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In this supplementary material, we provide,

1. Visualizations of Values from Eq. (3) in the manuscript in Sec. 1;

2. Sensitive analysis regarding the hyper-parameters in Sec. 2;

3. Comparison regarding the setting of combing logit and features in Sec. 3;

4. Evaluations on the DomainBed benchmark using the ResNet50 backbone in Sec. 4;
5. Detailed results in the DomainBed benchmark in Sec. 5.

1. Visualizations of Values from Eq. (3)

In this section, we plot the changes in the sample-to-center-difference (SCD) values for rationales, features, and logits in
Fig. 1 (a)-(c) in settings of with and without L;,,,,. Our observations are as follows: (1) Using L;,., tends to decrease the three
SCD values, which is significant compared to disabling £;,,,,. The results indicate that ERM fails to summarize shared clues
to make a robust decision for samples from the same class, explaining why it is less effective in generalizing than ours. (2)
When compared to the case of rationales, features, and logits, the SCD values exhibit larger variances throughout iterations,
indicating that our L;,,, allows for some flexibility, enabling features and logits to deviate from their centers. This observation
aligns with our suggestion: the contribution of each feature dimension should be jointly modulated by both the feature itself
and its corresponding classifier weight.

We perform vectorization on rationale matrices for different samples and use t-SNE for dimension reduction. In Fig. 1
(d), we show that, rationales from different domains will be mixed together when with £;,,,,, indicating the adopted L;,,,, can
ensure using the same rational for samples from the same class despite the varying domains.

2. Sensitive Analysis Regarding the Hyper-Parameter Settings

Our implementation involves two hyper-parameters: the momentum value m in Eq. (4) and the positive weight o in Eq. (5)
in the manuscript. This section evaluates our method with different settings of these two hyper-parameters by conducting
experiments on the widely-used PACS dataset [13] with a ResNet18 backbone [9] using the same setting illustrated in Sec.
4.1 in the manuscript, similar to that in [5]. Note we fix the value for one hyper-parameter when analyzing another. Results
are listed in Table 1. We observe that our method performs consistently well when the hyper-parameter m in the range of
[0.0001,0.1] and « in the range of [0.001, 0.1].

3. Comparisons with the Setting Combining Logit and Feature

As stated in the manuscript, analyzing the decision-making process from either the perspective of feature or logit has
intrinsic limitations. Specifically, since the classifier is not taken into account, the model may emphasize heavily on feature
elements that with large values but correspond to small weights in the classifier if only consider the feature. Although logit can
ease the issue to a certain extent, it only provides a coarse representation for the decision-making process, thus difficult to
ensure robust outputs. One may wonder if the combination of feature and logit could avoid the limitation of each other and
lead to certain improvements. To answer this question, we conduct further analysis by substituting the rationale invariance
constraint with the regularization term that enforces invariance for both the feature and logit (i.e. W/ fea. & log.), which
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Figure 1. Plots of different terms by iterations (i.e. Values of Eq. (3), feature, and logit differences in (a)-(c), yellow and blue lines are
smoothed and original data), and rational matrices after training (i.e. (d)) from ERM (1st row) and our model (2nd row).
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Table 1. Evaluations regarding different hyper-parameter (i.e. m in Eq. (4) and « in Eq. (5) from the manuscript) settings. We fix one
parameter and tune another when conducting the experiments which are examined in PACS [13] with the leave-one-out training-test strategy.
The reported accuracies (%) and standard deviations are computed from 60 trials in each target domain.

hyper-parameters art cartoon photo sketch avg

m =0 823+0.1 734+12 950+05 758+0.8 81.6+04

m =0.0001 823+05 760+£05 946+£04 759+1.1 822+04

€ 0.001,0.1] m =0.001 821+14 755£12 949+£05 765+£03 822+05
’ m = 0.01 829+08 762+12 946+06 759+15 824=£59

m = 0.1 8224+0.7 7594+£09 953+02 781+09 829+59

m=1 81.6+19 762+06 949+04 753+16 820+03

a=0.0001 783+06 742+18 940+£04 764+£24 80.7+0.8

o =0.001 823+£05 74714 937+£08 755+03 8l1.6£04

€ [0.0001,0.1] «=0.01 819+10 750+1.1 9494+03 757+04 81.9+0.1
a=0.1 823+08 762+05 949+04 764+10 824104

a=1 81.6£0.7 740+05 9454+03 735+14 809=£02

reformulates Eq. (3) into L;,, = N%, 2k 2 nfyn=it IZn — Zx||? + ||on, — ©x||?), where z, 0, Z and © are the feature, logit,
and their corresponding momentum updated mean values, respectively. We use the same setting as the original design and test
the model in the widely-used PACS dataset [ 3] to evaluate its effectiveness.

