complex tasks might requiredozens. The number of steps, the quality of reasoning at each step, and theappropriateness of actions all become targets for evaluation.Several properties of this loop have direct implications for evaluationdesign:

Loop	 property Evaluation	 implication

Temporal	 dependencies Assess error propagation and recovery
Stochasticity Run multiple trials; report distributions



Loop	 property Evaluation	 implication

Environment	 coupling Specify and control environment
Unbounded	 execution Detect stuck states and looping
Explicit	 vs	 implicit	 reasoning Adapt granularity to what’s visible1. The loop creates temporal dependencies. Each observation depends on theprevious action, and each action depends on the accumulated reasoningfrom all prior steps. An error early in the trajectory can cascade throughsubsequent steps, compounding into task failure. Evaluation must thereforeconsider not just whether individual steps are correct, but how errorspropagate and whether the agent can recover.

 
2. The loop introduces stochasticity. Given identical initial conditions, an agentmay take different paths through the loop on different runs. The LLM’ssampling temperature, the variability of external tool responses, and thesensitivity of reasoning to small prompt variations all contribute to thisnon-determinism. Evaluation must account for this by running multipletrials and reporting distributional metrics rather than single pointestimates.

 
3. The loop couples the agent to its environment. Unlike a pure languagemodel that operates on text in isolation, an agent’s behavior depends onwhat tools are available, how those tools respond, and what state theenvironment is in. Evaluation must therefore specify and control theenvironment, not just the input prompt.

 
4. The loop can run inde�initely. Without appropriate termination conditions,an agent might continue cycling forever, consuming resources withoutmaking progress. Detecting when an agent is stuck, looping, or failing toconverge is itself an evaluation challenge.

 
These properties are individually well-studied in sequential decision-making,control theory, and reinforcement learning. What follows connects themspeci�ically to the evaluation challenges they create for LLM-based agents.Understanding the agent loop also clari�ies what we mean by “trajectory,” aterm that will recur throughout this chapter. A trajectory is the completesequence of steps an agent takes from receiving a task to completing it (orfailing): all the thoughts, actions, and observations concatenated in order.Trajectory evaluation assesses the quality of this entire sequence, not just its



endpoint. Two agents might both successfully complete a task, but one might doso in three ef�icient steps while the other takes 15 redundant ones. Trajectoryevaluation captures this difference.The loop also explains why agent evaluation cannot simply reuse LLMevaluation methods. When evaluating an LLM, you provide an input and assessthe output. When evaluating an agent, we must assess a dynamic process: howthe agent responded to each observation, whether its actions were appropriategiven its reasoning, whether it used tools effectively, whether it recovered fromerrors, and whether the overall trajectory was ef�icient and safe. This requiresfundamentally different evaluation infrastructure, metrics, and methodologies,which the remainder of this chapter develops.
4.2	 Sets:	 Evaluation	 Data	 for	 AgentsChapter 3 established that evaluation sets are the foundation of any LLMevaluation program: without representative data, even sophisticated metricsand expert judges produce misleading results. The same principle holds foragent evaluation, but the structure of that data must change fundamentally.An LLM evaluation set is a collection of input/output pairs. Each test caseprovides a prompt and either a reference answer or a scoring rubric. Theevaluator sends the prompt to the model, collects the response, and scores it.The entire process is stateless: one test case has no effect on the next.Agent evaluation sets cannot work this way. An agent does not simplyproduce an output; it executes a process that unfolds over multiple steps,interacts with tools and environments, and modi�ies external state. A test casefor an agent must therefore specify not just what to ask, but what world theagent operates in, what tools it has access to, what success looks like(potentially through multiple valid paths), and how to verify the outcomethrough environment inspection rather than output comparison. This sectiondevelops the principles and practices for constructing evaluation sets that meetthese requirements.
4.2.1	 Anatomy	 of	 an	 Agent	 Test	 CaseA single-turn LLM test case has two components: an input and an expectedoutput. An agent test case requires substantially more structure. Examininghow leading agent benchmarks structure their evaluations reveals a commonpattern. Each test case, whether explicitly or implicitly, speci�ies at minimum�ive elements:



1. A	 task	 description de�ines what the agent is asked to accomplish. UnlikeLLM prompts that request a single response, agent task descriptions ofteninvolve compound goals: “Find all orders placed by this customer in the last30 days, identify which ones are eligible for return, and process returns forthe eligible items.” The task description should be precise enough that twodomain experts would independently agree on whether the agentsucceeded or failed.
 

2.
An	 initial	 environment	 state de�ines the world the agent will operate in atthe start of the task. For a coding agent, this might be a repository at aspeci�ic commit with a known set of failing tests. For a customer serviceagent, it might be a database containing speci�ic customer records, orderhistories, and policy documents. For a web navigation agent, it might be aset of web pages with known content. The initial state must be fullyspeci�ied and reproducible; if the environment differs between evaluationruns, results become incomparable.

 
3.
Available	 tools	 and	 their	 con�igurations de�ine what the agent can do.The same agent might behave very differently depending on whether it hasaccess to a search tool, a code execution environment, or a database queryinterface. The evaluation set must specify not just which tools are availablebut how they behave, including any simulated responses, error conditions,or latency characteristics.

 
4.
Success	 criteria de�ine what constitutes task completion. For some tasks,success is binary: the agent either resolved the GitHub issue (all tests pass)or it did not. For others, success is graded: the agent booked a �light thatmet three of the customer’s four stated preferences. Success criteria shouldbe veri�iable through environment inspection rather than relying on theagent’s self-reported claims. As the τ-bench benchmark, introduced by Yaoet al. 2024, demonstrates, comparing the database state at the end of aconversation against an annotated goal state provides faithful evaluationthat does not depend on the agent’s trajectory (Yao et al. 2024).

 
5. Reference	 solutions	 or	 trajectories (optional but valuable) provideexample paths to success. These are not the only valid approaches, andevaluation should not penalize agents for �inding alternative solutions.However, reference trajectories serve two purposes: they verify that thetask is solvable, and they provide baselines for trajectory ef�iciencycomparisons.

 



This �ive element structure represents a signi�icant increase in test casecomplexity compared to LLM evaluation. A single agent test case may requiresetting up a Docker container, populating a database, con�iguring a simulatedAPI, and writing veri�ication scripts. The cost per test case is correspondinglyhigher, which means agent evaluation sets tend to be smaller but more carefullyconstructed than LLM evaluation sets.
4.2.2	 Sourcing	 Tasks	 from	 Real	 FailuresThe most valuable test cases come from actual failures. OpenAI’s guidance onbuilding agents recommends starting with a small number of carefully chosencases: begin with a handful of representative examples that capture the mostimportant scenarios, then expand coverage as patterns emerge (OpenAI 2025b).In practice, 20–50 well-constructed tasks provide enough signal for earlydevelopment because effect sizes in agent evaluation tend to be large: ameaningful architectural change often swings success rates by 10–30percentage points.Three sources consistently produce high-quality tasks:1.
Manual	 testing	 during	 development surfaces the failures that developersdiscover while building the agent. When a developer notices the agentmishandling a speci�ic scenario, that scenario should immediately become atest case. These early, organically discovered failures often revealfundamental design issues rather than edge cases.

 
2.
Bug	 trackers	 and	 support	 queues capture the failures that usersencounter in production. Each user reported issue represents a realscenario where the agent fell short. Converting these into reproducible testcases creates evaluation sets that directly measure whether the agenthandles the situations that actually matter to users.

 
3.
Behaviors	 the	 agent	 struggles	 with can be identi�ied through systematicprobing. If the agent handles simple refund requests but fails on refundsinvolving partial returns, expired promotions, or multi-item orders, each ofthose failure patterns should become a test case. The goal is to build a setthat targets known weaknesses, not one that merely con�irms knownstrengths.

 



A well-constructed agent evaluation set maintains balance along twodimensions. First, it should include both positive and negative cases: scenarioswhere the agent should act and scenarios where it should refuse, escalate, orrequest clari�ication. Testing only the happy path leads to agents that are eagerto act but poor at recognizing when they should not. Second, it should includeboth capability evaluations (tasks the agent currently fails, targetingimprovement) and regression evaluations (tasks the agent currently passes,detecting backsliding). OpenAI’s guidance emphasizes treating these differently:capability evaluations track progress toward harder goals while regressionevaluations provide early warning when changes break existing behavior(OpenAI 2025b).
4.2.3	 Specifying	 the	 EnvironmentThe environment speci�ication is what makes agent evaluation sets categoricallydifferent from LLM evaluation sets. An LLM test case is self-contained: theprompt carries all the information the model needs. An agent test case dependson an external world that must be set up, maintained, and inspected.Environment speci�ications fall on a spectrum from lightweight toheavyweight:1.
Mock	 environments replace real tools with deterministic simulators thatreturn prede�ined responses. When the agent calls a search API, the mockreturns a �ixed set of results. When it queries a database, the mock returns a�ixed record. Mocks are fast, cheap, and fully reproducible, but they cannotcapture the full complexity of real tool interactions. An agent that performswell against mocks may struggle with the messy, unpredictable responsesof real APIs.

 
2.
Sandboxed	 environments provide real tools running in isolatedcontainers. SWE-bench, for example, evaluates coding agents by givingthem a real codebase in a Docker container: the agent can read �iles, executecode, run tests, and generate patches, all within a controlled but authenticenvironment (Jimenez et al. 2024). WebArena takes a similar approach forweb navigation, providing self-hosted clones of real websites including e-commerce platforms, forums, and content management systems (Zhou et al.2023). Sandboxed environments balance realism with reproducibilitythough they are substantially more expensive to build and maintain thanmocks.

 
Live environments test agents against real, production systems. This



3. Live	 environments test agents against real, production systems. Thisprovides the highest �idelity but the lowest reproducibility: external APIschange their behavior, databases evolve, and web content shifts over time.Live evaluation is essential for validating that agents work in the real world,but it cannot serve as the primary evaluation methodology because resultsare not comparable across runs.
 

The choice of environment type depends on what you are evaluating. Duringrapid development, mock environments enable fast iteration. For release gating,sandboxed environments provide con�idence in real-world behavior. Forongoing production monitoring, live environment checks detect drift thatsandboxed tests would miss.Regardless of type, every environment speci�ication must guarantee state
isolation between test cases. If one test case modi�ies the database, the nexttest case must start with a clean state. Without isolation, test cases interact inunpredictable ways: a test might pass when run in isolation but fail when runafter another test that left the environment in an unexpected state. Dockercontainers, database snapshots, and �ilesystem restoration provide mechanismsfor achieving this isolation, but they must be explicitly implemented. τ-benchenforces this by resetting database state between trials and using goal statecomparison for veri�ication rather than trajectory matching (Yao et al. 2024).
4.2.4	 Accounting	 for	 Non-determinismLLM evaluation can often get away with single-run assessments: set thetemperature to zero, run each test case once, and score the results. Agentevaluation cannot. Even with temperature zero, agents exhibit meaningfulbehavioral variation across runs because small differences in tool responses,timing, and early reasoning steps compound through the trajectory.This means that each test case must be run multiple times, and theevaluation set design must account for this. If a test case takes 5 min of agentexecution time and costs $0.50 in API calls, running it ten times for statisticalreliability turns a 50 task evaluation set into a 500 run program costing $250per evaluation cycle. These economics shape practical decisions about set size,trial count, and evaluation frequency.Two principles guide the design:1. Fewer	 tasks	 with	 more	 trials	 beats	 more	 tasks	 with	 fewer	 trials formeasuring reliability. A set of 30 tasks each run 10 times provides muchstronger statistical signal about agent consistency than 300 tasks each runonce. The τ-bench benchmark makes this trade-off explicit, using a small set

 



of high-quality tasks with multiple trials per task rather than a large setevaluated once (Yao et al. 2024). The pass^k metric they introducedcaptures exactly this dimension: it measures whether the agent succeeds onall k trials, revealing consistency that single-run evaluation would missentirely.2.
Isolated	 trials	 are	 essential. Each trial must start from a cleanenvironment state with no shared artifacts from previous runs. If trial threebene�its from a �ile that trial two created, the trials are not independent,and statistical aggregation becomes invalid. This isolation requirementreinforces the need for environment speci�ications that support rapid statereset.

 
4.3	 Templates:	 Designing	 Agent	 Evaluation	 RubricsIn Chap. 3, we de�ined templates as the scoring rubrics that translate rawevaluation data into actionable judgments. For single-turn LLM evaluation, atemplate might ask: “Rate this response for factual accuracy on a scale of 1 to 5”or “Does this summary contain all key points from the source document?” Thetemplate encodes what quality means for a given task and provides thestructure that evaluators (whether human or automated) use to produceconsistent scores.Agent evaluation templates must address a fundamentally differentquestion. Rather than scoring a single output, they must score a process: asequence of decisions, tool calls, reasoning steps, and environmentalinteractions that may span dozens of turns. The template must specify not onlywhat to measure but at what granularity (individual steps, subsequences, or thefull trajectory), against what reference (a speci�ic path, a set of acceptable paths,or an outcome regardless of path), and with what scoring logic (binary, graded,or weighted across multiple dimensions).This section develops the principles for designing agent evaluationtemplates that produce reliable, diagnostic, and actionable scores.
4.3.1	 Grade	 Outcomes,	 Not	 PathsThe single most important principle in agent template design is to evaluatewhat the agent achieved, not the speci�ic route it took. Agents frequentlydiscover valid approaches that template designers did not anticipate. Acustomer service agent might resolve a billing dispute by calling APIs in adifferent order than expected, or a coding agent might �ix a bug with an



approach that differs entirely from the reference solution. Penalizing thesealternative paths produces false negatives that undermine con�idence inevaluation results.This principle manifests differently depending on what is being evaluated:
For	 task	 completion, the template should verify the end state of theenvironment rather than the sequence of actions that produced it. Did thecustomer’s order actually get refunded? Did the generated code pass the testsuite? Did the database record get updated correctly?τ-bench implements this by comparing the database state at the end of aconversation against an annotated goal state, making the evaluation entirelyindependent of the speci�ic trajectory the agent followed (Yao et al. 2024).
For	 tool	 usage, the template should check whether the right tools werecalled with correct parameters, but should be �lexible about ordering.Google’s Vertex AI Gen AI evaluation service (Google Cloud, 2025)formalizes this with three levels of trajectory matching:– Exact match: Identical tool calls in identical order.– In order match: All required tools present in the correct order, extra toolspermitted.– Any order match: All required tools present regardless of order.In practice, any order match with parameter validation is the rightstarting point for most evaluations. Exact match is too brittle; it rejects validalternative paths. In order match is appropriate when the sequence genuinelymatters (e.g., you must read a �ile before editing it).
For	 reasoning	 quality, the template should assess whether the agent’sdecisions were sensible given the information available at each step, notwhether they match a predetermined reasoning chain. This is inherentlymore subjective and typically requires model-based evaluation rather thandeterministic checks.The exception to this principle arises in safety	evaluation. When an agent shouldnot take a particular action (e.g., deleting a production database, sendingunsolicited emails, exposing personal information), the template must check thetrajectory for prohibited actions regardless of whether the �inal outcome iscorrect. An agent that achieves the right result through dangerous intermediatesteps is not safe.
4.3.2	 Dimensions	 to	 Include	 in	 Agent	 Rubrics



Agent evaluation templates must specify which dimensions to score. Unlikesingle-turn LLM evaluation where “response quality” might suf�ice as a singledimension, agents operate across multiple axes that require separate treatment.A well-designed agent rubric typically includes dimensions from severalcategories:1.
Outcome	 dimensions assess whether the agent achieved its goal. Did thetask get completed? Is the environment in the correct �inal state? Forcompound tasks, what fraction of subgoals was accomplished? Thesedimensions are the agent equivalent of “correctness” in LLM evaluation, butverifying them requires inspecting the environment rather than comparingtext outputs.

