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Abstract—Unsupervised domain adaptation (UDA) in videos
is a challenging task that remains not well explored compared
to image-based UDA techniques. Although vision transform-
ers (ViT) achieve state-of-the-art performance in many computer
vision tasks, their use in video domain adaptation has still
been little explored. Our key idea is to use the transformer
layers as a feature encoder and incorporate spatial and temporal
transferability relationships into the attention mechanism. A
Transferable-guided Attention (TransferAttn) framework is then
developed to exploit the capacity of the transformer to adapt
cross-domain knowledge across different backbones. To improve
the transferability of ViT, we introduce a novel and effective mod-
ule, named Domain Transferable-guided Attention Block (DTAB),
which compels ViT to focus on the spatio-temporal transfer-
ability relationship among video frames by changing the self-
attention mechanism to a transferability attention mechanism.
Experiments conducted on the UCF-HMDB and Kinetics-NEC
Drone datasets, with different backbones, like I3D and STAM,
show that TransferAttn outperforms state-of-the-art approaches.
Also, we demonstrate that our DTAB yields performance gains
when applied to other ViT-based methods for video UDA.

I. INTRODUCTION

Among video analysis tasks, action recognition is both pop-
ular and challenging due to the many variations in how actions
can be performed and captured, including differences in speed,
duration, camera angles, actor movement, and occlusion [1].

Various deep learning methods for action recognition handle
the temporal dimension differently. Some use 3D models
to capture both spatial and temporal features, while others
separate spatial and temporal data or use Recurrent Neural
Networks (RNNs) to model temporal dynamics [2]. High hu-
man costs arise from the need for extensive video annotations
to achieve good results, which is difficult and labor-intensive
across many application domains [3].

Unsupervised Domain Adaptation (UDA) helps reduce the
cost of manual data annotation by training models on labeled
data from a source domain and unlabeled data from a target
domain. Approaches like adversarial-based and transformer-
based methods, have shown promising results [4]. However,
only a few recent studies [1], [5]–[7] address video UDA for
action recognition due to its more challenging aspects. Even
fewer explore Vision Transformer (ViT) architectures [1].

Although previous work has pushed the performance of
video UDA, there is still much room for improvement. Unlike
most approaches that align frames with larger spatial and tem-

poral domain gaps, we hypothesize that frames with smaller
domain gap have a more meaningful action representation and
can improve the adaptability.

Motivated by this assumption, we propose a novel method
for video UDA, called Transferable-guided Attention (Trans-
ferAttn), which improves the potential of ViT. Our method
uses a transformer encoder to reduce the domain gap and
learn temporal relationships among frames. The encoder also
includes our proposed transformer block, named Domain
Transferable-guided Attention Block (DTAB), which intro-
duces a new attention mechanism.

The main contributions of this paper are: (i) we propose
DTAB, a novel transferable transformer for UDA, which uses a
new attention mechanism capable of improving adaptation and
domain transferability in ViT; and (ii) we conduct experiments
on the UCF ↔ HDMBfull [8] and Kinetics → NEC-Drone [9]
bechmarks, setting a new state-of-the-art result.

II. RELATED WORK

Action Recognition: Deep learning and large-scale video
datasets, like Kinetics, Moments-In-Time, and YouTube 8M,
have greatly advanced action recognition. Deep learning-based
solutions for action recognition are categorized by how how
they model temporal dynamics into: (i) space-time networks,
like C3D and I3D, which use a 3D convolutions; (ii) multi-
stream networks, like TSN and TDN, which use optical flow
data separately; and, (iii) hybrid models, like LSTMs [2].

Unsupervised Domain Adaptation: Various strategies for
unsupervised domain adaptation (UDA) have been employed
to alleviate domain shifts in images [10]. Adversarial-based
methods are a standard choice and use a domain discriminator
to minimize the domain gap through a min-max optimization,
similar to Generative Adversarial Networks (GANs). In a
different direction, metric-based methods aim to reduce the
domain gap by learning domain-invariant features through dis-
crepancy metrics, like Maximum Mean Discrepancy (MMD)
and Joint Adaptation Networks (JAN) [10]. Driven by the
success of ViTs, TVT [11] employs a transferability metric
as a weight in the class token.

