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ABSTRACT

Facial expression recognition (FER) models are employed in many video-based
affective computing applications, such as human-computer interaction and health-
care monitoring. However, deep FER models often struggle with subtle expres-
sions and high inter-subject variability, limiting their performance in real-world
applications. To improve performance, source-free domain adaptation (SFDA)
methods have been proposed to personalize a pretrained source model using only
unlabeled target domain data, thereby avoiding data privacy, storage, and trans-
mission constraints. This paper addresses a common challenging scenario where
source data is unavailable for adaptation, and only unlabeled target data consist-
ing solely of neutral expressions is available. SFDA methods are not typically
designed to adapt using target data from only a single class. Further, using models
to generate facial images with non-neutral expressions can be unstable and com-
putationally intensive. In this paper, the Source-Free Domain Adaptation with
Personalized Feature Translation (SFDA-PFT) method is proposed for SFDA.
Unlike current image translation methods for SFDA, our lightweight method op-
erates in the latent space. We first pre-train the translator on source domain data
to transform the subject-specific style features from one source subject into an-
other. Expression information is preserved by optimizing a combination of ex-
pression consistency and style-aware objectives. Then, the translator is adapted
to neutral target data, without using source data or image synthesis. By trans-
lating in the latent space, SFDA-PFT avoids the complexity and noise of face
expression generation, producing discriminative embeddings optimized for clas-
sification. Using SFDA-PFT eliminates the need for image synthesis, reduces
computational overhead, and only adapts a lightweight translator, making the
method efficient compared to image-based translation. Our extensive experiments
on four challenging video FER benchmark datasets, Biovid, StressID, BAH,
and Af£-Wild2, show that SFDA-PFT consistently outperforms state-of-the-art
SFDA methods, providing a cost-effective approach that is suitable for real-world,
privacy-sensitive FER applications.

Our code is publicly available at: github.com/MasoumehSharafi/SFDA-PFT.

1 INTRODUCTION

FER plays an important role in video-based affective computing, enabling systems to interpret
the emotional or health states of humans through non-verbal cues (Calvo & D’Mellol 2010 [Ko}
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Figure 1: A comparison between standard image translation, SFDA-IT (Hou & Zheng, 2021al),
against our SFDA-PFT on BioVid data. (a) Image translation methods operate at the pixel level
and require complex mappings to align the target and source styles. (b) Our SFDA-PFT method di-
rectly translates in the source feature space, allowing for efficient personalization. (right) Accuracy,
parameter counts, and FLOPs at inference highlight the trade-offs between the two approaches, with
models implemented using a ResNet—18 backbone.

2018). Its applications range from human-computer interaction (Pu & Niel [2023)), to health moni-
toring (Gaya-Morey et al., [2025), and clinical assessment of pain, depression and stress (Calvo &

D’Mello, [2010). Despite recent advances in deep learning (Barros et al., 2019} [Sharafi et al., 2022}
2023) and the availability of large annotated datasets for training (Walter et al., 2013} [Kollias &
Zafeiriou, [2019), deep FER models may perform poorly when deployed on data from new users and
operational environments. This is due to the mismatch between distributions of the training (source
domain) data and the testing (target operational domain) data. Beyond variations in capture condi-
tions, data distributions may differ significantly across subjects. Inter-subject variability
[2018} MartineZ), 2003 can degrade the accuracy and robustness of deep FER models in real-world
applications (Li & Dengl [2020a} [Zhao et al.| 2016).

To improve performance, this paper focuses on subject-based adaptation or personalization of deep
FER models to video data from target subjects. Various unsupervised domain adaptation (UDA)
methods have been proposed to address the distribution shifts by aligning feature distributions
& Deng| 2018}, [Zhu et al} 2016} [Chen et al.} 2021}, [Li & Deng), 2020b). However, they typically re-
quire access to labeled source data during adaptation, a constraint that is often infeasible in privacy-
sensitive application areas like healthcare due to concerns for data privacy, data storage, and com-
putation costs. This has led to the emergence of source-free domain adaptation (SFDA), where
adaptation of a pretrained source model is performed using only unlabeled target data
2020; Tang et al.,[2024}; |Guichemerre et al.,[2024). These methods (Fang et all,[2024; [Li et al., 2024)
can be broadly categorized into (1) model-based approaches, which adapt the model parameters,
using target domain statistics or pseudo-labels, and (2) data-based approaches (focus of this paper),
which instead operate at the data level by translating target images into the source domain style,
enabling inference through the frozen source model without modifying its parameters.

State-of-the-art SFDA methods assume access to data from all target classes, which is not practical
in real-world FER applications. Indeed, person-specific data representing non-neutral expressions is
typically costly or unavailable. A short neutral control video may, however, be collected for target
individuals and used to personalize a model to the variability of an individual’s diverse expressions.
In practice, collecting and annotating neutral target data for adaptation is generally easier and less
subjective than gathering non-neutral emotional data. Recent work has employed GANS to generate
expressions based on neutral inputs but relies on image-level disentanglement of identity and expres-
sion, which is often unstable and computationally expensive (Sharafi et al., [2025)). This limitation
reduces the effectiveness of model-based adaptation or fine-tuning strategies, particularly those re-
lying on pseudo-labeling, since labels for neutral data are available during adaptation. However,
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data-based strategies translate target data into the source domain style. This avoids adapting param-
eters of the source classifier and enables direct inference with the frozen source model, improving
stability, efficiency, and privacy. Following this direction, some SFDA methods (e.g., SFDA-IT)
leverage generative models to translate target inputs into source-style images, guided by the source
model (Hou & Zheng, [2021aib). However, these methods are not adapted for subject-specific adap-
tation of FER models. They consider the source as a single domain and often suppress important
subject-specific cues for personalized FER. They also depend on expressive target data, which is
rarely available in practice, making generative training infeasible in limited-data settings.

To address the limitations of image translation methods for SFDA, we introduce the Source-Free Do-
main Adaptation with Personalized Feature Translation (SFDA-PFT) method that explicitly models
subject-specific variation within the source domain. SFDA-PFT is a conceptually simple yet effec-
tive feature translation method for source-free personalization in FER. The key idea is to pre-train
a translator network that maps features from one source subject to another while preserving the un-
derlying expression. This subject-swapping objective encourages the model to capture intra-class,
inter-subject variability, learning the structural relationship between expression and identity-specific
features within the source domain. During adaptation, only a small subset of the translator’s pa-
rameters is fine-tuned to translate the style of the target subject, enabling stable and cost-effective
personalization. Figure [T] (left) illustrates the difference between image-based and feature-based
translation. Image-level methods (Figure[I[a)) generate target images in the source style, relying on
complex generative models that introduce instability and high computational overhead. In contrast,
Figure [T(b) shows that SFDA-PFT translates target features directly toward the closest source sub-
ject, preserving expression without pixel-level synthesis. The complexity comparison in Figure [I]
(right) shows that SFDA-PFT achieves higher accuracy while requiring up to 100x fewer parame-
ters and 17x fewer FLOPs than SFDA-IT, highlighting its efficiency and suitability for deployment.

Our contributions. (1) We propose a personalized feature translation (SFDA-PFT) method for
SFDA in FER using only target images with neutral expressions. Unlike image translation methods
that require expressive target data and generative models, our approach translates features across
subjects while preserving expression semantics. Adaptation is performed in the feature space with
only a small subset of parameters and a significant reduction in computational complexity. (2)
Style-aware and expression consistency losses are proposed to guide the translation process with-
out requiring expressive target data. Our method only requires a few neutral target samples for
lightweight adaptation, introduces no additional parameters at inference time, and ensures stable and
cost-effective deployment. (3) An extensive set of experiments is provided on four video FER bench-
marks, Biovid (pain estimation), StressID (stress recognition), BAH (ambivalence-hesitancy
recognition), and Af f-Wild2 (basic expression classification). Results show that our SFDA-PFT
achieves performance that is comparable to or higher than state-of-the-art SFDA (pseudo-labeling
and image translation) methods, with lower computational complexity.

