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Abstract

In this work, we tackle the problem of unsupervised do-
main adaptation (UDA) for video action recognition. Our
approach, which we call UNITE, uses an image teacher
model to adapt a video student model to the target do-
main. UNITE first employs self-supervised pre-training to
promote discriminative feature learning on target domain
videos using a teacher-guided masked distillation objective.
We then perform self-training on masked target data, us-
ing the video student model and image teacher model to-
gether to generate improved pseudolabels for unlabeled tar-
get videos. Our self-training process successfully leverages
the strengths of both models to achieve strong transfer per-
formance across domains. We evaluate our approach on
multiple video domain adaptation benchmarks and observe
significant improvements upon previously reported results.

1. Introduction
In recent years, the field of video action recognition has
undergone significant advancement, largely driven by deep
learning-based techniques. These include approaches based
on convolutional neural networks (CNNs) [6, 14, 15, 47, 51,
53] and vision transformers (ViTs) [1, 5, 13, 33, 39, 42].
Further enriching this landscape, models integrating video
and language data have emerged [36, 55, 57], which ef-
fectively leverage large collections of captioned videos to
achieve impressive video understanding capabilities.

Despite increasing performance on benchmark datasets,
deep networks for video action recognition suffer from
the same fundamental challenges as other machine learn-
ing models in the presence of distribution shift. This phe-
nomenon, where a model’s performance degrades when ap-
plied to data distributions different from those it was trained
on, remains a critical obstacle in deploying the models in
varied real-world scenarios.

Domain adaptation (DA) seeks to mitigate the effects of
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Figure 1. Overview of the UNITE pipeline for video UDA. A
teacher model is used to guide the self-supervised learning process
in the first stage, and is again used to improve pseudolabeling of
target videos during self-training in the third stage.

distribution shift and has been a major research area within
the computer vision community for years [41]. A subprob-
lem within DA is unsupervised domain adaptation (UDA),
which tries to make use of unlabeled data from the target
domain to improve transfer performance. UDA approaches
specific to video have also been developed, with many fo-
cusing on explicit alignment of the source and target do-
mains using adversarial techniques or domain discrepancy
measures. In contrast, we present here a method for video
UDA that relies on self-supervised masked pre-training and
self-training, both aided by a powerful image-based teacher
model (CLIP [44] ). The authors of DALL-V [67] demon-
strate the effectiveness of CLIP in the source-free video
domain adaptation setting by directly adapting it to action
recognition tasks despite fundamentally being an image-
based technique. Instead, we leverage CLIP as a spatial
teacher for training a spatiotemporal student model that can
better operate on target domain videos.

This paper presents, to the best of our knowledge, the
first exploration of self-supervised masked distillation
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techniques in the context of unsupervised video domain
adaptation. Our approach, Unsupervised Adaptation
with Teacher-Enhanced Learning (UNITE), successfully
harnesses the capabilities of an image-based teacher in
two ways: (1) to form the target representations in a
masked self-supervised pre-training stage on target domain
videos, and (2) to improve the quality of pseudolabels used
during self-training in collaboration with the student video
network (see Figure 1).

We summarize the contributions of our work as follows:
• We introduce the UNITE pipeline for video domain adap-

tation, which consists of a novel combination of masked
video modeling and self-training techniques.

• We conduct extensive experimentation by evaluating
UNITE on three video domain adaptation benchmarks
(Daily-DA, Sports-DA and UCF-HMDB) and observe sig-
nificant performance gains compared to previously re-
ported results.

• We present a series of ablation experiments that study the
effectiveness of various aspects of the UNITE pipeline
and assess alternative design choices. In particular, we
show that masked distillation pre-training and masked
self-training are best applied in concert to achieve the
strongest domain transfer performance.

2. Related Work
Video Unsupervised Domain Adaptation (VUDA). Tech-
niques for video unsupervised domain adaptation typically
fall within a few common categories [59]. Adversar-
ial methods attempt to align representations between the
source and target domains by enforcing a domain confu-
sion loss using a separate domain discriminator network,
where the main network must learn to fool the discrimina-
tor. Some techniques which were developed for images,
such as DANN [18] or MK-MMD [34], can be applied di-
rectly to video architectures. TA3N [8] is a video-specific
approach that uses separate adversaries for the spatial and
temporal dimensions. These approaches can result in unsta-
ble training due to competing objectives.

