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Abstract

Unsupervised video domain adaptation (UVDA)
is a practical but under-explored problem. In this
paper, we propose a frustratingly easy UVDA
method, called MetaTrans. Specifically, Meta-
Trans adopts a concise learning objective that con-
tains only two fundamental loss terms. Despite
the simplicity of the learning objective, Meta-
Trans embodies an advanced UVDA idea, that
is, handling the spatial and temporal divergence
of cross-domain videos separately, through a sub-
tle model architecture design. By implementing
a temporal-static subtraction module, MetaTrans
effectively removes spatial and temporal diver-
gence. Extensive empirical evaluations, particu-
larly on various cross-domain action recognition
tasks, show substantial absolute adaptation per-
formance enhancement and significantly superior
relative performance gain compared with state-of-
the-art UVDA baselines.

1. Introduction

Unsupervised video domain adaptation (UVDA) (Xu et al.,
2022a) aims to transfer shared knowledge between different
video domains. It is an under-explored research problem,
but has immense potential in various video-based practical
applications such as video conferencing, video editing, and
video content analysis. Cross-domain action recognition, as
one of the most popular UVDA tasks, has attracted increas-
ing research attention over the past few years (Sahoo et al.,
2021; da Costa et al., 2022a; Wei et al., 2023).

Image-based UDA methods (Tzeng et al., 2017) can be ap-
plied directly to the UVDA task but achieve unsatisfactory
performance, as they only handle the spatial divergence of
static frames while overlooking the temporal dependency
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between frames during adaptation. Some works (da Costa
et al., 2022b; Reddy et al., 2024; Xu et al., 2024) have
emerged specifically for UVDA putting emphasis on tempo-
ral alignment. The key idea is to reduce the cross-domain
divergence by aligning frame-level and video-level features.
In general, these methods do not distinguish the spatial and
temporal domain divergence and handle them together.

Recently, researchers have begun to focus on reducing both
the spatial and temporal divergence in UVDA. A TranSVAE
framework (Wei et al., 2023) has been proposed to address
UVDA by disentanglement. It assumes that a video is gen-
erated by static and dynamic latent factors, and proposes the
simultaneous elimination of spatial and temporal divergence
through a tailored static and dynamic latent feature disen-
tanglement, specifically engineered for adaptation. In (Lin
et al., 2024), a human encoder and a context encoder are
developed to decouple the static context and the dynamic
human motion, although it is specifically designed for the
human action recognition task. These methods attain state-
of-the-art adaptation results on several UVDA benchmark
datasets, and remarkably they surpass some multi-modality
methods by only using RGB features.

Despite the fact that these works have made strides in
UVDA, we observe a potential bottleneck that may impede
their practical applicability. They generally use complex
models that incorporate multiple submodules, e.g., with up
to 7 loss terms in TranSVAE and 5 loss terms in HCT in
their final objective function. To obtain the optimal adapta-
tion performance for a UVDA task, multiple training runs
are needed to find the best weight for each loss. Although
the authors propose to reduce the number of training runs
by some tricks, they still need around ten thousand train-
ing runs for a single task if using greedy grid search. In
this paper, our aim is to develop a UVDA method that em-
ploys a streamlined model structure while being capable of
achieving state-of-the-art adaptation performance. Theoreti-
cal analysis of image-based UDA (Ben-David et al., 2006)
indicates that adaptation performance improvements often
originate from minimized source training risks and reduced
domain divergence. This motivates us to aspire our method
to be as simple as this foundational UDA work, comprising
only two losses in the final objective function: the source
supervision loss and the domain divergence minimization
loss. By doing so, we can significantly reduce the number


https://arxiv.org/abs/2605.19510v1

Return of Frustratingly Easy Unsupervised Video Domain Adaptation

of training runs required for the weight search.

However, simply using the two losses is insufficient to attain
state-of-the-art UVDA performance. The key is to imple-
ment an advanced adaptation idea with this simple objective.
In particular, we expect our model to not only remove the
spatial divergence but also proceed with temporal alignment.
Note that, instead of stacking multiple losses to do so, we
adhere to the above two losses while achieving the idea by
developing a temporal-static subtraction module. Specifi-
cally, we design a self-attention-based model structure to
simultaneously produce a static and a temporal feature rep-
resentation from input sequences. Meanwhile, we remove
spatial domain divergence by subtracting the static feature
representation from the temporal one, followed by eliminat-
ing temporal domain divergence based on the subtraction
results. It is worth noting that our temporal-static subtrac-
tion module has a permutation-invariant nature, which is
theoretically proved. Such permutation-invariance guaran-
tees that the spatial domain divergence can be effectively
removed by the simple subtraction. As a result, we present
MetaTrans, a frustratingly easy UVDA method that achieves
good adaptation performance with only two losses.

2. Related Work

UVDA is an under-explored problem, and a few methods
have attempted UVDA. Chen ef al. (Chen et al., 2019) pro-
posed a temporal attentive adversarial adaptation network
for frame- and video-level alignment. Instead, clip-level
alignment, region-level alignment, and pixel correlation dis-
crepancy alignment are explored in (Choi et al., 2020), (Hu
& Zhu, 2023), and (Xu et al., 2022b), respectively. Wu
et al. (Wu et al., 2022) further proposed mixing different
levels of feature alignment. The attention mechanism is
also widely used in UVDA. In (da Costa et al., 2022b),
the authors directly applied an attention module to learn
the domain-invariant features. The temporal co-attention
network (Pan et al., 2020) adopted cross-domain attention
on common frames for temporal alignment. In (Luo et al.,
2020), the authors proposed modeling the cross-domain cor-
relations using a bipartite graph network topology. The work
(Broomé et al., 2023) studied the cross-domain robustness
for both convolution and attention models.

Some studies emphasize the background. Sahoo et al. (Sa-
hoo et al., 2021) developed an end-to-end temporal con-
trastive learning framework with background mixing and
target pseudo-labels. In contrast, Lee et al. (Lee et al., 2024)
proposed to learn temporal order sensitive representations
and background invariant representations to remove back-
ground shifts. Other works improve the classifier to boost
the adaptation performance. Chen et al. (Chen et al., 2022)
learned a multi-head domain classifier for multi-level tem-
poral attentive features to achieve better alignment, and

(da Costa et al., 2022a) exploited the combination of cross-
entropy and contrastive losses to form a two-headed target
classifier. In (Reddy et al., 2024), the authors apply self-
training on masked target data and use the video student
model and the image teacher model together for UVDA.

Unlike the methods discussed above that focus on the tem-
poral alignment in UVDA, recent studies start to handle
both the spatial and temporal divergence. Wei et al. (Wei
et al., 2023) proposed a general framework that handles
UVDA from a disentanglement perspective. Lin et al. (Lin
et al., 2023) explicitly model spatial-temporal dependencies
between video contents at multiple space-time scales using
a clustering-like process. Recently, HCT (Lin et al., 2024)
decouples human motion from the environment with a hu-
man encoder and a context encoder specifically for human
action recognition tasks.

There are also works using multi-modality data for UVDA.
Most of them use flow as an auxiliary input, e.g. (Munro &
Damen, 2020; Song et al., 2021; Kim et al., 2021; Yang et al.,
2022). In addition to flow, some methods also explored
other auxiliary inputs, e.g., audios (Zhang et al., 2022), web
images (Lin et al., 2022), and wild data (Yin et al., 2022). In
recent work (Planamente et al., 2024), the authors combined
RGB features, flows, and audios for UVDA. In this paper,
we only use RGB features, and we take the extension to
multi-modality as a promising future work direction.

