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Contrastive learning
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Learning representations by contrasting positive and negative examples
(Hadsell et al., 2006)

: anchor

    : positive example, 


: negative example

x
x+

x−
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sim(f(x), f(x+)) � sim(f(x), f(x�))

f: encoder 




Contrastive learning of visual representations
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• positive pairs = two random 
transformations of the same image


• negative pairs = the transformations of 
other images in the same mini-batch

SimCLR (Chen et al., 2020)

CNN encoder: training a linear 
classifier or fine-tuning

f: encoder 


SimCLR (Chen et al., 2020), MoCo (He et al., 2020), SwAV (Caron et al., 2020) and many others



Contrastive learning of visual representations
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SimCLR (Chen et al., 2020), MoCo (He et al., 2020), SwAV (Caron et al., 2020) and many others

1 positive example + 

N-1 negative examples (in-batch negatives)
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LN = �EX

 
log

exp(sim(f(x), f(x+)))

exp(sim(f(x), f(x+))) +
PN�1

j=1 exp(sim(f(x), f(xj)))

!InfoNCE loss

Key ingredients:


• Where do positive pairs come from (e.g., data augmentation)?


• The impact of batch size (= how many negatives)?


• Hard negatives



What is the analogy in text?

• Most successful example: word2vec (Mikolov et al., 2013)
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positive pairs = (center word, context word)

negative pairs = (center word, random word)


(Image credit: SLP3)

Two encoders instead of one!



What is the analogy in the BERT era?
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• RQ1. When and why does contrastive learning work with pre-trained 
language representations?

• RQ2. Why not contrastive learning in pre-training?



This talk

•Learning universal sentence representations

• SimCSE (Gao et al., EMNLP 2021)

7

• Learning dense representations for retrieval


• DPR (Karpukhin et al., EMNLP 2020)


• DensePhrases (Lee et al., ACL 2021; Lee et al., EMNLP 2021)

• RQ1. When and why does contrastive learning work with pre-trained 
language representations?

• RQ2. Why not contrastive learning in pre-training?



SimCSE: Simple Contrastive Learning 
of Sentence Embeddings
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(Work done by Tianyu Gao and Xingcheng Yao)

https://github.com/princeton-nlp/SimCSE



Universal sentence embeddings
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There are two dogs running.
sentence

f: encoder 


Applications:


• Clustering (e.g., topic modeling)


• Retrieval (e.g., semantic search)


• Transfer learning to other NLP tasks 

           (e.g., training a linear classifier for sentiment analysis)
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There are two dogs running.
sentence

f: encoder 


• Previous work: use the current sentence to predict next or previous sentence

Skip-thought (Kiros et al., 2015) QuickThoughts (Logeswaran et al., 2018)

Contrastive learning

Universal sentence embeddings
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• Previous work: learning from natural language inference (NLI) datasets

InferSent (Conneau et al., 2017): LSTMs

SentenceBERT (Reimers and Gurevych, 2019): BERT

premise = A soccer game with multiple males playing.

hypothesis = Some men are playing a sport.

label = {entailment, contradiction, neutral}

Natural language inference

Universal sentence embeddings
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Q: Why can’t we directly obtain sentence embeddings from BERT (e.g., average)? 

Issue: pre-trained embeddings are 
highly anisotropic (Gao et al., 2019; 
Ethayarajh, 2019; Li et al., 2020)

(Gao et al., 2019)

Solution: post-processing and mapping 
embeddings to an isotropic space 

BERT-flow (Li et al., 2020)
BERT-whitening (Su et al., 2021)

Universal sentence embeddings
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Q: Can we apply the SimCLR idea to sentence representations?

CLEAR (Wu et al., 2020)

Data augmentation: word/span deletion, reordering, synonym substitution 

The performance is not competitive. Why?

