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1. Potential Negative Societal Impacts

Our work focuses on domain generalization and attempts
to excavate the intrinsic causal mechanisms from a causal
view, which further enhances the generalization capability
of the learned model on OOD distribution. This approach
exerts a positive influence on the society and the community
for saving the cost and time of data annotation, boosting
the reusability of knowledge across domains, and greatly
improving the generalization ability. However, this work
may also suffer from some negative impacts, which is worthy
of further research and exploration. Specifically, more jobs
of classification or target detection for conditions that out of
the support of observed data distributions may be cancelled.
What’s more, we need to be cautious about the reliability of
the system, which might be misleading when using in some
conditions that are very far from the observed distributions.

2. Implementation Details
2.1. Z-score Normalization

As mentioned in the section Causal Intervention Module,
before measuring the correlation of representations before
and after the intervention upon non-causal factors, we con-
duct Z-score normalization on the columns of representa-
tions R° € R?*Y and R® as follows, which can convert
data of different orders of magnitude into unified Z-score
measurement for fair comparison:
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where 77, 7; denote the i-th column of R” and R respec-
tively.

2.2. Gumbel-Softmax Trick

We apply the commonly-used Gumbel-softmax [9] trick
to approximately sample a k-hot vector, where k = | kN | €
Z,. Specifically, in Eq. (12), let z = @(r) € RY be
a probability vector, where for j € {1,...,N}, z; 2 0
and Zj z; = 1. Then we define the sampled vector

m = Gumbel-Softmax(w(r), sxN) € R", where for a pre-
definedT > 0,5 € {1,...,N},l € {1,...,k},

exp((log z; + f;)/T)
max N 1 ’
le{1,....k} Zj’:l exp((log z; + §j,)/T) (2)
!

§ = —log(—loguz), ué ~ Uniform(0,1).

m;

We follow a common setting [4] to let 7 = 0.5.

2.3. Network Structure

For Digits-DG, the network is the same as [25] which
constructs the network with four 3 X 3 convolutional lay-
ers (each followed by ReLU and 2 X 2 max-pooling) and
a softmax classification layer, denoted as ConvNet. As for
PACS and Office-Home, we adopt ResNet [7] pre-trained
on ImageNet [5] as the backbone. And the masker is imple-
mented by a 3-layer MLP which is randomly initialized. For
fairness, the feature dimension NN is 256, 512, and 2048 for
the experiments with backbone ConvNet, ResNet-18, and
ResNet-50 respectively following previous works.

3. Additional Results

3.1. Sensitivity to Feature Dimension

To analyze the influence of feature dimension, we first
conduct experiments for different feature dimensions N =
{128,256,512,1024, 2048} with a fixed k = 60% on PACS
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Figure 1. More examples of the visualization explanation on PACS dataset, with Cartoon, Photo, Sketch as the unseen target domain

respectively for baseline (i.e., DeepAll) and CIRL methods.

Table 1. Model performance sensitivity to feature dimension
(ResNet-18).

N | Art  Cartoon Photo Sketch | Avg.

128 85.9 80.1 95.9 82.6 86.12
256 85.8 80.2 96.4 82.6 86.25
512 86.1 80.6 95.9 82.7 86.32
1024 | 859 80.4 95.7 82.7 86.17
2048 | 86.0 80.2 96.3 824 86.23

to explore the influence of feature dimension on model
performance, as Table 1 shows. It is clear that the perfor-
mance of model remains relatively stable when the feature
dimension varies, which demonstrates the stability of our
method. And then we conduct experiments for fixed fea-
ture dimensions N = 512 and N = 2048 with different
k = {50%, 60%, 70%, 80%, 90%} on PACS to investigate
the influence of feature dimension on the choice of x, the
results are shown in Table 2. We can see that x is shown not
sensitive to feature dimension, = 60% is a stable choice
for different feature dimensions.

3.2. Sampling Strategies for Amplitude Mixing

Table 2. k selection sensitivity to feature dimension (ResNet-18).

K | Art  Cartoon Photo Sketch | Avg.
N =512
50% | 85.5 79.5 96.2 82.0 85.80
60% | 86.1 80.6 95.9 82.7 86.32
70% | 85.7 80.8 95.8 82.1 86.13
80% | 854 79.6 95.6 81.8 85.60
90% | 85.3 79.6 95.6 81.4 85.48
N = 2048
50% | 85.7 79.8 96.2 82.6 86.08
60% | 86.0 80.2 96.3 82.4 86.23
70% | 85.6 80.1 96.0 81.7 85.85
80% | 84.7 78.9 95.9 82.1 85.40
90% | 84.6 79.7 95.8 81.3 85.35

In the causal intervention module, we mix amplitude
spectrum of a specific image and another image sampled
randomly from arbitrary source domains. Nevertheless, we
can also restrict the sample pair to be taken from the same
domain (intra-domain) or different domains (inter-domain).
To explore the effect of different sampling strategies, we



Table 3. Impact of sampling strategies for amplitude mixing.

Sampling Strategy ‘ Art  Cartoon Photo  Sketch ‘ Avg.
intra-domain 84.92  80.76 9623  82.77 | 86.17
inter-domain 8545  79.93 96.53  82.14 | 86.01
random 86.08 80.59 9593  82.67 | 86.32

Table 4. Leave-one-domain-out results on mini-DomainNet with
ResNet-18.

Method ‘ Clipart Painting Real Sketch | Avg.
ERM [21] 65.5 57.1 62.3 57.1 60.50
DRO [18] 64.8 574 61.5 56.9 60.15
Mixup [24] 67.1 59.1 64.3 59.2 62.42

MLDG [11] | 657 570 637 581 | 61.12
CORAL[I6] | 665 595 660 59.5 | 62.87
MMD [10] 65.0 580 638 584 | 61.30
MTL [2] 65.3 590 656 585 | 62.10
SagNet [15] | 65.0 581 642 581 | 6135
CIRL (ours) | 70.2 629 678  63.6 | 66.13

conduct experiments by using only intra-domain or inter-
domain strategy on PACS with ResNet-18, as Table 3 shows.
As we can see, CIRL is shown not sensitive to the sampling
strategies. Whether intra- or inter-domain sampling strategy
brings a good performance, and using a fully random strategy
works best, perhaps because more causal interventions are
conducted which leads to extracting better causal features.

3.3. Experimental Results on mini-DomainNet

Note that the benchmarks used for experiments in the
main body are all relatively small-scale datasets, which may
be fairly saturated in performance so that the improvement
of our CIRL seems to be incremental. Thus, we addition-
ally carry out experiments on a large-scale dataset mini-
DomainNet following [27] which has 140K images with 126
classes. The results are shown in Table 4, we can see that
CIRL outperforms the SOTA method by a large margin of
3.26%, which validates our superiority.

3.4. More Examples for Visual Explanation

We present more examples of attention maps of the last
convolutional layer for baseline (i.e., DeepAll) and CIRL
methods in Fig. 1, utilizing the visualization technique
in [19]. As we can see, in all the tasks, the representations
learned by CIRL precisely capture the category-related in-
formation of different objects that contributes to the classifi-
cation, while the representations learned by baseline method
contain many noisy information such as background that
leads to wrong predictions.

3.5. Experimental Results with Error Bars

For the sake of objective, we run all the experiments
multiple times with random seed. We report the average

results in the main body of paper for elegant, and show the
complete results with error bars in the form of meanzstd
below (Table. 5,6,7,8).
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