Another class of methods use contrastive learning and
exploit the intrinsic structure of video. CoMix [45] uses
contrastive learning with pseudolabeling and video-based
augmentations such as sampling at varying frame rates or
mixing the backgrounds of source videos and target videos.
CO2A [52] optimizes 6 different losses simultaneously,
including contrastive losses at the clip- and video-level,
along with supervised contrastive learning across domains.
UDAVT [10] adapts vision transformers using the informa-
tion bottleneck principle by having separate projectors for
source and target features and estimating a cross correla-
tion matrix between features whose labels and pseudolabels
match.

Some video domain adaptation techniques have been de-
veloped to address the related problem of source-free video
video domain adaptation (SFVUDA), which focuses on sce-
narios where source data is unavailable during the adapta-
tion phase. ATCoN [62] tries to ensure the trained model
is as consistent with its features as the original model. EX-
TERN [63] additionally uses masking augmentations as a
factor for features to be consistent over. DALL-V [67] takes
a different approach by adapting a CLIP [44] image encoder
to source and target datasets using an adapter.

Masked Image & Video Modeling. Masked model-
ing first achieved success in natural language processing
[11], and has since been applied to image and video data
as a way to learn powerful feature encoding from unlabeled
data. The basic idea behind masked modeling is to par-
tially occlude patches of the input data and train a model
to reconstruct the missing patches. This can be done at the
pixel-level [16, 19, 31, 50, 54, 58], or the targets of the re-
construction can be formed by a neural network— either an
exponential moving average (EMA) of the network being
trained [2–4, 24, 32, 70], or even a separate teacher model.
MVD [56] uses the latter concept to train a video trans-
former network using both image and video teachers, which
can be viewed as a form of knowledge distillation [21].

Unmasked Teacher (UMT) [30] uses a different form of
masked distillation to train powerful video encoders, where
instead of reconstructing representations of masked regions,
the student attempts to match the teacher representations
of visible patches [66]. UMT is able to use a spatial en-
coder (CLIP [44]) to train a powerful spatiotemporal model.
Because the video encoder only needs to process visible
patches, and there is no need for an expensive decoder for
reconstruction, UMT offers a highly efficient approach for
self-supervision on videos. As such, we choose to leverage
the UMT masked distillation objective to perform unsuper-
vised video learning in UNITE.

Masked Modeling for Domain Adaptation. Masked
modeling is fundamentally about ensuring a given feature
is invariant to whether its corresponding input is masked or
not. Inducing such invariances on novel domains can be a
useful property to enforce for the purposes of domain adap-
tation. MAE-TTT [17] finetunes a masked autoencoder [19]
on single images at test time, adapting the feature extractor
to the statistics of the current image while leaving the pre-
diction head unchanged. MIC [22] uses an EMA teacher
model on unmasked images to produce pseudolabels for
training on masked target images. PACMAC [43] selects
target domain samples for pseudolabeling based on predic-
tion consistency over masked views, and also applies the
classification loss to masked target inputs. Since these ap-
proaches have been developed for image-based tasks, there
is still an open question of how similar concepts could be
applied to video recognition.
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3. Preliminaries
3.1. Problem Formulation

We formalize the problem of unsupervised domain adapta-
tion for action recognition as follows. Given a set of labeled
videos DS := {(xS

i , y
S
i )}

NS
i=1 drawn from a source data dis-

tribution PS , and a set of unlabeled videos DT := {xT
i }

NT
i=1

drawn from a target distribution PT , our objective is to learn
a function that can successfully classify videos drawn from
PT . More precisely, we seek to learn the parameters θ of a
function fθ, in our case a transformer neural network, that
minimize the empirical risk on a sampling of videos from
PT . The challenge in domain adaptation lies in the fact that
PS and PT differ from one another, leading to a gap in per-
formance when directly applying a source trained model on
target domain data. Thus, UDA techniques need to exploit
information in unlabeled target domain samples to reduce
this gap.

