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Abstract. Video action recognition models exhibit high performance
on in-distribution data but struggle with distribution shifts in test data.
To mitigate this issue, Unsupervised Domain Adaptation (UDA) meth-
ods have been proposed, consisting in training on labeled data from a
source domain and incorporating unlabeled test data from a target do-
main to reduce the domain gap. This requires simultaneous access to data
from both domains, which may not be practical in real-world scenarios
due to privacy issues. A more practical approach called Source-Free Do-
main Adaptation (SFDA) has been recently proposed, which consists in
adapting a well-trained source model using only unlabeled target data.
However, existing SFDA methods are computationally intensive and de-
signed for specific architectures. In this paper, we propose an approach
called Lightweight Classification Module for Video Domain Adaptation
(LCMV). LCMV is based on a backpropagation-free prototypical algo-
rithm, which efficiently adapts a source model using unlabeled target
data only. Results on two popular datasets, HMDB-UCFfull and EPIC-
Kitchens-55, show significant improvements of LCMV compared to the
previous state-of-the-art SFDA methods, and competitive results when
compared to state-of-the-art UDA methods.

Keywords: Source-Free Domain Adaptation · Action Recognition

1 Introduction

Video action recognition is attracting an ever-growing amount of interest in the
research community [18,2]. However, despite the advances in the field, models
still suffer from the so-called “environmental bias” [24]. In action recognition this
problem is amplified by the high-dimensional data and complex environments
of videos, causing a significant drop in classification accuracy when evaluating
models in new domains (see Figure 1).

So far, most researchers address this issue in the Unsupervised Domain Adap-
tation (UDA) setting, using labeled samples from the source domain and unla-
beled samples from the target domain to reduce the models’ bias [3,18] and
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Fig. 1. Evaluating a model in a new environment often leads to significantly reduced
performance, highlighting the need for domain adaptation methods. This Figure shows
the prediction accuracy on UCF-HMDBfull and EPIC-Kitchens-55 when evaluat-
ing our I3D model on a seen source and unseen target domain without any adaptation.

achieve optimal performance on the target domain. These methods have proven
to be successful in improving the robustness of models and enabling them to
perform well across different environments. However, a key drawback of UDA is
that it requires access to both source and target data during training, which may
not be possible in many real-world applications where data sharing is restricted
due to privacy concerns. In the Source-Free Domain Adaptation (SFDA) set-
ting, which presents a more challenging yet realistic scenario, the training and
adaptation processes are separated, allowing to adapt pretrained off-the-shelf
source models using exclusively unlabeled target data. Current SFDA methods
for action recognition achieve this by training with an ensemble of complex loss
functions, for example, to ensure internal consistency [28] or align feature repre-
sentations [11] and adapt the model using the weighted sum of many individual
loss functions [4,11,28].

However, these SFDA approaches present several new challenges. Firstly, de-
termining the individual weight for each component of the loss function typically
entails manual selection of hyperparameters, necessitating adjustments on a per-
dataset basis. Moreover, conducting backpropagation-based training during the
adaptation phase proves computationally demanding, demanding large amounts
of high-quality target data, and potentially compromising the performance of the
underlying model. Lastly, numerous SFDA methods impose tight architectural
constraints, tailored to specific architectures [28], thereby limiting modifications
to the source model [4] or necessitating the design of unique architectures [11].

In this work, we propose a Lightweight Classification Module for Video Do-
main Adaptation (LCMV). Specifically, LCMV replaces the final classification
layer with a prototypical-based classification module. Each class is represented
by a “class prototype”, and classification is done by assigning samples to the
nearest prototype in feature space, without requiring any optimization process.

To summarize, our contributions are threefold:

– We develop a backpropagation-free architecture-independent classification
solution for Source-Free Domain Adaptation for action recognition;

– Our method preserves the integrity of the original source model, allowing
for seamless adaptation to multiple domains and adjustments to continuous
domain shift;
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– We validate our method on the UCF-HMDBfull and EPIC-Kitchens-55 datasets,
achieving state-of-the-art results.

2 Related Work

Action Recognition. The goal of Action Recognition (AR) is to classify the
action that the subject is performing in a video. Architectures generally consist
of convolutional networks utilizing either 2D [16,25,32] or 3D [1,18,20,27] con-
volutions. Sometimes additional modules are added to improve temporal mod-
eling capabilities [9,16,19,32]. Finally, incorporating information from multiple
modalities has proven to improve performance, especially in the cross-domain
scenario [4,11,13,18,29].

