
Evaluation and 
Benchmarking

CS 288: Advanced Natural Language Processing



Tasks and Metrics

• What are some basic types of tasks in NLP? 

• How do we design a function that tells us whether a model 
can “do” a task or not? 

• Evaluation metrics



Tasks (in General)
Most tasks can be thought of as a mapping from some input 
X to some output Y, where one or both of these have to do 
with language

Slide adapted from Graham Neubig

Task Input (X) Output (Y)

Text classification Text Label from a fixed class

Automatic speech recognition Audio signal Text

Dependency parsing Text Dependency tree

Code generation Text Executable code

Question answering Document and question (both text) Answer (text)

Translation Text (in source language) Text (in target language)

Open-ended NLG Optional prompt (text) Text

Referring expression generation Image and target object Referring expression (text)

Dialogue Conversation history (text) Next utterance (text)



Classification
• Input: text data 

• Output: label from a closed set



Binary Classification
• Input: text data 

• Output: label from a closed set 

• Spam detection

Not Spam



Binary Classification

Spam

• Input: text data 

• Output: label from a closed set 

• Spam detection



Multiclass Classification

Battle-tested industrial managers here always buck 

 up nervous newcomers with the tale of the first of 

 their countrymen to visit Mexico, a boatload of  

samurai warriors blown ashore 375 years ago.

        JJ              JJ            NNS      RB     RB     VB 

 RP     JJ            NNS       IN  DT  NN IN DT  JJ  IN 

     PP        NNS      TO  VB    NNP   DT   NN      IN 

      NNS       NNS      VB      RB     CD   NNS  RB

• Input: text data 

• Output: label from a closed set 

• Part of speech tagging



Evaluation

Battle-tested industrial …

Battle-tested industrial …

… industrial managers here …

… managers here always …

… here always buck up …

… blown ashore 375 years ago.

Input 
(31 words)

Correct 
Label

JJ 

JJ 

NNS 

RB 

RB 

RB
… …

VBD 

JJ 

NNS 

RB 

RB 

RB
…



Confusion Matrix

JJ RB IN TO DT NN NNS NNP PP VB VBN VBD CD

JJ 2 1 1
RB 5

IN 4

TO 1

DT 3

NN 2

NNS 6

NNP 1

PP 1

VB 2

VBN 1

VBD

CD 1

Predicted Class
Ta

rg
et

 C
la

ss

Count examples for each pair of (target class, predicted class)



4 incorrect
27 correct

Accuracy
What % of model predictions are correct?

27/31 = 
    87.1% 
    accuracy

JJ RB IN TO DT NN NNS NNP PP VB VBN VBD CD

JJ 2 1 1
RB 5

IN 4

TO 1

DT 3

NN 2

NNS 6

NNP 1

PP 1

VB 2

VBN 1

VBD

CD 1

Predicted Class
Ta

rg
et

 C
la

ss



3 false positive
2 true positive

Precision
For a particular class, how many of the model’s predictions of that 
class are accurate? (how precise is the model?)

TP 
TP + FP 

2/5 = 
    40% 
   precision

JJ RB IN TO DT NN NNS NNP PP VB VBN VBD CD

JJ 2 1 1
RB 5

IN 4

TO 1

DT 3

NN 2

NNS 6

NNP 1

PP 1

VB 2

VBN 1

VBD

CD 1

Predicted Class
Ta

rg
et

 C
la

ss
Class: singular noun (NN)



0 false negative
2 true positive

Recall
For examples with a particular correct class label, how often does the 
model accurately predict that label? (how well does the model recall 
the items for a particular class?)

TP 
TP + FN 

2/2 = 
    100% 
    recall

JJ RB IN TO DT NN NNS NNP PP VB VBN VBD CD

JJ 2 1 1
RB 5

IN 4

TO 1

DT 3

NN 2

NNS 6

NNP 1

PP 1

VB 2

VBN 1

VBD

CD 1

Predicted Class
Ta

rg
et

 C
la

ss
Class: singular noun (NN)



F1 Score
Harmonic mean of precision and recall (overall, how well is the 
model doing with a particular class?)

2 x P x R 
P + R 

2 x 0.4 x 1.0 
0.4 + 1.0 

=  
0.57 F1

JJ RB IN TO DT NN NNS NNP PP VB VBN VBD CD

JJ 2 1 1
RB 5

IN 4

TO 1

DT 3

NN 2

NNS 6

NNP 1

PP 1

VB 2

VBN 1

VBD

CD 1

Predicted Class
Ta

rg
et
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la

ss
Class: singular noun (NN)



Automatic Speech Recognition

• ASR performance is measured using error rates 

• Sentence error rate (exact match) can be too penalizing (1 or 0)  

• Word Error Rate (WER) captures average number (%) of wrong 
words in the transcript 

• For now, let’s assume words are separated by spaces 

• For languages that are not space delimited, Character Error 
Rate (CER) can be used

Task: Convert a speech utterance into a text transcript



Word Error Rate (WER)

• Reference :  Take me to UC campus (# words N=5) 

• ASR Transcript :   Take me to you see campus 

• 1 substitution     1 insertion        0 deletions 

• WER = 2/5 * 100 = 40 % 

• WER can be greater than 100%  (eg. Too many insertions) 

• S + D + I needs to be computed using Edit (Levenshtein) 
distance

Possible Errors : Substitutions (S), Deletions (D), Insertions (I)
<latexit sha1_base64="TlEKNPTVe2evIuVrNKeih2Qw5WQ=">AAACGXicbZDLSsNAFIYn9VbrLerSzWARBKEkItVlURe6kYr2Ak0pk+mkHTq5MHMilpDXcOOruHGhiEtd+TZO24DaemDg4//P4cz53UhwBZb1ZeTm5hcWl/LLhZXVtfUNc3OrrsJYUlajoQhl0yWKCR6wGnAQrBlJRnxXsIY7OBv5jTsmFQ+DWxhGrO2TXsA9TgloqWNaTteThCYOsHtIblJ8gCd4/oOXaZr5V2naMYtWyRoXngU7gyLKqtoxP5xuSGOfBUAFUaplWxG0EyKBU8HSghMrFhE6ID3W0hgQn6l2Mr4sxXta6WIvlPoFgMfq74mE+EoNfVd3+gT6atobif95rRi8k3bCgygGFtDJIi8WGEI8igl3uWQUxFADoZLrv2LaJzop0GEWdAj29MmzUD8s2eVS+fqoWDnN4sijHbSL9pGNjlEFXaAqqiGKHtATekGvxqPxbLwZ75PWnJHNbKM/ZXx+A4ZdoUo=</latexit>

S + D+ I

N



Levenshtein/Edit distance
Dynamic Programming based edit matrix computation d [N, M]

0. 1. Take 2. me 3. to 4. you 5. see 6. 
campus

0.

1. Take

2. me d[i,j]

3. to

4. UC

5. 
campus

R
ef

er
en

ce
 (

j)

Transcript or Hypothesis (i)

d [ i, j ] = min ( d [ i-1, j ] + 1 ,  
d [i , j -1] + 1 ,
d [i -1 , j -1] + local_substitution (i , j) )

# Insertion
# Deletion
# Substitution

Calculate the least 
cost alignment/edit 
path allowing 
insertion, deletion 
and substitution of 
words# Insertion

# Substitution # Deletion



Structured Prediction

• Input: text data 

• Output: structured 
combination of labels from 
a closed set 

• Syntactic (constituency) 
parsing

Penn Treebank, Marcus et al. 1993

Marcus et al. 1993, CL, “Building a large annotated corpus of English”



Structured Prediction

• Input: text data 

• Output: structured 
combination of labels from 
a closed set 

• Syntactic (dependency) 
parsing

Generated from https://hanlp.hankcs.com/en/ 

https://hanlp.hankcs.com/en/


Structured Prediction

• Input: text data 

• Output: structured 
combination of labels from 
a closed set 

• Semantic parsing 
(abstract meaning 
representation)



Structured Prediction

• Input: text data 

• Output: structured 
combination of labels from 
a closed set 

• Semantic parsing  
(text-to-SQL)

Task-specific eval metrics: 
- exact match accuracy 
- execution accuracy

airline #

AA 123

Delta 456

… …

JetBlue 404

airline #

AA 123

Delta 456

… …

United 789

? 
=



Structured Prediction

• Input: text data 

• Output: structured 
combination of labels from 
a closed set 

• Semantic parsing  
(code generation)

Task-specific eval metrics: 
- exact match accuracy 
- test case pass rate

HumanEval, Chen et al. 2021

Chen et al. 2021, “Evaluating large language models trained on code”



Text Comprehension
• Input: text data 

• Output: short piece of text 
(extractive QA: span in 
input text)

Rajpurkar et al. 2016

Rajpurkar et al. 2016, EMNLP, “SQuAD”

Task-specific eval metrics: 
- span selection accuracy



Information Extraction
• Input: lots of text data 

• Output: structured representation of information

Lockard et al. 2020, ACL tutorial on Multi-Modal Information Extraction

Task-specific eval metrics: 
- precision of extracted facts 
- recall of known facts



Question Answering
• Input: none 

• Output: short piece of text 

• Factual and commonsense

If someone wants to 
submerge themselves 
in water, what should 

they use?

Options 

(a) coffee cup 

(b) whirlpool bath 

(c) cup 

(d) puddle

Example from Holtzman et al. 2021, EMNLP, “Surface form competition”

0.2% 

0.1% 

0.3% 

0.3%

Task-specific eval metrics: 
- multiple-choice accuracy



Question Answering
• Input: none 

• Output: short piece of text 

• Factual and commonsense

If someone wants to 
submerge themselves 
in water, what should 

they use?

Example from Holtzman et al. 2021, EMNLP, “Surface form competition”

bathtub

most likely 
answer

Task-specific eval metrics: 
- multiple-choice accuracy 
- string similarity?