3.2. Self-Supervised Initialization

In contrast to some other video domain adaptation works
[10, 65] that use network weights from Kinetics-400 su-
pervised pre-training, we initialize our network from self-
supervised pre-training. As contended in [43] for UDA with
images, we argue that supervised pre-training can poten-
tially complicate the study of VUDA techniques. When the
pre-trained network has been trained to classify categories
present in the DA dataset, some DA techniques could per-
form well simply by preserving the capabilities of the pre-
trained model despite not generalizing well to DA tasks that
do not have category overlap with the pre-training dataset.
Moreover, the UDA problem formulation implies that la-
beled instances of relevant classes are only available from
the source domain. This condition does not hold for the
Daily-DA and Sports-DA benchmarks that we use for evalu-
ation, as 6 out of their 8 classes also appear in the Kinetics-
400 dataset. Further exacerbating the issue with super-
vised Kinetics pre-training is the fact that Kinetics serves
as a target domain in both benchmarks. Thus, we initial-
ize the network weights from UMT [30] single-modality
(i.e., video only) self-supervised pre-training on Kinetics-
710 [29]. Please refer to Sec. 10 in the Appendix for select
results using a UMT pre-trained network with additional su-
pervised fine-tuning on Kinetics-400, which unsurprisingly
achieves better baseline performance.

4. Method
4.1. UNITE

Our approach to VUDA consists of three stages: (1) unsu-
pervised pre-training on target domain data, (2) supervised
fine-tuning on source domain data and (3) collaborative
self-training using videos from both domains. We now
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Figure 2. Unmasked Teacher (UMT) training used in Stage 1 of
UNITE to perform unsupervised representation learning on target
domain videos.

describe each stage in detail.

Stage 1: Unsupervised Target Domain Pre-Training.
To enable the extraction of discriminative features from
target domain videos, the UNITE pipeline begins by per-
forming additional unsupervised pre-training on the tar-
get dataset DT . For this, we adopt the UMT [30] self-
supervised training objective. UMT training uses a pre-
trained and frozen spatial teacher model g∗ to train a spa-
tiotemporal student model ga by enforcing alignment be-
tween feature representations of the two networks at multi-
ple layers (depicted in Figure 2). A key aspect of the train-
ing process is that the student model takes as input a masked
video view m(xT ), while the teacher model processes un-
masked video frames from xT . Through UMT training, ga
must learn to match the semantically rich (albeit only spa-
tially informed) features of g∗ from heavily masked target
domain videos. To ensure sampling of meaningful video
patches, UMT performs an attention-guided masking oper-
ation m(·) drawn from a multinomial distribution defined
by the attention map of the final layer CLS token in g∗.
Attention-guided masking allows the use of a high mask-
ing ratio, which makes UMT training extremely efficient.
We formalize the Stage 1 objective as follows. Let zla de-
note the L2 normalized l-th layer representation of ga for a
masked input m(x), and let zl∗ denote the normalized l-th
layer representation of g∗ for the full input x, but only at the
locations corresponding to the visible patches in m(x). The
loss function in Stage 1 can be represented as:

LUMT = Ex∼PT

[
1

|A|
∑
l∈A

MSE
(
dl(zla), z

l
∗
)]

where A is a set of aligned layers, dl(·) is a linear projection
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Figure 3. Overview of the collaborative self-training stage in UNITE. The student and teacher models work together to produce more
accurate pseudolabels for target domain videos. The target domain classification loss is enforced on masked target videos to encourage
stronger context learning. Source domain classification is included to stabilize training, which is especially important at the beginning of
training when pseudolabels may have low accuracy.

for the l-th layer and MSE indicates mean squared error.
Following the original UMT method, we leverage a CLIP
[44] ViT-B image encoder as g∗. We keep the standard
UMT masking ratio of r = 0.8 and perform alignment
between the last 6 layers of the networks. ga is initialized
as described in Sec. 3.2, along with the projections dl(·),
which are kept frozen throughout Stage 1.

Stage 2: Source Domain Fine-Tuning. The second stage
of UNITE fits a classifier on source domain data using ga
from Stage 1. We introduce label space information in a
separate stage from target domain self-supervision because,
as the authors of [17] observe for MAE training, we find that
imposing a classification loss and UMT loss simultaneously
can hinder convergence. To perform supervised fine-tuning,
we introduce a linear classification head ha that operates on
the mean pooled outputs of the final transformer layer in ga.
The full student classifier network can now be represented
as fa = ha(ga(·)). As is the case with other masked pre-
training strategies, we find that representations learned via
UMT pre-training are not linearly separable. Thus, we per-
form full fine-tuning of fa by minimizing a cross entropy
(CE) loss LCE on unmasked source domain videos. The
Stage 2 loss function is represented as:

LSFT = E(xS ,yS)∼PS

[
LCE(fa(x

S), yS)
]

(1)

To help preserve target domain feature extraction learned
in Stage 1, we apply a layer-wise learning rate decay when
fine-tuning on source domain data.