Unsupervised Domain Adaptation for AR. Domain adversarial net-
works [10] have emerged as a well-established and widely used approach, inte-
grated into numerous recent UDA methods for action recognition [26,3,6,18,29].
TransVAE [26] attempts to disentangle the domain information from task-specific
information during the adaptation. TA3N [3] integrates a temporal relation
module for temporal alignment. Other methods use contrastive learning tech-
niques [19,13]. Another research direction focuses on incorporating self-supervised
learning as an auxiliary task to improve feature learning [6,18]. Finally, some
works use pseudo-labels to guide the adaptation on unlabeled target data [19,13].

Source-Free Domain Adaptation. The application of SFDA methods to ac-
tion recognition is a relatively new area of investigation. SFTADA [4] proposed
to address SFDA in videos by learning temporal consistency to transfer robust
centroid-based temporal attention weights from the source domain to the target
domain. ATCoN [28] learns a temporal consistency which is composed of both
feature and source prediction consistency. Recently, MTRAN [11] presented a
loss derived from Mixup [31] to align the internal representation of source and
target features, which is applied to their visual transformer-inspired architecture.
CleanAdapt [8] proposed a self-training approach that selects the clean samples
from the noisy pseudo-labeled target domain ones. To the best of our knowl-
edge, no previous SFDA publication specific to action recognition exist, that is
completely backpropagation-free or formulated independently of the underlying
architecture.

Prototypical Classification. Prototypical networks have proven successful
for zero-shot domain adaptation [21,5]. Subsequently, the use of prototypes has
found its way into domain generalization, UDA, and SFDA, often to generate
pseudo-labels [19,28,11,12] or to robustly estimate attention weights [4]. Inspired
by [12], we propose to use prototypes directly as the model’s prediction in the
SFDA setting, where the larger amount of available data allows for significantly
more robust prototypes. To the best of our knowledge, our work represents the



4 J. Neubert et al.

a) Pretrain on labeled source domain b) Compute features from target data

c) Assign pseudo-labels d) Generate prototypes e) Predict based on closest class prototype

h

h

x

x

x

x

x

h

h x

x

x

x

x

Fig. 2. Overview of LCMV. (a) Before adaptation, the source model

( feature extractor and classification layer ) is trained on the labeled source

domain. (b) The source model is used to generate representations for target data from
unlabeled target domain. (c) The source classifier is used to assign pseudo-labels for
target. (d) Class prototypes are computed as mean feature vectors. (e) LCMV predicts
samples based on the closest class prototype.

first attempt to apply this concept in SFDA for action recognition, and it intro-
duces a backpropagation-free approach to the field.

3 Proposed Method

We propose to replace the standard classification layer of action recognition mod-
els with a backpropagation-free prototypical classifier which we call Lightweight
Classification Module for Video Action Recognition (LCMV). Given a model
pre-trained on source data, we feed it with samples from target and assign a
class label to them. We then compute class prototypes as the normalized aver-
age feature vectors of target samples from each class. The final classification is
performed by assigning each target sample to the closest class prototype. In this
section, we formally describe the proposed LCMV and discuss it in detail.

3.1 Multi-Modal Source-Free Domain Adaptation

In the Unsupervised Domain Adaptation (UDA) setting, we are given a source

domain S, where S = {(xs,i, ys,i)}Ns

i=1 is composed of Ns source samples with

known labels ys,i ∈ Ys, and a target domain T = {xt,i}Nt

i=1 of Nt target samples
whose labels are unknown. The goal is to transfer knowledge from the labeled
source domain to the unlabeled target domain by reducing the distribution dis-
crepancy between the two during training. In the Source-Free Domain Adapta-
tion (SFDA) setting we are only given a source model pre-trained on S with
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supervision, but we do not have access to S for adaptation on target. The key
idea is thus to learn discriminative target features while aligning them with the
source data distribution embedded within the source classifier.

In our SFDA setting, video clips xi from both domains consist of two modal-
ities xi = {xv

i , x
f
i }, which are visual appearance (RGB) xv

i and motion (optical

flow) xf
i respectively. Predictions are made by a two-stream action recognition

model which averages the final softmaxed outputs over both modalities to return
a fused probability score. For simplicity, we generically refer to both modalities
in our equations, unless explicitly stated otherwise.

