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Contrastive Learning

« Alignment: Similar samples have similar features.
* Uniformity: Preserve maximal information.
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Alignment: Smular samples have similar features.,
(Figure inspircd by Tian et al. (2019).)
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Figure 2: Hypersphere: When classes are well-clustered = . /
(forming spherical caps), they are linearly separable. The q.
same does not hold for Euclidean spaces. _Feature Density .



I Background

The generalization of contrastive SSL is related to three key factors
* Alignment of positive samples

* Divergence of class centers

* Concentration of augmented data
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Figure 1: SimCLR’s embedding space with different richnesses of data augmentations on CIFAR-10.
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The generalization of contrastive SSL is related to three key factors
* Alignment of positive samples

* Divergence of class centers

* Concentration of augmented data

The first two factors are properties of learned representations.
The third one is determined by pre-defined data augmentation.



Experiments

Table 1: Downstream performance under different richness of augmentations.

Dataset Transformations Accuracy
’ (a) (b) (c) (d) (e SimCLR Barlow Twins MoCo SimSiam
v v v v v | 8976+0.12 8691 +0.09 90.124+0.12 90.59 +0.11
v v v v 88.48 +0.22 85384037 R89.694+0.11 89.34 4+ 0.09
CIFAR-10 v v v 83.50+0.14  82.00+0.59 R86.78+0.07 85.38+0.09
v v 63.23+0.05 67.834+094 75124028 63.27 +0.30
v 62.74+0.18 O67.77Tx0.69 7T4.9440.22 61.47 (.74
v v v v v | 5774+0.12 5799+0.29 64.19+0.14 63.48+0.16
v v v v 55.43-4+0.10 55224 0.25 62.5040.28 60.31 4+ 0.41
CIFAR-100 | v v v 45.10 £ 0.25 5040 =0.64 5H57.04+0.21 51.42+0.14
v v 28.01 +0.18 3411 4+0.59 40.1840.04 26.26 + 0.30
v 27954+ 009 3405+ 1.13 39.63+0.31 25.90 + (.83
Table 2: Downstream performance under different strength of augmentations.
Dataset Color Distortion Accuracy
Strength SimCLR Barlow Twins MoCo SimSiam
1 82.754+0.24 82.58+0.25 86.68+0.05 82.50+ 1.05
CIFAR-10 l,’2 TR76 +0.18 8188 +0.25 84.30+0.14 81.80+0.15
i 1/4 76.37 +£0.11 79.64+0.34 82.76+0.09 7880+0.17
l/ﬂ 7423 4+0.16 77964+ 0.16 81.2040.12 76.09 -+ 0.50
1 46.67 - 042 50.39+1.09 58.50 +0.51 49.94 +2.01
CIFAR-100 1/2 4021 +0.05 48.76 +£0.25 55.084+0.09 46.27 +0.46
' 1/4 36.67 +0.08 46.224+0.71 52.09+0.18 42.02 +0.34
1/8 34.75+0.20 44724026 4943 4+0.16 36.26 +0.34
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(a) random cropping

(b) random Gaussian blur
(c) color dropping

(d) color distortion

(

)
e) random horizontal flipping
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Augmentation Set A
Transformation-induced domain Dy
Training domain set {Ds}4cu

The goal of contrastive learning is equivalent to align different Dy

We naturally expect that the features it learn are domain invariant
The learned representation is not domain-invariant
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The population loss of InfoNCE (Chen et al., 2020a; He et al., 2020) is well known as:

. . ef (@1) " f(w2)
InfoNCE — _m]E;} - mQIEéA(:n) 0g ef(@1)Tf(z2) 4 of (1) Tf(2™)’
xz~ €A(x)

where encoder f is normalized by || f|| = 1. It can be divided into two parts:

Linfonce = E E [—f(ml)Tf(;c2) + log (ef(wl)Tf(wz) i ef(acl)Tf(m—))] 5)
x,x’ x1,c20€A(x)
x— €A(z’)
—lg [If(x1) — f(x2)||?] — 1+ E E [k)g (ef(m)Tf(wz) n ef(:cl)Tf(ac_))]'
2z m2€A($ xz,x’ ©1,x2€A(x)
h = - x~ cA(z’
::L:IlnfoNCE(f) N i il - r

::£I2nfoNCE(f)
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The original align loss:
Latign (f; D, m) == ExpE (4, 45)~m2 [ f(A1(X)) — f(A2(X))]?

Augmentation Augmentation

Define the augmentation-robust loss as

Lar(f;D) = X]EDAS,EEA”JC(A(X)) — fA'X)I?

