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Abstract

This material includes additional experimental results
and architecture details of the Self-supervised knowledge
transfer (SSKT). For PyTorch implementation, please refer
to the following link'.

1. SSKT with Multiple Tasks and Different
Problem Domains

Self-supervised knowledge transfer (SSKT) supports a
training procedure that enables effective transfer learning
in a variety of scenarios using deep neural networks. SSKT
has a structure that transfers pretrained knoweldge naturally,
without compromising the training information of the pre-
trained network or requiring additional supervision in the
target task training process. We achieved this goal using the
soft label-based knowledge transfer techniques with auxil-
iary learning through self-supervision, for the various do-
main of image recognition variants. Final formulation of
the SSKT as follows:

argmin (L(hf”m (z4;0¢.Dy, Ty), yfclm)
0 7

Fa(L(h* (fo, (2); 00-Dr, Ts, ), y51')
HL(R (fon (22); 00-D, T, )y, 5) + -

FLE (foy, (2:): 00D, Ty, ), ) ). (1)

We define a multi-task network h;(x; 0, Dy, T}), where x
is the input, 6, is a parameter of the target network, D; is
a target dataset, and 73 is the task to be trained. 6, is up-
dated simultaneously through target loss and auxiliary loss
during training to solve the primary task. hs(z; 605, Dg, T%)
denotes a source network that receives the input = and de-
livers knowledge to the target network. 6, denotes a pa-
rameter trained by the source task 7 for the source data
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set D,. 0, is not updated during the target task training. 4
is the i'" batch of the training data, « is balanced parame-
ter for total loss, and y¢4* = hs (4305, Ds, Ty) is the soft-
max output from the pretrained source network and conveys
the dark knowledge of the pretrained dataset by soft labels.
The data transformation function fs converts the data type
to match the source task to infer the recognition informa-
tion to the task of the source domain. For example, if T}
is an action recognition problem using 3D-CNN, the in-
put 2>*">*d ¢ D, is defined as a three-dimensional tensor.
In this case, if a pretrained network for transfer learning
is obtained through the image recognition problem 7 us-
ing 2D-CNN, f, : xw>xPxd 5 gwxh should be defined as
a function that maps a three-dimensional tensor to a two-
dimensional matrix into which h, can be input. Up to M
number of different type of transformation functions could
be defined. Algorithm1 describes how the SSKT works de-
pending on each transfer learning scenario.

Transfer Modules Depending on CNN Architecture. To
encourage predicting y¢%* by h;, we design bottleneck
structure based transfer module supporting auxiliary task
using feature output from each convolutional block. Fig-
ure 1 shows configuration of transfer modules depending
on each CNN architecture for its problem domain. We ap-
plied the transfer module to four different CNN architec-
tures such as ResNet [5], DenseNet [6], MobileNet [10],

and 3D-ResNet [4] for each problem domain.

2. Additaional Experiments Results

We provide performance for all experimental configural-
tions for each dataset, in addition to the results contained in
the main manuscript. For fair comparison of SSKT, the con-
figurations consist of a combination of the type of source
and target network, the presence or absence of a transfer
module, and a loss function. For model architecture and hy-
perparameters setting for training (See Table 1 of the main
manuscript). Same as the experiment results of the main
manuscript, the datasets of the source task are ImageNet [2]
and Places365 [13], and the datasets of the target task are
CIFAR10/100 [7], STL10 [1], ImageNet, Places365, PAS-



Algorithm 1: The SSKT algorithm

Input : Target Network(6;), Source Network(f,),
Dataset(D; ,), Task (1} ), Transfer Module (T'M)

Initialization : Learning rate=c, j = 0

while convergence do

else if SSKT with Single Source then

Update

041 4 ,

0; — Vo, (L(hY™™ (m(i); 0e.De, Te), y, 5y ) +

L(TM(hg““”(x(i); 0:.D:, Ts), y?;ff))))

else if SSKT with Multiple Sources then

Update

Oj+1 <+

0; — aVo, (LW ™ (2(); 0e.Dr, Tr), yf,5") +

St L(TM (RS2 (23 0e-Dr, T ), yloee 1))

else if SSKT with Single Source with Different

Problem Domains then

Update

Oi+1 ) ,

0; — aVo, (L(R™™ (@3 00D, T2), UEr") +

L(TM(h3™* (fs(xi)); 00-Ds, Ts), y(53)))

else if SSKT with Multiple Sources with

Different Problem Domains then

Update

Oj+1 < ) )

