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Abstract

Unsupervised video domain adaptation is a practical yet challenging task. In this
work, for the first time, we tackle it from a disentanglement view. Our key idea
is to handle the spatial and temporal domain divergence separately through disen-
tanglement. Specifically, we consider the generation of cross-domain videos from
two sets of latent factors, one encoding the static information and another encoding
the dynamic information. A Transfer Sequential VAE (TranSVAE) framework
is then developed to model such generation. To better serve for adaptation, we
propose several objectives to constrain the latent factors. With these constraints,
the spatial divergence can be readily removed by disentangling the static domain-
specific information out, and the temporal divergence is further reduced from both
frame- and video-levels through adversarial learning. Extensive experiments on
the UCF-HMDB, Jester, and Epic-Kitchens datasets verify the effectiveness and
superiority of TranSVAE compared with several state-of-the-art approaches.'

1 Introduction

Over the past decades, unsupervised domain adaptation (UDA) has attracted extensive research
attention [41]. Numerous UDA methods have been proposed and successfully applied to various
real-world applications, e.g., object recognition [38, 42, 47], semantic segmentation [51, 19, 33, 24],
and object detection [3, 15, 45]. However, most of these methods and their applications are limited to
the image domain, while much less attention has been devoted to video-based UDA, where the latter
is undoubtedly more challenging.

Compared with image-based UDA, the source and target domains also differ temporally in video-
based UDA. Images are spatially well-structured data, while videos are sequences of images with both
spatial and temporal relations. Existing image-based UDA methods can hardly achieve satisfactory
performance on video-based UDA tasks as they fail to consider the temporal dependency of video
frames in handling the domain gaps. For instance, in video-based cross-domain action recognition
tasks, domain gaps are presented by not only the actions of different persons in different scenarios
but also the actions that appear at different timestamps or last at different time lengths.

!Code is publicly available at: https://github.com/1dkong1205/TranSVAE
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Figure 1: Conceptual comparisons between the traditional all-in-one view and the proposed dis-
entanglement view. Prior works often seek to compress implicit domain information to obtain
domain-indistinguishable representations; while in this work, we pursue explicit decouplings of
domain-specific information from other information via generative modeling.

Recently, few works have been proposed for video-based UDA. The key idea is to achieve domain

alignment by aligning both frame- and video-level features through adversarial learning [7, 26],
contrastive learning [37, 31], attention [10], or combination of these mechanisms, e.g., adversarial
learning with attention [29, 8]. Though they have advanced video-based UDA, there is still room

for improvement. Generally, existing methods follow an all-in-one way, where both spatial and
temporal domain divergence are handled together, for adaptation (Fig. 1, ). However, cross-domain
videos are highly complex data containing diverse mixed-up information, e.g., domain, semantic, and
temporal information, which makes the simultaneous elimination of spatial and temporal divergence
insufficient. This motivates us to handle the video-based UDA from a disentanglement perspective
(Fig. 1, ) so that the spatial and temporal divergence can be well handled separately.

To achieve this goal, we first consider the generation process
of cross-domain videos, as shown in Fig. 2, where a video is
generated from two sets of latent factors: one set consists of a
sequence of random variables, which are dynamic and incline
to encode the semantic information for downstream tasks, e.g.,
action recognition; another set is sfatic and introduces some
domain-related spatial information to the generated video,
e.g., style or appearance. Specifically, the blue / red nodes
are the observed source / target videos X5 / X", respectively,
over t timestamps. Static latent variables z§ and z} follow a
joint distribution and combining either of them with dynamic
latent variables z; constructs one video data of a domain.

With the above generative model, we develop a Transfer =
Sequential Variational AutoEncoder (TranSVAE) for video- . g
based UDA. TranSVAE handles the cross-domain divergence @ @ @
in two levels, where the first level removes the spatial diver-

gence by disentangling Zq from Z¢; while the second level  Figure 2: Graphical illustrations of
eliminates the temporal divergence of z¢. To achieve this, we  the proposed generative (1st figure)
leverage appropriate constraints to ensure that the disentan-  and inference (2nd figure) models for
glement indeed serves the adaptation purpose. Firstly, we video domain disentanglement.
enable a good decoupling of the two sets of latent factors by

minimizing their mutual dependence. This encourages these two latent factor sets to be mutually
independent. We then consider constraining each latent factor set. For zJ with D 2 fS;T g, we
propose a contrastive triplet loss to make them static and domain-specific. This makes us readily
handle spatial divergence by disentangling Z('jD out. For z¢, we propose to align them across domains
at both frame and video levels through adversarial learning so as to further eliminate the temporal
divergence. Meanwhile, as downstream tasks use z; as input, we also add the task-specific supervision
on Z¢ extracted from source data (w/ ground-truth).

To the best of our knowledge, this is the first work that tackles the challenging video-based UDA
from a domain disentanglement view. We conduct extensive experiments on popular benchmarks
(UCF-HMDB, Jester, Epic-Kitchens) and the results show that TranSVAE consistently outperforms
previous state-of-the-art methods by large margins. We also conduct comprehensive ablation studies



and disentanglement analyses to verify the effectiveness of the latent factor decoupling. The main
contribution of the paper is summarized as follows:

» We provide a generative perspective on solving video-based UDA problems. We develop a
generative graphical model for the cross-domain video generation process and propose to
utilize the sequential VAE as the base generative model.

» Based on the above generative view, we propos@aaSVAHramework for video-based
UDA. By developing four constraints on the latent factors to enable disentanglement to ben-
e t adaptation, the proposed framework is capable of handling the cross-domain divergence
from both spatial and temporal levels.

» We conduct extensive experiments on several benchmark datasets to verify the effectiveness
of TranSVAE A comprehensive ablation study also demonstrates the positive effect of each
loss term on video domain adaptation.

2 Related Work

Unsupervised Video Domain Adaptation Despite the great progress in image-based UDA, only

a few methods have recently attempted video-based UDA/]Ja[temporal attentive adversarial
adaptation network (TAN) is proposed to integrate a temporal relation module for temporal alignment.
Choietal.[10] proposed a SAVA method using self-supervised clip order prediction and clip attention-
based alignment. Based on a cross-domain co-attention mechanism, the temporal co-attention network
TCoN [29] focused on common key frames across domains for better alignmentetlal[26]

pay more attention to the domain-agnostic classi er by using a network topology of the bipartite
graph to model the cross-domain correlations. Instead of using adversarial learningeSahfl]
developed an end-to-end temporal contrastive learning framework named CoMix with background
mixing and target pseudo-labels. Recently, Caeal.[8] learned multiple domain discriminators for
multi-level temporal attentive features to achieve better alignment, while Tatridi[37] exploited
two-headed deep architecture to learn a more robust target classi er by the combination of cross-
entropy and contrastive losses. Although these approaches have advanced video-based UDA tasks,
they all adopted to align features with diverse information mixed up from a compression perspective,
which leaves room for further improvements.