Experimental results are listed in Table 2. We note that combining the feature and logit can lead to improvements for
both the two invariance constraints (i.e. W/ fea. and W/ log.) in almost all target domains. This finding is not surprising
since the combined setting considers both the classifier and the feature, thereby mitigating some of the limitations of the
two individual settings. However, our rationale invariance regularization still outperforms the combined approach. This is
because our rationale concept provides a direct characterization of the decision-making process, encompassing the fine-grained
representations of both the features and the weights in the classifier, while the latter can only be coarsely represented in the
combined setting.

4. Results in the DomainBed Benchmark with the ResNet50 Backbone

To comprehensively examine the effectiveness of the proposed method, we also evaluate our method and the baseline ERM
and the top-3 arts in Table 1 in the manuscript using the larger ResNet50 backbone [9]. Results are listed in Table 3, which
are directly cited from [ 1]. We note that our method surpasses the baseline ERM model in all datasets and leads by 1.4 in
average, while the top 3 methods of the compared models (i.e. CORAL [24], SagNet [17], and SelfReg [ 1]) lead their ERM
model by 1.3, 0.9 and 0.9 in average. These results indicate that our method can consistently improve the baseline model and
perform favorably against existing arts when implemented with a larger ResNet50 backbone.



Table 2. Comparison between different invariance constraint and mean value updating schemes in the unseen domain from the PACS
benchmark [13]. Here the “Z”, “O”, and “R” denotes the feature-invariance, logits-invariance, and the proposed rationale invariance
constraints. The reported accuracies (%) and standard deviations are computed from 60 trials in each target domain.

Invariance Target domain
Models Z O R Art Cartoon Photo Sketch Ave.
ERM - - —1] 780£13 734+08 941+£04 736+£22 798+04
W/ fea. v o — —| 823£04 743+£10 943+04 73.6x+£13 81.1£0S5
W/ log. - v — ] 8194+05 755+£05 948+£02 7394+13 81.54+03
W/fea&log. v v — | 822+10 758+06 956+04 747+08 82.1+04
Ours - - Vv | 824+£10 767£06 953+01 767+£03 828+£03

Table 3. Average accuracies on the DomainBed [8] benchmark using the ResNet50 [9] backbones. Results without  are directly cited from a
previous work [11]. Improve. denotes the average improvements with respect to the corresponding ERM model.

PACS VLCS OfficeHome Terralnc DomainNet \ Avg.  Improve.

ERM [25] 85.5+0.2 775+ 04 66.5+0.3 46.1 £ 1.8 40.9 + 0.1 63.3 -

IRM [1] 83.5+0.8 78.5+0.5 643 +2.2 47.6 +£0.8 339428 61.2 2.1
GroupGRO [22] 844+ 0.8 76.7 £ 0.6 66.0 £ 0.7 432+ 1.1 333+£0.2 60.7 -2.6
Mixup [27] 84.6 £ 0.6 774 £ 0.6 68.1 0.3 4794+ 0.8 39.2+£0.1 63.4 +0.1
MLDG [14] 8494+ 1.0 772+ 04 66.8 + 0.6 47.7 £ 0.9 41.2 £ 0.1 63.6 +0.3
CORAL [24] 86.2 +0.3 78.8 + 0.6 68.7+0.3 476+ 1.0 41.5 + 0.1 64.6 +1.3
MMD [15] 84.6 £ 0.5 77.5+ 09 66.3 £ 0.1 422+ 1.6 234495 58.8 -4.5
DANN [7] 83.6 £ 04 78.6 £04 659+ 0.6 46.7 £ 0.5 38.3+£0.1 62.6 -0.7
CDANN [16] 82.6 £ 0.9 77.5+£0.1 658+ 1.3 458 £ 1.6 38.3+03 62.0 -1.3
MTL [3] 84.6 £ 0.5 772+ 04 66.4 +0.5 456 £ 1.2 40.6 + 0.1 62.9 -04
SagNet [17] 86.3 +0.2 77.8 £ 0.5 68.1 £0.1 48.6 + 1.0 40.3 + 0.1 64.2 +0.9
ARM [28] 85.14+04 77.6 +£0.3 64.8+0.3 455+ 0.3 355402 61.7 -1.6
VREXx [12] 849+ 0.6 783+ 0.2 66.4 + 0.6 46.4 + 0.6 33.6+29 61.9 24
RSC [10] 85.2+0.9 77.1 £0.5 65.5+0.9 46.6 £ 1.0 38.9+0.5 62.7 -0.6
SelfReg [11] 85.6 04 771.8 £ 09 67.9 £ 0.7 47.04+0.3 42.8 £0.0 64.2 +0.9
ERM' [25] 83.1+£0.9 71.7+£0.8 65.8+0.3 46.5 £ 0.9 40.8 £0.2 62.8 -

