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Background

* Goal of Domain Generalization (DG)
* learn classifiers that generalize on the unseen target domain

Genera“ze > —

Training distribution (source domain) J° Testing distribution (target domain) &

* Motivation
« empirical risk minimization is error-prone to domain shift

« domain shift: testing distribution 7 # training distribution §
« E.g, various weather conditions for training and testing in autonomous driving tasks



Background

* Goal of Domain Generalization (DG)
* learn classifiers that generalize on the unseen target domain by training on the source domain

Generalize >

Training distribution (source domain) 7 Testing distribution (target domain) &

* Motivation
« empirical risk minimization is error-prone to domain shift

« domain shift: testing distribution 7 # training distribution
« E.g, various weather conditions for training and testing in autonomous driving tasks



Limitation of Three-term-trade-off

* A pervasive theme of target risk decomposition
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Assuming this term to be small

optimized approximately by
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Limitation of Three-term-trade-off

* A pervasive theme of target risk decomposition

@ D
Ry(h) < Rs(h) + L(T]]S5)
Target risk of Source risk of | The divergence between the target
a classifier h a classifier h distribution I and the source distribution &
< Optimizing these two fterms 4 Assuming this term to be small
1
|
optimized approximately by Challenge the accessibility of an ideal
Y., D(S:lIS;) classifier in the effective support of
hypothesis space during training

 Memorization on the seen training domain

 only seen source-discriminative features are memorized,
« target-discriminative features could be ignored

Implying a bad balance of the three-term-trade-off




Our solution

* bridging ensemble and DG for easier target risk control

* Ensemble: Enlarging the effective support of the hypothesis space without the
cost of introducing more parameters



Our solution

« contribution summary

* Propose a novel pruned Jensen-Shannon divergence (PJS) loss, which connects
the generalization risk and a pruned Jensen-Shannon divergence

Definition 1 (pruned Jensen-Shannon loss)

Proposition 1 (connecting risk and PJS divergence)

Let A be the support of the underlying (empirical) distribution where the
realization (x,y) is drawn from. The pruned Jensen-Shannon (PJS) loss

lpis : X xIxH— R* is, fpjs(x, Yy, h) = (Iog h*iﬂ + h* |og /f*LH)l{(x,y)EA}v
where h* € (0,1) is the vector component of h that corresponds to the correct
class, and 1., is the indicator function.

Provided a domain P € M, (X x I), assume the existence of the density
function over the input space X, denoted by p”(x). Then p”(x)h induces a
(set of) measure(s) T7 € M, (X x Y) whose density over X x Y is p”(x)h. For
a classifier h and a domain P € M, (X x I). Let T7 be the induced measure.

Assuming p” (y|x) € {0, 1}, then

Definition 2 (pruned Jensen-Shannon divergence). ¢ P
Rp*(h) = (x’yIEINP[ﬁPJS(X,y, h)] = Dpss(P|T7). (1)

The pruned Jensen-Shannon (PJS) divergence Dps(P||T) : M} x M3 — R
from a measure T to a measure P is defined by an integral over the support set
Ap of measure P, that is Dpys(P||T) = fAP plog pi—”v + vlog ;L—“Ud/\.



Theorem 2 (PAC-Bayesian generalization upper bound)

For a fixed source domain P and a fixed target domain Q. Suppose that 7 is a
prior over Hl, which is independent of draws of source realizations

% i.id.
O u r SO' ut' o n D" = {(xi,y;)}’-1 "~ P". Then for any ¢ > 0, p € M, (H), and any
d € (0,1), with probability over 1 — §

RS (p) < 21/2D5(P|Q)+

 contribution summary - i
¢ E, [R5 (n)] - By 4 22kl 1085 + VEa(e )

cn

where log E_2Epn[e™P VN EPy (BEE Y R M =% . (c,n) is

constant w.r.t. p for fixed ¢, n,m, ¢, and 9.

* Propose upper bounds on the (target) risk of classifier ensembles

Corollary 1 (target risk upper bound of the ensembles)

Theorem 1 (mequallt'es related to the p'ensemble) Given a fixed source domain P and a target domain Q, for any measure
p € M (H) on hypothesis space H,

For any p € My (H), any measure P, take Dp = Ep[Var,(v/{pss)], then there is
sqrtR* (p) < \/E,[RE* (h)] — Dp + 21/2D5 (P Q). (4)
/RéPJS(p) < \/]EP[R;;PJS(h)] —Dp <E,[ R;;PJS(h)]. (3) Q \/ pllp J

Moreover, Dp > 0 is a necessary condition for the second inequality becoming

. ¢ h) - .
strict. If % is varying on (a non-zero measured subset of) the set _ . ' _
DR Given a fixed source domain P and a target domain Q, for any measure

{(x,y,h) : Var,(\/lpss) > 0} for x; # x» , then Dp > 0 is a sufficient condition R LI e ———]
for the second inequality being strict.