Multi-Modal Video Adaptation . Most recently, there are also a few works integrating multiple
modality data for video-based UDA. Although we only use the single modality RGB features, we still
discuss this multi-modal research line for a complete literature review. The very rst work exploring
the multi-modal nature of videos for UDA is MM-SADAH], where the correspondence of multiple
modalities was exploited as a self-supervised alignment in addition to adversarial alignment. A
later work, spatial-temporal contrastive domain adaptation (STCDR4) (itilized a video-based
contrastive alignment as the multi-modal domain metric to measure the video-level discrepancy across
domains. [ 8] proposed cross-modal and cross-domain contrastive losses to handle feature spaces
across modalities and domaing3] leveraged both cross-modal complementary and cross-modal
consensus to learn the most transferable features through a CIA framewoilk], Ithg authors
proposed to generate noisy pseudo-labels for the target domain data using the source pre-trained
model and select the clean samples in order to increase the quality of the pseudo-laketial. [ir¥]
developed a cycle-based approach that alternates between spatial and spatiotemporal learning with
knowledge transfer. Generally, all the above methods utilize the ow as the auxiliary modality input.
Recently, there are also methods exploring other modalities, for instance 4&BRifh audios and
MixDANN [ 44] with wild data. It is worth noting that the propos@&tanSVAE- although only uses

single modality RGB features — surprisingly achieves better UDA performance compared with most
current state-of-the-art multi-modal methods, which highlights our superiority.

Disentanglement Feature disentanglement is a wide and hot research topic. We only focus on
works that are closely related to ours. In the image domain, some works consider adaptation from a
generative view.4] learned a disentangled semantic representation across domains. A similar idea is
then applied to graph domain adaptatiéhdnd domain generalizatiori §]. [13] proposed a novel
informative feature disentanglement, equipped with the adversarial network or the metric discrepancy
model. Another disentanglement-related topic is sequential data generation. To generate videos,
existing works P2, 50, 1] extended VAE to a recurrent form with different recursive structures. In



Figure 3: TranSVAEoverview. The input videos are fed into an encoder to extract the visual features,
followed by an LSTM to explore the temporal information. Two groupsnagfanand variance
networks are then applied to model the posterior of the latent facters(zP jx2 ) andg(z? jx21).

The new representatiorz§ ; :::;z2 andz? are sampled, and then concatenated and passed to a
decoder for reconstruction. Four constraints are proposed to regulate the latent factors for adaptation.

this paper, we present a VAE-based structure to generate cross-domain videos. We aim at tackling
video-based UDA from a new perspective: sequential domain disentanglement and transfer.

3 Technical Approach

Formally, for a typical video-based UDA problem, we have a source doSaimd a target domain .

Domain$S contains suf cient labeled data, denotedf4¥ ; yiS)g{\‘:Si , whereV 3 is a video sequence

andy? is the class label. Domaifi consists of unlabeled data, denoted &5’ g%} . For a sequence
VP from domainD 2 S ;T g, it containsT framesfxP,;::;xP g in totaf. We further denote

N = NS+ NT.DomainsS andT are of different distributions but share the same label space. The

objective is to utilize botli (V ;yS)gls andfV [ g} to train a good classi er for domaifi . We

present a table to list the notations in the Appendix.

Framework Overview. We adopt a VAE-based structure to model the cross-domain video generation
process and propose to regulate the two sets of latent factors for adaptation purposes. The reconstruc-
tion process is based on the two sets of latent factersz? ; :::; z2 andz? that are sampled from the
posteriorsy(zP jx 2 ) andq(z§ jx21 ), respectively. The overall architecture consists of ve segments
including the encoder, LSTM, latent spaces, sampling, and decoder, as shown in Fig. 3. The vanilla
structure only gives an arbitrary disentanglement of latent factors. To make the disentanglement
facilitate adaptation, we carefully constrain the latent factors as follows.

Video Sequence Reconstruction The overall architecture ofranSVAEfollows a VAE-based
structure P2, 50, 1] with two sets of latent factorz? ; :::;; z? andzl . The generative and inference
graphical models are presented in Fig. 2. Similar to the conventional VAE, we use a standard
Gaussian distribution for static latent factors. For dynamic ones, we use a sequentizP jeihr

N ( ;diag( 2)), thatis, the prior distribution of the current dynamic factor is conditioned on the
historical dynamic factors. The distribution parameters can be re-parameterized as a recurrent network,
e.g, LSTM, with all previous dynamic latent factors as the input. Denofifig= fz?;:::;z2 g for

simpli cation, we then get the prior as follows:

Y
P(zg;Z°) = p(zg) P(zjz2): @)
t=1

2Without confusion, we omit the subscripfor VP and the corresponding notatiomsg, fx? ;:::; x2 g.



Following Fig. 2 (the 1st sub gure)xP is generated fronz} andzP, and we thus model
p(xPjzR;zP) = N( %diag( ¥)). The distribution parameters are re-parameterized by the
decoder which can be exible networks like the deconvolutional neural network. Ushg=
fxD;:::;xP g, thegenerationcan be formulated as follows:

Y
P(VP°) = p(zg)  p(xPizd;z0)p(z0 )z ): 2

t=1
Following Fig. 2 (the 2nd sub gure), we model the posterior distributions of the latent factors
as another two Gaussian distributions., q(z3jVP) = N( 4 diag( 3)) andq(zPjx% ) =
N ( % diag( ?@)). The parameters of these two distributions are re-parameterized by the encoder,
which can be a convolutional or LSTM module. However, the network of the static latent factors uses
the whole sequence as the input while that of the dynamic latent factors only uses previous frames.
Then theinferencecan be factorized as:

Y
Azd:Z°VP) = alzgiV®)  Az’jx%): ©)
t=1
Combining the above generation and inference, we obtain the VAE-related objective function as:

X
Lsvae= Eqzozojvo)l logp(x¢ jzg ; 20 )+

" (4)

X
KL(a(z3]V P)iipzE N+ KL(a(zPix2)iip(zPjz2 ):;
t=1
which is a frame-wise negative variational lower bound. Only using the above vanilla VAE-based
loss cannot guarantee that the disentanglement serves for adaptation, and thus we propose additional
constraints on the two sets of latent factors.

