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Self-supervised learning

e Random initialization vs. Pre-training
e Target of self-supervision - learning transferable features
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General Contrastive learning M
e Proxy task - Instance discrimination embeddings
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Conceptual comparison of three mechanisms
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MoCo solution

e Encodes the keys on-the-fly
e Maintains the queue of keys
e Key encoder update:
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Comparison on ImageNet

e Pretext task: Instance Discrimination
e Computation: 8 x 32GB GPU

accuracy (%)

mechanism  batch  memory /GPU  time / 200-ep.

MoCo 256 5.0G 53 hrs
end-to-end 256 7.4G 65 hrs
end-to-end 4096 93.0GT n/a

Table 3. Memory and time cost in 8 V100 16G GPUs
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Shuffling Batch Normalization

BN leaks intra-batch information, where positive key is

[
e Solution: Shuffle batch for key encoder forward pass
Proxy task accuracy - BN ablation
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MoCo Results

Self-supervised methods on ImageNet
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o ImageNet pretraining
o |G-1B

o Instagram: 1 billion images

pre-train APsg AP AP7s5
random init. 60.2 338 33.1
super. IN-1M 81.3 53.5 58.8
MoCo IN-IM 81.5 (+0.2) 55.9 (+24) 62.6 (+3.8)
MoCo IG-1B 82.2 (+0.9) 57.2 (+3.7) 63.7 (+4.9)

(b) Faster R-CNN, R50-C4
Table 2. Object detection fine-tuned on PASCAL VOC




Different task results

MoCo can outperform ImageNet
supervised pre-training in 7 vision
tasks
MoCo in IG-1B setup is consistently
better than IN-1M
o Perform well of large-scale and
uncurated dataset
o Real-world unsupervised learni
setup

COCO keypoint detection

pre-train APkp AP?S AP];;’
random init. 65.9 86.5 71.7
super. IN-1M 65.8 86.9 71.9
MoCo IN-IM | 66.8 (+1.0) 87.4 (+0.5) 72.5 (+0.6)
MoCo IG-1B | 669 (+1.1) 87.8 (+0.9) 73.0 (+1.1) ]
COCO dense pose estimation
pre-train AP% AP;‘B AP‘;?
random init. 39.4 78.5 35.1
super. IN-1M 48.3 85.6 50.6
MoCo IN-IM [ 50.1 (+1.8) 86.8 (+1.2) 53.9 (+3.3)
MoCo IG-1B | 50.6 (+2.3) 87.0 (+1.4) 54.3 ( }.7]
LVIS v0.5 instance segmentation
pre-train AP™mK AP'\.‘EJk AP'7“5k
random init. 22.5 34.8 23.8
super. IN-IMT | 244 37.8 25.8
MoCo IN-1M 24.1 (—0.3) 37.4(—0.4) 25.5(—-0.3)
ng MoCo IG-1B [ 249 (105  382(+04) 264 (+0.6) |
Cityscapes instance seg. Semantic seg. (mloU)
pre-train AP™K APg’;}" Cityscapes vOC
random init. 254 511 65.3 39.5
super. IN-1IM | 329 59.6 74.6 74.4
MoCo IN-IM [ 323 (—0.6) 59.3 (—0.3)) 75.3 (+0.7)[72.5 (—1.9) l
MoCo IG-1B | 329( 0.0)0 60.3 (+0.7)) 75.5(+0.9)173.6 (—0.8)

Table 6: MoCo vs. ImageNet supervised pre-training, fine-tuned on various tasks




MoCo v2

e Improved Baselines with Momentum
Contrastive Learning

e Combining approach from SimCLR
o Addition of MLP (projection head)
o heavy data augmentation

Backbone >  |—>'Dense Relu Dense
Encoder
z-Dim
Projection Head
128 Dim a()

() Rotate {90°, 180°,270°}

N

(b) Crop and resize  (c) Crop, resize (and flip) (d) Color distort. (drop) (e) Color distort. (jitter)

Y

(g) Cutout (h) Gaussian noise (i) Gaussian blur (j) Sobel filtering
unsup. pre-train ImageNet
case MLP aug+ cos epochs batch acc.
MoCo vl [6] 200 256 | [_60.6 |
SimCLR [2] v v v 200 256 61.9
SimCLR [2] v v v 200 8192 66.6
MoCo v2 v v v 200 256 | [ 67.5 |
results of longer unsupervised training follow:
SimCLR [2] v v v 1000 4096 69.3
MoCo v2 ¥ TN 800 256

