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Abstract. Personalization in emotion recognition (ER) is essential for
an accurate interpretation of subtle and subject-specific expressive pat-
terns. Recent advances in vision–language models (VLMs) such as CLIP
demonstrate strong potential for leveraging joint image–text represen-
tations in ER. However, CLIP-based methods either depend on CLIP’s
contrastive pretraining or on LLMs to generate descriptive text prompts,
which are noisy, computationally expensive, and fail to capture fine-
grained expressions, leading to degraded performance. In this work, we
leverage Action Units (AUs) as structured textual prompts within CLIP
to model fine-grained facial expressions. AUs encode the subtle muscle
activations underlying expressions, providing localized and interpretable
semantic cues for more robust ER. We introduce CLIP-AU, a lightweight
AU–guided temporal learning method that integrates interpretable AU
semantics into CLIP. It learns generic, subject-agnostic representations
by aligning AU prompts with facial dynamics, enabling fine-grained ER
without CLIP fine-tuning or LLM-generated text supervision. Although
CLIP-AU models fine-grained AU semantics, it does not adapt to subject-
specific variability in subtle expressions. To address this limitation, we
propose CLIP-AUTT, a video-based test-time personalization method that
dynamically adapts AU prompts to videos from unseen subjects. By com-
bining entropy-guided temporal window selection with prompt tuning,
CLIP-AUTT enables subject-specific adaptation while preserving tempo-
ral consistency. Our experiments on three challenging video-based subtle
ER datasets — BioVid, StressID, and BAH — indicate that CLIP-AU
and CLIP-AUTT outperform state-of-the-art CLIP-based FER and TTA
methods. Code: https://github.com/osamazeeshan/CLIP-AUTT.

Keywords: Personalization · Fine-Grained Emotions · AUs · TTA

1 Introduction

Large-scale vision–language models (VLMs) have demonstrated remarkable suc-
cess across diverse multimodal tasks [2, 16, 28]. Among them, CLIP [28] has
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Fig. 1: (a) Existing Video ER methods based on CLIP fine-tuning use class prompts
or generate LLM prompts that remain fixed at inference time, providing no subject-
specific adaptation. (b) Our CLIP-AU introduces AU-guided pretraining to learn fine-
grained expression cues. (c) Our CLIP-AUTT extends this for test-time personalization,
combining entropy-guided temporal window selection with AU prompt tuning to adapt
CLIP to each target subject. (d) Illustration of throughput (videos/sec), trainable
parameters (M), and GFLOPs against WAR. Lower GFLOPs indicate better efficiency.

emerged as a powerful VLM that learns a unified representation space between
vision and language, enabling flexible cross-modal understanding and adapta-
tion to downstream tasks such as image classification and retrieval [17, 37, 38].
However, despite their versatility, CLIP-based models often struggle with spe-
cialized tasks such as recognizing subtle and fine-grained facial expressions. Un-
like coarse emotion classification, subtle expressions are low-intensity and arise
from localized facial muscle activations, which are difficult to capture using
generic semantic prompts commonly used in CLIP-based approaches. Several
recent studies have explored the use of CLIP for facial expression recognition
(FER) [8,11,44,46], demonstrating the effectiveness of multimodal alignment for
macro-level emotion classification. However, these approaches primarily target
prototypical basic emotions and often rely on extensive fine-tuning on emotion-
labeled datasets, which limits generalization and increases computational cost.
Other methods [8, 46] rely on static class-prompts or large language models to
generate textual prompts (Fig. 1a), introducing noisy or overly generic supervi-
sion that is less suitable for modeling subtle and fine-grained facial expressions.

In this paper, we leverage fine-grained Action Unit (AU) semantics within
CLIP to model subtle and subject-specific facial expressions. AUs [25] provide
structured and interpretable descriptions of individual facial muscle activations,
forming the building blocks of complex expressions [6, 19, 24]. We first intro-
duced CLIP-AU that incorporate AU textual descriptions directly as structured
text prompts within CLIP’s text encoder. Each AU prompt precisely describes a
specific facial muscle activation (e.g., AU-06 cheek raiser, AU-25 lips part, AU-
01 inner brow raiser), enabling the model to learn fine-grained visual–semantic
correspondences at the muscle level as shown in Fig. 1b. Importantly, subtle
facial expressions arise from combinations of multiple AUs, resulting in a one-
to-many relationship between a single expression and several AU activations.
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By computing AU–video similarity scores in CLIP’s cross-modal space, CLIP-AU
captures these compositional patterns without requiring AU ground-truth an-
notations. Instead of predicting AUs explicitly, we train a lightweight classifier
on AU–video similarity features to map learned AU activation patterns directly
to subtle expression categories. This design allows CLIP-AU to exploit struc-
tured AU semantics without AU supervision, avoiding costly CLIP fine-tuning,
or LLM-generated prompts while remaining computationally efficient (Fig. 1d).

