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Background: Transfer Learning

* Machine Learning across domains of different distributions P # Q
« Shifted Domains are Independently and Differently Distributed

Challenges:

Source Target How to effective bound the
Domain Domain generalization error on target domains
LLD.~P P =+ Q LLD. ~Q

Training Testing

Q

Representor s Learner

1
h
v
y

Data » Data
8]
y — h ( x) { }!—I
Training Error Test Error
ep(h) eg(h)

\ Generalization Error Bound /




Background: Existing Methods

=  Adversarial

Learning

cbﬁc>ﬂ§
e L

label ]||1:'-'|ir'1- i If.'...l'-' ”..

domain classifier Gl @50

. ¥ ! g
feature extractor &l 8y % %;3‘?

¢ ﬂ E> B domain label &

{ D =) ] DL,
forwardprop  backprop (& 1||]:4:|' I,|, ol deTivatives) (}H,-
duan(P, Q) = sup lep(h,h') —eq (h, )| -
h.h'eH
= sup [Ep[5(x) # 0] — Eq[3 (x) # 0]
deEHAH

< sup [Ep[D(x) = 1] + Eq[D(x) = 0]

DcHp

Theorem

Let F € R**Y be a hypothesis set with
Y={12 ..k}and H < Y be the
corresponding
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Our work: Continual Domain Adaptation

U Challenges of Continual Domain Adaptation

| | Challenges

The domain data exists in an
sequential form. Only online
data is accessible. Sequential
Learning would result
catastrophic forgetting
phenomenon.

Source Unlabeled Intermediate Target
1905 1973

= Limitations of previous research:
= Self-supervised learning methods requires intermediate domain to be close enough

= Unlike supervised continual learning, buffering a small set of previous samples works poorly
= Unsupervised Learning only on current data would cause catastrophic forgetting
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Our work: Problem Settings
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Our work: Unigue Challenge in Continual Adv Adaptation

So: Source Only Training Phase T,: Target Adaptation Phase
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Theorem
Let F be a hypothesis space with VC dimensions d, if S’ are samples of size m from S and T' be samples of size n from

T respectively and a}[A}[ S, T ') is the empirical H -divergence between samples, then for any § € (0,1)
,with probability at least 1 — &

R dlog2m + log (%) dlog?n + log (%)
Aaeprc (S, T") < dyrpye (8", T") + 2 — +2 -
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Our work: Double-Head Continual Adv Adaptation

So: Source Only Training Phase T,: Target Adaptation Phase

Small
Buffer

Intuitive ldea

Using two domain
discriminators, one hy, s is
_ trained at Sy and the other

Domain hy,¢ s trained at T4
Discriminator

Domain
Discriminator

Task Modal Task Modal

Domain
Discriminator

!
hy,
. hl[),S .
' ﬁ
1p

Yan Shen, et al. " Continual Domain Adversarial Adaptation via Double-Head Discriminators." AISTATS. 2024.




Our work: Double-Head Continual Adv Adaptation

discriminators is better than one
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Our work: Single Domain Discriminator Learning on S,

So: Source Only Training Phase
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hy,s is @ source-only domain discriminator
hy, s Learning Objectives: that is trained to determine how possible a
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Our work: Single Domain Discriminator Learning on S,

0 One-Class Learning on Source-only domain discriminator
« H-Regularization Loss in Binary domain digit

« MDD Loss in Multi-class domain digit

MDD Learning Objectives hy, () is a vector output
function :
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H-Regularization Learning Objectives hy, ;(-) is scalar output function :
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Our work: Single Domain Discriminator Learning on S,

0 One-Class Learning on Source-only domain discriminator
« H-Regularization Loss in Binary domain digit

« MDD Loss in Multi-class domain digit MDD Is better
' than H-Reg

S

[ ——————————

hy,s Learning | MDD | H-Reg DANN | H-Reg CDAN

MNIST — USPS 78.1 69.1 73.4
MNIST - MNISTM  87.3 78.1 80.3
MNIST —» SVHN 45.8 37.5 40.8
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Our work: Our Algorithm
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Our work: Our Algorithm

Phase 1 - Source Only training phase

procedure Task MoDEL TRAINING PHASE & Train Task Model on Source Domain
procedure SOURCE ONLY DOMAIN CLASSIFIER TRAINING PHASE

forte{l,...,t2} do
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Our work: Theoretical Analysis of Our Algorithm

Theorem

Let f, € F be a fixed hypothesis space that maps from X' X Y — R which satisfies that p, (x5, hf) > ¢, for source
domain data x* and py, (xt, hf) < ¢, for target domain data xt. if x{ € S are i.i.d samples of size m from S and x} €

Tbe samples of size n from T respectively, then for any 6 € (0,1)with probability at least 1 — 25, we have the

following generalization error bound for H-divergence based adversarial loss function
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Our work: Experiment Results

U Ablation study
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Our work: Experiment Results