Instead of working on UVDA, some work deals with UVDA
variants, i.e. open-set UVDA and source-free UVDA. For
open-set UVDA, the key is to reduce the adaptation effect
of unknown samples. In (Chen et al., 2021), the authors
used the boost strategy to align the confident samples. Wang
et al. (Wang et al., 2021) separated known and unknown
categories using a novel dual-metric discriminator. Sim-
ilar to (Sahoo et al., 2021) for UVDA, Zara et al. (Zara
et al., 2023b) proposed a contrastive learning framework
that learns discriminative and well-clustered features for
open-set UVDA. Recent work (Zara et al., 2023c¢) takes ad-
vantage of the pre-trained language and vision model (CLIP)
that automatically generates target-private class names.

For source-free UVDA, the difficulty lies in the lack of
source data during the adaptation stage. Dasgupta et
al. (Dasgupta et al., 2025) utilized pseudo-labels and re-
cursively corrected the pseudo-labels to fine-tune the source
pre-trained model. Xu et al. (Xu et al., 2022c) extended
the idea of (Pan et al., 2020) to source-free UVDA, while
(Huang et al., 2022) combined the idea of (Chen et al., 2019)
with multi-modal inputs. In (Li et al., 2023), the authors
proposed using spatial and temporal augmentations in target
videos to update the pre-trained source model. These UVDA
variants are not our focus in this work, but we still discuss
them for a comprehensive UVDA related work review.
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3. The Proposed Method
3.1. Problem Setting

We consider the typical UVDA setting with one source
domain § and one target domain 7. The source S has suf-
ficient labeled data, i.e., {(X$,yS)} V5. The target 7 has
only unlabeled data, {X7 } X7, For a domain D € {S, T},
XP has T frames {x;,...,xP} in total, where x?, is the
t-th image frame. We also denote the total amount of data
N = N¥ + N7 The domains S and T have different data
distributions but share the same label space. The objective is
to utilize both {(X¢,y)} NS and {X7 }¥7, to train a good
prediction model for the domain 7.

3.2. Streamlined Objective Function

In this paper, we aim to develop a UVDA method that
achieves good adaptation performance while minimizing
the number of training runs. Inspired by the theory of image-
based UDA study (Ben-David et al., 20006), i.e., explicit
minimization of domain divergence and source risk results
in good domain adaptation representations, we enforce the
learning objective of our model to incorporate only two
fundamental losses: domain divergence minimization loss
and source task supervision loss. These two losses are
basically indispensable in every UDA or UVDA method,
where the former is the primary mechanism of reducing
domain gaps, while the latter is for the final prediction.

We implement the loss of domain divergence minimization
using the domain adversarial idea (Wei et al., 2023). Specif-
ically, we construct a domain classifier that is tasked with
discerning whether the data originate from S or 7. This
gives the following domain divergence minimization loss:

Lado = Ei[E[L(Ca(M(XP), dy)]], )

where E[-] is the expectation operator, M is our model, £
is the cross-entropy loss, Cy is the domain classifier and d;
is the domain label.

The loss of task supervision applied to the source-labeled
data is essential as it facilitates the training of the prediction
model. Existing work (Chen et al., 2022) has highlighted
the advantages of adding target pseudo-labeled data in task
supervision loss. Thus, we also consider both. Specifically,
in the training phase, we utilize the prediction network from
the preceding epoch to generate target pseudo-labels. To
ensure the reliability of these labels, we initially train the
prediction network solely on the source supervision for
several epochs. In sum, the final task-specific supervision
loss is as follows.

Las = B [L(M(XP),yP)], 2

where yP is the label (pseudo-label) of X$ (X7). The
final objective function is the combination of the domain

divergence minimization and the task supervision losses:
L= Ecls + /\lﬁadv, 3

where \; is the balance weight. With Eq. (3), we only
need to search for the optimal value of A\;, which greatly
minimizes the number of training runs.

3.3. Model Architecture

Using only the learning objective of Eq. (3) is insufficient to
achieve state-of-the-art UVDA performance, despite the sig-
nificant reduction in the number of training runs. The next
step is to explore how to design the structure of the model
M to achieve advanced adaptation ideas while not introduc-
ing extra losses. State-of-the-art methods have shown the
superiority of separately handling the spatial and temporal
divergence, e.g. TranSVAE (Wei et al., 2023) disentangles
input video sequences as static and dynamic latent factors
using a VAE-based model, and then uses the dynamic latent
factors for the UVDA task. However, effective disentangle-
ment of static and dynamic latent factors requires employing
up to 7 losses. TranSVAE, when equipped solely with task
supervision and adversarial losses, yields only marginal
improvement (1.58%) over the source-only baseline, con-
siderably short of optimal results. Our aim is to design the
architecture of M so that spatial and temporal divergences
are handled separately at the model structural level, while
retaining Eq. (3) as the learning objective.

Precisely, we develop a temporal-static subtraction module
that simultaneously generates a temporal feature representa-
tion and a static feature representation. The spatial domain
divergence is removed by simply subtracting the static fea-
ture representation from the temporal one. The losses, as
outlined in Eq. (3), are acted on the subtraction results,
further reducing the temporal divergence on the one hand
and outputting the final prediction model on the other.

Note that the crux of the temporal-static subtraction module
lies in generating good static and temporal feature represen-
tations, with particular emphasis on the former. Intuition
with respect to a good static feature representation suggests
that it should encapsulate global information and exhibit
consistency across different video sequences. In particular,
when considering a sequence, if we were to randomly shuf-
fle the order of frames within this sequence, the static feature
representation extracted from both the shuffled and original
sequences should be equal or exhibit minimal discrepancy.
Ideally, this condition should hold for any permutation of
frame order within the sequence. This motivates us to de-
velop a temporal permutation-invariant sub-module to learn
the static features. To achieve this, we first introduce the
definition of temporal permutation invariance.

Definition 1. Given X € R¥*T where T is the temporal
dimension and d is the number of features and denoted
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Figure 1. MetaTrans overview. The input videos are fed into an encoder to extract visual features, followed by a temporal-static subtraction
module to learn a static representation and a temporal representation from the visual features without and with positional embeddings,
respectively. A latent temporal embedding is obtained by subtracting the static features from temporal ones.

as a permutation of 7" elements, we define a transformation
Ty : RIXT 5 RIXT 3 temporal permutation if 7 (X)
XP, where P, € RT"*T denotes the permutation matrix
associated with 7 defined as P = [e(1), €x(2), -+, €x(T]
and e ;) is a one-hot vector of length T" with its i-th element
being 1. An operator O : R™*T — RIXT ig temporally
permutation invariant if O(7,(X)) = O(X) for any X and
any temporal permutation 7.

With the above definition, we devise an attention-based
model architecture (Vaswani et al., 2017) for M. Our M
employs two streams M7 and Ms: M utilizes sequences
with positional embeddings to learn the temporal represen-
tation, while My uses sequences without positional embed-
dings to learn the static representation. In particular, for
the first stream, video sequences initially pass through a
positional embedding block to incorporate positional infor-
mation. Subsequently, they traverse the attention blocks to
reveal temporal information within the data. In contrast, for
the second stream, video sequences directly undergo atten-
tion blocks, followed by an average operation to extract the
static information embedded in the data. The framework
overview of M is shown in Figure 1. The crucial insight
lies in the temporal permutation invariant nature of Mo, as
shown in Theorem 1.

Theorem 1. Consider My composed of: (i) multi-head
self-attention without positional embeddings, (ii) residual
connections, (iii) layer normalization performed per feature
dimension, (iv) a feature-wise feed-forward network with
shared parameters across time, and (v) an average operator.
Specifically, letting X be the input sequence and T, be any
temporal permutation, we have: Ma(T(X)) = Ma(X).

The full proof of Theorem 1 is stated in section A of the
appendix. With Theorem 1, we can ensure that M is capa-
ble of generating an identical static feature representation,
irrespective of any arbitrary change in frame order. It is
worth noting that appending an average operation at the
end of M, also yields another form of static feature rep-

resentation, but this way lacks permutation invariance due
to the incorporation of positional embeddings, which are
inherently non-permutation invariant. This becomes evident
because the addition of positional embeddings encodes posi-
tional information within the input sequence, rendering any
shuffling operation meaningless.