2 RELATED WORK

2.1 FACIAL EXPRESSION RECOGNITION

FER aims to identify human emotional states from facial images or video sequences. To enhance
generalization, UDA methods (Feng et al.| [2023}; |(Cao et al.| 2018} |Chen et al., 2021} Ji et al., 2019
Li & Deng, [2020b) and multi-source domain adaptation (MSDA) techniques (Zhou et al., [2024)
align distributions between source and target domains using unlabeled target data. While effec-
tive, these approaches typically require access to source data during adaptation. Personalized FER
methods (Yao et al., 2021; Kollias et al., 2020) adapt models to individual users but rely on labeled
data per user. More recent subject-aware adaptation frameworks (Zeeshan et al., 2024; 2025bjal)
treat each subject as a domain and adapt across users, yet still depend on source data. These con-
straints motivate the need for SFDA, which enables model personalization without accessing source
samples, offering a more practical solution for privacy-sensitive FER applications.

2.2  SOURCE-FREE DOMAIN ADAPTATION AND PERSONALIZATION

SFDA addresses privacy, computational and storage concerns by adapting a pre-trained source
model to an unlabeled target domain without access to source data. Common model-based strate-
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gies include self-supervised learning (Yang et al, 2021}, [Litrico et al.} 2023)), pseudo-labeling
2020), entropy minimization (Liang et al., [2020), and feature alignment via normalization
or auxiliary modules (Li et al., ILiang et al, [2022} [Kim et al} 2021b). SHOT
[2020) and DINE (Liang et al., [2022)) exemplify efficient adaptation via classifier tuning or Batch-
Norm statistics. However, these methods often assume confident predictions and smooth domain
shifts, which are frequently violated in FER due to high inter-subject variability and subtle expres-
sion differences. FER-specific adaptations such as CluP 2022) and FAL
address label noise and pseudo-label instability, yet challenges remain when only neutral tar-
get expressions are available. DSFDA (Sharafi et al.| 2025)) tackles this by disentangling identity and
expression using generative models, but its reliance on adversarial training and multi-stage pipelines
limits scalability and robustness in practical deployment.

2.3 FEATURE TRANSLATION FOR SFDA

Image translation is a common data-based strategy for SFDA that maps target images into the source
style using generative models, allowing frozen source models to generalize without access to source
data (Hou & Zheng| 2021afb; [Kurmi et al.l 2021 [Qiu et al 2021} [Tian et al., 2021} Ding et al.
[2022). While effective in general tasks, these methods face critical limitations in FER and per-
sonalization. FER requires preserving subtle expression cues and identity-specific features, which
are often distorted by image synthesis. Moreover, generative models are computationally intensive,
prone to instability, and assume access to expressive target samples, an unrealistic assumption in
neutral-only personalization settings. To address these challenges, we propose translating features
instead of images, using a compact, self-supervised translator that maps target features into the
source-aligned space without requiring adversarial training, source data, or expressive target inputs,
offering a stable and efficient solution for source-free FER personalization.

3 PROPOSED PERSONALIZED FEATURE TRANSLATION METHOD

Figure 2] illustrates the overall framework of our SFDA-PFT method. The source model is com-
prised of a feature extractor backbone and classifier head, both frozen during adaptation. To adapt
this model to a new target subject with only a few neutral images extracted from a video, we intro-
duce a translator network, a copy of the source encoder equipped with lightweight adaptation layers
after the feature extractor. The translator is pretrained on source data using a subject-swapping
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Figure 2: Overview of the proposed SFDA-PFT method. (a) During pre-training, the translator
T is trained to map Sub-i features into the distribution of Sub-j from the source dataset, using a
combination of style alignment and expression consistency losses. (b) During adaptation, only the
feature translator T is updated using expression-consistent predictions from two different images
(Imagel and Image?2) of the same target subject. (c) At inference time, the trained translator T and
the fixed source classifier C are used to predict expressions for target-domain inputs.
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objective: translating features between source subjects while maintaining expression labels. This
enables the model to capture subject-specific information and preserve expression.

Architecture: Let Dg = {(xs,ys)} be a labeled source dataset, where X is a source subject and
ys € Y its corresponding expression label. Let Dy = {x;} denote the unlabeled dataset for a target
subject. We denote by F the source feature extractor and by C the classifier head. The translator
network is defined as the composition of F' followed by a set of lightweight, subject-adaptive layers
T. Thus, the translator Ty = T o F takes an image as input and outputs a translated feature
representation. The source classifier (F, C) is trained on Dg and remains frozen during adaptation.
The translator is first pretrained on Dg to learn identity transformation while preserving expression,
and then adapted to each target subject individually using only a few samples.

3.1 SOURCE PRE-TRAINING

The objective of source pre-training is twofold: first, to train a reliable expression classifier on
labeled source data, and second, to initialize the translator network so that it can disentangle and
recompose identity and expression in the feature space. This initialization is crucial because the
translator will later be adapted to new subjects using only a few unlabeled samples.

Formally, the source classifier consists of a feature extractor F and a classifier head C, which are
optimized on the source dataset Dg = {(xs, ys)} by minimizing the standard cross-entropy loss:

Lon(xys) = ~log [C(F(x,)) ], - M

To pre-train the translator T, we construct pairs of source images (x;,x;) from distinct subjects.
The first image x; carries the expression that should be preserved, while the second x; provides
the target identity to which the representation should adapt. Extracted features are denoted as
f, = F(x;),f; = F(x;), f; = T(f;). The translated representation f, is optimized with two comple-
mentary criteria. First, expression semantics are preserved by minimizing the divergence between
classifier predictions on the original and translated features:

Loxpr = Dx (C(fi) I C(ﬂ)) . )

Second, the translated feature is explicitly encouraged to adopt the identity statistics of the reference
subject x;. Rather than relying on pixel-level synthesis or adversarial identity matching, we achieve
this alignment directly in feature space by matching low-order statistics of early-layer activations.
Concretely, for each selected layer | € L, we compute the per-channel mean p(-) and standard
deviation o(-) of both the translated representation f'zl and the reference identity feature f!, and
minimize their squared differences. The resulting objective:

Lage =Y, (Ilu(E) = EDI3 + o (E) = o(EDI3) ©)
el

forces the translator to reshape the distribution of f1 so that it reflects the identity-specific style of
X9 while leaving expression semantics intact.

This formulation is inspired by the observation that per-channel statistics encode subject-dependent
appearance cues (e.g., facial geometry, texture, or lighting) that are orthogonal to expression dy-
namics. By matching only the first two moments, the translator adapts identity without overfitting
to sample-specific details, thus avoiding artifacts that commonly arise in image-level translation.
Crucially, this lightweight alignment in feature space is both efficient and robust to noise, making it
a key ingredient of our method. The final source pre-training objective combines these components:

Lsource = ECE + )\expr Eexpr + )\style Estyle- (4)

where Aexpr and Agy1e Weight the preserving expression semantics and aligning subject identity.

3.2 TARGET ADAPTATION AND INFERENCE

Given a small set of unlabeled frames from a new target subject, the goal is to personalize the trans-
lator Ty, while keeping the source classifier (F, C) fixed. Adaptation is performed independently
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for each subject and updates only the lightweight adaptive layers T, ensuring efficiency and avoid-
ing catastrophic interference with previously learned knowledge. Since all target samples originate
from the same identity, explicit identity alignment is unnecessary; the adaptation stage thus focuses
exclusively on preserving expression semantics. For each target frame x;, features are first extracted

by the frozen source encoder as f; = F(x;) and then transformed by the translator as f, = T(f;).

To maintain expression fidelity, we enforce consistency between classifier predictions before and
after translation by minimizing the KL divergence:

Logr = D (C(£) | C(#)) - 5)

This self-distillation objective anchors the adapted translator to the original classifier’s decision
boundary, ensuring that the expression information present in f; is preserved after subject-specific
transformation. Since labels are not required, even a few neutral frames are sufficient for adaptation.
In practice, this enables efficient and data-light personalization that can be performed at test time
without revisiting the source dataset.

