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Administrivia
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‣ Final project presentations in two weeks

‣ Final project check-ins due next Wednesday April 22

‣ Final projects due May 8

‣ Compute issues for final project: email me

‣ A3, quiz 3 grading underway



Today: Evaluation
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‣ Today: we will discuss principles of evaluation: understanding metrics, 
significance testing, how to think about benchmarks, and more

‣ During your projects, you will think about doing your own freeform evaluation of 
how well your system works



What does accuracy mean?
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Interpreting Accuracy
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Suppose I told you we had a hard benchmark dataset and a system gets 25% 
on it. What do you want to know?

‣ Random
‣ Majority class

‣ Simpler method

‣ Prompted LLM

Baselines



Baselines
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Suppose it’s a math dataset. Assume a grader like that in Assignment 3.	
Random baseline (pick an integer from 0 to 10) gets 1% accuracy	
Majority baseline (answering 0) is 2%	
System from prior work: 25%	
Our system: 27%

Is our system better? What do you need to know?



Baselines
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What if:

‣ Our systems gets the same 25% correct as the base model, +2% more?

‣ 10% are correct from both but the other (15% / 17%) are only gotten right by 
that system?

Suppose the prior work model gets 25%, our system gets 27%, and our system 
really is better (dataset is very large).	

Can we tell *why* by looking at the examples our system gets right and the 
other system gets wrong?



Baselines
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‣ *True* random might be low…but maybe there are a few plausible answers 
for a lot of the questions

Sure answer 50/50 guess 10% guess
No clue	

(random guess	
accuracy)

‣ There’s some progression of example difficulty across most datasets



Analyzing Errors
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‣ Find meaningful subsets of the data where model performance differs. E.g., 
“on number theory examples, the baseline gets 20% and the better system 
gets 50%”. (But how many number theory examples are there?)

‣ Character the behavior of the model independent of its answer (e.g., how it 
reasons in a chain-of-thought)

Looking at differences of example sets is likely to lead to a lot of noise

What you can do:



Statistical Significance
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Statistical Significance
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Now suppose I get 25% accuracy and my baseline gets 23% accuracy.

‣ What if I have 10000 examples?

‣ What if I have 100 examples?

‣ Why is this a problem? We did better right?



Distribution of Test Statistics
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Suppose our test set is 100 examples

Question: If a model gets 60% on this dataset, how reliable is that value?

60% = mean([is_correct(y1, model(x1)), is_correct(y2, model(x2)), …]) on dataset D

Call this statistic µ = acc(D) (for shorthand)

What is the distribution of µ?

Datapoints D = (x,y) ~ P(x)P(y|x), x’s are datapoints and y’s are labels

is_correct(y, y’) = 1 if y=y’, else 0



Bootstrap
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Bootstrap: estimate the sample mean by resampling the underlying data with 
replacement

Original sample D = (xi,yi) for i=1 to 100

For each of 10,000 samples (some large number):

Resample D’ = {(xi’, yi’)}  from D = {(xi, yi)}

Compute µ’ = mean(acc(D’))

Store µ’

Compute a 95% confidence interval over the stored µ’s



Bootstrap: Intuition
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P(x) Empirical distribution D

We substitute resamples from D in place of resamples from P(x). This is called a 
plug-in estimator: we’re plugging in the empirical distribution D instead of the 
real distribution P(x) (and D is sampled from P(x), so asymptotically this is fine)

What we really want to do: draw many different samples µ’ = mean(D’) by 
drawing a new D’ ~ P(x)P(y|x) from the underlying distribution. But we don’t 
have real access to that, so instead we resample.



Bootstrap Confidence Interval: Closed Form
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Our 100 data points look like [0, 0, 1, 1, 1, 0, 1, 1, 0, 0 …] with 60% 1s

What’s the distribution of µ’ if µ’ is the mean of 100 samples from this 
dataset?

What’s the std dev of µ’?

Suppose our two systems differ by 5%. How big a test set do we need?



Paired Bootstrap
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Suppose we have two systems:

System 1: 60% accuracy, 95% CI (50%, 70%)

System 2: 65% accuracy, 95% CI (55%, 75%)

Is System 2 really no better than System 1?
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Original sample D = (xi,yi) for i=1 to 100

For each of 10,000 samples (some large number):

Resample D’ = {(xi’, yi’)}  from D = {(xi, yi)}

Compute µ1’ = mean(acc(System 1(D’)))

Store 1 if (µ2’ - Δ) - µ1’ > Δ

p-value = the number of 1s / 10000

Paired Bootstrap

Compute µ2’ = mean(acc(System 2(D’)))