Personalization adapts models to the diverse expressive patterns of individual
users [30,42] and is essential for modeling subtle facial expressions, particularly
in healthcare applications such as pain and stress assessment. Unlike prototypical
macro-emotions, subtle expressions are low-intensity, temporally evolving, and
highly individualized. The same AU activation (e.g., AU-01 eyebrow raise) may
indicate pain for one subject while reflecting a neutral expression for another.
This subject-specific variability makes subtle expressions inherently difficult to
model using generic representations. Beyond this personalization challenge, ad-
ditional variability arises from extrinsic factors such as cultural background, or
camera conditions [13]. While such factors affect most emotion recognition sys-
tems, subtle expressions are particularly vulnerable to misinterpretation due to
their weak intensity and individualized nature. To address this subject-specific
variability in subtle facial expressions, we introduce CLIP-AUTT, a video-based
test-time personalization method that dynamically adapts AU prompts at in-
ference to account for individual expressive differences (Fig. 1c). Unlike SoTA
test-time adaptation (TTA) methods for CLIP models [1, 14, 21, 32] that focus
on static image classification, CLIP-AUTT explicitly models temporal dynamics
to capture the gradual emergence of subtle and fine-grained facial expressions.
Since peak expressive cues often appear only within specific temporal segments,
we introduce an entropy-guided temporal window selection strategy to isolate
the most confident and expressive window based on AU–video similarity. The
selected window is then used for AU prompt tuning via entropy minimization,
allowing the AU representations to adapt to how the target subject expresses
the subtle emotion. CLIP-AUTT operates on subject-specific videos, performing
adaptation independently for each subject video and resetting the adapted pa-
rameters afterward to maintain stable personalization. The method performs un-
supervised subject-level test-time adaptation for temporally consistent, subject-
specific modeling of subtle expressions. As shown in Fig. 1(d), under identical
NVIDIA A100 48GB settings, CLIP-AUTT achieves the best performance with
substantially fewer trainable parameters, lower computational cost, and higher
video throughput than competing methods.

Main contributions: (1) CLIP-AU: An AU-guided temporal learning is pro-
posed that integrates AU semantics into the CLIP model, enabling it to recognize
fine-grained and subtle facial expressions without requiring AU labels or LLM-
generated descriptions. (2) CLIP-AUTT: A video-based test-time personalization
method that dynamically adapts to unseen target subjects by optimizing AU
prompts and selecting key expressive windows, enabling subject-specific mod-
eling during inference without additional supervision. (3) An extensive set of
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experiments was conducted to validate our methods under two settings – (1)
CLIP-AU: fine-grained video alignment and (2) CLIP-AUTT: video-based test-
time personalization – on three challenging video ER datasets – BioVid [34],
StressID [7], and BAH [12] – demonstrating that our methods outperform state-
of-the-art CLIP-based FER and test-time adaptation methods.