Inference. After adaptation, the personalized translator Ty = T o F is used for recognition.
For a new frame x; of the same target subject, the translator maps its features into a source-aligned
representation while maintaining the expression. The frozen classifier C then predicts the expres-
sion from adapted features. This design allows test-time subject personalization without labels,
avoids storing or accessing source data during deployment, and eliminates the overhead of pixel-
level translation. As a result, the method provides a lightweight yet effective strategy for SFDA in
FER, combining the stability of frozen discriminative models with the flexibility of subject-adaptive
translation.

4 RESULTS AND DISCUSSION

4.1 EXPERIMENTAL METHODOLOGY

Datasets: In our experiments, we evaluate on four diverse facial expression datasets:
Biovid (Walter et al. 2013, which contains controlled laboratory recordings of pain stim-
uli; StressID (Chaptoukaev et al., 2023), which captures stress levels based on self-reports;
BAH (Gonzalez-Gonzalez et al., 2025)), a large-scale dataset for recognizing ambivalence and hesi-
tancy expressions in naturalistic recordings; and Af £-Wi1d2 (Kollias & Zafeirioul[2019), a widely
used in-the-wild benchmark for basic expression recognition. These datasets collectively cover a
range of domains, from controlled lab settings to real-world scenarios, and from binary (pain, stress,
ambivalence/hesitancy) to multi-class (seven basic emotions) classification tasks. Full dataset de-
scriptions are provided in the Appendix.

Protocol: In experiments, each subject is viewed as an independent target domain. In the
BioVid, BAH, Aff-Wild2, and StressID datasets. Following prior works on personalization
of FER (Zeeshan et al.|[2024}2025b}; Sharafi et al., 2025), we evaluate on the standard 10 fixed target
subjects used in the literature, which span both genders and cover a range of ages, with each subject
contributing hundreds to thousands of frames. This protocol enables fair comparison while ensuring
that per-subject metrics are computed over large sample sizes. This subject-specific setup reflects
real-world personalization scenarios and enables assessment under inter-subject variability. During
adaptation, we assume access only to neutral expression data from the target subjects. No source
data are available at this stage, consistent with the SFDA setting. We evaluate performance under
the following four settings. Source-Only. The model is trained on labeled source-domain data and
directly evaluated on target subjects without adaptation. This serves as a lower-bound baseline, high-
lighting the impact of domain shift. SFDA (model-based). The model is adapted using only neutral
data from the target domain. We compare our proposed SFDA-PFT method with recent state-of-
the-art SFDA methods, including SHOT (Liang et al.,2020), TPDS (Tang et al.,2024), NRC (Yang
et al., 2021), SFIT (Hou & Zheng, 2021b)), SFDA-IT (Hou & Zheng, 2021a), and DSFDA (Sharafi
et al.|[2025)). SFDA (data-based). This variant incorporates our subject-specific translation module,
which aligns target features to the source domain through subject-specific adaptation. Oracle. The
model is fine-tuned using labeled target-domain data, including neutral and non-neutral expressions.
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Table 1: Comparison of our proposed SFDA-PFT method against state-of-the-art SFDA methods
on the BioVvid dataset (10 target subjects, 77 source subjects). Bold numbers indicate the best F'1.

Setting ‘ Methods

Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8§ Sub-9 Sub-10 ‘ Average
Source model (no adaptation) ‘62.78 5276 82.02 80.83 8273 56.03 71.85 6690 50.01 45.79‘ 65.17

Source-only

SHOT (Liang et al.}[2020) 5297 4535 3898 4980 51.92 4643 51.72 4674 5210  42.20 47.82

SFDA NRC (Yang et al.|[2021) 4845 3216 68.60 59.52 6506 34.85 5220 44.06 4482 34.68 48.44
(model-based) | TPDS (Tang et al.|[2024) 6226 53.16 7523 6479 87.06 56.14 5820 65.84 5424 4579 62.27
DSFDA (Sharafi et al.}[2025) 6572  64.10 7757 7312 7520 5759 76.15 7473 59.08  61.54 68.48

SEDA SFIT (Hou & Zheng|[2021b) 7685 6533 7870 80.44 87.01 5444 5754 7081 57.66 7592 70.47
(data-based) SFDA-IT (Hou & Zheng;2021a) | 71.54 63.89 84.53 80.30 86.24 59.18 77.66 72.08 5497 67.01 71.74
SFDA-PFT (ours) 80.65 71.75 9026 81.54 92.68 70.06 84.26 79.29 7453  58.08 78.31

Oracle ‘ Supervised fine-tuning ‘ 9222 86.83 9189 9296 91.27 87.65 8548 9030 9328 92.12 ‘ 90.40

Table 2: Comparison of our proposed SFDA-PFT method against state-of-the-art SFDA methods
on the St ressID dataset (10 target subjects, 44 source subjects). Bold numbers indicate the best
F1.

Setting | Methods | Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 | Average
Source-only ‘ Source model (no adaptation) ‘ 4444 4354 4534 4489 4579 4399 4534 4489 4444 45.34 ‘ 44.80
SHOT (Liang et al.|[2020) 4266 4179 4352 4309 4395 4222 4352 4309 4266 4352 | 43.00
SFDA NRC (Yang et al.]2021} 4067 39.85 4149 4108 4190 4026 4149 4108 4067 4149 | 41.00
(model-based) | TPDS (Tang et al.[2024} 50.10 49.08 SLI1 5060 5161 4959 5L11 5060 50.10 SL1I | 5050
DSFDA (Sharafi et al.|[2025) 6547 6415 6679 6613 6745 6481 6679 6613 6547 6679 | 66.00
SFDA SFIT (Hou & Zheng][2021b) 6200 6075 6325 6263 6388 6137 6325 6263 6200 6325 | 6250
(data-based) | SEDA-T (Hou & Zheng|[2021a) | 6319 6191 6447 6383 6510 6255 6447 6383 6319 6447 | 6370
SFDA-PFT (ours) 69.36  67.96 7076 7006 7146 68.66 7076 7006 6936 7076 | 69.92
Oracle | Supervised fine-tuning | 9672 9476 98.67 9770 99.65 9574 9867 9770 9672 98.67 | 97.50

Table 3: Comparison of our proposed SFDA-PFT method against state-of-the-art SFDA methods
on the BAH dataset (10 target subjects, 214 source subjects). Bold numbers indicate the best F1.

Setting | Methods | Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 | Average
Source-only ‘ Source model ‘ 1120 1784 12,60 1850 14.10 1692 1030 1340 16.00 15.31 ‘ 14.62
SHOT (Liang et al.}[2020) 40.53 4791 4214 4620 39.81 4852 41.02 4570 4423 4513 44.10
SFDA NRC (Yang et al.|[2021) 48.72 4230 46.00 44.10 4181 4758 4371 4465 4793 4412 45.00
(model-based) | TPDS (Tang et al.|[2024) 4122 4630 4401 4254 47.82 4095 4553 4329 47.18 4223 44.20
DSFDA (Sharafi et al.|[2025) 49.10 4470 4751 4292 5023 4530 4670 4790 4182 4984 | 46.10
SEDA SFIT (Hou & Zheng][2021b) 5683 5091 5472 5210 57.54 4982 5591 5123 5812 5140 | 5290
(data-based) | SEDA-T (Hou & Zheng[2021a) | 48.50 5571 5081 5395 4721 5412 4903 5264 5032 5600 | 5180
SFDA-PFT (ours) 6152 5510 6042 5381 5973 5605 6191 5425 6284 5470 | 57.40
Oracle | Supervised fine-tuning 9620 9281 9570 9425 9653 9391 9514 9472 9253 97.01 | 9488

Implementation Details: Our SFDA-PFT model was implemented using PyTorch and conducts
all experiments on a single NVIDIA A100-SXM4-40GB GPU. The source classifier is built on a
ResNet-18 backbone, followed by a classifier trained for binary expression recognition. Results
obtained with other backbone architectures are provided in the Appendix. ResNet—18 was selected
as the feature extractor due to its widespread adoption in prior FER and domain adaptation works.
During target adaptation, only the subject-adaptive layers of the translator are updated. The source
backbone and classifier remain fixed. We train the model using the Adam optimizer with a learning
rate of 1 x 1072 and a batch size of 64. A learning rate scheduler (ReduceLROnPlateau) was used,
which monitors the validation loss and reduces the learning rate by a factor of 0.5 if no improvement
is observed for 3 consecutive epochs. We set Aexpr = 1.0 and Agye = 0.3, giving expression
preservation higher priority while allowing the style loss to act as a regularizer for identity alignment.

