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Abstract

Existing video-audio understanding models are trained and
evaluated in an intra-domain setting, facing performance de-
generation in real-world applications where multiple domains
and distribution shifts naturally exist. The key to video-
audio domain generalization (VADG) lies in alleviating spu-
rious correlations over multi-modal features. To achieve this
goal, we resort to causal theory and attribute such correla-
tion to confounders affecting both video-audio features and
labels. We propose a DeVADG framework that conducts
uni-modal and cross-modal deconfounding through back-
door adjustment. DeVADG performs cross-modal disentan-
glement and obtains fine-grained confounders at both class-
level and domain-level using half-sibling regression and un-
paired domain transformation, which essentially identifies
domain-variant factors and class-shared factors that cause
spurious correlations between features and false labels. To
promote VADG research, we collect a VADG-Action dataset
for video-audio action recognition with over 5,000 video clips
across four domains (e.g., cartoon and game) and ten action
classes (e.g., cooking and riding). We conduct extensive ex-
periments, i.e., multi-source DG, single-source DG, and qual-
itative analysis, validating the rationality of our causal analy-
sis and the effectiveness of the DeVADG framework.

Introduction

Recent Al research (Zhuang et al. 2020) reveals that jointly
exploiting video and built-in audio information can facili-
tate video understanding (Sun et al. 2020; Wu and Yang
2021; Zhao et al. 2020b; Li et al. 2022¢,b; Zhang et al.
2020b; Jiang et al. 2022). Most video-audio understanding
models are evaluated on independent and identically dis-
tributed training/testing data samples. However, real-world
platforms (e.g., YouTube) typically have diversified video
domains such as advertisement, cartoon, game, and movies.
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Figure 1: Causal graphs of (a) traditional intra-domain learn-
ing; (b) domain-invariant representation learning, which
blocks incoming and outgoing effects of domain-variant fea-
tures; and (c) the proposed DeVADG, which blocks the
back-door paths through domain-variant and class-shared
features with deconfounding. The transition from a solid line
to a dotted line indicates blocking the direct effect.
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Existing video-audio understanding models fail to gener-
alize well across diverse domains, encountering a sharp
performance drop compared to intra-domain settings (c.f,
Table 1). Inferior generalization limits the application of
video-audio understanding tools in super video platforms,
at the risk of hurting the experience of users with diversi-
fied interests beyond major domains. In this paper, we take
video-audio action recognition as an example to investigate
the video-audio domain generalization problem, where the
models are tested in unseen domains.

The open-ended and challenging nature of generic do-
main generalization has lent itself to diverse models (Li
et al. 2022a; Yuan et al. 2021a,c), including domain align-
ment (Motiian et al. 2017; Zhao et al. 2020a), self-
supervised learning (Mahajan, Tople, and Sharma 2021;
Kim et al. 2021), and meta-learning based techniques (Du
et al. 2021; Xu et al. 2020). Many existing works focus
on mining domain-invariant features and thus blocking the
impact of domain-variant features that hinder the gener-
alization across domains. However, they are vulnerable to



Intra-domain A, +A. C.—C. G, —G. M, =M,
SlowFast 56.02 50.14 71.83 60.81
DG CGM —-A AGM —-C ACM -G ACG—M
SlowFast 23.09 25.25 27.32 17.39

Table 1: Video-audio action recognition with SlowFast
model (Xiao et al. 2020; Feichtenhofer et al. 2019) in
intra-domain and DG settings with Advertisement, Cartoon,
Game, and Movie domains. r and e denote train and test sets.

information loss due to disregarding domain-variant fea-
tures, which might also affect the label. For example, in
playing-instrument videos, there are significantly more pi-
anos in the movie domain, and more guitars in the adver-
tisement domain. As such, instrument-related features might
be recognized as domain-variant features and disregarded.
Moreover, the existing DG techniques will over-emphasize
some domain-invariant features, leading to biased predic-
tions (Tang, Huang, and Zhang 2020). For example, the ac-
tion feature put sth. near the mouth is domain-invariant for
the eating action, but models often relate this feature to the
playing-instrument (harmonic) action with high confidence
(c.f., Figure 8). Besides, most DG techniques are designed
for single-modal scenarios, directly applying them to VADG
will neglect the cross-modal correlations. Domain general-
ization with multi-modal data is still ripe for exploration.