2 Related Work

CLIP-based FER Models. CLIP-style models learn a joint image–text em-
bedding via contrastive pretraining on large web corpora; at inference, they score
the similarity between an image and text prompts (e.g., “a photo of a [CLS] face”)
to enable zero-/few-shot classification without task-specific heads [28]. In FER,
this typically means crafting emotion prompts (sometimes with prompt ensem-
bles), optionally tuning a small set of parameters (e.g., adapters/LoRA), or en-
riching the text side with descriptions derived from LLMs, then classifying by the
nearest text prototype. Recent works extend CLIP to FER along several axes:
adapter-tuned, fine-grained prompting for dynamic FER (FineCLIPER) [8];
zero-shot video FER via sample-level captions (EmoCLIP) [11]; multimodal
pretraining from verbal and nonverbal cues (EmotionCLIP) [44]; and LLM-
augmented text prototypes with learned alignment (Exp-CLIP) [46]. Despite
their zero-/few-shot positioning, these approaches still require training data.
Facial Action Units. Facial Action Coding System (FACS) provides a com-
positional, muscle-level description of facial movements via Action Units (AUs),
which many works exploit as structured priors for expression recognition [10].
Recent AU-aware methods leverage AUs as supervision, auxiliary tasks, or in-
termediate reasoning cues. Li et al. use AU-assisted meta multi-task learning to
improve compound expression recognition on RAF-CE [19], while Liu et al. in-
corporate features from a facial AU detector into a multi-modal FER pipeline for
in-the-wild videos [24]. On the AU-detection side, FG-Net and MCM learn gen-
eralizable AU representations that support cross-corpus facial behaviour analy-
sis [39, 45]. Beyond conventional FER, Emotion-LLaMA integrates FACS-style
AU patterns into a multimodal LLM for emotion recognition and reasoning [9],
and Belharbi et al. [6] guide FER with a spatial AU codebook that supervises
interpretable attention maps.
Personalization in FER. Standard FER literature largely targets models
trained and evaluated under subject-independent protocols without personaliza-
tion [3, 18, 33]. FER personalization is the subject-specific adaptation of a pre-
trained model during training, fine-tuning, or inference to mitigate subject-level
distribution shifts arising from anatomical, cultural, personality, and contextual
variability in real-world settings. Despite notable gains from supervised person-
alization methods [5, 29], these approaches depend on per-subject labeled data,
which is costly to collect and raises privacy concerns. To address these chal-
lenges, several multi-source domain adaptation (MSDA) methods [40–42] have
been proposed. These techniques leverage labeled data from multiple sources
to learn domain-invariant representations for a target subject by improving ro-



CLIP-AUTT 5

bustness under cross-subject shifts. However, in many real-world applications,
the source data cannot be retained or shared due to privacy constraints, which
motivates source-free domain adaptation (SFDA). SFDA adapts by using only
a pretrained source model and unlabeled target data via self-training, entropy
minimization, and prototype refinement [30,31].
Test-time Domain Adaptation. TTA updates a trained model at test time
using unlabeled target test data captured to mitigate distribution shift, offering
practical gains when source data are unavailable and full retraining is infeasi-
ble [22, 23, 35, 36]. While effective, conventional TTA often drifts under confir-
mation bias, overfits to short or non-i.i.d. streams, and depends on BatchNorm
updates that fail on LayerNorm-only backbones (e.g., ViT). To address these is-
sues, CLIP-based TTA leverages CLIP’s strong zero-shot priors and text anchors
to enable label-free, structure-aware adaptation through lightweight parameter
updates that remain stable (via zero-init and EMA) while preserving the pre-
trained mapping and reducing test-time shifty [1, 14, 21, 32, 47]. Loss functions
aligned with CLIP contrastive pre-training allow to mitigate pseudo-label drift
and class collapse [15], prompt-ensemble strategies with periodic weight averag-
ing yield robust updates—including single-image adaptation [27], and backdoor
analyses surface security risks for CLIP-style models [20].

3 Proposed Method

State-of-the-art CLIP-based ER approaches [8,11,44,46] associate video frames
with expression-related text prompts, typically using generic templates such as “a
person with an expression of [CLS]” or descriptions generated by large language
models. While effective for macro-level emotion classification, such prompts over-
look the localized facial muscle activations that characterize subtle and subject-
specific expressions. Moreover, these methods often require fine-tuning of CLIP
on emotion-labeled datasets, limiting generalization and increasing computa-
tional cost. Subtle facial expressions arise from specific combinations of local-
ized facial muscle movements. To address this limitation, we propose CLIP-AU,
which replaces class-level prompts with textual descriptions of individual AUs to
explicitly model fine-grained facial muscle activations. Building upon this, we in-
troduce CLIP-AUTT, a test-time adaptation method that enables subject-specific
personalization for subtle ER.
Preliminaries. The proposed method builds upon a frozen VLM composed
of a visual encoder Ev and a textual encoder Et, which extract visual and
textual embeddings, respectively. For the textual modality, we define a set of
N = 46 AU descriptions {ai}Ni=1, where each ai is a short natural-language
phrase describing a localized facial muscle movement (e.g., “eyebrow raised”,
“nose wrinkled”, “lip corner pulled”). The encoded AU features are further refined
through a lightweight AU adapter At that specializes the text embeddings for
expression-related semantics. The temporal module processes sequential frame
embeddings from Ev and consists of a 1D convolutional encoder denoted as T (·),
a gated linear unit (GLU), and an average pooling operation to capture temporal
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Fig. 2: Overview of the CLIP-AU. The model aligns AU text embeddings with tem-
porally encoded video representations to capture fine-grained facial dynamics for ER.