4.2 COMPARISON WITH STATE-OF-THE-ART METHODS

For the lab-controlled datasets Biovid and StressID, SFDA-PFT achieves the highest F1
among all methods (Table[T]and Table[2). On BioVid, which is relatively balanced across classes,
SFDA-PFT obtains an average F1 of 78.31, outperforming DSFDA by almost 10 points. More-
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Table 4: Comparison of our proposed SFDA-PFT method against state-of-the-art SFDA methods
on the Aff-Wild2 dataset (10 target subjects, 282 source subjects). Bold numbers indicate the
best F'1.

Setting | Methods | Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 | Average
Source-only ‘ Source model (no adaptation) 1870 19.60 20.50 20.00 21.00 20.50 21.40 2230 20.00 21.00 ‘ 20.50
SHOT (Liang et al.|[2020) 3377 3467 3557 3507 3607 3557 3647 3737 3507 3607 | 3557
SFDA NRC (Yang et al.|[2021} 3424 3514 3604 3554 3654 3604 3694 3784 3554 3654 | 36.04
(model-based) | TPDS (Tang et al.[2024} 3660 3759 3849 3799 3899 3849 3939 4029 37.99 3899 | 3849
DSFDA (Sharafi et al.|[2025) 3726 3816 39.06 3856 3956 39.06 3996 40.86 3856 39.56 | 39.06
SFDA SFIT (Hou & Zheng][2021b) 4843 4933 5023 4973 5073 5023 5113 5203 4973 5073 | 50.23
(data-based) | SEDA-IT (Hou & Zheng|[2021a) | 49.30 5020 5110 50.60 5160 SLI0 5200 5290 50.60 5160 | 5LI0
SFDA-PFT (ours) 52.66 5356 5446 5396 5496 5446 5536 5626 5396 5496 | 5446
Oracle | Supervised fine-tuning 9193 9283 9373 9323 9423 9373 9463 9553 9323 9423 | 9373

over, to assess robustness across runs, we repeated SFDA-PFT training on BioVid with three
independent seeds and obtained a stable average F1 of 78.43 & 0.25%, confirming low variance
and consistent performance across random initializations. The main failure case is Sub-10, where
SFDA-PFT drops to 58.08. A closer look shows that this subject is from an older age group, where
pain-related facial reactions tend to be weaker and more varied. Because of this, the model strug-
gles with recall, even though precision remains high. This indicates that age differences represent
a challenge for personalization, consistent with prior FER studies reporting systematically lower
recognition accuracy for older adults (Guo et al., 2013} SONMEZ, [2019; [Kim et al., 2021a)), and
points to the value of age-aware or group-based adaptation strategies. On StressID, which is
strongly imbalanced, SFDA-PFT reaches 69.92%, over 7 points higher than the best competing
method, showing that it can handle skewed class distributions while still capturing subject-specific
patterns. On the in-the-wild datasets BAH and Af£-Wi1d2 (Table E] and Table E]) class imbalance,
noisy annotations, and uncontrolled acquisition conditions make F1 a more reliable evaluation met-
ric than accuracy. Here, SFDA-PFT again delivers the strongest performance, with 57.40% on BAH
and 54.46% on Aff-Wild2, outperforming all alternatives. A key factor behind this improve-
ment is that SFDA-PFT operates directly in the feature space, leveraging the robust representations
already extracted by the backbone. In contrast, image-translation-based methods attempt to map tar-
get samples into a synthetic source domain, often introducing artifacts, blurring, or distortions that
suppress subtle but critical expression cues such as micro-expressions or localized muscle activa-
tions. These imperfections propagate downstream and degrade classifier performance. By avoiding
pixel-level synthesis, SFDA-PFT preserves discriminative structures in the feature space and pro-
vides more stable adaptation under the severe class imbalance and noise characteristic of real-world
settings. Full accuracy results are reported in the Appendix, but we emphasize that F1 is a more
informative criterion in these imbalanced scenarios.

Table[5|compares SFDA-PFT with repre-  pyple 5 Comparison of SFDA models on BioVid in

sentative SFDA baselines in terms of ac-  (ermg of accuracy, number of iterations, and conver-
curacy and adaptation efficiency. We se- gence time per batch (B=64).

lect baselines that, like our setting, up-
date only a subset of parameters instead of

. . Method | acc(%) Iters  Time (s)
fully fine-tuning the network. Here, ifer- :

e the number of eradient dat SFDA-DE (Liang et al.,[2020) 62.88 1400 65.5
anions are the number ol gradient update TPDS (Tang et al.|[2024) 6557 900 60.0
steps during test-time adaptation, and time SHOT (Liang et al.[[2020) 50.35 1155 54.0
: . on ti NRC (Yang et al| 2021) 60.31 705 75.0
is the average wall-clock adaptation time SFDATFS (ourly 8246 132 005

per batch. Despite requiring many more
iterations and longer runtimes per batch, these baselines achieve lower accuracy than SEDA-PFT.
In contrast, SFDA-PFT achieves the best accuracy with far fewer updates and sub-second adaptation
per batch, showing that feature-space adaptation is markedly more efficient and scalable.

5 ABLATION STUDIES

Impact of Source Subject Pairing Strategies. To study the effect of source subject pairing during
translator pretraining, we evaluate three strategies: random, cosine-based, and landmark-based. In
the cosine-based strategy, well-classified source samples are paired based on feature similarity in the
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Figure 3: Source subject pairing on the Biovid dataset. (a) Examples of random, cosine-based,
and landmark-based pairs. (b) Average ACC, with landmark-based pairing performing best.

Table 6: Average ACC (%) on BioVid us-

. . : Table 7: Similarity of expression and identity
ing SFDA-PFT, ablating expression and style

branches on Biovid. Fixed expr. means the

losses. same expression, different subjects, while Fixed
subj. means same subject, different expressions.
Setting | Ae s | Ace. (%)
No Losses X X 68.62 Branch | Fixed expr.  Fixed subj.
Style Loss X v 70.10 X
Expression Loss | v X 71.60 ﬁXpmSSlon 8;2 8;2
Full Loss v/ | 8246 entity : :

embedding space via cosine distance. The landmark-based strategy leverages facial geometry and
pose: landmarks are aligned using Procrustes analysis, and head-pose vectors from OpenFace (Amos
provide orientation cues. As shown in Figure [3] cosine- and landmark-based pairing
outperform random selection, with landmark-based achieving the highest average accuracy. For
the elderly (60+) subject, an age-aware variant selecting younger expression-matched references
improves the F1 score by about +7%. Detailed per-subject results are provided in the Appendix.

Expression and Identity Specialization in Embeddings. We evaluate the specialization of identity
and expression by computing cosine similarities for pairs with (i) the same emotion but different
subjects, and (ii) the same subject but different emotions. As shown in Table[7] the expression branch
maintains higher similarity for the same emotion (0.75) compared to different emotions (0.40), while
the identity branch shows stronger similarity for the same subject (0.85) than for different subjects
with the same emotion (0.53). These results show that the expression and identity branches capture
primarily emotion and identity features, respectively, with some overlap between them.