≈ whirlpool bath



Reference-Based  
Text Generation

• Input: text data 

• Output: same text, but in a different language 

• Machine translation

The bottle floated into the cave

La botella entró a la cuerva flotando

Example from Yoav Artzi



Reference-Based  
Evaluation: BLEU

• Reference 
The most natural form of language use is dialogue. 

• System outputs / candidates  
     The most common form of language use is conversation. 
     The most common form of language is speech.

<latexit sha1_base64="ezJ37iRNCb6hs5dSM9+FMEnFXNM=">AAAB6HicdVDJSgNBEK2JW4xb1KOXxiB4GmaCRI9BLx4TMAskQ+jp1CRteha6e4Qh5Au8eFDEq5/kzb+xJ4ng+qDpx3tVVNXzE8GVdpx3q7Cyura+UdwsbW3v7O6V9w/aKk4lwxaLRSy7PlUoeIQtzbXAbiKRhr7Ajj+5yv3OHUrF4+hGZwl6IR1FPOCMaiM1s0G54thVJwf5TVx7/jsVWKIxKL/1hzFLQ4w0E1Spnusk2ptSqTkTOCv1U4UJZRM6wp6hEQ1RedP5ojNyYpQhCWJpXqTJXP3aMaWhUlnom8qQ6rH66eXiX14v1cGFN+VRkmqM2GJQkAqiY5JfTYZcItMiM4Qyyc2uhI2ppEybbEomhM9Lyf+kXbXdml1rnlXql8s4inAEx3AKLpxDHa6hAS1ggHAPj/Bk3VoP1rP1sigtWMueQ/gG6/UD9A2NDg==</latexit>y

Papineni et al. 2002, ACL, “BLEU”

<latexit sha1_base64="k3XHulc28TWo2L9LrYdkOluQtKk=">AAAB7nicdVDJSgNBEK2JW4xb1KOXxiB4GmaCRI9BLx4jmAWSIfR0epImPQvdNcIw5CO8eFDEq9/jzb+xJ4ng+qDpx3tVVNXzEyk0Os67VVpZXVvfKG9WtrZ3dveq+wcdHaeK8TaLZax6PtVcioi3UaDkvURxGvqSd/3pVeF377jSIo5uMUu4F9JxJALBKBqpO5hQzLPZsFpz7LpTgPwmrj3/nRos0RpW3wajmKUhj5BJqnXfdRL0cqpQMMlnlUGqeULZlI5539CIhlx7+XzdGTkxyogEsTIvQjJXv3bkNNQ6C31TGVKc6J9eIf7l9VMMLrxcREmKPGKLQUEqCcakuJ2MhOIMZWYIZUqYXQmbUEUZmoQqJoTPS8n/pFO33YbduDmrNS+XcZThCI7hFFw4hyZcQwvawGAK9/AIT1ZiPVjP1suitGQtew7hG6zXD74Rj9s=</latexit>

ŷ
<latexit sha1_base64="PB8zVp5eUngUOYFi882KsJNvzIQ=">AAAB8HicdVDLSgMxFM34rPVVdekmWARXw0yR6rLoxmUF+5B2KJk004YmmSG5IwxDv8KNC0Xc+jnu/BszbQWfB0IO59zLvfeEieAGPO/dWVpeWV1bL22UN7e2d3Yre/ttE6eashaNRay7ITFMcMVawEGwbqIZkaFgnXByWfidO6YNj9UNZAkLJBkpHnFKwEq3/TGBPJsO/EGl6rk1rwD+TXx39ntVtEBzUHnrD2OaSqaACmJMz/cSCHKigVPBpuV+alhC6ISMWM9SRSQzQT5beIqPrTLEUaztU4Bn6teOnEhjMhnaSklgbH56hfiX10shOg9yrpIUmKLzQVEqMMS4uB4PuWYURGYJoZrbXTEdE00o2IzKNoTPS/H/pF1z/bpbvz6tNi4WcZTQITpCJ8hHZ6iBrlATtRBFEt2jR/TkaOfBeXZe5qVLzqLnAH2D8/oB6LWQfw==</latexit>
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ŷ2



Reference-Based  
Evaluation: BLEU

• Reference 
The most natural form of language use is dialogue. 

• System outputs / candidates  
     The most common form of language use is conversation. 
     The most common form of language is speech. 

•            is the set of n-grams in sequence
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Gn(x)
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Papineni et al. 2002, ACL, “BLEU”
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Reference-Based  
Evaluation: BLEU

• Reference 
The most natural form of language use is dialogue. 

• System outputs / candidates  
     The most common form of language use is conversation. 
     The most common form of language is speech. 

•            is the set of n-grams in sequence 
                 the, most, natural, form, of, language, use, is, dialogue, .
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ŷ

<latexit sha1_base64="2Wp5nmRzSJCRKdg+thmPeYq/NRU=">AAAB7XicdVDLSgMxFL1TX7W+qi7dBItQN8NMkeqy6EKXFWwttEPJpJk2NpMMSUYsQ//BjQtF3Po/7vwb04fg80DI4Zx7ufeeMOFMG897d3ILi0vLK/nVwtr6xuZWcXunqWWqCG0QyaVqhVhTzgRtGGY4bSWK4jjk9Docnk3861uqNJPiyowSGsS4L1jECDZWap53RfnusFsseW7FmwD9Jr47/b0SzFHvFt86PUnSmApDONa67XuJCTKsDCOcjgudVNMEkyHu07alAsdUB9l02zE6sEoPRVLZJwyaql87MhxrPYpDWxljM9A/vYn4l9dOTXQSZEwkqaGCzAZFKUdGosnpqMcUJYaPLMFEMbsrIgOsMDE2oIIN4fNS9D9pVly/6lYvj0q103kcediDfSiDD8dQgwuoQwMI3MA9PMKTI50H59l5mZXmnHnPLnyD8/oBzUOOpA==</latexit>

Gn(x)
<latexit sha1_base64="Y+ACyBc/uJRta2WUe2bAkfUpw7I=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgadkNEj0GvXhMwCRCsoTZSW8yZvbBzKwYlnyBFw+KePWTvPk3ziYRfBYMU1R1093lJ4Ir7TjvVmFpeWV1rbhe2tjc2t4p7+61VZxKhi0Wi1he+1Sh4BG2NNcCrxOJNPQFdvzxRe53blEqHkdXepKgF9JhxAPOqDZS865frjh21clBfhPXnv1OBRZo9MtvvUHM0hAjzQRVqus6ifYyKjVnAqelXqowoWxMh9g1NKIhKi+bLTolR0YZkCCW5kWazNSvHRkNlZqEvqkMqR6pn14u/uV1Ux2ceRmPklRjxOaDglQQHZP8ajLgEpkWE0Mok9zsStiISsq0yaZkQvi8lPxP2lXbrdm15kmlfr6IowgHcAjH4MIp1OESGtACBgj38AhP1o31YD1bL/PSgrXo2YdvsF4/APKJjQ0=</latexit>x

Papineni et al. 2002, ACL, “BLEU”

<latexit sha1_base64="PB8zVp5eUngUOYFi882KsJNvzIQ=">AAAB8HicdVDLSgMxFM34rPVVdekmWARXw0yR6rLoxmUF+5B2KJk004YmmSG5IwxDv8KNC0Xc+jnu/BszbQWfB0IO59zLvfeEieAGPO/dWVpeWV1bL22UN7e2d3Yre/ttE6eashaNRay7ITFMcMVawEGwbqIZkaFgnXByWfidO6YNj9UNZAkLJBkpHnFKwEq3/TGBPJsO/EGl6rk1rwD+TXx39ntVtEBzUHnrD2OaSqaACmJMz/cSCHKigVPBpuV+alhC6ISMWM9SRSQzQT5beIqPrTLEUaztU4Bn6teOnEhjMhnaSklgbH56hfiX10shOg9yrpIUmKLzQVEqMMS4uB4PuWYURGYJoZrbXTEdE00o2IzKNoTPS/H/pF1z/bpbvz6tNi4WcZTQITpCJ8hHZ6iBrlATtRBFEt2jR/TkaOfBeXZe5qVLzqLnAH2D8/oB6LWQfw==</latexit>

ŷ1
<latexit sha1_base64="hgPazNB1rvisCpzmswn/2TvN7hg=">AAAB8HicdVDLSgMxFL3js9ZX1aWbYBFcDTNFqsuiG5cV7EPaoWTSTBuaZIYkIwxDv8KNC0Xc+jnu/BszbQWfB0IO59zLvfeECWfaeN67s7S8srq2Xtoob25t7+xW9vbbOk4VoS0S81h1Q6wpZ5K2DDOcdhNFsQg57YSTy8Lv3FGlWSxvTJbQQOCRZBEj2Fjptj/GJs+mg9qgUvXcmlcA/Sa+O/u9KizQHFTe+sOYpIJKQzjWuud7iQlyrAwjnE7L/VTTBJMJHtGepRILqoN8tvAUHVtliKJY2ScNmqlfO3IstM5EaCsFNmP90yvEv7xeaqLzIGcySQ2VZD4oSjkyMSquR0OmKDE8swQTxeyuiIyxwsTYjMo2hM9L0f+kXXP9ulu/Pq02LhZxlOAQjuAEfDiDBlxBE1pAQMA9PMKTo5wH59l5mZcuOYueA/gG5/UD6jmQgA==</latexit>

ŷ2

<latexit sha1_base64="QAJUXRufR59hGTBMHZMGlfJMWJk=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0Wom5AUqW6EogtdVrAPSEOZTCft0MkkzNwIJfQz3LhQxK1f486/cdJW8HlgmMM593LvPUEiuAbHebcKS8srq2vF9dLG5tb2Tnl3r63jVFHWorGIVTcgmgkuWQs4CNZNFCNRIFgnGF/mfueOKc1jeQuThPkRGUoeckrASN5V361OjvE57mX9csWxa04O/Ju49ux3KmiBZr/81hvENI2YBCqI1p7rJOBnRAGngk1LvVSzhNAxGTLPUEkipv1stvIUHxllgMNYmScBz9SvHRmJtJ5EgamMCIz0Ty8X//K8FMIzP+MySYFJOh8UpgJDjPP78YArRkFMDCFUcbMrpiOiCAWTUsmE8Hkp/p+0a7Zbt+s3J5XGxSKOIjpAh6iKXHSKGugaNVELURSje/SIniywHqxn62VeWrAWPfvoG6zXDzfMj+4=</latexit>