Corollary 2 (joint risk upper bound of the ensembles)

VRES(p) + /RS (p) < \JE,IRE (h)] — Dp + \/E,[RS* (h)] — Do

< E,[\/ R (h)] + E,[\/RE™ (h)).

(5)



Theorem 2 (PAC-Bayesian generalization upper bound)

For a fixed source domain P and a fixed target domain Q. Suppose that 7 is a
prior over H, which is independent of draws of source realizations

Our solution Sl SRS o

5 € (0,1), with probability over 1 — ¢

* contribution summary RG"(p) < 2V2Ds5(PI A+

2Dk (pllw) + log § + Wi (c, n)

\/ E,[Re(h)] — Dp + ,

cn

(6)

where log E_2Epa[e<EP vV M)EP A0S n A0 sy, EE=) (e tis
constant w.r.t. p for fixed ¢, n, 7, ¢, and 4.

* Propose a practical diversified neural averaging (DNA) algorithm optimizing the
PAC-Bayesian bound

dropout realization 1

Pruned Jensen-

)S(Surce neural network dropout realization 2 Shannon loss
Explicit Diversity
moving dropout realization m measure Dp
average

_ Target diversified Prediction

ensemble




Method PACS VLCS OfficeHome Terralncognita DomainNet Avg
ERM (Vapnik, 1999) 855102 TL5x04 -665L03 46.1 = 1.8 409+0.1 633
IRM (Arjovsky et al., 2019) 835408 TEo0> 43122 47.6 £0.8 33 9+28 ©L6
DRO (Sagawa et al., 2020) 844+08 76706 66.0£0.7 432+ 1.1 333402 607
MMD (Li et al., 2018c¢) 846105 TI5E09 663+01 42216 234+95 588
DANN (Ganin et al., 2016) 83.6+04 78.6x£04 659+£0.6 46.7 £0.5 383 =01 H26
CDANN (Li et al., 2018d) o489 Tl S]] 458 £ 1.6 383+03 620
MTL (Blanchard et al., 2021) 84605 77204 66.4=£0.5 Ho=12 40.6 £0.1 629
ARM (Zhang et al., 2020) 2l84 T10ED3 4803 455+03 35902 BLY
VREXx (Krueger et al., 2021) 849+ 0.6 783+02 664=L0.6 46.4 £ 0.6 986+29 w9
RSC (Huang et al., 2020) 852489 TEld05 655199 46.6 £ 1.0 389+05 627
Mixup (Wang et al., 2020b) 846+0.6 774+£06 68.1 0.3 479 £ 0.8 392101 634
MLDG (Li et al., 2018a) 849+10 772+04 668+0.6 4 l=04 41.2:+0.1 636
SagNet (Nam et al., 2021) 86302 Ti8 OS5 684401 48.6 £ 1.0 403401 642
CORAL (Sun & Saenko, 2016) 86.2+0.3 788+0.6 68.7+0.3 476 £1.0 41 5+0.1 645
mDSDI (Bui et al., 2021) 862402 190403 692104 481+t14 428 +01 651
SWAD (Cha et al., 2021) 88.1+04 791+04 70.6£03 50.0£04 465+0.2 669
DNA (ours) 884+0.1 79.0+0.1 71.2+0.1 52.2+04 472 +0.1 67.6

Experimental evaluation

With similar computational cost, the proposed
DNA achieves competitive performance