Mutual Dependence Minimization (Fig. 3, ). We rst consider explicitly enforcing the two sets of
latent factors to be mutually independent. To do so, we introduce the mutual informgtloagL p;
to regulate the two sets of latent factors. Thus, we obtain:

X X
Lmi(zg:Z%) = KL qa(zg;z0)iia(zd)a(z’) = [H(za)+ H(z') H@Ed:z N ()
t=1 t=1
To calculate Eq. (5), we need to estimate the densitiesl 0P and(zl;zP). Following the
non-parametric way in [9], we use the mini-batch weighted sampling as follows:

1 X 1 X .
H@) = Eqolloga@]  log- [logae" a(@exiix); 6)
i=1 i=1

wherez is z5 ; zP or (z];zP), N denotes the data size aktl is the mini-batch size.

Domain Speci city & Static Consistency (Fig. 3, ). A characteristic of the domain speci city, e.g.,

the video style or the objective appearance, is its static consistency over dynamic frames. With this
observation, we enable the static and domain-speci c latent factors so that we can remove the spatial
divergence by disentangling them out. Mathematically, we hopezthaloes not change a lot when

zP varies over time. To achieve this, given a sequence, we randomly shuf e the temporal order of
frames to form a new sequence. The static latent factors disentangled from the original sequence and
the shuf ed sequence should be ideally equal or be very close at least. This motivates us to minimize
the distance between these two static factors. Meanwhile, to further enhance the domain speci city,
we enforce the dynamic latent factors from different domains to have a large distance. To this end,
we propose the following contrastive triplet loss:

Lac=max D(z ;e ) D(z5 ;z] )+ m;0 ; (7

whereD ( ; ) is Euclidean distancen is a margin set td in the experiment} ", el ", andz} are
static latent factors of the anchor sequence from domainthe shuf ed sequence, and a randomly
selected sequence from domd&n , respectivelyD* andD represent two different domains.



Domain Temporal Alignment (Fig. 3, ). We now consider to reduce the temporal divergence

of the dynamiclatent factors. There are several ways to achieve this, and in this paper, we take
advantage of the most popular adversarial-based idda$peci cally, we build a domain classi er

to discriminate whether the data is frd®or T . When back-propagating the gradients, a gradient
reversal layer (GRL) is adopted to invert the gradients. Like existing video-based UDA methods, we
also conduct both frame-level and video-level alignments. Moreover, 3 TA does, we exploit

the temporal relation network (TRNJ} ] to discover the temporal relations among different frames,
and then aggregate all the temporal relation features into the nal video-level features. This enables
another level of alignment on the temporal relation features. Thus, we have:

1 X X o
L= — = CE Gt(z’):d ; (8)
N T -
i=1 t=1
1 X1 X o
L= — —— CE G; TrN,(ZP) ;di ; 9)
N T 1
i=1 " n=2 I #
1 X 1 X 5
Ly=— CE G, —— TrIN.(ZP) ;d ; (10)
N i=1 T 1n:2

whered; is the domain labelCE denotes the cross-entropy loss functidfi, = fzP,;::;zP; g,

TrN; is then-frame temporal relation networky; , G;, andG, are the frame feature level, the
temporal relation feature level, and the video feature level domain classi ers, respectively. To this
end, we obtain the domain adversarial loss by summing up Eqgs. (8-10):

Lagv=L¢ + Ly + Ly: (11)

We assign equal importance to these three levels of losses to reduce the overhead of the hyperparameter
search. To this end, with;, L ¢, andL 44y, the learned dynamic latent factors are expected to be
domain-invariant (the three constraints are interactive and complementary to each other for obtaining
the domain-invariant dynamic latent factor), and then can be used for downstream UDA tasks. In this
paper, we speci cally focus on action recognition as the downstream task.

Task Speci ¢ Supervision(Fig. 3, ). We further encourage the dynamic latent factors to carry
the semantic information. Considering that the source domain has suf cient labels, we accordingly
design the task supervision as the regularization imposezf ofihis gives us:
X S

L F@EZP)ye (12)
i=1
whereF () is a feature transformer mapping the frame-level features to video-level features, speci -

cally a TRN in this paper, and( ; ) is either cross-entropy or mean squared error loss according to
the targeted task.

1
Leos = NS

Although the dynamic latent factors are constrained to be domain-invariant, we do not completely rely
on source semantics to learn features discriminative for the target domain. We propose to incorporate
target pseudo-labels in task-speci ¢ supervision. During the training, we use the prediction network
obtained in the previous epoch to generate the target pseudo-labels of the unlabelled target training
data for the current epoch. However, to increase the reliability of target pseudo-labels, we let the
prediction network be trained only on the source supervision for several epochs and then integrate
the target pseudo-labels in the following training epochs. Meanwhile, a con dence threshold is set
to determine whether to use the target pseudo-labels or not. Thus, we have the nal task-specic

supervision as follows: 1

1 X X'
Las= @ LF@Piyd)+  LF@E@I)iw)A: (13)
i=1 i=1
whereg' is the pseudo-label & .
Summary. To this end, we reach the nal objective function of ciranSVAEramework as follows:
L%= Lsvae* 1lmi+ 2law+t slect alas (14)

where ; withi = 1;2; 3; 4 denotes the loss balancing weight.



4 Experiments

In this section, we conduct extensive experimental studies on popular video-based UDA benchmarks
to verify the effectiveness of the propose@nSVAHEramework.

4.1 Datasets

UCF-HMDB is constructed by collecting the relevant and overlapping action classes fronpy{JCF
[35] and HMDBs; [20]. It contains 3,209 videos in total with 1,438 training videos and 571 validation
videos from UCHp;, and 840 training videos and 360 validation videos from HMRBThis in turn
establishes two video-based UDA tasks! H andH ! U.

Jester[27] consists of 148,092 videos of humans performing hand gesturegt Baf” 9] constructed
a large-scale cross-domain benchmark with seven gesture classes, and form a single transfer task
Js ! Jt,wherels andJt contain 51,498 and 51,415 video clips, respectively.

Epic-Kitchens [11] is a challenging egocentric dataset consisting of videos capturing daily activities
in kitchens. P8] constructs three domains across the eight largest actions. ThBy,af2,, andD 3
corresponding to P08, P01, and P22 kitchens of the full dataset, resulting in six cross-domain tasks.

Sprites [27] contains sequences of animated cartoon characters with 15 action categories. The
appearances of characters are fully controlled by four attribuged)ody, top wear, bottom wear,

and hair. We construct two domairi®; andP,. P; uses thdaumanbody with attributes randomly
selected from 3 top wears, 4 bottom wears, and 5 hairs, Whilases thalien body with attributes
randomly selected from 4 top wears, 3 bottom wears, and 5 hairs. The attribute pools are non-
overlapping across domains, resulting in completely heterogeriepaadP,. Each domain has

900 video sequences, and each sequence is with 8 frames.

