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J Introduction

Contrastive learning
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J Introduction

Contrastive learning in Vision

% Contrastive learning in Vision
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Contrastive learning in Vision

“ Contrastive learning in Vision
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J Introduction

Contrastive learning in Vision

E DMQA Open Seminar

Contrastive Semi-supervised Learning

2023, 04, 14
RO AT TR
Dt Wining & Cuabty Anclyics Lab.
EEL

Contrastive Semi-supervised Learning

o
I- > .

[

[ 20234 42 14
{3 253124 ~

@ 222! H|C|2 AlH (YouTube)

Mol E=2 27| —

—~q,
Positive Anchor

Q.. Daota Mining
ob Quallity Anailytics

=7
unifying contrastive learning
and clustering

Unifying contrastive learning and cluster

Elg: ST a FALZP

1 20224 112 18Y
Q 2314~
@ =219 H|T|2 AE (YouTube)

Mo g2 29| —

Eeal with Contrastive Learning

agd

Korea University
Data Mirina & Quality Analvtics Lab.

Deal with Contrastive Learning

K ﬂ nI=yy

1 20214 9g 102
Q3 2 1A~
@ =219 HC|2 Al E (YouTube)

Mo g2 27| —

Negative




S0 2A et
ofl'= Anchor?t 7t&l 20]= §E7t RXIE

% Contrastive learning in Vision
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J Introduction

Contrastive learning in Vision
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Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020, November). A simple framework for contrastive learning of visual representations. In /nternational conference on machine learning (pp. 1597-1607). PMLR.
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J Introduction

Contrastive learning in NLP

% Contrastive learning in NLP
- 0|0fX|=2r= 2, augmentation W E0]| H| WX H[oHX
« Augmentation= Z% XME6H, anchor?t 717! 0|8 MEE T o{E
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— This is the worst movie |'ve ever seen

Delete

This is the best movie I've ever seen » This is the movie |'ve ever seen
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J Introduction

Contrastive learning in NLP

% Contrastive learning in NLP
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1 Introduction

Due 1o the limited amount of sbelled traiving dats
available for many natural language processing
(NLP) tasks, transfer learning has be

witous (Ruder et al. 2019). For some time, transfer
NLP was limsited 1o pretraned wond -
m:umpmm.\.,u 2013; Pennington etal.,

er, University Health Network

‘o-senior authors

2014). Recent work has demonstraied strong trans-
fer task performance using pretrained sentence en
beddings. These fixed-kength vectors, often re-
ferred to 3 “universal” sentence embeddings, are
typically learned on large corpora and then trans-
ferved o various downstream tasks, such as cluster
(e.2. topic modelling) and rewieval (e.g. seman-
tic search). lndeed, senience embeddings have be-
come an area of focus, and many supervised (C

sed (Subramanian

et al., 2018; Phang et al., 2018; Cer et al.. 2018;
Reimers and Gurevych, 2019) and unsupervised

2018) spproaches have been proposed.
the highest perfoeming solutions require labelled
data, liniting theis usefuloess 1o languages and do-
mains where lsbelled data is sbundant. Therefoe,
closing the performance gap between unsupervised
and supervised universal sentence embedding meth
ods is an important goal

er-based language models
ethod for learning textual
i bl Sy Gttt
De 9; Dai et al., 2019;

v s o 2. 2019; Ll e, 2015 Clrk ol
0). This success has primarily been driven
by masked language modelling (MLM). This sef-
supervised token-level objective requires the model
10 predict the identity of some randomly masked to-
Kens from the input sequence. In addition to MLM,
odels have mechanisms for w-

some of the
ing semience-level embeddings via sell-supervision.
10 BERT (Devln 1 L 2019, spcil chsifica.
tion token is prepended 10 ever
and its representation is used in 4 binary classif-

input sequence,
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1 Introduction

Learning universal semence embeddings is 2 fun-

ture (Kiros et al., 2015; Hill et al., 2016; Conneau
et al. 2017 Logeswaran and Lec, 2018; Cer ct .
2018: Reimers and Gurevyeh, 2019, inter alia).
In this work, we advance state-of the-att sentence

o contribuied squally e inslgha

e s e ikl e il sl

“posi

embedding methods and demonstrae that a con-
trastive objective can be extremely effective when
coupled with pre-traned langusge models such as
BERT (Devlin et . 2019) or RoBERT (Liu et al
2019). We present SIMCSE. a simple gontrastive
embedding framework, which can pro-
duce superior senience embedings, from cither
unlabeled or laheled data.