G1(y) = {
<latexit sha1_base64="p82nb6viBgMe6iSBhEYfmncx1Kc=">AAAB6XicdVBNSwMxEJ2tX7V+VT16CRbB07ItUj0WvXisYmuhXUo2zbah2eySzApl6T/w4kERr/4jb/4bs20FPx+EPN6bYWZekEhh0PPencLS8srqWnG9tLG5tb1T3t1rmzjVjLdYLGPdCajhUijeQoGSdxLNaRRIfhuML3L/9o5rI2J1g5OE+xEdKhEKRtFK171pv1zx3JqXg/wmVXf2exVYoNkvv/UGMUsjrpBJaky36iXoZ1SjYJJPS73U8ISyMR3yrqWKRtz42WzTKTmyyoCEsbZPIZmpXzsyGhkziQJbGVEcmZ9eLv7ldVMMz/xMqCRFrth8UJhKgjHJzyYDoTlDObGEMi3sroSNqKYMbTglG8LnpeR/0q651bpbvzqpNM4XcRThAA7hGKpwCg24hCa0gEEI9/AIT87YeXCenZd5acFZ9OzDNzivH6rcjXg=</latexit>

}

unigram



Reference-Based  
Evaluation: BLEU

• Reference 
The most natural form of language use is dialogue. 

• System outputs / candidates  
     The most common form of language use is conversation. 
     The most common form of language is speech. 

•            is the set of n-grams in sequence 
                 the, most, natural, form, of, language, use, is, dialogue, . 
                   the most, most natural, natural form, form of, …

<latexit sha1_base64="ezJ37iRNCb6hs5dSM9+FMEnFXNM=">AAAB6HicdVDJSgNBEK2JW4xb1KOXxiB4GmaCRI9BLx4TMAskQ+jp1CRteha6e4Qh5Au8eFDEq5/kzb+xJ4ng+qDpx3tVVNXzE8GVdpx3q7Cyura+UdwsbW3v7O6V9w/aKk4lwxaLRSy7PlUoeIQtzbXAbiKRhr7Ajj+5yv3OHUrF4+hGZwl6IR1FPOCMaiM1s0G54thVJwf5TVx7/jsVWKIxKL/1hzFLQ4w0E1Spnusk2ptSqTkTOCv1U4UJZRM6wp6hEQ1RedP5ojNyYpQhCWJpXqTJXP3aMaWhUlnom8qQ6rH66eXiX14v1cGFN+VRkmqM2GJQkAqiY5JfTYZcItMiM4Qyyc2uhI2ppEybbEomhM9Lyf+kXbXdml1rnlXql8s4inAEx3AKLpxDHa6hAS1ggHAPj/Bk3VoP1rP1sigtWMueQ/gG6/UD9A2NDg==</latexit>y

<latexit sha1_base64="k3XHulc28TWo2L9LrYdkOluQtKk=">AAAB7nicdVDJSgNBEK2JW4xb1KOXxiB4GmaCRI9BLx4jmAWSIfR0epImPQvdNcIw5CO8eFDEq9/jzb+xJ4ng+qDpx3tVVNXzEyk0Os67VVpZXVvfKG9WtrZ3dveq+wcdHaeK8TaLZax6PtVcioi3UaDkvURxGvqSd/3pVeF377jSIo5uMUu4F9JxJALBKBqpO5hQzLPZsFpz7LpTgPwmrj3/nRos0RpW3wajmKUhj5BJqnXfdRL0cqpQMMlnlUGqeULZlI5539CIhlx7+XzdGTkxyogEsTIvQjJXv3bkNNQ6C31TGVKc6J9eIf7l9VMMLrxcREmKPGKLQUEqCcakuJ2MhOIMZWYIZUqYXQmbUEUZmoQqJoTPS8n/pFO33YbduDmrNS+XcZThCI7hFFw4hyZcQwvawGAK9/AIT1ZiPVjP1suitGQtew7hG6zXD74Rj9s=</latexit>

ŷ

<latexit sha1_base64="2Wp5nmRzSJCRKdg+thmPeYq/NRU=">AAAB7XicdVDLSgMxFL1TX7W+qi7dBItQN8NMkeqy6EKXFWwttEPJpJk2NpMMSUYsQ//BjQtF3Po/7vwb04fg80DI4Zx7ufeeMOFMG897d3ILi0vLK/nVwtr6xuZWcXunqWWqCG0QyaVqhVhTzgRtGGY4bSWK4jjk9Docnk3861uqNJPiyowSGsS4L1jECDZWap53RfnusFsseW7FmwD9Jr47/b0SzFHvFt86PUnSmApDONa67XuJCTKsDCOcjgudVNMEkyHu07alAsdUB9l02zE6sEoPRVLZJwyaql87MhxrPYpDWxljM9A/vYn4l9dOTXQSZEwkqaGCzAZFKUdGosnpqMcUJYaPLMFEMbsrIgOsMDE2oIIN4fNS9D9pVly/6lYvj0q103kcediDfSiDD8dQgwuoQwMI3MA9PMKTI50H59l5mZXmnHnPLnyD8/oBzUOOpA==</latexit>

Gn(x)
<latexit sha1_base64="Y+ACyBc/uJRta2WUe2bAkfUpw7I=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgadkNEj0GvXhMwCRCsoTZSW8yZvbBzKwYlnyBFw+KePWTvPk3ziYRfBYMU1R1093lJ4Ir7TjvVmFpeWV1rbhe2tjc2t4p7+61VZxKhi0Wi1he+1Sh4BG2NNcCrxOJNPQFdvzxRe53blEqHkdXepKgF9JhxAPOqDZS865frjh21clBfhPXnv1OBRZo9MtvvUHM0hAjzQRVqus6ifYyKjVnAqelXqowoWxMh9g1NKIhKi+bLTolR0YZkCCW5kWazNSvHRkNlZqEvqkMqR6pn14u/uV1Ux2ceRmPklRjxOaDglQQHZP8ajLgEpkWE0Mok9zsStiISsq0yaZkQvi8lPxP2lXbrdm15kmlfr6IowgHcAjH4MIp1OESGtACBgj38AhP1o31YD1bL/PSgrXo2YdvsF4/APKJjQ0=</latexit>x

Papineni et al. 2002, ACL, “BLEU”

<latexit sha1_base64="PB8zVp5eUngUOYFi882KsJNvzIQ=">AAAB8HicdVDLSgMxFM34rPVVdekmWARXw0yR6rLoxmUF+5B2KJk004YmmSG5IwxDv8KNC0Xc+jnu/BszbQWfB0IO59zLvfeEieAGPO/dWVpeWV1bL22UN7e2d3Yre/ttE6eashaNRay7ITFMcMVawEGwbqIZkaFgnXByWfidO6YNj9UNZAkLJBkpHnFKwEq3/TGBPJsO/EGl6rk1rwD+TXx39ntVtEBzUHnrD2OaSqaACmJMz/cSCHKigVPBpuV+alhC6ISMWM9SRSQzQT5beIqPrTLEUaztU4Bn6teOnEhjMhnaSklgbH56hfiX10shOg9yrpIUmKLzQVEqMMS4uB4PuWYURGYJoZrbXTEdE00o2IzKNoTPS/H/pF1z/bpbvz6tNi4WcZTQITpCJ8hHZ6iBrlATtRBFEt2jR/TkaOfBeXZe5qVLzqLnAH2D8/oB6LWQfw==</latexit>

ŷ1
<latexit sha1_base64="hgPazNB1rvisCpzmswn/2TvN7hg=">AAAB8HicdVDLSgMxFL3js9ZX1aWbYBFcDTNFqsuiG5cV7EPaoWTSTBuaZIYkIwxDv8KNC0Xc+jnu/BszbQWfB0IO59zLvfeECWfaeN67s7S8srq2Xtoob25t7+xW9vbbOk4VoS0S81h1Q6wpZ5K2DDOcdhNFsQg57YSTy8Lv3FGlWSxvTJbQQOCRZBEj2Fjptj/GJs+mg9qgUvXcmlcA/Sa+O/u9KizQHFTe+sOYpIJKQzjWuud7iQlyrAwjnE7L/VTTBJMJHtGepRILqoN8tvAUHVtliKJY2ScNmqlfO3IstM5EaCsFNmP90yvEv7xeaqLzIGcySQ2VZD4oSjkyMSquR0OmKDE8swQTxeyuiIyxwsTYjMo2hM9L0f+kXXP9ulu/Pq02LhZxlOAQjuAEfDiDBlxBE1pAQMA9PMKTo5wH59l5mZcuOYueA/gG5/UD6jmQgA==</latexit>

ŷ2

<latexit sha1_base64="QAJUXRufR59hGTBMHZMGlfJMWJk=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0Wom5AUqW6EogtdVrAPSEOZTCft0MkkzNwIJfQz3LhQxK1f486/cdJW8HlgmMM593LvPUEiuAbHebcKS8srq2vF9dLG5tb2Tnl3r63jVFHWorGIVTcgmgkuWQs4CNZNFCNRIFgnGF/mfueOKc1jeQuThPkRGUoeckrASN5V361OjvE57mX9csWxa04O/Ju49ux3KmiBZr/81hvENI2YBCqI1p7rJOBnRAGngk1LvVSzhNAxGTLPUEkipv1stvIUHxllgMNYmScBz9SvHRmJtJ5EgamMCIz0Ty8X//K8FMIzP+MySYFJOh8UpgJDjPP78YArRkFMDCFUcbMrpiOiCAWTUsmE8Hkp/p+0a7Zbt+s3J5XGxSKOIjpAh6iKXHSKGugaNVELURSje/SIniywHqxn62VeWrAWPfvoG6zXDzfMj+4=</latexit>