Denoted P as positional embeddings, we remove the spatial
domain divergence by subtracting the static latent feature
representation from the temporal one:

FP = My(X? +P7) — My(X7). )

Note that the static features are repeated 1" times to perform
the subtraction. This results in a latent temporal embedding
FP. Subsequently, we incorporate Eq. (1) for frame-level
and video-level temporal alignments, where the former is in
F? and F/ and the latter is in the video-level features ob-
tained from the frame aggregation network (FAN') widely
used in the existing UVDA studies (Chen et al., 2019; Wei
etal., 2023).

Laay = Ei[E[L(Ca(F, di) + L(Ca(FAN (FP), di)]].
)

Additionally, we apply Eq. (2) to train the prediction classi-
fier on the video-level features.

ﬁcls = Ei [,C(]:.AN(FZ)),Q;D)] (6)

To this end, we present our MetaTrans model.

3.4. Theoretical Analysis

We further provide theoretical justifications for MetaTrans.
Firstly, we present the target error bound based on (Ben-
David et al., 2006). Let G be a representation map and
h € H be a classifier. In MetaTrans, it is

G(XP) = FAN (M1 (XP + PP) — My(XP)),

Let ep(h o G) denote the expected 0-1 risk on domain
D € {S,T}. We adopt the standard HAH-divergence
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for domain adaptation. The following bound specializes
the classical domain adaptation bound in (Ben-David et al.,
2006) to our representation G.

Theorem 2. For any feature map G and any h € H,
1
er(hoG) <es(hoG) + §dHAH(X57 X&) +X(a),

where X g is the marginal domain distribution with respect
to G, and \*(G) := minpey (es(h o G) + er(h o G)).

Theorem 2 can be easily proved by applying the standard
‘HA?H adaptation bound to the induced distributions over G.
The MetaTrans learning objective in Eq. (3) directly targets
the first two terms in this error bound: L., reduces the
source risk and L4, reduces the domain discrepancy in the
representation space, which theoretically ensures that Meta-
Trans provides a good feature representation for UVDA.

We then theoretically analyze why the temporal-static sub-
traction module in MetaTrans benefits the UVDA perfor-
mance. We consider the factorized modeling of a video
sequence where the per-frame feature follows an additive
decomposition,

zi=s4+u, t=1,...,T, ©)]

where s € R? is a static factor (background, style, cam-
era) and u, captures the dynamics. We then propose the
following theorem.

Theorem 3. Ler Z;(X) := M;(X + P); and Fy(X) =
Z4(X) — Mo(X). Assume that there is a static component
s such that the static estimation error e(X) := My(X) —s
satisfies Ex..s|le(X)|| < oo and Ex.7|e(X)| < co. De-
fine the “ideal” residual Fy(X) := Z,(X) — s, so that
Fy(X) = Fy(X) — e(X). Let P, PE be the distributions
of Fy(X) under S and T, and let PE, Pf be the corre-
sponding distributions of F(X). Denote the Wasserstein-1
distance as W1, we then have:

Wi (PE, PE) <w(PE, PE)
+ Exslle(X)]| + Ex~rlle(X)].

The proof of theorem 3 is stated in the appendix. Theo-
rem 3 shows that the post-subtraction discrepancy between
the source and target domains decomposes into (i) an ideal
temporal discrepancy term W1 (PL'| PE') that captures what
remains after perfectly removing static nuisance, plus (ii)
the static estimation errors of M5 on both domains. Con-
sequently, Eq. (4) acts as a principled preconditioning step
for domain adaptation: when M accurately estimates the
static information, the additional discrepancy introduced by
subtraction is small, and the remaining alignment problem is
dominated by the discrepancy of the ideal dynamic residual
F'. This exactly aligns with our two-stream design: Mo
removes spatial static factors, and the adversarial alignment

in Eq. (5) can focus on the residual temporal content propa-
gated to FAN(+), thereby reducing the discrepancy of the
video-level representation used by the classifier.

Theorem 4. Let a sequence X follow the factorized model-
ingx; =s+w, t=1,...,T. Conditioned on the static
factor s, the dynamic factors {u;}1_; satisfy Elu|s] = 0,
and have a finite second moment. Let M be the static
stream of MetaTrans, which is temporal permutation in-
variant. Further define o := % ZtT:1 u; and assume that
each coordinate uy j (7 = 1,...,d) is sub-Gaussian with
parameter o2 conditioned on s, i.e.,

2)\2
E[exp(Au;) | s] <exp (0

), VA eR.

Then for any ¢ € (0,1), with probability at least 1 — 6,
2dlog(2d/4)
T )

where €., is a small error value and L is a constant.

[M2(X) = sl2 < ecal + Lo

The proof of theorem 4 is stated in the appendix. Theorem 4
shows that the temporal permutation-invariant My yields a
reliable estimator of static factors, with the estimation error
decaying as O(1/1/T). Combined with Theorem 3, they
provide a unified mechanistic justification for MetaTrans:
the permutation-invariant design of M yields a good mod-
eling of static factors, which tightens the post-subtraction
domain gap bound and facilitates residual representations
for downstream alignment and temporal reasoning.

4. Experimental Study
4.1. Experimental Configurations

Datasets. Experiments are carried out on two popu-
lar UVDA benchmark datasets, namely the UCF-HMDB
dataset (Chen et al., 2019) and the Epic-Kitchens dataset
(Damen et al., 2018). The UCF-HMDB dataset consists
of two UVDA tasks: U — H and H — U. The video
samples are collected by amalgamating relevant and over-
lapping action classes from the UCF;(; dataset (Soomro
et al., 2012) and the HMDB35; dataset (Kuehne et al., 2011).
The original Epic-Kitchens dataset is a rigorous egocen-
tric dataset featuring videos that document daily activities
within kitchens. To fit the context of UVDA, (Munro &
Damen, 2020) establishes three domains across the eight
largest actions, P08, P01, and P22 kitchens within the
complete dataset. This results in 6 cross-domain tasks.

Implementation Details. Following (Wei et al., 2023),
we use the I3D (Carreira & Zisserman, 2017) backbone
to extract RGB features. For a given video sequence, we
sample 16 frames within clips by sliding a temporal window
with a temporal stride of 1. Subsequently, we feed these
sliding windows to the I3D model to extract features, yield-
ing a 2,048-dimensional feature vector for each frame of
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Table 1. Comparison results on UCF-HMDB.

Method & Year ‘ Backbone ‘ U—H ‘ H-U ‘ Average 1

DANN (JMLR’16) | ResNet-101 | 75.3 76.4 75.8
JAN (ICML'17) | ResNet-101 |  74.7 76.7 75.7

AdaBN (PR’18) | ResNet-101 | 72.2 774 74.8

MCD (CVPR’18) | ResNet-101 | 73.9 79.3 76.6

ABG (MM20) | ResNet-101 |  79.2 85.1 82.1

TCoN (AAAI'20) | ResNet-101 | 87.2 89.1 88.2
MAZL-TD (WACV22) | ResNet-101 |  85.0 86.6 85.8
Source-only (Sonty) ‘ 13D 80.3 88.8 84.5
DANN (JMLR’16) 13D 80.8 88.1 84.5
ADDA (CVPR’17) 13D 79.2 88.4 83.8
TA®N (ICCV’19) 13D 81.4 90.5 86.0

SAVA (ECCV20) 13D 82.2 91.2 86.7
MM-SADA (CVPR’ 20) 13D 84.2 91.1 87.7
STCDA (CVPR’ 21) 13D 83.1 92.1 87.6
CoMix (NeurIPS’21) 13D 86.7 93.9 90.2
CO?A (WACV’22) 13D 87.8 95.8 91.8
MixDANN (MM’ 22) 13D 775 86.5 82.0
STHC (CVPR’ 23) 13D 90.9 92.1 91.5
DALLA-V (ICCV’ 23) 13D 88.9 93.1 91.0
DFRA (JNC’ 23) 13D 88.6 96.7 92.6
TranSVAE (NeurIPs’ 23) 13D 87.8 99.0 93.4
EXTERN (TMLR’ 24) 13D 88.9 91.9 90.4
UNITE (CVPR’ 24) 13D 92.5 95.0 93.8
TAVIT (DAS’ 25) 13D 90.7 95.4 93.0
Co-STAR (Arxiv’ 25) 13D 92.4 94.1 92.6
CleanAdapt (PR’ 25) 13D 88.6 96.7 92.6
MetaTrans (Ours) | 13D 922 | 990 | 954
Supervised-target (Tqp) | I3D 95.0 | 969 | 959

the video. For MetaTrans, the self-attention blocks consist
of 4 layers, and each layer is with 8-heads attention. The
standard positional embeddings stated in (Vaswani et al.,
2017) are used, while other advanced positional embeddings
can be easily applied. For the frame aggregation network,
we use the one provided by (Chen et al., 2019).