 
2.
Process	 dimensions assess how the agent reached (or failed to reach) itsgoal. Was the trajectory ef�icient, or did it include unnecessary steps? Didthe agent recover appropriately from errors? Did intermediate reasoningdemonstrate understanding of the problem? Process dimensions capturequality aspects that outcome evaluation alone would miss: two agentsmight both succeed, but one through a direct path and the other through awasteful, fragile sequence of lucky corrections.

 
3.
Tool	 usage	 dimensions assess the agent’s interaction with its availabletools. Did it select appropriate tools for each situation? Did it invoke themwith correct parameters? Did it interpret their outputs accurately? Toolusage can be evaluated independently of outcome because an agent mightsucceed despite poor tool choices (e.g., through redundant calls or luckyguesses) or fail despite correct tool usage (due to environmental factorsbeyond its control).

 
4.
Safety	 dimensions assess whether the agent operated within acceptableboundaries. Did it avoid prohibited actions? Did it handle sensitive dataappropriately? Did it respect rate limits, access controls, and otherconstraints? Safety is typically a gating dimension: any violation fails theentire evaluation regardless of other scores.

 
5.
Communication	 dimensions (for user facing agents) assess the quality ofthe agent’s interaction with the user. Was its language clear andappropriate? Did it keep the user informed of what it was doing? Did it askfor clari�ication when needed rather than making assumptions?

 



The template should specify scoring criteria for each dimension: whatconstitutes a passing score, what differentiates levels of quality, and whatevidence the evaluator should examine. Section 4.4 develops speci�ic metrics foreach of these dimension categories.
4.3.3	 Isolating	 Rubric	 DimensionsA common mistake in template design is asking a single evaluator to produce acomprehensive judgment across multiple dimensions simultaneously. “Rate thisagent trajectory for overall quality considering accuracy, safety, ef�iciency, andcommunication style” con�lates four independent dimensions into one score,making it impossible to diagnose which aspects need improvement.Effective agent templates isolate each evaluation dimension into a separaterubric item. Each item should have its own scoring criteria and its own weightin the �inal score. This isolation provides two primary bene�its:
Diagnostic	 speci�icity. When an agent’s score drops, isolated dimensionsreveal whether the problem is accuracy, safety, ef�iciency, or something else. Acombined score that drops from 3.8 to 3.2 provides almost no diagnosticsignal; knowing that accuracy held steady while ef�iciency dropped sharplytells you exactly where to focus improvement efforts.
Independent	 weighting. Not all dimensions matter equally for every usecase. A customer facing agent might weight communication quality heavilywhile an internal automation agent might weight ef�iciency. Isolateddimensions enable per deployment weight customization withoutredesigning the entire template.For a customer service agent, an isolated rubric might include the followingdimensions:Task completion: Did the agent resolve the customer’s request? Veri�ied bycomparing database state against expected outcome. Scored binary: pass orfail.Policy compliance: Did the agent follow domain-speci�ic rules? Concreteconstraints (e.g., refund amounts within limits, required disclosuresprovided) plus softer compliance (e.g., appropriate escalation behavior,proper handling of ambiguous situations). Scored on a scale.Tool usage correctness: Did the agent call the right APIs with correctparameters? Did it avoid unnecessary or redundant tool calls? Scored as aratio of correct tool invocations to total invocations.



Ef�iciency: How many steps, tokens, and API calls did the agent use?Compared against a baseline or reference trajectory length. Scored as a ratioor on a scale.Communication quality: Was the agent’s language clear, professional, andhelpful? Did it keep the customer informed of actions being taken? Scored ona scale with dimension-speci�ic criteria.Safety: Did the agent avoid prohibited actions? Did it attempt any unsafeintermediate steps, even if the �inal outcome was acceptable? Scored binary:pass or fail, with any failure overriding other scores.
4.3.4	 Partial	 Credit	 and	 Hierarchical	 ScoringBinary pass/fail scoring is appropriate for some evaluation dimensions (safety,policy compliance) but overly coarse for others. An agent that completes four of�ive subtasks demonstrates meaningfully different capability than one that failsimmediately, and evaluation templates should capture this distinction.One approach is subgoal	decomposition, which breaks compound tasks intoindependently scorable components. If the task is “�ind the customer’s order,check return eligibility, process the return, and send a con�irmation email,” eachstep becomes a scorable subgoal. The agent receives credit proportional to thenumber of subgoals completed: 4/4, 3/4, 2/4, and so on. This approach,sometimes called Task Goal Completion, provides the granular diagnostic signalthat binary scoring lacks.For even �iner granularity, step	success	rate tracks the percentage ofindividual plan steps that the agent executes correctly. This is particularly usefulfor long-horizon tasks where the agent might succeed on the �irst 10 steps butfail on step 11. Knowing the step level breakdown reveals exactly where theagent’s capability boundary lies.When combining scores across dimensions, weighted	scoring assignsdifferent importance to different rubric dimensions. The simplest approachrequires all dimensions to meet minimum thresholds (every dimension mustscore above 0.5). A more nuanced approach combines dimension scores withweights (task completion worth 40%, policy compliance 25%, ef�iciency 15%,communication 10%, safety 10%). Hybrid approaches apply binary gating oncritical dimensions (any safety failure means overall failure) while weightingnoncritical dimensions on a continuous scale.Traf�ic-based weighting adjusts dimension weights according to howfrequently each scenario occurs in production: if 60% of real user requestsinvolve order status queries and only 5% involve complex returns, the



evaluation should weight performance on status queries correspondinglyhigher to re�lect actual user impact.The choice of scoring method depends on the deployment context. Forsafety critical applications, binary gating on safety dimensions is essential: noamount of task completion excellence compensates for a safety violation. Foroptimization-focused applications, weighted scoring enables meaningfuldifferentiation between agents that achieve similar outcomes through more orless ef�icient paths.
4.4	 Agent	 Evaluation	 MetricsSection 4.3 developed the principles for designing evaluation rubrics: whatdimensions to assess, how to structure scoring criteria, and how to handlepartial credit. This section catalogs the speci�ic metrics that operationalizethose rubrics, providing the formulas and measurement approaches thattranslate agent behavior into quantitative scores.No single metric captures agent quality. An agent might achieve high tasksuccess while being inef�icient, or demonstrate excellent tool usage while failingon safety. A comprehensive evaluation framework requires metrics spanningmultiple dimensions: task completion, reliability across trials, tool usageaccuracy, trajectory ef�iciency, and error recovery. The following subsectionsdevelop metrics for each dimension.
4.4.1	 Task	 Completion	 MetricsThe foundational metric is task	 success	 rate: the fraction of tasks where theagent achieves the de�ined goal.

Task Success Rate = (Successful Tasks)/(Total Tasks)This metric is simple, interpretable, and universally applicable. Its limitation isthat binary success/failure obscures meaningful distinctions. An agent thatcompletes 80% of the required steps before failing provides more value thanone that fails immediately, but both receive the same score of zero.
Progress	 rate addresses this limitation by measuring how effectively anagent advances toward its goal even when �inal success eludes it. TheAgentBoard benchmark introduced this metric to provide diagnostic signalwhen most models achieve low success rates (Ma et al. 2024). If an agentcompletes steps 1–4 of a 5 step task before failing, its progress rate is 0.8 eventhough its task success is 0.



Task	 goal	 completion	 (TGC) applies similar logic to multi-componentgoals. If a task requires the agent to accomplish �ive independent subgoals (e.g.,update the customer record, issue the refund, send the con�irmation email, logthe interaction, close the ticket), TGC measures the fraction achieved:
Task Goal Completion = (Subgoals Achieved)/(Total Subgoals)An agent that completes 4 of 5 subgoals scores 0.8, meaningfully distinguishingit from one that completes 1 of 5.
Step	 success	 rate provides even �iner granularity by tracking thepercentage of individual plan steps executed correctly. This is particularly usefulfor long-horizon tasks where understanding exactly which step failed guidesdebugging and improvement.

4.4.2	 Reliability	 MetricsBecause agents behave non-deterministically across runs (as discussed in Sect.4.2.4), single trial metrics like task success rate provide incomplete pictures.Reliability metrics capture consistency across multiple trials of the same task.
Pass@k measures the probability that at least one of k independent trialssucceeds. It answers the question: can this agent ever solve this task?
Pass@k = 1 − (1 − p)̂k (where p is the single trial success probability)In practice, pass@k is estimated empirically by running k trials and checkingwhether any succeeded. A pass@1 of 0.3 combined with a pass@10 of 0.95 tellsus the agent can almost certainly solve the task given enough attempts, but failsmore often than it succeeds on any individual try.
Pass^k (sometimes written pass_k or “all@k”) measures the probability thatall k trials succeed. It answers the question: can this agent reliably solve thistask?

Pass k̂ = p̂k (where p is the single trial success probability)The τ-bench benchmark introduced this metric to expose reliability problemsthat pass@k obscures (Yao et al. 2024).For example: an agent with pass@1 of 0.7 has pass^5 of only 0.17 (=0.75),meaning it fails at least once in �ive consecutive attempts 83% (1 − 0.17 = 0.83)of the time.For customer facing applications where each user experiences a single trial,pass^k at modest values of k (5, 8, 10) reveals whether the agent is productionready. τ-bench found that even GPT-4o achieved pass^8 below 25% on retailtasks, highlighting the gap between “sometimes succeeds” and “reliablysucceeds.”



Mean	 score across trials captures average expected quality when scores arecontinuous rather than binary. If an agent scores 0.8, 0.6, 0.9, 0.7, and 1.0 across�ive trials, the mean of 0.8 represents typical performance.
Minimum	 score across trials captures worst case behavior. The sameagent’s minimum of 0.6 reveals its �loor, relevant for contexts where any singlebad outcome matters.
Standard	 error	 of	 the	 mean	 (SEM) should accompany all aggregatemetrics to communicate uncertainty. An agent scoring 0.75 ± 0.02 ismeaningfully different from one scoring 0.75 ± 0.15.

4.4.3	 Tool	 Usage	 MetricsAgents interact with the world through tools, and tool usage quality is a distinctdimension from task completion. An agent might succeed despite poor toolchoices (through redundant calls or lucky recovery) or fail despite correct toolusage (due to environmental factors). Tool metrics isolate this dimension.
Trajectory	 precision measures what fraction of the agent’s tool calls wereactually needed:

An agent that makes 10 tool calls when only 5 were necessary has precision of0.5, indicating wasted effort.
Trajectory	 recall measures what fraction of the necessary tool calls theagent made:

An agent that makes 4 of the 5 necessary calls has recall of 0.8, indicatingincomplete execution.These metrics can be computed at three levels of strictness, as formalized byGoogle’s Vertex AI evaluation service (Google Cloud, 2025):
Exact	 match requires the agent’s tool sequence to be identical to thereference: same tools, same order, no extras. This is appropriate only when thesequence is genuinely canonical.
In	 order	 match requires all reference tools to appear in the agent’strajectory in the correct order, but permits extra tool calls between them. Thiscaptures tasks where ordering matters (read before write) while allowingexploratory behavior.

Trajectory Precision

= (Tool Calls in Reference)/(Total Tool Calls by Agent)

Trajectory Recall

= (Tool Calls by Agent ∩ Reference)/(Tool Calls in Reference)



Any	 order	 match requires only that all reference tools appear somewherein the trajectory, regardless of order or additional calls. This is the appropriatedefault for most evaluations where multiple valid paths exist.
Tool	 selection	 accuracy measures whether the agent chose the right toolfor each situation, independent of parameter correctness:

Argument	 correctness measures whether tool calls included correctparameter values:
These two metrics decompose tool usage into selection and executioncomponents, revealing agents that identify the right tools but fail to invoke themcorrectly, a common failure mode.
4.4.4	 Ef�iciency	 MetricsTwo agents might both complete a task successfully, but one in 3 steps costing$0.02 while the other takes 30 steps costing $0.50. Ef�iciency metrics capturethis distinction.
Trajectory	 length counts the number of steps (reasoning cycles, tool calls,or turns) the agent takes:
Trajectory Length = Number of Steps from Task Start to CompletionShorter trajectories indicate more ef�icient reasoning though this must bebalanced against success rate. An agent that fails quickly is not more ef�icientthan one that succeeds slowly.
Token	 consumption measures the total tokens processed (input plusoutput) across the trajectory. This directly determines API costs for hostedmodels:

Token Consumption = Σ(Input Tokens + Output Tokens) across all steps

Latency metrics capture time performance.– Time	 to	 �irst	 token	 (TTFT) measures how quickly the agent beginsresponding.– End-to-end	 latency measures total time from task submission to completion.For interactive agents, both matter: users want quick acknowledgment (lowTTFT) and fast resolution (low end-to-end latency).