3.2 Prototype Generation

We are given a model trained on source data, where each modality stream Φ =
h{w,b} ◦ gΨ can be divided into a feature extractor gΨ with parameters Ψ and
a linear classification layer h{w,b} with weights w and bias b (see Figure 2-a).
Prediction ŷi for the input sample xi to belong to class k is then given by

p(ŷi = k|xi, Ψ, w, b) =
exp(d(wk, gΨ (xi)) + bk)∑
j exp(d(w

j , gΨ (xi)) + bk)
(1)

where wk and bk are the k-th row of the weight matrix and bias parameter of
h{w,b} respectively, and d(wk, gΨ (xi)) = wk · gΨ (xi) is the dot product between

wk and gΨ (xi).
Let {x1, . . . , xN} be the set of all videos available in the training set of the tar-

get domain. Given an action video xi we sample Nc clips {xi,1, . . . , xi,Nc} it. Us-
ing the given source model, we obtain the predictions over all clips {ŷi,1, . . . , ŷi,Nc}
and average them to get a more robust prediction ỹi (“pseudo-label”) for the
video (Figure 2-c). Similarly, we use the normalized mean feature vector fi over
all clip features {gΨ (xi,1), . . . , gΨ (xi,Nc

)} to obtain a feature-based representa-
tion of video xi (Figure 2-b).

Each prototype ck for each class k is extracted by simply averaging the feature
representation fi of all videos xi belonging to class ỹi = k (Figure 2-d):

ck =
1

Nk

∑
i

ỹi=k

fi (2)

Following [12], we improve the prototypes quality by selecting for each class
k the t videos with the lowest prediction entropy and compute the prototypes
in Equation 2 only on this subset.

3.3 Final Prediction

To classify target samples using the computed prototypes, we simply assign them
to the closest class prototype in feature space (Figure 2-e). Given a sample xi

we compute its class probabilities as

p(ŷi = k|xi, Ψ) =
exp(d(ck, gΨ (xi)))∑
j exp(d(c

j , gΨ (xi)))
(3)
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where d(ck, gΨ (xi)) = (ck − gΨ (xi)) is the Euclidean distance between ck and
gΨ (xi). Note that this formulation is the same as Equation 1, by substituting wk

with ck and removing the bias term. Indeed, the rows wk of the weight matrix
of a standard classification layer can be seen as a class prototype [12].

Finally, we iteratively refine the prototypes similar to how the k-means algo-
rithm works. This is accomplished by using the formulation described in Equa-
tion 3 to generate more accurate pseudo-labels ỹi for the target videos xi. The
prototypes are then updated accordingly using Equation 2.

The proposed LCMV offers a distinct advantage: our prototypes are not
learned parameters that are susceptible to domain shift. Instead, they are directly
computed from the target data, ensuring robustness and reducing the impact of
the distribution gap.

4 Experiments

We evaluate the ability of LCMV to perform well on target data by comparing it
against baseline and state-of-the-art Unsupervised Domain Adaptation (UDA)
and Source-Free Domain Adaptation (SFDA) methods adapted to our setting.
We then perform an analysis of the impact of class imbalance and multi-modal
learning on our method. Finally, we show ablations on its different components.

4.1 Experimental Setting

Datasets. We evaluate our proposed method on the two most commonly used
datasets for domain adaptation for action recognition: EPIC-Kitchens-55 [7]
and UCF-HMDBfull [23,14]. EPIC-Kitchens-55 contains egocentric action
videos recorded in different kitchens across the world. We follow the setting
proposed in [18], including the three largest kitchens by number of samples,
each representing one domain (D1, D2, and D3). ForUCF-HMDBfull we follow
the setting proposed in [3], which consists of 12 overlapping classes between the
UCF101 and HMDB51 datasets. We train the model on one dataset and evaluate
it on the other. In the following we use the abbreviation H→U to denote training
on HMDB51 and evaluating on UCF101, and vice versa.

Implementation Details. Our model uses a two-stream I3D backbone pre-
trained on Kinetics [1] with averaged late fusion to combine multi-modal inputs.
Flow frames are extracted using the TV-L1 algorithm [30]. Clips consist of 16
frames following the dense sampling strategy with random cropping, scale jit-
ters, and horizontal flipping as augmentations. We evaluate our model using
the average prediction on 5 clips per video. On UCF-HMDBfull prototypes are
computed using the 20 lowest entropy samples and refined through a single it-
eration of the k-means algorithm. On EPIC-Kitchens-55 we do not perform any
prototype adjustment. Experiments have been run on a workstation with two
NVIDIA GeForce GTX 1070 GPUs.
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Table 1. Comparison with DA and SFDA methods on UCF-HMDBfull. Best results
are marked in bold and MM indicates multi-modal results.