0; — Ve, (L(h{"™ (2 (i); 0+-De, Te), y(y 4y ) +

S L(TM (W (fs(2i)); 00-Di, T, ), 3 1))

end

CAL VOC [3], UCF101 [12], and HMDBS51 [8]. Tables
1 to 6 provide performance according to the experimen-
tal conditions of each dataset. Figure 2 shows the perfor-
mance changes for the STL10 and PASCAL VOC datasets
depending on hyperparameters, the structure of the source
and target network, and the presence or absence of a trans-
fer module. The abbreviations for the datasets and model
architectures listed in all experimental tables are as follows:

Datasets: ImageNet (I), Places365 (P), CIFAR10 (C10),
CIFAR100 (C100), STL10 (S10), PASCAL VOC (VOC),
UCF101 (U101), and HMDB51 (H51).

Model architectures: ResNet (R), DenseNet (D), Mo-
bileNetV2 (MV2), and 3D-ResNet (3DR).

Finally, we included the experimental results according
to the training setting for further analysis of the SSKT. Ta-
ble 7 shows the all the combination of comparison results
for DenseNet121 and MoblieNetV2, and Table 8 shows
the evaluations for each experimental setting with finetun-
ing scenario. Table 9 shows the performance comparison
with MAXL [9] which is the state-of-the-art self-supervised
learning based on auxiliary learning.

Table 1. Performance change according to the configuration of the
SSKT for CIFAR10 dataset compared to the training from scratch.
All experiments evaluated test performance 3 times from the same
random seed for the model. TM stands for Transfer Module and
R[depth] stands for ResNet structure. The best performance of
each network architecture highlighted in bold.

T, T, | Model | Method | TM Loss acc.
- C10 | R20 scratch - CE 92.1940.09
P R20 SSKT X CE+CE | 92.21+0.06
R20 SSKT x | CE+KD | 92.2440.14
R20 SSKT 0 CE+CE | 92.234+0.04
R20 SSKT o | CE+KD | 92.2540.04
I R20 SSKT X CE+CE | 92.2840.07
R20 SSKT x | CE+KD | 92.3440.07
R20 SSKT 0 CE+CE | 92.44+0.05
R20 SSKT o | CE+KD | 92.2940.0
P+I R20 SSKT X CE+CE 91.940.1
R20 SSKT x | CE+KD | 92.46+0.15
R20 SSKT 0 CE+CE | 92.4240.07
R20 SSKT o | CE+KD | 92.2240.17
- R32 scratch - CE 93.214+0.09
P R32 SSKT X CE+CE | 92.774+0.14
R32 SSKT x | CE+KD | 92.8740.31
R32 SSKT 0 CE+CE | 92.654+0.26
R32 SSKT o | CE+KD | 92.5940.22
I R32 SSKT X CE+CE | 93.26+0.08
R32 SSKT x | CE+KD | 92.7840.2
R32 SSKT 0 CE+CE | 93.2540.12
R32 SSKT o | CE+KD | 92.884+0.07
P+I R32 SSKT X CE+CE | 92.88+0.15
R32 SSKT x | CE+KD | 93.0740.09
R32 SSKT 0 CE+CE | 93.38+0.02
R32 SSKT o | CE+KD | 93.1+0.22
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(a) Transfer module in DenseNet (b) Transfer module in 3D-ResNet