Stage 3: Collaborative Self-Training (CST). After en-
hancing the ability of ga to extract meaningful features
in the target domain (Stage 1) and fitting fa for the clas-
sification task using source videos (Stage 2), we further
adapt fa to target data using a self-training process (de-
picted in Figure 3). In a conventional self-training frame-
work (denoted as LST in Eq. (2)), the overall loss is a sum
of losses on labeled source domain samples and select tar-
get domain samples, chosen using mask s(·). The target do-
main loss leverages the model’s own predictions ŷ (where
ŷ = argmaxc σ(f(x

T ))[c] and σ(·) denotes the softmax
function) in lieu of labels in the CE loss computation. Var-
ious strategies have been used to form the selection mask
s(·), with the goal of choosing target samples whose pre-
dictions are more likely to be correct [43, 48, 68].

LST =E(xS ,yS)∼PS

[
LCE(fa(x

S), yS)
]
+

λExT∼PT

[
s(xT )LCE(fa(x

T ), ŷa(x
T ))

] (2)

We introduce a modified form of self-training, which we re-
fer to as collaborative self-training (CST), that makes use
of the student-teacher setup from Stage 1 to improve the
process of pseudolabel estimation. Specifically, we use
the zero-shot classification capabilities of the CLIP image
teacher model f∗ (see Sec. 5.2 for details), in combination
with predictions from the video student model fa, to cre-
ate refined target pseudolabels for self-training. We em-
ploy the MatchOrConf scheme proposed in [69] to com-
bine the outputs of the two models as shown in Eq. (3),
where Conf(ŷ) denotes the maximum softmax probability
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[20], maxc σ(f(x
T ))[c], to create pseudolabel ỹ:

ỹ =


ŷa if ŷa = ŷ∗

ŷa if ŷa ̸= ŷ∗ and Conf(ŷa) > γ and Conf(ŷ∗) ≤ γ,

ŷ∗ if ŷa ̸= ŷ∗ and Conf(ŷa) ≤ γ and Conf(ŷ∗) > γ,

−1 otherwise.
(3)

xT is an argument of the above, but is omitted for clarity.
The MatchOrConf scheme selects only those target samples
where there is agreement between the predictions of the two
models, or where one model’s confidence exceeds threshold
γ while the other’s does not, resulting in the following se-
lection mask:

s(xT ) =

{
1 if ỹ(xT ) ̸= −1,

0 otherwise.
(4)

Taking inspiration from [22] and [43], we compute the
target domain loss on masked videos, where we employ
the same teacher-guided attention masking strategy (with
r = 0.8) used during UMT pre-training in Stage 1. We
find that training on masked videos in this stage results in
substantial performance boosts compared to training on un-
masked videos (see Table 6). Like [22], we include a loss
weighting q for each target video, based on the student net-
work confidence:

q(xT ) = Conf(ŷa(xT )) (5)

The complete loss function for the collaborative self-
training stage can be expressed as:

LCST =E(xS ,yS)∼PS

[
LCE(fa(x

S), yS)
]
+

λE(xT )∼PT

[
s(xT )q(xT )LCE(fa(m(xT )), ỹ(xT )

]
(6)

5. Experiments
5.1. Datasets

We evaluate our approach on three video domain adaptation
benchmarks: Daily-DA, Sports-DA, UCF↔HMDBfull.
• Daily-DA [64] is a recently introduced benchmark com-

posed of videos from four domains: ARID (A) [60],
HMDB51 (H) [28], Moments-in-Time (M) [38] and Ki-
netics (K) [7, 26]. It consists of 8 overlapping classes
representing everyday actions, with a total volume of ap-
proximately 19K videos. Videos from the ARID domain
present a unique challenge in this benchmark, as they
were explicitly filmed under low-illumination conditions.