We analyze the VADG problem from a causal perspective
and abstract the causal relations in Figure 3, where the la-
bel (V) is affected by the semantic features (1) obtained by
domain-variant features (X,) and domain-invariant features
(X* and X.). We recognize that domain-level confounders
(Z4) affect both video-audio features (X) and labels (V).
For example, the intention of advertisement videos is mostly
persuasion or attraction, causing running (Y’) videos to have
a more colorful appearance and more passionate sounds
(X). Domain-level confounders tend to bring spurious cor-
relations between features (e.g., passionate sound) and the
label (e.g., running). As the distribution of domain-level
confounders varies across domains, such correlations can
hardly generalize (e.g., cartoon running videos with peace-
ful sound). Discarding the domain-variant features is at risk
of missing the associated semantic features (M). As such,
VADG has to block the back-door path (X < Z; — Y)
while reserving the interaction of features (Xg; — M <+
X*/X_.). Furthermore, some domain-invariant and class-
shared features (X, e.g., put sth. near the mouth is a fea-
ture shared by eating and playing-harmonic actions) might
be spuriously correlated with labels due to class-level con-
founders (Z.), leading to bias issues (c.f., Figure 8). As such,
VADG should also block the back-door path (X < Z.—Y).

To achieve the goal, we propose a deconfounded video-
audio domain generalization framework, namely DeVADG,
which performs back-door adjustment over the confounders
Zq and Z, to estimate the causal effect P(Y |do(X)). To ac-
quire Z4 and Z., we propose cross-modal confounder disen-
tanglement at the domain level and class level. Specifically,
domain-level confounders should represent the domain char-
acteristics that make them distinct from other domains. To
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capture domain-specific characteristics, we train domain
transformation networks which should adequately modify
domain-specific characteristics in order to fool domain-
specific discriminators. As such, modified features could
serve as domain-level confounders. Furthermore, we refer
to factors that cause the features of different classes as the
class-level confounders, which are likely to bring spurious
correlations features and a false class label. Technically, we
leverage half-sibling regression (Scholkopf et al. 2016) for
disentanglement. Both half-sibling regression and domain
transformation are performed over multi-modal features to
achieve uni-modal and cross-modal disentanglement.

To the best of our knowledge, we take the initiative to
investigate the video-audio DG problem. There is a lack
of public video datasets with both audio information and a
clear domain gap. We thus collect a VADG dataset, named
VADG-Action, with four distinct domains, advertisement,
cartoon, game, and movie. There are 5,318 video clips be-
longing to ten action classes (e.g., cooking). To summarize,
this paper makes the following key contributions:

We analyze and address the video-audio domain general-
ization problem from a causal view, which receives little
scrutiny in the domain generalization field.

We disentangle fine-grained confounders at class-level
and domain-level for more accurate back-door adjustment.

We collect the VADG-Action dataset to promote DG re-
search. Extensive experiments reveal the rationality of the
analysis and the effectiveness of DeVADG.

Related Works

Domain Generalization. Diverse models are developed to
improve model generalization to unseen domains (Matsuura
and Harada 2020; Yuan et al. 2022, 2021b), managing novel
situations (Qian et al. 2022) and data samples (Chen et al.
2022a,b). Techniques could vary among meta-learning (Du
et al. 2020; Li et al. 2019a,b), self-supervised learning (Jeon
et al. 2021), domain alignment (Li et al. 2018; Motiian et al.
2017), and regularization (Liu et al. 2021; Wang et al. 2021,
2019). Typically, SelfReg (Kim et al. 2021) minimizes the
distance between the inter-domain intra-class data samples,
and generates new positive views by feature interpolation.
CausalMatch (Mahajan, Tople, and Sharma 2021) employs
contrastive learning with matched samples as positives, and
updates the matched pairs per epoch. We differ from exist-
ing works by alleviating spurious correlations, and incorpo-
rating deconfounding techniques from the causal theory. We
do not discard domain-variant features, which might help
discover post-interaction knowledge (Pan 2020), but iden-
tify the causal effects between features and the outcome.