G1(y) = {
<latexit sha1_base64="p82nb6viBgMe6iSBhEYfmncx1Kc=">AAAB6XicdVBNSwMxEJ2tX7V+VT16CRbB07ItUj0WvXisYmuhXUo2zbah2eySzApl6T/w4kERr/4jb/4bs20FPx+EPN6bYWZekEhh0PPencLS8srqWnG9tLG5tb1T3t1rmzjVjLdYLGPdCajhUijeQoGSdxLNaRRIfhuML3L/9o5rI2J1g5OE+xEdKhEKRtFK171pv1zx3JqXg/wmVXf2exVYoNkvv/UGMUsjrpBJaky36iXoZ1SjYJJPS73U8ISyMR3yrqWKRtz42WzTKTmyyoCEsbZPIZmpXzsyGhkziQJbGVEcmZ9eLv7ldVMMz/xMqCRFrth8UJhKgjHJzyYDoTlDObGEMi3sroSNqKYMbTglG8LnpeR/0q651bpbvzqpNM4XcRThAA7hGKpwCg24hCa0gEEI9/AIT87YeXCenZd5acFZ9OzDNzivH6rcjXg=</latexit>

}
<latexit sha1_base64="SrACJ8Hllqe/jmy1eKvtykGo/VI=">AAAB8nicdVDLSsNAFL2pr1pfVZduBotQNyUpUt0IRRe6rGAfkIYymU7aoZNMmJkIIfQz3LhQxK1f486/cdJW8HlgmMM593LvPX7MmdK2/W4VlpZXVteK66WNza3tnfLuXkeJRBLaJoIL2fOxopxFtK2Z5rQXS4pDn9OuP7nM/e4dlYqJ6FanMfVCPIpYwAjWRnKvBvVqeozOUT8blCt2rW7nQL+JU5v9dgUWaA3Kb/2hIElII004Vsp17Fh7GZaaEU6npX6iaIzJBI+oa2iEQ6q8bLbyFB0ZZYgCIc2LNJqpXzsyHCqVhr6pDLEeq59eLv7luYkOzryMRXGiaUTmg4KEIy1Qfj8aMkmJ5qkhmEhmdkVkjCUm2qRUMiF8Xor+J516zWnUGjcnlebFIo4iHMAhVMGBU2jCNbSgDQQE3MMjPFnaerCerZd5acFa9OzDN1ivHzlYj+8=</latexit>

G2(y) = {
<latexit sha1_base64="p82nb6viBgMe6iSBhEYfmncx1Kc=">AAAB6XicdVBNSwMxEJ2tX7V+VT16CRbB07ItUj0WvXisYmuhXUo2zbah2eySzApl6T/w4kERr/4jb/4bs20FPx+EPN6bYWZekEhh0PPencLS8srqWnG9tLG5tb1T3t1rmzjVjLdYLGPdCajhUijeQoGSdxLNaRRIfhuML3L/9o5rI2J1g5OE+xEdKhEKRtFK171pv1zx3JqXg/wmVXf2exVYoNkvv/UGMUsjrpBJaky36iXoZ1SjYJJPS73U8ISyMR3yrqWKRtz42WzTKTmyyoCEsbZPIZmpXzsyGhkziQJbGVEcmZ9eLv7ldVMMz/xMqCRFrth8UJhKgjHJzyYDoTlDObGEMi3sroSNqKYMbTglG8LnpeR/0q651bpbvzqpNM4XcRThAA7hGKpwCg24hCa0gEEI9/AIT87YeXCenZd5acFZ9OzDNzivH6rcjXg=</latexit>

}

bigram



Reference-Based  
Evaluation: BLEU

• Reference 
The most natural form of language use is dialogue. 

• System outputs / candidates  
     The most common form of language use is conversation. 
     The most common form of language is speech. 

•            is the set of n-grams in sequence 
                 the, most, natural, form, of, language, use, is, dialogue, . 
                   the most, most natural, natural form, form of, … 

•              is the number of occurrences of n-gram    in  
    the,     = 1          most,     = 1           natural form,     = 1

<latexit sha1_base64="ezJ37iRNCb6hs5dSM9+FMEnFXNM=">AAAB6HicdVDJSgNBEK2JW4xb1KOXxiB4GmaCRI9BLx4TMAskQ+jp1CRteha6e4Qh5Au8eFDEq5/kzb+xJ4ng+qDpx3tVVNXzE8GVdpx3q7Cyura+UdwsbW3v7O6V9w/aKk4lwxaLRSy7PlUoeIQtzbXAbiKRhr7Ajj+5yv3OHUrF4+hGZwl6IR1FPOCMaiM1s0G54thVJwf5TVx7/jsVWKIxKL/1hzFLQ4w0E1Spnusk2ptSqTkTOCv1U4UJZRM6wp6hEQ1RedP5ojNyYpQhCWJpXqTJXP3aMaWhUlnom8qQ6rH66eXiX14v1cGFN+VRkmqM2GJQkAqiY5JfTYZcItMiM4Qyyc2uhI2ppEybbEomhM9Lyf+kXbXdml1rnlXql8s4inAEx3AKLpxDHa6hAS1ggHAPj/Bk3VoP1rP1sigtWMueQ/gG6/UD9A2NDg==</latexit>y

<latexit sha1_base64="k3XHulc28TWo2L9LrYdkOluQtKk=">AAAB7nicdVDJSgNBEK2JW4xb1KOXxiB4GmaCRI9BLx4jmAWSIfR0epImPQvdNcIw5CO8eFDEq9/jzb+xJ4ng+qDpx3tVVNXzEyk0Os67VVpZXVvfKG9WtrZ3dveq+wcdHaeK8TaLZax6PtVcioi3UaDkvURxGvqSd/3pVeF377jSIo5uMUu4F9JxJALBKBqpO5hQzLPZsFpz7LpTgPwmrj3/nRos0RpW3wajmKUhj5BJqnXfdRL0cqpQMMlnlUGqeULZlI5539CIhlx7+XzdGTkxyogEsTIvQjJXv3bkNNQ6C31TGVKc6J9eIf7l9VMMLrxcREmKPGKLQUEqCcakuJ2MhOIMZWYIZUqYXQmbUEUZmoQqJoTPS8n/pFO33YbduDmrNS+XcZThCI7hFFw4hyZcQwvawGAK9/AIT1ZiPVjP1suitGQtew7hG6zXD74Rj9s=</latexit>

ŷ

<latexit sha1_base64="2Wp5nmRzSJCRKdg+thmPeYq/NRU=">AAAB7XicdVDLSgMxFL1TX7W+qi7dBItQN8NMkeqy6EKXFWwttEPJpJk2NpMMSUYsQ//BjQtF3Po/7vwb04fg80DI4Zx7ufeeMOFMG897d3ILi0vLK/nVwtr6xuZWcXunqWWqCG0QyaVqhVhTzgRtGGY4bSWK4jjk9Docnk3861uqNJPiyowSGsS4L1jECDZWap53RfnusFsseW7FmwD9Jr47/b0SzFHvFt86PUnSmApDONa67XuJCTKsDCOcjgudVNMEkyHu07alAsdUB9l02zE6sEoPRVLZJwyaql87MhxrPYpDWxljM9A/vYn4l9dOTXQSZEwkqaGCzAZFKUdGosnpqMcUJYaPLMFEMbsrIgOsMDE2oIIN4fNS9D9pVly/6lYvj0q103kcediDfSiDD8dQgwuoQwMI3MA9PMKTI50H59l5mZXmnHnPLnyD8/oBzUOOpA==</latexit>

Gn(x)
<latexit sha1_base64="Y+ACyBc/uJRta2WUe2bAkfUpw7I=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgadkNEj0GvXhMwCRCsoTZSW8yZvbBzKwYlnyBFw+KePWTvPk3ziYRfBYMU1R1093lJ4Ir7TjvVmFpeWV1rbhe2tjc2t4p7+61VZxKhi0Wi1he+1Sh4BG2NNcCrxOJNPQFdvzxRe53blEqHkdXepKgF9JhxAPOqDZS865frjh21clBfhPXnv1OBRZo9MtvvUHM0hAjzQRVqus6ifYyKjVnAqelXqowoWxMh9g1NKIhKi+bLTolR0YZkCCW5kWazNSvHRkNlZqEvqkMqR6pn14u/uV1Ux2ceRmPklRjxOaDglQQHZP8ajLgEpkWE0Mok9zsStiISsq0yaZkQvi8lPxP2lXbrdm15kmlfr6IowgHcAjH4MIp1OESGtACBgj38AhP1o31YD1bL/PSgrXo2YdvsF4/APKJjQ0=</latexit>x

<latexit sha1_base64="4kGc1IUyBHzmTrgaV9VdzWgDGlU=">AAAB7nicdVDLSgMxFL1TX7W+qi7dBItQQYaZUqrLYjcuK9gHtEPJpJk2NJMZkoxYhn6EGxeKuPV73Pk3ZtoKPg+EHM65l3vv8WPOlHacdyu3srq2vpHfLGxt7+zuFfcP2ipKJKEtEvFIdn2sKGeCtjTTnHZjSXHoc9rxJ43M79xSqVgkbvQ0pl6IR4IFjGBtpE6jrM7Q3emgWHLsipMB/SauPf+dEizRHBTf+sOIJCEVmnCsVM91Yu2lWGpGOJ0V+omiMSYTPKI9QwUOqfLS+bozdGKUIQoiaZ7QaK5+7UhxqNQ09E1liPVY/fQy8S+vl+jgwkuZiBNNBVkMChKOdISy29GQSUo0nxqCiWRmV0TGWGKiTUIFE8Lnpeh/0q7Ybs2uXVdL9ctlHHk4gmMogwvnUIcraEILCEzgHh7hyYqtB+vZelmU5qxlzyF8g/X6Addajpw=</latexit>