Figure 1. Schematic of the transfer modules for efficient SSKT with different CNN architectures. The transfer module used in the
SSKT consists of summation of feature output of bottleneck layers from each convolutional block. Schematic shows and example of the
transfer module with different CNN architectures for SSKT using multiple sources.
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Figure 2. Parameter optimization of SSKT. The title of each graph is composed of D, (target model, T, auxiliary loss). 71 is the
temparture parameter of each auxiliary loss, and « is the balance parameter of the total loss.
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Table 2. Performance change according to the configuration of
the SSKT for CIFAR100 dataset compared to the training from

scratch.
T, T; Model | Method | TM Loss acc.
- C100 | R20 scratch - CE 68.264+0.36
P R20 SSKT X CE+CE | 67.654+0.21
R20 SSKT X CE+KD | 68.014+0.42
R20 SSKT 0 CE+CE | 67.9640.27
R20 SSKT 0 CE+KD | 67.834+0.34
1 R20 SSKT X CE+CE | 68.3+0.17
R20 SSKT X CE+KD | 68.37+0.23
R20 SSKT [ CE+CE | 68.631+0.12
R20 SSKT [ CE+KD | 68.35+0.1
P+1 R20 | SSKT | x | CE+CE | 67.87£0.17 , .
R20 SSKT x | CE+KD | 68.1340.05 Table 4. Performance change according to the configuration of the
R20 SSKT o CE+CE | 68.56+0.23 SSKT for ImageNet and Places365 compared to the training from
R20 SSKT 0 CE+KD | 67.84+0.28 scratch.
- R32 | scratch - CE 70332019 T, | T: | Model | Method | TM Loss acc.
P R32 | SSKT | x | CE+CE | 69.97£0.16 - | P | RI8 | scratch | - CE |50.92
R32 SSKT X CE+KD | 69.9340.21 P R18 SSKT X CE+CE | 54.41
R32 SSKT ) CE+CE | 69.6940.19 R18 SSKT X CE+KD | 5342
R32 SSKT o CE+KD | 69.924+0.31 R18 SSKT o CE+CE 54.5
I K3 | SSKT | & | CEAKD | 70.1720.14 RIS | SSKT | o | CE+KD | 54.11
X . N
R32 SSKT [ CE+CE | 70.754+0.06 I RI8 SSKT X CE+CE | 5347
R32 | SSKT | o | CE+KD | 70.040.11 RI18 | SSKT | x | CE+KD | 53.51
P+I R32 | SSKT | x | CE+CE | 69.25+0.58 R18 SSKT o | CE+CE | 53.67
R32 SSKT X CE+KD | 69.22+0.43 R18 SSKT o CE+KD | 53.44
R32 SSKT o CE+CE | 70.94+0.36 P+I R18 SSKT X CE+CE | 54.78
R32 SSKT 0 CE+KD | 69.4440.01 RI18 SSKT X CE+KD 54.5
Table 3. Performance change according to the configuration of the R18 SSKT ° CE+CE | 54.62
SSKT for STL10 dataset compared to the training from scratch. RI8 SSKT o CE+KD | 54.5
T, T, Model | Method | TM | Loss acc. - I R18 scratch - CE 64.14
- | STLI0 | R20 | scratch | - CE | 81.1510.34 P RIS SSKT X | CE+CE | 64.18
P R;g ngT X SE+CE §§,§§igf§ R18 | SSKT | x | CE+KD | 64.21
R KT X E+KD .88+0.
R20 SSKT o CE+CE | 82.76+0.05 RI8 SSKT 0 CE+CE | 64.99
R20 | SSKT | o | CE+KD | 81.0640.2 R18 | SSKT | o | CE+KD | 63.53
I R20 | SSKT | x | CE+CE | 82.2+0.17 I R18 SSKT x | CE+CE | 67.79
R20 SSKT X CE+KD | 80.82+0.14 R18 SSKT X CE+KD 66.0
R20 SSKT o CE+CE | 83.454+0.07
R20 | SSKT | o | CE+KD | 81.3+0.39 R18 | SSKT | o | CE+CE | 67.46
P+ R20 | SSKT | x | CE+CE | 82464024 RI8 | SSKT | o | CE+KD | 65.65
R20 SSKT X CE+KD | 81.474+0.22 P+I R18 SSKT X CE+CE | 70.57
R20 SSKT o CE+CE | 84.56+0.35 R18 SSKT X CE+KD | 67.42
R0 | ST | o |CBAD | 81301 RIS | SSKT | o | CE+CE | 6764
- scratc - . .
P R32 | SSKT | x | CE+CE | 82.1+0.14 RIS SSKT o | CE+KD | 66.81
R32 SSKT X CE+KD | 81.2940.22
R32 SSKT 0 CE+CE | 83.064+0.27
R32 SSKT o CE+KD | 81.1940.12
1 R32 SSKT X CE+CE | 82.884+0.33
R32 SSKT X CE+KD | 81.44+0.23
R32 SSKT o CE+CE | 83.68+0.28
R32 SSKT o CE+KD | 81.76+0.18
P+I R32 SSKT X CE+CE | 82.3940.15
R32 SSKT X CE+KD | 79.8+0.47
R32 SSKT 0 CE+CE 83.4+0.2
R32 SSKT o CE+KD | 80.05+1.06




