
Evaluation

1

Sangdae Nam & Xutao Ma
09/23/2025



Why Evaluation matters

Evaluation sets the right target.
- Defining scenarios or datasets that mirror real use let evaluation as the 

North Star -> align model optimization with actual case
- Quantify improvement
- Hyperparameter selection

What is good eval dataset?
- clear purpose and scenarios
- broad coverage with difficulty
- contamination control
- reliable sources and labels



NLP benchmarks before MMLU

- GLUE/SuperGLUE
- A benchmark suite (2018) that combines multiple English sentence/sentence-pair 

classification and similarity tasks
- An upgraded SuperGLUE, more difficult successor introduced in 2019, includes 

tasks that demand deeper reasoning, commonsense etc
- CoLA (Corpus of Linguistic Acceptability)

 Input: “The books on the table is red.”
 Task: Decide whether the sentence is grammatically acceptable or not. (Here: unacceptable)

- SQuAD
- A reading comprehension benchmark in which models are given a paragraph (from 

Wikipedia) and questions whose answers are spans of text in the paragraph
- Context passage excerpt: “Atop the Main Building's gold dome is a golden statue of the Virgin Mary. Immediately in front 

of the Main Building and facing it, is a copper statue of Christ …”

- Question: “To whom did the Virgin Mary allegedly appear in 1858 in Lourdes France?”

- Answer: “Saint Bernadette Soubirous”



Modern NLP benchmarks

- MMLU (Measuring Massive Multitask Language Understanding): 

- multiple-choice benchmark covering ~57 academic subjects (STEM, humanities, social sciences, etc.)

- test an LLM’s zero-shot or few-shot knowledge and reasoning ability

- LiveBench: 

- newer benchmark with frequently updated questions from recent sources (math contests, arXiv papers, news, 
etc.),

- aiming to avoid test set contamination, with automatic scoring using objective ground truth

- GPQA (Graduate-Level Problems in Quantitative Analysis / Google-Proof Q&A): 

- A benchmark of challenging multiple-choice problems in graduate-level physics, mathematics, chemistry 

- MT-Bench: 

- multi-turn conversational benchmark that tests LLMs on coherent, instruction-following dialogue over multiple 
turns

- comparing responses to approximate human preference



Data collection

Collect from existing natural sources
  MMLU: “collected by graduate and undergraduate students from freely available sources online”.
  SWE-bench: “drawn from real GitHub issues and corresponding pull requests”
  AIME: American Invitational Mathematics Examination

Experts manually create dataset
  GPQA: “We hire 61 contractors (PhD) through Upwork to write and validate the dataset.”
  SimpleQA: “We asked AI trainers to create knowledge-seeking questions”

LLM assisted dataset curation
  ToolLLM: “We prompt ChatGPT to generate diverse instructions involving these APIs”



Data filtering

Error detection
  Incorrect question & answer 
  Syntax errors

Quality filtering
  Debias
  Deduplication
  Remove too easy data
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Multitask Language Understanding

Motivations
- Previous benchmarks, like GLUE were not enough to measure the 

performance of up-to-date LLM, since top models already achieved 
superhuman performance.

- Also these benchmarks evaluated linguistic skills more than overall language 
understanding

- Need to bridge the gap between wide-ranging knowledge and existing 
measures across diverse set of subjects that humans learn.
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Multitask Language Understanding

Multi Task
- 57 tasks in total
- questions and datasets manually collected by graduate and undergraduate students

- from GRE or United States Medical Licensing Examination(USMLE) etc
- collected 15908 questions

- split into few-shot development set, validation set, and test set.
- few shot dev set: 5Q per subject
- valid set: used for hyperparameter tuning, 1540Q
- test set: 14079Q

Human-level Accuracy
- Unspecialized humans from Amazon Mechanical Turk: 34.5%
- Real-world test-taker human’s 95th percentile: 87% for USMLE

Why task and domain diversity?
- The benchmark emphasizes breadth and depth
- Not just language skills but real-world academic/professional knowledge across domains—revealing lopsided performance



Multitask Language Understanding

Multi Task
- Humanities

- Law, philosophy, history
- Sources: ETHICS dataset etc

- Social Science
- Economics, sociology, politics, geography, psychology etc
- Sources: High school questions with AP style. 