C(s, x) <latexit sha1_base64="EU9o9etr1puNMD4yWDCEKtfOPZI=">AAAB6HicdVDJSgNBEK2JW4xb1KOXxiB4GmaCRI9BLx4TMAskQ+jp1CRteha6e4Qw5Au8eFDEq5/kzb+xJ4ng+qDpx3tVVNXzE8GVdpx3q7Cyura+UdwsbW3v7O6V9w/aKk4lwxaLRSy7PlUoeIQtzbXAbiKRhr7Ajj+5yv3OHUrF4+hGTxP0QjqKeMAZ1UZqqkG54thVJwf5TVx7/jsVWKIxKL/1hzFLQ4w0E1Spnusk2suo1JwJnJX6qcKEsgkdYc/QiIaovGy+6IycGGVIgliaF2kyV792ZDRUahr6pjKkeqx+ern4l9dLdXDhZTxKUo0RWwwKUkF0TPKryZBLZFpMDaFMcrMrYWMqKdMmm5IJ4fNS8j9pV223ZteaZ5X65TKOIhzBMZyCC+dQh2toQAsYINzDIzxZt9aD9Wy9LEoL1rLnEL7Bev0A6vWNCA==</latexit>s <latexit sha1_base64="Y+ACyBc/uJRta2WUe2bAkfUpw7I=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgadkNEj0GvXhMwCRCsoTZSW8yZvbBzKwYlnyBFw+KePWTvPk3ziYRfBYMU1R1093lJ4Ir7TjvVmFpeWV1rbhe2tjc2t4p7+61VZxKhi0Wi1he+1Sh4BG2NNcCrxOJNPQFdvzxRe53blEqHkdXepKgF9JhxAPOqDZS865frjh21clBfhPXnv1OBRZo9MtvvUHM0hAjzQRVqus6ifYyKjVnAqelXqowoWxMh9g1NKIhKi+bLTolR0YZkCCW5kWazNSvHRkNlZqEvqkMqR6pn14u/uV1Ux2ceRmPklRjxOaDglQQHZP8ajLgEpkWE0Mok9zsStiISsq0yaZkQvi8lPxP2lXbrdm15kmlfr6IowgHcAjH4MIp1OESGtACBgj38AhP1o31YD1bL/PSgrXo2YdvsF4/APKJjQ0=</latexit>x

Papineni et al. 2002, ACL, “BLEU”

<latexit sha1_base64="PB8zVp5eUngUOYFi882KsJNvzIQ=">AAAB8HicdVDLSgMxFM34rPVVdekmWARXw0yR6rLoxmUF+5B2KJk004YmmSG5IwxDv8KNC0Xc+jnu/BszbQWfB0IO59zLvfeEieAGPO/dWVpeWV1bL22UN7e2d3Yre/ttE6eashaNRay7ITFMcMVawEGwbqIZkaFgnXByWfidO6YNj9UNZAkLJBkpHnFKwEq3/TGBPJsO/EGl6rk1rwD+TXx39ntVtEBzUHnrD2OaSqaACmJMz/cSCHKigVPBpuV+alhC6ISMWM9SRSQzQT5beIqPrTLEUaztU4Bn6teOnEhjMhnaSklgbH56hfiX10shOg9yrpIUmKLzQVEqMMS4uB4PuWYURGYJoZrbXTEdE00o2IzKNoTPS/H/pF1z/bpbvz6tNi4WcZTQITpCJ8hHZ6iBrlATtRBFEt2jR/TkaOfBeXZe5qVLzqLnAH2D8/oB6LWQfw==</latexit>

ŷ1
<latexit sha1_base64="hgPazNB1rvisCpzmswn/2TvN7hg=">AAAB8HicdVDLSgMxFL3js9ZX1aWbYBFcDTNFqsuiG5cV7EPaoWTSTBuaZIYkIwxDv8KNC0Xc+jnu/BszbQWfB0IO59zLvfeECWfaeN67s7S8srq2Xtoob25t7+xW9vbbOk4VoS0S81h1Q6wpZ5K2DDOcdhNFsQg57YSTy8Lv3FGlWSxvTJbQQOCRZBEj2Fjptj/GJs+mg9qgUvXcmlcA/Sa+O/u9KizQHFTe+sOYpIJKQzjWuud7iQlyrAwjnE7L/VTTBJMJHtGepRILqoN8tvAUHVtliKJY2ScNmqlfO3IstM5EaCsFNmP90yvEv7xeaqLzIGcySQ2VZD4oSjkyMSquR0OmKDE8swQTxeyuiIyxwsTYjMo2hM9L0f+kXXP9ulu/Pq02LhZxlOAQjuAEfDiDBlxBE1pAQMA9PMKTo5wH59l5mZcuOYueA/gG5/UD6jmQgA==</latexit>

ŷ2

<latexit sha1_base64="QAJUXRufR59hGTBMHZMGlfJMWJk=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0Wom5AUqW6EogtdVrAPSEOZTCft0MkkzNwIJfQz3LhQxK1f486/cdJW8HlgmMM593LvPUEiuAbHebcKS8srq2vF9dLG5tb2Tnl3r63jVFHWorGIVTcgmgkuWQs4CNZNFCNRIFgnGF/mfueOKc1jeQuThPkRGUoeckrASN5V361OjvE57mX9csWxa04O/Ju49ux3KmiBZr/81hvENI2YBCqI1p7rJOBnRAGngk1LvVSzhNAxGTLPUEkipv1stvIUHxllgMNYmScBz9SvHRmJtJ5EgamMCIz0Ty8X//K8FMIzP+MySYFJOh8UpgJDjPP78YArRkFMDCFUcbMrpiOiCAWTUsmE8Hkp/p+0a7Zbt+s3J5XGxSKOIjpAh6iKXHSKGugaNVELURSje/SIniywHqxn62VeWrAWPfvoG6zXDzfMj+4=</latexit>

G1(y) = {
<latexit sha1_base64="p82nb6viBgMe6iSBhEYfmncx1Kc=">AAAB6XicdVBNSwMxEJ2tX7V+VT16CRbB07ItUj0WvXisYmuhXUo2zbah2eySzApl6T/w4kERr/4jb/4bs20FPx+EPN6bYWZekEhh0PPencLS8srqWnG9tLG5tb1T3t1rmzjVjLdYLGPdCajhUijeQoGSdxLNaRRIfhuML3L/9o5rI2J1g5OE+xEdKhEKRtFK171pv1zx3JqXg/wmVXf2exVYoNkvv/UGMUsjrpBJaky36iXoZ1SjYJJPS73U8ISyMR3yrqWKRtz42WzTKTmyyoCEsbZPIZmpXzsyGhkziQJbGVEcmZ9eLv7ldVMMz/xMqCRFrth8UJhKgjHJzyYDoTlDObGEMi3sroSNqKYMbTglG8LnpeR/0q651bpbvzqpNM4XcRThAA7hGKpwCg24hCa0gEEI9/AIT87YeXCenZd5acFZ9OzDNzivH6rcjXg=</latexit>

}
<latexit sha1_base64="SrACJ8Hllqe/jmy1eKvtykGo/VI=">AAAB8nicdVDLSsNAFL2pr1pfVZduBotQNyUpUt0IRRe6rGAfkIYymU7aoZNMmJkIIfQz3LhQxK1f486/cdJW8HlgmMM593LvPX7MmdK2/W4VlpZXVteK66WNza3tnfLuXkeJRBLaJoIL2fOxopxFtK2Z5rQXS4pDn9OuP7nM/e4dlYqJ6FanMfVCPIpYwAjWRnKvBvVqeozOUT8blCt2rW7nQL+JU5v9dgUWaA3Kb/2hIElII004Vsp17Fh7GZaaEU6npX6iaIzJBI+oa2iEQ6q8bLbyFB0ZZYgCIc2LNJqpXzsyHCqVhr6pDLEeq59eLv7luYkOzryMRXGiaUTmg4KEIy1Qfj8aMkmJ5qkhmEhmdkVkjCUm2qRUMiF8Xor+J516zWnUGjcnlebFIo4iHMAhVMGBU2jCNbSgDQQE3MMjPFnaerCerZd5acFa9OzDN1ivHzlYj+8=</latexit>

G2(y) = {
<latexit sha1_base64="p82nb6viBgMe6iSBhEYfmncx1Kc=">AAAB6XicdVBNSwMxEJ2tX7V+VT16CRbB07ItUj0WvXisYmuhXUo2zbah2eySzApl6T/w4kERr/4jb/4bs20FPx+EPN6bYWZekEhh0PPencLS8srqWnG9tLG5tb1T3t1rmzjVjLdYLGPdCajhUijeQoGSdxLNaRRIfhuML3L/9o5rI2J1g5OE+xEdKhEKRtFK171pv1zx3JqXg/wmVXf2exVYoNkvv/UGMUsjrpBJaky36iXoZ1SjYJJPS73U8ISyMR3yrqWKRtz42WzTKTmyyoCEsbZPIZmpXzsyGhkziQJbGVEcmZ9eLv7ldVMMz/xMqCRFrth8UJhKgjHJzyYDoTlDObGEMi3sroSNqKYMbTglG8LnpeR/0q651bpbvzqpNM4XcRThAA7hGKpwCg24hCa0gEEI9/AIT87YeXCenZd5acFZ9OzDNzivH6rcjXg=</latexit>

}

<latexit sha1_base64="JqTTSsQpg5WO6m0nbkwtNUB3jEk=">AAAB6XicdVDLSgMxFL3xWeur6tJNsAhdDTNFqstiNy6r2Ae0Q8mkmTY0kxmSjFCG/oEbF4q49Y/c+Tdm2go+D4QczrmXe+8JEsG1cd13tLK6tr6xWdgqbu/s7u2XDg7bOk4VZS0ai1h1A6KZ4JK1DDeCdRPFSBQI1gkmjdzv3DGleSxvzTRhfkRGkoecEmOlm0ZlUCq7TtXNgX8Tz5n/bhmWaA5Kb/1hTNOISUMF0brnuYnxM6IMp4LNiv1Us4TQCRmxnqWSREz72XzTGT61yhCHsbJPGjxXv3ZkJNJ6GgW2MiJmrH96ufiX10tNeOFnXCapYZIuBoWpwCbG+dl4yBWjRkwtIVRxuyumY6IINTacog3h81L8P2lXHa/m1K7PyvXLZRwFOIYTqIAH51CHK2hCCyiEcA+P8IQm6AE9o5dF6Qpa9hzBN6DXDwQLjQo=</latexit>