dynamics. A two-layer emotion classifier CMLP maps the AU–video similarity
representations to emotion logits. Throughout this paper, Zau denotes the set
of AU embeddings, zv represents the temporally aggregated video embedding,
si denotes the AU–window similarity vector for the i-th temporal segment, and
p(c|X) refers to the predicted probability for expression class c for the video
X ∈ RT×H×W×3. All these components are consistently used across both the
CLIP-AU and CLIP-AUTT methods.

3.1 CLIP-AU: Fine-Grained Video Alignment

During pretraining, Et and Ev encoders are kept frozen to preserve their rich mul-
timodal representations. A lightweight AU adapter (At) is introduced after the
Et to specialize the textual embeddings toward AU-specific semantics that are
critical for recognizing subtle facial expressions. While the frozen text encoder
retains the general linguistic and visual alignment knowledge of CLIP, the AU
adapter learns to extract task-relevant and fine-grained facial cues that are dis-
criminative for emotion recognition. In parallel, a temporal module processes
frame-level embeddings from the Ev to capture motion-aware temporal dynamics,
enabling the model to encode expressive variations over time. Finally, an emo-
tion classifier is trained to predict categorical emotions based on the learned
AU features. The overall objective is to align these refined textual and visual
representations for robust AU–video correspondence, as illustrated in Fig. 2.

Given a source video X = {It}Tt=1, each frame It ∈ RH×W×3 is first encoded
by the frozen image encoder Ev(·) to obtain frame-level embeddings:

vt = Ev(It), V = [v1,v2, . . . ,vT ] ∈ RT×d. (1)

To capture the temporal information of facial expressions, sequence V is pro-
cessed using a 1D convolutional temporal encoder (T), followed by GLUs and an
average pooling layer:

zv = Pool
(
GLU(T (V ))

)
∈ Rd. (2)
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T (·) extracts motion-aware representations by modeling local temporal continu-
ity and fine-grained frame dependencies within a video sequence. It efficiently
aggregates short-term dynamics, enabling the representation zv to capture subtle
temporal variations in facial motion, such as transient cues linked to pain, stress,
or ambivalence. GLU further enhances this capability by adaptively emphasiz-
ing salient temporal changes while suppressing neutral or low-variance frames,
resulting in a temporally discriminative and noise-robust visual embedding.

For the textual modality, each AU description ai is encoded by the frozen
text encoder Et and refined through the AU adapter At(·):

zau,i = At(Et(ai)), Zau = [zau,1, . . . , zau,N ] ∈ RN×d (3)

Then, cosine similarity is computed between the temporal-aware visual embed-
ding zv and each AU embedding zau,i:

zsm,i =
z⊤v zau,i

∥zv∥ ∥zau,i∥
, zsm = [zsm,1, . . . , zsm,N ] ∈ RN (4)

The resulting similarity vector zsm represents the activation strengths of all AUs
across the video and is passed to an MLP-based emotion classifier, which is
trained using a supervised loss:

Lsup = − 1

M

M∑
m=1

C∑
c=1

ym,c log pm,c, (5)

where M denotes the total number of training videos, pc denotes the pre-
dicted probability for class c obtained from CMLP(zsm). This formulation enables
CLIP-AU to align AU-level semantics with temporally salient visual features, fa-
cilitating robust recognition of subtle and fine-grained facial expressions.

3.2 CLIP-AUTT: Video Test-time Personalization

Although CLIP-AU effectively learns fine-grained AU–video alignment, its perfor-
mance may degrade on unseen subjects due to differences in facial appearance,
expression intensity, and motion dynamics. To address these challenges, we in-
troduce CLIP-AUTT, a test-time adaptation method that performs unsupervised,
subject-specific personalization through Entropy-Guided Temporal Win-
dow Selection and AU Prompt Tuning, as illustrated in Fig. 3.