Examination for Professional Practice in Psychology (EPPP)



Multitask Language Understanding

Multi Task
- STEM

- Physics, computer science, math etc
- Sources: GRE, College mathematic questions etc

- Others
- Medicine, finance, accounting, marketing etc
- Sources: Business course and questions

USMLE questions etc



Multitask Language Understanding

Experiments: Setup
- Models

- Random Baseline: 25% since ¼ choice problem
- RoBERTa + finetune on UnifiedQA training data + dev&val set
- ALBERT + finetune on UnifiedQA training data + dev&val set
- GPT-2 + finetune on UnifiedQA training data + dev&val set
- UnifiedQA (already finetuned, evaluate without any further tuning)
- GPT3 Small(2.7B) + few shot
- GPT3 Medium(6.7B) + few shot
- GPT3 Large(13B) + few shot
- GPT3 X-Large(175B) + few shot



Multitask Language Understanding

Experiments: Results
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Experiments: Results
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“We present SimpleQA, a benchmark that evaluates the ability of language 
models to answer short, fact-seeking questions.”



SimpleQA
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Factual QA benchmarks before SimpleQA

TriviaQA

Input: Question+(Excerpt)
Output: Answer

data collection: “we gathered question-answer 
pairs from 14 trivia and quiz-league websites”

Data set size: over 650K question-answer-evidence 
triples



SimpleQA
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Factual QA benchmarks before SimpleQA

Natural Questions (Google)

Input: Question+(Wiki pages)
Output: Answer

Data collection: “The questions consist of real 
anonymized, aggregated queries issued to the 
Google search engine.”

Data set size: “The public release contains 307,373 
training examples with single annotations”



SimpleQA
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Liu, Aixin, Bei Feng, Bing Xue, Bingxuan Wang, Bochao Wu, Chengda Lu, Chenggang Zhao et al. "Deepseek-v3 technical report." arXiv preprint 
arXiv:2412.19437 (2024).
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Motivation:
1. Challenge parametric knowledge retrieval ability (Older benchmarks are 

saturated)
2. High correctness
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Data collection and verification
Creation step: AI trainers (i.e., human annotators) created question and answer pairs.

Validation step: Questions were independently answered by another AI trainer and only 
kept if answers from both trainers matched



SimpleQA

26

Data collection and verification
Creation step: AI trainers (i.e., human annotators) created question and answer pairs.

Criterias:
1. Must have a single answer.
2. Reference answers should not change over time.
3. Reference answers must be supported by evidence. (provide a link to the webpage that   
 supports the reference answer to the question)
4. Must be challenging.

four GPT models answer → at least 1 incorrect
5. The question must be answerable as of 2023.

Quality control:
run a series of few-shot-prompted ChatGPT classifiers to detect criteria violations
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Data collection and verification
Validation step:

Another trainer answer → Must match the reference answer

Another trainer → Judge if problem-answer complies with criteria                   

Final quality check:
Sample 1000 problems → Third trainer answer

Error rate of the benchmark is around 3% 
 

How about using LLM+search_tools to do validation? 

why not test all the problem (4326 in total)?   