MetaTrans is implemented using PyTorch. We use Adam
optimizer with the weight decay of 1e~*, and set the learn-
ing rate and batch size to 1e~* and 256, respectively. The
number of epochs is set to 500 for all experiments. Target
pseudo labels are incorporated starting from epoch 100. For
A1, we adhere to the common protocol in UVDA (Sahoo
et al., 2021; da Costa et al., 2022a; Wei et al., 2023), per-
forming a grid search on the validation set. All experiments
are conducted with one NVIDIA A100 GPU.

Competitors. We compared with multiple baselines. Ini-
tially, we consider source-only (Sony) and supervised-target
(Tsup) baselines, which exclusively utilize labeled source
data and labeled target data, respectively. These two base-
lines serve as the lower and upper bounds for UVDA tasks.
We also include 5 popular image-based UDA methods,
where temporal information is simply ignored. They are
DANN (Ganin et al., 2016), JAN (Long et al., 2017), ADDA
(Tzeng et al., 2017), AdaBN (Li et al., 2018), and MCD
(Saito et al., 2018). Lastly and most importantly, we com-
pare several UVDA methods, including TA®N (Chen et al.,
2019), SAVA (Choi et al., 2020), TCoN (Pan et al., 2020),
ABG (Luo et al., 2020), MM-SADA (Munro & Damen,

2020), CoMix (Sahoo et al., 2021), STCDA (Song et al.,
2021), CO?A (da Costa et al., 2022a), and MA2L-TD (Chen
et al., 2022), MixDANN (Yin et al., 2022), DFRA (Hu &
Zhu, 2023), STDN (Lin et al., 2023), TranSVAE (Wei et al.,
2023), DALLA-V (Zara et al., 2023a), STHC (Li et al.,
2023), UNITE (Reddy et al., 2024), EXTERN (Xu et al.,
2024), HCT (Lin et al., 2024), Co-STAR (Dadashzadeh
et al., 2025), C-RNA (Planamente et al., 2024), MCT
(Rothenberger & Diochnos, 2025) CleanAdapt (Dasgupta
et al., 2025) and TAViT (Yosry et al., 2025). For all base-
lines, we use RGB features as the input modality. Whenever
possible, we directly compare the results by quoting the
numbers reported in the corresponding papers.

Evaluation Metrics. We use prediction accuracy as the
main metric for adaptation performance comparisons. In
addition, we assess various UVDA methods while consider-
ing the number of training runs required to achieve optimal
prediction accuracy. As highlighted in Introduction, the
number of training runs is closely related to the number of
losses in the learning objective of a method. Considering
the indispensability of the task supervision loss in UVDA
methods, we assign a constant weight of 1 to this term,
while allowing tunable weights for other losses within the
objective function across all methods. We employ identical
weight for losses that serve similar learning objectives, such
as adversarial loss on different feature levels. Moreover,
for fair and convenient comparison, we uniformly set the
number of weight value candidates to 10 for all losses in
different UVDA methods. Consequently, given a UVDA
method, we define the metric, Relative Gain per Running
Attempt (RGRA), which accounts for both the adaptation
performance gain and the number of training runs required:

AOPt - Asonly 1

RGRA =
ATau,p - AS * 10 x (Nloss - 1)’

(®)
only
where, for a given UVDA task, A, is the optimal accuracy
attained by the method, Asony is the result of Sony, A7,
is for the result of T, and Ni,s, is the number of losses
employed in the method. Here, we adopt the strategy where
we search for one weight while fixing the others, as opposed
to the greedy search strategy. Using greedy search results
in a more expensive search, where the training runs grow
exponentially with Nj,gs.

4.2. Experimental Results

Adaptation Performance Comparison. We first com-
pare the absolute adaptation performance among different
baselines. Table 1 shows the comparison results on the UCF-
HMDB dataset. The best result among all the baselines is
highlighted in bold and the runner-up is highlighted in bold
and italic. As can be seen, MetaTrans outperforms all pre-
vious methods in terms of average adaptation performance.
In particular, MetaTrans achieves average accuracy 95.4%,
improving the best competitor UNITE by 1.6%. Note that
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Table 2. Comparison results on Epic-Kitchens.

Method & Year | Backbone | P08 — P01

P08 — P22 P01 — P08 PO1— P22 P22 P08 P22 P01 ‘ Average T

Source-only (Semy) | 13D | 32.8 34.1 35.4 39.1 34.6 358 | 353
DANN (JMLR’16) 13D 377 36.6 38.3 41.9 38.8 42.1 39.2
ADDA (CVPR’17) 13D 354 34.9 36.3 40.8 36.1 414 374
TA®N (ICCV’19) 13D 34.2 374 40.9 42.8 39.9 44.2 39.9
MM-SADA (CVPR’ 20) 13D 45.0 39.7 417 46.1 42.1 46.1 43.9
STCDA (CVPR’ 21) 13D 47.7 41.2 44.4 47.6 41.1 45.5 44.6
CoMix (NeurIPS*21) 13D 42.9 40.9 38.6 45.2 423 49.2 43.2
MixDANN (MM’ 22) 13D 48.0 43.0 43.4 43.9 43.0 46.9 44.7
DFRA (INC’ 23) 13D 46.0 43.8 48.0 48.7 43.7 49.2 46.6
TranSVAE (NeurlPs’ 23) 13D 50.5 50.3 50.3 58.6 48.0 58.0 52.6
STDN (NeurlPs’ 23) 13D 40.5 38.6 385 44.0 40.4 472 41.6
C-RNA (LICV’ 24) 13D 43.1 48.9 43.1 41.7 49.6 41.9 44.7
HCT (TPAMI’ 24) 13D 45.0 433 432 47.6 46.2 46.4 45.3
CleanAdapt (PR’ 25) 13D 44.5 40.9 44.6 45.7 40.7 47.1 43.9
MCT (JMM’ 25) 13D 432 51.4 48.3 408 483 44.6 46.1
MetaTrans (Ours) | 13D | 48.0 50.4 474 56.6 48.5 55.1 | 510
Supervised-target (Top) | 13D 64.0 63.7 57.0 63.7 57.0 64.0 61.5

MetaTrans achieves an improvement 2.0% over TranSVAE
that also handles the spatial and temporal divergence sep-
arately. This shows the superiority of MetaTrans on the
UCF-HMDB benchmark, which attains the best adaptation
performance with a simple learning objective.

Table 2 shows the results on the Epic-Kitchens benchmark.
It can be seen that MetaTrans is the runner-up among all
the methods on the average performance. It performs 1.6%
worse than TranSVAE. However, given that TranSVAE re-
lies on seven loss terms whereas MetaTrans uses only two,
MetaTrans remains highly competitive. All the compar-
ison results in Tables 1 and 2 show that MetaTrans can
achieve considerably good absolute adaptation performance,
although it only uses the two base losses of Egs. (1) and (2).