Close to Each Other

An approximation: /’.l“\

n @ @
2 1 { : A
Ean(f)=5>  swp  If(A(X0) - F(A(X)IB &
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Algorithm 1: SimCLR + ArCL

input : Batch size N, temperature 7, augmentation 7, number of views m, epoch 7',

encoder f, projector g.
1 It =1;.::, T do

oxp(s*/r)

2 sample minibatch {X;}Y :

3 fors =14 do

4 draw m augmenta[ions A=A
5 zi,; = 9(f(A;X;)) for j € [m];

6 # select the worst positive samples;

7 si = min; gepmi {2200/ (1205l 12011 }5
8 # select the negative samples;

9 () g I N do

10 “z_, = “i.l"]-l/ lzial[llz5.11);

1 siien = zi17zi2/ (lziallllz5.21l)
12 compute L = — Z, , log S

13 | update f and g to minimize L:

14 return f

3=1,554 €XP(8g ;/7)7




I Experiments

Table 2: Linear evaluation results (%) of pretrained CIFAR10 models on CIFAR10, CIFAR100 and

Table 1: 5 different augmentations.

| Grayscale RandomCrop HorizontalFlip  ColorJitter
Aug | v - - -
Aug 2 - v - -
Aug 3 - - v -
Aug 4 - - - v
Aug 5 v - - v

their modified versions.

Method Batch Size | Aug1 Aug2 Aug3 Augd4 Aug5 Original
SimCLR 256 86.36 8321 8693 8642 86.13 86.76
= SimCLR + ArCL (views=4) 256 88.68 86.77 89.01 88.70 88.31 88.95
~ SimCLR + ArCL (views=6) 256 88.95 87.18 89.54 8892 88.61 89.11
_fé SimCLR 512 88.62 86.27 8896 8856 88.37  88.8I
O SimCLR + ArCL (views=4) 512 89.97 88.06 9048 8991 89.59 90.20
SimCLR + ArCL (views=6) 512 90.24 89.54 90.69 9043 90.07  90.69
SimCLR + ArCL (views=8) 512 90.44 88.96 9098 90.63 90.31 90.84
SimCLR 256 51.65 47.55 53.17 5205 5136 5275
= SImCLR+ArCL(views=4) 256 53.76 4980 5568 54.19 5296 5483
= SImCLR+ArCL(views=6) 256 54.13 50.74 5574 5475 5346 5529
£ SimCLR 512 52.28 48.09 5345 5258 5153 5312
O  SImCLR+ArCL(views=4) 512 5340 50.16 5492 53.77 52.61 54.20
SImMCLR+ArCL(views=6) 512 5400 50.57 56.24 55.04 53.77 55.60
SimCLR+ArCL(views=8) 512 5459 5085 5574 5462 53.21 55.96
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Epochs  ImageNet | Aircraft  Caltech101  Cars  CIFARIO CIFAR100 DTD Flowers Food Pets | Avg