Our unsupervised SimCSE simply predicts the
input senience itslf with anly dropou (Seivisiava
etal., 2014) used as noise (Figure 1(a)). In other
words, we pas the same sentence o the pre-trained
encoder nuice: by applying the standard dropout
twice. we can obiain two differcnt cmbeddings a5
pairs”. Then we ake OWer sentences inthe.
s “negatives”, and the model pre-
dicts the positive one among negatives. Although it
muay appear strikingly simple, this approsch outper-

sentences (Logeswaran and Le
data sugmentation (¢ g . word deletion and replace-
men) by a large margin, and even maiches previous
supervised methods. Through careful analysis, we

tion” of hidden representations, while removing it
leads 10 a representati
Our supervised SimCSE builds upon the recent
su langusge inference (NLIY
dutasers for sentence embeddings (Conneay et al
2017; Reimers and Gurevych, 2019) and incospo-
Fates amnotated sentence pairs in contrastive leam-
ing (Figure (b)), Unlike previous work that casts
a5 3-way classification task (e
tral and contradiction). we leverage the fact that
ot i canbe il sed s poie
d that sdding comespond-
ing mnzrsmmmv pairs as hard negatives further
improves performance. This simple use of NLI
datasets achieves a substantial improvement com-
pared to prior methods using the same daasets
We also compare o other Jabeled sentence-pair
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1 Introduction

Learning “universal”’ sentence representations that
captare rich semantic information and are af the

sarme time performans acruss 3 wide range of down.

stream NLP tasks without 1k spec

et al, 2017; Cex et ol M18; Kiros et al, 2015
Logeswaran and Lee, 3015; Giorgi et al., 2020
Wan ci al,, 2021; Gao et al., 2021). Recent work
has shorun that Enetuning preirained lang
e it comtrasve g ke bl 15

entence embeddings withou any la
Van e1 al., 2021
Caring sl
posisive pairs whose represcataiions e i o

dropout-based ausgmentation works mach betier
than mose comples. sugmensations such as word
deletioms ar replacements based an synomym or
‘masked language nodels. This is perhaps unsur-
prising in hindsight: while the waining obis
in comrastive learming encourages repeesentations
0 he imarians © augmentaiion transformations.
dircct awgmentatioms an the inpul fe.5. deletion.
eplceme) e chamge he messing ot e e
tence. Than i, ideal sentence embodding should
nat be imaria b translommations

We propase 1o learn semence representa
that are aware of, bt nod necessarily iovaria
sach diect sarface- vl augmentasivns. This is an
instance of equivariant contrasifve learning (Dan.
gk et al.. 2021). wich improwes visioa repre-
rasiive lons on
fe.g. grayscale)

sentatian lesrning by using  co

g
rotations). We aperatianalize
equivariand commastive learsing
dropomt-hased s gmentation as the insensilive
transformation (as Al 2021)
‘and MIMbased word replaceme = ihe scmsitive
ransfiommation. This resali in an additional croms.
eniropy loss basead on the difference beiween the
inal and the transformed sentence.
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Il Contrastive learning for sentence embedding

“ DeCLUTR: Deep Contrastive Learning for Unsupervised Textual Representations
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DeCLUTR: Deep Contrastive Learning for Unsupervised Textual
Representations
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::] Abstract 2014). Recent work has demonstrated strong trans-
e Sentence embeddings are an important com- fer la:sl\ pcrtormdncc- using pretrained sentence em-
g’ ponent of many natural language processing beddings. These fixed-length vectors, often re-

- (NLP) systems. Like word embeddings, sen- ferred to as “universal” sentence embeddings, are

= tence embeddings are typically learned on typically learned on large corpora and then trans-