Relative Gain per Running Attempts. RGRA serves as
a metric to evaluate the holistic performance of a UVDA
method, considering both adaptation performance and the
number of training runs necessary to achieve that perfor-
mance. Thus, we compare RGRA using Eq. (8) across
different baselines. The results on both UCF-HMDB and
Epic-Kitchens datasets are shown in Table 3. From Table
3, it is evident that MetaTrans consistently outperforms all
baselines, emerging as the winner across the board. Particu-
larly noteworthy is its significant superiority over all other
methods in every adaptation task. On average, MetaTrans
can achieve adaptation performance improvements of 6.02%
and 10.35% in each run attempt. Moreover, we observe that,
regarding RGRA, the recent TranSVAE and HCT are not
the state-of-the-art any more due to their complex model
design, and in contrast, earlier methods with fewer losses,
for example STCDA, show better RGRA.

Ablation Study. MetaTrans effectively addresses spatial
and temporal domain disparities separately. The former
is managed through the subtraction of temporal and static

feature representations, while the latter is achieved via ad-
versarial loss. In this section, we validate the efficacy of
each operation through ablation studies. We propose two
MetaTrans variants: MetaTrans_wo_sub, which solely fo-
cuses on temporal alignment using adversarial loss without
the subtraction operation, and MetaTrans_wo_adv, which
exclusively removes spatial domain divergence through the
subtraction operation without employing adversarial loss.
Comparison results of these variants with MetaTrans on
the UCF-HMDB dataset are presented in Table 4, with the
Sonly included for reference. Both variants exhibit improve-
ments over Sonly, highlighting the effectiveness of individual
spatial and temporal divergence removal within MetaTrans.
Furthermore, the integration of both, as in MetaTrans, sig-
nificantly enhances adaptation performance.

Permutation Invariance Analysis. The key of MetaTrans
is its temporal permutation-invariant nature. Herein, we ex-
plore two alternative model architectures for extracting static
and temporal feature representations, and compare Meta-
Trans with them. The first alternative, a variant of Meta-
Trans named MetaTrans_f s_pooling, retains only M; and
adds an average pooling operation at the stream’s end to de-
rive the static feature representation. The second alternative
involves utilizing a ‘Bi-LSTM’ to replace the transformer
structure in M, followed by a pooling operation for static
feature extraction, referred to as Bi-LSTM _pooling. Neither
of these alternatives is permutation-invariant. However, we
apply the same adaptation idea as MetaTrans to address spa-
tial and temporal divergence. We test on the UCF-HMDB
dataset and show the comparison results in Table 5. As can
be seen, MetaTrans consistently achieves notably higher ac-
curacy than both alternatives. This superiority is primarily
attributed to the permutation-invariant nature of MetaTrans,
which implicitly enforces the ‘static consistency’, leading
to superior static feature representation.
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Figure 2. The t-SNE plots for class-wise (multi-color, the 2" and 4" columns) and domain (red source & blue target, the 1°* and 3™
columns) features for Sony (the 1 row) and MetaTrans (the 274 row).

Table 3. RGRA (as in Eq. (8)) comparison results (%) on UCF-HMDB and Epic-Kitchens.

Method | N | | P08 — P01 P08 — P22 P01 P08 P01-—P22 P22-P08 P22 P01 Average! | U-H H—TU Average!
DANN 2 1.57 0.84 1.34 1.14 1.88 2.23 1.49 0.38 —0.86 —0.06
ADDA 2 0.83 0.27 0.42 0.69 0.67 1.99 0.80 —0.75  —0.43 —0.63
TA3N 3 0.22 0.56 1.27 0.75 1.18 1.49 0.88 0.38 1.08 0.63

MM-SADA | 3 1.96 0.95 1.46 1.42 1.67 1.83 1.64 1.34 1.44 1.38

STCDA 3 2.39 1.20 2.08 1.73 1.45 1.72 1.77 0.97 2.07 1.37

CoMix 3 1.62 1.15 0.74 1.24 1.72 2.38 1.51 217 3.13 2.50
MixDANN | 3 2.44 1.50 1.85 0.98 1.88 1.97 1.79 -0.94 139 ~1.10

CLDA 3 1.88 1.15 2.13 1.34 1.36 2.00 1.64 2.83 4.86 3.57

DFRA 4 1.41 1.09 1.94 1.30 1.35 1.58 1.44 1.89 3.24 2.38
TranSVAE | 5 1.42 1.37 1.72 1.98 1.50 1.97 1.65 1.27 3.13 1.94

HCT 5 0.98 0.78 0.90 0.86 1.29 0.94 0.95 2.26 2.10 2.21
MetaTrans | 2 | 4.87 5.51 5.56 7.11 6.21 6.84 6.02 8.11 12.59 10.35
Table 4. Ablation study. Table 5. Permutation-invariant analysis.

Model Variants | Backbone | U—~H H — U Average! Model | Backbone | U~ H H — U Average !
Source-only (Somy) | 13D 80.3 88.8 84.5 Source-only (Souy) | 13D | 803 88.8 84.5
MetaTrans_wo_sub 13D 84.5 92.8 88.7 Bi'LSTM—pOOH”Q 3D 85.8 94.6 90.2
MetaTrans_wo_adv 13D 86.3 95.1 90.7 MetaTrans_fs_pooling 13D 84.7 93.9 89.3

MotaTrans | 1D 92.2 99.0 054 MetaTrans | BD | 922 99.0 95.4

Feature Visualization. We further take advantage of the
t-SNE (Van der Maaten & Hinton, 2008) to visualize the
final video-level features learned by MetaTrans. Addition-
ally, we include the t-SNE feature visualization of Soyjy for
comparison purposes. Two sets of t-SNE figures, one using
the class-wise label and another using the domain label, are
shown in Figure 2. As can be seen from the t-SNE feature
visualizations, MetaTrans produces denser and more dis-
persed class clusters than the source-only baseline. Within
each class cluster, the source and target data are closely
grouped and challenging to distinguish. All these observa-
tions well interpret the positive adaptation performance gain
of MetaTrans over Sony .

5. Conclusion

In this paper, we propose a frustratingly easy UVDA frame-
work, MetaTrans that uses two basic losses but embodies
novel UVDA idea through subtle model architecture design.
Precisely, we develop a permutation-invariant temporal-
static subtraction module consisting of two streams, one
for static estimation and another for temporal learning. The
spatial domain divergence is reduced by subtracting static
features from temporal ones. Temporal alignment is then
achieved by minimizing adversarial loss. Both theoretical
and empirical analyses clearly verify the effectiveness of
MetaTrans on achieving positive adaptation performance.
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Impact Statement

This paper provides a streamlined novel adaptation method
for unsupervised video domain adaptation problem. It can
use cross-domain video data, which effectively helps re-
duce the annotation efforts in related video applications.
Moreover, the streamlined design of the model enables it
to achieve outstanding ROI value, supporting its practical
utility in real-world applications. Although the main em-
pirical evaluation is on the video action recognition task,
the model architecture and the concept proposed in this pa-
per are also applicable to other video-related tasks, such
as video semantic segmentation. More generally, the idea
of removing the global information from a sequence using
a transformer architecture sheds light on other related re-
search, e.g., disentanglement. 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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Appendix

In this appendix, we supplement materials to support the findings and conclusions drawn in the main body of this paper.
Specifically, we show the proof of theorems, and additional experimental results, followed by more discussion on MetaTrans.

A. Proof of Theorems
A.1. Proof of Temporal Permutation Invariant of M,

Theorem A.1. Consider My composed of: (i) multi-head self-attention without positional embeddings, (ii) residual
connections, (iii) layer normalization performed per feature dimension, (iv) a feature-wise feed-forward network with shared

parameters across time, and (v) an average operator. Specifically, letting X be the input sequence and T, be any temporal
permutation, we have: Mo (Tr(X)) = M2 (X).