4.2 Implementation Details

Architecture. Following the latest works3[l, 37], we use 13D ] as the backborie However,
different from CoMix which jointly trains the backbone, we simply use the pretrained I3D model

on Kinetics [L7], provided by [], to extract RGB features. For the rst three benchmarks, RGB
features are used as the inputTshnSVAE For Sprites, we use the original image as the input,

for the purpose of visualizing the reconstruction and disentanglement results. We use the shared
encoder and decoder structures across the source and target domains. For RGB feature inputs,
the encoder and decoder are fully connected layers. For original image inputs, the encoder and
decoder are the convolution and deconvolution layers (from DCGEI,[respectively. For the TRN

model, we directly use the one provided bY.[Other details on this aspect are placed in Appendix.

Con gurations . Our TranSVAHS im-

plemented with PyTorchi]. We use Table 1: UDA performance comparisons on UCF-HMDB.

Adam with a weight decay dfe * as Method & Year | Backbone | U! H | H! U | Average"
the optimizer. The learning rate is ini- DANN (JMLR'16) | ResNet-101| 7528 | 76:36 75:82
i 3 . JAN (ICML'17) | ResNet-101| 7472 | 76:69 7571
tially set to bele * and follows a com AdaBN (PR'18) | ResNet-101] 7222 | 77:41 74:82
monly used decreasing strategy inf]. MCD (CVPR'18) | ResNet-101| 7389 | 7934 | 7662
The batch size and the learning epoch  TA3N (ICCV'19) | ResNet-101] 7833 | 8179 80:06
are uniformly set to be 128 and 1,000, ABG (MM20) | ResNet-101| 7917 | 8511 8214

. ; TCoN (AAAI'20) | ResNet-101| 87.22 | 8914 8818
respectively, for all the experiments. ya2|.Tp wacv22) | ResNet-101] 8500 | 8659 | 8580
We uniformly set 100 epochs of train-

! >~ Source-only $oniy) 13D | 8027 | 8879 | 8453
ing under only source supervision and—p (JMLR'16) 13D 80:83 | 8809 | 8446
involved the target pseudo-labels after-  Appa (cvPRrR'17) 13D 7917 | 8844 8381
ward. Following the common protocol ST:\;‘AI\I(ggg\\ggg :gg g;:gg gggi gg:gg
in video-based UDA{/], we perform CoMix (NeurlPS21)| 13D 8666 | 9387 | 9022
hyperparameter selection on the valida- ~coza (wacv22) 13D 8778 | 9579 91:79
tion set. The speci ¢ hyperparameters — qansvag (ours) 183D | 87:78 | 98:95 | 93:37
used for each task can be found in theSupervised-targeﬂ'éup) I3D | 9500 | 9685 | 9593

Appendix. NVIDIA A100 GPUs are
used for all experiments. Kindly refer to our Appendix for all other details.

3The existing widely adopted backbones for video-based UDA include ResNet-101 and 13D. However, more
recent backbones,g. Transformer-based or VideoMAE-based [36, 40], are promising to be used in this task.



Table 2: UDA performance comparisons to approaches using multi-modality data as the input.

Task | Sony | MM-SADA STCDA CMCD A3R CleanAdapt CycDA MixDANN CIA| TranSVAE

ul H 86:1 84:2 831 847 / 89:8 881 822 88:3 | 87:8 (1)
H! U 925 911 921 928 / 99:2 98.0 928 941 | 990 (¢ 6:5)
Average" | 893 | 87.7 87.6 888 / 94:5 931 875 912 | 9344
Di! D, | 432 495 520 503 53:2 527 56.0 525 | 50:5 ¢ 7:3)
)
)

/
Di! D3 | 425 441 455 463 521 47.0 / 473 478 | 50:3 ¢+ 7:8
D,! D; | 430 482 490 495 519 46:2 / 50:3 498 | 50:3 ¢+ 7:3
D,! D3 | 480 527 525 520 555 527 / 524 532 | 58:6 (- 10:6)
Ds! D3 | 430 50:9 52:6 487 515 47.8 / 51.0 522 | 48050
Dz! D, | 555 561 556 563 63:2 544 / 547 57.6 | 580 (+2:5)
Average" | 459 | 50:3 512 510 54:1 50:3 / 520 522 | 526 (+6:7)

Competitors. We compared methods from three lines. We rst consideisth@ce-onlySony) and
supervised-targefTsyp) which uses only labeled source data and only labeled target data, respectively.
These two baselines serve as the lower and upper bounds for our tasks. Secondly, we consider ve
popular image-based UDA methods by simply ignoring temporal information, namely DAKIN [

JAN [25], ADDA [ 3¢], AdaBN [21], and MCD [3Z]. Lastly and most importantly, we compare recent
SoTA video-based UDA methods, including 3 [7], SAVA [ 1(], TCoN [29], ABG [26], CoMix

[31], CO?A[37], and MA?L-TD [£]. All these methods use single modality features. We directly
qguote numbers reported in published papers whenever possible. There exist recent works conducting
video-based UDA using multi-modal datag.RGB + Flow. AlthoughTranSVAEsolely uses RGB
features, we still take this set of methods into account. Speci cally, we consider MM-SAHBA [
STCDA [34], CMCD [19], A3R [44], CleanAdapt [ 7], CycDA [23], MixDANN [ 44] and CIA [43].

4.3 Comparative Study

Results on UCF-HMDB. Tab. 1 shows comparisons tfanSVAEwith baselines and SoTA methods

on UCF-HMDB. The best result among all the baselines is highlighted using bold. Overall, methods
using the I3D backbones] achieve better results than those using ResNet-101. TeanSVAE
consistently outperforms all previous methods. In particdlenSVAEachieve®93:37%average
accuracy, improving the best competitor €[ 37], with the same 13D backboné&]| by 1:38%
Surprisingly, we observe thatanSVAEeven yields better results (by2al% improvement) than the
supervised-targefl§,p) baseline. This is because tHe! U task already has a good performance
without adaptationi.e., 88:79%for the source-onlyQonyy) baseline, and thus the target pseudo-labels
used inTranSVAEare almost correct. By further aligning domains and equivalently augmenting
training data;TranSVABoutperformsTs,, which is only trained with target data.