Universal sentence embeddings



Our approach: SimCSE
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A simple contrastive learning framework for sentence representations:


• Unsupervised SimCSE: only uses dropout as data augmentation


• Supervised SimCSE: uses entailment + contradiction pairs from NLI datasets

<latexit sha1_base64="tFSpGeCsc9PxX3MJjMdtSeIcf1g="></latexit>

LN = �EX

 
log

exp(sim(f(x), f(x+)))

exp(sim(f(x), f(x+))) +
PN�1

j=1 exp(sim(f(x), f(xj)))

!InfoNCE loss

: a sentence,   : BERT encoder “[CLS]” + fine-tuningx f( ⋅ )

Key: how to find positive and negative pairs?



Unsupervised SimCSE
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Positive pairs: embeddings of the same sentence with different dropout masks 
Negative pairs: embeddings of other sentences (in-batch negatives)

Different standard dropout masks 

in two forward passes

Two dogs are running.

E

Two dogs are running.

EE

Two dogs are running.

E

Two dogs are running.

E

Two dogs are running.

A man surfing on the sea.

A kid is on a skateboard.

E

Two dogs are running.

A man surfing on the sea.

A kid is on a skateboard.

E

In-batch 
negatives

Same sentence with

different dropout

: temperature termτ
sim: cosine similarity



Supervised SimCSE

Positive pairs: entailment (premise, hypothesis) pairs

Negative pairs: contradiction (premise, hypothesis) pairs + in-batch negatives
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Positive pairs

Hard negatives

  


    Given one premise,

  


• Premise: There are two dogs running.

  


   


• Entailment: There are animals outdoors.


• Contradiction: The pets are sitting on a couch.


• Neutral: The dogs are catching a ball. 


SNLI (Bowman et al., 2015), MNLI (Williams et al., 2018)



Supervised SimCSE
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Contradiction hypothesis
+ in-batch negatives

There are animals outdoors.Two dogs
are running.

E E

label=entailment

The pets are sitting on a couch.

There are animals outdoors.Two dogs
are running.

E E

label=entailment

label=contradiction
The pets are sitting on a couch.The pets are sitting on a couch.

There are animals outdoors.

There is a man.

The man wears a business suit.

A kid is skateboarding.

A kit is inside the house.

Two dogs
are running.

E
A man surfing

on the sea.

A kid is on a 
skateboard.

E

label=entailment

label=contradiction

label=contradiction

label=entailment

label=contradiction

label=entailment

The pets are sitting on a couch.

Entailment 
hypothesis

Premise
1

Positive pairs: entailment (premise, hypothesis) pairs

Negative pairs: contradiction (premise, hypothesis) pairs + in-batch negatives



Evaluation on STS Tasks
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Semantic textual similarity (STS) tasks: Spearman’s correlation

30

45

60

75

90

STS12 STS13 STS14 STS15 STS16 STS-B SICK-R

               
               

          
          

BERTbase (avg.)
BERTbase-flow
IS-BERTbase
(Unsup) SimCSE-BERTbase

30

45

60

75

90

STS12 STS13 STS14 STS15 STS16 STS-B SICK-R

BERTbase (avg.)
BERTbase-flow
IS-BERTbase

+12%

+13%
+13%

+6% +8% +8%
+10%



Evaluation on STS Tasks
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Semantic textual similarity (STS) tasks: Spearman’s correlation

SBERTbase
(Unsup) SimCSE-BERTbase

SBERTbase-flow
(Sup) SimCSE-BERTbase
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• Unsupervised SimCSE matches supervised SentenceBERT


• 6.7% higher than SentenceBERT using the same NLI datasets

(See more SentEval results in the paper)

+6%

+8%

+6%

+3%
+3%

+4%
+5%



Why does SimCSE work?
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The movie is great.  vs  The movie is fantastic.
Two dogs are running. vs  Two dogs are running.
Two dogs are running. vs Two dogs are running.

Using dropout masks to create positive pairs is much better than:

• Predicting next sentences

• Discrete data augmentation (synonym/MLM replacement, word deletion, cropping)



Why does SimCSE work?