To prove Theorem A.1, we need to prove several lemmas. We first introduce the definition of temporal permutation
equivariant.

Definition A.1. Given a video sequence X € R*T where T is the temporal dimension and d is the number of
features and denoted 7 as a permutation of 7' elements, we define a transformation 7, : R*T — RI*T a tempo-
ral permutation if 7;(X) = XP, where P, € RTXT denotes the permutation matrix associated with 7 defined as
P, = [eﬁ(l),eﬂ(2)7 ...,e,r(T)] and ey ;) is a one-hot vector of length T' with its i-th element being 1. An operator
O : RXT — R*T s temporally permutation equivariant if O(7,(X)) = 7,(O(X)) for any X and any temporal
permutation 7.

Lemma A.1. A self-attention operator SA(-) is permutation equivariant. Specifically, letting X denote the input matrix
and T, denotes any temporal permutation, we have: SA(T;(X)) = Tr(SA(X)).

Proof. When applying a temporal permutation 7 to the input sequence X of a self-attention operator S.A, we have':
SA(TA(X)) = W, 75 (X) - softmax ((W;{ﬁr(x))T ~Wq7;(X))
— W,XP, - softmax ((WkXP,r)T : WqXPW)
— W,XP, - softmax (PI (WiX)" -W,IXPW) .

It is easy to verify that:
softmax (P MP) = P softmax (M) P,

since P is an orthogonal matrix and PﬂPI = I. Thus, we have:
SA(T+(X)) = W,XP, - softmax (P,T (W X) " - WqXPW>
— W,XP, P - softmax ((WkX)T : qu> P,

— W, X - softmax ((WkX)T : qu) P,

= Tx(SA(X)).
To this end, we complete the proof. [
Lemma A.2. Let P, € RTXT be a permutation matrix. Let X' € RTx4  XH ¢ RTXu pe matrices with the same
number of rows. Define feature-wise concatenation: Concat(X*, ..., X) ¢ RT > (di++du) by concatenating columns.
Then
P, Concat(X!',..., X¥) = Concat(P,X',... P, XH). 1)

Proof. Let C = Concat(X?!, ..., X#) and C’ = Concat(P, X", ..., P, X*). We show that equality holds row by row.

'W,, Wy, W, are the query, key, value parameter matrices, respectively. Please refer (Vaswani et al., 2017) for more details.
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Letw:{1,...,T} — {1,...,T} be the permutation represented by P, defined so that the ¢-th column of P ;X is the
m(t)-th column of X:

PrX)e: = Xpy, VX eRTX
Then the ¢-th row of the left-hand side of Eq. (1) is
(Pﬂc)t,: = Cﬂ(t),: = [X}r(t),: T X7Ir{(t),::|’ (2)
where [ BRI ] denotes the concatenation of row vectors.
On the other hand, the ¢-th row of the right-hand side of Eq. (1) is
Cli= [(PaXD)ey oo (PrX)i ] = [Xpg, -+ Xl 3)
Comparing Eq. (2) and Eq. (3) shows (P, C);. = C; . for all ¢, hence proving Eq. (1). O

Lemma A.3. Let MHA(X) denote standard multi-head self-attention:
MHA(X) = Concat(SA(X),...,SAx(X))Wo,

where each S A}, has the form in Lemma A.1 and W ¢ is the output projection. Then for any permutation T, with the
permutation matrix P,

MHA(TH(X)) = Ta(MHAX)).

Proof. By Lemma A.1, SA,(7T(X)) = T (SA,(X)) for every head. According to Lemma A .2,
Concat(SA; (Tx(X)), ..., SAx(T2(X))) = Tr(Concat(SA;(X),...,SAx(X))).

Right-multiplication by W acts identically on each row, hence preserving equivariance. To this end, we complete the
proof. O

Lemma A4. Let ¢ : R — RY be any function and define the feature-wise extension ® : RT*d — RT*d" py (D(X))s,: =
&(Xy,.) for all t. Then for any permutation matrix P,

d(P,X) =P, &(X).

Proof. Let X’ = P, X. The t-th row of X’ equals the 7(¢)-th row of X. Hence
(DX = ¢(XL) = 6(Xar),:) = (2(X))r(r).: = (Pr®(X))1.:-

Thus ®(P,X) = P, ®(X). O

Lemma A.4 applies directly to the standard FFN and to feature-wise LayerNorm. Residual addition also preserves
equivariance because (P, A) + (P,B) = P.(A + B).

Lemma A.5. Consider a Transformer encoder block
B(X) = LN (X + MHA(LN(X))) followed by LN (-+FFN(LN(-))),

where MHA is multi-head self-attention without positional embeddings, F FN is a feature-wise feed-forward network,
and LN is feature-wise layer normalization. Then for any permutation matrix P,

B(P.X) =P, B(X). 4)
Moreover, any stack T = By, o - - - o By is also permutation equivariant: T (P,X) = P, T(X).

13
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Proof. As the stacked case follows by induction using closure under composition, we prove equivariance for one block.
Let X' = P,X. First, feature-wise LayerNorm is permutation equivariant by Lemma A.4 (with ¢ being LN), so
LN (X') = P-LN(X). By Lemma A.3, MHA(LN (X)) = MHAP LN (X)) = P MHA(LN (X)). Therefore
the first residual branch is equivariant:

X'+ MHA(LN (X)) =P, X + P, MHA(LN (X)) = P, (X + MHA(EN(X))).
Applying feature-wise LayerNorm again preserves equivariance, giving
ﬁN(X’ + M’HA(ﬁN(X’))) = PﬂﬁN(X + M”HA(CN(X))).

Denote this intermediate output by Y. Then Y' = P Y.

For the FEN sub-layer, FFN is feature-wise (same parameters applied to each row), hence permutation equivariant by
Lemma A.4. Also, LN is temporal permutation equivariant. Thus

FFN(LN(Y") = FFNPLN(Y)) =P, FFN(LN(Y)).
The second residual branch is equivariant:
Y' + FFN(LN(Y') =P.Y + P.FFN(LN(Y)) =P (Y + FFN(LN(Y))),

and applying the final feature-wise LayerNorm preserves equivariance. Therefore B(P.X) = P B(X), proving Eq. (4).
For a stack T = By, o --- 0 By, assume T;_1(PX) = P, 7;_1(X) holds. Then

Te(PzX) = Bip(Ti—1(PzX)) = Bp(PrTi-1(X)) = PrBp(Tp-1(X)) = P Ti(X),

where we used equivariance of By. This completes the proof. O

Lemma A.6. Let O be any permutation equivariant operator, and define mean pooling AV(X) = %1TX € RIxd
(averaging rows). Then the pooled representation is temporal permutation invariant: AV(O(P X)) = AV(O(X)) for all
X, P,.

Proof. Since O is permutations equivariant, O(P . X) = P O(X). Mean pooling is invariant to row permutations because
1TP,. =1T for any permutation matrix P .. Therefore,

AV(O(P, X)) = %IT(’)(PWX) _ %ITPﬂO(X) - %1TO(X) — AV(0(X)).

With Lemmas 1 to 6, we can prove Theorem A.1.

A.2. Proof of Post-subtraction Distribution Discrepancy Bound

Theorem A.2. Let Z;(X) := M1(X + P); and F1(X) = Z:(X) — My(X). Assume that there is a static component s
such that the static estimation error e(X) := My (X) — s satisfies Ex..s||e(X)|| < oo and Ex~7|le(X)|| < oo. Define
the “ideal” residual Fy(X) := Zy(X) — s, so that F;(X) = F,(X) — e(X). Let PL, PE be the distributions of Fy(X)
under S and T, and let Pg , P7E be the corresponding distributions of I:"t(X). Denote the Wasserstein-1 distance as W1, we
then have:

Wi (PE, Pr) < Wi(PE, PL) + Expglle(X)]| + Ex~py e(X)]- &)

Proof. To prove the theorem, we first present the following three facts.