Tool Selection Accuracy

= (Correct Tool Selections)/(Total Tool Selection Decisions)

Argument Correctness

= (Calls with Correct Arguments)/(Total Tool Calls)



Cost	 of	 pass combines effectiveness and ef�iciency into a single metric:
Cost of Pass = Total Cost/Successful TasksThis captures the economic reality of agent deployment. Research on agent costoptimization has found that optimizing for accuracy alone yields agents 4–10times more expensive than cost aware alternatives achieving comparableperformance. An agent with 80% success rate at $0.10 per task has cost of passof $0.125, while one with 90% success at $0.50 per task has cost of pass of$0.56, nearly �ive times higher despite better raw accuracy.

4.4.5	 Error	 Recovery	 MetricsErrors are inevitable in multi-step processes. What distinguishes capable agentsis not error avoidance (impossible to guarantee) but error recovery: detectingproblems, diagnosing causes, and correcting course.
Correction	 success	 rate	 (CSR) measures the fraction of errors that theagent successfully corrects:
Correction Success Rate = (Errors Corrected)/(Errors Encountered)This requires detecting when an error occurred (often through tool output orenvironmental feedback) and tracking whether the agent’s subsequent actionsresolved it.Research on error correction reveals a counterintuitive “accuracy correctionparadox”: weaker models achieve substantially higher intrinsic correction ratesthan stronger models (26.8% versus 16.7% in one study). The explanation isthat stronger models make fewer but “deeper” errors that resist correction,while weaker models make more frequent but shallower errors that they canoften �ix.Error recovery decomposes into three subcapabilities:1.
Error	 detection measures whether the agent recognizes that somethingwent wrong. An agent might receive a “�ile not found” error and continue asif the �ile were successfully read, failing at detection despite clear signals.  

2.
Error	 localization measures whether the agent correctly identi�ies wherethe problem originated. Knowing that something failed is insuf�icient; theagent must trace the failure to its source.  

3.
Error	 correction measures whether the agent successfully �ixes identi�iedproblems. An agent might detect and localize an error but lack thecapability to resolve it.  



Agents often fail at detection while possessing correction capability: theycannot �ix what they do not recognize as broken. Evaluation should measure allthree subcapabilities independently to diagnose where improvement is needed.
Retry	 ef�iciency captures diminishing returns in self-correction. Researchconsistently shows that self-correction attempts saturate after approximatelythree retries, with additional attempts rarely producing success. Agents thatretry inde�initely without success waste resources.
Retry Efficiency = Success Rate Improvement/Additional RetriesAn agent whose success rate improves from 60% to 80% with one retry butonly to 82% with two additional retries demonstrates diminishing retryef�iciency.

4.5	 Evaluators:	 Judging	 Agent	 BehaviorThe metrics de�ined in Sect. 4.4 require someone or something to computethem. A task completion metric needs an evaluator to determine whether thetask was completed. A tool usage metric needs an evaluator to judge whethereach tool call was appropriate. This section examines the evaluators availablefor agent assessment: model-based judgment and human evaluation. Code-based veri�ication (environment state checks, test suite execution, outputvalidation) provides the foundation, but many important dimensions resistformal speci�ication. Was the agent’s reasoning sound? Did it communicateclearly? Did it handle ambiguity appropriately? For these dimensions, theevaluators discussed below become necessary.Chapter 3 developed the foundations of evaluation methodology, includingthe trade-offs between human raters and LLM judges for assessing LLM outputs.Agent evaluation inherits those foundations but introduces additionalcomplexity. Agents produce trajectories rather than single outputs, interact withenvironments that can be programmatically inspected, and exhibit non-deterministic behavior that complicates judgment. This section focuses on whatchanges when evaluating agents rather than repeating the general principlescovered earlier.When code cannot capture the evaluation criteria, LLMs can serve as judges.Chapter 3 covered the general methodology: LLM judges operate in pointwisemode (scoring a single output against criteria), pairwise mode (comparing twooutputs), or reference-based mode (comparing output against a gold standard).Agent evaluation uses all three modes but must adapt them for trajectoriesrather than single outputs.



The key adaptation is trajectory	aware	prompting: providing the judge withthe full sequence of agent actions, not just the �inal output. A prompt mightinclude the original task, each reasoning step the agent produced, each tool calland its result, any user interactions, and the �inal outcome. The judge thenassesses whether the trajectory demonstrates competent problem-solving.For example:Task: “Find the customer’s most recent order and check if it’s eligible forreturn.”Trajectory:Step 1: Agent called search_customer(email="john@example. com") → Found customer ID 4521Step 2: Agent called get_orders(customer_id=4521, limit=1,sort="date_desc") → Order #8834, placed 2024-01-15Step 3: Agent called get_return_policy() → 30-day return windowStep 4: Agent called get_current_date() → 2024-02-10Step 5: Agent responded: “Your most recent order #8834 from January15th is within the 30-day return window and eligible for return”Evaluate this trajectory on a 1–5 scale for:– Correctness: Did the agent reach the right conclusion?– Ef�iciency: Did the agent take unnecessary steps?– Completeness: Did the agent gather all required information?This structure gives the judge visibility into the agent’s reasoning process, notjust whether the �inal answer was correct.For even �iner grained signal, step	level	judgment evaluates each stepindependently rather than judging the trajectory as a whole. Rather thanlearning that a trajectory was “mostly good,” evaluation reveals that steps 1–7were appropriate but step 8 represented a reasoning error. Process rewardmodels formalize this approach, providing dense supervision at eachintermediate step rather than sparse outcome only feedback.A third adaptation is dimension	isolation, applying the principle from Sect.4.3.3: rather than asking a single judge for a holistic assessment, run separatejudges for each dimension. One judge evaluates task completion, anotherevaluates tool usage appropriateness, a third evaluates communication quality.This reduces the cognitive load on each judge and produces more reliablescores per dimension.



The known biases of LLM judges apply to agent evaluation. Position biascauses judges to favor outputs presented �irst or last. Verbosity bias causesjudges to prefer longer, more detailed responses regardless of quality. Self-preference causes models to favor outputs that match their own generationstyle. Mitigation strategies include randomizing presentation order, using lengthcontrolled comparisons, and employing judges from different model familiesthan the agent being evaluated.
4.6	 Agent	 Failure	 ModesEffective evaluation requires knowing what to look for. Agents fail incharacteristic ways that differ from single-turn LLM failures. Understandingthese patterns helps design rubrics, metrics, and test cases that catch problemsbefore deployment.The most obvious failure is tool	looping, where an agent repeatedly calls thesame tool or sequence of tools without making progress. The agent might querya database, receive an empty result, and query it again with identicalparameters, burning through tokens and time without advancing toward thegoal. Evaluation should track repeated identical tool calls and �lag trajectorieswhere the agent appears stuck.A related problem is hallucinated	tool	calls, where the agent invokes toolsthat do not exist, uses incorrect function signatures, or passes parameters thatviolate the tool’s schema. Unlike hallucinated facts in text generation,hallucinated tool calls produce immediate errors that block progress. Metricsshould track the rate of malformed or invalid tool invocations separately fromcorrect calls that happen to return errors.Even when individual tool calls succeed, cascading	errors can corrupt entiretrajectories. A wrong assumption in step 2 propagates through steps 3–10,producing a con�idently wrong �inal answer. Because agents build on their ownoutputs, a single error can compound through the entire execution. Step levelevaluation helps identify where cascades begin, enabling targetedimprovement.More subtle are success	mirages, where the agent reports task completionwithout actually achieving the goal. The agent might say “I’ve updated thedatabase” without having made any changes, or claim “the �ile has been created”when creation failed. Evaluation must verify claims against actual environmentstate rather than trusting the agent’s self-report. This is why outcomeevaluation should inspect the environment directly (Sect. 4.3.1).



Even genuine task completion can mask problems through speci�ication
gaming, where the agent achieves the literal goal while violating its spirit. Askedto “increase user engagement,” an agent might send spam noti�ications. Askedto “resolve the customer complaint,” it might issue an unauthorized refund.Evaluation should include both positive criteria (did the agent achieve thegoal?) and negative criteria (did the agent violate any constraints?).The most serious failure mode is unsafe	actions. An agent might deleteimportant �iles, expose sensitive data, execute dangerous commands, or takeirreversible actions without appropriate con�irmation. Safety evaluationrequires trajectory inspection for prohibited actions regardless of whether the�inal outcome appears successful. A task that “succeeded” while takingdangerous intermediate steps should fail the safety dimension entirely.These failure modes are not mutually exclusive. An agent might loop on ahallucinated tool call, eventually produce a success mirage, and in the processtake an unsafe action. Comprehensive evaluation checks for each failure modeindependently, using the dimension isolation principle from Sect. 4.3.3.
Failure	 mode Metrics	 that	 detect	 it

Tool	 looping Trajectory length, token consumption, cost of pass (Sect. 4.4.4)
Hallucinated	 tool
calls

Argument correctness, tool selection accuracy (Sect. 4.4.3)
Cascading	 errors Step success rate (Sect. 4.4.1), error detection/localization (Sect. 4.4.5)
Success	 mirages Task success rate with environment veri�ication, gap between reported vs veri�iedsuccess
Speci�ication
gaming

Constraint violation metrics, rubric dimensions for negative criteria (Sect. 4.3.2)
Unsafe	 actions Binary safety gating via trajectory inspection (Sect. 4.3.2)
4.7	 Benchmarks	 for	 Agent	 EvaluationThis section surveys the landscape of agent evaluation benchmarks, organizingthem into major categories based on the environment: coding and softwaredevelopment, web navigation, tool use and function calling, general assistant,and specialized domains. For each category, we examine the design principlesunderlying major benchmarks, their strengths and weaknesses, inherentlimitations, and how they compare to alternatives within the same category.As previously discussed, the challenge of agent evaluation is multi-faceted.Agents operate in open-ended environments where success is often subjective,tasks may have multiple valid solutions, and the evaluation itself can be



computationally expensive or require human judgment. As this section exploresthese benchmarks, it becomes evident the recurring tensions betweenscalability and realism, between standardization and ecological validity, andbetween measuring what’s easy to measure versus what truly matters for real-world deployment.
4.7.1	 Coding	 Agent	 BenchmarksCoding benchmarks evaluate agents’ ability to write, debug, test, and reasonabout code. This category has seen explosive growth as code generation hasbecome a key AI application.Some popular benchmarks include, but not limited to:HumanEval (Chen 2021) with 164 problems and MBPP (Mostly Basic PythonProblems, Austin et al. 2021) with 974 problems were among the �irstsystematic benchmarks for code generation. Both present function-levelcoding tasks with natural language descriptions and unit tests forveri�ication.LiveCodeBench’s (Jain et al. 2024) primary strength is its focus on usingrecent programming problems released after the knowledge cutoff dates ofLLMs being evaluated. Inspired by CRUXEval (Gu et al. 2024), this designaddresses a critical issue in benchmark evaluation where models may haveseen test problems during training, leading to in�lated performance metrics.SWE-bench (Jimenez et al. 2024) represents a paradigm shift towardevaluating agents on real-world software engineering tasks. It contains 2294task instances derived from actual GitHub issues in popular Pythonrepositories, where the agent must locate and �ix bugs in full codebases.CodeContests (Li et al. 2022) and CodeContests+ (Wang et al. 2025), derivedfrom competitive programming platforms, and APPS (Hendrycks et al. 2021)with 10,000 coding problems across dif�iculty levels, evaluate algorithmicproblem-solving ability through programming challenges (Table 4.1).
Table	4.1 Comparison of coding agent benchmark examples

HumanEval
and	 MBPP

LiveCodeBench SWE-bench CodeContests	 and
APPS



HumanEval
and	 MBPP

LiveCodeBench SWE-bench CodeContests	 and
APPS

Problem	 design ✓ Human-authored andmanuallyveri�ied
✕ Staticdataset

✓ Real-worldproblems drawingfrom competitiveprogrammingplatforms likeLeetCode, CodeForces,and AtCoder
✓ Reliablecontaminationprevention

✓ Derived from realopen-sourcedevelopment ✕ Limited practicalrelevance for mostsoftwaredevelopment

Task
veri�ication

✓ Automatedevaluationthrough unittest execution
✓ Automatedevaluation throughunit test execution ✓ Automatedevaluation throughtype-aware mutation-based method,generating a largeamount of test cases

Task
complexity

✕ Functionsare typicallyshort (10–20lines) and self-contained
✓ Require genuinealgorithmic reasoning
✓ Some problemsrequire optimization,not just correctness

Task	 coverage ✕ Limited toalgorithmicproblems,missingbroadersoftwareengineeringtasks

✓ Improved coveragespeci�ically targetingthe problemcharacteristics
✕ Limited toalgorithmic problems,missing broadersoftware engineeringtasks

✓ Covers a broaderrange of capabilities,requiringunderstanding of large,realistic codebases,debugging, and testing
✕ Limited to Pythonand speci�ic open-source projects
✕ Repository-speci�icknowledge mayadvantage modelstrained on GitHub data

✕ Competitiveprogramming is anarrow skillcompared tosoftware engineering

Task	 diversity ✓ Multiple dif�icultylevels and issue types ✓ Multiple dif�icultylevels and issue types ✓ Diverse dif�icultyfrom introductory tocompetition level
Grading
reliability

✕ Limited testslead to highfalse-positiverate
✕ Some tasks areambiguous or requireexternal context ✕ Optimal solutionsoften require domain-speci�ic algorithms



HumanEval
and	 MBPP

LiveCodeBench SWE-bench CodeContests	 and
APPS

Grading
standardization

✓ Standardizedsuccess criteria(pass@kmetric)
✕ Noevaluation ofcode quality,documentation,or style

✕ No evaluation ofcode quality,documentation, orstyle

Computation ✓ Fast ✕ Expensive
Adoption ✓ Broad ✕ Requires fullenvironment setupThe HumanEval and MBPP benchmarks measure coding-in-the-small:writing isolated functions given complete speci�ications. Real softwaredevelopment, however, involves understanding large codebases, debuggingacross �iles, writing tests, and making architectural decisions. The gap betweenHumanEval performance and practical coding utility has continued to widen asmodels have saturated these benchmarks.The LiveCodeBench benchmark depends on continuous release of newproblems from competitive programming platforms, in order to maintain a trulycontamination-free benchmark. This creates an arms race between benchmarkcreators and model developers. At the same time, all competitive-programming-based benchmarks suffer from the fact that, while intellectually challenging, theproblems may not re�lect the kinds of coding tasks developers face daily, such asintegrating APIs, handling edge cases in production systems, or writingmaintainable code for team environments.While SWE-bench dramatically improves realism over function-levelbenchmarks, it still focuses narrowly on bug-�ixing. It doesn’t evaluate softwaredesign, feature implementation from vague requirements, code review, orcollaborative development. The reliance on existing test suites also meansagents aren’t tested on writing comprehensive tests themselves.The CodeContests and APPS benchmarks, on the other hand, excel atmeasuring algorithmic prowess but have minimal overlap with day-to-daysoftware engineering. Most professional programmers rarely implement graphalgorithms or dynamic programming solutions from scratch. The skillsmeasured are valuable but insuf�icient for evaluating practical codingassistance.