Unsupervised Domain Adaptation for Action Recognition:
Despite the potential applications of UDA for action recog-
nition, only a few recent studies have addressed this chal-
lenge [4]. For instance, MA2LT-D [7] generates multi-level



temporal features with domain discriminators. CleanAdapt [6]
addresses source-free video domain adaptation by using noisy
labels from a pre-trained source model. TranSVAE [5] alle-
viates spatial and temporal domain shift with latent factor
constraints. Although transformers have achieved state-of-the-
art performance in many tasks, for video UDA, they have been
explored only in a few works, like UDAVT [1], which uses
STAM [12] as backbone and performs domain alignment with
a loss based on the Information Bottleneck (IB) principle [13].

III. OUR APPROACH

In Section III-A, we describe our baseline model, which
relies on a ViT architecture and adversarial domain adaptation.
Then, in Section III-B, we introduce our domain transferable-
guided attention block, called DTAB, and its components.

A. Baseline Model

Given the success of ViTs in diverse computer vision
tasks [14], we built a baseline architecture that leverages a
ViT encoder to produce better spatio-temporal features and an
adversarial-based method for UDA, as shown in Fig. 1.
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Fig. 1. A baseline architecture trained with an adversarial loss Ladv and a
classification loss Lcls. The backbone Gb extracts frame-level features and
the encoder Ge learns meaningful semantic spatio-temporal representations.

Overall, the baseline architecture consists of a backbone,
an encoder, a classification head, and an adaptation head. The
backbone (Gb) is fixed and not trained. The encoder (Ge)
consists of L layers, h heads and a hidden size of d. A
patch embedding (Gp) may be used before the encoder to
map features from the backbone to the encoder’s input size.

Let S = {(xs
i , y

s
i )}

Ns
i=1 be a labeled source domain sharing

the same set Y of categories with an unlabeled target domain
T = {xt

i}
Nt
i=1. We denote the j-th frame from the i-th video

as xs
i,j for the source domain and xt

i,j for the target domain.
For convenience, we refer to the features extracted from the
backbone Gb for the i-th video and the j-th frame from the
source domain as F s

i,j , and F t
i,j for the target domain. Also,

we denote fs
i and f t

i as a Global Average Pooling (GAP) over
the frame-level features extracted by the encoder Ge for the
i-th video from the source and target domains, respectively.

The classification head contains a MLP classifier (GC), that
is not trained. The motivation for using a fixed classifier is
to prevent it from learning a projection that might overfit
the source domain data. This way, we make learning class
discrimination a responsibility of the encoder Ge through the
classification (Lcls) and entropy (LH ) losses, as given by:

Lcls = − 1

Ns

Ns∑
i=1

ysi · logGC(f
s
i ) (1)

LH = − 1

Nt

Nt∑
i=1

GC(f
t
i ) · logGC(f

t
i ) (2)

The adaptation branch is composed of a Gradient Reversal
Layer (GRL) followed by a domain discriminator (GD), which
is a MLP classifier to identify the video domain. With the
inversion of the gradients in the GRL, the encoder Ge learns
to deceive the domain discriminator GD, playing a min-max
game, using on a adversarial loss (Ladv), defined as:

Ladv = − 1

Ns

Ns∑
i=1

logGD(GRL(fs
i ))−

1

Nt

Nt∑
i=1

logGD(GRL(f t
i ))

(3)
Therefore, the overall loss used to train the baseline model is

a weighted sum of three terms: classification loss Ls
cls (Eq. 1),

entropy loss Lt
H (Eq. 2), and adversarial loss Ladv (Eq. 3).

B. TransferAttn: Transferable-guided Attention

The baseline architecture with standard ViT encoder, as
shown in Tables I and II, achieves limited improvement. We
hypothesize that the self-attention does not fully leverage the
transferable capabilities of ViT, as it it does not consider inter-
domain specificity and focus only on intra-domain similarity.