Null hypothesis: System 2 is not better than System 1

Original means µ1, µ2 , suppose µ2 - µ1 = Δ



Paired Bootstrap: Intuition
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System 1: 0  0  1  0  0  1  1  1  1  1 

System 2: 0  0  0  0  1  0  0  1  1  1

Performance on 10 examples:

Across many resamples, System 2 will usually do better than System 1, 
but p-value is only around 0.21 (0.05 is normal significance threshold)

P-value would be higher if the 1s were less correlated

P-value would be lower if the 1s were even more correlated, or if the 
dataset were bigger 



Interpreting p-values
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‣ Bootstrap will give you a p-value based on the test statistic. If we do 10,000 
trials of the bootstrap, the p-value will be N/10,000 for some N (how many 
samples exhibited the unusual behavior, e.g., a difference greater than delta 
by chance)

‣ What does a p = 0.01 mean?

‣ It does NOT mean that the null hypothesis has a 1% chance of being true. 
(Determining this would require a Bayesian model, prior distribution over 
models/parameters, etc.)

‣ Probability of obtaining results that are at least as extreme as the result 
observed, under the null hypothesis



Student’s t-test
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‣ Test for the paired differences between observations (e.g., µ2 - µ1)

‣ Assumes these are approximately normally distributed. This is a parametric test 
(unlike boostrap which is nonparametric)

‣ You can do this, if:

‣ You have a large enough test set (if test set is 50 examples, you can use the 
bootstrap but it’s not large enough for the Central Limit Theorem to apply)

‣ Your metric is well-behaved: some metrics like BLEU score are computed over 
the entire test set and don’t assess examples independently like accuracy



Other Tests
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McNemar’s test: looks at a binary matrix	
{System 1, System 2} x {Correct count, Incorrect count}	
and tests whether the distributions are the same

Wilcoxon Signed Rank Test: like the bootstrap, it’s a nonparametric test

‣ Operates over the rank of differences and magnitudes of those differences 
are lost

‣ Differences in the power of the test based on what underlying distributions 
are, but overall similar to bootstrap



Statistical Significance: Principles
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‣ Significance helps establish that you test set is big enough and that your 
deltas didn’t arise by chance.

‣ …but it doesn’t establish much else about robustness, including what 
happens if we:

‣ You can find that a 1% gain on a single dataset is significant, but that model is 
worse on all other datasets

‣ Change distribution of test data

‣ Change distribution of train data

‣ Retrain our system on the same data
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Multiple Testing
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‣ Classic significance testing (e.g., a psychology experiment): p < 0.05 is the 
threshold for significance

‣ What’s wrong with the following: I try 20 hyperparameters, and one of them 
leads to a significant improvement with p > 0.0001 (easily significant 
regardless of correction)



Multiple Testing
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Bonferroni Correction
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‣ Divide threshold by number of tests conducted

‣ Suppose p < 0.0001 even after this correction. Will this model necessarily be 
robust?

p < 0.05 becomes p < 0.0025 when 20 tests are done

‣ Advantages and disadvantages of this?



File Drawer Effect
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‣ Suppose each of the 20 Jelly Bean studies is done by a different researcher. 
19 of those researchers will not submit their studies to be published, but the 
20th will (and the 20th didn’t need to do any Bonferroni because they only 
ran one test…)

‣ When doing research: be aware when you’re working on a problem that 
seems unpublished, but which many people have likely thought about…there 
could be a reason it’s not published

‣ What are the ramifications when we think about this at the scale of an 
academic field?
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Human (and LLM) 
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Evaluation Beyond Accuracy
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Objective gradable Not objectively gradable

Math 
problems

Test 
questions

Translations Summaries

Stories

Poetry

Essays

Blog posts

Answers to 
questions

Explanations

Source 
code



Evaluation Beyond Accuracy
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Translations, answers to questions, explanations, summaries

In general: some kind of word overlap can work, but is a bit suspect

‣ We sometimes have a reference (e.g., a reference translation or a ground 
truth answer)

‣ Can look for features of the right answer (e.g., a piece of information in a 
summary, a keyword in an answer)



Evaluation Beyond Accuracy
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Blog posts, essays, stories, poetry

‣ What features should these be graded on?



Human (and LLM) Evaluation
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Suppose we have a set of criteria: (1) grammaticality; (2) coherence; (3) 
relevance of content; (4) interestingness. How do we get ratings for these for 
our system outputs?

Prior to 2023: hire humans, give them instructions, have them judge.