C(
<latexit sha1_base64="v/mCo896eqtPd8PpY9yVfss0xGM=">AAAB6XicdVDLSsNAFL2pr1pfVZduBougm5AUqS6LblxWMW2hDWUynbRDJ5MwMxFC6B+4caGIW//InX/jpK3g88Awh3Pu5d57goQzpR3n3SotLa+srpXXKxubW9s71d29topTSahHYh7LboAV5UxQTzPNaTeRFEcBp51gcln4nTsqFYvFrc4S6kd4JFjICNZGuslOBtWaY9edAug3ce3Z79Rggdag+tYfxiSNqNCEY6V6rpNoP8dSM8LptNJPFU0wmeAR7RkqcESVn882naIjowxRGEvzhEYz9WtHjiOlsigwlRHWY/XTK8S/vF6qw3M/ZyJJNRVkPihMOdIxKs5GQyYp0TwzBBPJzK6IjLHERJtwKiaEz0vR/6Rdt92G3bg+rTUvFnGU4QAO4RhcOIMmXEELPCAQwj08wpM1sR6sZ+tlXlqyFj378A3W6wdXnY1B</latexit>

y)
<latexit sha1_base64="JqTTSsQpg5WO6m0nbkwtNUB3jEk=">AAAB6XicdVDLSgMxFL3xWeur6tJNsAhdDTNFqstiNy6r2Ae0Q8mkmTY0kxmSjFCG/oEbF4q49Y/c+Tdm2go+D4QczrmXe+8JEsG1cd13tLK6tr6xWdgqbu/s7u2XDg7bOk4VZS0ai1h1A6KZ4JK1DDeCdRPFSBQI1gkmjdzv3DGleSxvzTRhfkRGkoecEmOlm0ZlUCq7TtXNgX8Tz5n/bhmWaA5Kb/1hTNOISUMF0brnuYnxM6IMp4LNiv1Us4TQCRmxnqWSREz72XzTGT61yhCHsbJPGjxXv3ZkJNJ6GgW2MiJmrH96ufiX10tNeOFnXCapYZIuBoWpwCbG+dl4yBWjRkwtIVRxuyumY6IINTacog3h81L8P2lXHa/m1K7PyvXLZRwFOIYTqIAH51CHK2hCCyiEcA+P8IQm6AE9o5dF6Qpa9hzBN6DXDwQLjQo=</latexit>

C(
<latexit sha1_base64="v/mCo896eqtPd8PpY9yVfss0xGM=">AAAB6XicdVDLSsNAFL2pr1pfVZduBougm5AUqS6LblxWMW2hDWUynbRDJ5MwMxFC6B+4caGIW//InX/jpK3g88Awh3Pu5d57goQzpR3n3SotLa+srpXXKxubW9s71d29topTSahHYh7LboAV5UxQTzPNaTeRFEcBp51gcln4nTsqFYvFrc4S6kd4JFjICNZGuslOBtWaY9edAug3ce3Z79Rggdag+tYfxiSNqNCEY6V6rpNoP8dSM8LptNJPFU0wmeAR7RkqcESVn882naIjowxRGEvzhEYz9WtHjiOlsigwlRHWY/XTK8S/vF6qw3M/ZyJJNRVkPihMOdIxKs5GQyYp0TwzBBPJzK6IjLHERJtwKiaEz0vR/6Rdt92G3bg+rTUvFnGU4QAO4RhcOIMmXEELPCAQwj08wpM1sR6sZ+tlXlqyFj378A3W6wdXnY1B</latexit>

y)
<latexit sha1_base64="JqTTSsQpg5WO6m0nbkwtNUB3jEk=">AAAB6XicdVDLSgMxFL3xWeur6tJNsAhdDTNFqstiNy6r2Ae0Q8mkmTY0kxmSjFCG/oEbF4q49Y/c+Tdm2go+D4QczrmXe+8JEsG1cd13tLK6tr6xWdgqbu/s7u2XDg7bOk4VZS0ai1h1A6KZ4JK1DDeCdRPFSBQI1gkmjdzv3DGleSxvzTRhfkRGkoecEmOlm0ZlUCq7TtXNgX8Tz5n/bhmWaA5Kb/1hTNOISUMF0brnuYnxM6IMp4LNiv1Us4TQCRmxnqWSREz72XzTGT61yhCHsbJPGjxXv3ZkJNJ6GgW2MiJmrH96ufiX10tNeOFnXCapYZIuBoWpwCbG+dl4yBWjRkwtIVRxuyumY6IINTacog3h81L8P2lXHa/m1K7PyvXLZRwFOIYTqIAH51CHK2hCCyiEcA+P8IQm6AE9o5dF6Qpa9hzBN6DXDwQLjQo=</latexit>

C(
<latexit sha1_base64="v/mCo896eqtPd8PpY9yVfss0xGM=">AAAB6XicdVDLSsNAFL2pr1pfVZduBougm5AUqS6LblxWMW2hDWUynbRDJ5MwMxFC6B+4caGIW//InX/jpK3g88Awh3Pu5d57goQzpR3n3SotLa+srpXXKxubW9s71d29topTSahHYh7LboAV5UxQTzPNaTeRFEcBp51gcln4nTsqFYvFrc4S6kd4JFjICNZGuslOBtWaY9edAug3ce3Z79Rggdag+tYfxiSNqNCEY6V6rpNoP8dSM8LptNJPFU0wmeAR7RkqcESVn882naIjowxRGEvzhEYz9WtHjiOlsigwlRHWY/XTK8S/vF6qw3M/ZyJJNRVkPihMOdIxKs5GQyYp0TwzBBPJzK6IjLHERJtwKiaEz0vR/6Rdt92G3bg+rTUvFnGU4QAO4RhcOIMmXEELPCAQwj08wpM1sR6sZ+tlXlqyFj378A3W6wdXnY1B</latexit>

y)



Reference-Based  
Evaluation: BLEU

In practice: Average n-gram precision, for up to N = 4

Papineni et al. 2002, ACL, “BLEU”

<latexit sha1_base64="wEu8BcgMx45hhXuZ12MMrfgDijQ="></latexit>

Bleu = BP(ŷ, y) exp

 
NX

n=1

1

N
lnPn(ŷ, y)

!

<latexit sha1_base64="NvRHQ34D4cphddG29fxoDXeVicc="></latexit>

Pn(ŷ, y) =

P
s2Gn(ŷ)

min(C(s, ŷ), C(s, y))
P

s2Gn(ŷ)
C(s, ŷ)

n-gram precision 
How many of the n-grams actually occur in the reference?

<latexit sha1_base64="fHR3ljRAlWNZl7SHnC5LH5cve1o="></latexit>

BP(ŷ, y) =

(
1 |ŷ| � |y|
e(1�(|y|/|ŷ|)) |ŷ| < |y|

Brevity penalty



Reference-Based  
Evaluation: Representation Similarity

BERTScore, Zhang et al. 2020

Zhang et al. 2020, ICLR, “BERTScore”

No n-gram overlap, 
but should still get 
some credit!



Correlation with  
Human Judgment

Does our automatic metric reflect human judgments?

Papineni et al. 2002

Papineni et al. 2002, ACL, “BLEU”, Zhang et al. 2020, ICLR, “BERTScore”

Zhang et al. 2020



Reference-Free  
Text Generation

• Input: maybe a natural language prompt, but nothing very 
complex 

• Output: long piece of text

Yang et al. 2022, EMNLP, “Re3”



Human Evaluation

• Pairwise preference comparisons between outputs 

• Overall preference 

• Across different axes 

• Identification of specific error types 

• Humanlikeness



Human Evaluation

Yang et al. 2022, EMNLP, “Re3”
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LLM-as-a-Judge

• Human evaluation is expensive 

• Maybe we can just prompt LLMs to judge for us? 

• Open question!



Communicative Success

• Language is all about getting things done in the world 

• Directing a listener’s attention to something 

• Instructing or suggesting a listener to do something 

• Acquiring information that someone else has 

• Teaching something to someone else 

• … 

• How well do our systems take action via language?



Evaluating NLG through 
Communicative Success

• Example task: reference game 

• Input: image and target object

Newman et al. 2020, SCiL, “Communication-based evaluation for natural language generation”



Evaluating NLG through 
Communicative Success

• Example task: reference game 

• Input: image and target object 

• Output: referring expression

Newman et al. 2020, SCiL, “Communication-based evaluation for natural language generation”

Purple



Evaluating NLG through 
Communicative Success

• Example task: reference game 

• Input: image and target object 

• Output: referring expression 

• Communicative success is 
achieved if the listener, who 
has access to the image, can 
successfully identify the target

Newman et al. 2020, SCiL, “Communication-based evaluation for natural language generation”
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Evaluating NLG through 
Communicative Success

• Example task: reference game 

• Input: image and target object 

• Output: referring expression 

• Communicative success is 
achieved if the listener, who 
has access to the image, can 
successfully identify the target

Newman et al. 2020, SCiL, “Communication-based evaluation for natural language generation”

Dark Purple

really easy to evaluate!



Dialogue and  
Interactive Systems

• Language is all about interaction:  

• How do the utterances we produce influence the world 
around is? 

• How do other language users change their language use 
in response to yours? 

• Dynamic properties of interaction 

• Formation of common ground 

• Alignment 

• We need to study models in multi-turn interaction!



Dialogue and  
Interactive Systems

But evaluating interaction is hard:

What’s a good place to get gluten free 
pastries in Berkeley?

For dedicated gluten-free pastries in 
Berkeley, your absolute best bet is 

Mariposa Baking Company.