Target Sample Distribution Across Source Subjects. To quantify the distribution of target sam-
ples and ensure the model doesn’t overfit to a single source identity, we use the Nearest Source
Prototype Histogram. This visualization shows the cosine similarity between target embeddings and
source prototypes, assigning each target sample to the closest source subject. As shown in Fig-
ure ] the histogram reveals a diverse distribution of target samples across multiple source subjects,
rather than concentrating on one. This confirms that our model avoids overfitting, promoting better
generalization while preserving the variation in identities and expressions across the source domain.

Qualitative Analysis via t-SNE Visualization. Figure [3] displays t-SNE plots for two comple-
mentary views: an image-based translation where target samples are first translated in pixel space
and then embedded by the frozen backbone, and a feature-based translation of SFDA-PFT that
operates directly on latent features. In the image-based plots, translated target clusters remain no-
ticeably shifted away from the source clusters, revealing a larger residual domain gap. In contrast,
the SFDA-PFT plots show target points tightly overlapping the source manifolds, indicating that
latent-space translation induces a smaller domain shift while preserving the expression structure.

Impact of Feature Vector Size on Performance We conducted an ablation study to investigate
the impact of feature dimensionality on the performance of feature translation across four FER
datasets: BioVid, StressID, BAH, and Aff-Wild2. For each dataset, we varied the dimen-
sionality of the translated feature vector from 64 to 512 and observed consistent improvements in
accuracy with increasing dimensionality. Notably, the performance gains saturated around 256 or
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Figure 4: Distribution of target samples for sub-1 in BioVvid dataset across source subjects
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Figure 5: T-SNE of source vs. translated fea-  Figure 6: SFDA-PFT accuracy across feature
tures for Sub-1 in BioVid comparing feature-  dimensions (64-512) on four datasets, showing
based (left) and image-based (right) translation. ~ performance gains with higher dimensions.

512 dimensions, suggesting that higher-dimensional features provide richer identity and expression
information. However, the marginal gains beyond 256 dimensions diminish, indicating a trade-off
between representational power and computational efficiency. These trends are illustrated in Fig-
ure[6] highlighting the importance of selecting an appropriate feature size for effective and efficient.

6 CONCLUSION

This paper introduces SFDA-PFT, an efficient SFDA method tailored for personalization FER us-
ing only image data with neutral expressions from target subjects. Unlike traditional image-based
approaches that depend on expressive target data and computationally expensive generative mod-
els, SEFDA-PFT operates entirely in the feature space. It translates features from one subject to
another in the source domain by aligning subject-specific features while preserving the expression
of the original subject. This allows the model to maintain the expression of the input while adapting
to the source subject, and to provide cost-effective personalization without requiring target expres-
sion data. The SFDA-PFT adaptation process involves adapting only a few layers of the translator
module on the target subject’s neutral data. SFDA-PFT is computationally efficient, stable during
training, and well-suited for deployment in privacy-sensitive real-world scenarios such as healthcare
or mobile applications. Experiments on four video FER datasets show that SFDA-PFT can achieve
a higher level of performance with lower complexity, generalizing well across both controlled and
in-the-wild conditions.
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Appendix

This supplementary material provides additional insights and evidence supporting the main paper. It
includes detailed descriptions of baseline methods, algorithmic procedures, extended experiments on
additional datasets, ablation studies analyzing key components, and a summary of hyperparameter
configurations used in our evaluations.

Algorithm Details
* Source Pre-training
» Target Adaptation
Baseline Methods
Extended Experimental Results
* Datasets

* Quantitative Comparison with SFDA Baselines

* Qualitative Examples of SFDA-IT Translations
Additional Ablation Studies

* Distance to Closest Source Prototypes

* Qualitative Analysis via t-SNE visualization
* Impact of Different Backbones

» Source Layer Selection for Style Transfer
 Effect of Expression Loss Type

* Sensitivity Analysis of Loss Weights.

Hyperparameter Details
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Algorithm 1 Source Pre-training

1: procedure PRETRAINSOURCE(Dg, F, C, T)
2 Initialize F', C, T

3 for each epoch do

4: for all (x,ys) € Ds do

5: f, + F(xs)
6.
7
8

Ypred < C(fs)
Lcg < CrossEntropy (Ypred; ¥s)
: Update F', C using Lcg
9: end for
10: end for
11: Freeze F
12: for each epoch do

13: for all paired (x1,¥1), (X2,-) € Dg do

14: fl — F(Xl)

15: fy + F(Xg)

16: fl — T(fl)

17: ‘Cexpr — DK]_(C(fl) H C(fl))

18: Esty]e 0

19: forall/ € £Ldo .

20: 1,01 — MeanStd(f];)

21: 2, 02 < MeanStd(f;

22: Layte  Laye + |1 — pal? + [lor — o2?
23: end for A

24: Lcg < CrossEntropy(C(fy), y1)

25: Liowal < Lcg + )\expr : Eexpr + )\style : Eslyle
26: Update T using Ly

27: end for

28: end for

29: end procedure

A  ALGORITHM DETAILS

This section outlines the core procedures of our proposed Personalized Feature Translation
(SFDA-PFT) framework for SFDA. The method comprises two stages: (1) source pre-training,
and (2) target-domain. The full pseudocode is provided in Algorithms [T]and 2] and we define the
main notations below.

Architecture: Let Dg = {(xs,ys)} be a labeled source dataset, where X is a source subject and
ys € Y its corresponding expression label. Let D = {x;} denote the unlabeled dataset for a target
subject. We denote by F the source feature extractor and by C the classifier head. The translator
network is defined as the composition of F followed by a set of lightweight, subject-adaptive layers
T. Thus, the translator Ty = T o F takes an image as input and outputs a translated feature
representation. The source classifier (F, C) is trained on Dg and remains frozen during adaptation.
The translator is first pretrained on Dg to learn identity transformation while preserving expression,
and then adapted to each target subject individually using only a few samples.

B BASELINE METHOD DESCRIPTIONS

We compare our proposed method against seven representative SFDA baselines. These methods
span both feature-space and image-space adaptation strategies, enabling a comprehensive evaluation
of our approach. For fairness, all baselines are implemented using a fixed ResNet-18 backbone
and evaluated under a consistent experimental protocol.

* SHOT (Liang et al.,[2020) freezes the source feature extractor and adapts only the classifier

using pseudo-labeling and information maximization, encouraging discriminative cluster-
ing in the target domain without accessing source data.
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Algorithm 2 Target Adaptation

1: procedure ADAPTTOTARGET(Dr, F, C, T)
2 Freeze F, C

3 for each epoch do

4 for all x; € Dr do

5: ft — F(Xt)

6: ft — T(ft)

7 Eexpr <~ DKL(C(ft) H C(ft))

8 Update T using Lexpr

9 end for
10 end for

1:

11: end procedure

* TPDS (Tang et al) 2024) introduces a progressive adaptation framework that bridges
source and target domains via a series of proxy distributions, aligning predictions using
category consistency and mutual information objectives.

* NRC (Yang et al.| 2021) exploits the intrinsic neighborhood structure of the target data by
enforcing label consistency among reciprocal neighbors, using a memory bank for efficient
retrieval.

* DSFDA (Sharafi et al.,2025) adapts FER models using only neutral target videos by disen-
tangling identity and expression features, generating synthetic expressive data, and jointly
training in a one-stage framework.

e SFIT (Hou & Zheng, [2021b) visualizes the knowledge gap between source and target
models by translating target images into source-style images using only the two model
checkpoints. It employs a generator guided by knowledge distillation and a relationship-
preserving loss, enabling adaptation and fine-tuning without source data.

e SFDA-IT (Hou & Zheng, [2021a)) formulates domain adaptation as an image translation
problem where a generator maps target images into source-style images without paired
supervision. The translated images are then classified by the fixed source model, improving
performance through batch-wise style alignment and entropy regularization.