Giorgi, J., Nitski, O., Bader, G.D., & Wang, B. (2020). DeCLUTR: Deep Contrastive Learning for Unsupervised Textual Representations. ArXiv, abs/2006.03659.
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DeCLUTR: Deep Contrastive Learning for Unsupervised Textual Representations
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Il Contrastive learning for sentence embedding

DeCLUTR: Deep Contrastive Learning for Unsupervised Textual Representations
< HH| X
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DeCLUTR: Deep Contrastive Learning for Unsupervised Textual Representations

“* Anchor - Positive 7+ it
« otLtQ| Batch= batch sizePtZ2| documentsz2 14
«  MEE DocumentOlA anchor@t positiveE Ot2f2| HHO= ==
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DeCLUTR: Deep Contrastive Learning for Unsupervised Textual Representations

< Anchor - Positive 714 1 (One anchor, many positive)

« St 74Q| AnchorOfl 042{ 72| positive sampleg & &t

« Positive sample0| CHgt vectorl S positive sampleZ At

« ¢HIHS| PositiveE At&ot= AEL} L2 positivel| wt0| ELt ds5= 4
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DeCLUTR: Deep Contrastive Learning for Unsupervised Textual Representations

<+ Anchor — Positive 714 % (Many Anchor)
«  olLte| DocumentWi|A 021 42| anchor 4H 7t5
*  Document?| Anchor?} otLt I, batch Li CHE documentl| anchor — positive sampleE negative=Z AL
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Contrastive learning for sentence embedding

DeCLUTR: Deep Contrastive Learning for Unsupervised Textual Representations

Model CR MR MPQA  SUBI S5T2 88T5 TREC MRPC SNLI  Awg.
Bag-of-words (BoW) weak baselines
GloVe T8.78 T7.70 87.76 9125 80.29 44 48 83.00 T339/81.45 6585 65.47
fastText T9.18 T8.45 87.88 9153 82.15 45.16 83.60 7449/82.44 6879 68.56
Supervised and semi-supervised
InferSent 84.37 79.42 89.04  93.03 84.24 4534 90.80 T6.35/83.48 8416 76.00
USE 85.70 79.38 88.80  93.11 §4.90 46.11 95.00 72.41/82.01 83.25 T8.89
Sent. Transformers  90.78 84.98 88.72  92.67 90.55 5276 87.40 T6.64/82.99  B4.18 77.19
Unsupervised
QuickThoughts 86.00 82.40 90.20 9480  §7.60 92.40 76.90/84.00
Transformer-small ~ 86.60 82.12 87.04 0477 88.03 49.50 91.60 T4.55/81.75 T1.88 72.58
Transformer-base  88.19 84.35 86.49 0528 89.46 51.27 93.20 T4.20/81.44 72.19 72.70
DeCLUTR-small ~ 87.52 82.79 87.87 7 9496 8764, 4842 9080, T7536/82.70 73.59 71.50
DeCLUTR-base 90.68 85.16 88.52 7 9578 90.01 S5LI8) 9320 T4.61/82.65 74.74 79.10
Model SICK-E SICK-R STS-B  COCO STSI12¥  STS13%  STS14% STS15% STS16%
Gilove TH.EY 1230 H2.50 .40 5344 5124 55.71 59.62 5793
fastText 79.01 72.98 68.26 040 58.85 58.83 63.42 69.05 68.24
InferSent 86.30 83.06 7848 65.84 6290 56.08 66.36 74.01 72.39
USE 85.37 81.53 81.50 6242 68.87 TL70 72.76 %3.88 82.78
Sent. Transformers  82.97 79.17 7428 6096 6410 65.63 69.80 7471 T2.85
QuickThoughts 60.55
Transformer-small ~ 81.96 71.51 T0.31 60.48 53.99 45.53 57.23 65.57 63.51
Transformer-base  80.29 T6.84 69.62 6014 5328 46.10 56.17 64.69 62.79
DeCLUTR-small ~ 83.46 7766 71.51 60.85 63.66 68.93 T0.40 T8.25 77.74
DeCLUTR-base 83.84 T8.62 79.39 7 6235 63.56 7258 T1L.70 79.95 79.59

rlo
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“ SImCSE: Simple Contrastive Learning of Sentence Embeddings
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SimCSE: Simple Contrastive Learning of Sentence Embeddings