• Sports-DA [64] contains videos from three domains:
Sports-1M (S) [25], UCF101 (U) [49] and Kinetics (K)
[7, 26]. It includes 23 overlapping categories depicting

various sporting activities, with a total volume of approx-
imately 41K videos.

• UCF↔HMDBfull [8] contains approximately 3.2K
videos across 12 action categories taken from the
UCF101 (U) [49] and HMDB51 (K) [28] datasets.

5.2. Implementation Details

Frame Sampling. During training, we perform random
uniform frame sampling [53] on each video. We divide the
video into T = 8 uniform segments and randomly sample
one frame from each. All frames are resized to 224 × 224
pixels, resulting in a 3 × 8 × 224 × 224 tensor for each
video. During testing, we average the network predictions
across 3 spatial crops and 4 temporal clips, where clip i
is formed by splitting each of the T segments into 4 sub-
segments and sampling a frame from the i-th sub-segment
of each.

Network Architecture & Training. All of our experiments
use a standard ViT-B/16 [12] architecture with a fixed sine
and cosine positional encoding scheme. Our patch embed-
ding projection operates on each frame independently, and
self-attention is performed across both the space and time
dimensions. All classification is performed using mean
pooling of the final layer patch representations. We con-
duct our experiments using the PyTorch deep learning li-
brary [40] on 4 NVIDIA A5000 GPUs.

During Stage 1, we perform UMT training for 50 epochs on
the target dataset using a batch size of 256 and a learning
rate of 1.5e-5. During Stage 2, we use a batch size of 28,
a learning rate of 2.5e-5, and apply a layer-wise learning
rate decay of 0.65. During stage 3, we use a batch size of
40 (20 videos from each domain), a learning rate of 1e-5, a
MatchOrConf confidence threshold of γ = 0.1 and a target
domain loss weight λ = 1. Training in all stages uses the
AdamW optimizer [35] and a weight decay of 0.05. Please
refer to Sec. 8 in the Appendix for more training details for
each stage.

Zero-Shot Classification with CLIP. In Stage 3 of
UNITE, we use CLIP (ViT-B/16) in a zero-shot manner to
refine the pseudolabels of target domain videos. We do so
by passing each of the T video frames through the CLIP im-
age encoder and computing the cosine similarity with a set
of text representations produced by the CLIP text encoder.
The inputs to the text encoder are the class names associated
with the particular action recognition task, embedded in the
following template: “A video of a person {class}.” To form
a video-level prediction, we simply average the softmax of
the cosine similarity scores across the video frames. Refer
to the Appendix (Sec. 11) for a listing of class names used
for each task.
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Method Target Domain Accuracy (Top-1%)
H→A M→A K→A A→H M→H K→H H→M A→M K→M M→K H→K A→K Avg.

DALL-V [67] LB 17.5 34.7 15.6 14.6 44.6 47.9 25.5 15.5 35.7 61.6 45.1 17.8 31.3
Source Only 40.4 52.1 36.5 49.6 68.3 57.9 41.5 36.3 43.3 79.3 48.0 41.7 49.6

Z
S CLIP (ViT-B/16) [44] 36.5 36.5 36.5 60.0 60.0 60.0 48.5 48.5 48.5 68.1 68.1 68.1 53.3

SF
V

U
D

A ATCoN [62] 17.9 27.2 17.2 26.7 47.3 48.2 30.7 17.2 32.5 57.7 48.5 31.0 33.5
EXTERN [63] 26.2 18.1 23.9 26.2 53.7 55.8 40.7 18.2 35.2 68.1 57.6 51.4 39.6
DALL-V [67] 24.0 24.0 24.0 57.9 65.4 52.5 47.0 45.7 47.0 78.1 76.7 75.0 51.4

U
D

A

DANN [18] 14.2 22.8 21.2 20.1 43.3 37.5 29.5 19.7 21.7 58.8 38.2 27.0 29.5
MK-MMD [34] 20.3 21.0 21.7 18.7 50.4 36.2 25.7 18.0 24.0 58.5 33.8 26.1 29.5
TA3N [8] 14.4 21.6 19.9 14.9 43.0 37.7 25.7 15.6 31.5 55.5 38.4 23.4 28.5
UNITE w/o CST 43.8 46.7 34.7 51.7 70.8 54.6 44.3 39.0 43.3 78.1 51.7 50.8 50.8
UNITE (Ours) 48.0 44.1 37.5 67.9 74.2 65.8 51.8 50.0 48.0 89.9 69.9 63.6 59.2

DALL-V [67] UB 26.9 26.9 26.9 70.4 70.4 70.4 61.5 61.5 61.5 88.9 88.9 88.9 61.9
Target Only 68.5 68.5 68.5 84.6 84.6 84.6 73.0 73.0 73.0 98.3 98.3 98.3 81.1

Table 1. UDA results on Daily-DA. Rows in color use our UMT pre-trained backbone, and rows without color are reported from [61].