Table 5. Performance change according to the configuration of the
SSKT for PASCAL VOC compared to the training from scratch.

T T: Model | Method | TM Loss acc.
- | VOC | RIS | scratch | - BCE | 67.2840.25
P Eig §§I§$ i BBSEIIEE gg;gig?z Table 6. Performance change according to the configuration of the
RIS SSKT o BCE+CE | 74.76+0.17 SSKThfor UCF101 and HMDBS51 compared to the training from
R18 | SSKT | o | BCE+KD | 69.940.18 scrateh.
I RI8 | SSKT | x | BCE+CE | 74.78:£0.09 Ts | Ti | Model | Method | TM | Loss | acc.
RI18 SSKT X BCE+KD 69.9+0.35 - U101 3DR18 scratch - CE 43.28
RI8 | SSKT | o | BCE+CE | 74.5840.11 P 3DRI18 | SSKT x | CE+CE | 44.1
R18 | SSKT | o | BCE+KD | 69.95+0.19 3DR18 | SSKT x | CE+KD | 44.79
P+1 R18 | SSKT | x | BCE+CE | 76.33£0.0 3DR18 | SSKT o | CE+CE | 45.35
R18 SSKT x | BCE+KD | 69.744+0.17 3DR18 | SSKT ) CE+KD | 43.95
R18 SSKT 0 BCE+CE | 76.42+0.06 1 3DR18 SSKT X CE+CE | 46.62
R18 | SSKT | o | BCE+KD | 69.89-+0.13 3DRIS | SSKT « | CE+KD | 4035
; Ko SSKT T+ BOE | BB 3DRIS | SSKT | o | CE+CE | 44.26
X + : : 3DR18 | SSKT | o | CE+KD | 38.95
R34 | SSKT | x | BCE+KD | 69.93+0.03
R34 | SSKT | o | BCE+CE | 75.65+0.12 P+ 3DRI8 | SSKT | x | CE+CE | 52.19
R34 | SSKT | o | BCE+KD | 69.51+0.13 3DRI8 | SSKT | x | CE+KD | 43.68
T R34 | SSKT | x | BCE+CE | 742540.12 3DR18 | SSKT | o | CE+CE | 47.09
R34 | SSKT | x | BCE+KD | 70.05+0.14 3DRI8 | SSKT o | CE+KD | 45.0
R34 | SSKT | o | BCE+CE | 75.14+0.14 - H51 | 3DR18 | scratch | - CE 17.14
R34 SSKT [} BCE+KD | 70.18+0.11 P 3DR18 SSKT X CE+CE 18.18
PR [ RS [ BOE [ SDRIS | SSKT | x| CEAKD | 173
R34 | SSKT 3 BCE+CE | 77.024:0.02 3DRI8 | SSKT o | CE+CE | 18.77
R34 | SSKT | o | BCE+KD | 70.580.35 3DRI8 | SSKT | o | CE+KD | 17.59
- R50 | scratch | - BCE | 61.16+0.34 I 3DRI8 | SSKT | x | CE+CE | 18.64
p R50 | SSKT | x | BCE+CE | 63.29+1.43 3DRI8 | SSKT | x | CE+KD | 18.12
R50 | SSKT | x | BCE+KD | 65.540.2 3DRI8 | SSKT | o | CE+CE | 1838
R50 | SSKT | o | BCE+CE | 74.44+0.06 3DR18 | SSKT o | CE+KD | 18.77
R50 | SSKT | o | BCE+KD | 65.94:+0.09 P+I 3DR18 | SSKT x | CE+CE | 19.75
I R50 | SSKT | x | BCE+CE | 63.9612.74 3DR18 | SSKT x | CE+KD | 18.38
R50 SSKT x | BCE+KD | 66.11+£0.32 3DR18 | SSKT 0 CE+CE | 20.54
R50 SSKT 0 BCE+CE | 74.24+0.05 3DR18 SSKT o CE+KD | 17.99
R50 | SSKT | o | BCE+KD | 65.77+0.13
P+1 R50 | SSKT | x | BCE+CE | 69.27+0.21
R50 | SSKT | x | BCE+KD | 66.0+0.29
R50 | SSKT | o | BCE+CE | 77.1+0.14
R50 | SSKT | o | BCE+KD | 66.22+0.23