Advantage: ultimate ground truth for how linguistic output will be understood

Post 2023: LLM-as-a-judge

Disadvantage: humans might not do a careful job, could be inconsistent (for 
good reasons or bad reasons)

Advantages: cheap, easy, pretty good



LLM Evaluation
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LLM Evaluation
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GPT-4

Small LMs (BERT) trained 
on labeled translations 
with human evals

Zero-short BERT-based similarity metric

Lexical matching metrics



Sources of Rubrics
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WildBench:

Criteria can come from: (1) decomposing the given instruction into criteria; 
(2) generation from an LLM

For most tasks and criteria, we need rubrics: guides for how to grade 
responses that serve as instructions, for either humans or LLMs!



EvalAgent
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Write a New Yorker style fiction piece given the plot below: An observer becomes entranced by a seemingly 
ordinary couple on the street, follows them home, and watches them from outside in the rising floodwaters, 
drawing an eerie connection between the woman and a discard, burned chair they’d noticed earlier. 

MW

Title: The Couple on Delancey	
On Delancey Street, just past the Polish bakery and across from the shuttered 
pawn shop with its cracked neon promise—Cash for Gold—the couple 
appeared. Not in any overt sense, no lightning bolt of entrance, no cinematic 
swell. They simply were, standing at the curb, inspecting the schedule on a bus 
stop as if the city were not pulsing and frayed around them.[…] 	
The observer—whose name we do not learn, not because it is unknown, but 
because they had long since stopped using it—watched from a distance of five 
sidewalk squares.	
But the woman—her presence disturbed the air like heat off asphalt. Not 
beauty. Not elegance. Just… familiarity, though she was a stranger.	
[…] 	
Upstairs, the woman raised her hand in acknowledgment. Not a wave. Not a 
beckon. Something else. A gesture like closing a door.	
Then she turned from the window.	
And the rain continued.	

‣Doesn’t follow the “show 
don’t tell” of writing 

‣Doesn’t have plot twists 
(a) How do we automate?	
(b) Find reliable criteria?

How do we define evaluation criteria?

‣ Too wordy

39
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Criteria derived from the instruction:	
The response should…	

1. Be a New Yorker style fiction piece	
2. Have details about the plot and characters

Evaluate the validity of the response.	

Quality criteria are ambiguous 

Prompting an LLM for criteria: 	
The response should…	

1. Have a clear depiction of the observer following the couple home 	
2. Eerie connection drawn between the woman and a discarded chair	
3. Have a coherent structure and flow 	
4. Have characters and theme developed in a way that aligns with literary fiction standards

Write a New Yorker style fiction piece given the plot below: An observer becomes entranced by a seemingly 
ordinary couple on the street, follows them home, and watches them from outside in the rising floodwaters, 
drawing an eerie connection between the woman and a discard, burned chair they’d noticed earlier. 

MW

How do we define evaluation criteria?



What makes a good criterion?
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The response 
should have a 
coherent structure 
and flow

The response should have 
physical details and 
environmental interactions 
that reveal character traits

 The response should  
be a New Yorker style 
fiction  

Specificity

Non-obviousness

Actionability

Precise dimension of quality

Implicit/unspoken principles

Tangible improvements

EvalAgent generates specific, implicit and actionable criteria!



EvalAgent

42

EvalAgent generates implicit and task-specific criteria based on web documents

Step 1: Query Generator Step 2: Expert Retriever Step 3: Criteria Generator

Queries capture implicit aspects 
of the task 

Input Query n

Query 1

Query 2

Query n

. 

.

Query 
Criteria n

Retrieve instructional documents, filter, 
summarize each document and aggregate to 

query specific checklist

Evaluation 
Criteria

Aggregates checklists into task 
specific criteria, filter and rank

Input

Query 
Criteria n
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Write a New Yorker style fiction piece given the plot below:[…] MW

Step 1: Query Generator

Q1) how to write good fiction 	
Q2) how to build suspense	
Q3) how to reveal character through observation

Queries capture implicit aspects of the task! 

EvalAgent: Example



EvalAgent: Example 
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MW

Step 2: Expert Retriever

Q1) how to write good fiction How to start writing fiction (https://writers.com/how-to-start-writing-fiction)

Step 1: Query Generator

Write a New Yorker style fiction piece given the plot below:[…]

https://writers.com/how-to-start-writing-fiction


EvalAgent: Example 
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MW

How to write a suspense novel (https://thewritepractice.com/how-to-write-a-suspense-novel/ )	
Using Description To Reveal Character (https://writers.com/feature/using-description-to-reveal-character)

Step 2: Expert Retriever

Q1) how to write good fiction Eight Rules for Writing Fiction (https://www.newyorker.com/humor/daily-shouts/eight-rules-for-writing-fiction)	
How to start writing fiction (https://writers.com/how-to-start-writing-fiction)

Q2) how to build suspense

Retrieve and summarize high quality 
instructional documents to query 
specific criteria 