Results on Jester & Epic-Kitchens Table 3: Comparison results on Jester and Epic-Kitchens.
Tab. 3 shows the comparison results

s Task | Sony | DANN ADDA TASN CoMix | TranSVAE | Teup
- h
on the Jester and Epic-Kitchens benC..JS I Jr | 515| 554 523 555 647 | 66:l(1s6) | 956

marks. We can see that otiranSVAE
. ; Di! D, |328| 377 354 342 429 |50:5¢171) | 640
is the clear winner among allthe meth-p. 1 p, | 341 | 366 349 374 409 | 50:3 2 | 637
ods on all the tasks. Spec| cally, D,! D; | 354 | 383 363 409 386 | 50:3 (-14:9) | 57:0
H . : D,! D3| 391 419 408 428 452 58:6 (+19:5) | 637
TranSVAEachieves @:4% improve-  p?, p7 | 346 | 388 361 339 423 | 48:0( 1) | 570
ment and ®:4% average improvement D;! D, | 358 | 421  4L4 442 492 | 58:0¢22) | 640
over the runner-up baseline COMix Average” | 353 | 392 374 339 432 | 526w 3 | 615
[31] on Jester and Epic-Kitchens, re-
spectively. This veri es the superiority dfranSVAEover others in handling video-based UDA.
However, we also notice that the accuracy gap between CoMiXagd still signi cant on Jester.
This is because the large-scale Jester dataset contains highly heterogeneous data acrosedpmains,
the source domain contains videos of the rolling hand forward, while the target domain only consists
of videos of the rolling hand backward. This leaves much room for improvement in the future.

Compare to Multi-Modal Methods. We further compare with four recent video-based UDA methods
that use multi-modalitie.g. RGB features, and optical ows, althoughanSVAEonly uses RGB
features. SurprisinglyfranSVAEachieves better average results than seven out of eight multi-modal
methods and is only worse than CleanAday3 on UCF-HMDB and A3R {8] on Epic-Kitchens.
ConsideringTranSVAEonly uses single-modality data, we are con dent that there exists great
potential for further improvements dfanSVAEwith multi-modal data taken into account.



Table 5: Loss separation study on different video-based UDA tasks by dropping each loss sequentially.

Lswe Los Law Lm L PL|U! H|H! U|Js! Jr | Di! Dy |Di! D3| Dz! Di|Dz! Ds|Ds! Di|Ds! Do Avg.

X X X X X 18:61 26:62 22:92 34:.00 30:29 3379 30:49 2851 34:27 28:83
X X X X X 83.06 93:52 48.07 40:93 4333 4391 51:13 41:84 52:67 55:38
X X X X X 8583 93:52 65:12 46:67 48:56 49:43 55:34 45:52 54:53 60:60
X X X X X 83:89 95:80 64:89 4853 48:25 48.96 5421 45.52 55.73 60.64
X X X X X 87:22 94:40 64.:64 49:87 48:25 49.66 56:47 47:59 55.07 61:46
X X X X 87:78 98:95 66:10 50:53 50:31 50:34 58:62 48:04 58:00 63:19

Figure 4: Domain disentanglement and transfer examplefs. Video sequence inputs f@ = P,
(“*Human”, )andD = P, (“Alien", ). Middle: Reconstructed sequences)(with z?;:::;z2.
Right: Domain transferred sequences with exchargjed

4.4 Property Analysis

Disentanglement Analysis We analyze the disentanglement effeciainSVAEon Sprites 7]

and show results in Fig. 4. The left sub gure shows the original sequences of the two domains. The
“Human" and “Alien" are completely different appearances and the forneasing spellsvhile the

latter isslashing The middle sub gure shows the sequences reconstructed only isihg::; z2 g.

It can be clearly seen that the two sequences keep the same action as the corresponding original ones.
However, if we only focus on the appearance characteristics, it is dif cult to distinguish the domain
to which the sequences belong. This indicatesftkgt :::; z? g are indeediomain-invariantand

well encode the semantic information. The right sub gure shows the sequences reconstructed by
exchangingy , which results in two sequences with the same actions but exchanged appearance.
This veri es thatzl is representing the appearance information, which is actuallggheain-related
information in this example. This property study suf ciently supports frahSVAEcan successfully
disentangle the domain information from other information, with the former embedd&damd the

latter embedded ifiz?;:::; 2R g.

Complexity Analysis. We further con- Table 4: Comparison results on model complexity.

duct complexity analysis on odiranSVAE
Speci cally, we compare the number of

Methods ‘ Trainable Params MACs FLOPs FPS

trainable parameters, multiply-accumulate gA:AN 37(;2865;%"”\'/' igﬁgigg g‘;‘l‘gggg 81812‘7‘5
H H H OMIX . 3 . : S
Operatlons (MACS)’ Oatlng pomt opera CCPA 23:6720M 181884G 36:3768G 0:0127s

tions (FLOPs), and inference frame-per-
second (FPS) with existing baselines in-TranSVAE ‘ 127419M 18:2657G 36:5314G 0:0133s

cluding TAN [7], CO?A [37], and CoMix

[31]. All the comparison results are shown in Tab. 4. From the table, we observérdm8VAE
requires less trainable parameters tharf &@nd CoMix. Although more trainable parameters are
used than TAN, TranSVAEachieves signi cant adaptation performance improvement thaiNTA

(see Tab. 1 and Tab. 3). Moreover, the MACs, FLOPs, and FPS are competitive among different
methods. This is reasonable since all these approaches adopt the same 13D backbone.

Ablation Study. We now analyze the effectiveness of each loss term in Eq. (14). We compare with
four variants ofTranSVAE each removing one loss term by equivalently setting the weigb®©.

The ablation results on UCF-HMDB, Jester, and Epic-Kitchens are shown in Tab. 5. As can be seen,
removingL ¢s signi cantly reduces the transfer performance in all the tasks. This is reasonable as
L ¢is is used to discover the discriminative features. Removing ahy@f L mi, andL ¢ leads to

an inferior result than the fulfranSVAEsetup, and removinb 44y is the most in uential. This is
becausé ,q, is used to explicitly reduce the temporal domain gaps. All these results demonstrate
that every proposed loss matters in our framework.

We further conduct another ablation study by sequentially integratinglL agv, L mi, andL ¢ into

our sequential VAE structure using UCF-HMDB. We use this integration order based on the average
positive improvement that a loss bringsfi@anSVAEas shown in Tab. 5. We also take advantage of
t-SNE [39] to visualize the features learned by these different variants. We plot two sets of t-SNE



Figure 5: Loss integration studies bh! H. Left: The t-SNE plots for class-wise (top row) and
domain (bottom row, red source & blue target) featuRdight: Ablation results (%) by adding each
loss sequentially,e., row (a) - row (e).

Figure 6: Loss integration studies bh! U. Left: The t-SNE plots for class-wise (top row) and
domain (bottom row, red source & blue target) featukRight: Ablation results (%) by adding each
loss sequentiallyi,e., row (a) - row (e).

gures, one using the class-wise label and another using the domain label. Fig. 5 and Fig. 6 show

the visualization and the quantitative results. As can be seen from the t-SNE feature visualizations,

adding a new component improves both the domain and semantic alignments, and the best alignment
is achieved when all the components are considered. The quantitative results further show that the
transfer performance gradually increases with the sequential integration of the four components,

which again veri es the effectiveness of each componeranSVAE More ablation study results

can be found in the Appendix.