Method Backbone SFDA MM U→H H→U Avg

ATCoN [28] ResNet-101 ✓ - 79.7 85.3 82.5
SFTADA [4] ResNet-101 ✓ ✓ 87.2 91.2 89.2
STCDA [22] I3D - - 83.1 92.1 87.6
CoMix [19] I3D - - 86.7 93.9 90.3
CIA + TA3N [29] I3D - - 91.9 94.6 93.2
TransVAE [26] I3D - - 87.8 99.0 93.4
TA3N [3,6] I3D - - 81.4 90.5 86.0
SAVA [6] I3D - - 82.2 91.2 86.7
MM-SADA [18,13] I3D - ✓ 84.2 91.1 87.7
CIA [29] I3D - ✓ 90.6 94.2 92.4
Kim et al. [13] I3D - ✓ 84.7 92.8 88.8
SHOT [15,11] I3D ✓ ✓ 89.7 91.8 90.8
MTRAN [11] I3D ✓ ✓ 92.2 95.3 93.8
CleanAdapt [8] I3D ✓ ✓ 89.8 99.2 94.5

Ours I3D ✓ ✓ 92.2 99.0 95.6

4.2 Comparison with the State-of-the-Art

We compare LCMV results with state-of-the-art works in both UDA and SFDA
settings. While UDA methods are included as a reference and are expected to
outperform our approach due to the additional availability of labeled target data
for adaptation, we primarily focus on evaluating our performance against rele-
vant SFDA methods, including ATCoN [28], SFTADA [4], MTRAN [11], and
the concurrent work CleanAdapt [8]. On both datasets, we are able to achieve
good results. For UCF-HMDBfull we improve upon the previous state-of-the-
art in SFDA by 1.1% (Table 1) even outperforming recent UDA works. The
egocentric nature of its videos makes EPIC-Kitchens-55 a much more difficult
dataset, especially in the cross-domain scenario, yet LCMV achieves results on-
par with the concurrent SFDA state-of-the-art method [8]. This emphasizes the
effectiveness of using a backpropagation-free prototypical classifier, which allows
to perform equally well (better on 3/6 shifts) than a network trained end-to-end
on target. The proposed LCMV demonstrates good performance compared to
UDA methods, being only 2.6% behind the UDA state-of-the-art (Table 2).

4.3 Class Imbalance Analysis

We provide a brief analysis of the impact of class imbalance in the EPIC-
Kitchens-55 dataset on domain shift. In fact, unlike many benchmark datasets
that are artificially balanced with an equal number of samples per class, this
dataset reflects the real-world scenario where class distributions are often uneven.
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Table 2. Comparison with DA and SFDAmethods on EPIC-Kitchens-55. Best UDA
results are marked in bold, best SFDA results in bold blue, and the MM columns
indicates which methods are multi-modal.

Method SFDA MM D2→D1 D3→D1 D1→D2 D3→D2 D1→D3 D2→D3 Avg

DANN [10,19] - - 38.3 38.8 37.7 42.1 36.6 41.9 39.2
TA3N [3,26] - - 40.9 39.9 34.2 44.2 37.4 42.8 39.9
CoMix [19] - - 38.6 42.3 42.9 49.2 40.9 45.2 43.2
TransVAE [26] - - 50.3 48.0 50.5 58.0 50.3 58.6 52.6
MMD [17,29] - ✓ 46.6 39.2 43.1 48.5 48.3 55.2 46.8
MM-SADA [18] - ✓ 48.2 50.9 49.5 56.1 44.1 52.7 50.3
Kim et al. [13] - ✓ 49.5 51.5 50.3 56.3 46.3 52.0 51.0
STCDA [22] - ✓ 49.0 52.6 52.0 55.6 45.5 52.5 51.2
CIA [29] - ✓ 49.8 52.2 52.5 57.6 47.8 53.2 52.2

SHOT [15,11] ✓ ✓ 44.1 54.0 40.8 36.5 49.0 45.3 45.0
MTRAN [11] ✓ ✓ 46.3 58.2 42.2 38.1 52.3 46.1 47.2
CleanAdapt [8] ✓ ✓ 46.2 47.8 52.7 54.4 47.0 52.7 50.1

Ours ✓ ✓ 52.1 50.5 45.6 52.3 41.1 55.1 49.5

Table 3. Average accuracy and per-class accuracy on EPIC-Kitchens-55.