Causality in Vision. Causal inference is a powerful tool for
alleviating spurious correlations and identifying the causal
effects that are robust and generalizable (Kuang et al. 2020).
In computer vision, existing works that exploit causal infer-
ence concern object tracking (Xu et al. 2018), recognition
(Lopez-Paz et al. 2017), localization (Yang et al. 2021a),
question answering (Li et al. 2022d; Zhong et al. 2022),
generation (Kocaoglu et al. 2018; Yang, Zhang, and Cai
2020), and representation learning (Wang et al. 2020; Zhang
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Figure 2: Overall schematic of confounder disentanglement.

et al. 2020a; Yang et al. 2021b). Different from many exist-
ing works that exploit off-the-shelf features as confounders,
we propose to explicitly disentangle confounders in a cross-
modal manner, potentially leading to more fine-grained and
accurate deconfounding.

Methods

Problem Definition. Let A" be the video-audio joint feature
space, and ) the outcome (label) space. A domain is defined
as a joint distribution Pxy on &’ x ). A model is defined as
f: X — Y, and aloss function is defined as £ : ) x ) —
[0, 00). In VADG, we are given K distinct source domains,
S={S k}szl , where each source domain accompanies i.i.d.

N
data samples Sy, = {( AL y(k))}v * drawn from the

’al rJ
domain-specific data distribution P)(ﬂ)/ (k) and a( ) are the
visual and audio raw information, respectlvely, in the ¢-th
video of the k-th domain. The goal of VADG is to learn a
model f using labeled data in S such that f can generalize
well to an unseen target domain 7. Both features and labels

in T are unavailable during training. P{"). P)(g,), Vk, k' €
{1,....,K}andk # k. PT, # P{) vk e {1,... K}.

Back-door Adjustment

As illustrated in the Introduction, one of the evils that hinder
the generalization in DG is the confounding effect through
the back-door path (X < Z — Y') between the video-audio
features X and the label Y, which leads to spurious correla-
tions and is hard to generalize to new domains. To accurately
identify the causal effects from features to the outcome, we
borrow the back-door adjustment technique from causal the-
ory (Neuberg 2003). The essence of back-door adjustment
is to cut the path X <— Z such that the obtained effects all
come from the direct effect X — Y. The cut operation is
formally referred to as the do-operation. Originally, the con-
ventional likelihood can be written as:

PY|X)=) PY|X2)P(z|X), (D
where z indicates a particular confounder sampled from the
confounder space Z. We use the Bayes rule to introduce Z

in the equation. By using the do-operation, the intervened
likelihood can be derived as follows:

P(Y | do(X ZPY|d0
:Z P(Y | X,2)P(z),

,2)P(z | do(X))
@)
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Figure 3: Overall schematic of confounder disentanglement.

where the proof of transitions P(Y | do(X),z) = P(Y |
X, z)and P(z | do(X)) = P(z) can be found in (Aronow
and Sivje 2020), which is omitted here for brevity. The
essence of the transition from Equation (1) to Equation (2) is
the transformation of the conditional probability P(z | X)
to the prior probability of confounders P(z). Intuitively, this
transformation cut the path X <— Z such that P(Y | do(X))
models the direct effect X — Y. The expectation calcula-
tion is intractable due to the large confounder space Z and
the expensive modeling of P(Y | X, z) per z. Therefore, we
employ Normalized Weighted Geometric Mean (NWGM)
(Wang et al. 2020) for approximation:

P(Y [ do(X)) = E. [P(Y | X, z)]
= E, [softmax (g(v, a,2z))] ~ softmax (E, [¢(v, a,2)]),
3)
where P(Y | X, z) is modeled with a classification network
g(+) that takes the video feature v, the audio feature a, and
the confounder feature z as inputs, followed by a softmax
layer to obtain the probabilities. Video-audio features are ob-
tained by a video-audio encoding backbone v,a = h(v,a),
where v and a are raw video and audio input. NWGM es-
sentially moves the expectation operation into the softmax
operation. We then model the expectation as follows:

E. [9(v,a,2)] = W1 |v]a| 3

where || denotes the concatenation operation, and ¢ is a scor-
ing function for confounder selection, inspired by (Wang
et al. 2020). In practice, the prior p(z) is a uniform distri-
bution and ¢(z, v, a) is implemented as:

exp(W,v - W,.z) exp(Wya - W,.z)
2> exp(Wyv-W,.z') 23 exp(Wya- W,.z')’
®)

where - denotes the dot product, and W,, W, W,. . W,
are trainable matrices for feature projection. The remaining
problem is how to determine the confounders Z. In this pa-
per, we propose to disentangle potential confounders in a
cross-modal manner at the class-level and the domain-level.

z)zp(z,v,a)| ,

“4)

Class-level Disentanglement

Recall that class-level confounders lead to spurious corre-
lations between video-audio features and other classes. As
a proxy, we propose to disentangle confounders that affect
the video-audio features of different classes. Specifically, the
causal graph at the class level can be depicted as the top
part of Figure ??, where C,, and C,, represent the class-
specific factors of two different classes, X¢ and X» rep-
resent features of data samples from these classes, and Z.



represents the class-level confounders. C,,, — X% and
Z, — X% mean that features of data samples are affected
by the class-specific factors C' and class-level confounders
Z. that could affect different classes. We assume that C,,, is
independent from C), because they are class-specific factors.
With such a causal graph, we can disentangle Z,. from X~
and X©» using half-sibling regression (HSR) (Scholkopf
et al. 2016). Technically, we can estimate a weight matrix
W, » such that:

X = XO"W,, (©6)

using ridge regression:
-1
W= ((X) X 4, ) (X)X, ()

where X denotes the features of all data samples in class
m, and «, ,, is the regularization constant in ridge regres-
sion. Due to the independence of C,,, and C),, the regression
results can be identified as confounders according to HSR:

®)

Intuitively, since we can never predict C,, using X (e.g.,
predicting cooking using a running video), the regression re-
sults would solely capture Z.. In video-audio action recog-
nition, the features of data samples (e.g., XC"") includes
video features V& and audio features A“™. We consider
both the uni-modal HSR and the cross-modal HSR across
classes, as depicted in the bottom part of Figure ??. For-
mally, the class-level confounders can be obtained as fol-
lows:

Z(; = {Z:;nvn;m7n S [1, J], m # n}’ Where Z’Ig’b,n:

{®.(U},Uy); Uy € {VEm A} Uy € {VT A1].
)
Implementation. In practice, we leverage the video-audio
backbone of AVID (Morgado, Vasconcelos, and Misra 2021)
that is pretrained on the Kinetics dataset (Kay et al. 2017) to
extract video features V¢ and audio features A per class.
Upon the confounders Z., we perform K-means (KM) clus-
tering and select the V. clustering centroids as the class-
level confounders Z,. The advantage of clustering is to re-
duce redundancy and obtain representative confounders.

Z" = § (X, X9) = XOm W, ..

Domain-level Disentanglement

Domains are natural confounders that bring spurious cor-
relations between in-domain video-audio features and class
labels. We propose to disentangle domain-specific charac-
teristics to represent domains, and refer to them as poten-
tial domain-level confounders. Inspired by Generative Ad-
versarial Networks (Goodfellow et al. 2014), we train one
discriminator per domain, which evaluates whether a video-
audio feature is from this domain according to the domain-
specific knowledge. In addition to discriminators, we train
one generator per paired domains to conduct unsupervised
domain-transformation. In particular, we employ the Cycle-
GAN (Zhu et al. 2017) architecture, where the cycle con-
sistency could help ensure that the transformed sample is
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mostly similar to the original one. Intuitively, the trans-
formed factors should be domain-specific characteristics,
otherwise the generator cannot fool the domain discrimina-
tors. The objective for training the generators and discrimi-
nators is given by:

_ ESm,—>Sn

£(Gm,n7Gn,m7Dm7Dn) GAN (Gm,nyDn>Sm75n)

+ ‘Cg”A?\ISW (Gn,ma Dm7 Sna Sm) + )\Lcyc(Gm,na Gn,m%ao

(10)
where S, and S, are two different domains. G, , and
Gy,m denote the domain transformation generators for
Sm — Sp and S, — S, respectively. Dg, and Dg,
denote the domain-specific discriminators. In essence, Cy-
cleGAN simultaneously performs the forward transforma-
tion S,, — S, and the backward transformation S,, — S,
while ensuring the data samples .S,,, obtained from the back-
ward transformation are similar to that of the original S,,,
i.e., Loye(Gmon,Gnm). The details of losses Loan and
Ly can be found in (Zhu et al. 2017). We then obtain the
difference between the original feature and the feature after
transformation as transformed factors:

Z" = @q(X5, X5) = G (X5) = X5, (1)

where X %= denotes the video-audio features from do-
main S,,, and Z;n’n denotes the transformed factors, which
are potential domain-specific characteristics necessary to
fool Dg,. ®4(X%", X5) means that using X°m, X" to
train domain generators/discriminators, and then obtaining
the transformed factors. Similar to class-level disentangle-
ment, we consider both uni-modal transformation and cross-
modal transformation across domains.

Zy={Z}"";m,ne[1,K|,m#n}, whereZ]""

{®4(U;,Uy); Uy € {VIn A5} Uy € {VIn AS1).
(12)
Implementation. We use the same backbone introduced in
Section for obtaining V* and A per domain. The Cycle-
GAN network includes MLP-based generators and discrim-
inators with video-audio features as input. Likewise, we per-
form K-means on Z,4, resulting in total N,, clustering cen-
troids as the disentangled domain-level confounders Za4.

Model Training

In summary, to achieve deconfounded training, we firstly
employ a pretrained video-audio backbone for video-audio
feature extraction, and then disentangle class-level con-
founders Z, using half-sibling regression (c.f. Section ). We
train domain discriminators for each domain and domain
transformation generators for each paired domains, and dis-
entangle domain-level confounders Z4 (c.f. Section ). Upon
the disentangled confounders Z = Z. U Zg, we perform
back-door adjustment to rectify the biased video-audio ac-
tion recognition with Equation (3). We use cross-entropy
loss for optimizing the video-audio feature extraction back-
bone h and the predictor g:

* h* = arg min Lee(U,y), 13

g gn Y Leeliy) (13)
(v,a,y)ES

§ = softmax(E,ez [g(v,a,2)]), v,a=h(v,a), (14)



where v and a denote the video and audio raw data.

Experiments
Experiment Details

Dataset. To the best of our knowledge, we take the initia-
tive to investigate VADG, and there are no publicly available
datasets accommodating this research. To facilitate evalua-
tion, we collect the VADG-Action dataset containing four
distinct domains, ten classes, and 5,318 video-audio clips.
Evaluation. We mainly adopt the leave-one-domain-out
evaluation protocol widely used in many other multi-source
domain generalization tasks (Jeon et al. 2021; Zhou et al.
2021). As for evaluation metrics, we follow (Morgado, Vas-
concelos, and Misra 2021) to report the top-1 accuracy and
top-5 accuracy for clip-level and video-level predictions,
ie., Clip@] (C@1), Clip@5 (C@5), Video@1 (V@1), and
Video@5 (V@5).

Baselines. To have a comprehensive evaluation, we con-
sider the three kinds of state-of-the-art methods as baselines:

SlowFast (SF) (Xiao et al. 2020; Feichtenhofer et al.
2019) is a publicly available video-audio action recogni-
tion baseline.

Video-audio Representation Learning Methods learn
generalizable representations. We incorporate AVID, and
CMA (Morgado, Misra, and Vasconcelos 2021; Morgado,
Vasconcelos, and Misra 2021).