MoCo 800 7068 | 41.79 87.92 39.31 92.28 74.90 7388 90.07 6895 83.30| 7249
MoCo 800450 70.64 41.00 87.63 39.01 92.27 75.14 7431 8831 6857 83.69 | 72.21
MoCo + ArCL(views=2)  800+50 69.70 4429 89.79 42.15 93.07 76.70 7420 9040 7094 83.68 | 73.91
MoCo + ArCL(views=3) 800450 69.80 44.57 89.48 42.11 93.29 77.33 7463 91.13  71.16 84.23 | 74.21
MoCo + ArCL(views=4)  800+50 69.80 44.62 89.66 42.88 93.22 76.83 7500 9159 7135 8399 | 74.35
§ MoCo 800+100 70.64 41.65 87.64 39.31 92.12 75.03 7394 8953 6831 83.55| 72.34
f, MoCo + ArCL(views=2) 800+100 70.26 41.86 89.52 40.21 92.64 75.73 74.04 8897 70.06 8431 | 73.04
MoCo + ArCL(views=3)  800+100 70.92 43.87 89.36 42.37 93.30 76.93 7293 9050 71.14 84.03 | 73.83
MoCo + ArCL(views=4)  800+100 69.42 45.55 89.61 41.91 93.55 77.05 7404 91.17 7093 8548 | 74.37
MoCo 200 67.72 | 40.02 86.59 37.41 90.90 7243 7388 8797 6697 80.00 | 70.69
MoCo + ArCL(views=2) 200 68.04 42.34 87.92 36.45 92.29 71.71 7468 89.00 67.87 8142 | 71.85
MoCo + ArCL(views=3) 200 68.74 43.21 88.26 38.27 92.49 75.02 7468 89.61 6831 81.64 | 72.39
MoCo + ArCL(views=4) 200 68.92 41.65 88.42 38.77 92.70 75.73 7543 8895 68.63 81.60 | 72.43
Supervised* 7720 | 4359 90.18 4492 91.42 73.90 7223 8993 6949 9145 | 74.12
MoCo 800 | 83.56 82.54 85.09 95.89 71.81 69.95 9526 76.81 88.83 | 83.30
MoCo 800+50 83.15 84.50 85.90 96.13 72.58 70.16 9444 7934 86.12 | 83.59
MoCo + ArCL(views=2) 800450 86.05 87.38 87.28 96.33 79.39 72.18 9589 81.36 89.03 | 86.10
MoCo + ArCL(views=3)  800+50 84.03 87.64 86.34 96.88 80.98 72.87 96.14 8190 89.20 | 86.22
o MoCo + ArCL(views=4) 800450 84.19 88.42 86.67 96.68 81.17 73.09 9590 8170 89.52 | 86.37
5 MoCo 800+100 83.18 84.50 84.27 96.01 72.14 7027 9553 7823 88.73 | 83.65
2 MoCo + ArCL(views=2)  800+100 84.45 86.84 87.20 96.40 78.40 7191 9593 80.54 88.56 | 85.58
= MoCo + ArCL{views=3)  800+100 85.94 86.85 87.34 96.36 79.75 7144  96.00 8148 88.26 | 85.94
MoCo + ArCL(views=4) 800+100 85.65 88.50 86.39 96.91 81.29 7335  96.17 81.82 89.30 | 86.60
MoCo 200 | 83.18 82.66 84.47 95.51 72.54 7043 9499 7739 86.12 | 83.03
MoCo + ArCL(views=2) 200 81.09 83.93 86.54 95.88 76.18 70.69 9444 7678 B86.98 | 83.61
MoCo + ArCL(views=3) 200 84.79 85.61 85.39 96.56 78.81 7059 9584 80.71 8791 | 85.13
MoCo + ArCL(views=4) 200 84.88 86.19 85.90 96.35 78.62 70.69 9577 8046 88.00 | 85.21

Supervised*® | 83.50 91.01 82.61 96.39 82.91 7330 9550 84.60 9242 | 86.92
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Table 7: Linear evaluation results of pretrained models using SImCLR with two different alignment
losses on MNIST-CIFAR dataset. The average results under three diffrent random seeds are given.

Methods Accuracy(%) | Methods Accuracy(%)
SimCLR 85.6

SiImCLR + ArCL(views=3) 86.0 SIMCLR+AAL(views=3) 85.4
SIMCLR + ArCL(views=4) 87.2 SIMCLR+AAL(views=4) 86.1
SimCLR + ArCL(views=5) 87.3 SimCLR+AAL(views=3) 86.3
SImCLR + ArCL(views=6) 88.4 SIMCLR+AAL(views=6) 85.8
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I Background

Is the classical contrastive learning framework
capable of achieving optimal in generalization?

Maximize agreement
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Consider the extreme situation:

Zi = Zj,‘v’x € Dx
If T contains Rotation, then the
features contains non information to
justify the rotation angel in some
rotation-sensitive tasks.
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Classes

Augmentations T
2

Color / x x

Rotation x x J

Texture ( x x
Color Rotation Texture ' ﬁ.\m :_.‘;_\ “

s®

Augmentations Coarse-grained Fine-grained (bird) Fine-grained (Mower)

(a) (b)

Downstream Tasks
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Table 1: Classification accuracy on 4-class rotation and IN-100 under linear evaluation protocol.
Adding rotation augmentation into baseline MoCo significantly reduces its capacity to classify rota-
tion angles while downgrades its performance on IN-100. In contrast, our method better leverages
the information gain of the new augmentation.

s Rotation IN-100
Acc. top-1 top-5
Supervised 72.3 83.7 95.7
MoCo 61.1 81.0 95.2
MoCo + Rotation 43.3 79.4 4.1
MoCo + Rotation (same for g and k) 45.5 78.1 04.3
LooC + Rotation [ours] 65.2 80.2 95.5

Table 2: Evaluation on multiple downstream tasks. Our method demonstrates superior generaliz-
ability and transferability with increasing number of augmentations.

