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I Motivation

» Most existing self-supervised learning methods are trained only on
Instance-level pretext tasks, leading to representations that may be sub-
optimal for downstream task requiring dense pixel predictions.

» How to perform self-supervised representation learning at the pixel level is
a problem that until now has been relatively unexplored.



I Background

» The SimCLR contrastive Learning Framework

« A stochastic data augmentation module
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« A neural network base encoder f(.)

« A small neural network projection head g(.)

« A contrastive loss function L
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I Method
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Figure 2. Architecture of the PixContrast and PixPro methods.
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| PixPro
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Figure 3. [llustration of the pixel propagation module (PPM). The
input and output resolutions of each computation block are in-
cluded.
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I Experiment

Method # Epoch Pascal VOC (R50-C4) COCO (R50-FPN) COCO (R50-C4) Cityscapes (R50)
. AP Apj[] APT_-:, mAP Apj{} Ap?j mAP Apjg Ap?j mloU
scratch - 33.8 60.2 33.1 328 510 353 | 264 440 278 65.3
supervised 100 53.5 813 58.8 307 595 433 | 38.2 582 41.2 74.6
MoCo | 1Y] 200 559 8I1.5 62.6 394 59,1 430 | 38.5 583 416 75.3
SimCLR [Y] 1000 56.3 81.9 62.5 308 595 436 | 384 583 416 75.8
MoCo v2 [10] 800 57.6 82.7 64.4 404 60.1 443 | 39.5 590 426 76.2
InfoMin [55] 200 57.6 827 64.6 406 606 446 | 39.0 585 420 75.6
InfoMin [ 5] 800 57.5 825 64.0 404 604 443 | 38.8 582 41.7 75.6
PixPro (ours) 100 58.8  83.0 66.5 413 61.3 454 | 40.0 593 434 76.8
PixPro [oursb 400 60.2 83.8 67.7 414 616 454 | 40.5 598 4490 77.2

Table 1. Comparing the proposed pixel-level pre-training method, PixPro, to previous supervised/unsupervised pre-training methods. For
Pascal VOC object detection, a Faster R-CNN (R50-C4) detector is adopted for all methods. For COCO object detection, a Mask R-CNN
detector (R50-FPN and R50-C4) with 1 x setting is adopted for all methods. For Cityscapes semantic segmentation, an FCN method (R50)
is used. Only a pixel-level pretext task is involved in PixPro pre-training. For Pascal VOC (R50-C4), COCO (R50-C4) and Cityscapes
(R50), a regular backbone network of R50 with output feature map of C5 is adopted for PixPro pre-training. For COCO (R50-FPN), an
FPN network with P;-Fj feature maps is used. Note that InfoMin [25] reports results for only its 200 epoch model, so we reproduce it
with longer training lengths, where saturation is observed.



I Experiment

Pascal VOC COCO
AP APsy5 AP;5| mAP
0.11547 799 61.2| 38.0
0.2157.1 81.7 63.3| 38.6
0.3]58.1 82.4 64.5| 38.8

method PPM | T

pixContras
oSt 1527 78.8 57.6 | 374
s 1020530 79.1 s58.1| 373

v |03]529 788 583 375

- 58.0 82.6 65.6| 397

v | - |538.8 83.0 66.5| 40.8

Table 3. Comparison of the PixContrast and PixPro methods. 100
epoch pre-training is adopted for all experiments.



I Experiment

PixPro | SimCLR* | VOC | COCO | ImageNet
(pixel) | (instance) | AP | mAP | top-1 acc
v 58.8 | 40.8 33.1

v 53.4 | 40.5 65.4
v v 58.7 | 40.9 66.3

Table 4. Transter performance of combining a pixel-level and an
instance-level method. “SimCLR*” denotes a variant of SimCLR
with the same encoders as our pixel-level approach. 100 epoch
pre-training 1s adopted for all experiments.
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