Domain Generalization Methods. 1) Invariant Risk Min-
imization (IRM) (Arjovsky et al. 2019), which learns sta-
ble properties and invariant causal predictors from mul-
tiple environments. 2) SelfReg (SR) (Kim et al. 2021),
which pulls samples belonging to the same class, and
constructs positive views with feature interpolation; 3)
CausalMatch (CM) (Mahajan, Tople, and Sharma 2021),
which iteratively updates the positive matches for each
data sample, and distinguishes them from other data sam-
ples with contrastive learning.

Overall Comparison (RQ1)

Multi-source Domain Generalization. Table 2 lists results
of DeVADG and baselines across different source-target do-
main settings. Not surprisingly, the vanilla video-audio ac-
tion recognizer model (SlowFast) achieves inferior results
when tested on unseen domains. Video-audio representation
learning techniques (AVID, CMA) substantially outperform
SlowFast. Task-agnostic self-supervised learning has the ad-
vantage of learning fundamental and potentially generaliz-
able spatial-temporal structures and video-audio matching.
However, these models neglect the domain gaps and the do-
main knowledge, thus failing to identify and alleviate spu-
rious correlations among domain-variant features and la-
bels. By explicitly considering the domain labels, SelfReg
and CausalMatch construct domain-related self-supervised
learning objectives, such as cross-domain contrastive learn-
ing. These two models and IRM learn domain-invariant fea-
tures and disregard many others in the representation space,
which can better generalize across domains.
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SF AVID CMA IRM SR CM DeVADG

C@1 1557 27.72 23.74 28.78 26.85 29.00 30.33*
C@5 71.03 79.68 69.17 79.81 78.43 8120 82.13*

A V@l 23.09 3041 28.66 33.09 27.65 3295 33.89%
V@5 73.16 80.99 77.14 81.86 80.04 84.18  85.41%*
Sum 182.85 218.80 198.71 223.54 212.97 227.33 231.76*
C@1 14.89 26.72 26.08 29.90 3143 31.7 32.35
C@5 6557 73.64 68.64 79.12 79.92 80.53 81.5%

C V@1 2525 28.13 3245 34.12 34.82 36.00 37.19*%
V@s 7044 7423 77.51 81.13 81.48 82.17  83.70%
Sum 177.15 202.73 204.68 224.27 227.65 230.4 234.74*
C@l 15.67 35.11 29.60 33.76 35.89 32.78 35.82
C@5 71.55 7840 7155 80.26 77.11 7822  80.80*

G V@l 2732 36.86 345 35.63 37.81 3648  38.94%
V@5 7524 7930 7524 82.14 77.98 79.02 82.23
Sum 189.78 229.67 210.88 231.79 228.78 226.5 237.79*
C@1 1699 2324 3242 31.54 33.54 3429 35.11%
C@s5 71.76 745 7636 82.69 82.65 83.61 84.37*
MV@l 1739 2426 3898 34.00 3690 3697  40.64*
V@s 72.03 75.60 82.58 84.31 8542 8590 87.97*
Sum 178.17 197.60 230.34 232.54 238.51 240.77 248.09*

Table 2: Results of DeVADG and video-audio recognition/
representation-learning/DG baselines in four multi-source
DG settings. For each setting, we list the testing domain
(e.g., A), and omit the training domains (e.g., CGM). We
conduct two-sided t-tests and * indicates that the improve-
ments over the strongest baseline are statistically significant
with p-value < 0.05 under 5 independent runs.

245 -—-°— Object-V ®— Class-V
Coarse-V —#— Class-A
2401 -t+- Coarse-A Class-VA
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Figure 4: Comparison with coarse-grained deconfound-
ing. Coarse-V/A and Class-V/A denote deconfounding with
coarse-grained video/audio confounders and class-level dis-
entangled video/audio confounders. Object-V denotes de-
confounding with Rol object confounders.