To support our hypothesis, we propose TransferAttn, an im-
provement of our baseline model. The key difference between
TransferAttn and our baseline model is the encoder Ge. To
ensure the encoder Ge is capable of learning a better feature
space, we design a novel transformer module to facilitate
the domain alignment, named Domain Transferable-guided
Attention Block (DTAB), as shown in Fig. 2(a).

Instead of using self-attention, which gives attention to sim-
ilar tokens or patches (in our case, frames) only within a same
domain, we propose the Multi-head Domain Transferable-
guided Attention (MDTA). This mechanism weights frames
on how difficult it is to predict which domain they belong
to (see Fig. 2(b)). Unlike methods that prioritize frames with
larger domain gaps, like MA2LT-D [7], the reasoning behind
MDTA is to highlight portions of a video that are similar
across domains. As an example, Fig. 2(c) shows how MDTA
weights frames. Note that MDTA enables the model to focus
on more significant frames in the action Hand Shaking that
are more transferable between different domains.

MDTA does not align the source and target domains, but
only keeps the attention on portions of a video that are likely
to deceive a discriminator in predicting which domain they
come from. To perform domain alignment, DTAB exploits the
Information Bottleneck (IB) principle [13] to find a shared
representation space between the source and target domains.

Multi-head Domain Transferable-guided Attention. We
propose the Multi-head Domain Transferable-guided Atten-
tion (MDTA), an new attention mechanism that leverages
spatio-temporal information to give more weight to frames that
are more similar across domains and still semantic meaningful.
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(a) Domain Transferable-guided Attention Block (DTAB) 
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Fig. 2. DTAB overview. (a) The Domain Transferable-guided Attention Block follows a standard transformer block layout, except for our novel MDTA
attention mechanism and the layer-wise Information Bottleneck (IB) calculation. (b) The heatmap of the transferable-attention weights, showing how MDTA
focus on frames that has information that is more transferable between different domains and also brings more meaningful information about the ocurring
action. (c) Temporal attention visualization compared between domains.

Similar to self-attention, MDTA is computed as in
Eq. 4 and 5, where WQ

i , WK
i , and WV

i are linear projections
learned separately for each of the h heads; and WO is the
learned linear projection of the concatenation.

MDTA(Q,K, V ) = Concat({DTAi}hi=1) ·WO, (4)

DTAi = softmax

(
Q

′ ·K ′T

√
dh

)
· V ·WV

i , (5)

However, unlike self-attention, in MDTA, the attention
scores are computed by taking the dot product between the
vectors Q

′
= GRL(DDE(GD′(GRL(QWQ

i )))) and K
′
=

GRL(DDE(GD′(GRL(KWK
i )))), where the Domain Dis-

criminator Error (DDE) is a weighting function given by Eq. 6
and GD′ is a domain discriminator that predicts which domain
the frames of a video belong to. The purpose of the double
GRL is to force the domain discriminator GD′ to learn a
domain-separable feature space that is class-invariant.

DDE(x) =

{
log x, if x is from source
log(1− x), otherwise

(6)

This operation results in a matrix that defines which frames
are more or less transferable, as depicted in Fig. 2(b). In other
words, if DDE goes to one, it is more likely to deceive the
domain discriminator GD′ and should be more important when
classifying the video action.
Information Bottleneck Module. To perform domain align-
ment, this module calculates a loss given by Eq. 7, where C
is a cross-correlation matrix computed between mean centered
representations from the source and target batches.

Lib =

m∑
i=1

(1− Ci,i)
2 + λ

m∑
i=1

m∑
j ̸=i

(Ci,j)
2 (7)

The loss used to train our TransferAttn model is a weighted
sum of four terms: classification loss (Ls

cls), entropy loss (Lt
H ),

adversarial loss (Ladv), and IB loss (Lib).

IV. EXPERIMENTS AND RESULTS

We evaluated our approach through experiments on video
UDA datasets and compared it to state-of-the-art methods.

A. Datasets

Experiments were conducted on 2 different benchmarks:
UCF ↔ HDMBfull [8] is one of the most widely used,
containing a subset of videos from two datasets, UCF101 [15]
and HMDB51 [16], representing 3,209 videos and 12 classes.
Kinetics → NEC-Drone [9] contains videos from the
Kinetics-600 [17] and NEC-Drone datasets, including a total
of 10,118 videos and 7 classes.

