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Announcements

• HW3 Milestone submission due April 13, 11.59 p.m. 

• HW3 Final submission due April 20, 11.59 p.m.



Recap: Pre-training vs Fine-tuning

• Pre-training: 

• Train on a large corpus of text (e.g. internet data).  

• Decoder-only models (GPT2, GPT3, all modern LLMs) trained with the next-
token prediction task, encode-only models (BERT, RoBERTA) trained with the 
masked language modeling task.  

• Models learn general language capabilities, but cannot perform any task.  

•



Recap: Pre-training vs Fine-tuning

• Fine-tuning 

• Identify downstream task(s) that are important/relevant. These could be QA, 
Sentiment Classification, Story Generation, Summarization, etc.  

• Collect (x,y) pairs for this downstream task.  

• Train!!



Recap: How do we evaluate a fine-tuned model? 

Basic Premise: Divide our data into train/validation/test corpus.  

1. Train the parameters of the model on the train set/corpus. 

2. Choose model + hyperparameters that perform the best on the validation 
set. 

3. Test the model’s performance on the unseen test set.   

What metric do we use for evaluation in step 2 and 3?



Recap: Evaluation for Classification Tasks

• Output y belongs to a fixed set of labels. 

• Compute metrics Acc/Prec/Recall/etc.



Today

• How do we evaluate a pre-trained model?  

• We’ll focus on Decoder-only models. How do we know pre-trained checkpoint 
A is better than pre-trained checkpoint B. 

• How do we evaluation a model for generation tasks? (Either pre-trained or fine-
tuned)



How do we evaluate a pre-trained model? 

• What is the task that the model is trained on? Next-token prediction.  

• The downstream use cases are different — e.g. qa, generation, etc.  

• Our goal: Intrinsic Evaluation: how to we evaluate the the model’s performance 
on the objective it is trained for.  

• Downstream evaluations (e.g. evaluating QA performance, Summarization 
performance, etc.) are Extrinsic Evaluations.



How do we evaluate a pre-trained model? 

• We pre-train a model on the language modeling (LM) task.  

• Intrinsic Evaluation: Measure quality of the model independent of the 
downstream application.  

• Standard measure: Perplexity 

• Intuition: the better model is the one that has a tighter fit to the test 
data....one that predicts the test data



Intuition behind perplexity.

• A better model of a text is one which assigns a higher probability to the 
word that actually occurs



Perplexity Definition.

• For a test set  

  

=  

• Perplexity is the inverse probability of the test set, normalized by the 
#words. 

• Minimizing perplexity is the same as maximizing probability. 

W = w1w2 . . . wN

PP(W) = P(w1w2 . . wN)−1/N

N

N

∏
i=1

1
P(wi |w1 . . wi−1)



Perplexity as branching factor

• How to think about perplexity intuitively? 

• Let’s suppose a sentence consists of random digits.  

• What is the probability of this sequence according to a model that assigns a 
uniform prob to all digits? 

•  = 10 

• A better model reduces this branching factor!

PP(W) = P(w1w2 . . wN)−1/N = ((1/10)N)−1/N



Perplexity

• In practice, we use logprobs:

PP(W) = P(w1w2 . . wN)−1/N

= exp(−
1
N

N

∑
i=1

log P(wi |w1 . . . wi−1))

• Perplexity is the exponentiated average (token-level) negative log likelihood.



Perplexity

• Neural LMs will be much lower (=better!) 



Today

• How do we evaluate a pre-trained model?  

• We’ll focus on Decoder-only models. How do we know pre-trained checkpoint 
A is better than pre-trained checkpoint B. 

• How do we evaluation a model for generation tasks? (Either pre-trained or fine-
tuned)



What are generation tasks?
• Story generation

Write a story about an alien who wants 
to return to his home planet.

?

Once upon a time, in a galaxy far, far away, 
there was an alien named Zor. Zor was a 
curious and adventurous creature […] As the 
years passed, Zor grew more and more 
homesick […]

OpenAI’s ChatGPT



What are generation tasks?
• Machine Translation



What are generation tasks?
• Paraphrase generation: 

Why are so many Quora users posting questions that are 
readily answered on Google? 

Why do people ask Quora questions which can be 
answered easily by Google?