Table 8. SSKT results for PASCAL VOC, UCF101, and HMDBS51
using pretrained weights. ft stands for finetuning and K stands for
Kinetics-400 dataset (Kay et al. 2017).

T T; Model | Method | TM Loss acc.
- vOC R18 M - CE 90.524+0.11
P R18 SSKT X CE+CE | 89.3+0.04
Table 7. Performance change according to the configuration of the RI18 SSKT x | CE+KD | 92.28+0.06
SSKT for STL10 compared to the training from scratch with Mo- R18 SSKT o | CE+CE | 90.831+0.04
bileNet V2 (MV2) and DenseNet121 (D121). R18 SSKT o | CE+KD | 92.2140.05
T, T:; | Model | Method | TM Loss acc. 1 R18 SSKT X CE+CE | 91.2940.03
- | S10 | MV2 | scratch - CE 72.264+0.83 R18 SSKT x | CE+KD | 92.2640.07
P MV2 | SSKT | x | CE+CE | 75.7940.19 RI& | SSKT | o | CE+CE | 91.58+0.15
MV2 SSKT X CE+KD | 74.0+0.35 R18 SSKT o CE+KD | 92.1940.09
MV?2 SSKT o CE+CE | 75.2840.49 P+I R18 SSKT X CE+CE | 91.284+0.05
MV2 SSKT o CE+KD | 73.37+1.8 R18 SSKT X CE+KD | 92.194+0.07
I MV2 | SSKT | x | CE+CE | 76.08:0.63 RI8 1 SSKT | o | CE+CE | 91254008
MV2 SSKT X CE+KD | 74.39+0.82 R18 SSKT o CE+KD | 92.254+0.07
MV2 | SSKT | o | CE+CE | 75.354+0.61 - | U0l | 3DRI8 | /&t (K) - CE 83.95
MV2 | SSKT | o | CE+KD | 72.6+0.67 P 3DRI8 | SSKT | x | CE+CE 84.53
P41 MV2 | SSKT | x | CE+CE | 76.6940.18 3DRI8 | SSKT | x | CE+KD |  84.58
MV2 | SSKT | x | CE+KD | 73.29+0.89 3DR18 | SSKT | o | CE+CE | 8387
MV2 | SSKT | o | CE+CE | 76.96+0.39 3DRI8 | SSKT | o | CE+KD | 8398
MV2 | SSKT | o | CE+KD | 73.35+0.99 I 3DRI8 | SSKT | x | CE+CE | 8199
3DR18 | SSKT X CE+KD 83.42
- D121 scratch - CE 72.02+0.48 3DR18 | SSKT o CE+CE 84.29
DI21 | SSKT | o | CE+CE | 73.4640.62 3DRIS | SSKT | x | CE+KD | 84 14
D121 SSKT 0 CE+KD | 72.55+0.43 3DR18 | SSKT o CE+CE 82.81
I D121 SSKT X CE+CE | 76.04+0.33 3DR18 | SSKT o | CE+KD 84.19
DI21 | SSKT | x | CE+KD | 73.7+0.22 —THST [3DRIS| 7O | - | CE <
DI21 | SSKT | o | CE+CE | 74.35+03 b RIS T SSKT | x | CECE 5677
P+I D121 SSKT X CE+CE | 77.03+0.17 3DR18 | SSKT o CE+CE 5775
D121 | SSKT x | CE+KD | 73.76£0.84 3DR18 | SSKT o | CE+KD 57.82
D121 SSKT o CE+CE | 76.09£0.26 1 3DR18 | SSKT x| CE+CE 36.18
D121 SSKT o | CE+KD | 70.94+1.14 3DR18 | SSKT X | CE+KD 56.9
3DR18 | SSKT o CE+CE 53.3
3DR18 SSKT o CE+KD 57.75
P+I 3DR18 SSKT X CE+CE 54.48
3DR18 SSKT X CE+KD 56.05
3DR18 | SSKT o CE+CE 57.29
3DR18 SSKT 0 CE+KD 57.1