Tianyu Gao'*  Xingcheng Yao** Dangi Chen'
fDepartment of Computer Science, Princeton University
{Institute for Interdisciplinary Information Sciences, Tsinghua University
{tianyug,danqgic}@cs.princeton.edu
yxcl8@mails.tsinghua.edu.cn

Abstract embedding methods and demonstrate that a con-

trastive objective can be extremely effective when

This paper presents SimCSE, a simple con- coupled with pre-trained language models such as
trastive learning framework that greatly ad- BERT (Devlin et al., 2019) or RoBERTa (Liu et al

vances the state-of-the-art sentence embed-
dings. We first describe an unsupervised ap-
proach, which takes an input sentence and

2019). We present SimCSE, a simple contrastive
sentence embedding framework, which can pro-

predicts itself in a contrastive objective, with duce superior sentence embeddings, from either
only standard dropout used as noise. This unlabeled or labeled data.
simple method works surprisingly well, per- Our unsupervised SImCSE simply predicts the

forming on par with previous supervised coun-
terparts. We find that dropout acts as mini-
mal data augmentation and removing it leads

input sentence itself with only dropout (Srivastava
etal., 2014) used as noise (Figure 1(a)). In other

1 1 : 1

Gao, T., Yao, X., & Chen, D. (2021). Simcse: Simple contrastive learning of sentence embeddings. arXiv preprint arXiv:2104.08821.
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Il Contrastive learning for sentence embedding

SimCSE: Simple Contrastive Learning of Sentence Embeddings

< M2 SHE

« =E0X= Supervised SImCSEZ} unsupervised SImCSE 27tX| KOt HHHZZ X|A|
- SHAMO| Kl B2 Unsupervised SimCSE &2
Unsupervised SimCSE Supervised SimCSE
Different hidden dropout masks
in two forward passes
() Y )
[ Two dogs are running. ]-" Two dogs There are animals outdoors.
}\1 are running. 'II'\:‘\\\ label=entailment
A an crrfine e emn N W\ \@o- °-|Th t itti h.
A man surfing on the sea. E o | t ]1‘\\‘ e pe Sla%ile:it mlrr':cg“ggua couc
____Jf : _.,,flj\ \:\\ i \\f\:ﬂ:\\q_ +
A kid is on a skateboard. + 2@ == “\ s be
__/ E ll 1‘ \ E

TR . 1 v\"ﬂﬂ’}).ﬁ
. : \ label
: Encoder : ) ‘1 \
. . _p.f“"\ \:\ \ K(\:\ \:‘ ]
: — Positive instance o \ label
L .. : N
| egattve instance — S ke
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SimCSE: Simple Contrastive Learning of Sentence Embeddings

“ Unsupervised SimCSE

« 7|&9| augmentationlt= 2|, Encoder Li2| random dropoutE augmentationC £ &
« L2 2SS Encoderd 2H SIIA|FA, K2 2702] embedding= Zt2} anchor, positive =2 AI2%t
Anchor: Two dogs are running.
Attract
Positive: Two dogs are running.
m
...................................................................................... . : Repel
A man surfing on the sea. §_’
........................................................................................ D
I | 3
Negative:  Akid s on a skateboard ' .
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SimCSE: Simple Contrastive Learning of Sentence Embeddings

% Supervised SImCSE
7|Z& XA X2 200N &8 E|= NLIAES| H|0o|EAE &&3l Contrastive learnings &I

0|I

* NLICIOJHAIZ 2t =XVt 7 719 282 = &, H0IS2 += 282 HAE 7HKLL U= HIo[HA

v Entailment: & 20| A2 &9l ZA — Positive

Two dogs are running. s
- Attract
There are animals outdoors. entailment .
The pets are sitting on a couch contradiction = .
8 Repel
Two dogs are running. Q.
]
q
There are animals outdoors. entailment e
contradiction . .