Method Target Domain Accuracy (Top-1 %)
U→S K→S S→U K→U U→K S→K Avg.

DALL-V [67] LB 64.3 79.5 84.4 85.4 67.2 78.2 76.5
Source Only 67.6 86.8 97.9 98.9 79.9 89.1 86.7

Z
S CLIP (ViT-B/16) [44] 85.0 85.0 93.3 93.3 91.3 91.3 89.9

SF
V

U
D

A ATCoN [62] 47.9 69.7 90.6 93.6 65.2 76.0 73.8
EXTERN [63] 72.7 73.8 95.4 93.7 81.2 82.2 83.2
DALL-V [67] 75.9 77.7 88.8 88.0 81.2 82.3 82.3

U
D

A

DANN [18] 55.1 75.0 85.7 88.0 65.9 73.4 73.8
MK-MMD [34] 55.6 67.9 90.9 90.2 66.1 73.6 74.0
TA3N [8] 54.1 68.6 93.0 90.3 63.6 72.6 73.7
UNITE w/o CST 73.9 87.3 98.2 99.2 84.6 90.2 88.9
UNITE (Ours) 86.0 90.2 98.7 99.8 94.2 95.3 94.0

DALL-V [67] UB 88.3 88.3 93.4 93.4 85.6 85.6 89.1
Target Only 97.9 97.9 98.8 98.8 99.9 99.9 98.9

Table 2. UDA results on Sports-DA. Rows in color use our UMT pre-trained backbone, and rows without color are reported from [61].

5.3. Baselines

We compare results using UNITE with previously devel-
oped techniques in UDA, as well as in the closely re-
lated setting of SFUDA as reported by [67]. For Daily-
DA and Sports-DA we compare against DANN [18], MK-
MMD [34] and TA3N [8] in the UDA setting, and ATCoN
[62], EXTERN [63] and DALL-V [67] for SFUDA. For
UCF↔HMDBfull, we additionally report accuracies from
CO2A [52] and UDAVT [10].

5.4. Benchmark Results

Tables 1, 2 and 3 show the results of our evaluation of
UNITE on Daily-DA, Sports-DA and UCF↔HMDBfull.
We include accuracies after Stage 2 of the pipeline (de-
noted as UNITE w/o CST) as well as after applying the full
UNITE process. For reference, we include accuracies us-
ing our UMT pre-trained network with source domain su-
pervised fine-tuning (Source Only) and with target domain

supervised fine-tuning (Target Only). We also include the
source only and target only accuracies (denoted in the tables
as LB and UB) of DALL-V [67] (a CLIP-based ResNet-50
model) for added context. We additionally display the zero-
shot classification accuracy of the CLIP teacher model that
we utilize during Stage 1 and Stage 3 of UNITE.

An observation we make across all benchmarks is the
enhanced baseline accuracy of the UMT pre-trained model,
which speaks to the strength of the unsupervised masked
distillation process and the ViT architecture. On the Daily-
DA benchmark, we find that UNITE exceeds previously re-
ported results on most domain shifts. On only one shift
(M→A) we observe degradation in target accuracy after
employing UNITE compared to source only, which is con-
sistent with previous work.

UNITE exhibits even stronger performance on the larger-
scale Sports-DA benchmark, where it exceeds previous re-
sults by a large margin. We also see more consistent and
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Method Accuracy (%)
H→U U→H Avg.

