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What is "Good"?
• So far, we've covered everything for training an LLM 

• Architecture, training, systems, scaling, etc 

• Missing piece: what data do you train on? 
• Data shapes model behavior (code? multilingual? DNA?)  

• Before talking about data, 
• we need to think about what behavior we want from a model! 

• Evaluation: given a model, how "good" is it?
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https://artificialanalysis.ai/

Maybe a model is good if it does well on benchmarks
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https://artificialanalysis.ai/

Maybe a model is good if it does well on benchmarks 
and is cheap to run
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What is "Good"?
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https://arena.ai/leaderboard

Maybe a model is good if people prefer its responses
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What is "Good"?
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https://openrouter.ai/rankings?view=month

Maybe a model is good if people simply choose to use 
(and pay for) it
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What is "Good"?
• Evaluation might appear to be a mechanical process: 

• 1. Define some evaluation prompts 
• 2. Send prompts to a model and get back responses 
• 3. Compute accuracy 

• But actually, evaluation is a deep and important topic... 
• which shapes the development of AI 
• Core challenge: abstract construct → concrete metric
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Lecture Overview
• Perplexity 
• Exam Benchmark 
• Chat Benchmark 
• Agentic Benchmark 
• Reasoning Benchmark 
• Safety Benchmark 

• Benchmark Realism 
• Benchmark Validity 
• Discussion
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Likelihood
• Recall that LM is a probability distribution  over sequences of tokens 

• Log-likelihood 

• Per-word log-likelihood 
• Normalize LL wrt sentence length 
• e.g. if the model shows WLL=-4, 

it produces exact output at exp(-4) = 1.83%

p(x)
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• Example: given (a, b, c) the probs. of next tokens are: 

• If we calculate probs. of sentence "abcd" in the test dataset: 

• For , the probs. of Model A is 0.90, while Model B is 0.26P(d |a, b, c)

Likelihood

11

Model A Model B



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

• The inverse of the avg. probability of predicting the next word correctly 
• It indicates how uncertain the model is 
• e.g. if WLL=-4, PPL is exp(4) = 54 

• It means that the accuracy in predicting next token is same as 
selecting one token out of around 54 candidates

Perplexity
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Perplexity
• Pretraining = minimize perplexity on the training set 

• Then, the natural evaluation is test-set perplexity 
• Lower is better (the model predicts the data well) 

• Standard (and traditional) datasets 
• Penn Treebank (WSJ) 
• WikiText-103 (Wikipedia) 
• One Billion Word Benchmark 

• Classic paradigm was in-distribution evaluation 
• Train on train split and evaluate on test split of some dataset
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Perplexity
• GPT-2 is trained on WebText (400GB, websites linked from Reddit) 
• They did zero-shot (OOD) evaluation against standard datasets 

• Works better on small datasets (PTB) but not larger datasets (1BW) 
• After GPT-2/GPT-3, LLM evaluation shifts toward  

downstream task accuracy
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Perplexity
• But why we still use perplexity? 

• Provides a smoother curve → suitable for fitting scaling laws 
• It's an universal metric; it's what the model trained on 

• Another view is perplexity maximalist view 
• Assume that  is a true distribution and  is a model distribution 
• Optimal perplexity  reached when  
• We can solve any task with a model that have  
• In this view, decreasing perplexity is a path toward AGI... 😁 
• But very inefficient since the model also should learn unimportant 

parts of the distribution

t p
H(t) p = t

H(t)
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Exam Benchmarks
• Exams are a useful way to test language models (as with humans) 

• Have control over the subject and difficulty 
• Design to have unambiguous correct answer, easy to grade 

• MMLU 
• MMLU-Pro 
• GPQA 
• HLE 
• ...
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MMLU
• MMLU (Massive Multitask Language Understanding) 

• 57 subjects (mathematics, US history, law, ethics, etc.) 
• 4-choice multiple choice 

• "Collected by graduate and undergraduate students 
from freely available sources online" 

• Evaluated with few-shot prompting in GPT-3 
• In effect a knowledge test (not a language understanding test)

17

[Hendrycks+ 2020]
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https://llm-stats.com/benchmarks/mmlu
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MMLU
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[Hendrycks+ 2020]
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MMLU-Pro
• An improved version of MMLU 
• Changes 