The pets are sitting on a couch
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SimCSE: Simple Contrastive Learning of Sentence Embeddings

» MY 2

- 4Agl0|M= BERT-base, RoBERTa-base, RoBERTa-largeE encoderz AtEet
« A¥ZM Unsupervised model & 7}& £2 sentence embedding ds2 24

a= d
Ot OfL|2} supervised model SHAME 71 £2 sentence embeddings 71E&S

HE

M3
Model STS12 STS13 STS14 STS15 STS16 STS-B  SICK-R  Avg.
Unsupervised models
GloVe embeddings (avg.)"' 55.14 70.66 59.73 68.25 63.66 58.02 53.76 61.32
BERT:..c (first-last avg.) 39.70 59.38 49.67 66.03 66.19 53.87 62.06 56.70
BERT:.:c-flow 58.40 67.10 60.85 75.16 71.22 68.66 64.47 66.55
BERT:...-whitening 57.83 66.90 60.90 75.08 71.31 68.24 63.73 66.28
IS-BERT ... 56.77 69.24 61.21 75.23 70.16 69.21 64.25 66.58
CT-BERT::s. 61.63 76.80 68.47 77.50 76.48 74.31 69.19 72.05
* SIMCSE-BERT .45 68.40 82.41 74.38 80.91 78.56 76.85 72.23 76.25
RoBERTay. <. (first-last avg.)  40.88 58.74 49.07 65.63 61.48 58.55 61.63 56.57
RoBERTay..-whitening 46.99 63.24 57.23 71.36 68.99 61.36 62.91 61.73
DeCLUTR-RoBERTa, ... 52.41 75.19 65.52 77.12 78.63 72.41 68.62 69.99
* SImCSE-RoBERTa:4<c 70.16 81.77 73.24 81.36 80.65 80.22 68.56 76.57
* SIMCSE-RoBERTa . 72.86 83.99 75.62 84.77 81.80 81.98 71.26 78.90
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SimCSE: Simple Contrastive Learning of Sentence Embeddings

» MY 2

- A30|AM= BERT-base, RoBERTa-base, RoBERTa-largeE encoderz AtEet
=2 g

= d
« A¥ZM Unsupervised model & 7}& £2 sentence embedding ds2 24

=02 1)
20t OfL|2} supervised model SOIME 7} £2 sentence embeddings 7S A€

Supervised models

InferSent-GloVe® 52.86 66.75 62.15 72.777 66.87 68.03 65.65 65.01
Universal Sentence Encoder® 64.49 67.80 64.61 76.83 73.18 74.92 76.69 71.22
SBERT:...* 70.97 76.53 73.19 79.09 74.30 77.03 7291 74.89
SBERT...-flow 69.78 77.27 74.35 82.01 77.46 79.12 76.21 76.60
SBERT....-whitening 69.65 77.57 74.66 82.27 78.39 79.52 76.91 77.00
CT-SBERT .- 74.84 83.20 78.07 83.84 77.93 81.46 76.42 79.39
* SIMCSE-BERT . - 75.30 84.67 80.19 85.40 30.82 84.25 80.39 81.57
SRoBERTa,...* 71.54 72.49 70.80 78.74 73.69 77.77 74.46 74.21
SRoBERTa, . s.-whitening 70.46 77.07 74.46 81.64 76.43 79.49 76.65 76.60
* SIMCSE-RoBERTa - < 76.53 85.21 80.95 86.03 82.57 85.83 80.50 82.52
* SIMCSE-RoBERTa, ... e 77.46 87.27 82.36 86.66 83.93 86.70 81.95 83.76
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Il Contrastive learning for sentence embedding
SimCSE: Simple Contrastive Learning of Sentence Embeddings
“ Alignment & Uniformity
- 2 AFLUAN F=FHot= E2 Embedding2 AtAct EH0|= HS0| glCH, z|Tfor E2 HEE EZEol0f &
« Alignment: ALt sampleS2 QAISH featureS 7440 &
* Uniformity: sample=0| Lot M2 = z[Cior HO| 71& 4= UA| HZEolOF otLt,
1;\
E) JUPEEERRRD
model . e \\\
1 Il// \\\\
* Embedding “,
‘ Space :

model

Wang, T., & Isola, P. (2020, November). Understanding contrastive representation learning through alignment and uniformity on the hypersphere. In International Conference on Machine Learning (pp. 9929-9939). PMLR
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SimCSE: Simple Contrastive Learning of Sentence Embeddings
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Alignment: FAlet sampleS2 &
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Wang, T., & Isola, P. (2020, November). Understanding contrastive representation learning through alignment and uniformity on the hypersphere. In International Conference on Machine Learning (pp. 9929-9939). PMLR
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SimCSE: Simple Contrastive Learning of Sentence Embeddings