DeVADG consistently achieves the best results across
different source-target domain settings and different met-
rics in most cases. Different from many state-of-the-art do-
main generalization baselines, DeVADG does not disre-
gard domain-variant features in video-audio representation,
which permits feature interaction and helps to mine action-
related high-level semantic knowledge. Instead, DeVADG
identifies the causal effects from all features to the outcome
(action labels) via deconfounding, where the spurious corre-
lations between the domain-variant features and other labels
cannot affect the prediction. These results demonstrate the
rationality of our analysis, and the merits of DeVADG on
video-audio multi-source domain generalization.



Acc Sum (Absolute gain from Base)
A G C
A 218.0 204.9 203.2
(+3.27%) (+12.31%) (+6.83%)
M 211.94 219.2 209.85
(+ 4.36%) (-0.24) (+3.16%)
G 200.12 218.82 207.99
(+4.67%) (+4.68%) (+6.07%)
C 207.03 215.9 214.78 )
(-1.85) (+13.53%) (+5.32%)

Table 3: Comparison between DeVADG and the Base model
in single-source DG settings. Rows and columns represent
the source and the target domains, respectively.

Comparison with Coarse-grained Deconfounding. Previ-
ous deconfounding methods typically leverage features ex-
tracted by off-the-shelf feature extractors as confounders.
We construct coarse-grained confounders by extracting
video-audio features using the backbone described in Sec-
tion , and following (Yang et al. 2021b) to perform K-
means on these features to have 500 centroids. We also fol-
low (Wang et al. 2020) to construct Rol object confounders.
For a fair comparison, we solely consider class-level con-
founders in DeVADG since domain-level confounder dis-
entanglement requires domain labels. According to Figure
4, we find that DeVADG consistently outperforms the de-
confounding with either coarse-grained video/audio con-
founders or Rol object confounders in most cases, demon-
strating the effectiveness of DeVADG. Another finding is
that more fine-grained confounders (Videos — Rol objects
— Disentangled factors in DeVADG ) mostly lead to better
performance, demonstrating the rationality of confounder
disentanglement for VADG.

Single-source Domain Generalization. Besides multi-
source domain generalization, we are interested in whether
DeVADG can be effective in single-source settings where
we solely have access to data samples from one domain
during training. Table 3 shows the results where rows and
columns represent the source and target domains, respec-
tively. Note that the domain-level confounder disentangle-
ment in DeVADG relies on multiple domains. Therefore, we
solely leverage the class-level confounders of two modalities
for deconfounding. Nevertheless, DeVADG achieves consis-
tent performance gains over the Base model in most cases.
The Base model is constructed by removing the deconfound-
ing operation from DeVADG. The results basically reveal
that DeVADG is consistently effective in single-source do-
main generalization settings with class-level deconfounding,
which further demonstrates the practical value of DeVADG
in complex real-world scenarios.

Model Analysis (RQ2)

Ablation Study. To have a comprehensive understanding
of the disentangled confounders, we progressively remove
confounders of different levels from DeVADG, and con-
struct different variants, and evaluate their performances.
The analysis results of class-level (left) and domain-level
(right) multi-modal deconfounding are shown in Figure 5.
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Figure 5: Ablation studies on the disentangled video-audio

confounders at the class-level and the domain level.
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Figure 6: Ablation studies on the disentangled video-audio
confounders in class-domain joint deconfounding.

We discuss the empirical performance of deconfounding
with uni-modal and multi-modal confounders. For example,
Base indicates the model without deconfounding, Audio-
De indicates deconfounding with audio confounders at the
class level, VA-De indicates deconfounding with video-
audio confounders at the class level. According to the re-
sults, we observe that 1) deconfounding with any kind of
confounders could bring substantial improvements to the
Base model, which demonstrates the rationality and effec-
tiveness of confounder disentanglement; 2) each kind of
confounders contributes quite differently to the final effec-
tiveness w.r.z. different source-target domain settings, which
is reasonable since the factors that cause the spurious corre-
lations are different for different domains.

The analysis results of class-domain multi-modal joint de-
confounding are shown in Figure 6. For example, A-V in-
dicates deconfounding with class-level audio confounders
and domain-level video confounders. We find that model-
ing more confounders (e.g., V-V — V-AV) could mostly im-
prove the performance, which again validates the merits of
DeVADG. For brevity, we omit the results on their source-
target domain settings, where we have similar observations.