• Summarization: 

American Jennifer Stewart says she was devastated to learn 
that Etihad Airways lost her most important baggage: her 2-year-old 
pet cat, Felix. Stewart said that […] 

A Chicago woman is searching for her cat after it went missing while 
being transported on an Etihad flight.



+ many more
• Question Answering

• Anything that can be cast as a seq-to-seq task is a generation task!



Recap: Decoding / generation using a LM

• Given an input prefix  and a language model, how do we “generate”? 

• Remember: LM places a probability distribution over next tokens: 

 

• How do we generate using this language model? 

while  stopping_condition 

sample  

append prefix  

x

P(w |x)

ŵ ∼ P(w |x)

x ← x ⊕ ŵ

What can be our stopping condition?



Recap: Decoding / generation using a LM

 

while   

sample  

append prefix 

ŵ = None

ŵ ≠ < /s >

ŵ ∼ P(w |x)

x ← x ⊕ ŵ

• Which of the following models can we use for 
generation? 

A) Encoder-decoder 

B) Encoder 

C) Decoder-only



Recap: Decoding / generation using a LM
• Given input , do a forward pass.x

ŵ ∼ P(w |So long and thanks)
• Generate one token at a time.

Transformer Decoder



Recap: Decoding / generation using a LM
• Given input , do a forward pass.x

• Generate one token at a time.



Decoding / generation using a LM
 

while   

sample  

append prefix 

ŵ = None

ŵ ≠ < /s >

ŵ ∼ P(w |x)

x ← x ⊕ ŵ

• Variations: Greedy decoding

ŵ = arg max
w

P(w |x)

Sample this token.



Decoding / generation using a LM
 

while   

sample  

append prefix 

ŵ = None

ŵ ≠ < /s >

ŵ ∼ P(w |x)

x ← x ⊕ ŵ

• Variations: Temperature scaling 

softmax(o)i =
eoi

∑V
k=1 eok

softmax(o)i =
eoi/T

∑V
k=1 eok /T

“sharper” 
distribution

“flatter” 
distribution



Decoding / generation using a LM
 

while   

sample  

append prefix 

ŵ = None

ŵ ≠ < /s >

ŵ ∼ P(w |x)

x ← x ⊕ ŵ

• Variations: Top-k Sampling 
• Retain only the top-k tokens 
• Rescale probabilities so that they add up to 1.

Original


The sky is

blue  0.4

overcast 0.1 

limit 0.1

clear 0.4 

Top-k(=2)


The sky is

blue  0.5

overcast 0 

limit 0

clear 0.5   



Decoding / generation using a LM
 

while   

sample  

append prefix 

ŵ = None

ŵ ≠ < /s >

ŵ ∼ P(w |x)

x ← x ⊕ ŵ

• Variations: Top-p Sampling / nucleus sampling 

• Sort the distribution from most probable. 

• Retain smallest set of words  such that: 

 

• Rescale so probabilities add up to 1.

V(p)

∑
w∈V(p)

P(w |w1 . . wi−1) ≥ p

Original


The sky is

blue  0.3

overcast 0.15 

limit 0.25

clear 0.3 

The sky is

blue  0.3

overcast 0 

limit 0.25

clear 0.3 

Top-p(=0.7)


The sky is

blue  ≈0.3529

overcast 0 

limit ≈0.2941

clear ≈0.3529



Decoding / generation using a LM
• THE CURIOUS CASE OF NEURAL 

TEXT DEGENERATION, 
HOLTZMANN ET AL. 2020



How good is a generated output?

Why is perplexity not a good measure for generation performance? 

• There is no generation involved! Teacher forcing is used! Issues?



Perplexity

• Assume test set = <s> So long and thanks for all the fish </s> 

• Perplexity:  

• Generation:  

We need to evaluate actual outputs!



How good is a generated output?
• American Jennifer Stewart says she was devastated to learn that Etihad Airways lost 

her most important baggage: her 2-year-old pet cat, Felix. Stewart said that she 
booked Felix on their Etihad Airways flight from the United Arab Emirates to 
Chicago’s O’Hare Airport on April 1. […] 

• Generated Output: A Chicago woman is searching for her cat after it went missing 
while being transported on an Etihad flight.

• Problem: no single answer! 

• An Etihad Airways passenger was devastated after the airline lost her cat Felix.  

• Etihad Airlines loses a passenger’s 2-year old pet enroute to Chicago from UAE.