“ Alignment & Uniformity
- QOEZFEQ &% 20|0=E &= olid

Iru
JP>I
_Olﬂ
Ral
R
oo

20|02 embedding GA| Alignment2} UniformityS

« [M2tM 2H9O| embedding0| 0| S2|= Anisotropy X7t A
Sof 7i4d¢et

«  SimCSEE ol 2XIE Contrastive learninga S

Anisotropy Isotropy
:’ Embedding | Embedding
' Space ! Space

~ < -
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Il Contrastive learning for sentence embedding

SimCSE: Simple Contrastive Learning of Sentence Embeddings
n

= data augmentationZt= 2|, SimCSE= alignE |SXI5IHA] u
HS Al

» AlS| A1}
0 (=]
¢ 2o =2+
e L[
° = o | =% = i 1 :
« IESHCOHE ZEE0| H|5H alignment®} uniformity 7t
0.400 0.7 9o 100
+ Fixed 0.1 BERT-whitening (66.3)
0.375
g::] dropout ” 0.6 BERT-flow (66.6) an
0.350 \ : Un;:e B;;‘SEE SBERTwhitening (77.0)
#Hﬁ P 051 SBERT-flow (76.6) a0
0.325 e * * e [ 4
* 0.4
5 0300 e + 5 70
8 Training direction ® 2;',,_70-3‘ i —
0.275 = + sup- :
' Avg. BERT (56.7) 60
0.250 » 0.2 [simcsE (816) @ L
J SBERT (74.9) L3 )
0.225 - 0.1 Next3Sent (63.1) 50
0.200 0.0 : : - r r . 40
-26 -2.4 -22 -20 -18 -18 -40 -35 -30 -25 -20 -15 -10
/! uniform l uniform
Augmentation &t H align, uniform 2H 4 align, uniform
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Il Contrastive learning for sentence embedding

“ DiffCSE: Difference—based Contrastive Learning for Sentence Embeddings
« 20224 NAACLO| HEE =202 20234 48 252 7|02 £ 353|218

- ELECTRAZE X3t contrastive learnings &2sl SimCSEE 0]7|1 SOTA &M

DiffCSE: Difference-based Contrastive Learning for Sentence

Embeddings
Yung-Sung Chuang’ Rumen Dangovski’ Hongyin Luo’ Yang Zhang' Shiyu Chang®
Marin Solja¢i¢’ Shang-Wen Li® Wen-tau Yih® Yoon Kim'  James Glass’

Massachusetts Institute of Technology” Meta AI°
MIT-IBM Watson Al Lab*  UC Santa Barbara*
yungsung@mit .edu

Chuang, Y. S., Dangovski, R., Luo, H., Zhang, Y., Chang, S., Soljaci¢, M., ... & Glass, J. (2022). DiffCSE: Difference—based contrastive learning for sentence embeddings. arXiv preprint arXiv:2204.10298.
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Abstract
We propose DiffCSE, an unsupervised con-
trastive learning framework for learning sen-
tence embeddings. DiffCSE learns sentence

Ll s L 3 Fa¥

be more similar to one another than negative pairs.
While different data augmentations (random crop-
ping, color jitter, rotations, etc.) have been found to
be crucial for pretraining vision models (Chen et al.,

