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1. Background

Domain shift widely exist in various
TS applications = Unsupervised

Domain Adaptation

However, the power of existing UDA

methods heavily depends on the

network capacity
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* Image from Junguang Jiang, Ximei Wang, Mingsheng Long, and Jianmin Wang. Resource efficient domain adaptation. In Proceedings of the 28th ACM
International Conference on Multimedia, pages 2220-2228, 2020.
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2. Related Works

e
 Existing solutions: Integrate Knowledge Distillation into UDA framework
» Transfer the cross-domain knowledge from Teacher to Student
» Simultaneously addressing domain shift and model
* Issues of existing solutions:

» Limited network capacity of student, challenging to capture the fine-grained
pattens in data as teacher

» Teacher’s knowledge on individual target samples may not be always reliable
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d Two criteria to evaluate

3. Proposed RCD-KD (Reinforced Cross-Domain Knowledge Distillation)
|
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4. Key Components in RL-based Target Sample Selection Module
L

Q State s, = [F; (xig t), o F (xfl‘it ] : Feature representation from student’s feature extractor F.

QO Action al, € {0,1} : select or not select the i-th target sample at training step k

O Rewardr, = a; * (R{®R, — 0.5) + a, * (R{®R; — 0.5), where @ is exclusive-or
% Boolean Function R; = (a; == 1): whether the target sample x; is retained or not

¢ Uncertainty Consistency Reward: whether the student have the same uncertainty level as the
teacher for the target sample x; in a batch. ® is exclusive-nor operation.

1 1
Ry = (6 > 25, 3%) © (K] > L5/, 3

s Sample Transferability Reward: Whether the target sample x; is much easier for the student
to learn compared to others.

1 b =T S
Ry=(Di<-—> D) ,where D; = KL(B llq5)
np j=1
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4. Algorithm for RCD-KD

Algorithm 1 Proposed RCD-KD

Input: Teacher 7', Student S, adaptation model 1/, domain discriminator ¢, online and target Q-

network Q and Q’, source data DL, | target data Df[qf and Replay buffer M
. for every epoch do

for every batch Xy, € Dggf and X.,. € DL do
for episode k € [1, K] do

sre 4 £:£D(?+)\*7'2*£RKD- )

Get state s, sample action aj, ~ O(s;.) and update next state s;, | | Loc = —E[log(®(L(F " (244))))].

Update S and ) by minimizing £ as Eq. (10)

w j

ZP;TZOJ

T/ad).

J

X
Store (Sk, Ay They Sk4-1+ d) to M e
if ¢ is not pre-trained then
Fix the parameters in .S and ¢) and update ¢ via minimizing £, 4, in Eq.

2

3

4

5:

6: Calculate 7 via Eq. @ Set d = 0 if episode end. otherwise d = 1 \ERKD - E
7.

8

9

0 Sample a random batch;;, )y They Sgt1, d) from M

1

10:
1 Calculate (). via Eq. (

4) and Q¢,, via Eq. , update Q via Huber loss and Q' via Eq. @
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4. Optimization of DDQN

« Two streams in DDQN: State-value V (s; O, ©y/) and / Ducling DDON
Advantages A(s, a; ©¢,0,) State Value -y NOSYFGL
. . . . (xitgt) 855, al% — (/) 1—%;::::5’;; FI:JI:{:J:
° - $,a2) «— LS ::Ch:(— !
Egtlmated Q-values with online network Q parameterized .__ o ;ﬁ? SRR
with © = {@C, @V, ®A} Action ay S "‘?I '\:9‘::{;}:
Advantage -
Qest = V{5105, Ov) + A(5,0:01,0.4) = = >~ A(s,0::0p,0.) |
. . " . . State s, Reward 13,
» Target Q-values with duplicated network Q" parameterized with O ?
Qtar =11+ d*y % Q(sp+1, argmax Q(Sp+1, ap+1:0): (%)I).
Ak41
 Update 0, with the Huber loss between estimated Q-values and target Q-values
« Update ® with ©' + 00"+ (1 —0) % O.
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5. Experiments - Setup
R

O Total 4 datasets across 3 different time series tasks.
« UCI HAR: human activity recognition (i.e., walking, walking upstairs, walking downstairs, standing, laying and sitting)
« HHAR: human activity recognition (i.e., biking, sitting, standing, walking, walking upstairs and walking downstairs)
*  FD: rolling bearing fault diagnosis, classify bearing health status (i.e., healthy, artificial damages, damages from accelerated

lifetime tests)
»  SSC: sleep stage classification, identify subject’s sleep stage (i.e., wake, non-rapid eye movement stage, rapid eye movement

stage)

O Consider each subject (for HAR and SSC ) or operation condition (for FD) as an independent domain, test different
transfer scenarios.
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6. Benchmark with UDA methods
S

How well does the student perform when directly applying UDA methods on it?

Table 1: Performance comparison with other UDA methods.