How good is a generated summary?

• How good is a summary? 

• Many possible summaries are acceptable. 

• Evaluation metrics: 

• Subjective evaluation by humans.  

• Costly, slow, inconsistent. 

• Automatic evaluation using models



Automatic Evaluation Metrics

• Goal: a model / computer program that computes the quality of generations. 
Rankings based on this should agree with expert humans. 

• Advantages:  

• Low cost 

• Optimizable (easy to evaluate intermediate models, hill-climb) 

• Consistent



Reference-based automatic metrics
• Lots of options of automatic evaluation metrics in literature.  

• We will focus on reference-based metrics in this lecture. Setting:  

• For each input x  

• Given: Output Summary 

• Given: Human reference / gold summary(s) 

• Metric: Compute similarity between them!

• Reference-based metrics can be used for all generation-based tasks.  

• Need a test set with (input, gold output) pairs.  

• Examples of metrics: ROUGE, BLEU, BertScore, MoverScore, etc.



Lexical Overlap based metrics 

• ROUGE: Recall-Oriented Understudy for Gisting Evaluation  

• BLEU: Bilingual Evaluation Understudy 

• Both follow the same basic idea of using n-gram overlap between generated and 
reference outputs to compute similarity. 



Precision and Recall of Words



Precision and Recall of Words



Precision and Recall of Words



Precision and Recall of Words

• Issue: no penalty for re-ordering of words



BLEU: Bilingual Evaluation Understudy

• N-gram overlap between generated output and reference output 

• Originally proposed for machine translation, also used extensively for paraphrasing, 
etc. 

• Computes precision for n-grams of size 1-4 in the generated output, adds a brevity 
penalty (for very short outputs) 

 

• Computed over the entire test corpus. 

BLEU = min(1,
output-length

reference-length
)

4

∏
i=1

(precisioni)
1/4



BLEU examples



BLEU examples



BLEU: Bilingual Evaluation Understudy

• Ideally, multiple reference outputs to account for variability. 

• N-grams may match in any of the references 

• Closest reference output length is used 



Is an automatic metric good?
• What we want:  

• The rankings between systems given by a metric should match the ranking given 
by expert humans  

• BLEU shows high correlation with human judgments (for old systems) 



Lexical Overlap-based metrics

• Limitations of lexical overlap based metrics? 

• Depend on strict overlap. Do not account for say synonym replacements. 

• All words are treated equally 

• Need (input, gold output) pairs. This data is difficult to get! 

• Lots of variants with the same basic idea (n-gram overlap) proposed: METEOR (uses 
stemming, lemmatization, and identifies paraphrastic matches), CIDEr  (down-weights 
common n-grams), etc.

Consider :   Reference: The movie was amazing. 

Generated Output: The film was great.



Solution: Distributional similarity-based metrics

• BERTScore (Zhang et al, ICLR 2020) **Cornell authors!!

• Use BERT (what was this 
architecture?) to get representations 
for each word for both the reference 
and the output candidate 



Solution: Distributional similarity-based metrics

• BERTScore (Zhang et al, ICLR 2020) **Cornell authors!!

RBERT =
1

|x | ∑
xi∈x

max
̂xj∈ ̂x

x⊤
i x̂j

• For each word in the reference, find the 
closest match in the generated output



Solution: Distributional similarity-based metrics

• BERTScore (Zhang et al, ICLR 2020) **Cornell authors!!

PBERT =
1

| ̂x | ∑̂
xj∈ ̂x

max
xi∈x

x⊤
i x̂j

• For each word in the generated output, find 
the closest match in the reference.



Solution: Distributional similarity-based metrics

PBERT =
1

| ̂x | ∑̂
xj∈ ̂x

max
xi∈x

x⊤
i x̂jRBERT =

1
|x | ∑

xi∈x

max
̂xj∈ ̂x

x⊤
i x̂j F1 =

2 * P * R
(P + R)



Solution: Distributional similarity-based metrics

• Optional importance weighting of each reference token to compute recall

idf(w) = − log ( 1
M

M

∑
i=1

𝕀[w ∈ x(i)]) RBERT =
∑xi∈x idf(xi) max ̂xj∈ ̂x x⊤

i x̂j

∑xi∈x idf(xi)



Evaluation Today

‣ LLM Judges!!
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