(@ 2 s :
embeddings that are sensitive to the difference 2020), such augmentations have generally been un-
(o | = = g Y
S between the original sentence and an edited successful when applied to contrastive learning of
™ Sentence, where }hc edited ijenkence: 15 "b sentence embeddings. Indeed, Gao et al. (2021)
a teined by stochastically/masking out.the origi- find that constructing positive pairs via a simple
vt nal sentence and then sampling from a masked g e )
< : s 3 dropout-based augmentation works much better
~ language model. We show that DiffSCE is I l» A h d
4 S At : 4 " A ik B W
. a0 Tasfaace:of eqinmnant icontrasive leam:- than ‘more complex augmentations such as wor
(@\| ing (Dangovski et al., 2021), which general- deletions or replacements based on synonyms or
izes contrastive learning and learns represen- masked language models. This is perhaps unsur-
e tations that are insensitive to certain types of prising in hindsight: while the training objective
Q augmentations and sensitive to other “harm- in contrastive learning encourages representations
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DiffCSE: Difference—based Contrastive Learning for Sentence Embeddings

* A7 W
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DiffCSE: Difference—based Contrastive Learning for Sentence Embeddings
%+ o171 1

« 2{L} data augmentation@ 2 LHESH |07 S2tXRICH, O] SHA| HHSE 4= QI0{0F &
%, £2 Sentence embedding0|Zt 2|0|E HHLE data augmentationOl CHHAI= InvariantstX| 0tE &

Two dogs are running. 7
[] ; \
Replace 7 Embedding \‘,
'\ Space )
Two cats are walking. = - >e

~————-
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DiffCSE: Difference—based Contrastive Learning for Sentence Embeddings

“ Equivariant Contrastive Learning

« Data augmentation 7|H0|= sensitive®} insensitive WO 2 2S£+~ QUZ
- T S MHo| A0N ef5S Ao, E2 Embeddings &= = U2
f—l-ﬁseﬁs-i‘t-i've— sensitive
SCII0ILIVO
NLP -~ VMision NLP

color jitter crop

ve' Replace
Rl
@ Dropout This is the worst movie
| i & I've ever seen
_

Dangovski, R., Jing, L., Loh, C., Han, S., Srivastava, A., Cheung, B., ... & Soljati¢, M. (2021). Equivariant contrastive learning. arXiv preprint arXiv:2111.00899.
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DiffCSE: Difference—based Contrastive Learning for Sentence Embeddings

“ Equivariant Contrastive Learning
« 0] M, Insensitive$! data augmentation2 invariantstA| &t

 Sensitive$t data augmentation2 equivariantotH| st&

Invariant Equivariant

f(T(x)) =T'(f(x))

.\ sentence Encoder O
Embedding
/ Space /
Sentence 2 . , -
u e Sentence Encoder = B Transformation O

Dangovski, R., Jing, L., Loh, C., Han, S., Srivastava, A., Cheung, B., ... & Soljati¢, M. (2021). Equivariant contrastive learning. arXiv preprint arXiv:2111.00899.
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DiffCSE: Difference—based Contrastive Learning for Sentence Embeddings

“ DiffCSE
« DiffCSEQ| MAM|HQl I1X = sentence encoder, generator, discriminator2 44

« 3A| Contrastive loss?t Replaced Token Detection loss& &&ol= X2 A&

N
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Contrastive Loss

ﬁsirrl(h-,_ ,h; ) /T

zj\: 1 esim(hi |hj' ) /T

—log

Sentence Encoder

A

Q£ “You never know what you're gonna get .”

Replaced Token Detection Loss

0: original
1: replaced (T} 1‘ [T) ? ? ? AIT

Discriminator

J)y00e

[ 33’ / “You gotta know what you’re gonna do .

[ Generator (fixed) ]

Random A

g;" "“You [MASK] know what you're gonna [MASK] .”
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DiffCSE: Difference—based Contrastive Learning for Sentence Embeddings
“ DiffCSE
«  SimCSE2} S5t Contrastive learningS X3l

o Ol lossE E5H InvariantE 2H=ESFIX} &t

Contrastive Loss

(,sim(hg_ ,h; ) /T

zj\: ] esim(hi ,h}' ) /T

-

[ Sentence Encoder ]

A

—log

Q£ “You never know what you're gonna get .” }
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DiffCSE: Difference—based Contrastive Learning for Sentence Embeddings
“ DiffCSE
{222l ELECTRAS &5 BI'HE Sofl EquivariantE g0t &

= =30 €5 EZS O01AZ 2, Generators sl HE EZ2Z |
o=

e

rio

g S 0 E20| HAMT=XIE HE

« Discriminator= Anchor8| representation vectorg X714

Replaced Token Detection Loss

0: original
1: replaced (T} 1‘ ? ? ? ? AIT

Discriminator

0]

[ 33’ / “You gotta know what you’re gonna do .

