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Self-supervised Learning (SIMCLR)
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Data Augmentation

No Human Label is Needed!

x)

X1,X2 " paug('

SimCLR: [T. Chen, A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020]
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Self-supervised Learning (SIMCLR)

Why a good representation can be learned this way?

Roles played by Neural Network, Data Augmentation
and Training Procedure?
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X1,X2 ~ Daug (+|X) No Human Label is Needed!

SimCLR: [T. Chen, A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020]
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No Negative Pa

Wema

Target
[X. Chen and K. He, Exploring Simple Siamese Representation Learning, CVPR 2021]

[J. Grill, Bootstrap your own latent: A new approach to self-supervised Learning, NeurlPS 2020]

Data Augmentation

BYOL

facebook Artificial Intelligence SimSiam



\

|
N
A.,

/q

v/

14
{

f
WY

\

/

/.,MW/@ )

O
Atk

)

N

X:I‘ A
it
fia

G

Non-contrastive SSL (BYOL/SimSiam)?
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Why they do not collapse to trivial solutions?

w.

Stop-Grad

Dataset

No Negative Pa

BYOL.: /. Grill, Bootstrap your own latent: A new approach to self-supervised Learning, NeurlPS 2020]

facehook Artiicialinteligence  SimSjame: [X. Chen and K. He, Exploring Simple Siamese Representation Learning, CVPR 2021]



A simple model

Objective:
| > L2 loss < )
Q Q Q Q | J(W Wp) = iEwlwa [HWp.fl — Stopgrad(.fZa)”g]
Predictor Stop-Gradie;—
"o
QOOOh f2a 0O O O (
| Linear online network W
| Onllne N / )/ Target
AT VA7 WANTTRNINN Linear target network W,
JEEEO6 JO0O0000 8 a
X1 X2

'ﬂ“e”tat‘on/' Linear predictor W,

X



E@) = Eqrp,.(fo) @]
L earning Dynamics X = El|zzT]
g y X/ — Ew [Vw,|m[$/]]

Lemma 1. BYOL learning dynamics following Egn. 1:
W, = ap, (W, W(X + X') + W.X)WT — W,
W =WI (-W,W(X + X') + W, X) —nW
Wa = B(=Wa + W)

ap Relative learning rate of the predictor
n Weight decay
IB The rate of Exponential Moving Average (EMA)
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Stop-Gradient do not work

Theorem 2: No Stop-Gradient doesn’t work (W — 0)

d
—veo(W)=— [X’@(WPTWP

I)

X®WPT Wp} vec(W)

PSD matrix

Here Wp = Wp — 1



AssumMptions

Assumption 1 (Isotropic Data and Augmentation): X = [ and X' = ¢?1

Assumption 2: the EMA weight W, (t) = T(t)W (t) is a linear function of W (t)

Normalized Correlation between W, and W (n=0.01)

Normalized Correlation between W, and W (n=0.0)
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Symmetrization of the dynamics

Assumption 3 (Symmetric predictor W, ): W, (t) = WpT (1)

Assymetric Measure

=
1A
1

E— Wpred

=
N
]

.
o
]

Wp becomes more and more
symmetric over training

e
o

STL-10 Training

Assymmetry Measure |W, — W, |/|W,|
©c o ©
N IS ()]

O
o

Epochs



The effect of Symmetrized Predictor W,

No predictor bias With predictor bias
H sym W, | regular W, sym W, | regular W,
One-layer linear predictor

EMA || 75.09 == 0.48 [74.51 4 0.47}| 74.52 = 0.29 [74.16 = 0.33
no EMA[{36.62 + 1.85(72.85 = 0.16([36.04 = 2.74(72.13 = 0.53
Two-layer predictor with BatchNorm and ReLU
EMA || 71.58 = 6.46 (78.85 4 0.25|| 77.64 4= 0.41 E8.53 + 0.34
no EMA|(35.59 & 2.10(65.98 = 0.71|(41.92 4 4.25/65.59 + 0.66

Symmetric W, affects the performance a lot!
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Symmetrized Dynamics

Define anti-commutator {4, B} := AB + BA:

Wy = —Z2(1+0*) Wy, F} +aprF —nW,
F = —(140*){W; F}+7{W,,F} —2nF

Here F == E[ffT] = wxw?T
is the correlation matrix of the input of the predictor.