Experimental evaluation

Method PACS VLCS OfficeHome Terralncognita DomainNet Avg
ERM (Vapnik, 1999) 8582 TIH5+L04 06303 46.1 £ 1.8 409101 633
IRM (Arjovsky et al., 2019) 835408 TEo0> 43122 47.6 £0.8 30928 616
DRO (Sagawa et al., 2020) 844+08 76706 66.0£0.7 432+ 1.1 333402 607
MMD (Li et al., 2018c) e85 TIS5E09 663L01 422116 234+£95 538
DANN (Ganin et al., 2016) 83.6+04 786+04 659+0.6 46.7 £ 0.5 38301 26
CDANN (Li et al., 2018d) o489 Tl S]] 458 £ 1.6 383+03 620
MTL (Blanchard et al., 2021) 84605 77204 66.4=£0.5 Ho=12 40.6 £0.1 629
ARM (Zhang et al., 2020) 2l84 T10ED3 4803 455+03 35902 BLY
VREXx (Krueger et al., 2021) 849+06 783+02 664+0.6 46.4 £ 0.6 30829 619
RSC (Huang et al., 2020) 852489 TEld05 655199 46.6 £ 1.0 389+05 627
Mixup (Wang et al., 2020b) 84606 774+06 68.1=£03 479 £ 0.8 39201 634
MLDG (Li et al., 2018a) 849+ 1.0 772+04 66.8+0.6 4 l=04 4124+0.1 63.6
SagNet (Nam et al., 2021) 863102 TF18=205 631201 48.6 £ 1.0 403 +£0.1 642
CORAL (Sun & Saenko, 2016) 86.2+0.3 788+0.6 68.7+0.3 476 £1.0 41 5+0.1 645
mDSDI (Bui et al., 2021) 86.2+0.2 79.0+03 69.2+04 481+ 14 428 £0.1 65.1
SWAD (Cha et al., 2021) 88.1+04 791+04 70.6=£03 500+ 04 465+02 669
DNA (ours) 884+0.1 79.0+0.1 71.2+0.1 52.2+04 472 +0.1 67.6
| OfficeHome | Terralncognita |
] A C P R Avg ‘ L100 L38 143 L46 Avg ‘

K=5 | 646£03 561+£04 778£02 795+£03 695|530+£14 420£02 582+05 42616 49.0

K=10 | 659+£03 56601 785+02 800£01 703 |559+£13 439+12 600+04 428+10 506

K=20 | 664+£0.1 57.0+£02 788+01 805+01 707 |571+£12 437+£09 600+04 431+£10 510

DNA | 67.7+£02 57.7£03 789+02 805+02 712 |568+12 470+£09 61.0+05 44.0+10 522

With lower computational cost, the proposed
DNA achieves competitive performance
compared with the common ensemble strategy



Thanks!

Experimental evaluation . xu@tsinghua.edu.cn

Method PACS VLCS OfficeHome Terralncognita DomainNet Avg
ERM (Vapnik, 1999) 855102 TL5x04 -665L03 46.1 = 1.8 409+0.1 633
IRM (Arjovsky et al., 2019) 83508 "Bo=05 043122 47.6 £0.8 33 9+28 ©L6
DRO (Sagawa et al., 2020) 844+08 76706 66.0=x0.7 432 -£1.1 3335102 G07
MMD (Li et al., 2018c¢) 846105 TI5E09 663+01 422 -E 16 234+95 588
DANN (Ganin et al., 2016) 83.6+04 78.6x£04 659+£0.6 46.7 £0.5 383 =01 H26
CDANN (Li et al., 2018d) $262-909 FLS+E01 GBL13 458 £ 1.6 383103 620
MTL (Blanchard et al., 2021) 84.6+05 772+04 664+0.5 Ho=12 40.6 £0.1 629
ARM (Zhang et al., 2020) 2l84 T10ED3 4803 455+03 35902 BLY
VREXx (Krueger et al., 2021) 849+06 783x£02 664+0.6 46.4 £ 0.6 986+29 w9
RSC (Huang et al., 2020) 852489 TEld05 655199 46.6 £ 1.0 389+05 627
Mixup (Wang et al., 2020b) 846+0.6 774+£06 68.1 0.3 479 £ 0.8 392101 634
MLDG (Li et al., 2018a) 849+10 772+04 668+0.6 4 l=04 41.2:+0.1 636
SagNet (Nam et al., 2021) 86302 Ti8 OS5 684401 48.6 £ 1.0 403401 642
CORAL (Sun & Saenko, 2016) 86.2+0.3 788+0.6 68.7+0.3 476 £1.0 41 5+0.1 645
mDSDI (Bui et al., 2021) 862402 190403 692104 481+t14 428 +01 651
SWAD (Cha et al., 2021) 88.1+£04 79104 70.6£03 50.0£04 465+0.2 669
DNA (ours) 884+0.1 79.0+0.1 71.2+0.1 52.2+04 472 +0.1 67.6
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The training process of the DNA (Fig. b) is more
stable compared to the other variants, indicating
the ease of model selection
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