DALL-V [67] LB 71.6 76.1 73.8
Source Only 88.8 80.0 84.4

Z
S CLIP (ViT-B/16) [44] 88.8 91.7 90.3

SF
V

U
D

A ATCoN [62] 85.3 79.7 82.5
EXTERN [63] 91.9 88.9 90.4
DALL-V [67] 93.1 88.9 91.0

U
D

A

DANN [18] 74.4 75.1 74.8
MK-MMD [34] 74.7 79.7 77.2
TA3N [8] 78.1 84.8 81.5
CO2A [52] 95.8 87.8 91.8
UDAVT [10] 96.8 92.3 94.6
UNITE w/o CST 92.1 83.6 87.9
UNITE (Ours) 92.5 95.0 93.8

DALL-V [67] UB 93.7 91.4 92.6
Target Only 99.7 96.7 98.2

Table 3. UDA results on UCF↔HMDBfull. Rows in color use our
UMT backbone, and rows without color are reported from [61].

Figure 4. Class-wise accuracy on ARID→HMDB. Performances
are shown for the CLIP teacher model and the student model be-
fore and after the collaborative self-training stage (Stage 3). For
most classes, the Stage 3 student exceeds the accuracy of both the
Stage 2 student and the CLIP teacher.

substantial improvement after the UMT target pre-training
stage alone (UNITE w/o CST), suggesting that overtraining
may be occurring on the smaller datasets in Daily-DA.

On UCF↔HMDBfull we see state-of-the-art perfor-
mance on U→H, while UDAVT outperforms on H→U.
Nevertheless, UNITE still achieves strong overall perfor-
mance on the benchmark.

6. Additional Analysis & Discussion
Student exceeds the teacher. We see in the benchmark
results that the video student model exceeds the zero-shot
accuracy of the CLIP teacher in virtually all domain shifts.
This suggests that UNITE successfully leverages the spatial
modeling capabilities of CLIP to train an even more pow-
erful spatiotemporal model for the action recognition task.

Method PT CST
Accuracy (%)
H→A A→H

Source Only ✗ ✗ 40.4 49.6

+ Target UMT Pre-Training ✓ ✗ 43.8 51.7
+ Collaborative Self-Training ✗ ✓ 42.0 60.8

UNITE ✓ ✓ 48.0 67.9

Table 4. Ablation of stages in UNITE on ARID↔HMDB from
Daily-DA. PT and CST denote UMT pre-training and collaborative
self-training, respectively.

We can see from Figure 4 that the teacher model and the stu-
dent model prior to collaborative self-training have differing
capabilities. For example, the image teacher is stronger at
recognizing actions from the jump class than the Stage 2
student. On the other hand, the video student is significantly
better than the teacher at recognizing wave at the start of
CST. In both cases, we see that the student model, through
collaborative self-training, comes to exceeds both the Stage
2 student and the CLIP image teacher. With the MatchOr-
Conf pseudolabeling scheme, the two models are able to
work together to achieve higher accuracy in the target do-
main. We see accuracy on the pick and run classes declines
after CST, as self-training tends to reinforce the accuracy of
well-performing classes, sometimes at the expense of more
difficult ones that are infrequently assigned pseudolabels.
Modifying CST to account for the learning status of each
class, like in [68], may help remedy this issue.
Impact of Stage 1 and 3. In Table 4 we ablate the stages
in UNITE. While UMT pre-training and collaborative self-
training each offer a benefit in the absence of the other,
the largest gains in domain transfer performance are ob-
tained when combining the two stages. For example, on
the ARID→HMDB domain shift in Daily-DA, Stage 1 and
Stage 3 alone improve upon source only accuracy by +1.8%
and +11.2% respectively. Meanwhile, the full UNITE
pipeline results in +18.3% accuracy improvement on the
target domain, suggesting that the masked pre-training and
masked self-training processes complement one another.
Impact of data domains during pre-training. In Ta-
ble 5, we assess the impact of utilizing each of the two data
domains during UMT pre-training on UDA performance.
While the results vary across domain shifts, we observe the
most consistent improvements when pre-training only on
target domain videos. Although incorporating both domains
during unsupervised pre-training has been successfully ap-
plied in image-based domain adaptation [27, 37, 43, 46], we
find it to be suboptimal with UMT training on the VUDA
tasks studied in this work.
Effect of masking during self-training. In Table 6, we
see that enforcing the target domain CE loss on masked
videos results in increased performance compared to using
unmasked target videos, with smaller benefits for H→A and
much larger benefits for A→H. We believe the benefits of
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UMT Pre-Training Data Accuracy (%)
H→A A→H

None 42.0 60.8
Source Only 48.3 60.0
Target Only 48.0 67.9

Source + Target 45.2 67.1

Table 5. Comparison of data domains used during UMT pre-
training. Accuracies are reported after the self-training stage. Bold
indicates best accuracy and underline indicates second best.