The coding benchmark landscape shows clear evolution from isolatedfunction generation (HumanEval/MBPP) to algorithmic problem-solving(CodeContests/APPS) to realistic software engineering (SWE-bench). Eachsuccessive generation trades ease of evaluation for realism and complexity. Thissection discussed not all but only a few coding benchmarks. More are beingcreated and curated as this book is being drafted.A comprehensive evaluation strategy requires multiple benchmarks:HumanEval for basic pro�iciency, SWE-bench for practical capability, andpotentially domain-speci�ic benchmarks for particular applications. The �ieldstill lacks good benchmarks for collaborative coding, architectural decision-making, code review, and long-term codebase maintenance.
4.7.2	 Web	 Navigation	 Agent	 BenchmarksWeb navigation benchmarks evaluate agents’ ability to interact with websitesthrough browsers, including clicking, typing, navigating, and extractinginformation to accomplish user goals.The table below lists some aspects of strengths and weaknesses of threeweb navigation agent benchmarks. As the previous section, this list isillustrative and not comprehensive:WebArena (Zhou et al. 2023) provides a realistic web environment withfunctional websites where agents must complete complex tasks likemanaging shopping carts, posting content, and retrieving information. Itincludes 812 long-horizon tasks requiring multiple interactions, with a widerange of website categories including e-commerce, social forums, andcollaborative software.Mind2Web (Deng et al. 2023) takes a different approach by collecting morethan 2000 web tasks across 137 real websites, focusing on generalization tounseen websites and tasks. The benchmark provides task descriptions andground truth action sequences.WebShop (Yao et al. 2022b) creates a simulated e-commerce environmentwhere agents must search for and purchase products matching speci�iccriteria, such as attributes and price ranges. It contains 12,087 products and1.18 million search queries (Table 4.2).
Table	4.2 Comparison of web agent benchmark examples

WedArena Mind2Web WebShop



WedArena Mind2Web WebShop

Website	 design ✓ Fully functional websitesprovide realistic interactionenvironment ✓ Real-world websites ✕ Simpli�ied websites
Task	 diversity − Different website genres butonly a few domains ✓ Many diverse website genreswith generalization to newdomains ✕ E-commerce only
Task
veri�ication

✓ Automatic veri�ication oftask completion ✓ Annotations include naturallanguage rationales ✓ Clear successcriteria
Task
complexity

✓ Multi-step planning andexecution ✓ Multi-step planning andexecution ✕ Limited interactiontypes
Task	 coverage ✓ Navigation; informationextraction − Search; decision-making
Task
reproducibility

✕ Websites may have variablebehavior or timing issues ✕ Websites change over time,breaking tasks ✓ Controlledenvironment ensuresreproducibility
Grading
sensitivity

✕ Can be overly sensitive tosmall interface changes ✕ Ground truth actions maynot be unique valid solutions ✓ Large scale enablesrobust statisticalevaluation
Computation ✕ Expensive (requires runningweb servers) ✓ Fast
Setup
complexity

✕ High ✕ Requires complex visual andstructural understanding ✓ Fast
WebArena’s controlled environment, while realistic within its scope, doesn’tcapture the full complexity of real web navigation. For example, handlingdynamic content, dealing with CAPTCHAs, navigating poorly designedinterfaces, or adapting to unexpected errors. The static task set also can’tevaluate generalization to new websites or novel task types.Mind2Web’s breadth comes at the cost of controlled evaluation. Since tasksare on live websites or snapshots, reproducibility is challenging and thebenchmark degrades over time. The focus on action sequence matching alsodoesn’t capture whether alternate approaches might be equally or moreeffective.WebShop trades realism for scalability and control. The simpli�ied e-commerce environment doesn’t include many complexities of real shopping:reviews, comparisons, size guides, shipping calculations, or promotional codes.It’s excellent for controlled experiments but limited in generalizability to realweb navigation.All three benchmarks struggle with the same fundamental issues: websiteschange constantly, tasks often have multiple valid solutions, and success can be



subjective. Additionally, current benchmarks focus heavily on goal-directednavigation, while underemphasizing exploratory browsing, informationsynthesis across multiple sites, or assessing information credibility.
4.7.3	 Tool	 Use	 Agent	 BenchmarksTool use benchmarks evaluate agents’ ability to interact with external APIs,functions, and services. This is a critical capability for agents that need toretrieve information, manipulate data, or interact with software systems.ToolBench (Qin et al. 2023) provides a large-scale collection of tool usescenarios with 16,000+ real-world APIs, while API-Bank (Li et al. 2023)focuses on API interaction with 53 API tools across multiple domains. Bothbenchmarks test whether agents can select appropriate tools, construct validAPI calls, and interpret results.The Berkeley Function-Calling Leaderboard (Hao et al. 2025) speci�icallyevaluates function-calling accuracy across multiple categories: simplefunction calls, parallel calls, multiple functions, and relevance detection. Itcontains over 2000 test cases with diverse function schemas (Table 4.3).
Table	4.3 Comparison of tool use benchmark examples

ToolBench Berkeley	 function-calling	 leaderboard

Task
diversity

✓ Covers diverse tool types and domains ✕ Focuses on single-turn interactions ratherthan multi-step tasks
✕ Limited real-world context for function calls

Task
veri�ication

✕ Often requires simulated API responsesrather than live calls ✓ Standardized evaluation methodology
✕ Evaluation is purely structural (valid JSON)rather than semantic

Task
complexity

✓ Evaluates multi-step tool use (callingmultiple APIs in sequence) ✓ Includes challenging cases like parallelexecution
Task
coverage

✓ Tests both tool selection and parameter�illing
✕ Limited assessment of error handling andedge cases

✓ Comprehensive coverage of function-callingpatterns
✓ Tests whether agents can avoid callingfunctions when inappropriate
✕ Doesn’t evaluate function composition orcomplex work�lows

Task
freshness

✕ Many APIs may be outdated ordeprecated ✓ Regular updates with new test categories
Grading
sensitivity

✕ Ground truth solutions may not beunique



Toolbench focuses on functional correctness, but doesn’t evaluate importantpractical concerns like ef�iciency, e.g., minimizing API calls, cost awareness,handling rate limits, or graceful degradation when tools fail. The use ofsimulated rather than live APIs also creates a gap between benchmarkperformance and real-world robustness.The Berkeley Function-Calling Leaderboard benchmark excels at testing themechanics of function calling but doesn’t evaluate whether agents use functionseffectively to accomplish user goals. An agent could score perfectly on function-calling syntax while choosing the wrong functions or calling them in inef�icientsequences.Tool use benchmarks face a fundamental tension between coverage anddepth. ToolBench’s breadth (16,000+ APIs) provides comprehensive coveragebut with shallow evaluation of each tool. Berkeley Function-Calling focusesdeeply on the mechanics of calling functions but with limited real-worldcontext.Neither benchmark adequately tests tool use in truly open-ended scenarioswhere agents must discover available tools, reason about tool capabilities fromdocumentation, or creatively combine tools to solve novel problems. The �ieldneeds benchmarks that evaluate tool use as part of complete task solutionsrather than as an isolated skill.
4.7.4	 General	 Assistant	 Agent	 BenchmarksGeneral assistant benchmarks evaluate an agent’s ability to be helpful acrossdiverse everyday tasks, such as answering questions, providingrecommendations, helping with planning, and engaging in natural conversationwhile using tools or accessing information.GAIA (Mialon et al. 2023) was designed to evaluate AI assistants on questionsthat are conceptually simple for humans but require agents to combinemultiple capabilities: web search, multi-step reasoning, tool use, andinformation synthesis. The benchmark contains around 450 questionsspanning science, geography, current events, and practical tasks, withquestions explicitly designed to require genuine understanding rather thanpattern matching.AssistantBench (Yoran et al. 2024) takes a different approach by evaluatingagents on realistic personal assistant tasks: managing emails, scheduling, webresearch, and �ile manipulation. It consists of 214 tasks that require planning,tool use, and understanding of user context (Table 4.4).



Table	4.4 Comparison of general assistant benchmark examples
GAIA AssistantBench

Task
diversity

✕ Relatively small dataset size limits statistical robustness ✓ Includes tasks requiringmulti-turn interaction andcontext maintenance
Task
veri�ication

✓ Human-veri�iable with objective ground truth answers;designed to be unambiguous with clear success criteria
✕ Binary correct/incorrect scoring misses partial progress

✓ Evaluates end-to-end taskcompletion, not just �inalanswers
✓ Measures both task successand ef�iciency (number ofsteps)
✕ Evaluation often requiresmanual veri�ication

Task
complexity

✓ Requires genuine multi-step reasoning and tool use ratherthan pure memorization; dif�iculty levels (1–3) allow fornuanced capability assessment
Task
coverage

✕ Limited coverage of creative or subjective tasks
✕ Doesn’t evaluate conversational quality or user experience ✓ Re�lects realistic use casesfor personal AI assistants

✕ Smaller scale limitscomprehensive coverage
Task
freshness

✕ Static benchmark vulnerable to data contamination overtime ✕ Tasks may becomeoutdated as digital toolsevolve
Setup
complexity

✕ Setup complexity makesreproduction and dif�icultGAIA focuses on factual questions with objective answers. This excludesimportant assistant capabilities like providing personalized advice, creativeideation, or navigating ambiguous user requests. The requirement for veri�iableanswers also biases toward information retrieval tasks rather than generativeor planning tasks.On the other hand, AssistantBench’s realism comes at the cost of scalability.Many tasks require speci�ic environment con�igurations, and evaluation can belabor-intensive. The focus on productivity tasks also excludes other importantassistant capabilities like emotional support, creative collaboration, oreducational tutoring.These two benchmarks represent two philosophies in assistant evaluation.GAIA prioritizes scalability and objective evaluation through question-answering, making it easier to run and compare across models. AssistantBenchprioritizes ecological validity through realistic task scenarios, providing betterinsight into real-world performance but at greater evaluation cost.



GAIA’s questions can be answered in isolation, while AssistantBench’s tasksoften require maintaining context across multiple actions. GAIA measureswhether agents can �ind correct information, while AssistantBench measureswhether agents can effectively accomplish user goals. Neither fully captures theopen-ended, conversational nature of real assistant interactions, where usersatisfaction involves factors like response style, proactive helpfulness, andgraceful handling of ambiguity.
4.7.5	 Special	 Domain	 Agent	 BenchmarksBeyond the major categories, several specialized benchmarks evaluate agents inspeci�ic domains or on particular capabilities.AgentClinic (Schmidgall et al. 2024) introduces genuine agentic complexity,bias modeling, and multimodal elements that better re�lect real clinical work.Its main weaknesses are the small scale of cases, reliance on US-centriceducational datasets, and a reproducibility challenge inherent to using LLMsfor both the evaluated agent and the simulation environment itself. It is bestunderstood as a proof-of-concept framework for interactive clinicalevaluation rather than a comprehensive, production-grade benchmark.Scienti�ic research tasks require specialized reasoning, experimental design,and integration of domain knowledge. ScienceAgentBench (Chen et al. 2024)evaluates agents on literature review, hypothesis generation, experimentalplanning, and data analysis in scienti�ic contexts. This benchmark providesvaluable insight into specialized capabilities but lacks generalizability.Success on ScienceAgentBench doesn’t necessarily predict performance inlegal, �inancial, or creative domains. The �ield needs more domain-speci�icbenchmarks while acknowledging each has limited scope.Mobile environments present unique challenges: Touch interfaces, app-speci�ic interaction patterns, limited screen space. Benchmarks likeMobileAgentBench (Wang et al. 2024) evaluate agents controlling mobileapps to complete tasks. Running agents in mobile environments requiressophisticated tooling, tasks are platform-speci�ic, and the rapid evolution ofmobile apps makes sustained benchmarks dif�icult. The �ield needsstandardized mobile simulation environments.
4.8	 DiscussionDespite progress in agent evaluation, fundamental challenges persist across allbenchmark categories:



Static vs. Dynamic: Most benchmarks are static datasets vulnerable tomemorization and contamination. As models train on increasingly large webcorpora, distinguishing genuine capability from memorization becomesharder. Dynamic benchmarks that generate new tasks are expensive and riskreduced quality or unintended biases.Evaluation Scalability vs. Realism: There’s an inherent trade-off betweenbenchmarks that can evaluate thousands of agents quickly (like HumanEval)and those that simulate realistic complexity (like SWE-bench). Realisticevaluation often requires expensive infrastructure, human judgment, or longexecution times.Single-Task vs. Multi-Task: Most benchmarks evaluate isolated tasks, but realagents must juggle multiple concurrent goals, maintain context acrossinterruptions, and prioritize among competing objectives. Few benchmarkscapture this essential aspect of agency.Success Metrics: Binary success/failure is clean but crude. Partial credit,ef�iciency metrics, and solution quality all matter but are harder tostandardize. The �ield lacks consensus on how to measure “good enough” vs.optimal performance.Safety and Alignment: Current benchmarks overwhelmingly focus oncapability while under-measuring safety, truthfulness, or alignment. An agentthat successfully completes tasks while occasionally hallucinating, violatingprivacy, or acting deceptively might score well on most benchmarks.For practitioners, the implication is clear: no single benchmark tells the wholestory. A comprehensive evaluation strategy requires multiple benchmarksspanning different categories, supplemented by domain-speci�ic tests and real-world deployment metrics. Researchers developing new benchmarks should beexplicit about their design choices and limitations rather than claimingcomprehensive evaluation.Looking forward, the �ield needs benchmarks that better capture long-horizon planning, multi-agent coordination, robust uncertainty handling, andalignment with human values. We need evaluation frameworks that work forcontinual learning rather than static snapshots. Most importantly, we needcloser coupling between benchmark performance and real-world impact.The ultimate test of an agent isn’t its score on any benchmark but whether itreliably helps people accomplish their goals safely and effectively. As agentsbecome more capable and widely deployed, our evaluation methodologies mustevolve to ensure that benchmark success predicts real-world value.
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Conceptually, three distinct phases of evaluation pipeline can benamed:Creation of the Evaluation Sets, Templates, and MetricsExecution of evaluationsAnalysis of resultsIn this section, we will discuss levels of automation needed for each ofthe phases of the process.
5.1.1	 Creation	 of	 the	 Evaluation	 Sets,	 Templates,	 and
MetricsAs we discussed earlier, the evaluation set is the foundational test forthe model. In Sect. 3. 1, we talked about different set designs requiredfor different stages of the AI system’s maturity, evolving from simplesanity checks to rigorous, tailored frameworks. According to the “FourStages of Evaluation Set Evolution,” the infrastructure requirements fordata creation shift as a model moves toward production:
Stage	 1: Manual Curation and Sanity Checks: In the initialprototyping phase, evaluation sets are typically small (10–50examples) and handcrafted by development teams to test basicinstruction following. At this stage, speed and clarity are prioritizedover automation, as the set can be created and modi�ied withinhours. For this stage, it might appear that not much infrastructureinvestment is needed, but still we would advise practitioners even atthis early stage to think through future system design and enforcesome data formatting standardization.
Stage	 2: Public Benchmarks: As models improve, teams transition towell-vetted public benchmarks like MMLU (Hendrycks et al. 2021),HumanEval (Wang 2024), or HELM (Stanford) (Kaiyom et al. 2024)to establish credibility and baseline capabilities across diverse areas.While these sets are easily accessible and available for public use,data pipelines and appropriate wiring of these sets are needed toenable smooth and ef�icient usage of these sets.