5 Conclusion and Limitation

In this paper, we proposed EanSVAEframework for video-based UDA tasks. Our key idea

is to explicitly disentangle the domain information from other information during the adaptation.
We developed a novel sequential VAE structure with two sets of latent factors and proposed four
constraints to regulate these factors for adaptation purposes. Note that disentanglement and adaptation
are interactive and complementary. All the constraints serve to achieve a good disentanglement effect
with the two-level domain divergence minimization. Extensive empirical studies clearly verify that
TranSVAEconsistently offers performance improvements compared with existing SoTA video-based
UDA methods. We also nd thatranSVABEoutperforms those multi-modal UDA methods, although

it only uses single-modality data. Comprehensive property analysis further showsah8WAEs

an effective and promising method for video-based UDA.

We further discuss the limitations of ti@ganSVAEframework. These are also promising future
directions. Firstly, the empirical evaluation is mainly on the action recognition task. The performance
of TranSVAEon other video-related tasks.g. video segmentation, is not tested. SecontitgnSVAE

is only evaluated on the typical two-domain transfer scenario. The multi-source transfer case is not
considered but is worthy of further study. Thirdly, althoughnSVAEexhibits better performance

than multi-modal transfer methods, its current version does not consider multi-modal data functionally
and structurally. An improved@ranSVAEwith the capacity of using multi-modal data is expected to
further boost the adaptation performance. Fourthly, current empirical evaluations are mainly based
on the 13D backbone, more advanced backboeeas, [36, 40], are expected to be explored for
further improvement. LastlyfranSVAEhandles the spatial divergence by disentangling the static
domain-speci c latent factors out. However, it may happen that spatial divergence is not completely
captured by the static latent factors due to insuf cient disentanglement.
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Appendix

In this appendix, we supplement the following materials to support the ndings and conclusions
drawn in the main body of this paper:

» Sec. A provides additional implementation details to assist reproductions.

» Sec. B contains additional comparative and ablation results dfrdreSVAEramework.
» Sec. C elaborates on the broader impact of this work.

» Sec. D acknowledges the public resources used during the course of this work.

A Additional Implementation Details

In this section, we provide more implementation details including the 13D feature extraction proce-
dure, the concrete model architecture, and the hyperparameter selection in our pfiopaSMAE
framework. We also provide detailed instructions for our live demo.

A.1 Notations

We present Tab. A to summarize the notations used in this paper.

A.2 13D Feature Extractions

We extract the 13D RGB features following the routine described in SAVA.[ Given a video
sequencel6 frames along clips are sampled by sliding a temporal window with a temporal stride
of 1. Speci cally, for each frame in the video, the temporal window consists of its previous seven
frames and the following eight frames. Zero padding is used for the beginning and the end of the
video. We then feed the sliding windows to the I3D backbone to extract features, which results in a
1024dimensional feature vector for each frame of the video.

A.3 Model Architecture

We now provide the detailed model architecture of BtanSVAE In Fig. A, we show the model

with theimageas the input, where the encoder and decoder are more complex convolutional and
deconvolutional layers. For the model with the R&Bturesas the input, we can simply replace

the encoder and decoder with fully connected linear layers. Note that the dimensionality of all the
modules shown above is uniformly applied in all the experiments.

A.4 Hyperparameter Selection

There are several hyperparameters usedanSVAE including the balancing weights,, 2, 3, a,
the number of the video fram@ds and the con dence thresholdfor generating target pseudo-labels.
For 1to 4, we selectfrom the value skte 3;1e ?;1e ?!;0:5;1;5;10;50; 100 100Gy. ForT, we
select fromf 5; 6; 7; 8; 9; 10g. For , we set its value range frot9 to 1:0 with a step of0:01.

We set a high-value range ofto ensure a high con dence score on the correctness of the target
pseudo-labels. Following the common protocol used in video-based UDA, we conduct an extensive
grid search regarding these hyperparameters on the validation set of each transfer task. Tab. B
summarizes the exact used values of these hyperparameters for the UCF-HMDB][ Jester 27],

and Epic-KitchensT1] UDA benchmarks. For the Spriteg]] dataset, we do not do a hyperparameter
search as the data is quite simple. We simplyTsas8, which is the original length of the video
sequence. The con dence threshold is set t@188, and ; to 4 are all set to bé4.

A.5 Demo Instruction
As mentioned in the main body, we include a live demo for anSVAEramework. This demo

can be accessed dtttps://huggingface.co/spaces/ldkong/TranSVAE . Here we include the
detailed instructions for playing with this demo.
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Table A: Summary of notations used in this paper.

Notation | Description
D | Domain
S= | Source domain / Target domain
v D | Avideo sequence from domaid
VP;yP | Thei-th video sequence and the corresponding action label of domain
xP; ;x| T frames of images in the video sequeince
zP; 122 | The dynamic latent factors of the video sequence from doiDain
z8 | The static latent factors of the video sequence from dorDain
x5, | The input sequence before timestamp
xP+ | The full input sequence from=1 tot = T.

Table B: Summary of the best-possible hyperparameter values dfdh&VAEramework for each
UDA task in our experiments after an extensive grid search.

Task | Backbone | T | | 1] 2] 3] a
Ut H | 13D 8 093] 50 | 1| 1 | 1
H! U | 13D 9 |096| 05 |01 10| 1
Js! Jr | 13D 6 | 0:95| 0:001| 10 | 100 | 10
Di! D, | 13D 9 |096] 50 | 10| 5 | 100

|
|
|
|
Dy! Dg| 13D [10| 1 | 1 |05 01| 100
|
|
|
|

D»! Di| 13D 8 [ 0:93| 100 | 10 | 5 | 100
D,! Ds| 13D [10|091| O5 | 10 | 50 | 100
Ds! Di| 13D 8 | 0:91| 100 | 10 | 50 | 100
Ds! Dy | 13D 9 [091] 1000 | 1 | 0:1 | 100

This demo is built upon Hugging Face Sp&gaghich provides concise and easy-to-use live demo
interfaces. Our demo consists of one input interface and one output interface as shown in Fig. B.
Speci cally, the appearances of the Sprites avatars are fully controlled by four attribeitdsody,

hair color, top wear, and bottom wear. We construct two domadnsandP,. P; uses the
“Human” body whileP ; uses the “Alien" body. The attribute pools of “Human" and “Alien" are
non-overlapping across domains, resulting in completely heterogefgoasdP,. Each video
sequence contains eight frames in total.