Datasets ~ Student-Only | Metric-ba_s_gd - - Aclx-’ersarial—basetl |
HoMM [6] MDDA [5] SASA[36] DANN|[7] CoDATS [30] AdvSKM [32]
HAR 55.9448.99  83.624+1.82 84.89+6.29 83.37+3.23 82424382  75.7248.62 70.72+4.06  94.68+1.62
HHAR  58.74+10.79 68.02+6.59 73.26+8.35 77.134+4.09 76.03+1.97  74.64+4.18 63.24+5.99  82.37+1.84
FD 66.784+4.38  74.5246.00 81.80+£5.43 86.75+2.39 77.9548.52  77.5449.45 77.83+£5.71 92.6310.62
SSC 50.394£7.67  59.7945.51 57.45£3.68 59.36+3.69 57.39£5.51  57.21£5.61 5728477  67.49+1.83

Ours

9
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6. Benchmark with KD-based DA methods

I
Table 2: Marco Fl-scores on HAR and HHAR across three independent runs.

Methods HAR Transfer Scenarios HHAR Transfer Scenarios
2— 11 6223 7—13 9—=I8 12—=16 Avg | 0=6 [I—=6 2=7 3—=8 4=5 Avg
Teacher 100.0 100.0  99.92  93.69 81.65 05.05 | 64.47 9423 57.22 9888 97.69 82.50

Student-Only 68.51 59.57 7888  21.02 5171 5594 | 50.46 65.95 4322 5884 7522 58.74
KD-STDA [11]  98.31 89.55 89.28 67.41 63.13  81.54 | 46.15 92,19 41.69 9651 8979 7327
KA-MCD [16] 89.46 5926 63.62 5893 4567 6339 | 6525 9059 4257 8571 8548 7392
MLD-DA [12] 1000 99.11 9296 8278 064.08 87.79 | 61.53 9432 4791 91.07 9274 77.51

REDA [9] 99.44 9381 9243 7455 5577  83.20 | 32.05 93.85 36.10 90.24 09541 69.53
AAD [15] 83.74 90.89 83.05 7596  61.67 79.06 | 53.25 81.22 4835 87.00 8636 71.24
MobileDA [14]  92.71 90.19 9139 7795 06434 8332 | 46.60 9331 49.13 9830 096.84 76.84
UNI-KD [4] 1000 9633 9320 7977 6491 86.84 | 40.66 94.89 59.20 9845 9742 7932
Ours 1000 1000 99.64 92.87 80.87 94.68 | 6447 9424 5759 9845 0711 8237

Table 3: Marco Fl-scores on FD and SSC across three independent runs.

Methods FD Transfer Scenarios SSC Transfer Scenarios
0—=1 03 2=1 152 23 Avg | 0—=11 1255 16—1 718 914  Avg
Teacher 88.36 86.46 88.82 99.84 9992 9268 | 51.43 6871 T73.48 7248 7659 68.54

Student-Only 3494 4214 7527 9041 91.13 6678 | 35.62 3587 60.15 6124 59.05 5039
KD-STDA [11] 53.17 5095 7676 8924 98.66 73.76 | 4375 5345 49.04 6723 6556 5581
KA-MCD [16] 5796 6526 61.66 81.75 91.79 71.68 | 50.85 5673 51.01 64.18 6595 57.74
MLD-DA [12] 78.16 7549 8334 99.86 9683 86.74 | 4536 66.17 5837 63.87 70.71 60.90
REDA [9] 86.70 81.08 88.98 9235 8877 8758 | 44.07 5201 060.14 6046 o64.67 56.27
AAD [15] 5250 60.00 80.86 89.84 9599 7584 | 3271 6292 6334 6446 7215 59.12
MobileDA [14] 76.19 5877 8374 9756 97.84 82.82 | 41.83 57.14 5941 6438 6155 56.86
UNI-KD [4] 78.85 82.68 9214 9729 9934 90.06 | 4448 60.13 6299 T1.03 7221 62.17
Ours 89.88 85.63 8857 9992 99.13 92.63 | 4973 7074 7214 7173 7695 68.26 10
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7. Ablation Study: Different T-S pairs and Teacher Generation

O Different T-S pairs
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Figure 2: TCN —1D-CNN.
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Figure 3: Resnet-34 — Resnet-18.

1 Different Teacher Generation

Table 4: Teacher with different UDA methods.

T-Types HAR HHAR D  SSC
MDDA 80.16  81.65 0045 61.62
SASA 88.16  80.39  90.83 63.25
CoDATS 9339 8298 91.08 66.89
DANN (ours) 94.68 3237 92.63 68.26
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7. Ablation Study: Reinforced Sample Selection Ablation

Table 6: Reinforced sample selection ablation. “Full samples" denotes utilizing whole target samples for KD;
“Ro’, “R3° denote directly utilizing proposed uncertainty and transferability for sample selection; “RI”, ‘Rg’
denote utilizing RL with Rz and R3 as reward for sample selection: (R2 + R3)' is our proposed method.

Full Partial Samples
Datasets | F i
Samples R, Rl Ry Rl Ry+R3 (Ry+Rs)f
HAR 89.32  91.65 9391 9231 93.96 93.53 94.68
HHAR 78.99 7830 81.73 80.33 82.29 81.04 82.37
FD 89.13  90.17 91.93 89.51 91.08 91.85 92.63
SSC 60.65  63.16 6298 6581 67.49 65.20 68.26
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7. Ablation Study: Computational Complexity

Table 7: Comparison of Computational Complexity.

Methods  KD-STDA KA-MCD MLD-DA REDA AAD MobileDA UNI-KD  Ours
Time (sec) 1.68 4.55 1.91 1.78 0.91 1.28 3.26 16.42

13
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Thanks for your time!
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