oo Augmentation iNat-1k CUB-200 Flowers-102 IN-100
Color Rotation | top-1 top-5 |top-1 top-5 S-shot 10-shot | top-1 top-5
MoCo v 36.2 62.0 | 36.7 64.7 |679(£0.5) 77.3(x£0.1)| 81.0 95.2
LooC v 41.2 67.0 | 40.1 69.7 |68.2(+0.6) 77.6 (£ 0.1)| 81.1 95.3
v 40.0 654 | 38.8 67.0 |70.1 (£0.4) 793 (+0.1)| 80.2 95.5
v v 440 693 |39.6 692 [70.9(+0.3) 80.8(4+0.2)| 79.2 94.7
LooC++| V v 46.1 71.5 (393 69.3 |68.1(+=0.4) 788 (x=0.2)| 81.2 95.2
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Table 5: Comparisons of concatenating features from different embedding spaces in LooC++
jointly trained on color, rotation and texture augmentations. Different downstream tasks show non-
identical preferences for augmentation-dependent or invariant representations.

K Variance Head IN-100 iNat-1k Flowers-102 IN-C-100
Col. Rot. Tex. |top-1 top-5|top-1 top-5 5-shot 10-shot all-top-1
LooC++ 78.5 943 | 38.5 64.7 [68.6 (£0.6) 77.6 (= 0.1) 48.0
v 79.7 944 | 429 68.7 |69.1 (£0.7) 79.5 (£ 0.2) 47.1
v 81.5 949|414 674 |70.5(+0.6) 80.0(£0.2) 52.6
v 803 949 |43.0 68.6 |70.4(£0.5) 80.5(£0.2) 44.1
v v | 822 953|459 714 |71.0(E0.7) 81.9 (x0.3) 48.0
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query top retrievals query

MoCo

LooC

Figure 3: Top nearest-neighbor retrieval results of LooC vs. corresponding invariant MoCo base-
line with color (left) and rotation (right) augmentations on IN-100 and iNat-1k. The results show
that our model can better preserve information dependent on color and rotation despite being trained
with those augmentations.
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Augmented Distance

da(zy,22) = min |z} — x5 .
x| EA(x,),x,€EA(22)

Definition 1 ((o, d)-Augmentation). The augmentation set A is called a (o, d)-augmentation, if
for each class ()}, there exists a subset CO C () (called a main part of C%), such that both
Plx € C}] > o Plxz € Cy] where o € (0, 1] and SUDg, a,ec0 da (1, T2) < 6 hold.

Larger o and smaller 6 indicate the sharper concentration of augmented data.

Forany A’ 2 A, dr(xq,x2) < dg(xq,x2)
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Theorem 1. Given a (o, d)-augmentation used in contrastive SSL, if

A
,Ug_,ulc < r? (1 — p7rzax(07 0, 5) — \/Q,Omam(aa 0, 5) - '#) (2)
holds for any pair of (£, k) with { # k, then the downstream error rate of NN classifier G
Err(Gy) € (1 —0)+ R., (3)

where pmaz(0,0,6) =2(1 —0) + == + 0 (£ + 22) and A, = 1 — minge) || pel|? /7%

ming py T r




I Formulation

Proof of Proposition 4.1. For any € > 0, let t =
alignment loss of [ satisfies

Ve/2 and f(x1,22) = x1 + txo.

Lojien(f;D,7) =t*E X2 E 6, — 05)% = 2t? < ¢.
tign (/3 D, ) 2(91,92%/\[(0,1)2(1 2)

Let ¢ = 0 and ¢/ = 1/t. Then obviously

R(fa DC) =

but

R(f; Der) = P(X1 < 0, X1 + X2 > 0) + P(X1 >0, X1 + X5 < 0) = —

Then, the
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R(7iDT)= min B _£hof(X),Y), 2)

Latign(f; D, ) 1= ExpE (4, a5)~m2 | f(A1(X)) — f(A2(X))||?

Proposition 4.1. Consider a two-dimensional classification problem with data (X, Xs) ~
N(0,15). The label Y satisfies Y = 1(X; > 0), and the data augmentation is to multiply X»

by standard normal noise, i.e.,
Ag(X) = (X1,6 - X2),

0 ~ N(0,1).

The corresponding transformation-induced domain set is P = {D.. : D. = (X1,c- Xs) for ¢ € R}.
We consider the 0-1 loss in equation 2. Then for every € > 0, there exists representation [ and two
domains D. and D, such that

ahgn(f D ) £,

but

R(f; De) = R(f; Der)| 2
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