For conducting domain disentanglement and transfer WinSVAE users are free to choose the
action and the appearance of the avatars on the left-hand side of the interface. Next, simply click the
“Submit" button and the adaptation results will display on the right-hand side of the interface in a few
seconds. The outputs include:

e Thelstcolumn: The original input of the “Human" and “Alien" avatars,, fxi’1 ; :::;xglg
andfx??; x5 2 g;

« The 2nd column: The reconstructed “Human" and “Alien" avatées *; :::;§ ' g and
fel?;: ef2g;

« The3rd column: The reconstructed “Human" and “Alien” avatars using 6aly; :::; z2 g,
D 2 f P1;P»,g, which are domain-invariant;

“https://huggingface.co
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TranSVAE
(encodern): encoder
(c1):dcgan_cony
(main): Sequentia(

(0): Conv2d(3, 64, kernel_size=(4, 4), stride=(2, 2), padding=(1, J)
(1): BatchNorm2d(64, eps=1e05, momentum=0.1, affine=True track_running_stats=True)
(2): LeakyRelLnegative_slope0.2, inplace=True) ))

(c2):dcgan_cony (main): Sequential
(0): Conv2d(64, 128, kernel_size=(4, 4), stride=(2, 2), padding=(1, })
(1): BatchNorm2d(128, eps=1e05, momentum=0.1, affine=True track_running_stats=True)
(2): LeakyRelLnegative_slope=0.2, inplace=True) ))

(c3):dcgan_cony (main): Sequential
(0): Conv2d(128, 256, kernel_size=(4, 4), stride=(2, 2), padding=(1, J)
(1): BatchNorm2d(256, eps=1e05, momentum=0.1, affine=True track_running_stats=True)
(2): LeakyRelLnegative_slope=0.2, inplace=True) ))

(c4):dcgan_cony (main): Sequential
(0): Conv2d(256, 512, kernel_size=(4, 4), stride=(2, 2), padding=(1, })
(1): BatchNorm2d(512, eps=1e05, momentum=0.1, affine=True track_running_stats=True)
(2): LeakyRelLnegative_slope=0.2, inplace=True) ))

(c5): Sequentia(
(0): Conv2d(512, 1024, kernel_size=(4, 4), stride=(1, 1)
(1): BatchNorm2d(1024, eps=1e05, momentum=0.1, affine=True track_running_stats=True)
(2): Tanh()

(decoden): decoder_woSkip
(upcl): Sequentia(
(0): ConvTranspose2{1024, 512, kernel_size=(4, 4), stride=(1, 1)
(1): BatchNorm2d(512, eps=1e05, momentum=0.1, affine=True track_running_stats=True)
(2): LeakyRelL{negative_slope=0.2, inplace=True) )
(upc2):dcgan_upcony (main): Sequential
(0): ConvTranspose2@512, 256, kernel_size=(4, 4), stride=(2, 2), padding=(1, })
(1): BatchNorm2d(256, eps=1e05, momentum=0.1, affine=True track_running_stats=True)
(2): LeakyRelLUnegative_slope=0.2, inplace=True) ))
(upc3):dcgan_upcony (main): Sequential
(0): ConvTranspose2{@56, 128, kernel_size=(4, 4), stride=(2, 2), padding=(1, })
(1): BatchNorm2d(128, eps=1e05, momentum=0.1, affine=True track_running_stats=True)
(2): LeakyRelLUnegative_slope=0.2, inplace=True) ))
(upc4): dcgan_upcony (main): Sequential
(0): ConvTranspose2128, 64, kernel_size=(4, 4), stride=(2, 2), padding=(1, })
(1): BatchNorm2d(64, eps=1e05, momentum=0.1, affine=True track_running_stats=True)
(2): LeakyRelLUnegative_slope=0.2, inplace=True) ))
(upc5): Sequentia(
(0): ConvTranspose2¢64, 3, kernel_size=(4, 4), stride=(2, 2), padding=(1, })
(1): Sigmoid() )
)
relu): LeakyRel |(negative_slope=0.1)
dropout_f): Dropout(p=0.5,inplace=False)
dropout_v): Dropout(p=0.5,inplace=False)
z_prior_Istm_ly1): LSTMCe(612, 512)

(
(
(
(
(z_prior_|stm_ly2: LSTMCe(512, 512)
(
(
(
(

z_prior_mean): Linear{n_features=512, out_features=512, bias=True)
z_prior_logvai: Linear(n_features=512, out_features=512, bias=True)
z_lstm): LSTM1024, 512, batch_first=True, bidirectional=True)
(f_mean): Linear(in_features=1024, out_features=512, bias=True)
(f_logvan: Linear(in_features=1024, out_features=512, bias=True)
(z_rnn): RNN(1024, 512, batch_first=True)
(z_mean: Linear(in_features=512, out_features=512, bias=True)
(z_logva: Linear(in_features=512, out_features=512, bias=True)
(fe_feature_domain_framé Linear(in_features=512, out_features=512, bias=True)
(fc_classifier_domain_framp Linear(in_features=512, out_features=2, bias=True)
(TRN
(bn_trn_9S: BatchNorm1d(256, eps=1e05, momentum=0.1, affine=True track_running_stats=True)
(bn_trn_T): BatchNorm1d(256, eps=1e05, momentum=0.1, affine=True track_running_stats=True)
(fc_feature_domain_viden Linear(in_features=256, out_features=256, bias=True)
(fc_classifier_domain_videp Linear(in_features=256, out_features=2, bias=Trug
(relation_domain_classifier_aJl ModuleList(
(0): Sequentia(
(0): Linear(in_features=256, out_features=256, bias=True)
(1): ReLL)
(2): Linear(in_features=256, out_features=2, bias=True) )
(1): Sequential(
(0): Linear(in_features=256, out_features=256, bias=True)
(1): ReL W)
(2): Linear(in_features=256, out_features=2, bias=True))
(2): Sequential(
(0): Linear(in_features=256, out_features=256, bias=True)
(1): ReL W)
(2): Linear(in_features=256, out_features=2, bias=True) )
(3): Sequential(
(0): Linear(in_features=256, out_features=256, bias=True)
(1): ReLL)
(2): Linear(in_features=256, out_features=2, bias=True) )
(4): Sequential(
(0): Linear(in_features=256, out_features=256, bias=True)
(1): RelLW)
(2): Linear(in_features=256, out_features=2, bias=True))
(5): Sequential(
(0): Linear(in_features=256, out_features=256, bias=True)
(1): ReLL)
(2): Linear(in_features=256, out_features=2, bias=True) )
(6): Sequential(
(0): Linear(in_features=256, out_features=256, bias=True)
(1): ReL L)
(2): Linear(in_features=256, out_features=2, bias=True) )
)
(pred_classifier_vided: Linear(in_features=256, out_features=15, bias=True)
(fc_feature_domain_latenk Linear(in_features=512, out_features=512, bias=True)
(fc_classifier_doamin_latent Linear(in_features=512, out_features=2, bias=Trug

)

Figure A: The neural network structure (left) and a Netron graph (right) of the proposed TranSVAE
framework. Zoom-ed in for the details.
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action_source

Original Reconstructed
Input Output
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Zt and Zf
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© green yellow rose red wine
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bottom_source
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 Alien - Target Avatar

action_target

slash spellcard O walk
hair_target
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top_target
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Clear

Figure B: The input (left) and output (right) interfaces of our live demo. Users are free to customize
the actions and appearances of the source and target inputs (i.e., the “Human" and “Alien" avatars) in
the left-hand side and use them for disentanglement and transfer as shown in the right-hand side.