Entropy-Guided Temporal Window Selection. Facial expressions associ-
ated with subtle and fine-grained emotions (e.g., pain or stress) typically evolve
gradually over time, reaching a peak intensity before fading. Consequently, not
all frames in a video are equally informative; Early and late segments often
contain low-intensity or ambiguous facial cues that may not reliably reflect the
underlying expression. Since each video corresponds to a single subtle expres-
sion, accurately identifying the temporally coherent peak segment is crucial for



8 M. Osama et al.

Action Units Prompts

AU1

AU2

AUn

CLIP-AUTT

0.55

0.79

0.75

Window Entropy 

0.43

Temporal
Module

0.43

Target Subject Videos Selection of lowest
entopry window

Temporal
Module

Sliding window

...

Fig. 3: Overview of the CLIP-AUTT. Given a target video, CLIP-AUTT applies a sliding
window with a temporal module to capture temporally coherent AU patterns and esti-
mates window-level entropy from AU similarity to select the most expressive segment.
The selected window is then used for AU prompt tuning, adapting AU embeddings to
the target subject that results in a improve subject-specific personalized model.

reliable recognition. This becomes particularly important in CLIP-AUTT, as test-
time AU prompt tuning relies on selecting a confident and expressive segment to
accurately adapt AU semantics to the target subject. Adapting on weak or am-
biguous segments may misguide the AU semantics and degrade personalization.
To address this, CLIP-AUTT employs an entropy-guided temporal window selec-
tion strategy grounded in AU–video semantic alignment, focusing adaptation on
the most confident and expressive window.

Given a target video X = {It}Tt=1, each frame is first encoded using the
visual encoder vt = Ev(It). To capture the temporal evolution of subtle and
fine-grained facial expressions, a sliding window of length L is applied over the
frame embeddings to generate M = T − L+ 1 overlapping windows:

Wi = {vt}i+L−1
t=i , i = 1, . . . ,M. (6)

where Wi denotes a contiguous set of L frame embeddings representing a short
temporal segment of the video. Each window is processed by the temporal mod-
ule to capture short-term facial dynamics:

zi = Pool
(
GLU(T (Wi))

)
∈ Rd. (7)

Let zi denote the embedding of the i-th temporally aggregated window, and
{zau,k}Nk=1 the text embeddings of N AU prompts. We compute the cosine simi-
larity between zi and each AU embedding and stack the resulting scores to form
an AU similarity vector:

si,k =
z⊤i zau,k

∥zi∥ ∥zau,k∥
, si = [si,1, . . . , si,N ] ∈ RN . (8)

here, si,k quantifies the semantic alignment between the i-th window and the
k-th AU, while si provides a structured AU-level representation of the facial
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expression in window i. The AU similarity vector is then passed to the pre-
trained classifier CMLP to estimate expression probabilities:

pi = softmax
(
CMLP(si)

)
, (9)

where pi ∈ RC denotes the predicted probability distribution over C expression
categories. To quantify prediction confidence, we compute the Shannon entropy
of the window-level distribution:

hi = −
C∑

c=1

pi(c) log pi(c). (10)

A lower entropy indicates higher confidence and stronger semantic consistency
between AU activations and the predicted expression. The most expressive and
reliable segment is selected by i∗ = argmini hi. Only the selected window Wi∗

is used for subsequent test-time AU prompt adaptation. By restricting person-
alization to the most confident window, we ensure that AU tuning is guided by
temporally coherent and discriminative expression evidence.

AU Prompt Tuning. Recent studies have demonstrated that prompt tuning
can effectively adapt large-scale VLMs to new tasks and unseen domains with-
out full fine-tuning. Methods such as PromptAlign [1] and TPT [32] have shown
that learning or optimizing textual prompts enables efficient adaptation while
preserving the pretrained model’s generalization ability. Motivated by these suc-
cesses, we investigate whether prompt tuning can also facilitate personalized
adaptation in video-based facial expression recognition, where inter-subject vari-
ability plays a crucial role. In this context, each subject expresses emotions
through distinct combinations of facial muscle activations. For instance, one in-
dividual may display pain through lip stretching and eye closure, while another
may exhibit it via brow raising and cheek tension. To capture these personalized
patterns, CLIP-AUTT introduces AU prompt tuning, which optimizes Action Unit
text embeddings in an unsupervised, subject-specific manner during test time to
adaptively align AU semantics with individual expression styles while keeping
all other modules frozen.