Stage	 3: Custom Evaluation Sets: Once benchmarks saturate, themindset shifts from academic performance to user utility (“how welldoes this system serve our users?”). This stage requires substantialinfrastructure for tracking, automated inference, and integrationwith human data components to manage hundreds or thousands ofdomain-speci�ic scenarios. The reference to human data componentsat this stage deserves further elaboration. Custom evaluation at scaletypically requires dedicated annotation infrastructure: platforms fordistributing labeling tasks, interfaces tailored to the speci�ic rubricbeing applied, and systems for tracking inter-annotator agreement toensure consistency. Managing annotator pools, monitoring labelquality over time, and handling disagreement resolution work�lowsare all engineering problems that compound as evaluation sets grow.Teams that treat annotation as an informal process at Stage 3 often�ind it becomes the primary bottleneck to evaluation velocity.
Stage	 4: Real-World Examples (Online Evaluation): The �inal stageinvolves controlled experimentation in the wild, such as A/B testingand gradual rollouts. This requires highly specialized infrastructurecapable of capturing actual user distributions and intermediatetelemetry data while managing the noise inherent in productionenvironments.Beyond the stages themselves, a foundational infrastructurerequirement that spans all stages is versioning of evaluation sets.Evaluation sets are not static; items are added, removed, or reweightedas understanding of model behavior deepens. Without disciplinedversion control, it becomes impossible to determine whether a changein model performance re�lects genuine improvement or simply a shiftin what is being measured. Every evaluation run should be traceable toa speci�ic, immutable snapshot of the set it was run against (Fig. 5.1).



Fig.	5.1 Four stages of evaluation infrastructure needsA critical infrastructure requirement arises when custom sets(Stage 3) or online sets (Stage 4) are derived from production logs.While these logs offer the best re�lection of real-world intent, they areoften laden with personally identi�iable information (PII) and requirespecialized privacy-preserving layers, as discussed in the followingsections.A related concern is data contamination. As evaluation sets grow,particularly when sourced from public or semi-public corpora, the riskincreases that test items have appeared in a model’s training data,in�lating performance estimates. Infrastructure should includeautomated contamination detection, such as n-gram overlap checks orembedding similarity scans between evaluation items and knowntraining sources. This is especially important for custom sets (Stage 3)that may draw from the same domain-speci�ic content used for �ine-tuning.Templates and Metrics design efforts can typically be happening inparallel with set creation work. As we have detailed in Sect. 3. 2. 3,creating deconstruction of Chain-of-Thought templates remains adeeply human endeavor and requires deep expertise and carefulcrafting. Because Template (or Chain-of-Thought) rubrics de�ine thecore requirements of a model and do not change daily, the urgency for



automating their creation is low. The focus for infrastructure at thisstage is on version control and management, ensuring that as rubricsevolve, they can be consistently applied to both historical and newmodel iterations.
5.1.2	 Running	 Evaluations	 at	 ScaleThe execution phase is the most infrastructure-heavy and requiresthoughtful system design and automation from the get-go. At theorchestration level, a production evaluation system rarely runs a singleevaluation in isolation. At any given time, multiple evaluation runs maybe in �light: a new model checkpoint tested against the core set, aregression suite triggered by a code change, and a periodic re-evaluation of production models running on a schedule. This requires ajob orchestration layer that manages scheduling, priority, and resourceallocation across concurrent runs. Without it, teams quickly �indthemselves in a situation where urgent evaluations are blocked behindlong-running batch jobs, or where competing runs degrade each other’sthroughput.A production-ready system must automate three subtasks:
Obtaining	 model	 responses: High-throughput inference engines areneeded to query models across thousands of prompts in parallel.Model responses must be representative of the actual userexperience, so for certain tasks model output as-of-time of queryissue is needed, and this increases complexity even further. Obtaininga time-agnostic model response for a prompt: “what is 2+2?” is verydifferent from obtaining a highly time-dependent response to theprompt: “what time is it now?”. Infrastructure and model callingshould account for this.Any system making thousands of inference calls must be designedwith the assumption that some will fail. API rate limits, networktimeouts, model service outages, and malformed responses are notedge cases at scale; they are routine. Infrastructure must supportautomatic retries with backoff, graceful handling of partial failures,and the ability to resume an interrupted evaluation run from where it



left off without re-processing completed items. A single failed callshould never invalidate an entire evaluation run, nor should itsilently produce incomplete results that are later treated as complete.
Obtaining	 labels: Obtaining labels is the key step of evaluations. Forearly stages of model development (see Sect. 3. 1) reliance on humanraters is typical. Engineers working on evaluation systems need tothink through the process of labels collection and storing. As systemsmature into later stages and scale beyond initial phases a need tobypass the human rater bottleneck arises, thus systems start relyingon “LLM-as-a-Judge” frameworks (see Sect. 3. 4). Infrastructure mustevolve to allow this much more computationally expensive process.The computational cost of LLM-as-a-Judge evaluation deservesmore than a passing acknowledgment, as it often becomes thedominant cost in the entire evaluation pipeline. A single complexrubric applied by a frontier model to ten thousand examples can costmore than the inference run it is evaluating. Practical infrastructuremust support strategies for managing this: batching requests tomaximize throughput, selecting judge models of appropriatecapability for the dif�iculty of the task, and parallelizing judge callsacross available compute. Teams should also consider whether atiered approach is viable, where a faster, cheaper model handlesstraightforward cases, and a more capable model is reserved forambiguous or borderline examples.In practice, the transition from human raters to automated judgesis rarely a clean switch. Most mature evaluation systems operate in ahybrid mode where human and automated judgment coexist. Thisrequires routing infrastructure that can direct individual evaluationitems to the appropriate judge based on prede�ined criteria:con�idence thresholds from the automated judge, domain sensitivity,or random sampling for ongoing calibration. When an LLM judgeproduces a low-con�idence label, the item should be automaticallyescalated to a human reviewer. Conversely, human-labeled items canserve as a continuous calibration signal, allowing teams to monitorwhether the automated judge is drifting from human standards over



time. Designing this routing as a �irst-class component of the system,rather than bolting it on later, signi�icantly improves both the qualityand cost-ef�iciency of evaluation at scale.
Results	 compilation	 and	 analysis: Effective evaluationinfrastructure must go beyond simple point estimates to computecon�idence intervals and support multidimensional “slices” (likelanguage or region) by storing rich metadata from the outset.Because model improvements often involve trade-offs such as safetyversus helpfulness, the system must enable multi-objectiveoptimization to map various trade-offs, allowing teams to choose thebest model checkpoint based on competing requirements. To makethese results actionable, dashboards must provide intuitive,stakeholder-speci�ic views that highlight topline metrics and cross-model comparisons. Finally, the analysis layer should automateregression detection to catch statistically signi�icant dropsimmediately and provide longitudinal tracking to ensure thatperformance gains remain stable over months of iterations andarchitectural shifts. In the next section, we will discuss all of thesecomponents in detail.

5.1.3	 Results	 Compilation	 and	 AnalysisOnce labels (human or machine) are collected, the system mustcompute statistical metrics per instructions in metrics design (see Sect.3. 3). Infrastructure must be designed to allow computation of not onlysimple aggregation point estimates metrics, but also con�idenceintervals around them and other descriptive statistics that are neededfor decision-making. Ideally, this analysis needs to be robust enoughand ef�icient enough to produce topline metrics fast and reliably, butalso �lexible to allow ad-hoc analysis and deep-dives. For example, acommon deep-dive analysis is assessment of “helpfulness,” as a functionof model response length.The helpfulness-by-response-length example illustrates a broaderinfrastructure requirement: the ability to slice evaluation results alongarbitrary dimensions without re-running the evaluation. Teams



routinely need to analyze performance by language, geographic region,task category, user segment, input complexity, or any combination ofthese. This is only possible if the evaluation system stores richmetadata alongside each evaluation item and its corresponding label,and if the analysis layer provides �lexible querying and grouping overthat metadata. Designing this capability in from the start is essential;retro�itting it after the fact typically means re-running months ofevaluations with additional metadata attached, which is costly andoften impractical.As we have highlighted many times throughout this book: modelevaluation is almost never a single-dimension task. Thismultidimensionality of evals results in multi-vector optimization needs.Imagine very common examples of trade-offs: Safety andHelpfulness (the more the model refuses to ful�ill users’ response theless likely it produces unsafe response). We talked about this trade-offin Sects. 3. 2 and 3. 3. Another common trade-off is between verbosityand completeness, or between factuality and latency. In most cases,evaluations are done across a panel of metrics, where the same modelis being evaluated for multiple capabilities and characteristics. Withoutproper architectural solutions, making decisions when presented withdozens of evaluation results is virtually impossible and evaluationmetrics become not instruments for decision-making, but a burden.Thus, effective infrastructure must support Multi-ObjectiveOptimization to map the Pareto Frontiers, which represent the set ofoptimal model con�igurations where no objective can be improvedwithout degrading another. Technically, this requires running parallelevaluation pipelines that test different preference weights, allowingteams to visualize the trade-off curve and select the model checkpointthat best meets their speci�ic safety and capability requirements.Infrastructure for computing metrics is only half the equation; theother half is presenting them in a way that enables decisions.Evaluation dashboards are often the primary interface through whichengineering leads, product managers, and safety teams interact withevaluation results. A well-designed dashboard should surface topline



metrics at a glance, allow drill-down into individual metric dimensions,and make cross-model comparison intuitive. Poor dashboard design(cluttered views, missing baselines, no ability to �ilter) can undermineeven the most rigorous evaluation pipeline by burying actionableinsights under noise. Dashboard infrastructure should also supportcustomizable views for different stakeholders since a safety reviewerand a product lead are looking for fundamentally different signals in thesame data.Computing con�idence intervals is a necessary foundation, but aproduction system should not rely on humans to manually inspectevery interval for concerning shifts. Automated regression detectionshould be a core component of the analysis layer. When a new modelcheckpoint shows a statistically signi�icant degradation on any trackedmetric relative to the established baseline, the system should generatean alert without waiting for someone to open a dashboard. Thisrequires de�ining acceptable thresholds per metric, selectingappropriate statistical tests for comparison, and routing alerts to theright team. Without this, regressions that are clearly visible in the datacan go unnoticed for days or weeks, especially when teams areevaluating across dozens of metrics simultaneously.Beyond detecting regressions between two consecutivecheckpoints, infrastructure must support longitudinal analysis acrossmany evaluation runs over time. Questions like “how has factualitytrended over the last twenty model iterations?” or “did the safetyimprovements introduced in March hold through subsequent trainingruns?” require time-series storage of evaluation results, consistentmetric de�initions across runs, and visualization tools that can plotmetric trajectories alongside key development milestones such astraining data changes, �ine-tuning experiments, or architecturalmodi�ications. This historical view is often where the most strategicallyvaluable insights emerge, revealing gradual drifts that no single-runcomparison would catch.Table 5.1 below summarizes key points of the evaluationautomation needs within the evals framework lifecycle:



Table	5.1 Evaluation automation needs within the evals framework lifecycle
Evaluation
framework
component

Automation
urgency

Infra	 need	 to	 include

Evaluation
sets
creation

Medium PII protection and protocols. Access control. Version control of setswith immutable snapshots.Contamination detection against known training sources.
Templates
and	 metrics
creation

Low Version control of templates and metric.Change tracking with backward compatibility to historicalevaluation runs.
Evaluations
execution

High Job orchestration and scheduling across concurrent runs. High-throughput inference with retry logic and partial-run recovery.LLM-as-a-Judge pipelines with cost management (batching, modeltiering). Human-in-the-loop routing for hybrid labeling work�lows.Caching and deduplication keyed to model, set, and rubric versions.
Evaluations
analysis

High Metrics computation with con�idence intervals and descriptivestatistics.Automated regression detection and alerting against baselines.Historical trending and longitudinal comparison across runs.Segmented analysis with �lexible metadata-based slicing.Version control of analysis code.Dashboarding for results communication.Every analysis, whether a scheduled topline report or a one-offdeep-dive, should be reproducible. In practice, this means analysis logicmust be captured as versioned code tied to speci�ic evaluation runsnapshots, not as ad-hoc notebook cells or spreadsheet formulas thatexist only on one engineer’s laptop. When a stakeholder questions aresult or a �inding needs to be revisited months later, the team must beable to re-execute the exact same analysis against the exact same dataand arrive at the same conclusion. Infrastructure should enforce this bydesign, treating analysis artifacts with the same rigor as evaluation setsand templates.Capabilities of running evaluations at scale form the backbone ofthe evaluation lifecycle, and in the next chapter, Chap. 6, we will explorehow these components are deeply interconnected, and we will detail



how robust infrastructure is the prerequisite for the continuousfeedback loops that drive model progress.
5.1.4	 Architectural	 Design:	 Isolation	 of	 the	 Model	 from	 the
Evaluation	 FrameworkDesigning a robust evaluation system is as much an engineeringchallenge as it is a statistical one. It is a common pitfall to treatevaluation as a secondary script that runs alongside the model;however, as LLMs scale, the infrastructure required to measure themmust be thought through with high rigor. A poorly architected systemcan lead to “eval-drift,” where the environment itself introduces bias orfailure.To understand the stakes of these design choices, we �ind itincredibly insightful to look at the LLM competition (Kaiyom et al.2024). This competition was conducted to introspect the evaluation oflarge language models �ine-tuned on specialized data. According to thestudy report by Vicki Boykis: “The idea for the competition started fromthe premise that current of�line evaluation of large language models isan extremely complex and nuanced task, compounded by the speed ofmodel development, continuously increasing options for evaluationmetrics and their implementation, as well as lack of communityconsensus around metrics and pipelines. <…> In this light, one of theprimary goals of the competition was to shed light on how peopleperform this kind of evaluation in practice. <…> The primary machinelearning objective was to be able to �ine-tune LLMs in a 24-h period ona single GPU.”Among other �indings, this study highlighted the necessity of cloud-native architectures that isolate the model from the evaluationframework, thus ultimately shifting evaluations toward “Evaluation as aService” (EaaS) paradigm.Retrospective analysis demonstrated four critical failure modes thatoccur when isolation is neglected:
Environmental	 contamination: When evaluation code is “in-process” (nested within the model’s environment), model
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dependencies can interfere with metrics or create “dependency hell”.Decoupling ensures the “ruler” (the framework) remains consistenteven as the “subject” (the model) changes.
Bloated	 artifacts: Competition entries that bundled the evaluationserver inside the model container resulted in massive artifacts (up to100 GB) making it nearly impossible to swap or version modelsef�iciently.
Resilience	 and	 persistence: Without isolated storage, a single podfailure during a long run results in a total loss of progress; isolationallows the evaluation state to be preserved independently of themodel instance.
Resource	 contention: Co-location of inference and evaluation forcesthese processes to compete for the bandwidth, leading to increasedlatency.