C EXTENDED EXPERIMENTAL RESULTS

C.1 DATASETS

- Biovid: Heat and Pain (Part A): This dataset (Walter et al., 2013) consists of video recordings
of 87 subjects experiencing thermal pain stimuli in a controlled laboratory setting. Each subject is
assigned to one of five pain categories: “no pain” and four increasing pain levels (PA1-PA4), with
PA4 representing the highest intensity. Consistent with prior work, which reports minimal facial
activity at lower intensities, we focus on a binary classification between “no pain” and PA4. For
each subject, 20 videos per class are used, each lasting 5.5 seconds. Following recommendations
in (Werner et al., [2017), the first 2 seconds of each PA4 video are discarded to eliminate frames
where facial expressions are typically absent, retaining only the segments that capture stronger pain-
related facial activity.

- StressID: This dataset (Chaptoukaev et al., [2023) focuses on assessing stress through facial
expressions. It comprises facial video recordings from 54 individuals, totaling around 918 minutes
of annotated visual content. In our work, we use only the visual modality. Each frame is labeled as
either “neutral” or “stressed,” based on participants’ self-reported stress scores. Specifically, frames
corresponding to scores below 5 are labeled as neutral (label 0), while those with scores of 5 or
higher are considered stressed (label 1).

- BAH: The BAH dataset (Gonzdlez-Gonzalez et al.| [2025)), which is designed for recognizing am-
bivalence and hesitancy (A/H) expressions in real-world video recordings.comprises facial record-
ings from 224 participants across Canada, designed to reflect a diverse demographic distribution in
terms of sex, ethnicity, and province. Each participant contributes up to seven videos, with a total
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Table 8: Comparison of the proposed SFDA-PFT with state-of-the-art SFDA methods on the
BioVid dataset (10 target subjects, 77 source subjects). All models use ResNet—-18. Bold num-
bers indicate the best ACC.

Setting | Methods | Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 | Average
Source-only ‘ Source model (no adaptation) ‘ 66.11 5555 8636 8511 87.11 59.00 75.66 7044 52.66  48.22 ‘ 68.62
SHOT (Liang et al.|[2020) 5578 4776 4105 5244 5467 4880 5446 4922 5486 4444 | 5035
SFDA NRC (Yang et al.|2021] 5933 3938 8400 7289 79.67 4267 6392 5395 5489 4247 | 6031
(model-based) | TPDS (Tang et al.[2024} 6556 5598 7922 6822 9167 59.11 6128 69.33 5701 4822 | 65.57
DSFDA (Sharafi et al.|[2025) 7700 7511 9089 8567 8811 6748 8922 87.56 6922 7211 | 80.24
SFDA SFIT (Hou & Zheng][2021b) 8092 6879 8287 8470 9162 5732 6059 7456 6071  79.94 | 7420
(data-based) | SEDA-IT (Hou & Zheng|[2021a) | 7533 6727 89.00 8455 9080 6231 8177 7589 5788 7056 | 7554
SFDA-PFT (ours) 84.93 7556 9505 8586 97.59 7378 8873 8349 7848 6116 | 8246
Oracle Fine-Tuning 97.11 9143 9676 97.89 9611 9230 9001 9509 9822 97.00 | 95.19

of 1,118 videos ( 86.2 hours). Among these, 638 videos contain at least one A/H segment, resulting
in a total of 1,274 annotated A/H segments. The dataset includes 143,103 frames labeled with A/H,
out of 714,005 total frames. In our setup, frames with A/H annotations are assigned a label of 1
(indicating the presence of A or H), while all other frames are considered neutral and assigned a
label of 0.

-Aff-Wild2: The Aff-Wild2 dataset (Kollias & Zafeiriou, 2019) is a large-scale in-the-wild
dataset for affect recognition, consisting of 318 videos with available annotations. In our study, we
use a subset of 292 videos that each represent a single subject, which is essential for our subject-
based setting, where each individual is treated as a separate domain. We focus exclusively on basic
expression categories for discrete expression classification. Specifically, we use the following seven
classes: neutral (0), anger (1), disgust (2), fear (3), happiness (4), sadness (5), and surprise (6). We
consider only the visual modality in our experiments.

C.2 QUANTITATIVE COMPARISON WITH SFDA BASELINES

Across the lab-controlled datasets Biovid and StressID, our proposed SEDA-PFT achieves
the best performance compared to all baselines (Table [§] and Table 0). On BioVid, SFDA-PFT
improves the average accuracy to 82.46%, surpassing the best baseline (SFDA-TT) by more than
2 percentage points. Similarly, on StressID, SFDA-PFT reaches 71.49%, again outperforming
all competing methods. These gains highlight the advantage of SFDA-PFT in settings where ac-
quisition conditions are stable, allowing feature-level adaptation to capture subtle subject-specific
differences with reduced variance across individuals. While overall performance is strong, two
notable failure cases appear on BioVvid for Sub-8 and Sub-10, where SFDA-PFT achieves only
83.49% and 61.16%, respectively. Both subjects belong to the older age group, where pain-related
facial responses are less pronounced and more variable, reducing the discriminability of features.
This suggests that subject age can act as a confounding factor in personalized adaptation and points
to the potential benefit of future age-aware or stratified domain adaptation strategies.

On the more in-the-wild datasets BAH and Aff-Wild2, SFDA-PFT remains highly competi-
tive (Table ['115] and Table @ On BAH, SFDA-PFT clearly outperforms all alternatives, achiev-
ing 62.09% average accuracy, over 4 points higher than the best image-translation baseline. On
Aff-Wild2, which involves 7 classes and severe real-world noise, SFDA-PFT performs on par
with the strongest baseline, trailing by less than 1 percentage point. The remaining gap arises from
multi-class confusion and extreme conditions such as pose variation, motion blur, and class imbal-
ance. Notably, SFDA-PFT surpasses image-translation-based methods because it adapts directly in
the feature space rather than the image space: image translation often introduces artifacts or loses
discriminative details (e.g., subtle muscle activations or micro-expressions), which weakens down-
stream classification. By preserving the discriminative structure already extracted by the backbone,
SFDA-PFT avoids error accumulation from imperfect translations and provides more stable, reli-
able adaptation across subjects.
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Table 9: Comparison of the proposed SFDA-PFT with state-of-the-art SFDA methods on the
StressID dataset (10 target subjects, 44 source subjects). All models use ResNet—-18. Bold
numbers indicate the best ACC.

Setting ‘Methods Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-§ Sub-9 Sub-10 ‘ Average
Source model (no adaptation) ‘38.96 4121 6553 42.04 5516 6551 6943 60.78 53.62  55.63 ‘ 54.79

Source-only

SHOT (Liang et al.||2020) 68.33 5195 4583 3926 53.67 6138 59.76 4525 5142 5205 52.88

SFDA NRC (Yang et al.|[2021) 69.03 5225 3183 3529 59.67 4250 5928 4125 6542 5420 51.07
(model-based) | TPDS (Tang et al.|[2024) 65.56 5498 6422 5822 5467 63.11 6928 5933 50.11 51.98 59.17
DSFDA [Sharafi et al.|(2025) 7347 6939 8712 69.74 7987 8739 8280 83.89 7503 77.39 78.61

SFIT (Hou & Zheng/|2021b) 7041 6885 69.67 7192 6748 7743 70.76 7521 6598  61.19 69.89

(dafalibDa?ed) SFDA-IT (Hou & Zheng|[2021a} | 73.47 69.50 69.90 73.02 66.54 78.62 7130 76.67 6542 67.32 71.18
SFDA-PFT (ours) 7833 7487 78.17 7332 79.96 89.00 8476 84.14 7442 7795 79.49

Oracle 98.89 100 99.53 9815 9922 97.57 96.02 99.38  99.56 100 ‘ 98.83

Fine-Tuning

Table 10: Comparison between the proposed SEDA-PFT and several state-of-the-art methods on the
BAH dataset (10 target subjects, 214 source subjects). All models use ResNet-18. Bold numbers
indicate the best ACC.