Analysis of the Number of Confounders. We are inter-
ested in whether and how the number of class-level and
domain-level confounders N., N,, affects the effectiveness
of DeVADG. Towards this end, we keep N, = N,,, vary
them in the range {5, 20, 50, 200, 500}, and obtain their em-
pirical performance in different source-target domain set-
tings. We report the sum of four metrics (Clipl, Clip5,
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Figure 7: Analysis of how the number of Disentangled Con-
founders affect the model performance.
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Figure 8: Qualitative examples of Base and DeVADG on the
target domain and one source domain.

Videol, Video5), i.e., Acc Sum. Results are depicted in Fig-
ure 7. We observe that more confounders generally lead to
better performance, which is reasonable since more clus-
ter centroids mean more fine-grained and more compre-
hensive confounder disentanglement. Comprehensive con-
founder disentanglement further contributes to an effective
estimation of Equation (3). These results further demon-
strate the rationality of our confounder disentanglement,
which leads to an effective confounder representation space
where simple clustering methods could easily find useful
confounders for deconfounding.

Qualitative Analysis (RQ3)

Case Study. Figure 8 shows two prediction cases on the
testing domains with different source-target settings. In each
case, we visualize the sampled frames of the target video
and one video sampled from one source domain. We list
the Top-2 action classes with the highest probabilities pre-
dicted by DeVADG and Base. In summary, without decon-
founding, the Base model tends to make false predictions
that are spuriously correlated with domain-variant or class-
shared video-audio features. DeVADG identifies the causal
effects of video-audio features on the outcome (class labels),
leading to more accurate predictions. For example, in the
left case of Figure 8, the Base model falsely correlates put
sth. near mouth with the class label Playing Instrument with
high confidence. In contrast, DeVADG blocks the back-door
path from these features to the label and probably identifies
that the high-level semantic feature sth. put near mouth is
becoming smaller is one of the causal features for Eating.
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(a) Base

(b) DeVADG

Figure 9: The visualization displays the t-SNE transformed
video-audio joint representation learned by the Base model
and DeVADG. Data samples are from four classes in the
testing advertisement domain (others for training), and col-
ored according to their action classes.

These results jointly validate that DeVADG achieves better
video-audio domain generalization through effective cross-
modal deconfounding at the domain level and the class level.

Analysis of the Representation Space. We are interested
in how the proposed deconfounding technique facilitates do-
main-generalizable multi-modal representation learning. As
such, we train the Base model, which is DeVADG without
deconfounding, and the DeVADG under the CGM (source)
— A (target) domain setting. We randomly select 400 videos
from 4 different classes in the testing domain and extract
video-audio joint representations. We perform t-SNE trans-
formation onto these representations, and plot the results in
Figure 9a and Figure 9b for Base model and DeVADG, re-
spectively. We color each representation with its action la-
bel. According to the results, we observe that the video-
audio joint representations of different classes are entangled
in the representation space of the Base model. These results
probably indicate that video-audio features are easily get-
ting spuriously correlated with the class labels and become
less distinguishable when transferring to unseen domains. In
contrast, videos of different classes exhibit noticeable clus-
ters in the representation space of DeVADG. These results
demonstrate that deconfounding can help to alleviate spuri-
ous correlations, and discover more high-level semantic fea-
tures that are domain-generalizable.

Conclusion

In this paper, we introduce a new problem of video-audio
domain generalization, and collect a VADG-Action dataset.
We identify that the spurious correlations between video-
audio features and class labels are the critical factors hin-
dering generalization. To alleviate spurious correlations, we
propose DeVADG which leverages the back-door adjust-
ment and performs deconfouding, which requires knowl-
edge about potential confounders. We disentangle fine-
grained class-level and domain-level confounders for both
video and audio. Extensive experiments provide insightful
analyses of the rationality and effectiveness of DeVADG.

In the future, we plan to investigate unobserved con-
founders beyond observed features. Furthermore, we will
explore disentangling domain-level confounders given one
domain via automatic domain partition.
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