5.1.5	 The	 Path	 Forward:	 Evaluation	 as	 a	 Service	 (EaaS)By analyzing these failure modes, it becomes clear that the only way toachieve industrial-scale reliability is to treat the evaluation frameworkas a sovereign entity, completely decoupled from the model’sephemeral training or inference environment. Moving toward anEvaluation as a Service (EaaS) paradigm isn’t just about clean code; it’sabout building a “ruler” that doesn’t bend depending on what it ismeasuring.In a mature EaaS architecture, the model and the evaluator live inisolated, cloud-native containers that communicate over standardizedAPIs. This setup solves dependencies of environmental contaminationand ensures that a crash in the model’s inference pod doesn’t wipe outhours of evaluation data.The mention of standardized APIs deserves signi�icant elaboration,as the interface contract between model and evaluator is arguably themost consequential architectural decision in an EaaS system. Atminimum, the contract must de�ine a uniform request format (prompt,con�iguration parameters, any required context), a uniform responseformat (generated text, token-level probabilities if needed, latency



metadata), and a clear error schema. This contract must be model-agnostic: whether the underlying model is an open-weight modelrunning on local infrastructure, a proprietary model accessed through avendor API, or a custom-served �ine-tune behind an internal gateway,the evaluation service should interact with all of them through thesame interface. Achieving this requires a model abstraction layer thatnormalizes the differences between serving backends, translating eachmodel’s native interface into the evaluation system’s canonical format.Without this layer, every new model integration becomes a bespokeengineering effort, and the promise of decoupled, reusable evaluationinfrastructure breaks down at the �irst point of contact.Two design principles should govern the evaluation service’sbehavior: statelessness and idempotency.Statelessness: The evaluation service should maintain no internalstate tied to any particular model or evaluation run; all necessarycontext (the evaluation set snapshot, the rubric version, the modelendpoint) should be passed in with each request or resolved fromversioned references. This makes the service horizontally scalable,since any instance can handle any request, and eliminates an entireclass of bugs where stale internal state produces inconsistent results.Idempotency complements statelessness: Submitting the sameevaluation request twice should produce the same outcome withoutside effects such as duplicate records or double-counted metrics.Together, these properties make the system resilient to the retriesand partial failures that are inevitable at scale, and they makedebugging dramatically simpler since any result can be reproducedby replaying the same inputs.When the model and evaluator are decoupled services communicatingover a network, the security of that communication becomes an explicitarchitectural concern rather than something handled implicitly byprocess isolation. Authentication and authorization must ensure thatonly approved evaluation services can query model endpoints and thatonly authorized pipelines can access evaluation sets, particularly those



derived from production logs that may contain sensitive or PII-adjacentdata. Data in transit between services should be encrypted, and accesslogs should record which evaluation service queried which model withwhich evaluation set, creating an audit trail. In regulated industries orhigh-sensitivity deployments, these requirements may extend to dataresidency constraints, where evaluation data must remain withinspeci�ic geographic or network boundaries. Treating security as anafterthought in evaluation architecture is especially dangerous becauseevaluation sets, by their nature, are designed to probe a model’sboundaries, and a leaked evaluation set reveals precisely where thoseboundaries are.While the core principle of isolation is non-negotiable, the speci�icdeployment topology that implements it involves genuine trade-offsthat teams must navigate. At one end of the spectrum, the evaluationservice can run as a lightweight sidecar container alongside each modelinstance, minimizing network latency but coupling the evaluator’slifecycle to the model’s. At the other end, the evaluator can be a fullyindependent managed platform, shared across multiple model teams,which maximizes reuse and consistency but introduces organizationalcomplexity around ownership, prioritization, and SLAs. Between thesepoles, a common middle ground is a dedicated microservice per teamor product area, offering isolation from the model while avoiding thegovernance overhead of a centralized platform. The right choicedepends on organizational size, the number of models being evaluatedconcurrently, and how much variation exists in evaluationrequirements across teams. What matters is that the choice is madedeliberately rather than emerging accidentally from whateverdeployment pattern happened to be convenient during prototyping.Furthermore, this isolation enables Multi-Objective Optimization.Because the evaluation is decoupled, you can run parallel pipelines totest the model against different preference weights without increasingthe latency of the primary inference task. Ultimately, this architecturalrigor transforms evaluation from a �inal, manual hurdle into a



continuous, high-throughput engine that drives the safety andcapability of the next generation of AI.To make these architectural components concrete, it is useful tooutline a reference topology. At a high level, a mature EaaS deploymentconsists of four layers.1. A model serving layer that exposes one or more models behind auniform abstraction API, normalizing differences between servingbackends.  
2. An evaluation orchestration layer that manages job scheduling,distributes evaluation items across workers, handles retries andpartial failures, and enforces versioning constraints to ensure thateach run is tied to speci�ic snapshots of the evaluation set, rubric,and model.

 
3. A storage layer that persists evaluation inputs, model responses,labels (human or automated), and computed metrics in aqueryable, versioned format that supports both real-timedashboarding and historical analysis.

 
4. A security and governance layer that controls access, encrypts datain transit and at rest, and maintains audit logs.  
These layers communicate through well-de�ined API contracts and canbe scaled, updated, or replaced independently.
5.2	 Democratizing	 Evaluation:	 Low-Code	 and
Intelligent	 UIsA signi�icant bottleneck in AI development is the dependency on a smallteam of engineers for every evaluation run or prompt test. To scale,evaluation infrastructure must provide user-friendly interfaces thatallow both technical experts and less-technical stakeholders, such asproduct managers and subject matter experts (SMEs), to communicate



with the system. For example, when designing eval sets for Stage	 1(Manually Curated Sets), quick iterations to understand modelperformance are required and reliance on complex integration andwithout proper interface creates unnecessary barriers between SMEsand Engineers.Opening evaluation to a broader set of stakeholders introduces animmediate architectural requirement: role-based access control. Notevery user should have the same privileges within the system. An SMEreviewing model outputs needs read access to results and the ability totag responses, but should not be able to modify the evaluation set usedfor production gating. A product manager may need the ability tolaunch evaluation runs against pre-approved con�igurations, but shouldnot be able to alter the underlying rubric or override scoring thresholdswithout review. The system must de�ine clear permission tiers that mapto organizational roles, with approval work�lows for actions that carrysigni�icant consequences such as modifying production evaluation sets,launching high-cost evaluation runs, or changing metric de�initions.Without these guardrails, democratization risks become a source ofinconsistency and uncontrolled cost rather than a productivity gain.Closely related is the need for comprehensive audit trails that coveractions taken through the interface with the same rigor applied to code-based operations. When an engineer modi�ies an evaluation pipelinethrough version-controlled code, every change is traceable by default.When a product manager adjusts a temperature parameter through aslider and launches a run, that action must be logged with equalprecision: who made the change, what the previous value was, whenthe run was initiated, and which evaluation set and rubric versionswere in effect. Without this, the reproducibility guarantees establishedin earlier sections erode the moment non-technical users interact withthe system. The interface should make audit logging invisible to theuser while ensuring that every con�iguration change and evaluationlaunch is recorded in a queryable log tied to the same versioninginfrastructure that governs evaluation sets and templates.



5.2.1	 Uni�ied	 Con�iguration	 and	 OrchestrationModern platforms need to allow non-technical users to initiate andmanage the entire evaluation lifecycle via a centralized hub. Keycapabilities must include:
Hyperparameter	 tweaking: Guided interfaces allow users to adjustsettings like temperature, batch size, or sampling parameterswithout editing con�iguration �iles or using a command line.
Visual	 work�low	 builders: Drag-and-drop designers enable users toconnect model endpoints, dataset inputs, and evaluation metrics intoa cohesive �lowchart. This replaces complex code-basedorchestration with a visible, structured execution plan.There is an inherent tension in making evaluation accessible throughsimpli�ied interfaces. Every abstraction that makes the system easier touse also hides decisions that may matter. A drag-and-drop work�lowbuilder that lets a user connect a model endpoint to an evaluationmetric in three clicks might obscure which evaluation set version isbeing used, whether result caching is active, how the judge model iscon�igured, or what statistical test will be applied to determinesigni�icance. The design challenge is not simply to hide complexity butto hide it at the right layers. The interface should present sensibledefaults while making critical parameters visible and adjustable, even ifmost users never change them. One effective pattern is progressivedisclosure: the initial view shows only the decisions the user mustmake (which model, which evaluation set, which metrics), while an“advanced” panel exposes the full con�iguration for users who need it.This ensures that accessibility does not come at the cost oftransparency, and that every run launched through the interface is fullyspeci�ied even when the user only interacts with a handful of controls.A powerful enabler of non-technical participation is a curatedlibrary of evaluation templates and presets. Rather than asking aproduct manager to assemble an evaluation pipeline from individualcomponents, the system can offer pre-built con�igurations that encodebest practices for common scenarios: a safety evaluation suite for



conversational agents, a factuality check for retrieval-augmentedgeneration pipelines, a regression test for core capabilities after �ine-tuning. Each template should specify the evaluation set, rubric, judgecon�iguration, and metrics as a bundled, versioned package that userscan select and run with minimal modi�ication. SMEs can then customizespeci�ic parameters (swapping in a domain-speci�ic evaluation set,adjusting a scoring threshold) without needing to understand the fullpipeline. Over time, templates that prove effective can be promoted toorganizational standards, while teams retain the �lexibility to createnew templates as evaluation needs evolve. This pattern bridges the gapbetween the rigor demanded by the infrastructure and the speeddemanded by practitioners.
5.2.2	 Side-by-Side	 Analysis	 and	 ExplorationTo facilitate rapid iteration, infrastructure must present results in anintuitive format that moves beyond raw logs.
Topline	 metrics: Aggregate statistics presented with an adequatelevel of detail, such as con�idence intervals, color-coding forsigni�icance levels and deltas, need to be established for “zoomed-out” summary view of the evaluation results.
Drill-down	 diagnostics: Interactive tools enable users to “point-and-click” their way from aggregate metrics down to individualresponses, allowing them to inspect the qualitative language andreasoning chains behind the scores.

5.2.3	 Human-in-the-LoopEvaluation is a continuous process that requires expert intervention toalign model behavior with business goals.
Expert	 tagging	 and	 feedback: GUIs allow SMEs to review modeloutputs directly and “tag” speci�ic responses for further analysis andwork.For example, there will always be some share of model responsesthat are being mislabeled by either human raters or LLM-as-a-judge



systems. It is important to include capabilities for experts to �lag suchresponses for either relabeling, or exclusion from down-the-linemetrics calculations or further evaluators’ training.In practice, evaluation review is rarely an individual activity. An SMEmay �lag a response as mislabeled, but that judgment may itself needvalidation before it affects downstream metrics. The interface mustsupport structured collaboration work�lows: the ability for onereviewer to propose a label change, for a second reviewer to con�irmor dispute it, and for the system to track the resolution. For high-stakes evaluations, the system should enforce minimum agreementthresholds before accepting a label override, mirroring the inter-annotator agreement standards applied during initial data creation.Discussion threads attached to individual evaluation items allowreviewers to document their reasoning, creating a record thatinforms future rubric re�inement. Batch review interfaces, wheremultiple reviewers work through the same queue of �lagged itemsindependently before results are reconciled, further strengthen thereliability of human-in-the-loop processes. Without thesecollaboration mechanisms, expert review becomes an unstructuredprocess where individual judgments accumulate without consistencychecks.
Verdict	 tuning: Most advanced systems can not only performevaluations, but also derive conclusions about model performanceand deployment readiness. It is important to preserve the ability forhumans to intervene with sign-offs, comments, or possibly rewriteswhen reviewing evaluation decisions.It is worth emphasizing that the interfaces described in this sectionare not standalone applications; they are a presentation layer builton top of the orchestration, storage, and analysis infrastructureoutlined in Sects. 5.1 and 5.2. When a user launches an evaluationthrough the GUI, that action translates into a job submitted to theorchestration layer’s scheduler. When a user drills down from anaggregate metric to individual responses, that query runs against theversioned storage layer. When an SME tags a response for relabeling,