A gluten-free pastry lover in Berkeley! 
You’re in luck because Berkeley is a 

haven for GF enthusiasts! Here are some 
top recommendations for gluten-free 

pastries in Berkeley: 
 

1. Bette’s Oceanview Diner (1807 4th St, 
Berkeley) — This beloved diner has 

…
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recommendation near downtown 
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Berkeley, your absolute best bet is 

Mariposa Baking Company.
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You’re in luck because Berkeley is a 
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Berkeley) — This beloved diner has 
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Dialogue and  
Interactive Systems

But evaluating interaction is hard:

What’s a good place to get gluten free 
pastries in Berkeley?

For dedicated gluten-free pastries in 
Berkeley, your absolute best bet is 

Mariposa Baking Company.

A gluten-free pastry lover in Berkeley! 
You’re in luck because Berkeley is a 

haven for GF enthusiasts! Here are some 
top recommendations for gluten-free 

pastries in Berkeley: 
 

1. Bette’s Oceanview Diner (1807 4th St, 
Berkeley) — This beloved diner has 

…

Are any of these open on Sundays?

That’s too far from me. Do you have a 
recommendation near downtown 

Berkeley?

because user behavior changes 
depending on system behavior!



Slot-Filling Dialogue Systems
• In well-defined tasks, we can 

define slots that need to be 
filled before providing 
information to the user 

• However, this reduces the 
expressivity of dialogue: 

• “I was hoping you could 
recommend something” 

• “Are there any churches or 
museums on the east side?” 

• “I would like the latest train 
leaving that will arrive by 9:15 
please.”



User Simulators

• Use another model (or a set of rules) to “simulate” a 
human user 

• Allows scaling up experiments, including to more 
complex domains 

• Allows stability across system evaluations 

• But doesn’t reflect the real-world complexity of actual use 
case, e.g., user adaptation to systems over time 

• Open question!



Evaluation via Benchmarking
• Given a model, we want to know whether it can “do” the task (i.e., its 

performance on a task metric) 

• We typically evaluate this by measuring how well it can generalize to new 
instances of the task 

• What is “new”? 

• Generally speaking: anything we didn’t have access to when 
implementing our model 

• How can we estimate performance on new task instances? 

• Simulate it using held-out data just for evaluation! 

• Our current question: how do we design benchmarks that reliably tell us 
whether a model can “do” a task?



Why do we need benchmarks?

• Estimating how well our models will work on real-world 
data 

• Shared understanding of model performance with 
standardized evaluations 

• Building trust within a community in proving how well a 
new model does 

• Driving progress towards specific tasks and capabilities



Evaluation Data
Before pretrained models, nearly all datasets 

came with splits, assumed to be IID:

Training data 
For updating model parameters directly

Validation data 
For deciding when to 

stop training

Development data 
For performing 

ablations, choosing 
hyperparameters, etc.

Test data 
For estimating 

performance on the 
“real” task



Evaluation Data

Training data 
For updating model parameters directly

Validation data 
For deciding when to 

stop training

Development data 
For performing 

ablations, choosing 
hyperparameters, etc.

Public 
test data

Private 
test data

Before pretrained models, nearly all datasets 
came with splits, assumed to be IID:



Evaluation Data
Now, with pretrained LMs, we typically focus on 

benchmark design (i.e. collecting useful test datasets)

Training data 
(we don’t know what’s in here!)

Test data 
For estimating 

performance on the 
“real” task



Single-Task Benchmarks

Marcus et al. 1993, CL, “Building a large annotated corpus of English”; Zelle and Mooney 1996, AAAI, “Learning to parse database queries using inductive logic programming”; 
Palmer et al. 2005, CL, “The Proposition Bank”; Prasad et al. 2008, LREC, “The Penn Discourse TreeBank 2.0”; Bowman et al. 2015, EMNLP, “A large annotated corpus for 
learning natural language inference”; Agrawal et al. 2015, ICCV, “VQA”; Anderson et al. 2018, CVPR, “Vision-and-language navigation”

SNLI, Bowman et al. 2015

The Penn Treebank, Marcus et al. 1993
Room-to-Room, Anderson et al. 2018

GeoQuery, Zelle and Mooney 1996

PropBank, Palmer et al. 2005

The Penn Discourse Treebank, Prasad et al. 2008

VQA, Agrawal et al. 2015



Single-Task Benchmarks

VQA, Agrawal et al. 2015
Marcus et al. 1993, CL, “Building a large annotated corpus of English”; Zelle and Mooney 1996, AAAI, “Learning to parse database queries using inductive logic programming”; 
Palmer et al. 2005, CL, “The Proposition Bank”; Prasad et al. 2008, LREC, “The Penn Discourse TreeBank 2.0”; Bowman et al. 2015, EMNLP, “A large annotated corpus for 
learning natural language inference”; Agrawal et al. 2015, ICCV, “VQA”; Anderson et al. 2018, CVPR, “Vision-and-language navigation”

SNLI, Bowman et al. 2015

The Penn Treebank, Marcus et al. 1993
Room-to-Room, Anderson et al. 2018

GeoQuery, Zelle and Mooney 1996

PropBank, Palmer et al. 2005

The Penn Discourse Treebank, Prasad et al. 2008

Classification

Structured Prediction

Tagging

Question Answering

Spanning / Tagging

Tagging

Sequence Generation



How to Build a Benchmark

1. How do we source data to annotate? 

2. How do we acquire annotations? 

3. How do we verify our annotations are correct?



Tasks Requiring Expertise
• Case study: semantic role labeling (PropBank)

PropBank, Palmer et al. 2005



Tasks Requiring Expertise
• Case study: semantic role labeling (PropBank)

PropBank, Palmer et al. 2005

1. Collect some source data to annotate 

2. Develop an annotation scheme 

3. Train annotators 

4. Annotate the data! (May take a couple of years)



Acquiring Source Data

PropBank, Palmer et al. 2005

Where do you get lots of text 
before the Internet was widely 
used? 

• Scanned documents 

• Transcribed voice messages 

• Multilingual data? 

• Early Internet: Wikipedia, blogs, 
reviews



Developing an Annotation Scheme

PropBank, Palmer et al. 2005

• Desiderata 

• Simplicity 

• Consistency 

• Leaving room for ambiguity 

• Generalizability, to domains and 
across languages (this is hard!) 

• User-friendly interface for 
annotation



Annotation Process

PropBank, Palmer et al. 2005

• Train annotators with guidelines 

• Need to be able to manage annotator disagreements and 
confusions 

• Can bootstrap annotation with smaller, less-performant models



Alternative to Experts:  
Crowdsourcing

• How to reduce annotation cost and time? If you 
don’t need experts, use cheaper labor 

• Very popular option: crowdsourcing platforms 
(MTurk, Prolific…) 

• Basic pipeline 

• Design and pilot task (critical step!) 

• Recruit crowdworkers, e.g., via a qualification task 

• Incentive design 

• Deploying task and managing workers 

• It’s not trivial to do crowdsourcing well! 

• Well = getting high quality data = respecting 
workers as people 

• Lots of HCI work on crowdsourcing ecosystems 
and tools workers use



Question Answering Benchmarks: 
Two Case Studies

• Task: question answering (QA) 

• Input: natural language question (optional: passage) 

• Output: answer to the question 

• Evaluation metric: whether a the model’s answer is 
equivalent to the gold-standard answer 

• How to collect a benchmark like this? 

• Ask people to ask questions 

• Observe questions people ask



Crowdsourcing QA: SQuAD

Rajpurkar et al. 2016



Crowdsourcing QA: SQuAD

Rajpurkar et al. 2016

Step 1. Curate passages from Wikipedia 
- popular articles 
- remove images/figures/tables and 
short paragraphs 
- split into train/dev/test articles 
- keep around individual paragraphs

Step 2. Ask people to write questions 
about passages 
- provide examples of good/bad 
questions on a sample passage 
- provide guidance about how they 
should ask questions 

Step 3. Question authors select answer 
spans in the passage



Crowdsourcing QA: SQuAD

Rajpurkar et al. 2016, Rajpurkar et al. 2018

• For articles in the dev/test sets, 
collect 2 additional answers for 
each question: 

• To ensure high-quality test labels 

• To compute agreement among 
annotators 

• Problems with SQuAD? 

• All questions are answerable wrt. 
the paragraph provided 

• All answers are immediately 
available directly in the passage 
(more evaluating “reading 
comprehension” than general 
QA) 

• Limited domain



Crowdsourcing QA: 
Natural Questions

Step 1. Curate real questions from the Google 
search engine, paired with Wikipedia articles 
- queries of 8 words or more issued to the Google 
search engine by multiple users in a short period of 
time 
- queries where a Wikipedia page appears in the top 
5 search results

Step 2. Get annotations of “long” and (optional) 
“short” answers to the questions 
- long answers: spans of the Wikipedia article 
- short answers: entity mentioned in the long answer 
that directly answers the question

Step 3. Get “experts” to evaluate whether the 
answers are correct to each of the questions

NaturalQuestions vs. SQuAD?



Single-Task NLP

• NLP working assumptions pre-2018 

• We first need to understand the atomic units (which ones?), 
then we can study how they are composed to give rise to 
meaning 

• These compositional processes need to be modeled explicitly 

• If we want to do something beyond language modeling, we 
need to train a specialized model 

• Eventually, we can combine everything into an end-to-end 
dialogue system… 

• There were some efforts to train natively multitask language 
models…



The Dream of Multitask NLP
• Map words to embeddings, including positional 

embeddings 

• Convolution-based context processing for variable length 
sequences 

• Multi-layer prediction for classification task 

• End-to-end training via backpropagation on different 
NLP tasks (SRL, POS tagging, etc.) 

• Leverage unlabeled data with a language modeling 
objective 

• Why didn’t we get GPT in 2008?