21

(See more results in the paper)

Default setting: 1 million sentences randomly sampled 
from English Wikipedia,  N=64,  evaluated on STS-B 
development set (Spearman correlation)

Using dropout masks to create positive pairs is much better than:

• Predicting next sentences

• Discrete data augmentation (synonym/MLM replacement, word deletion, cropping)

more data  
augmentation



Alignment vs uniformity
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Alignment = how well positive pairs are aligned

Uniformity = how well the embeddings are uniformly distributed

(Wang and Isola, 2020)



Alignment vs uniformity
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Q: Why does different dropout masks work so well?

• Fixed 0.1


• Standard dropout (rate=0.1)


• Same dropout mask as positives


• No dropout


• Dropout rate=0

:  the lower, the betterluniform, lalign

45.2%
64.9%
74.8%
79.1%

STS-B dev



Alignment vs uniformity
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Q: Why does different dropout masks work so well?

45.2%
64.9%
74.8%
79.1%

STS-B dev

Improve the uniformity 

while keeping good 

alignment

Collapse on alignment

:  the lower, the betterluniform, lalign



Why NLI datasets?
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Downsampled to 134k pairs 
for fair comparison

No hard 
negatives

Hypothesis: high annotation quality 
and small lexical overlap between pairs 
of sentences
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Comparison: alignment & uniformity
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`uniform
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:  the lower, the betterluniform, lalign

We also theoretically show that 
contrastive objective can improve 
the isotropy by inherently 
flattening the singular value 
distribution of the embedding 
space (see the paper). 



Take-aways

• Contrastive learning can ease the anistropy problem (a well-known issue in pre-trained 
BERT representations).


• Supervised signals can better align semantically close pairs.


• Data augmentation in the continuous space is promising in NLP!


• We don’t need a large batch size in learning sentence representations.
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N = 64 is already very good

Unsupervised SimCSE



DensePhrases: Learning Dense 
Representations for Phrase Retrieval
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(Work done by Jinhyuk Lee, Mujeen Sung, Alexander Wettig)

https://github.com/princeton-nlp/DensePhrases



Dense retrieval

• Encode a large collection of documents (e.g., Wikipedia) as a set of low-dimensional 
(e.g., 768) vectors
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• Support (approximate) nearest neighbor search in this vector space

• Applications: search, open-domain QA, 
information extraction, fact checking, 
dialogue..

• Depending on retrieval unit:


• Passage: Dense passage retriever (DPR) 
(Karpukhin et al., 2020)


• Phrase: DensePhrases (Lee et al., 2021a)



Dense passsage retrieval
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Who sings Don't Stand So Close to Me?

“ Don't Stand So Close to Me ” is a hit song by 
the rock band The Police , released in 
September 1980 as the lead single from their 
third album Zenyatta Mondatta . It concerns 
a teacher who has a sexual relationship with 
a student , which in turn is discovered .

Question  
encoder


Passage  
encoder


 20-million passages  
(offline indexing)
≈



Dense phrase retrieval
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Who sings Don't Stand So Close to Me?

Question  
encoder


 60-billion passages  
(offline indexing)
≈

“ Don't Stand So Close to Me ” is a hit song by 
the rock band The Police , released in 
September 1980 as the lead single from their 
third album Zenyatta Mondatta . It concerns 
a teacher who has a sexual relationship with 
a student , which in turn is discovered .

Phrase  
encoder


• Phrase = any contiguous segment of text up to L (e.g., 20) 
words, NOT necessarily linguistic phrases


• All the phrases are contextual, e.g., there are many  “The 
Police” phrases with different contexts



Phrase vs passage retrieval
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Phrase-retrieval models

“The Police”

Retriever-reader models

(Chen et al., 2017; Lee et al., 2019; Karpukhin et al., 2020; Izacard and Grave, 2021)

“The Police”



Phrase vs passage retrieval
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Similar accuracy

Similar storage

Much faster speed

(Lee et al., 2021a)



How to learn representations?
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• Contrastive learning with supervised pairs!