Table 2. MoCo vs. SimCLR: ImageNet linear classifier accuracy



Hard Negative Mixing for Contrastive Learning
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Synthesizing of Hard negatives

e Positive query features q, negative features n
e Convex linear combinations of pairs of its “hardest” existing negatives
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MoCHi Experiments

e Training a ResNet-50 model on ImageNet Method | Topl % (o) _diff (%)
. MoCo [30] 73.4
using 4x V100 GPU take about 6-7 days MoCo + iMix [56] 74.2} 108
) ) ) CMC [64] 75.7
e Consistent gains over the MoCo-v2 baseline  cmc+imix [56] 75.91 102
MoCo [30]* 74.0
MoCo-v2 [13]* 78.0 (£0.2)
. +MoCHi (1024, 1024, 128) | 79.0 (0.4) 1.0
Synthesised from query +MoCHi (1024, 256, 512) | 79.0 (+0.4) 1.0
g/ +MoCHi (1024, 128, 256) | 78.9 (0.5) 10.9
‘ 0 l 28 256 5 1 2 Using Class Oracle
S MoCo-v2* 81.8
T MoCHi (1024, 1024, 128) | 82.5
0 00 ﬂ] +09 Supervi.;d (%ros; Entropy) 86.2

128 |EE +1.1

Hard negatives 954 Table 1: Results on ImageNet-100 after training

for 200 epochs. The bottom section reports results

312 8 ‘ | when using a class oracle (see Section 3.3). * de-
1024 [N +1.0 [FEE notes reproduced results, * denotes results visually

extracted from Figure 4 in [56]. The parameters of
(b) Accuracy gains over MoCo-v2 when N = 1024. MoCHi are (N, s, s").



Different task results

IN-1k VOC 2007
Ncthod Topl | APs AP APy
100 epoch training
MoCo-v2 [13]* 63.6 80.8 (+0.2) 53.7 (+£0.2) 59.1 (+0.3)
+ MoCHi (256, 512, 0) 63.9 81.1 (£0.1)(70.4) 543 (£0.3) (70.7) 60.2 (+0.1)(71.2)
+ MoCHi (256, 512, 256) 63.7 | 81.3 (£0.1) (10.6)] 54.6 (+0.3) (11.0) 60.7 (+0.8) (T1.7)

+ MoCHi (128, 1024, 512) 63.4 81.1 (=0.1) (10.4) [ 54.7 (=0.3) ("1.1) ][ 60.9 (0.1) (T1.9) |
200 epoch training
S
MoCo-v2 [13]* 67.9 82.5 (£0.2) 56.8 (+0.1) 63.3 (+0.4)
+ MoCHi (1024, 512, 256) 68.0 82.3 (£0.2) (L0.2) 56.7 (£0.2) (JO.1) 63.8(£0.2)(10.5)
+ MoCHi (512, 1024, 512) 67.6 82.7 (£0.1) (70.2)  57.1(%0.1) (70.3) 64.1 (%0.3) (10.8)
+ MoCHi (256, 512, 0) 67.7 ||(82.8 (0.2)(10.3) | 57.3 (x0.2) (10.5) 64.1 (=0.1) (10.8)
+ MoCHi (256, 512, 256) 67.6 82.6 (=0.2) (10.1) 57.2(%0.3) (10.4) 64.2(x0.5)(10.9)
+ MoCHi (256, 2048, 2048) 67.0 825 (x=0.1)(0.0) 57.1(x0.2)(10.3) 644 (+0.2) (7LD
+ MoCHi (128, 1024, 512) 66.9 82.7 (£0.2) (10.2) 57.5(%0.3) (10.7) 64.4(=0.4)(T1.D)
Supervised [30] | 76.1 | 81.3 535 58.8




MoCo and MoCHi Comparison

MoCHi does not show performance gains over MoCo-v2 for linear
classification on ImageNet-1K
Model learn faster with MoCHi and achieves performance gains over

MoCo-v2 for transfer learning
o In 200 epochs MoCHi can achieve performance similar to MoCo-v2 after 800 epochs on
PASCAL VOC

Performance gains of MoCHi are consistent across multiple configurations
Both methods outperforms its supervised pre-training counterpart in 7
detection/segmentation tasks



Summary and conclusion

|ldentified the need for harder negatives

Provides more generalizable feature representations

Considerable gains without extensive hyperparameters searches

These approaches can be implemented on top of any contrastive learning
loss that involves a set of negatives

e Highly computationally demanding

e Rethinking ImageNet pre-training: K. He, et al.
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