Figenspace Alignment

Theorem 3: Under certain conditions,

FW, —W,F — 0 when t — +0o

and thus the eigenspace of W, and F gradually aligns.



Empirical Result says the same

STL-10 Training

Normalized correlation
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Eigenspace alignment
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Decoupled dynamics

When eigenspace aligns, the dynamics becomes decoupled:

pj = QpSj [T - (1 +02)Pj] — NID;
$; = 2pjs; [T — (1+0%)p;] —2ns;
Sj’f' — 5(1—7’)83'—’7'33'/2.

Where p; and s; are eigenvalues of W}, and F

Invariance holds: s;(t) = azjlp?(t) + e e,



State Space Dynamics (Phase Diagram)

No weight decay Weak weight decay Strong weight decay
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Why BYOL doesn’t collapse?

(b) 2

No Weight Decay Weak Weight Decay Strong Weight Decay
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Let A; = pi|t — (L + 0Dp;| — 7

The Benefit of Weight Decay

Eigenspace alignment condition

1
Aj < =[ap,(1+0%)s; + 1]

Eigenvalue p; of W, 2
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Relative learning rate of the predictor a,,

Positive ©
1. Large a,, shrinks the size of trivial basin
2. Relax the condition of eigenspace alignment
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facebook Artificial Intelligence Negative @ With very large a,, eigenvalue of F won’t grow (and no feature learning)



Exponential Moving Average rate 5
S large = W, (t) catches W (t) faster

Positive ©: Slower rate (small ) relaxes the condition of
eigenspace alignment

T needs to be small to satisfy the eigenspace alignment condition

o 3
p;T— (1 +0%)pj < 729(1 +0°)s; + 5

first order second order Sj ~ p]2 second order

Negative ®: Slower rate makes the training slow and expands the size of trivial basin



DirectPred

* Directly setting W), rather than relying on gradient descent update.

1. Estimate F = pF + (1 — p)E[ff"]
2. Eigen-decompose F = UALUT, Ar = diag [sy, S, ..., S4]
3. Set W, following the invariance:

pj = +/8; + €emaxs;, W, = (A]diag[pj](A]T

J

Guaranteed Eigenspace Alignment ©



Performance of DirectPred on STL-10/CIFAR-10

Downstream Classification Top-1

Number of epochs

100 | 300 500
STL-10
DirectPred 77.86 £0.16| 78.77 = 0.97 | 78.86 = 1.15
DirectPred (freq=5)|| 77.94 == 0.11 {79.90 - 0.66|80.28 + 0.62
SGD baseline 75.00 £0.52 | 75.25+£0.74 | 75.25 = 0.74
CIFAR-10

DirectPred 85.21 £0.23|88.88 =0.15| 89.52 - 0.04
DirectPred (freq=5)|| 84.93 4= 0.29 | 88.83 £ 0.10 |89.56 = 0.13
SGD baseline 84.49 + 0.20 | 88.57 = 0.15 | 89.33 £+ 0.27




Performance of DirectPred on ImageNet

ImageNet performance (60 epoch)

BYOL variants Topﬁccum?fop_ 5
2-layer predictor (default) 64.7 85.8
linear predictor 59.4 82.3

DirectPred 64.4 85.8

DirectPred using linear predictor is better than SGD with linear predictor,
and is comparable with 2-layer predictor.



Performance of DirectPred on ImageNet

ImageNet performance (300 epoch) BYOL
DirectPred
top1_acc topS_acc
tag: knn/top1_acc tag: knn/top5_acc
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Thanks!