• Remove noisy / trivial questions 
• 4 → 10 answer choices (harder discrimination) 
• Chain-of-thought evaluation (favors models) 

• Result: accuracy drops 16-33%

19

[Wang+ 2024]
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MMLU-Pro
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GPQA
• GPQA (Graduate-Level Google-

Proof Q&A) 
• Questions written by 61 PhD 

contractors from Upwork 

• PhD experts achieve 65% acc. 
• Non-experts achieve 34% over 30 

minutes with access to Google

21

[Rein+ 2023]
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Humanity's Last Exam (HLE)
• Multimodal, many subjects, multiple-choice + short-answer 
• Awarded $500K prize pool + co-authorship to question creators 
• Filtered by frontier LLLMs, multiple stages of review

22

[Phan+ 2025]
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Exam Benchmarks
• Exams are a useful way to test language models (as with humans) 

• Have control over the subject and difficulty 
• Design to have unambiguous correct answer, easy to grade 

• Summary: 
• Trend towards harder questions as models improve and saturate 

existing benchmarks 
• Multiple-choice format can be as difficult as one wants 
• Does not capture real usage 

(open-ended, doesn't necessarily exist correct answer)
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Chat Benchmarks
• So far, we've been evaluating on well-defined multiple-choice tasks  
• Most people don't ask multiple-choice exam questions to AI 

• But there is no GT when evaluating open-ended responses 
• How to evaluate and define a "good response"? 

• Approaches: 
• Human pairwise comparison (Chatbot Arena) 
• Automatically verifiable constraints (IFEval) 
• LLM-as-Judge (AlpacaEval, WildBench)
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Chatbot Arena
• Data collection 

• Random person from the Internet types in prompt 
• They get response from two random (anonymized) models 
• They rate which one is better 

• https://arena.ai

25
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claude-opus-4-1-search

claude-sonnet-4-6-search
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Chatbot Arena
• Compute ELO rankings based on pairwise 

comparisons 
• Define model: p(A wins against B) = 1 / (1 + 

10^((ELO_B - ELO_A)/400)) 
• Fit this model to maximize probability of 

pairwise comparisons

26
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Chatbot Arena
• Properties 

• Real-world prompts (free for users, incentives to actually use it) 

• But who are these people? biases? spammers? 
• Binary preference but conflates style and correctness 
• How does the human even assess correctness? 
• Prone to sycophancy? 

• 👍 We don't need to feed same prompts to all models 
• 👍 Live inputs and models

27

[Chiang+ 2024]
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IFEval
• IFEval (Instruction-Following Eval) 

• Adds synthetic constraints to instructions 
• e.g. "write under 300 words", "use 5 bullet points" 
• Automatic verifiable (formal compliance, not semantic quality) 

• Advantages: reproducibility, automation 
• Limits: instructions are relatively simple, constraints are artificial

28
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• AlphacaEval [Xuechen+ 2023] 
• Win rate against GPT-4 as judged by GPT-4 
• Problem: LLM judges favor longer responses 

• WildBench [Lin+ 2024] 
• Sourced 1024 examples from 1M human-chatbot conversations 
• GPT-4 turbo judges with checklist-based CoT 

LLM-as-a-Judge
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Chat Benchmarks
• There is no GT when evaluating open-ended responses 
• How to evaluate and define a "good response"? 

• Summary: 
• Pairwise comparisons provide higher signal 
• Beware of biases (both from humans and LLM judges) 
• Checklist/rubric improves reliability 

(regardless of human or LLM judge)
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Agentic Benchmarks
• Previously: evaluate what LLMs say (chat) 
• Now: evaluate what LLMs do (agents) 

• Agent = LLM + agent scaffolding (the decision logic for using the LLM) 

• Consider tasks that require tool use and iterating over a period of time 
• Measures the ability to perform real SE, security, and ML tasks 
• Major benchmarks: SWEBench, CyBench, MLEBench
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SWEBench
• 2294 tasks from 12 Python repositories 
• Input: codebase + issue description 
• Output: submit a PR 
• Evaluation: whether unit test pass

32

[Jimenez+ 2023]
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TerminalBench
• Computer terminal environments are simple and universal 
• 229 tasks crowdsourced from 93 contributors → filtering to 89 tasks 
• Input: an instruction and a dockerfile (Docker container) 
• Output: container state (after doing some exeuction) 
• Evaluation: whether container state pass the test 