Setting | Methods | Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 | Average
Source-only ‘ Source model ‘ 4971 50.00 54.67 4771 4843 5151 4883 5030 5045  48.65 ‘ 50.03
SHOT (Liang et al.|2020) 4973 5417 6049 4955 4583 5122 4662 5276 49.09 47.92 | 5074
SFDA NRC (Yang et al.|2021] 4946 5405 5502 49.11 4652 4991 4483 5226 48.63 4724 | 4970
(model-based) | TPDS (Tang et al.|2024) 50.42 5238 5591 4875 47.67 51.66 44.83 5320 51.75 55.13 51.17
DSFDA (Sharafi et al.|[2025) 6124 5602 6031 5877 5419 5988 5740 5316 6215 6049 | 5836
SFDA SFIT (Hou & Zheng]|2021b) 60.15 56.84 60.04 5491 5615 5573 5602 5649 5622 5839 | 57.09
(data-based) | SEDA-T (Hou & Zheng [2021a) | 60.00 6012 5648 5573 5615 5742 5680 5596 5689 5705 | 57.26
SFDA-PFT (ours) 69.46 6417 6049 6211 5983 6191 5462 5776 6263 6792 | 6209
Oracle | Fine-tune | 9335 9661 9922 9558 99.17 97.89 9248 96.14 9307 9338 | 95.69

Table 11: Comparison between the proposed SEFDA-PFT and several state-of-the-art methods on
the Aff-Wild2 dataset (10 target subjects, 282 source subjects). All models use ResNet—-18.
Bold numbers indicate the best ACC.

Setting | Methods | Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 | Average
Source-only ‘ Source model ‘ 2450 2397 2194 30.17 3241 40.63 1692 37.67 1877 19.98 ‘ 26.70
SHOT (Liang et al.|[2020) 4500 4167 4042 4391 3088 4134 4218 3900 49.16 5084 | 4234
SFDA NRC (Yang et al.|2021]} 4377 4231 4098 4426 4183 40.61 4212 4329 49.02 5071 | 42.90
(model-based) | TPDS (Tang et al.[2024} 4762 4418 4375 4603 4287 4159 4422 4107 4908 5049 | 4509
DSFDA (Sharafi et al.|[2025) 5831 5678 5796 5924 5563 5809 5641 57.08 5782 5618 | 5742
SFDA SFIT (Hou & Zheng][2021b) 5842 5637 5479 57.61 5503 5298 5685 57.12 4956 50.57 | 5593
(data-based) | SFPAT (Hou & Zheng[2021a} | 59.63 5788 5442 5807 5361 5594 5083 5576 5823 5683 | 56.12
SFDA-PFT (ours) 60.83 5947 5826 6L72 5739 6091 5618 59.64 6105 5675 | 5920
Oracle | Fine-tune 9890 9871 98.03 9837 9466 8333 99.87 8148 9454 9788 | 9458

C.3 QUALITATIVE EXAMPLES OF SFDA-IT TRANSLATIONS

In addition to quantitative results, we also provide qualitative examples of translated images gener-
ated by SFDA-IT (Hou & Zheng| |2021a). As an image-based adaptation method, SFDA-IT (Hou
& Zheng,, 2021al) maps target-domain samples into a source-style visual space before classification.
Figure [/| illustrates representative examples from BioVvid, showing target input frames and their
translated counterparts. While SFDA-IT (Hou & Zheng| 2021a)) effectively alters low-level style
features, it may fail to preserve fine-grained facial expressions essential for accurate classification,
particularly in subtle affective states.

D ADDITIONAL ABLATION STUDIES

D.1 ISTANCE TO CLOSEST SOURCE PROTOTYPES

To assess the effectiveness of our subject-aware translation module, we plot the L2 distances be-
tween translated target samples and the closest source subject prototype in the feature space. As
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Original Translated
Target Subject Target Subjects

Figure 7: Translated images of two target subjects from the BioVid dataset using landmark pairs
at test time with the SFDA-IT (Hou & Zheng}, [2021a) method. Left column shows the original target
image. Right columns display the corresponding translated images used for classification.
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Figure 8: Histogram of distances between translated Figure 9: t-SNE visualizations before
target frames and their closest source prototype. and after SFDA-PFT adaptation for

Sub-1 in BioVid dataset.

shown in Figure [§] the distribution is asymmetric, with a strong concentration of distances around
0.2 and a long tail toward higher values. This indicates that most translated target features are
successfully aligned close to their corresponding source subject representations, validating the role
of the translation mechanism in enhancing subject-level alignment. The sharp peak and reduced
spread reflect improved intra-class compactness and inter-domain consistency, which are critical for
minimizing domain shift in source-free adaptation settings.

D.2 QUALITATIVE ANALYSIS VIA T-SNE VISUALIZATION.

Target embeddings are visualized using t-SNE for a representative subject (Sub-1) across four
models, source-only, SFIT (Hou & Zheng| 2021b)(b), SFDA-IT (Hou & Zheng|, [2021a), and our
SFDA-PFT (Figure. [9). Initially, the source-only model (a) yields overlapping neutral/pain clus-
ters. After adaptation, SFIT (b) adds mild structure but remains mixed; SFDA-IT (c) shows clearer
yet diffuse boundaries; SFDA-PFT (d) forms compact, well-separated clusters, indicating better
expression preservation and domain alignment.

D.3 IMPACT OF DIFFERENT BACKBONES

To assess whether the gains of SFDA-PFT depend on a particular backbone, we repeat all experi-
ments with both a transformer encoder (ViT—-B/32 ) and a convolutional encoder (ResNet—-50)
across Biovid, StressID, and BAH. In all settings, SFDA-PFT achieves the best average F'1 and
yields the highest or near-highest subject-wise performance (Tables [T2HI7), outperforming SHOT,
DSFDA, SFIT, and SFDA-IT. These results indicate that the proposed feature-space translation is
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Table 12: Comparison of the proposed SEFDA-PFT with state-of-the-art SFDA methods on the

BioVid dataset (10 target subjects, 77 source subjects) with ViT-B/32

cate the best F'1.

Bold numbers indi-

Methods \ Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 \ Average
Src_only 68.89 52.00 8500 7456 7500 56.69 6589 56.00 6455 @ 59.55 65.81
SHOT 69.99 66.00 82.14 75.69 79.69 57.00 69.00 7469 69.00 61.60 70.48
DSFDA 70.16 66.52 8599 8l.11 8566 6436 7822 7500 67.23  63.00 73.72
SFIT 70.16 69.00 86.55 80.69 81.45 63.60 80.00 7466 6536 61.00 73.24
SFDA-IT 69.99 71.00 88.00 8090 8697 66.00 79.65 6456 6647  60.98 73.45
SFDA-PFT (ours) | 77.00 71.00 90.20 81.50 88.10 67.50 84.60 7520 68.00 63.40 76.65

Table 13: Comparison of the proposed SEDA-PFT with state-of-the-art SFDA methods on the
StressID dataset (10 target subjects, 44 source subjects) with ViT-B/32 . Bold numbers indi-

cate the best F'1.