Fish' [23] 84.0+0.3 78.6+0.1 67.9£0.5 46.6+0.4 40.61+0.2 63.5 +0.7
CORAL' [24] 85.0+0.4 77.940.2 68.8+0.3 46.1+1.2 41.4+0.0 63.9 +1.1
SDf [19] 84.440.2 77.6+0.4 68.91+0.2 46.41+2.0 42.0+0.2 63.9 +1.1
Ours' 84.7+0.2 77.8 0.4 68.6 + 0.2 478 + 1.1 419+ 0.3 64.2 +1.4

5. Detailed Results in the DomainBed Benchmark [8]

this section presents the average accuracy in each domain from different datasets. As shown in Table 4, 5, 6, 7, and
8, these results are detailed illustrations of the results in Table 1 in our manuscript. For all the experiments, we use the
“training-domain validate set” as the model selection method. A total of 23 methods are examined for 60 trials in each unseen
domain, and all methods are trained with the leave-one-out strategy using the ResNet18 [9] backbones.

We note the MIRO [4] method performs inferior to other arts when evaluated in the PACS dataset, this is mainly because
their approach specifically enforces similarity between intermediate features from the model and that from the pretrained
backbone, which can be detrimental to the performance when there is a significant distribution shift between the target data
and samples used for pertaining. In this case, the distribution shift is particularly noticeable between data from the ‘cartoon’
and ‘sketch’ domains and real photos in imagenet that are adopted for pretraining.



Table 4. Average accuracies on the PACS [13] datasets using the default hyper-parameter settings in DomainBed [&].

art cartoon photo sketch Average
ERM [25] 780+13 7344+£08 941+£04 73.6+22 79.84+04
IRM [1] 769+26 7514+07 943+04 774+£04 809+£0.5
GroupGRO [22] 77.7+£26 764+03 940+03 748+13 80.7 = 0.4
Mixup [27] 793+ 1.1 742+03 949403 683+27 79.2+09

MLDG [14] 78407 751£05 948+04 76.7£08 81.3+0.2
CORAL [24] 81.5+05 754+£0.7 9524+05 748+04 81.7£0.0

MMD [15] 813£06 755+£10 94005 743+15 813+0.8
DANN [7] 790+£06 725+£07 944+£05 708+£3.0 792403
CDANN [16] 804+08 737£03 9314+06 742+£17 803+05
MTL [3] 78706 734+£10 941+06 744+£3.0 80.1+0.8
SagNet [17] 829+04 732+£11 946+05 761+£18 81.7£0.6
ARM [28] 794+£06 75007 943+06 73806 80.6+05
VREX [12] 744+£07 750£04 933+£03 781+£09 802+05
RSC [10] 785+1.1 733£09 93.6+06 765+£14 80.5+02

SelfReg [11] 825+08 744£15 954£05 749+13 81.8+03
MixStyle [29] 826+12 763+£04 9424+£03 775+13 826=£04

Fish [23] 809+10 759+£04 950+04 762+£1.0 82.0+03
SD [19] 832+£06 746+£03 946+01 75116 819+03
CAD [21] 839+08 742+£04 946+04 750+£12 819+03
CondCAD [21] 79710 742£09 946+04 748+14 80.8+0.5
Fishr [20] 812+04 758+£08 943+03 738+£0.6 81.3+03
MIRO [4] 793+06 681+£25 955+03 606=£31 759+14
Ours 824+£10 76706 953+01 767+03 828=+03

Table 5. Average accuracies on the VLCS [6] datasets using the default hyper-parameter settings in DomainBed [8].