Question 

q p

q⊤p

Passage

BERTQ
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Note: two encoders instead of one encoder!

<latexit sha1_base64="Xg9bgYvmHjd6ai/G4J8ztxX1StM="></latexit>
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• In-batch negatives: other passages in the same mini-batch

• Hard negatives: passages of high BM25 scores that do not 
contain the answer string

• Positive pairs: (question, passage) pairs from supervised datasets


• Negative pairs:



DPR: positives vs negatives

1k Q/A pairs beat BM25!

(Karpukhin et al, 2020)

in-batch negatives

• BM25 hard negatives are important

• Batch sizes affect the performance

*: Evaluated on Natural Questions



DensePhrases: Learning phrase representations

Very similar idea but a much harder learning task

36

Key ingredients:


• Batch sizes are important! We proposed pre-batch negatives to increase # of negatives


• The other phrases in the same passage act as hard negatives (= no need to use BM25 
hard negatives)

Question 

q p

q⊤p

Phrase

BERTQ
<latexit sha1_base64="vaSgTSqXRNQLy1893hu/i9O3tlo=">AAAB9HicbVDLSgNBEJz1GeMr6tHLYBA8hV0R9BgigsdE8oJkCbOT3mTI7MOZ3mBY8h1ePCji1Y/x5t84SfagiQUNRVU33V1eLIVG2/621tY3Nre2czv53b39g8PC0XFTR4ni0OCRjFTbYxqkCKGBAiW0YwUs8CS0vNHtzG+NQWkRhXWcxOAGbBAKX3CGRnK7CE+YVu4e6tNerVco2iV7DrpKnIwUSYZqr/DV7Uc8CSBELpnWHceO0U2ZQsElTPPdREPM+IgNoGNoyALQbjo/ekrPjdKnfqRMhUjn6u+JlAVaTwLPdAYMh3rZm4n/eZ0E/Rs3FWGcIIR8schPJMWIzhKgfaGAo5wYwrgS5lbKh0wxjianvAnBWX55lTQvS45dcmpXxXIliyNHTskZuSAOuSZlck+qpEE4eSTP5JW8WWPrxXq3Phata1Y2c0L+wPr8AY/hkfI=</latexit><latexit sha1_base64="vaSgTSqXRNQLy1893hu/i9O3tlo=">AAAB9HicbVDLSgNBEJz1GeMr6tHLYBA8hV0R9BgigsdE8oJkCbOT3mTI7MOZ3mBY8h1ePCji1Y/x5t84SfagiQUNRVU33V1eLIVG2/621tY3Nre2czv53b39g8PC0XFTR4ni0OCRjFTbYxqkCKGBAiW0YwUs8CS0vNHtzG+NQWkRhXWcxOAGbBAKX3CGRnK7CE+YVu4e6tNerVco2iV7DrpKnIwUSYZqr/DV7Uc8CSBELpnWHceO0U2ZQsElTPPdREPM+IgNoGNoyALQbjo/ekrPjdKnfqRMhUjn6u+JlAVaTwLPdAYMh3rZm4n/eZ0E/Rs3FWGcIIR8schPJMWIzhKgfaGAo5wYwrgS5lbKh0wxjianvAnBWX55lTQvS45dcmpXxXIliyNHTskZuSAOuSZlck+qpEE4eSTP5JW8WWPrxXq3Phata1Y2c0L+wPr8AY/hkfI=</latexit><latexit sha1_base64="vaSgTSqXRNQLy1893hu/i9O3tlo=">AAAB9HicbVDLSgNBEJz1GeMr6tHLYBA8hV0R9BgigsdE8oJkCbOT3mTI7MOZ3mBY8h1ePCji1Y/x5t84SfagiQUNRVU33V1eLIVG2/621tY3Nre2czv53b39g8PC0XFTR4ni0OCRjFTbYxqkCKGBAiW0YwUs8CS0vNHtzG+NQWkRhXWcxOAGbBAKX3CGRnK7CE+YVu4e6tNerVco2iV7DrpKnIwUSYZqr/DV7Uc8CSBELpnWHceO0U2ZQsElTPPdREPM+IgNoGNoyALQbjo/ekrPjdKnfqRMhUjn6u+JlAVaTwLPdAYMh3rZm4n/eZ0E/Rs3FWGcIIR8schPJMWIzhKgfaGAo5wYwrgS5lbKh0wxjianvAnBWX55lTQvS45dcmpXxXIliyNHTskZuSAOuSZlck+qpEE4eSTP5JW8WWPrxXq3Phata1Y2c0L+wPr8AY/hkfI=</latexit><latexit sha1_base64="vaSgTSqXRNQLy1893hu/i9O3tlo=">AAAB9HicbVDLSgNBEJz1GeMr6tHLYBA8hV0R9BgigsdE8oJkCbOT3mTI7MOZ3mBY8h1ePCji1Y/x5t84SfagiQUNRVU33V1eLIVG2/621tY3Nre2czv53b39g8PC0XFTR4ni0OCRjFTbYxqkCKGBAiW0YwUs8CS0vNHtzG+NQWkRhXWcxOAGbBAKX3CGRnK7CE+YVu4e6tNerVco2iV7DrpKnIwUSYZqr/DV7Uc8CSBELpnWHceO0U2ZQsElTPPdREPM+IgNoGNoyALQbjo/ekrPjdKnfqRMhUjn6u+JlAVaTwLPdAYMh3rZm4n/eZ0E/Rs3FWGcIIR8schPJMWIzhKgfaGAo5wYwrgS5lbKh0wxjianvAnBWX55lTQvS45dcmpXxXIliyNHTskZuSAOuSZlck+qpEE4eSTP5JW8WWPrxXq3Phata1Y2c0L+wPr8AY/hkfI=</latexit>