Collobert and Weston 2008

A General 
Deep 

Architecture 
for NLP 
(2008)



The Dream of Multitask NLP

Cal is in _____, California

I put _____ fork down on the table

The woman walked across the 
street, checking for traffic over 
_____ shoulder

I went to the ocean to see the fish, 
turtles, seals, and _____

Overall, the value I got from the 
two hours watching it was the sum 
total of the popcorn and the drink. 
The movie was ____

I’m thinking about a sequence 
that goes 1, 2, 3, 5, 8, 13, 21, _____

knowledge

syntax

coreference

lexical semantics

sentiment

reasoning

information extraction

POS tagging

word embeddings

coreference resolution

sentiment classification

question answering



Realizing the Dream

• What happened to our pre-2018 assumptions? 

• What we learn from language modeling looks a lot like 
what need for traditional NLP tasks! 

• Self-supervised approaches showed we might not need to 
independently learn word and sentence representations 

• (In fact, we can recover a lot of the structural features we 
were explicitly modeling before from these 
representations!)



Probing

• Main research question: 

• We’ve trained an end-to-end language model that isn’t a 
combination of a bunch of NLP tasks 

• But were these tasks still useful for the model to learn? 

• How do we know what the model has “learned”, besides 
what we test it on? 

• Method: probing



Probing
• As we run inference on a model to predict the next word, 

we compute intermediate vector representations (e.g., 
values at different transformer layers) 

• Do these intermediate values contain the information 
relevant to an NLP task?

I put <MASK> fork down
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POS tag given intermediate 
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Probing
• As we run inference on a model to predict the next word, 

we compute intermediate vector representations (e.g., 
values at different transformer layers) 

• Do these intermediate values contain the information 
relevant to an NLP task?

I put <MASK> fork down

Probing MLP: trained to predict 
POS tag given intermediate 
representation(s)



Probing

• “BERT rediscovers the 
classical NLP pipeline” (2019) 

• Intermediate representations 
of BERT at different layers 
contain sufficient information 
to perform well on NLP tasks, 
without any task-specific 
training!

Tenney et al. 2019



Multi-Task Benchmarks

Wang et al. 2019, ICLR, “GLUE”; Hendrycks et al. 2021, ICLR, “Measuring massive multitask language understanding”

GLUE, Wang et al. 2019

MMLU, Hendrycks et al. 2021



Multi-Task Case Study: MMLU

Hendrycks et al. 2021, ICLR, “Measuring massive multitask language understanding”

MMLU, Hendrycks et al. 2021

• Goal: questions across 57 different subject areas, at least 100 
questions per subject area 

• Sourcing questions: 

• Manually collected from freely available online sources 

• Practice questions for tests like GRE; questions in 
textbooks 

• Sorted into difficulty levels (“elementary”, “high school”, 
“college”, “professional”) 

• Split data into few-shot development set, validation set, and 
test set 

• Measure human performance across different groups: MTurk 
workers (34.5% accuracy) and real-world experts (performance 
at the 95th percentile of real test takers, 89.8%)



Capability-Pushing  
Benchmarks

Benchmarks are getting saturated quickly!

Kiela et al. 2021

Kiela et al. 2021, NAACL, “Dynabench”



Capability-Pushing  
Benchmarks

Capability-focused evaluation: choose a 
complex task and curate examples of it

GPQA, Rein et al. 2024

Chollet 2019, “On the measure of intelligence”; Rein et al. 2024, COLM, “GPQA”; Xie et al. 2024, NeurIPS, “OSWorld”; Phan et al. 2025, “Humanity’s last exam”

HLE, Phan et al. 2025

Andy Konwinski

BabyLM, Warstadt et al. 2023

ARC-AGI-1, Chollet 2019

OSWorld, Xie et al. 2024



Case Study: GPQA

Rein et al. 2023, “GPQA: A graduate-level Google-proof Q&A benchmark”

Saturated (achieved 
expert performance) 
very quickly.  
 
Why?



Use of Language Technologies  
“In the Wild”

What are people actually using LMs for, and how well do they do?

Zhao et al. 2024, ICLR, “WildChat”; Lin et al. 2024, “WildBench”; Tamkin et al. 2024, “Clio”, Chiang et al. 2024, ICML, “Chatbot Arena”; Singh et al. 2025, “The leaaderboard illusion”

WildChat (Zhao et al. 2024), WildBench (Lin et al. 2024)

Clio, Tamkin et al. 2024
LMArena / Chatbot Arena, Chiang et al. 2024

OpenRouter Singh et al. 2025



Use of Language Technologies  
“In the Wild”

Wang et al. 2026, “How well does agent development reflect real-world work?”

Clio, Tamkin et al. 2024

Wang et al. 2026



Distributional Model Evaluation
• What are the properties of the 

outputs models produce in 
general? 

• Consistency: when evaluating 
models on the same task (or 
variations of it) multiple times, 
how consistent is its 
behavior? 

• Diversity: do the outputs 
models generate have the 
same distributional properties 
as human language?

Sclar et al. 2024

Sclar et al. 2024, ICLR, “Quantifying language models’ sensitivity to spurious features in prompt design”; Berglund et al. 2024, ICLR, “The reversal curse”; Zhang et al. 2025, 
“NoveltyBench”

Berglund et al. 2024

How about the name Silver Mist? 

How about the name 
“Silvermist”? 

How about “Silvermist”? 

How about “Luna Cascade”? 

How about “Luna Mist”?

Suggest a name for 
a dappled-gray filly 
living in the 
mountains.

Zhang et al. 2025



Pitfall:  
Dataset Contamination

Before pretrained models, nearly all datasets 
came with splits, assumed to be IID:

Training data 
For updating model parameters directly

Validation data 
For deciding when to 

stop training

Development data 
For performing 

ablations, choosing 
hyperparameters, etc.

Test data 
For estimating 

performance on the 
“real” task



Pitfall:  
Dataset Contamination

Dataset contamination occurs when actual test data is used in 
any of the previous splits (no longer IID). Why is this bad?

Training data 
For updating model parameters directly

Validation data 
For deciding when to 

stop training

Development data 
For performing 

ablations, choosing 
hyperparameters, etc.

Test data 
For estimating 

performance on the 
“real” task



Pitfall:  
Dataset Contamination

After pre-training for multi-task models, it 
becomes especially problematic

Training data 
Models might memorize test 

data that happens to be 
in their pretraining dataset!

Development tasks 
For performing 

ablations, choosing 
hyperparameters, etc.

Test tasks 
For estimating 

performance on the 
“real” task



Pitfall: 
Spurious Correlations

Does the benchmark actually evaluate what we want it to?

What color 
is the 

banana?

Yellow

Agrawal et al. 2018, CVPR, “Don’t just assume; look and answer”

Correct 80% of the 
time without looking 

at an image!

• Learned a spurious correlation that gives the model high 
accuracy: bananas are yellow 

• Doesn’t actually test visual understanding



Pitfall: 
Defining “Human Performance”



Pitfall: 
Defining “Human Performance”

Tedeschi et al. 2023, ACL, “What’s the meaning of superhuman performance in today’s NLU?”; Rein et al. 2024, COLM, “GPQA”

GPQA, Rein et al. 2024

1. Write a question, including possible multiple 
choice answers and an explanation of the answer 

2. Get expert #1 to validate by having them answer 
the question and suggest revisions 

3. Revise the question given feedback 

4. Get expert #2 to validate again 

5. Get 3x non-expert (experts in other domains) to 
attempt to answer the question by allowing 
Google searches 

Keep questions where both experts agree, and at most 
1 non-experts can answer the question correctly with 
Google

Who is the human in “human 
performance”? 

• Are they incentivized to 
perform well? 

• Do they have the required 
expertise?



Pitfall: 
Defining “Human Performance”

Tedeschi et al. 2023, ACL, “What’s the meaning of superhuman performance in today’s NLU?”; Fleisig et al. 2023, EMNLP, “When the majority is wrong”

Is the task actually evaluable? 

• Is there an objectively correct 
label? 
 

• Do annotators disagree? If so, 
how are we processing their 
disagreements?

Fleisig et al. 2023

20 annotators

“Gold” label:
Blue

Human performance: 
12/20 = 60%What color should we make 

our Berkeley t-shirts?



Pitfall: 
Defining “Human Performance”

Tedeschi et al. 2023, ACL, “What’s the meaning of superhuman performance in today’s NLU?”

Do they match human performance in dimensions other than 
average single-instance performance? 

• Consistency? 

• Explainability? 

• Generalizability?



Pitfall: 
The Long-Tail Paradox

• Which of the following words is most rare?  
myriad, solipsist, anachronistic, apricate 

• Can you think of a rarer word than these? (Check in the Google Books Ngram 
Viewer) 

• LLMs can look really impressive when we are trying to challenge them with 
tricks, but maybe this is because we’re bad at coming up with long-tail (rare) 
challenging tasks out of the blue! 

• Can seem even more impressive when the task is unverifiable, and any model 
response could satisfy you!

Example from Hal Daumé III

“People… are easily fooled into reading structure into chaos, 
reading meaning into nonsense… how much different is 

interpreting non sequitur as whimsical conversation? … a test 
based on fooling people is confoundingly simple to pass”

—Stuart Shieber, “Lessons from a restricted Turing test”

https://books.google.com/ngrams/graph?content=myriad,+solipsist,+anachronistic,+apricate&year_start=1800&year_end=2022&corpus=en&smoothing=3
https://books.google.com/ngrams/graph?content=myriad,+solipsist,+anachronistic,+apricate&year_start=1800&year_end=2022&corpus=en&smoothing=3


Zooming Out:  
The Role of Language Technologies

• What is their intended use? 

• Keeping users engaged? 

• Interacting with users as little as possible? 

• What kinds of users? 

• How does this influence their design? 

• Their interface 

• The underlying model 

• The assumptions they are making



Zooming Out:  
The Role of Language Technologies

• How are they actually used? 

• Where do they fail? 

• How do users adapt to failures? 

• What other considerations should we make in deployment? 

• Resource utilization and efficiency 

• Fairness, ethics, and social impact



Capabilities vs. Affordances

Being able to ask and answer questions like the 
following is becoming increasingly influential in the 

field of AI and LLMs: 
 

“(How well) can LLMs do X?” 
 

What drives our choices in X?