Caltech LabelMe Sun VOC Average
ERM [25] 97.7+03 621+09 703x+09 732+07 758=+02
IRM [1] 96.1 0.8 625+0.3 699+07 72014 7514+0.1
GroupGRO [22] 96.7+06 61.7+15 702+1.8 7294+06 754+£1.0
Mixup [27] 956+15 6274+04 713+03 754+£02 762+£03

MLDG [14] 958+05 633+£08 685+05 73.1+£08 752403
CORAL [24] 965+03 628+£01 69.1+£06 73810 755+04

MMD [15] 96.0+08 643+£06 685+06 708+£01 749+05
DANN [7] 972+0.1 633£06 702+09 744+£02 763102
CDANN [16] 954+12 62606 699+13 762+£05 76.0+05
MTL [3] 944+23 650+£06 69.6+06 71713 752+03
SagNet [17] 949+07 619£07 69613 752+£06 754+038
ARM [28] 969+05 619+04 71601 733+£04 759403
VREX [12] 962+00 625+13 693+09 731£12 753406
RSC [10] 962+00 636+13 698+10 720£04 754+03

SelfReg [11] 958+06 634+11 71.1+£06 753£06 764+0.7
MixStyle [29] 973+£03 61601 704+07 713£19 752+0.7

Fish [23] 974+02 634£01 715+£04 7524+£0.7 769+02
SD [19] 965+04 622+£00 69.7+09 73.6£04 755+04
CAD [21] 945+09 635+£06 704+12 724£13 752406
CondCAD [21] 965+0.8 626£04 69.1+02 760+£0.2 76.1 £0.3
Fishr [20] 972+06 63307 704+06 740£08 762403
MIRO [4] 97.5+02 620£05 713+10 748£06 764+04

Ours 96.7+05 632+£10 703+£08 734+£03 759403




Table 6. Average accuracies on the OfficeHome [26] datasets using the default hyper-parameter settings in DomainBed [5].

art clipart product real Average
ERM [25] 522+02 487405 69.9 £0.5 71.7+£0.5 60.6 £ 0.2
IRM [1] 497 +02 468 +0.5 67.5+04 68.1+0.6 58.0£0.1
GroupGRO [22] 52.6 £1.1 48.2 £ 0.9 699+04 7154038 60.6 £0.3
Mixup [27] 540+07 493407 70.7 £ 0.7 72.6 0.3 61.7 £0.5

MLDG [14] 53.1+03 484+£03 705+07 71.7£04 609+0.2
CORAL [24] 55107 497+£09 71.8+£02 731+£05 624=£04

MMD [15] 509+10 487+£03 693+07 70713 599404
DANN [7] 51.8+05 471£01 69.1+£07 702+£0.7 595+05
CDANN [16] 514+£05 469+06 684+05 704£04 593404
MTL [3] 51,615 47705 69103 71.0£06 59905
SagNet [17] 553+04 496+02 72104 732+£04 625+03
ARM [28] 51.3£09 485+04 68003 706+£0.1 59.6+03
VREX [12] 51.1+03 474£06 69.0£04 705+04 595=+0.1
RSC [10] 49.0+0.1 462+15 678+07 706=£03 584406

SelfReg [11] 551+£08 4924+06 7224+03 73.0+£03 624+£0.1
MixStyle [29] 508+06 514+11 67613 688£05 59.6+0.8

Fish [23] 546+10 496£10 713+£06 724+£02 620+£0.6
SD [19] 550£04 513+£05 725+£02 727+£03 629402
CAD [21] 521+0.6 483+05 69.7+03 719+£04 60.5+03
CondCAD [21] 533+0.6 484+02 698+09 726=£01 61.0+04
Fishr [20] 526+09 486+03 699+06 724+04 60903
MIRO [4] 574+09 495+£03 740+01 756+£02 64.1=£04
Ours 56.6 0.7 503+£06 725+£00 738+£03 633=£0.1

Table 7. Average accuracies on the Terralnc [2] datasets using the default hyper-parameter settings in DomainBed [8].