SimpleQA

28

Data diversity
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Model evaluation Metric:

1. Overall correct (or “correct”): 

2. Correct given attempted: 

F-score: 
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Model evaluation

Correct No attempt Incorrect Overall 
correct 

Correct given 
attempted

F-score

30% 0% 70% 30% 30% 30%

19% 76% 5% 19% 80% 30%

Towards a single number metric

r(correct) = 1
r(no_attempt) = a, a>=0
r(incorrect) = 0

Model would give an answer only when the correct probability >= a
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Model evaluation
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SimpleQA leaderboard 
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Measuring calibration
Prompt: 

Please give your best guess, along with your confidence as a percentage that that is the 
correct answer

Perfect calibrated model: 
Have the same actual accuracy as stated confidence.
ie. collect all prompts with confidence p. the accuracy of these prompt should be p.
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Measuring calibration
Perfect calibrated model: 

Have the same actual accuracy as stated confidence.
ie. collect all prompts with confidence p. the accuracy of these prompt should be p.



Impact

MMLU
- Filled a gap by testing knowledge during pretraining with 57 tasks from various 

subjects and level.
- Before MMLU, mainly targeted linguistic skills and saturated quickly.

SimpleQA
- Showed that modern large models have many shortcomings in factual knowledge 

retrieval & calibration (SOTA: 55.1% by gemini 2.5 pro).
- Setted a successful example of building a human manually written benchmark.



Discussion

More diverse methods to evaluate
- Benchmarks

- lm-eval harness: Framework to run multiple benchmarks or tasks
- Response accuracy, log likelihood => Also heavy job. How can we deal with it

- LLM-as-judge => Why we use LLM-as-judge at the industry level? How is it different?
- Using external LLM as judgement
- Providing context, criteria, rubric etc

- Chatbot arena(lmsys): Human Eval
- web platform run by LMSYS that lets users compare responses from two anonymous 

LLMs driven by the same prompt and vote which response they prefer.
Pros and cons of manually written queries

- High quality (eg. SimpleQA, GPQA)
- Hard to scale (eg. 4k in SimpleQA compared to 650k in TriviaQA)
- Diversity issue



Critic
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MEASURING MASSIVE MULTITASK LANGUAGE UNDERSTANDING

Multiple-choice format can mask shallow shortcuts

● MMLU turns everything into four-option classification because open-ended 
NLG is hard to score consistently.

● Multiple choice enables elimination and surface-pattern cues; it rarely 
forces reasoning or stepwise computation.

“Unusual learning order” suggests corpus exposure over mastery

● GPT-3 does better on College Medicine (47.4%) and College Mathematics 
(35.0%) than on Elementary Mathematics (29.9%)

● Accuracy can reflect where text exposure is richest rather than competence 
progression.
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MEASURING MASSIVE MULTITASK LANGUAGE UNDERSTANDING

Prompt/format sensitivity can swing scores

● Some systems (notably UnifiedQA) change by several percentage points with small 
formatting tweaks; shots/order matter.

● Leaderboard positions can become prompt-engineering artifacts.
● Removing a single terminator token (“</s>”) drops UnifiedQA accuracy by several points; 

more few-shot exemplars steadily increase accuracy. 

Content mix and human baselines

● Many items come from US exams (GRE, USMLE, AP), with US-centric subjects (e.g., US 
History, US Foreign Policy). Expert-level accuracy is partly estimated from 95th-percentile 
test takers. 

● Cultural skew and uneven difficulty normalization make cross-domain comparisons 
noisier.
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SimpleQA

● I like the spirit: renovate “toy” tasks into harder, real-world versions
● But benchmarks should be proactive, not just harder and even 

adversarial versions of old ones
● For simpleQA: why emphasize long-tail recall when models now 

use agentic search?
● Reinventing old tasks = fitting yesterdayʼs paradigm, not todayʼs 

models
● BrowseComp (first-authored again by Jason who created SimpleQA 

but at a later time) shows a forward-looking alternative
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But why do people keep making this mistake?

