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Teacher-student complementary mask autoencoder for
self-supervised representation learning
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Abstract; To address the problem of mismatch between upstream and downstream tasks exhibited by masked image
modeling ( MIM ) methods in self-supervised representation learning, we proposed a novel pre-training model,
called teacher-student complementary masked autoencoder, or in other words, the TSCAE model. The TSCAE
model consists of two modules with complementary masked mechanisms, called teacher module and student
module, respectively. The teacher module was designed as a Transformer-based structure to predict the masked
region of an image (e. g., randomly masking 75% of the input image) , while the student module employed a sole
encoder to predict the remaining region of the same image (e. g., masking the remaining 25% of the input image ) .
Meanwhile, to attain a richer visual representation from a large number of unlabeled data, the TSCAE model
completed two kinds of upstream tasks, namely prediction and contrastive tasks. After that, the TSCAE model
achieved the pre-training on COCO and Tiny-ImageNet datasets. The results demonstrate that across three public
datasets including VOC and two private datasets, the proposed TSCAE model achieves better performance than the
classical masked autoencoder (MAE) methods on downstream tasks such as image classification, object detection,
and semantic segmentation. In particular, the TSCAE also alleviates the impact of the quality of the pre-training
images on the visual representation learning encoder to a certain extent.
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Fig. 1  Structural diagram of teacher-student complementary masked self-supervised pre-training model
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Fig.6  Fine-tuned accuracy and Loss curves of related models on Tiny-ImageNet and medical liver dataset

%1 HHFEMEEE Tiny-ImageNet HHEE FRUARN S X ETHE
Tab.1 Classification accuracy of related models fine-tuned on

Tiny-ImageNet dataset

(=R73 8 ETML  Epochs TINZGEIE  Top-1 Ace/%
Scratch ViT-B/16 — NO 55.2
UPANets — — NO 67.7
AutoMix  ResNetXt —50 — NO 70.7
SAMix ResNetXt -50  — NO 72.2
DINO ViT-B/8 400 Tiny-ImageNet 69.1
BEiT ViT-B/16 400 Tiny-ImageNet 64.1
MAE VIT-B/16 200  Tiny-ImageNet  62.6
MAE ViT-B/16 400 Tiny-ImageNet 64.3
MAE ViT-B/16 400 COCO 69.8
CAE ViT-B/16 400  Tiny-ImageNet  71.3
TSCAE ViT-B/16 200 Tiny-ImageNet 70.1
TSCAE ViT-B/16 400 Tiny-ImageNet 72.2
TSCAE ViT-B/16 400 COCO 75.1

2) BRI IR AR S
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H8:2, 5 Tiny-ImageNet |- % 52 56 I 355 — 2, [AI A
i Fi§ ViT-Base ( ViT-B/16 ) 1} T A 80 v ()8
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Fig.7 Some liver images from the medical liver dataset
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BER Z MY ZREE U T Lk 45 S plie 8, 1 BRI
PIMER R KRR T, 262 WA A BRI ERL A
iRl MO e st S N R [ R E B3
YLk VIT LRI IFEE b A% Top-1 MERTIZN 50. 3%
i TSCAE 76 5 3F 45 [ 308 5 19 Top-1 R K AE WS
ik#) 66.3% , b MAE &t 2.6 4~ EH 400, 3k Xt
o2 2] 7 ) DINO 5 2.3 AN E 4045
2 EXEBHEESFRHEE LHANS LERE

Tab.2  Classification accuracy of related models fine-tuned on

medical liver dataset

WEtiAl ETRM%  Epochs  Top-1 Ace/% Top-5 Ace/%
Scratch  ViT-B/16 — 50.3 95.4
DINO ViT-B/8 400 64.0 98.2
BeiT ViT-B/16 400 63.5 98.1
MAE ViT-B/16 400 63.7 98.2
CAE ViT-B/16 400 65.5 98.2
TSCAE  ViT-B/16 400 66.3 98.1
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Fig.8 Selected images from water target dataset
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Fig.9 Detection visualization of pre-training model of TSCAE fine-tuned on water target dataset
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Tab.3 Comparison of experimental results of related models fine-tuned in terms of target detection on PASCAL VOC

. . . VOC 2007/% K & Ed5/%
RGN R F TR Epochs SRR €i
AP APs APs AP APs, AP;s
DINO ViT-B/8 400 €OCo 60. 4 82.0 67.4 46.7 75.3 48.1
MAE ViT-B/16 400 €OCO 60.6 82.1 67.6 46.8 75.7 48.6
TSCAE ViT-B/16 400 €OCo 61.2 83.5 68.2 47.9 77.2 49.2
70 7 ; i ; 45 4 ; ; i
——TSCAE | ! ——TSCAE i !
—DINO . .
351 : ; §
e £ 301 | |
3 = S
= g 251 | |
201 E
15 4
10 . ! ;
30 60 90
Epoch Epoch
(a) VOC 2007 (b) ADE20K

10 HEXEEZE VOC 2007 71 ADE20K _E 58 i )il 25 fh &
Fig. 10 Training curves of related models fine-tuned on VOC 2007 and ADE20K

Image Epoch 0 Epoch 30 Epoch 100 Label

11 Fijll 43 TSCAE £ ADE20K _EfiA#iE X 5 BRI A4
Fig. 11 Semantic segmentation visualization of pre-training model TSCAE fine-tuned on ADE20K
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Tab.4 Comparison of experimental results of related models fine-

tuning in terms of semantic segmentation on ADE20K

BHERE ETMY  Epochs  BUNZEHE  mloU/%
DINO ViT-B/8 400 €0Co 38.1
MAE ViT-B/16 400 €oCo 38.2

TSCAFE ViT-B/16 400 €oCo 39.3
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Fig. 12 Attention maps when using the classfication tokens as queries for different heads in final layer
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Tab.5 Comparison of experimental results of several masking methods
YIRS F M4  Epochs Tiny-ImageNet Top-1 Acc/% JHEWEEHE Top-1 Ace/% VOC 2007 mAP/%  ADE20K mloU/%
(c) RS ITYE VIT-B/16 400 66.0 60.5 54.1 33.9
(b) )5 ViT-B/16 400 70. 1 64.6 58.4 38.3
(a) HAMERS 7L VIT-B/16 400 71.8 65.8 59.6 39.1
F6 NHEARERKEEAILILERITEE
Tab.6 Comparison of experimental results of different loss functions
EENE FEFM4  Epochs Tiny-ImageNet Top-1 Acc/% JENERCHE Top-1 Ace/% VOC 2007 mAP/%  ADE20K mloU/%
€+, +€, ViT-B/16 400 72.2 66.3 61.2 39.3
€, ViT-B/16 400 64.0 63.1 57.1 36.2
€, +¢, ViT-B/16 400 71.8 65.8 59.6 39.1
€ +¢, ViT-B/16 400 66. 1 64.5 57.6 36.9
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Tab.7 Comparison of experimental results of related models pre-trained on different datasets

AR A FET M TR E 5 Tiny-ImageNet Top-1 Acc/% VOC 2007 mAP/% ADE20K mloU/%
MAE ViT-B/16 COCO 69.8( 15.5) 60.6( 17.1) 38.2(15.3)
MAE ViT-B/16 Tiny-TmageNet 64.3 53.5 32.9

TSCAE ViT-B/16 €OCO 75.1( 12.9) 61.2( 14.4) 39.3( 12.8)
TSCAE ViT-B/16 Tiny-ImageNet 72.2 56.8 36.5
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