Table 9. Comparison with MAXL [9] according to the configura-

tion of the SSKT. V16 denotes VGG16 [

]. F denotes focal loss

[9]. C denotes cross-entropy loss. 7'M denotes transfer module.

T, | T, Model | MAXL (¢[i]) SSKT (T,, TM) | T, Model
C10 | VI6(F) | 93.27£0.09(2) | 93.5620.02 (T, x) V16
V16 (F) | 93.474+0.08 (3) 94.1+0.1 (1, 0) V16
V16 (F) | 93.49+0.05(5) | 92.9440.02 (I, x) RS0
V16 (F) | 93.10+0.08 (10) |  94.1+0.1 (I, 0) R50
V16 (F) - 92.56:0.15 (P, x) RS0
V16 (F) - 92.72:0.15 (P, 0) R50
V16 (F) - 92.6:£0.19 (P+1, x) | R50, V16
V16 (F) - 93.06:0.2 (P+1, 0) | R50, V16
V16 (F) - 92.2:£0.08 (P+L, x) | R50, RS0
V16 (F) - 92.54:£0.17 (P+1, 0) | R50, R50
V16 (C) - 93.78£0.04 (I, x) V16
V16 (C) - 94.22:£0.02 (I, 0) V16
V16 (C) - 93.0840.06 (I, x) R50
V16 (C) - 93.78-£0.04 (I, 0) R50
V16 (C) - 93.042£0.15 (P, x) R50
V16 (C) - 93.12£0.12 (P, 0) R50
V16 (C) - 93.35£0.21 (P+L, x) | R50, V16
V16 (C) - 93.67+0.17 (P+1, 0) | R50, V16
V16 (C) - 93.02:£0.11 (P+1, x) | R50, RS0
V16 (C) - 93.26£0.12 (P+1, 0) | R50, RS0
R20 (F) | 91.53%0.33(2) | 90.52+0.34 (I, x) V16
R20(F) | 91.5240.1(3) | 91.4840.03 (I, 0) V16
R20 (F) | 91.38+0.47(5) | 90.880.02 (I, x) RS0
R20 (F) | 91.5640.16 (10) | 91.6640.09 (I, 0) R50
R20 (F) - 89.97£0.02 (P, x) RS0
R20 (F) - 91.26-0.17 (P, 0) R50
R20 (F) - 89.42:0.08 (P+L, x) | R50, V16
R20 (F) - 90.93+£0.01 (P+1, 0) | R50, V16
R20 (F) - 90.02:£0.21 (P+L, x) | R50, RS0
R20 (F) - 91.11£0.18 (P+1, 0) | R50, R50
R20 (C) - 92.28:£0.07 (I, x) R50
R20 (C) - 92.44:£0.05 (I, 0) R50
R20 (C) - 92.21:£0.06 (P, x) R50
R20 (C) - 92.25-£00.04 (P, 0) R50
R20 (C) - 91.9+0.1 (P+L, x) | R50, RS0
R20 (C) - 92.46::0.15 (P+1, 0) | R50, RS0