Fact 1 (Kantorovich—Rubinstein duality (Arjovsky et al., 2017)). For probability measures P, ) on R™ with finite first
moments,

Wi(P,Q) = ”fﬁl}pq (Eu~pf(U)] = Evaglf(V)D), (6)

14
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where || f||Lip < 1 means |f(u) — f(v)] < ||u — v for all u, v.

Fact 2 (Triangle inequality). W1 is a metric, hence for any measures P, ), R,

Fact 3 (Lipschitz perturbation bound). If f is 1-Lipschitz, then for any random vectors U, V,
fO) =W <U=V| = [E[f©)]-EfWV)] <E|U-V]. ®)
By definition,
Fi(X) = Zy(X) = M3(X) = Zy(X) — s — (Ma(X) —8) = F(X) — e(X). ©)
Applying Fact 2 twice with intermediate measures Pg and Pf gives
By Fact 1,
Wi(PEPE) = s (Bxena ()] = Bxep [F(AX)))
LipS
Using Fact 3 and Eq. (9),
Ex~ps[f(Fy(X))] = Exaps [f (F1(X))] < Exaps | f(F (X)) = F(F(X))]
< Exps [|Fi(X) — F(X)]|
= Ex~pslle(X)].- (1D
Since the bound holds for every 1-Lipschitz f, taking the supremum yields
Wi(P§, P§) < Ex~pgle(X)]. (12)
Similarly, we can obtain
Wi(PF, Pf) < Ex~pylle(X)]- (13)
Substitute Eq. (12) and Eq. (13) in Eq. (10) to obtain
Wi(P§, PF) < Wi(P§, Pf) + Exep [e(X) || + Expyle(X)])
which completes the proof. O
A.3. Proof of Estimation Error Bound on Static Factor
Theorem A.3. Let a sequence X follow the factorized modeling x; = s +w;, t = 1,...,T. Conditioned on the static

factor s, the dynamic factors {u; }}_, satisfy E[us|s] = 0, and have a finite second moment. Let Ms be the static stream of

o .o . _ T .
MetaTrans, which is temporal permutation invariant. Further define u := % > i_1 U and assume that each coordinate

(5 =1,...,d)is sub-Gaussian with parameter o> conditioned on s, i.e.,

2)\2
E[exp(Au;) | s] <exp (J

), VA eR

Then for any ¢ € (0,1), with probability at least 1 — & (conditioned on s),

||M2(X)_SH2 ggcal+LU w

15

(14)



Return of Frustratingly Easy Unsupervised Video Domain Adaptation

Proof. Since My is temporal permutation invariant, it motivates the following conditions.

(C1) Approximate calibration on constant sequences: there exists .51 > 0 such that

[Ma(s17) = sz < cal-
(C2) Mean-stability: there exists L > 0 such that for all X and all such s,

T
E Xt—S

[Ma(X) = Ma(s1T)[|ls < L

2

We add and subtract M(s17) and apply the triangle inequality,
|M2(X) = sll2 < [|M2(X) = Ma(s1") ]2 + [ Ma2(s1") —s]l2-

By (C2),
T

o

[M2(X) = Ma(s17)[]2 < L

T
E Xt*S

With (C1), substituting into Eq. (17) yields the core bound

2

[M2(X) —sll2 < L||ul|2 + ecar-

Fix j € {1,...,d} and define @; := S°7_, us j. Conditioned on s, for any \ € R,
T
A

oolrze)
T

LIe[eo(7e) |9
ﬁ (2 N (Y
L1015 P\ )

Pr(u; > a|s) = Pr(exp(An;) > exp(Aa) | s)
< exp(—Aa) E[exp(Aq;) | s

o2 )\?
< exp(—)\a—l— 5T > .

Elexp(Au;) | s] =

I A

Leta > 0 and A > 0. By Markov’s inequality,

We minimize the exponent in Eq. (20) over A > 0:

022 o2
A)i=—-da+ —— "N =—a+ =\
b= dat T W= —at D
Setting ¢’ (A) = 0 yields A\* = =%, and substituting back gives
Ta?> o% T?a? Ta?
)= — =
vX) o? + 2T ot 202

Therefore,
T 2
Pr(ﬂj>a|s)<exp<— ¢ )

202

16

= Lull,.

(15)

(16)

a7

(18)

19)

(20)

2



Return of Frustratingly Easy Unsupervised Video Domain Adaptation

Applying the same bound to —; gives Pr(u; < —a | s) < exp(—T'a?/(20?%)), hence
T 2
Pr(ju;| > a|s) < 2exp(—%j2> . (22)

Consider the Union bound for ||| . Let ||Ti||oc := maxi<;<a |%;|. Then

d/
Pr(afo > a|s) = Pr( | J{lus| > a} | s
j=1

202

& _ , Ta?
< Pr(lug| > a|s) < 2d exp : (23)

j=1

Now convert £, to £>. For any v € R?, ||v||2 < v/d||v||o. Hence the event inclusion holds:
{Ialls > } < {lja)l 2 e/Va}.

Applying Eq. (23) with a = £/+/d yields

_ T(e%/d) Te?
> < il AL B
Pr(||allz > e |s) < 2dexp< 552 2d exp 507 (24)

Now choose ¢ such that the right-hand side equals §:

Te?\ B 2d log(2d/9)
2dexp(2d02)5 < e=o0 — 7
Then Eq. (24) becomes
2dlog(2d/d
m(mu>m/%;/)h><a e3)
Finally, combining Eq. (25) with Eq. (18) proves Eq. (14). O

Why permutation invariance motivates C1 and C2. Because M5 uses a Transformer encoder without positional
embeddings and pools over time, it is invariant to temporal permutations: My (XP ) = Mo (X). This invariance places
M, in the correct symmetry class for estimating a static (time-order—independent) nuisance, but invariance alone does not
enforce correctness or stability. We therefore impose two additional properties. C1 is a calibration condition requiring M
to act as (approximate) identity on constant sequences s1 T, corresponding to the “no-dynamics” case. C2 is a mean-stability
condition stating that deviations from a constant sequence affect the output primarily through the average perturbation,
which is the canonical permutation-invariant statistic that concentrates at rate O(1/+/T') under i.i.d. mean-zero fluctuations.
Together, permutation invariance + C1 + C2 formalize that M, implements a stable static estimator.

B. Experimental Results
B.1. Complexity Analysis

We conduct complexity analysis on MetaTrans. We compare it with TA®N, CO%A, CoMix, and TranSVAE on the number of
trainable parameters, multiply-accumulate operations (MACs), floating-point operations (FLOPs), and inference frame-per-
second (FPS). We show comparison results in Table 1. It can be seen that MetaTrans requires less trainable parameters than
TranSVAE, CO?A, and CoMix. Regarding MACs and FLOPs, they are competitive among different methods due to the
usage of the same I3D backbone. For UNITE, it is based on Vit-B/16 with 3 training stages using 4 GPU, and thus is more
computationally expensive. In FPS evaluations, MetaTrans outperforms all baselines, demonstrating superior efficiency with
fewer training runs and the fastest inference speeds.
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Table 1. Model complexity analysis.

Methods | Trainable Params MACs FLOPs FPS

TASN 7.69 M 18.2318 G 36.4636 G 0.0134 s
CoMix 30.37TM 18.5640 G 37.1280G  0.0157 s
CO2%A 23.67M 18.1884 G 36.3768 G 0.0127 s
TranSVAE 12.74 M 18.26567G 36.5314G  0.0133 s
UNITE 86.00 M 277078 G 55.4156 G 0.0164 s
MetaTrans 8.67TM 18.2458 G 36.4916 G 0.0091 s
U—H H—U
1o —— MetaTrans 1071 —— MetaTrans
TransferVAE | TransferVAE
0.8 0.8 [
0.6 064 |
0.2 0.2
' NS B ) v L I
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Figure 1. Learning curves on UCF-HMDB.