Step 1: Query Generator

Write a New Yorker style fiction piece given the plot below:[…]

https://thewritepractice.com/how-to-write-a-suspense-novel/
https://writers.com/feature/using-description-to-reveal-character
https://www.newyorker.com/humor/daily-shouts/eight-rules-for-writing-fiction
https://writers.com/how-to-start-writing-fiction


MW

Step 3: Criteria Generation

Aggregate and align criteria with 
the user prompt to generate 
evaluation criteria

The characters should have goals	
Character actions should have consequences	
Story should maintain a narrative voice and 
tone complementary to the character 	
Story should reveal character observations 
through actions, dialogues and environmental 
interactions	
[…]	
[…]

EvalAgent: Example 

Step 2: Expert Retriever
Step 1: Query Generator

46

Write a New Yorker style fiction piece given the plot below:[…]
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Desiderata for Benchmarks I
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https://www.jasonwei.net/blog/evals

‣ Dataset must have enough examples (exception: Terminal-Bench 2.0, with 
<100)

‣ High-quality: answers should be right, grading should be corect

‣ Simple to understand

‣ Easy to run

‣ Needs to be a meaningful task

‣ (Ideally) doesn’t saturate too quickly



Desiderata for Benchmarks II

49 https://ofir.io/How-to-Build-Good-Language-Modeling-Benchmarks/

‣ Natural

‣ Automatically evaluatable (+ single metric)

‣ Challenging



Modern Benchmarking: Muse Spark
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Modern Benchmarking: Muse Spark



Exception: ChatbotArena
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Elo
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‣ System of ranking based on wins + losses, used in chess and other 
competitive matchmaking environments

<latexit sha1_base64="Re/LC1rJnZuUrq9sl0KWHw2E5Ic=">AAACEXicbVDLSsNAFJ3UV62vqEs3g0WoiDWR+tgIbUVwWYt9QBvDZDpph04ezEyEEvILbvwVNy4UcevOnX/jtM1CrQcuHM65l3vvcUJGhTSMLy0zN7+wuJRdzq2srq1v6JtbTRFEHJMGDljA2w4ShFGfNCSVjLRDTpDnMNJyhpdjv3VPuKCBfytHIbE81PepSzGSSrL1wpVdgRew63KEYzOJTXgATeMuLtTtKjyEdbuyf1QyjCSx9bxRNCaAs8RMSR6kqNn6Z7cX4MgjvsQMCdExjVBaMeKSYkaSXDcSJER4iPqko6iPPCKsePJRAveU0oNuwFX5Ek7UnxMx8oQYeY7q9JAciL/eWPzP60TSPbdi6oeRJD6eLnIjBmUAx/HAHuUESzZSBGFO1a0QD5AKR6oQcyoE8+/Ls6R5XDRPiyc3pXy5msaRBTtgFxSACc5AGVyDGmgADB7AE3gBr9qj9qy9ae/T1oyWzmyDX9A+vgEuvJl5</latexit>

EA =
1

1 + 10(RB→RA)/400

‣ After a “game”:

<latexit sha1_base64="OyTZ7L5SQCAm9dvsPUSf3w6Zk00=">AAACAnicbVDLSgMxFM3UV62vUVfiJljEilhmxNdGaBVBcFMffUBbhkyaaUMzmSHJCGUobvwVNy4UcetXuPNvTNtZaOuBcA/n3MvNPW7IqFSW9W2kpqZnZufS85mFxaXlFXN1rSKDSGBSxgELRM1FkjDKSVlRxUgtFAT5LiNVt3sx8KsPREga8HvVC0nTR21OPYqR0pJjbtw6xR14BnWBe/A6d6frPrx0iruOmbXy1hBwktgJyYIEJcf8arQCHPmEK8yQlHXbClUzRkJRzEg/04gkCRHuojapa8qRT2QzHp7Qh9taaUEvEPpxBYfq74kY+VL2fFd3+kh15Lg3EP/z6pHyTpsx5WGkCMejRV7EoArgIA/YooJgxXqaICyo/ivEHSQQVjq1jA7BHj95klQO8vZx/ujmMFs4T+JIg02wBXLABiegAK5ACZQBBo/gGbyCN+PJeDHejY9Ra8pIZtbBHxifP0Fqk4M=</latexit>

R→
A = RA +K(SA → EA)

‣ ChatbotArena just fits a Bradley-Terry model



ChatbotArena
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Kinds of Contamination
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How could a model be contaminated for a test dataset?

‣ Pre-training data contains the examples

‣ Post-training data contains examples with labels

‣ RL dataset contains the data points



Detecting Contamination
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Yonatan Oren et al. (2024)

‣ Likelihood of examples in dataset order should be substantially higher than 
examples in a random order!
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Kinds of Contamination
‣ What kind of contamination does this not detect?
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