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I Contrastive Learning

» Contrastive Learning Framework » Contrastive Loss:

« A stochastic data augmentation
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I Contrastive Learning

« MoCo (CVPR2020)

o Momentum encoder
o W/O large batch size
o Dynamic queue
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I Background

« SIMCLR (ICML20)

o Large batch size
o MLP projector
o Strong data augment

« BYOL

o Predictor + Stop grad
o W/O negative pairs
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I Motivation

« Existing techniques requires:

o very large size of batches
o asymmetric mechanism
o momentum encoders

o stop gradients

« Barlow Twins:

o works in the small batch size

o save the complex skills of existing methods
o works well in higher dimensional embedding
o competitive with SOTA models



I Method

« The architecture
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I Method
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Method

The architecture
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« Cross-correlation matrix
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« The proposed loss function
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I Experiment

» Linear and Semi-Supervised Evaluations on ImageNet

Table 1. Top-1 and top-5 accuracies (in % ) under linear evalu- Table 2. Semi-supervised learning on ImageNet using 1% and
ation on ImageNet. All models use a ResNet-30 encoder. Top-3 108 training examples. Results for the supervised method are
best self-supervised methods are underlined. from (Zhai et al., 2019). Best results are in bold.
Method Top-1  Top-5 Method Top-1 Top-5
Supervised 76 1% 10% 1% 10%
MoCo 60.6 _ 5
PIRL 63.6 ) Supervised 254 564 484 804
SIMCLR 69.3  89.0 PIRL } i} 577 R®38
Hoo Y o SIMCLR 483 656 755 818
SWAV (w/o mul ti-crop) ?ILE ] BYOL 5332 688 T84 80.0
SWAV 753 BARLOW TWINS (ours) 350 69.7 792 89.3

BARLOW TWINS (ours) 73.2 01.0




I Experiment

> Transfer to other datasets and tasks

Table 3. Transfer learning: image classification. We benchmark
learned representations on the image classification task by training
linear classifiers on fixed features. We report top-1 accuracy on

Places-205 and iNat1 8 datasets, and classification mAP on VOCO7.

Top-3 best self-supervised methods are underlined.

Method Places-205 VOCOT7 iNatl8
Supervised 53.2 87.5 46.7
SimCLR 52.5 83.5 37.2
MoCo-v2 51.8 86.4 38.6
SwAY (w/o multi-crop) 52.8 86.4 39.5
SwAV 56.7 88.9 48.6
BYOL 54.0 86.6 47.6

BARLOW TWINS (ours) 341 86.2 46.5

Table 4. Transfer learning: object detection and instance seg-
mentation. We benchmark learned representations on the object
detection task on VOCO7+12 using Faster R-CNN (Ren et al.,
2015) and on the detection and instance segmentation task on
COCO using Mask R-CNN (He et al., 2017). All methods use the
C4 backbone variant (Wu et al., 2019) and models on COCO are
finetuned using the 1= schedule. Best results are in bold.

Method WOCOT+12 det OO0 det OO instance e
AP, AP,y AP, APP® Apbb apbb gpmk ppmk  p pomk
Sup. 535 B1.3 ABE 3R2 5B2 41.2 333 37T 352

MoCo-v2 574 B15 640 393 589 425 M4 558 365
SwAV 56.1 B26 627 384 586 413 338 352 359
SimSiam 57 B24 637 302 593 421 M4 560 367
BT jours) 568 8.6 634 392 3590 425 343 560 365




I Ablations

» Loss Function Ablation

Table 5. Loss function explorations. We ablate the invariance
and redundancy terms in our proposed loss and observe that both
terms are necessary for good performance. We also experiment
with different normalization schemes and a cross-entropy loss and

observe reduced performance.

Loss function Top-1  Top-5
Baseline 71.4  90.2
Only invariance term (on-diag term)  57.3 80.5
Only red. red. term (off-diag term) 0.1 0.5
Normalization along feature dim. 69.8 88.8
No BN in MLP 71.2 89.7
No BN in MLP + no Normalization ~ 53.4 76.7
85.7

Cross-entropy with\temp. 63.3
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“igure 5. Sensitivity of BARLOW TWINS to the hyperparameter A



I Experiments

> Robustness to Batch Size
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Figure 2. Effect of batch size. To compare the effect of the batch
size across methods, for each method we report the difference
between the top-1 accuracy at a given batch size and the best ob-
tained accuracy among all batch size tested. BYOL: best accuracy
1s 72.5% for a batch size of 4096 (data from (Grill et al., 2020)
fig. 3A). SIMCLR: best accuracy is 67.1% for a batch size of
4096 (data from (Chen et al., 2020a) fig. 9, model trained for 300
epochs). BARLOW TWINS: best accuracy is 71.7% for a batch size

of 1024.
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» Projector Network Depth&Width
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Figure 4. Effect of the dimensionality of the last layer of the pro-
jector network on performance. The parameter A is kept fix for
all dimensionalities tested. Data for SIMCLR 1s from (Chen et al.,
2020a) fig 8; Data for BYOL is from (Grill et al., 2020) Table 14b.



I Ablations

> Breaking Symmetry

Table 6. Effect of asymmetric settings

case stop-gradient  predictor Top-1  Top-5
Baseline - - 714  90.2
(a) v - 705  89.0
(b) - v 70.2  89.0
() v v 61.3  83.5
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