BERTP
<latexit sha1_base64="pjvvLoxblV6je5m9mejsDBKyabM=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMcQETxGyQuSJcxOZpMhsw9neoNhyXd48aCIVz/Gm3/jJNmDJhYMFFXVdE95sRQabfvbyq2tb2xu5bcLO7t7+wfFw6OmjhLFeINFMlJtj2ouRcgbKFDydqw4DTzJW97oZua3xlxpEYV1nMTcDeggFL5gFI3kdpE/YVq9fahPe7VesWSX7TnIKnEyUoIMJv/V7UcsCXiITFKtO44do5tShYJJPi10E81jykZ0wDuGhjTg2k3nR0/JmVH6xI+UeSGSufp7IqWB1pPAM8mA4lAvezPxP6+ToH/tpiKME+QhWyzyE0kwIrMGSF8ozlBODKFMCXMrYUOqKEPTU8GU4Cx/eZU0L8qOXXbuL0uValZHHk7gFM7BgSuowB3UoAEMHuEZXuHNGlsv1rv1sYjmrGzmGP7A+vwBjl2R8Q==</latexit><latexit sha1_base64="pjvvLoxblV6je5m9mejsDBKyabM=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMcQETxGyQuSJcxOZpMhsw9neoNhyXd48aCIVz/Gm3/jJNmDJhYMFFXVdE95sRQabfvbyq2tb2xu5bcLO7t7+wfFw6OmjhLFeINFMlJtj2ouRcgbKFDydqw4DTzJW97oZua3xlxpEYV1nMTcDeggFL5gFI3kdpE/YVq9fahPe7VesWSX7TnIKnEyUoIMJv/V7UcsCXiITFKtO44do5tShYJJPi10E81jykZ0wDuGhjTg2k3nR0/JmVH6xI+UeSGSufp7IqWB1pPAM8mA4lAvezPxP6+ToH/tpiKME+QhWyzyE0kwIrMGSF8ozlBODKFMCXMrYUOqKEPTU8GU4Cx/eZU0L8qOXXbuL0uValZHHk7gFM7BgSuowB3UoAEMHuEZXuHNGlsv1rv1sYjmrGzmGP7A+vwBjl2R8Q==</latexit><latexit sha1_base64="pjvvLoxblV6je5m9mejsDBKyabM=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMcQETxGyQuSJcxOZpMhsw9neoNhyXd48aCIVz/Gm3/jJNmDJhYMFFXVdE95sRQabfvbyq2tb2xu5bcLO7t7+wfFw6OmjhLFeINFMlJtj2ouRcgbKFDydqw4DTzJW97oZua3xlxpEYV1nMTcDeggFL5gFI3kdpE/YVq9fahPe7VesWSX7TnIKnEyUoIMJv/V7UcsCXiITFKtO44do5tShYJJPi10E81jykZ0wDuGhjTg2k3nR0/JmVH6xI+UeSGSufp7IqWB1pPAM8mA4lAvezPxP6+ToH/tpiKME+QhWyzyE0kwIrMGSF8ozlBODKFMCXMrYUOqKEPTU8GU4Cx/eZU0L8qOXXbuL0uValZHHk7gFM7BgSuowB3UoAEMHuEZXuHNGlsv1rv1sYjmrGzmGP7A+vwBjl2R8Q==</latexit><latexit sha1_base64="pjvvLoxblV6je5m9mejsDBKyabM=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMcQETxGyQuSJcxOZpMhsw9neoNhyXd48aCIVz/Gm3/jJNmDJhYMFFXVdE95sRQabfvbyq2tb2xu5bcLO7t7+wfFw6OmjhLFeINFMlJtj2ouRcgbKFDydqw4DTzJW97oZua3xlxpEYV1nMTcDeggFL5gFI3kdpE/YVq9fahPe7VesWSX7TnIKnEyUoIMJv/V7UcsCXiITFKtO44do5tShYJJPi10E81jykZ0wDuGhjTg2k3nR0/JmVH6xI+UeSGSufp7IqWB1pPAM8mA4lAvezPxP6+ToH/tpiKME+QhWyzyE0kwIrMGSF8ozlBODKFMCXMrYUOqKEPTU8GU4Cx/eZU0L8qOXXbuL0uValZHHk7gFM7BgSuowB3UoAEMHuEZXuHNGlsv1rv1sYjmrGzmGP7A+vwBjl2R8Q==</latexit>
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phrase representations