B. Experimental Setup

Our encoder Ge comprises 4 transformer blocks, where our
DTAB module is the last one, and each transformer block is
composed of h = 8 attention heads with a hidden size of
dmodel = 512. We used the Adam optimizer for the training
schedule with a weight decay of 5 · 10−4 and a learning rate
of 3 · 10−5 for 300 epochs.

C. Comparison with State-of-the-art Methods

In this section, we compare our approach with different
methods recently proposed in the literature.

1) Results on UCF101↔HMDB51full: As shown in Table I,
we compare our results on different backbones. The first one
is the I3D backbone, in which our approach surpasses even
works that use multi-modal data (i.e, color and motion). From
single-modal data, our approach achieves a significant average
increase of 3.5% and, compared to multi-modal methods, can



be seen as an average increase of 0.4%. For STAM backbone,
our approach yields a average increase of 0.9%.

TABLE I
CLASSIFICATION ACCURACY ON UCF101↔ HMDB51FULL .
MULTI-MODAL METHODS ARE REPRESENTED WITH (C + M).

Method Backbone U → H H → U Average
Source Only

I3D

80.6 89.3 85.0
MA2LT-D [7] 89.3 91.2 90.3
TranSVAE [5] 87.8 99.0 93.4
CleanAdapt (C + M) [6] 93.6 99.3 96.5
Baseline 90.8 95.2 93.0
TransferAttn (ours) 94.4 99.4 96.9
Source Only

STAM

86.9 93.7 90.3
TranSVAE [5] 93.5 99.5 96.5
UDAVT [1] 92.3 96.8 94.6
MA2LT-D [7] 95.3 99.4 97.4
Baseline 93.4 98.9 96.1
TransferAttn (ours) 97.2 99.7 98.5

2) Results on Kinetics→NEC-Drone: Our approach was
also evaluated in the Kinetics → NEC-Drone benchmark, as
shown in Table II, achieving a significant increase of 9.5% in
comparison with UDAVT, setting a new state-of-the-art result.

TABLE II
CLASSIFICATION ACCURACY ON KINETICS → NEC-DRONE DATASET.

Method Backbone K → N
Source Only

STAM

29.4
MA2LT-D [7] 55.4
TranSVAE [5] 55.9
UDAVT [1] 65.3
Baseline 45.5
TransferAttn (ours) 74.8

D. Ablation Study
We studied the effect of our transformer block, DTAB, on

other ViT-based methods for video UDA. We ran UDAVT [1]
and reported the results of our reproduction using the author’s
code1. We also reported the results for the Transferability
Adaption Module (TAM), which is the attention mechanism
introduced in TVT [11]. As shown in Table III, adding our
DTAB increased the accuracy by 1.7%, while TAM achieved
marginal gains of less than 0.5%. These findings indicate that
DTAB outperforms TAM in handling spatio-temporal data and
can enhance other ViT-based methods for video UDA.

TABLE III
ACCURACY IN HMDB-UCFfull DATASET INTEGRATING DTAB ON
STATE-OF-THE-ART TRANSFORMER VIDEO UDA ARCHITECTURES.

Method U → H H → U Average
UDAVT (Our impl.) [1] 92.2 96.5 94.4
UDAVT + TAM [11] 92.5 96.9 94.7
UDAVT + DTAB 94.2 97.9 96.1

V. CONCLUSIONS

We proposed TransferAttn, a framework for video UDA
and one of the few works that exploit transformer architec-
tures to adapt cross-domain knowledge. We also propose a

1https://github.com/vturrisi/UDAVT (As of July, 2024)

novel Domain Transferable-guided Attention Block (DTAB)
that employs an attention mechanism to encourage spatial-
temporal transferability among video frames from different
domains. We outperformed all other state-of-the-art methods
that were compared to ours, showing the effectiveness of our
TransferAttn model. Our DTAB module also demonstrated to
be a promising strategy when added to other transformer-based
UDA methods, increasing their performance. As future work,
we plan to augment our approach to utilize multi-modal data
and make it able to integrate into source-free methods.
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