Table C: Ablation results without and with disentanglement term.

I—svae I—cls I—aldv I—mi I—ctc ‘ UrlH ‘ HTU

X X 81:67 90:54
X 79:44 90:37
X X 81:11 90:37
X X X 82:22 91:07
X X X 84:44 93:52
X X 83:06 93:70
X X X 83:61 91:42
X X X X X 87:78 98:95

* The 4th column: The reconstructed “Human" and “Alien" avatars by exchanging Zg’ , which
results in two sequences with the same actions but exchanged appearance, i.e., domain
disentanglement and transfer.

B Additional Experimental Results
In this section, we provide additional quantitative and qualitative results for our TranSVAE framework.

B.1 Additional Ablation Studies

Component Integration Study. We further analyze the effect of each loss term without disentan-
glement, i.e., not adding Ly,., on the UCF-HMDB dataset, as shown in Tab. C. Without L,,., the
framework is to learn representations with corresponding constraints as many existing video-based
UDA methods do. Precisely, we have the following remarks for the top-half table:

* Only with L4y, the framework is equivalent to TAS3N [7], which learns the domain-invariant
temporal representation. We can see the adaptation results are similar to that of [7].

* L is a term specifically designed for disentanglement purposes. Thus, the effect of using
L alone for adaptation is random as verified in the above table, achieving worse results
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Table D: Ablation results for the frame number T.

Task \ 5 6 7 8 9 10 12 14 16 20
UrtH \ 84:44 86:11 84:17 87:78 84:72 85:28 83:89 84:44 82:78 85:00
HYU \ 96:85 94:22 98:42 94:75 98:95 93:70 93:87 94:40 94:05 94:40

Table E: Ablation results for the pseudo-label threshold

Task | w/o | 0:90 0:91 0:92 0:93 0:94  0:95 0:96 0:97 0:98 0:99
U H|87:22 ose | 86:94 87:22 87:50 87:78 86:11 86:67 86:94 86:39 86:11 86:39
H T U | 9440 ass | 98:42 97:37 98:77 98:60 98:25 98:25 98:95 97:90 97:72 95:27

in the U ¥ H task and better results in the H ¥ U tasks compared with the source-only
baseline.

* L enforces the learned static representation to be domain-specific and brings indirect
benefit to adaptation, thus obtaining slightly better results than the source-only baseline.

In sum, without L., the adaptation performance of each loss term alone is far from optimal.
Moreover, combining all the terms can slightly improve the adaptation performance over the individual
ones, however, is still obviously worse than TranSVAE results. The above ablation study shows the
necessity of the disentanglement in the TranSVAE framework and proves that Ly, is an indispensable
loss term.

Regarding the bottom half table showing the results with L,q,, we have the following remarks:

* Each individual term with L4, achieves better adaptation results than the source-only
baseline.

* Each individual term with L4, consistently outperforms the corresponding ones without
Ladv-

* The final TranSVAE framework combined all the loss terms yields much better results than
each individual case.

This set of ablation studies indicates that 1) each term in TranSVAE brings positive effects to adapta-
tion, and 2) disentanglement and adaptation are interactive and complementary in our framework to
obtain the best possible UDA results.

Number of Frames T. Tab. D shows the transfer performance with the variation of the number of
frames T on the UCF-HMDB dataset. As can be seen, the two tasks achieve the optimal performance
with different T, specifically T =8forU ¥ Hand T =9 for H ¥ U. Based on this observation,
we apply a grid search on the validation set to obtain the optimal T for each task in our experiments.

Target Pseudo-Label Threshold . We show the sensitivity analyses of the transfer performance
with respect to the target pseudo label threshold on the UCF-HMDB dataset in Tab. E. The results
show that different tasks yield the best transfer result with different , specifically = 0:93 for
U Y Hand = 0:96 for H ¥ U. Thus, we also apply the grid search on the validation set to
obtain the optimal for each task.

B.2 Additional Qualitative Results

For those who cannot access our live demo, we have included more qualitative examples for domain
disentanglement and transfer in Fig. C. We also provide a link> for GIFs demonstrating various
disentanglement and reconstruction results.

In the GIFs link, we show two cases, the first two columns for the first one and the last two columns
for the second one. Each case contains a source and a target cartoon character performing an action.
For each row, we have the following remark:

*https://github.com/ldkong1205/TranSVAE#ablation- study
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Figure C: Additional qualitative results for illustrating the domain disentanglement and transfer
properties in our TranSVAE framework.

* The second row shows the reconstructed results of TranSVAE, i.e. zJ and zP. As can be
seen, TranSVAE reconstructs the image with a high quality.

* The third row shows the reconstructed results only using the static latent factors, i.e., Zg)
and OP, where we replace Z'tD with zero vectors. As can be seen, the reconstructed results
are basically static containing the appearance of the character which is the main domain
difference in the Sprites dataset [22]. Specifically, we find they generally lack arms. This
is reasonable as the target action is slashing or spelling cards with arms moving, and such
dynamic information on the arm is captured by zP.

* The fourth row shows the reconstructed results only using the dynamic latent factors, i.e.,
05 and ZtD, where we replace ZC',D with zero vectors. As can be seen, the reconstructed
results are performing the right action but the appearance is mixed up. This shows that zP
are indeed domain-invariant and contain the semantic information.

* The last row shows the reconstructed results of exchanging the dynamic latent factors
between domains, i.e., (05, z] ) and (0], z7). As can be seen, the reconstructed results are
with the original appearance but perform the transferred action. This indicates the potential
of TranSVAE for some style-transfer tasks.

C Broader Impact

This paper provides a novel transfer method to use cross-domain video data, which effectively helps
reduce the annotation efforts in related video applications. Although the main empirical evaluation is
on the video action recognition task, the model structure proposed in this paper is also applicable
to other video-related tasks, such as action segmentation, video semantic segmentation, etc. More
generally, the idea of disentangling domain information sheds light on other data modality style
transfer tasks, e.g., voice conversion. The negative impacts of this work are difficult to predict.
However, as a deep model, our method shares some common pitfalls of the standard deep learning
models, e.g., demand for powerful computing resources, and vulnerability to adversarial attacks.
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