Data for Target CE Loss Accuracy (%)
H→A A→H

Unmasked 46.6 54.6
Masked 48.0 67.9

Table 6. Effect of applying the target domain cross entropy loss on
masked vs. unmasked target videos during the self-training stage.

Pseudolabeling Strategy Accuracy (%)
H→A A→H

Cons (k = 2) 39.8 57.5
ConsOrConf (k = 2, T = 0.5) [43] 48.6 56.3
ConsAndConf (k = 2, T = 0.5) 40.1 57.1
Zero-Shot CLIP Only (T = 0.5) 34.7 51.3
MatchOrConf (γ = 0.1) [69] 48.0 67.9
MatchAndConsOrConf (k = 2, γ = 0.1) 47.4 60.8

Table 7. Comparison of pseudolabeling strategies.

masking arise from forcing the model to use different cues
from the same video to predict the pseudolabel, resulting
in more robust target domain recognition. As we saw in
Table 4, the masked pre-training stage plays a key role in
unlocking the benefits of masked self-training.
Comparison of pseudolabeling strategies. In Table 7, we
explore the use of alternative pseudolabeling strategies to
the MatchOrConf [69] scheme employed in UNITE. The
first 3 rows of the table assess variations of the masked
consistency pseudolabeling scheme proposed in PACMAC
[43], where target samples are selected if there is agreement
between predictions of k masked views. This criterion can
also be combined with a constraint on the confidence ex-
ceeding threshold T . While we find the combination of
these two constraints (ConsOrConf) to be effective for self-
training, we find that MatchOrConf results in more consis-
tent target accuracy improvements across domain shifts. We
also consider combining MatchOrConf with a masked con-
sistency constraint as a way to reduce cases where the stu-
dent and teacher models agree on an incorrect prediction.
This scheme, denoted as MatchAndConsOrConf, adds an
additional constraint to the matching criterion by also re-
quiring agreement between the student model predictions
of k masked views. We find that this approach underper-
forms compared to the vanilla MatchOrConf scheme due to
low utilization of target domain samples. Our results also
indicate that using both models together for pseudolableing
outperforms using only zero-shot CLIP predictions.

Loss During Self-Training Accuracy (%)
H→A A→H

LCE(m(xT ), ỹ) 33.7 42.1
LCE(m(xT ), ỹ) + LCE(x

S , yS) 48.0 67.9

Table 8. Effect of including a source domain classification loss in
addition to the target domain loss during the self-training stage.

Confidence Threshold Accuracy (%)
H→A A→H

0.1 48.0 67.9
0.3 44.1 55.4
0.5 51.9 64.6
0.7 42.6 65.8
0.9 40.7 62.5

Table 9. Effect of confidence threshold γ in MatchOrConf pseu-
dolabeling scheme from Equation 3.

Effect of source classification during self-training. In
Table 8, we study the importance of including a source
domain classification loss while performing collaborative
self-training on masked target videos. Indeed, we find that
source classification is a crucial ingredient in this stage, as
excluding it destabilizes training and results in performance
degradation rather than improvement. We suspect that the
ground truth labels on source data help to combat the effects
of inaccurate target pseudolabels, which may be prevalent
especially at the start of training.
Choice of pseudolabeling confidence threshold. In Ta-
ble 9, we compare adaptation performance for various val-
ues of confidence threshold in the MatchOrConf pseudola-
beling scheme. We observe significant variation across do-
main shifts, but find that γ = 0.1 leads to relatively con-
sistent improvement. We leave for future work the devel-
opment of a more principled approach to determining an
appropriate confidence threshold for a given domain shift.

7. Conclusions
In this work, we presented UNITE, a three step process
for unsupervised video domain adaptation. Our approach
leverages a powerful spatial encoder to aid in the adaptation
of a spatiotemporal network using unlabeled target domain
videos— making significant progress towards bridging the
domain gaps in various VUDA datasets. The advancements
demonstrated by UNITE underscore the untapped potential
of masked modeling techniques for video domain adapta-
tion, which we hope will spur further research in this area.
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