We also compare the convergence speed between MetaTrans and the latest TranSVAE on the UCF-HMDB dataset. The
learning curves of the two methods are shown in Figure 1. As observed, MetaTrans converges more rapidly than TranSVAE,
necessitating fewer learning epochs. This speed discrepancy can be attributed to the simpler architecture of MetaTrans,
which involves only two primary loss terms, as opposed to TranSVAE’s balancing act with five terms, including MSE and
KL-divergence losses. This observation underscores the training efficiency advantage of MetaTrans.

B.2. Ablation Study.

We further conduct ablation study on the Epic-Kitchens dataset. Recall the two MetaTrans variants: MetaTrans_wo_sub,
which solely focuses on temporal alignment using adversarial loss without the subtraction operation, and MetaTrans_wo_adv,
which exclusively removes spatial domain divergence through the subtraction operation without employing adversarial
loss. Comparison results of these variants with MetaTrans on Epic-Kitchens dataset are presented in Table 2. As can
be seen, both variants exhibit improvements over Sony, highlighting the effectiveness of individual spatial and temporal
divergence removal within MetaTrans. Furthermore, the integration of both, as in MetaTrans, significantly enhances
adaptation performance.

Table 2. Ablation study on the Epic-Kitchens dataset.

Model Variants | P08 — P01 P08 — P22 P01 — P08 P01 — P22 P22— P08 P22 — P01 | Average !

Source-only (Sonly) | 32.8 34.1 35.4 39.1 34.6 358 | 353
MetaTrans_wo_sub 42.1 45.6 44.6 53.8 43.9 51.7 47.0
MetaTrans_wo_adv 42.4 43.1 42.5 53.6 44.8 51.7 46.4

MetaTrans | 48.0 50.4 47.4 56.6 48.5 55.1 | 510

B.3. Permutation Invariance Analysis.

We further conduct permutation invariance analysis on the Epic-Kitchens dataset. The two alternatives follow the definition
in the main paper, i.e., MetaTrans_f s_pooling and Bi-LSTM_pooling. Comparison results are presented in Table 3. As can
be seen, both variants outperform Sy, yet neither matches the performance of MetaTrans.
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Table 3. Permutation Invariance Analysis on the Epic-Kitchens dataset.

Model Variants | P08 — P01 P08 — P22 P01 — P08 P01 — P22 P22 — P08 P22 — P01 | Average !
Source-only (Sony) | 32.8 34.1 35.4 39.1 34.6 35.8 | 353
MetaTrans_fs_pooling 42.0 41.1 43.7 50.6 40.6 50.7 44.8
Bi-LSTM_pooling 44.4 41.5 44.6 51.0 42.8 52.1 46.1
MetaTrans | 48.0 50.4 47.4 56.6 48.5 55.1 | 510

B.4. Sensitivity Analysis

MetaTrans only contains one importance weight, i.e., A;. Following the common protocol in UVDA, we conduct the grid
search from 0.01 to 0.1 with 0.01 as the step on the validation set for the optimal value selection. The sensitivity analysis
results are shown in Table 4. As evident, incorporating adversarial loss consistently yields superior results compared to its
absence, which shows the necessity of reducing temporal domain divergence in UVDA. Moreover, we find that MetaTrans
achieves the best result when A; is 0.03 and 0.07 for H — U and U — H, respectively. We thus set these values for our
experiments.

Table 4. Sensitivity analysis on A;.

A1 ‘ 0 0.01 0.02 0.03 0.04 005 006 0.07 0.08 0.09 0.1

H—-U | 939 947 963 99.0 966 954 947 963 957 939 947
U—-H |85 8.3 853 861 906 881 892 922 887 86.1 90.6

B.5. Additional RGRA Results

In Eq. (8) of the main paper, a strategy of searching one by fixing the other weights is used in the definition of RGRA.
Herein, we explore the greedy search strategy. Consequently, RGRA is formulated in the following:

AOPt - Asonly
Az, —As

1
* 10(Nioss—1)

RGRA = (26)

only

The corresponding comparison results of RGRA are shown in Table 5. As can be seen, the RGRA of MetaTrans remains the
same as presented in Table 3 of the main manuscript as only one loss is used in MetaTrans. However, for other methods
employing multiple losses, the use of the greedy search strategy further diminishes the return over investment of the method.
Particularly, TranSVAE emerges as the least efficient baseline due to the largest number of losses utilized. This series of
experiments further corroborates the exceptional superiority of MetaTrans over existing baselines in terms of efficiency.

Table 5. RGRA (as in Eq. (26)) comparison results (%) on UCF-HMDB and Epic-Kitchens.

Method | N | | P08 — P01 P08 —» P22 P01 P08 P01-—P22 P22-P08 P22 P01 Average! | U-H H—TU Average!

DANN 2 1.57 0.84 1.34 1.14 1.88 2.23 1.49 038 086  —0.06
ADDA 2 0.83 0.27 0.42 0.69 0.67 1.99 0.80 -0.75  -043  —0.63
TA3N 3 0.04 0.11 0.25 0.15 0.24 0.30 0.18 0.08 0.22 0.13
MM-SADA | 3 0.39 0.19 0.29 0.28 0.33 0.37 0.33 0.27 0.29 0.28
STCDA 3 0.48 0.24 0.42 0.35 0.29 0.34 0.35 0.19 0.41 0.27
CoMix 3 0.32 0.23 0.15 0.25 0.34 0.48 0.30 043 0.63 0.50
MixDANN | 3 0.49 0.30 0.37 0.20 0.38 0.39 0.36 -0.19  -028  —0.22
CLDA 3 0.38 0.23 0.43 0.27 0.27 0.40 0.33 0.57 0.97 0.71
DFRA 4 0.04 0.03 0.06 0.04 0.04 0.05 0.04 0.06 0.10 0.07
TranSVAE | 5 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
MetaTrans | 2 |  4.87 5.51 5.56 711 6.21 6.84 602 | 811 1259 1035

C. Remarks on MetaTrans.

For MetaTrans, we want to highlight the following remarks.
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* Visual features, with and without positional embeddings, undergo processing by same self-attention blocks to maintain
consistency. Essentially, M; and M3 have identical model structure.

* The permutation-invariant nature is pivotal. While there are alternative model architectures to extract static feature
representation from sequences, such as LSTM with average pooling, these architectures cannot ensure temporal
permutation-invariance.

* MetaTrans leverages the robust temporal representation learning capability of Transformer w. positional embedding,
and the temporal permutation-invariant nature of a Transformer variant w.o. positional embedding, to learn the temporal
feature representation and the static feature representation, respectively. This is different from either the disentangled
idea in TranSVAE (Wei et al., 2023) that uses information bottleneck to achieve the static and dynamic separation, or
separate encoder structures for human and context information in HCT (Lin et al., 2024).

* Note that TranSVAE uses a static consistency constraint to approximate permutation invariance, but this constraint is
limited to a single random permutation. In contrast, with Theorem 1, the temporal permutation-invariance of MetaTrans
holds for any permutation.

* MetaTrans is more than an application of attention blocks to UVDA. It embodies a streamlined design grounded
in a theoretically-justified idea: the effective management of spatial and temporal divergence by the extraction of
high-quality static and temporal feature representations, all accomplished with a simple objective function.

D. Limitation and Future Work.

We explore the limitations of MetaTrans, which can point towards promising future directions. Firstly, MetaTrans relies on a
conventional self-attention architecture with standard positional embeddings. Exploring more advanced attention-based
variants might significantly boost its performance. Secondly, alternative temporal permutation-invariant models could exist,
and integrating them with our proposed decoupled adaptation approach could be fruitful. Thirdly, MetaTrans could be
strengthened by considering additional factors such as incorporating multi-modality inputs, leveraging advanced backbone
features like videomae, and evaluating its performance in multi-source adaptation scenarios as well as other video adaptation
tasks. These unexplored avenues hold the potential to provide valuable insights for future research.
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