L100 L38 L43 L46 Average
ERM [25] 42.1+£25 30,1 £1.2 489+06 340%1.1 388+ 1.0
IRM [1] 41.8+1.8 290+3.6 49.6=x2.1 33.1+1.5 38.4+0.9
GroupGRO [22] 453 +46 36.1+44 51.0+0.8 33709 415+£20
Mixup [27] 494 4+20 3594+18 530+0.7 300£09 42.1+07

MLDG [14] 396 +23 332+£27 524+£05 351+£15 40.1+09
CORAL [24] 46.7+32 369+43 495+19 325£07 414%18

MMD [15] 491+12 364+£48 504+21 323+15 420£10
DANN [7] 443+36 280£15 479+10 313£06 379409
CDANN [16] 369+64 327+£62 51.1+£13 335+£05 386+23
MTL [3] 452+26 31016 506+1.1 349+£04 404=+1.0
SagNet [17] 363+47 403+£20 5254+£06 333+£13 406=%15
ARM [28] 415+45 277+£24 509+£10 296+£15 374+19
VREX [12] 480+17 411£15 518+£15 320+£12 432403
RSC [10] 428 +24 3224+£38 49.6+09 329+12 394+13

SelfReg [11] 46.1+15 345+16 498+03 347+£15 413+03
MixStyle [29] 506+19 28.00+£45 521+£07 33.0+£02 409=+1.1

Fish [23] 463+£30 29.0£1.1 527+£12 328+1.0 402+06
SD [19] 455+19 332+£31 529+07 364£08 420+1.0
CAD [21] 431+26 31.1£19 531x16 347£13 405+04
CondCAD [21] 44429 329+£25 505+13 308=£05 39.7+04
Fishr [20] 499+33 36609 498+02 342+£13 426=+1.0
MIRO [4] 46.0+0.7 344+£04 51210 33609 413+02

Ours 462+40 397+£24 53.0£06 360+£03 437+05




Table 8. Average accuracies on the DomainNet [

] datasets using the default hyper-parameter settings in DomainBed [&].

clip info paint quick real sketch Average
ERM [25] 504402 140£02 403+0.5 11.7£02 520+£02 4324+03 353+0.1
IRM [1] 432+09 126+03 350+14 99+04 434 +30 3844+04 304£1.0
GroupGRO [22] 38.24+0.5 13.0+£03 28.7+£0.3 82+0.1 434+£05 337400 275+0.1
Mixup [27] 48.9 + 0.3 13.6+03 395+0.5 109+04 499+£02 412+02 34.040.0
MLDG [14] 51.14+03 141+03 40.7+03 11.7 £ 0.1 523+03 427+£02 3544+0.0
CORAL [24] 512402 154+£02 420402 127401 520+03 434+00 36.1+£02
MMD [15] 16.6 =133 03+£00 128+104 03+00 1714137 04+£0.0 79+6.2
DANN [7] 450+02 128+02 360+02 104+03 467+03 380+£03 31.5+0.1
CDANN [16] 453+02 126+02 366+02 103+04 475+£01 389+04 31.84+02
MTL [3] 50.6 +£0.2 140+04 396+03 120+ 03 52.1+£0.1 415+£00 35.0£00
SagNet [17] 51.0 £ 0.1 146+0.1 402402 121 +02 515+03 424+0.1 353 +0.1
ARM [28] 43.0+02 11.74+£02 346+0.1 98 £04 432+03 370403 299+0.1
VREXx [12] 3924+16 119+£04 312+13 1024+04 415+18 348+0.8 28.1+1.0
RSC [10] 39.5 + 3.7 114408 305+£3.1 1024+08 410£+14 347+£26 279420
SelfReg [11] 47.9 £0.3 1514+03 4124+£02 11.7+£03 488+00 438+03 347+02
MixStyle [29] 49.1 £04 134+00 393+0.0 114+04 477+03 427+0.1 339+ 0.1
Fish [23] 51.5+03 145+02 404403 11.7£05 526+02 42.1+0.1 3554+0.0
SD [19] 51.34+03 1554+01 415£0.3 126 202 529402 440+£04 363+02
CAD [21] 454+10 1214+£05 349+1.1 1024+06 451+1.6 385+06 31.0+0.38
CondCAD [21] 46.1+1.0 133+04 361+14 107+02 468+13 387+£07 319407
Fishr [20] 47.8 £0.7 146+02 400+03 119+02 492+07 41.7+0.1 3424+03
MIRO [4] 509+02 156+£0.1 419404 1044+0.1 551+01 425+03 36.1+0.1
Ours 50.24+0.3 1594+0.1 420=£0.5 126 202 513401 438+03 36.0+02
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