L Comparing with existing continual domain adaptation methods on Office-31

(Mfice-31 Target Domain Adaptations

Methods AW | DWW | WD |ASD| DA | WA Office-31 Source Domain Forgetting
NLL-OT{Asano et al., 2019) 85| 9al| 987 | 888| 646|667 Methods A=W |D=W | W=D |A=D | DA | WA
.\-LL-KL{Z}IH.ng et al., '2[]'21_] 26.8 | 04.8 | 087 | 204 | 65.1 | 67.1 :\'LL-DT{Aan et I-l] 2”19_.] 4.53 | 914 | 279 | 4.0 | 6.17 | 5.11
HD-SHO'T(Li al., 2020 821 931 08.1 8.5 | 66.1 650 -

o ot ] | o1l | ses ] | NLL-KL(Zhang et al., 2021) 437 | 299|248 | 402 594| 4099
SD-SHOT(Liang et al., 2020) 87| 3| 971 | 82| 679 7L : - -
DINE(Liang et sl 2022) 868 | 92| 06| O016| 22| 733 HD-SHOT(Liang et al., 2020) 512 401|308 | 487| 78D| 556
Ours 926 o3| 992 920 739| 738 SD-SHOT(Liang et al., 2020) 531 | 454| 403| 485| 78| 572
Ours+ KD 93.8  084| 1000 038  T40| 75.6 DINE(Liang et sl., 2022) 38| 216| 150 | 332| 508|398
Ours+SL 93.2 9| 1000 92.5 730 | 744 s 1.07 1.08 | 0.08 1.55 .70 | 206
iidadv 94.5 084 1000 935 46 | T42

Table 3: Office-31 Target Domain Adaptation Table 4: Office-31 Source Domain Forgetting

* With a final stage of SSL fine-tuning, our proposed methods achieve over 2%
performance increase over these strong baselines

« By employing continual adversarial adaptation methods, we effectively
addressed catastrophic forgetting by learning a domain generalized model
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Our work: Experiment Results

L Comparing with existing continual domain adaptation methods on Office-home

Office-home Target Domain Adaptations

Methods Ar—i-C"E|Ar—+Pr|Ar—+R€|C‘E—3Ar|C{—aPr|CE—}RE'Pr—}ArlPr—}CI|Pr—rRE|R€—>Ar|RE—+C’1|R€—3Pr
NLL-OT{Asano et al_, 2019) 491 | TLT | 773 | 60.2 | 687 | 73.1 | 57.0 | 46.5 | 76.8 | 67.0 | 52.3 | TH.5
NLL-KL{Zhang et al., 2021) 40.0 | 715 | 771 | 50.0 | 63.7 | 72.9 | 56.4 | 46.9 | 76.6 | 66.2 | 52.3 | 79.1
HD-SHOT| Liang et al., 2020) 456 | 728 | 77.0 | 60.7 | 70.0 | 73.2 | 56.6 | 47.0 | 767 | 67.5 | 52.6 | 202
SD-SHOT{Liang et al., 2020} 501 | 75.0 | TEE | 63.2 | 720 | T6.4 | 60.00 | 48.0 | 70.4 | 69.2 | 54.2 | 816
DINE({Liang et al., 2022) 522 | TR 4 | 81.3 | 65.3 | 6.6 | TR.T | B2.7 | 496 | 822 | 608 | 55.8 | 842
Ours 53.8 TR8 8.9 6.4 778 | TT.9 63.0 529 B3.2 | 72.0 59.4 849
Ours+ KT 54.8 81.1 4.0 67.5 79.0 | &0.5 65.1 53.8 B4.5 | T3.2 600 86T
Ours4-SL 54.0 70.2 82.4 668 783 | 79.0 63.7 53.2 B3.2 | 728 59.4 858
iid-adv 54.9 7.0 828 G6T.0 TR | TR.1 63.6 542 B38| 729 608 858

Table 1: Comparison of Target Domain Adaptation Performance on Office-home.

Office-home Source Domain Forgetting

Methods Ar—.‘-C"I|Ar—}Pr|Ar—:~R€|C‘E—3Ar|C£—ePr|CE—}RE'Pr—.‘-ArlPr—.‘-CI|Pr—aRe|Re—>Ar|Re—#C’1|Re—?Pr
NLL-OT{Asano et al_, 2019) 10.91 | 764 | 731 | 1273 | 13.18 | 1113 | 729 | 772 | 6.19 | 7.07 | 7.28 | 5.35
NLL-KL(Zhang et al., 2021) 10.93 | 7.66 | T.34 | 13.01 | 13.05 | 10.98 | 727 | 7.50 | 6.03 | 6.97 | 7.26 | 5.46
HD-SHOT(Liang et al., 2020) 11.10 | 09.69 | B.06 | 14.99 | 15.02 | 12.06 | T.AT | 7.86 | 6.58 | T.22 | 7.2 | 6.02
SD-SHOT{Liang et al., 2020} 11.21 | 8.93 | 789 | 15.24 | 15.55 | 12.25 | 775 | 703 | 6.72 | 7.22 | 813 | 605
DINE{Liang et al., 2022) 967 | 6.66 | 6.26 | 9.29 | 10.02 | 9.76 | 613 | 5.02 | 5.82 | 6.19 | 6.05 | 4.93
Crurs 4.52 3.05 3.53 5.12 4.83 | 4.69 1.03 2.05 1.89 | 2.12 3.3 1.43

Table 2: Comparison of Source Domain Forgetting Performance on Office-home.
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