33

[Merrill+ 2026]
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https://llm-stats.com/benchmarks/terminal-bench
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CyBench
• 40 CTF (Capture-the-Flag) cybersecurity tasks

34
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MLEBench
• 75 Kaggle competitions 
• The full pipeline: model training, data processing, submission

35

[Chan+ 2024]
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Agentic Benchmarks
• Agent = LLM + agent scaffolding (the decision logic for using the LLM) 

• Summary 
• Agents dramatically enhance the capability surface of LLM 
• Agent scaffolds are very important 
• Evaluating agents = evaluating agent scaffold + LLM
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(Pure) Reasoning Benchmarks
• Motivation: every task above requires linguistic / world knowledge 

• Can we separate reasoning from knowledge? 
• Reasoning is a purer form of intelligence (not mere memorization) 

• ARC-AGI [Chollet+ 2019] 
• 100% solvable by humans, but challenging for AI 
• Each task is unique, so memorization doesn't help
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(Pure) Reasoning Benchmarks
• ARC-AGI-2 (https://arcprize.org/arc-agi/2)

38

https://arcprize.org/arc-agi/2
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(Pure) Reasoning Benchmarks
• ARC-AGI-3 (https://arcprize.org/arc-agi/3) 

• With interactive environments

40

https://arcprize.org/arc-agi/3
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Safety Benchmarks
• What does safety mean for AI? 

• Evaluating whether LLM produces harmful or dangerous outputs 

• Key axes 
• Ability to refuse harmful behavior 
• Regulatory / policy compliance 
• Resistance to jailbreaking

41



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

HarmBench & AIR-Bench
• HarmBench [Mazeika+ 2024] 

• Based on 510 harmful behaviors that violate laws or norms 

• AIR-Bench [Zeng+ 2024] 
• Based on regulatory frameworks and company policies 
• Taxonomized into 314 risk categories, 5694 prompts
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Benchmark Realism
• Benchmark vs. real-world use-cases 

• Can the benchmarks represent our LLM use-cases? 

• Exam benchmarks (e.g. GPQA) are far away from real-world use 
• Chatbot arena prompts are from real people, but distribution is 

uncontrolled
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GDPVal (OpenAI)
• 44 occupations from top 9 sectors according to US GDP 
• Tasks come from professionals with ~14 years of experience

44

[Patwardhan+ 2025]
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Clio (Anthropic)
• Use language models to analyze real user data 
• Share general patterns of what people are asking

45

[Tamkin+ 2024]
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Benchmark Validity
• How do we know our evaluations are valid? 
• Basic ML principle: do not train on the test set 

• Past: clear train-test split (or even validation set) 
• Now: trained on the entire Internet, training data is private 

• Option 1: try to infer contamination from the model itself [Oren+ 2023]
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Benchmark Validity
• Option 2: encourage model providers to report train-test overlap 

[Zhang+ 2024] 

• Option 3: use fresh evals 
• LiveCodeBench, UncheatableEval: scrape new webpages 

• Option 4: Private evals 
• Companies use internal code bases that aren't on the Internet 
• Use your personal writings

47
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Example
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Discussion: The Leaderboard Illusion
• Benchmark saturation? 

• Benchmarks that were major at the time of the lecture saturated 
rapidly over the following year 

• GSM8K: 97-99% (effectively fully saturated, at the level of label noise) 
• MMLU: all frontier models 88%+, top tier 93%+ 
• MMLU-Pro: reached ~90% 
• HumanEval: effectively saturated on frontier models 
• GPQA Diamond: top score 95%+
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Discussion: The Leaderboard Illusion
• Benchmark cheating? 

• LLaMA 4  
• Meta submitted an Arena-only optimized variant 
• Verbose, emoji-laden responses → briefly placed 2nd 
• The public version dropped to 32–35 
• Yann LeCun admitted that the results were "fudged a little bit" 

• SWE-Bench contamination 
• OpenAI announced that it would stop using it for evaluation
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Discussion: The Leaderboard Illusion
• Goodhart’s law

52

Image credit: https://sohl-dickstein.github.io/2022/11/06/strong-Goodhart.html



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Discussion: The Leaderboard Illusion
• Goodhart’s law

53

Image credit: https://sohl-dickstein.github.io/2022/11/06/strong-Goodhart.html



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Discussion: The Leaderboard Illusion
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