that tag is recorded in the same metadata store that supportssegmented analysis. Designing the interface as a thin layer over well-de�ined APIs, rather than as a parallel system with its own datastores and execution logic, ensures consistency between whattechnical and non-technical users see and avoids the common failuremode where the GUI and the programmatic interface producedivergent results for the same evaluation. This also means that anyaction a user can take through the interface can, in principle, bereproduced through the API, preserving the scriptability andautomation capabilities that engineering teams rely on.
5.3	 ConclusionsThe transition of LLM evaluation from research prototypes toproduction systems requires purpose-built infrastructure, not ad-hocscripts bolted onto training pipelines. This chapter has outlined thearchitectural foundations for that infrastructure across threedimensions.First, we examined the evaluation lifecycle and the automationrequirements at each phase. Evaluation set creation demands moderateautomation but critical attention to PII protection, contaminationdetection, and version control. Template and rubric design remains afundamentally human endeavor where infrastructure serves primarilyas a management and versioning layer. Execution, by contrast, is themost automation-intensive phase, requiring orchestration, retry logic,caching, and hybrid routing between human and automated judges.Analysis closes the loop with metrics computation, regressiondetection, historical trending, and dashboards that surface actionableinsights to the right stakeholders.Second, we argued that reliable evaluation at scale requires strictarchitectural isolation between the model and the evaluationframework. The failure modes observed in the NeurIPS Ef�iciencyChallenge (NeurIPS Large Language Model Ef�iciency Challenge, 2023),from environmental contamination to resource contention,



demonstrate what happens when this boundary is neglected. TheEvaluation as a Service paradigm addresses these failures through afour-layer architecture: a model serving layer with a uniformabstraction API, an orchestration layer managing job scheduling andlabeling work�lows, a versioned storage and analysis layer, and asecurity and governance layer that spans all components.Third, we addressed the need to make this infrastructure accessiblebeyond engineering teams. Democratization through low-codeinterfaces, template libraries, and progressive disclosure enablesproduct managers and subject matter experts to participatemeaningfully in the evaluation process. However, accessibility must bepaired with governance: role-based permissions, audit trails, andcollaboration work�lows ensure that broader access does notcompromise the rigor and reproducibility on which the entire systemdepends.Across all three dimensions, several principles recur. Versioning isnot optional; every artifact, from evaluation sets to rubrics to analysiscode, must be immutably snapshotted and traceable. Reproducibilitymust be enforced by design, not assumed by convention. And costawareness must inform every architectural decision, from judge modelselection to caching strategies, because evaluation infrastructure that istechnically sound but economically unsustainable will not survivecontact with production realities.These architectural foundations, however, are not the end of thestory. Infrastructure determines whether evaluation can run reliably atscale, but it does not address the equally important question of what toevaluate and how to interpret the results in the context of deploymentdecisions. The next chapter turns to this question, examining howevaluation outputs translate into the governance frameworks andrelease criteria that ultimately determine whether a model reachesusers.
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Evaluations do not inherently facilitate model growth unless they areintentionally designed to do so. As discussed in Chaps. 3 and 4, a simple“verdict” or binary pass/fail score provides a summary judgment butfails to serve the core purpose of assessment: providing a roadmap foriteration. If an evaluation pipeline merely acts as a gatekeeper, it yieldsa static scoreboard that informs engineering teams that a model isfailing but offers no diagnostic data regarding the underlying failuremechanisms or how to engineer a solution.Moreover, Chap. 4 has established that the transition from simplechatbots to autonomous agents fundamentally changes what evaluationmust capture: moving from “single-turn” snapshots to “multi-turntrajectories.” To act as a vehicle for growth, the evaluation system mustbe integrated into the development lifecycle from day one, evolvingfrom a post-hoc auditing tool into a high-�idelity diagnostic vehicle thatcontinuously maps failure modes to speci�ic architectural interventions.
6.1.2	 Essential	 Properties	 for	 Diagnostic	 EvalsTo power a diagnostic �lywheel, evaluations must possess speci�ictechnical properties that allow engineering teams to trust, interpret,and act on the signals they receive. Without these properties, thefeedback loop breaks down, leading to optimization based on statisticalnoise rather than genuine capability improvement
Reproducibility	 and	 Stability: Reproducibility is the bedrock ofscienti�ic inquiry. However, the machine learning �ield has historicallystruggled with a reproducibility crisis due to the inherent non-determinism of generative outputs, extreme sensitivity tohyperparameters, and environmental differences acrosscomputational hardware. When an experimental process does notyield consistent conclusions across different environments, itbecomes mathematically impossible to determine if a performanceincrease is the result of a deliberate architectural change or merelythe product of a favorable random seed. In 2019, NeurIPS introduceda reproducibility program (Pineaum et al. 2020) to standardize howthe community communicates �indings, emphasizing that



experimental processes must yield consistent conclusions acrossdifferent environments.Reproducibility was categorized into three tiers (Gundersen2021), which serve as the gold standard for de�ining evaluationstability in non-deterministic systems:1.
Outcome	 Reproducibility: This represents the most stringenttier. It requires that a reproduced experiment yields the exactsame, or adequately similar, computational outcome as theoriginal experiment (Semmelrock et al. 2024) When the outcomeis identical, the exact same downstream analysis can beconducted, strongly supporting the original hypothesis. In thecontext of language models, achieving strict outcomereproducibility is notoriously dif�icult due to �loating-pointarithmetic variations and sampling stochasticity.

 
2.
Analysis	 Reproducibility: This tier acknowledges that non-deterministic systems may not produce the exact same rawoutput sequence. Analysis reproducibility does not require thereproduced experiment to have the identical outcome; however,if the exact same statistical analysis can be applied to the newdata sample and leads to the identical interpretation, theexperiment successfully achieves this tier (Semmelrock et al.2024).

 
3.
Interpretation	 Reproducibility: This is the most general androbust requirement for practical application. Neither the rawoutcome nor the speci�ic statistical analysis needs to be strictlyidentical, provided that the broader interpretation of the resultsleads to the same scienti�ic or engineering conclusion(Semmelrock et al. 2024).

 
In the context of the Evaluation Flywheel, methodsreproducibility when combined with robust infrastructure (see Chap.



5) ensures that when a model improves, it is due to a deliberatearchitectural or prompting change rather than a random seed.
Designed	 for	 Diagnosis: Beyond stability, evaluation sets, templates,and metrics must be explicitly constructed to allow for multi-dimensional data slicing and deep-dive diagnostics. As discussed inSects. 3. 2 and 4. 3, isolating rubric dimensions (e.g., separating“ef�iciency” from “safety”) is critical. A monolithic score obscures theroot causes of sub-optimal performance. Datasets must be largeenough to provide statistical power when broken into granular sub-categories (such as “Negative Sentiment,” “Multi-turn extraction,” or“Code Generation”) yet remain streamlined enough to permit high-frequency testing during the development cycle. Metrics must behighly sensitive to detect subtle regressions before they reachproduction, and templates must be deconstructable to isolate speci�icdimensions, separating super�icial formatting compliance fromunderlying factual accuracy. Please refer to Chap. 3 where theseconcepts were introduced and discussed in detail (Fig. 6.1).

Fig.	6.1 Three tiers of reproducibility



6.2	 Flywheel	 Design:	 Components	 and	 Process
6.2.1	 The	 Mechanics	 of	 the	 FlywheelThe Evaluation Flywheel represents a circular, self-reinforcing processwhere the analytical output of one development stage becomes thetargeted input for the next. As this process iterates, the friction ofdevelopment decreases, and the momentum of model qualityexponentially increases. Instead of relying on randomized promptmodi�ications, this lifecycle enforces structured engineering discipline,establishing a continuous pipeline to diagnose, measure, and solvesystemic problems.1.
Evaluation	 Step: The cycle initiates by capturing a comprehensivesnapshot of performance using prede�ined, version-controlledevaluation sets, templates, and objective metrics. This step reliesentirely on the reliable infrastructure (such as automated judgepipelines and robust orchestration) to execute high-throughputinference across baseline datasets without environmentalcontamination. We discussed in Chap. 5 the critical importance ofautomation of obtaining Model Responses and Obtaining Labels.

 
2.
Results	 Analysis: Identify “losses” (errors) and weak spots. This iswhere we look for patterns in the model’s failures. In order toestablish trustworthy insights, con�idence in evaluation results isparamount and this con�idence must be rooted in knowledge thateval sets are the representative samples, metrics are statisticallysound and labels are reliable. Later in this chapter, we will discussmultiple dimensions of Results Analysis.

 
3.
Optimization: Guided by the structured data from the analysisphase, engineering teams apply speci�ic, targeted technical leversto mitigate the identi�ied losses. Adjustments may range fromprompt engineering and context retrieval tuning to complexsupervised updates. The exact solutions here depend highly on thenature of the losses and engineering capabilities to improve them.

 
Validation	 and	 Recalibration: Re-run the evaluation. If results are



4. Va dat o a d eca b at o e u t e eva uat o esu ts a enear-perfect, the evaluation has reached saturation. This signalsthat the “bar” must be raised by introducing more challengingcases or more granular metrics to start the next cycle. If no resultsimprovement is detected, a diagnostic of why is required. Unlessthe evaluation framework is solid enough to exclude possibility ofevaluation not being sensitive enough to detect true modelimprovements, model improvements will be nearly impossible.

 
Note: Engineers often run “Micro-Evals” (or “Training” evals) duringthe Optimization step. These are fast, inexpensive, and highly speci�icunit tests designed to validate a single, isolated �ix before running thecomputationally expensive full suite. While vital for rapid developmentvelocity, Micro-Evals are not suitable for actual model validationbecause the model or prompt has been iteratively adjusted againstthem, the system is inherently over�itted to these speci�ic test cases,rendering the scores invalid for general capability assessment (Fig. 6.2).

Fig.	6.2 Evaluation Flywheel phases
6.2.2	 Losses	 Analysis:	 Interpretation	 and	 Slicing



To transmute raw numerical data into actionable engineeringdirectives, evaluation results must be sliced and analyzed across threeprimary dimensions: the “Where,” the “What,” and the “Why.”
Dimension	 1:	 Query	 Slicing	 (The	 “Where”)By segmenting the query set into subsets (e.g., by language, userpersona, task type, or geographic region) practitioners can identifyexactly which use cases are prone to failure. However, thissegmentation process introduces signi�icant statistical risks that canactively mislead optimization efforts. Practitioners must navigate twocritical mathematical traps:1.
Simpson’s	 Paradox: This statistical phenomenon occurs when adistinct trend appears within separate, isolated groups of databut disappears or completely reverses when those groups areaggregated into a single dataset. In the context of modelevaluation, relying solely on an aggregate score can maskcatastrophic failures in speci�ic, highly sensitive subgroups. Forexample, consider an application evaluated on an aggregatemetric combining both general helpfulness and policy safety. Theoverall aggregate score might show a marked improvement afteran optimization cycle. However, upon slicing the data, one mightdiscover that the model achieved perfect safety scores simply byadopting a hyper-conservative stance and broadly refusing toanswer benign questions. Consequently, its helpfulness forcomplex tasks drastically plummeted. The confounder, which isoften the varying distribution of simple versus complex prompts,skews the combined average, creating a dangerous illusion ofoverall improvement while the actual utility degrades. Toneutralize Simpson’s Paradox, teams must prioritize subgroup-level metrics and identify confounding variables before makingdeployment decisions

 

2. The	 Curse	 of	 Dimensionality: Conversely, the desire to avoidaggregate metrics can lead to extreme over-segmentation. Indata science, the Curse of Dimensionality refers to the  



exponential growth in volume associated with adding extradimensions to a mathematical space. As dimensions increase, theavailable data points become sparsely distributed, causingdistances between points to become uniform and renderingclustering algorithms ineffectiveIn the Evaluation Flywheel, this manifests when teams slice dataacross too many overlapping categories (e.g., Language + Task + UserPersona + Device Type). As the number of dimensional bucketsgrows exponentially, the sample size within any individual bucketshrinks to near zero. When the data becomes this sparse, statisticalconcepts like variance and density break down, leading to severeover�itting during the optimization phase because the algorithmattempts to learn from isolated outliers rather than representativedistributions. To counteract the Curse of Dimensionality, it isimperative to establish a Minimum Sample Size for any data slice tobe considered statistically actionable. Drawing on the Central LimitTheorem, a standard minimum boundary is between 30 and 50samples per slice. Any subset containing fewer samples must betreated strictly as anecdotal, qualitative evidence rather than astatistically rigorous signal for systemic optimization.
Dimension	 2:	 Template	 Deconstruction	 (The	 “What”)This involves breaking down the model’s response based on atomiccharacteristics (e.g., Tone, Factuality, Formatting). Such breakdown isgreatly facilitated by templates designed for deconstruction asdiscussed in Sect. 3. 2. If the model consistently fails on “Quality,”atomic signals collected will tell what dimensions of “Quality” aresub-optimal. It can be Tone, Lack of factual groundingI, Verbosity, andany other rubrics that are intentionally measured via rubric-basedtemplate.
Dimension	 3:	 Engineering	 root	 cause	 (The	 “Why”)To make losses fully actionable, failures must be mapped to anestablished taxonomy of engineering root causes. Because generativefailures are probabilistic rather than deterministic, they require



specialized categorization paradigms distinct from traditionalsoftware debugging. This dimension is typically most actionable forimmediate next steps for the engineering team. Engineering expertssupporting and developing the model typically have most expertiseon all components of the process that lead to response generationand they are best equipped to determine why exactly sub-optimalityof response is occurring. They next focus on improving the modelcomponents in a targeted way (Fig. 6.3).

