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Doing NLP Research

• At a glance: 

• Look at the data 

• Quantitative analysis 

• Qualitative analysis 

• Generalization experiments 

• Model explanation/interpretation✨



What can evaluation do for us?

• Measuring performance: good metrics assess how effectively models perform a 
task or set of tasks 

• Standardized comparisons: benchmark datasets provide a consistent basis for 
comparing many models, which enables fairer comparisons 

• Guiding model development: enables researchers and developers to identify 
specific areas where models need improvement



The Development of AI Evaluations

• Classical era: small-scale task-specific benchmarks 

• Penn Treebank 

• Switchboard 

• Deep learning era: large-scale task-specific benchmarks 

• SQuAD v1 and v2 

• GLUE and SuperGLUE 

• Foundation model era: large-scale general and holistic benchmarks 

• MMLU 

• BIG Bench 

• HELM



Recap: MMLU

MMLU is commonly 
used to:

1. Assess the general 
reasoning abilities of LLMs

2. Ensure that some 
fine-tuning procedure 
doesn’t cause catastrophic 
forgetting of general 
capabilities.

57 subjects





BIG-Bench Hard (BBH)



BIG-Bench Hard (BBH)



HELM: Holistic Evaluation of Language Models



Chatbot Arena
Evaluation via Human Preferences



Elo Scores

• Elo calculates the relative skill levels of different players/agents 

• Used to rank chess players 

• When player A wins against player B, A takes points from B

If player A has a rating of  and player B has rating , the probability of A winning is:RA RB

EA =
1

1 + 10(RB−RA)/400

To update Elo after another game: say player A was expected to score , but 
actually scored . The new rating  is:

EA
SA R′￼A

R′￼A = RA + K ⋅ (SA − EA)



LLM-as-a-judge

• It’s not always easy to automatically measure certain qualities: 

• Was this information factual or hallucinated? 

• Is this long generated output natural-sounding or not? 

• Rather than use an automatic eval metric like accuracy, BLEU, etc., we could use 
an LLM-as-a-judge to evaluate the quality of an output



LLM-as-a-judge







LLM-as-a-judge

• LLM-as-a-judge can be quite scalable: can evaluate many responses quickly 

• LLM-as-a-judge is usually much less expensive than human annotators 

• Also, no IRB approval required for LLMs! 

• LLM-as-a-judge is flexible: can fine-tune or adjust for many tasks, or simply 
change the prompt to change how an LLM applies its standards

Benefits



LLM-as-a-judge

• LLM-as-a-judge can still be expensive compared to automatic evals, especially if 
you use proprietary models. 

• LLM-as-a-judge can be unreliable. 

• Risk of LLM misinterpreting the prompt if phrasing isn’t ideal 

• Risk of prompt injections 

• Risk of limited understanding of subjective or nuanced features 

• Reviewers often won’t immediately believe in the quality of your scores unless 
you do a meta-evaluation (e.g., measure agreement with human judgments)

Challenges



Recent Trends
Inverse Scaling

Can we find tasks where bigger LMs 
have systematically worse performance?



How do we know what models will do on future data?

• Most of the evaluations you will see involve testing on in-distribution data 

• Answers “how well did my model learn from the specific data I gave it?” 

• However, in almost all cases, we actually care about what the model will do on 
future inputs that don’t look just like the data we trained on 

• Answers “how will my model generalize?” 

• Can begin to evaluate this by using out-of-distribution (OOD) 
evaluation data







Example: Syntactic Generalization

• Has my model learned much about the way language is structured? Or is it just 
really good at faking it with token co-occurrence statistics? 

• Case studies: 

• Benchmark of Linguistic Minimal Pairs (BLiMP) 

• Syntactic transformations



BLiMP



BLiMP

These evals suggest that more recent LMs are good (but not great) at assigning 
higher probabilities to more acceptable sentences.

But how can we know for sure that models aren’t memorizing token co-occurrences?



Inductive Bias

A B

Train
A

Shape

B

Color

Test

Poverty of the stimulus 
experimental design 
[Wilson, 2006]

Colin Wilson (2006). Learning phonology with substantive bias: An experimental and 
computational study of velar palatalization. Cognitive Science.

Inductive biases determine how a learner generalizes 
given ambiguity in the data.



Can you repeat what the senator near the cats said?
0 1 2 3 4 5 6 7 8 9

*Linear heuristic: the closer noun is the subject.

“Meow.”

Syntax



Can you repeat what the senator near the cats said?
0 1 2 3 4 5 6 7 8 9

*Linear heuristic: the first noun is the subject.

Repeat previous utterance.

Syntax



Can you repeat what the senator near the cats said?
Hierarchical generalization: detect the subject of “said”.

“This bill will not pass because…”

Syntax



Syntactic Transformations
The yak has entertained our newts.

Hierarchical generalization: 
move the main auxiliary to 
the front.

___
the yak

entertained
our newts

Has
Has the yak ___ entertained our newts?

Linear generalization: 
move the first auxiliary 
to the front.

1 2 3 4 5 6

Has the yak entertained our newts?



Syntactic Transformations
The yak that hasn’t left has entertained our newts.

*Hasn’t the yak that ___ left has 

entertained our newts?

Linear generalization: 
move the first auxiliary 
to the front.

1 2 4 5 6

7

3

8 9

Hierarchical generalization: 
move the main auxiliary to 
the front.

___

the yak
entertained

our newts

Has

that
hasn’t left

Has the yak that hasn’t left entertained our newts?



Hierarchical Linear

(x,y)train

ytest-id

xtest Hierarchical Generalization
Linear Generalization

Training

ytest-ood

Syntactic Transformations



Hierarchical Linear

(x,y)train

ytest-id

xtest Hierarchical Generalization
Linear Generalizationytest-ood

Syntactic Transformations
Do models 
learn the 
task at all?

Training



Hierarchical Linear

(x,y)train

ytest-id

xtest Hierarchical Generalization
Linear Generalization

Training

ytest-ood

Syntactic Transformations How do 
models 
represent 
the structure 
of the task?

Do models 
learn the 
task at all?



• =

All models learn the in-distribution 
transformations.

In-distribution

Only pre-trained models generalize 
hierarchically!

Generalization



Open Questions in Evaluating NLP Systems

• How can we speed and scale up evaluation while maintaining evaluation accuracy? 

• How can we approximate human preferences more cost-efficiently? 

• How do we address the mismatch between human preferences (e.g., Chatbot 
Arena) and task accuracy on standard benchmarks (e.g., MMLU, GSM8K)? 

• How can we construct benchmarks that dynamically shift to meet the capabilities 
of newer models?