Methods \ Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 \ Average
Src_only 47.10 3556 58.12 5098 51.28 38776 45.05 3829 44.14  40.72 45.00
SHOT 4438 41.85 52.08 4799 50.53 36.14 4375 4735 43775  39.09 44.69
DSFDA 6228 59.07 7636 72.00 76.05 57.16 6943 66.61 61.52  55.95 65.66
SFIT 5935 5840 7329 6828 6895 5384 67.72 63.15 5529 51.63 62.00
SFDA-IT 61.18 6258 7687 70.63 78.07 57.65 69.57 5639 58.06 53.27 64.43
SFDA-PFT (ours) | 68.23 6291 7993 7222 78.07 59.81 7496 66.64 60.26 56.18 67.92

Table 14: Comparison of the proposed SEDA-PFT with state-of-the-art SFDA methods on the BAH
dataset (10 target subjects, 214 source subjects) with ViT-B/32 . Bold numbers indicate the best

Fl.
Methods | Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 | Average
Src_only 17.09 1290 21.09 1850 18.61 14.07 1635 1390 16.02 14.78 16.33
SHOT 42.68 40.25 50.09 46.16 48.60 3476 42.08 4555 4208 37.56 42.98
DSFDA 4523 4289 5544 5229 5523 4149 5043 4835 44.63 40.62 47.66
SFIT 47.89 47.10 59.08 55.08 55.60 4341 54.61 5096 44.62 41.64 50.00
SFDA-IT 4822 4939 60.62 5573 5992 4547 5487 4448 4579 42.01 50.65
SFDA-PFT (ours) | 55.75 5141 6531 59.01 63.79 48.87 61.26 54.45 49.24 45.91 55.50

Table 15: Comparison of the proposed SEDA-PFT with state-of-the-art SFDA methods on the
BioVvid dataset (10 target subjects, 77 source subjects) with ResNet—-50. Bold numbers indi-

cate the best F'1.

Methods | Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 | Average
Src_only 65.00 5323 79.56 68.88 72.66 53.00 6500 55.66 63.22 54.69 63.09
SHOT 70.00 6589 87.50 7822 79.11 6123 7356 67.77 64.55 56.00 70.38
DSFDA 70.89 6890 87.00 80.00 79.76 62.55 7547 70.00 64.76 55.50 71.48
SFIT 75.02  69.00 88.65 80.00 80.14 62.50 8195 7245 64.80 60.00 73.45
SFDA-IT 76.25 69.00 88.65 80.69 80.00 62.00 81.50 7245 65.80 60.40 73.67
SFDA-PFT (ours) | 80.00 71.50 90.20 81.50 88.10 67.50 84.60 75.20 68.00 63.40 77.00

Table 16: Comparison of the proposed SFDA-PFT with state-of-the-art SFDA methods on the
StressID dataset (10 target subjects, 44 source subjects) with ResNet-50. Bold numbers indi-

cate the best F'1.
Methods | Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 | Average
Src_only 4922  37.00 56.54 51.11 51.28 40.69 50.89 40.18 42.56 45.44 46.49
SHOT 50.69 42.89 58.00 52.00 5199 46.14 5126 4599 44.05 47.04 49.01
DSFDA 63.00 57.00 7500 7197 7599 52778 5777 69.00 53.66 46.44 62.26
SFIT 58.69 5746 73.00 69.78 76.00 57.36 69.69 65.89 57.69 52.00 63.76
SFDA-IT 61.00 60.55 7575 70.00 77.11 56.65 70.07 66.30 58.66 55.00 65.11
SFDA-PFT (ours) | 67.22 6391 77.06 7222 79.00 60.89 76.66 67.60 59.99 58.00 68.26

robust to the choice of backbone and can be used as a plug-and-play SFDA module for both CNN-
and ViT-based FER models.
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Table 17: Comparison of the proposed SEDA-PFT with state-of-the-art SFDA methods on the BAH
dataset (10 target subjects, 214 source subjects) with ResNet—-50. Bold numbers indicate the best
F1.

Methods \ Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7 Sub-8 Sub-9 Sub-10 \ Average
Src_only 16.00 12.07 23.11 18.01 1896 1499 1722 1344 16.09 15.02 16.49
SHOT 4298 40.69 51.78 48.00 4855 40.00 4587 4450 43.88  39.99 44.62
DSFDA 4544 4400 5897 54.01 5400 4333 51.12 4899 45.00 40.19 48.51
SFIT 45776  46.66 59.28 56.01 5533 4498 54.00 49.15 4425 41.14 49.66
SFDA-IT 4595 47.00 61.11 5522 5558 4545 58.11 49.88 46.08  43.00 50.74

SFDA-PFT (ours) 53:98 53.00 6533 57.77 6477 5214 61.00 54.68 4876  45.00 55.64

Table 18: Impact of source layer selection for style transfer on classification accuracy (%) using our
proposed SFDA-PFT method for Biovid dataset.

Layer Configuration \ Accuracy (%)

Layer 1 74.13
Layers 1-2 76.37
Layers 1-3 82.46
Last Layers 69.25

D.4 SOURCE LAYER SELECTION FOR STYLE TRANSFER

To assess the impact of style extraction depth, we experiment with using mean and variance statistics
from different layers of the source model to transfer identity-specific information. As shown in
Table[T8] utilizing only early layers (e.g., Layer 1) yields moderate performance, while progressively
including Layers 2 and 3 leads to significant improvements. This suggests that intermediate layers
better capture subject-specific style without entangling high-level semantic content. In contrast,
using the last layers results in a drop in accuracy, likely due to the abstraction of expression-related
features. Overall, these findings highlight the importance of selecting appropriate layers for effective
style modeling in source-free FER.

D.5 EFFECT OF EXPRESSION L0OSS TYPE

To evaluate the impact of different expression loss formulations, we compare mean squared error
(MSE), cross-entropy (CE), and Kullback-Leibler (KL) divergence in both image-based and feature-
based settings. As shown in Table [I9] the feature-based model consistently outperforms its image-
based counterpart across all loss types, further validating the advantages of operating in the latent
feature space. Among the expression loss variants, KL divergence achieves the highest accuracy
in both models, suggesting its strength in aligning soft expression distributions more effectively
than point-wise (MSE) or hard-target (CE) alternatives. Notably, the feature-based model with KL
divergence reaches 80.54% accuracy, outperforming the best image-based counterpart by over 5%,
while also benefiting from reduced training cost and model complexity.

D.6 SENSITIVITY ANALYSIS OF LOSS WEIGHTS.

We analyze the impact of the expression and style losses during source training and their effect
on average target classification performance on BioVid dataset. As shown in Figure [I0} turning
off either loss (i.e., setting Aexpr=0 or Agy1e=0) leads to a substantial drop in accuracy compared
to the joint setting, confirming that both components are important for effective translation. The
degradation is more pronounced when the style loss is removed, highlighting the dominant role of
identity alignment for subject-specific adaptation. At the same time, varying Acxpr (With Agty1e=0.3)
or Agyle (With Aexpr=1.0) over a broad range yields only modest changes in performance, indicating
that SFDA-PFT is not overly sensitive to moderate perturbations of these hyperparameters around
the chosen setting (Aexpr=1.0, Agiy1e=0.3).
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Table 19: Average target-domain classification accuracy (%) of SFDA-IT (Hou & Zheng, 2021a)
and our proposed SFDA-PFT methods using different expression loss functions on the Biovid

dataset.

expression Loss Type | Image-based | Feature-based

Cross-Entropy

MSE
KL Divergence

73.15 7791
74.20 79.83
75.54 82.46

Table 20: Hyper-parameters for source training and target adaptation.

Hyper-parameter Source Training Target Adaptation
Backbone ResNet-18 ResNet-18
Optimizer SGD + Nesterov Adam
Momentum {0.1,0.4,0.9} NA

Weight Decay 0.0001 0

Learning Rate

{0.001,0.01,0.02,0.1}

{0.0001, 0.001,0.002}

LR Decay Schedule

Step decay at {150, 250, 350}

ReduceLROnPlateau (patience=3)

Mini-batch Size {32,64} {32,64}
Epochs {30,50,100} {20,50}
Random Flip Horizontal/Vertical Horizontal/Vertical
Color Jitter Brightness/Contrast/Saturation = 0.5, Hue = 0.05 Same
Image Size Resize to 225 x 225, crop 224 x 224 Same

E HYPERPARAMETER DETAILS

This section summarizes the hyperparameters used for both source pre-training and target adapta-
tion, as presented in Table 20] We report settings for optimizer types, learning rate schedules, and
batch sizes. All experiments use a fixed ResNet—-18 backbone to ensure fair comparison across
methods. The chosen values follow standard SFDA practices and are selected based on source-

domain validation performance.
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