Sentence Encoder

[ Generator (fixed) ]
A
Random A
1 ” MaSklng ! 1 "
Q£ “You never know what you're gonna get . }- ------- - ¢’ “You [MASK] know what you're gonna [MASK] .
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DiffCSE: Difference—based Contrastive Learning for Sentence Embeddings
“ DiffCSE

« Backpropagation2 discriminator?} sentence encoderZt XI&4

« Condition@ 2 S0{2H hE S5l sentence encoder?| weight ZH|0|E

Replaced Token Detection Loss

Contrastive Loss 0: original 01 00 0 0 1

(;Sirn(h'ﬂ.sh;)/‘?' 1: replaced T I T T ' T t

zj\: 1 esim(hi |hj' ) /T

[ Sentence Encoder ]

A

—log

Discriminator

Q£ “You never know what you're gonna get .” }-
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DiffCSE: Difference—based Contrastive Learning for Sentence Embeddings

» MY 2

« Sentence encoder®} discriminator= BERT/RoBERTaE AtE, generator= DistilBERT/DistiiRoBERTaE AtE

«  H|QSH= DiffCSEQ| AS0| 71& 288 AYXO R ZHG!

Model STS12 STS13 STS14 STS15 STS16  STS-B SICK-R Avg.
GloVe embeddings (avg.)® 55.14 70.66 59.73 68.25 63.66 58.02 53.76 61.32
BERT. ... (first-last avg.)® 39.70 59.38 49.67 66.03 66.19 53.87 62.06 56.70
BERT:...-flow® 58.40 67.10 60.85 75.16 71.22 68.66 64.47 66.55
BERT,...-whitening® 57.83 66.90 60.90 75.08 71.31 68.24 63.73 66.28
IS-BERT,... ” 56.77 69.24 61.21 75.23 70.16 69.21 64.25 66.58
CMLM-BERT;... * (1TB data) 58.20 61.07 61.67 73.32 74.88 76.60 64.80 67.22
CT-BERT,... 61.63 76.80 68.47 77.50 76.48 74.31 69.19 72.05
SG-OPT-BERT..... ' 66.84 80.13 71.23 81.56 7717 77.23 68.16 74.62
SimCSE-BERT,,... ¢ 68.40 82.41 74.38 80.91 78.56 76.85 72.23 76.25
#* SImCSE-BERT... .. (reproduce) 70.82 82.24 73.25 81.38 77.06 77.24 71.16 76.16
# DIff CSE-BERT .- 72.28 84.43 76.47 83.90 80.54 80.59 71.23 78.49
RoBERTa4,... (first-last avg.)® 40.88 58.74 49.07 65.63 61.48 58.55 61.63 56.57
R{:BERTa-r,__-_,;F_.-w.*hit:ming‘<> 46.99 63.24 57.23 71.36 68.99 61.36 62.91 61.73
DeCLUTR-RoBERTa,.... ¥ 52.41 75.19 65.52 77.12 78.63 7241 68.62 69.99
SimCSE-RoBERTa,,... 70.16 81.77 73.24 81.36 80.65 80.22 68.56 76.57
#* SINCSE-RoBERTa, . o (reproduce)  68.60 81.36 73.16 81.61 80.76 80.58 68.83 76.41
* DiffCSE-RoBERTas- . 70.05 83.43 75.49 82.81 82.12 82.38 71.19 78.21
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I Conclusion

% Summary

« X0 20f0M= HOERES H5S =017| #loll sentence embeddings &8

- HL} £2 sentence embedding2 &&0l7| lsH, contrastive learningS X5t &

«  o}X|2t O|O|X| L0|Et= Ha|, XA 0| data augmentationa H&6HH anchol| 2|0|7 FH &4

« O] M|O|L}OlIA = anchor-positive datag & #50ol, MO = contrastive learnings A0 200 Mo B
2SS M

P PP — N s

DeCLUTR SImCSE DiffCSE
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