SpanBERT



In-batch vs pre-batch negatives

37

• In-batch negatives (batch size = B)
• Pre-batch negatives: use even more negative examples from previous 

batches! Build a FIFO queue and cache C previous batches, so we get B  
C additional negative examples

×



Importance of hard negatives

38

BM25 hard negatives Other phrases in the same passage 
act as hard negatives implicitly!

(Lee et al., 2021b)



Take-aways

• Contrastive learning can be very effective in learning dense representations for retrieval


• Dual-encoder framework: both initialized from BERT


• Positive pairs come from supervised datasets (even 1k pairs works!)


• Both batch sizes and hard negatives are important

39

• (Not relevant to this talk) 
DensePhrases can support 
dense retrieval of different 
granularity in real time!



Conclusion
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Key ingredients:


• Where do positive pairs come from (e.g., data augmentation)?


• The impact of batch size (= how many negatives)?


• Hard negatives

<latexit sha1_base64="tFSpGeCsc9PxX3MJjMdtSeIcf1g="></latexit>
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exp(sim(f(x), f(x+)))

exp(sim(f(x), f(x+))) +
PN�1

j=1 exp(sim(f(x), f(xj)))

!

With pre-trained representations, contrastive learning works well in text,


• When we have the right data augmentations 


• When we have the right supervision of “paired data”



Conclusion
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RQ2. Why not contrastive learning in pre-training?

Thanks!

danqic@cs.princeton.edu

Example: COCO-LM (Meng et al., 2021)