Fig.	6.3 An illustration of Simpson’s paradox
6.2.3	 Model	 OptimizationOnce the debugging phase has identi�ied the “where,” “what,” and “why”of model failure, the �lywheel moves into the optimization stage. Asmentioned above, this is where the engineering team applies speci�ictechnical levers to mitigate identi�ied losses. These levers most



commonly include System Instructions improvements, RAG (Retrieval-Augmented Generation) adjustments, and model �ine-tuning.
System	 Instructions	 Improvements: Iterating on the foundationalsystem prompts, adding dynamic few-shot examples, or enforcingstrict step-by-step intermediate processing constraints. While this isthe fastest and cheapest lever to pull, it is highly susceptible toprompt brittleness, where �ixing one speci�ic edge case inadvertentlydegrades performance on previously stable queries.
Retrieval-Augmented	 Generation	 (RAG)	 Adjustments: Whenfailures stem from hallucinations or missed context, the optimizationmust target the external data pipeline rather than the model weights.This involves adjusting document chunking strategies, tuning theembedding models, implementing advanced re-ranking algorithms tosurface the most critical snippets, or expanding the context windowto ingest more background data.
Fine-Tuning : Post-training the model on curated datasets. Whetherutilizing Supervised Fine-Tuning (SFT) or advanced alignmenttechniques like Direct Preference Optimization (DPO), this is themost dif�icult and resource-intensive approach. However, it offers thehighest degree of stability for speci�ic, repetitive tasks and isessential for fundamentally altering the model’s behavioralalignment when prompt engineering reaches its ceiling. Emergingframeworks even allow for automatic differentiation via text,backpropagating natural language feedback to optimize individualcomponents within compound systems. The �ine-tuning approach isboth the most powerful and a most dangerous path, since low-qualitytraining data, or training data collected with biases might havecatastrophic effects on the overall model performance.
6.3	 Relationship	 Between	 Evaluation	 Flywheel
and	 A/B	 TestingThe rigorous, of�line Evaluation Flywheel does not replace traditionalonline A/B testing; rather, both are indispensable, complementary



stages of the modern Model Readiness Lifecycle. Relying solely on onemethodology introduces severe, often catastrophic blind spots into thedeployment pipeline (Table 6.1).
Table	6.1 Comparison of A/B testing and model evaluations
Feature Of�line	 Evaluations

Flywheel
Online	 A/B	 testing

Environment Controlled setting Real-world, noisy production environments
Risk Zero risk to users High potential impact on user experience andbrand reputation
Metric	 focus Objective model quality:Accuracy, Safety, etc. Subjective user behavior (Retention, Click-throughrates, Session depth)
Scope Best for testing newcapabilities Best for optimizing the user experience of existing,validated features
Iteration
velocity

High-velocity iterations Slower iterations requiring statistical signi�icanceover live traf�ic (days to weeks)Why you need both:1.
Safety: Evals catch “catastrophic” errors (e.g., hallucinations orbias) before a single user sees them.  2.
Signal: A model might be “objectively” better in an Eval (moreaccurate) but “subjectively” worse in an A/B test (users �ind themore accurate answers too long or verbose).  

Both stages are required to bridge the gap between objective capabilityand subjective utility. The of�line Flywheel acts as an uncompromisingsafety net, catching toxic regressions, formatting failures, and factualhallucinations in a zero-risk environment before a single user isexposed to them. However, a model might score objectively higher in anof�line evaluation, for instance, by providing exhaustively accurate andhighly detailed answers, but perform subjectively worse in an onlineA/B test because live users �ind the increased verbosity annoying,leading to an immediate drop in engagement metrics. This mismatch byitself presents a great opportunity for improvements to evaluations and



a deep dive to understand reasons for disagreement betweenevaluations and A/B testing, which can lead to improved understandingof the gap between what model developers optimize for and whattypical users reward.Furthermore, proactive online tracking focuses on metrics likeacceptance rate (how often users accept generated output withoutedits) and implicit rejection rates. Explicit feedback, such as thumbs-down ratings, is rare; the true signal of friction often lies in actions likea user reverting an applied change or completely deleting an AI-generated draft. A/B testing reveals these nuanced user preferencesand behavioral realities that of�line automated metrics simply cannotcapture.Industry standard follows a sequential pipeline: Flywheel Iteration→ A/B Testing → Production Launch. While the Flywheel catches“catastrophic” errors like safety violations, A/B testing reveals if an“objectively” better model is “subjectively” worse for users (e.g., beingtoo verbose).
6.4	 Flywheel	 Must	 Be	 DynamicEvaluation sets must evolve alongside the model. Infrastructure shouldsupport a “turn-key” refresh, incorporating new data samples,particularly “real failures” (see Chap. 4) sourced from bug trackers ormanual testing without re-engineering the test harness. To remind thereaders in Chap. 5, we have rediscussed that evaluation infrastructuremust be decoupled from the model environment to avoid “eval-drift” orenvironmental contamination. Shifting toward an Evaluation as aService (EaaS) paradigm ensures the “ruler” (the framework) remainsconsistent even as the “subject” (the model) changes. Following theseprinciples is critical for establishing a dynamic �lywheel.
6.4.1	 Turn-Key	 Eval	 Sets	 RefreshAs referenced in previous chapters, evaluation sets must be highlyre�lective of the current stage of model development. The underlying



infrastructure must support a “turn-key” evaluations refresh, whichrequires inclusion of new data samples, new evaluations templates andnew metrics into the �lywheel without manual re-engineering of thetest harness.To achieve this automation, advanced pipelines employ dynamicvalidation strategies. Instead of utilizing a static, hard-coded set ofexamples for automated judges, modern systems leverage activelearning protocols. By dynamically retrieving examples from a vectordatabase that are semantically relevant to the speci�ic instancecurrently being evaluated, the system ensures high contextual accuracy.Furthermore, prioritizing the retrieval of historical examples wherehuman labels previously differed from automated predictions focusesthe evaluation directly on edge cases and areas of potentialmisalignment. Weighting these retrievals by label recency ensures theevaluation criteria continuously adapt to the latest human preferences.Additionally, as model capabilities increase, the metrics themselvesmust undergo capability-driven updates. Simple validation checks mustmature into nuanced rubrics evaluating advanced logic and multi-stepadherence to ensure the evaluation ceiling is continuously raised.
6.4.2	 Rating	 Reliability	 MonitoringA dynamic �lywheel is only as valuable as the signal it produces.Continuous monitoring is required to explicitly decouple shifts in actualmodel performance from undetected degradation in labeler quality.Whether utilizing human annotators or automated frameworks,persistent quality audits are mandatory to detect rater drift, promptfatigue, or rubric misinterpretation before corrupt data permanentlypollutes the optimization phase. In Sect. 3. 4, we have discussed in detailthe challenges and solutions for maintaining high evaluation quality.Here we will brie�ly summarize two key aspects most relevant in thecontext of Evaluation Flywheel:
The	 Nuances	 of	 Automated	 Judges: While deploying automatedjudges dramatically increases evaluation throughput and lowers per-unit costs, these systems exhibit well-documented systematic biases



that can severely skew results if left unmonitored. Automated judgesfrequently display positional	bias (disproportionately favoring the�irst or last response in a pairwise comparison), verbosity	bias(falsely equating longer, more loquacious responses with higherfactual quality), and self-enhancement	bias (preferentially scoringoutputs generated by models sharing their own architecturallineage). To combat these systemic �laws, evaluators must becarefully calibrated using advanced prompting protocols. Thisinvolves forcing the judge to articulate its rationale against a strictrubric before issuing a �inal score, and regularly evaluating the judgeagainst pre-graded anchor examples established by human domainexperts.
Measuring	 Inter-Rater	 Reliability: To mathematically quantify thereliability of the evaluation signal, engineering teams must utilizerobust inter-rater reliability (IRR) metrics. Simple percentageagreement is entirely insuf�icient because it fails to account forinstances where raters agree purely by random chance. The industrystandard for measuring this true alignment is Cohen’s Kappa, whichprovides a statistically sound measure of agreement between tworaters (e.g., comparing an automated judge against a human expertbenchmark). When the evaluation framework expands to includemore than two raters, such as a jury ensemble of multiple modelsand human reviewers, the statistical methodology must be upgradedto use Fleiss’ Kappa to accurately capture multi-rater consensusacross categorical data. These metrics are not the only ones widelyavailable and cited in the literature, but serve as a “Golden standard”and a solid starting point.
6.4.3	 Agent-Speci�ic	 Evaluation	 FlywheelAn agentic �lywheel, unlike those for conventional LLMs, operates overmulti-step trajectories, such as sequences of decisions, tool calls, andenvironmental interactions leading to an outcome. The model must notjust produce a good response but make a series of good decisions insequence. This fundamentally changes the structure of what the



�lywheel is optimizing over and introduces challenges that simply don’texist in single-turn settings.As a result, the most signi�icant technical difference is creditassignment. Unlike conventional RL for LLM post-training in static,single-turn tasks, training LLM agents in interactive environments facesparticular challenges. Rewards are typically sparse and delayed,complicating credit assignment to intermediate actions; trajectories arelong and non-Markovian at the token level, with each step consisting ofchain-of-thought and an executable action, in�lating variance whencredit is pushed to individual tokens; and environments are non-stationary, open-ended, and often come with unveri�iable rewards.In other words, the �lywheel knows the agent succeeded or failed atthe end of a long task, but not which of the twenty decisions madealong the way actually caused that outcome. Standard RLHF sidestepsthis entirely because there is only one decision to attribute. The agentic�lywheel requires either process reward models (PRMs, Xi et al. 2025)that score intermediate steps, or methods like iStar (Liu et al. 2025)that jointly train an implicit PRM with the policy model usingtrajectories collected online, generating implicit step rewards for eachaction by measuring its relative preference over the previous policysnapshot. This provides dense feedback to guide exploration whilestaying coarse enough to keep variance under control.The data collection, correspondingly, is no longer just collectingjudgments on outputs. Instead, it curates rich behavioral traces,including sequences of observations, reasoning steps, tool invocations,and environmental responses, which are both harder to gather andmuch more expensive to annotate or �ilter.The conventional �lywheel is fundamentally a preference learningproblem: make the model’s outputs more aligned with what humansjudge as good. The agentic �lywheel is a sequential decision-makingproblem: teach the model to make better choices under uncertainty,across time, in environments it affects through its own actions. The twoshare architectural DNA. Both rely on rollouts, reward signals, anditerative policy updates, but the agentic case reintroduces the full



complexity and uncertainty of reinforcement learning that the single-turn RLHF paradigm had managed to simplify.
6.5	 ConclusionThe transition of LLM evaluation from research prototypes toproduction systems requires purpose-built infrastructure, not ad-hocscripts. Across this chapter, we have examined the mechanics requiredto turn static measurements into a well-functioning Flywheel engine forcontinuous improvement.First, we examined the mechanics of the evaluation �lywheel as adiagnostic vehicle for continuous improvement. Unlike staticcheckpoints, the �lywheel operationalizes evaluation into a circular, self-reinforcing process of discovery, measurement, and targeted mitigation.This lifecycle shifts the focus from simple pass/fail verdicts to granularfailure patterns, ensuring that every engineering intervention isgrounded in objective data.Second, we argued that a diagnostic �lywheel is only as reliable asthe stability and interpretability of its measurement signal. Weexplored the three tiers of reproducibility: Outcome, Analysis, andInterpretation as the framework for maintaining scienti�ic rigor in non-deterministic systems. We also addressed the mathematical hazards ofmulti-dimensional data slicing, demonstrating how Simpson’s Paradoxand the Curse of Dimensionality can mask regressions or lead toover�itting if not countered by strict minimum sample sizerequirements and subgroup-level monitoring.Third, we addressed the fundamental shift required for agenticevaluation. The architectural foundations of previous chapters form thebackbone of this feedback loop. By enforcing immutable versioning ofevery artifact and maintaining cost awareness through strategies likejudge model tiering, organizations can ensure their evaluation systemsare technically sound and economically sustainable. Infrastructuredetermines if evaluation can run at scale, whereas the EvaluationFlywheel ensures that scale drives meaningful progress.
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AfterwordThe mechanics of evaluation are rapidly being automated away. Agentcoding can already scaffold evaluation pipelines, generate test cases,write autoraters, and execute benchmark runs with minimal humanintervention. As these capabilities mature, much of what this book hastreated as careful engineering will simply be delegated to an agent:instrumenting inference, managing prompt templates, wiring upscoring logic. The implementation details that once demanded weeks ofwork will compress into a prompt.But automation does not diminish the importance of evaluation; itraises the stakes for understanding. When a human engineer builds anevaluation by hand, their judgment is embedded in every decision:which examples to include, what success looks like, how edge casesshould be handled. When an agent builds the evaluation, those samedecisions still get made, just faster, at greater scale, and largely out ofsight. The output is only as good as the speci�ication provided to theagent, and writing a good speci�ication requires the same foundationalknowledge as writing a good evaluation. An agent instructed to“generate diverse evaluation cases for a customer support assistant”will do exactly that and produce something that looks comprehensive.Whether it actually tests the right things, at the right dif�icultydistribution, with the right success criteria, depends on the evaluator’sgrasp of the principles that no amount of scaffolding code cansubstitute for. Worse, errors in those principles propagate silentlyacross thousands of generated examples rather than surfacing visiblyduring manual construction.This points to a subtle but important shift in where humanexpertise needs to focus. Practitioners who once spent signi�icant timeon implementation will increasingly spend that time on evaluation oftheir evaluations: assessing whether the examples are representative,whether the metrics measure what they claim to, whether the coverageis broad enough to catch the failure modes that matter. Meta-evaluation, once a niche concern, becomes the core skill. The question



is no longer “did we build the evaluation correctly?” but “is thisevaluation extracting the signal we actually need?” And as evaluationscales, so does the challenge of evaluating the evaluators themselves.Inter-rater reliability, calibration drift, and annotator fatigue become�irst-order concerns when human judgment is applied not to dozens ofexamples but to thousands, across teams and time zones.The challenge compounds from the other direction as well. Asagents grow more capable, tackling longer horizons, more ambiguoustasks, and multi-agent coordination, the evaluation problemsthemselves grow harder. Both the object of evaluation and the means ofbuilding evaluations are shifting simultaneously, which makesprincipled understanding not just useful but essential. And theprinciples themselves will not stand still. New model capabilities, frommultimodal reasoning to real-time tool use to long-context processing,will surface failure modes that don’t map cleanly onto today’sframeworks. The �ield’s vocabulary and taxonomies will keepexpanding. What remains constant is the discipline of asking the rightquestions: what behavior matters, how we would recognize it, andwhat evidence would change our mind.This book has tried to build that discipline from the ground up. Thefoundations of measurement give structure to what would otherwise besubjective impressions. Extending those foundations to agentsintroduces the complexities of autonomy, environment interaction, andcompounding error. Operationalizing evaluation at scale turns thoseideas into systems that can run continuously and inform real decisions.These are not separable concerns. A metric that is theoretically soundbut operationally fragile tells you nothing. An infrastructure that runs�lawlessly but measures the wrong thing is worse than noinfrastructure at all. The chapters form a single argument: that rigorousevaluation requires getting the principles, the methods, and thesystems right together.Answering these questions requires internalizing the principles ofgood evaluation design thoroughly enough to audit work that an agentproduced. That is a judgment call that no amount of automation



removes. But for practitioners who have built that foundation, the shiftis not a threat. It is a multiplier. The same understanding that once letyou build one careful evaluation now lets you direct an agent to buildhundreds, with the con�idence to know whether those hundreds areactually worth running. The tools will keep changing. The question ofwhether your system actually works never will.
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