● Researchers ask: “Why did models saturate old benchmarks?”
○ Because theyʼve been evaluating their models on these benchmarks
○ This cycle creates researcher inertia → retrofitting instead of rethinking

● Rarely ask: “What benchmarks match current capabilities?”
● This drives adversarial tweaks of past tasks, not new ones
● Evaluation then feels misaligned with how models actually operate
● Benchmarks should be designed to anticipate how models are used 

now
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Also, an emerging trend in benchmark curation…

● Past benchmarks usually involve taking exam questions from
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Evaluation
Proponents
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Benchmarks are imperfect, but necessary
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Benchmarks and rigorous evaluation reveal hidden weaknesses:

● Failures in math, law, ethics, STEM reasoning
● Overconfidence: Models do not know when theyʼre wrong, lack calibration
● Provide shared baselines for comparison
● Objectively measure performance of new capabilities

In the absence of evaluation, there is a false perception of human-level 
intelligence based on cherry-picked examples and demos.  

 



Benchmarks are imperfect, but necessary
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Benchmarks add dimensions to evaluate orthogonal aspects:

● MMLU, ARC, AGI: Reasoning tasks and subjects
● SimpleQA, FACTS: Factuality and Calibration
● SWE-Bench: Coding
● EQ-Bench: Emotional and Social abilities
● ChatBot Arena, LiveBench: Interaction, Fluency, User Satisfaction
● AIME: Math

 Collectively, these enable measured progress and accountability—making 
ablations and experiments possible.



Short Testing Time (Simple Q&A)
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1. Quick prompt & hyperparameter tuning

2. Easy to reproduce

3. More important in the agent era



Check LLMs know what they know
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Diversity of Tasks
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Evaluates the general ability of language models 

to answer short, fact-seeking questions

Not domain-specific knowledge



Driving Progress with Evolving Benchmarks
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Benchmarks can quickly become saturated, yes.
LLMs quickly achieved human-level performance with GLUE and SuperGLUE.

Each saturation shows what is solved, and pushes the community to set harder 
goals and tasks.

Need for new, evolving, forward-looking benchmarks like:

● GPQA (targeting graduate level expertise, questions are “Google-proof”)
● Unsolved Questions (asking truly open-ended research questions)
● LongFact / FreshQA (long-form & fast-changing knowledge)

 



Tackling Standardization
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Need to push for standardized evaluations, and push back on cherry-picking of 
evaluation benchmarks and methodologies, e.g. OLMES paper pushes for 
reproducible details:

● Instance formatting: How Q/A are presented to LLM
● Few-shot examples: Which in-context examples to use, how many
● Probability normalization: How to handle token probabilities for scoring
● Task formulation: When to use multiple-choice versus completion/cloze format
● Implementation details: Computational and processing specifications

E.g. OLMES considers both MCF and CF formats, and selects the 
better-performing one→giving equal leverage to small and big models. 



Evaluation: Follow-up
UQ: Assessing Language Models on Unsolved Questions
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Key Takeaway

As models get better, benchmarks must keep pace with current capabilities
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2018
- grammar, comprehension
- simpler data collection
- easy-to-quantify 
evaluation metrics
- models have surpassed 
humans in these 
benchmarks

Today
- Knowledge testing
- Hallucinations
- Spicier metrics of accuracy
- Models are getting there (?)



What’s Next?

1. How to check if subjective/complex answers from a model are good?
2. Are models actually being evaluated on a level playing field?
3. How do we know models are actually applying what they know?
4. Are the problems these models tackling realistic and important? 
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UQ Dataset
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UQ Verifiers: Why?

- No answers available, at least try and filter out incorrect answers
- For eval. purposes use Humanityʼs Last Exam, which transfers well
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UQ Verifiers: How?

“Multi-shot” prompting strategies for improving verifier recall

1. Single prompt to verify for correctness/logic/question
2. Take a bunch of samples, have models “re-verify” their answer
3. Use a voting scheme on the samples to get a final answer
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UQ Verifiers Evaluation

- Accuracy is percent 
of verifications 
correct

- Precision is 
number of false 
positives

- Recall is number of 
false negatives
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