Method D2→D1 D3→D1 D1→D2 D3→D2 D1→D3 D2→D3 Avg

Source-only 46.3 46.8 47.6 55.3 43.0 50.3 48.2 average
Ours 52.1 50.5 45.6 52.3 41.1 55.1 49.5 average
Target-only 64.6 64.6 76.4 76.4 72.9 72.9 71.3 average

Source-only 35.9 33.4 37.2 53.8 23.6 36.8 36.8 per-class
Ours 59.8 53.2 57.0 63.7 40.6 47.5 53.6 per-class
Target-only 68.0 68.0 79.8 79.8 55.8 55.8 67.9 per-class

To demonstrate the influence of class imbalance on performance, we compare
the average accuracy with the average per-class accuracy in Table 3. The average
accuracy is 3.4% higher than the average per-class accuracy in the supervised
setting (Target-only), indicating that the model is slightly better at classify-
ing samples from common classes. In the source-only case, this discrepancy is
radically increased to 11.4%, with the model achieving 0% class accuracy in
some extreme cases. This shows that the model is much less robust with respect
to underrepresented classes, especially in cross-domain scenarios. Our proposed
LCMV does not explicitly encode any class bias, leading to an average per-class
accuracy 4.1% higher than the average accuracy, and showing a significant im-
provement over the source-only baseline.

4.4 Multi-Modal Learning

Figure 3 shows a comparison in terms of accuracy on UCF-HMDBfull us-
ing our method, source-only, target-only, and the multi-modal RGB and Flow
approaches, as well as the individual modalities.
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Fig. 3. Uni-modal andmulti-modal accuracy (%) onUCF-HMDBfull for source-
only (a), ours (b) and target-only (c).
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Fig. 4. Accuracy (%) on UCF-HMDBfull (a) and EPIC-Kitchens-55 (b) depend-
ing of the number t of lowest entropy samples used to compute each prototype.

Results show that training and evaluating the models on both modalities yield
the best performance across all experiments. This indicates the models’ ability to
leverage the complementary information provided by the two modalities. While
the improvement in the target-only case is relatively minor, it becomes more sig-
nificant in the cross-domain scenario (source-only). Notably, our method shows
a substantial improvement when using multi-modal data, achieving an increase
of over 5% compared to the RGB-only baseline. This highlights the additional
benefits that LCMV gains from incorporating multiple modalities.

4.5 Ablation study

In this section, we perform an ablation study to analyze the impact of key pa-
rameters and design choices in our method. Specifically, we examine the accuracy
based on the number of samples used for computing each prototype and the iter-
ative refinement of prototypes. Finally, we add some considerations on memory
and time complexity.

Sample Selection. Figure 4 shows an analysis on the number of samples
used for computing prototypes. Selecting the 20 lowest entropy features from
each class noticeably improves our method’s accuracy on UCF-HMDBfull.
On the more difficult EPIC-Kitchens-55, however, we do not observe this
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Fig. 5. Accuracy (%) on UCF-HMDBfull (a) and EPIC-Kitchens-55 (b) based on
the number of iterations for prototype refinement.

pattern, with accuracy increasing proportionally to the number of features used
to compute the prototypes.

Prototypes Refinement. Figure 5 shows that iteratively refining the pro-
totypes works well on UCF-HMDBfull for the first 2-3 iterations, improving
performance by over 1.1%, but deteriorating thereafter. On the other hand, on
EPIC-Kitchens-55 this technique leads to gradually decreasing performance.

Memory and Time Complexity. Our backpropagation-free method is sig-
nificantly more efficient than previous SFDA methods [11], requiring only 1.5GB
of GPU memory (4.5 times less) and exhibiting an average execution time of 2
minutes and 33 seconds for UCF-HMDBfull (3.6x faster) and 12 minutes and
20 seconds for EPIC-Kitchens-55 (2.1x faster).

5 Conclusion

This work proposes a Source-Free Domain Adaptation method which consists in
replacing the final classification layer with a prototype-based classifier. We show
that the proposed LCMV improves cross-domain performance without modify-
ing the network parameters themselves, making it more efficient than traditional
backpropagation-based adaptation methods. Experiments show that LCMV is
able to outperform all previous SFDA methods on two of the most important
datasets for action recognition, achieving competitive results w.r.t. UDA meth-
ods. Moreover, we show that LCMV does not suffer from class imbalance, allow-
ing for higher performance.
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