Using the selected key window from Sec. 3.2, their temporal embeddings are
obtained through the temporal module, which consists of an encoder T (·), a
GLU, and an average pooling operation:

zv = Pool
(
GLU(T (Wi∗))

)
∈ Rd, (11)

where Wi∗ denotes the selected temporal window embeddings. The resulting
temporal representation zv is then compared with the AU embeddings {zau,i}Ni=1

using cosine similarity:

z′sm,i =
z⊤v zau,i

∥zv∥ ∥zau,i∥
, z′sm = [s′1, . . . , s

′
N ] ∈ RN . (12)
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The similarity vector z′sm is passed through the classifier CMLP to produce class
probabilities, and the AU prompts are optimized via entropy minimization:

Lent = −
C∑

c=1

p(c|X) log p(c|X), (13)

where p(c|X) = softmax(CMLP(z
′
sm))c. This adaptation step tunes the AU prompt

embeddings Zau to align with each distinctive subject activation pattern, improv-
ing the AU–video alignment and enhancing personalized expression recognition
under unseen conditions.

4 Results and Discussion

4.1 Experimental Protocol

Datasets. CLIP-AU evaluated on three challenging datasets. BioVid Heat
Pain (Part A) [34] with 87 subjects, following [40], we use 77 as source and
10 as target subjects. StressID [7] dataset contains recordings of different par-
ticipants captured in a controlled setting while performing 11 tasks designed
to trigger the stress response of each individual. We use 44 subjects as the
source and 10 subjects as the target. Behavioural Ambivalence/Hesitancy
(BAH) [12] consists of participants from diverse demographics in uncontrolled,
real-world settings. We use 143 as the source and 10 subjects as the target for
personalization. See suppl. materials for the complete list of target subjects.
Implementation Details. All models are optimized using the AdamW opti-
mizer with a learning rate of 1×10−3 and a weight decay of 1×10−4. For CLIP-AU,
we use a batch size of 8, processing eight video clips simultaneously. The AU
adapter and emotion classifier are implemented as two-layer MLPs. The tempo-
ral encoder is a lightweight 1D CNN composed of a single linear layer, followed
by a Gated Linear Unit (GLU) and average pooling for temporal aggregation.
For CLIP-AUTT, the model operates in a video-level test-time setting, where one
video is processed at a time for each subject. Thus, the batch size is set to 1.
Baseline Methods. We report results using two standard evaluation metrics.
Weighted Average Recall (WAR), which measures the overall classification accu-
racy. F1-score, which provides a balanced measure of precision and recall under
imbalanced conditions. We include two sets of baseline comparisons in our study.
First, for CLIP-AU, we compare our approach against existing video-based FER
methods. These include the CLIP-ViT-B/32 [28] backbone without any fine-
tuning, CLIP-ViT-B/32†, which performs complete end-to-end fine-tuning of
the CLIP model, and EmoCLIP (Adapter) [11], where only the adapter layers
are trained. We also compare with X-CLIP [26] and Exp-CLIP [46], which train
a projection head and leverage LLMs to extract facial expression descriptions
for supervision. Second, for CLIP-AUTT, we compare against several image-based
SoTA TTA methods, including TPT [32], TDA [14], DPE [43], PromptAlign [1],
and ReTA [21]. Further, we adapt the action recognition video-based T3AL [22]
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Table 1: Comparison with CLIP-based FER and TTA methods. Results are averaged
over 10 target subjects per dataset. CLIP-ViT-B/32† denotes full CLIP fine-tuning.
ZS: Zero-shot ; FT: Fine-tuning ; TTA: Test-time adaptation.

Settings Method BioVid StressID BAH

WAR ↑ F1 ↑ WAR ↑ F1 ↑ WAR ↑ F1 ↑

ZS CLIP-ViT-B/32 [28] (ICML’21) 50.0 33.3 60.4 34.8 39.5 28.1

FT

CLIP-ViT-B/32† [28] (ICML’21) 69.7 66.6 67.0 44.5 60.4 39.8
EmoCLIP [11] (FG’24) 67.7 63.4 63.5 35.9 56.2 36.5
X-CLIP [26] (ECCV’22) 70.9 57.9 62.3 41.3 63.0 39.2
Exp-CLIP [46] (WACV’25) 70.2 66.7 63.1 44.5 62.2 38.5
CLIP-AU 78.0 74.8 66.5 58.5 68.3 40.3

TTA

TPT [32] (NeurIPS’22) 71.1 67.5 70.9 57.9 65.6 39.7
TDA [14] (CVPR’24) 71.4 68.2 69.7 49.9 65.2 39.9
DPE [43] (NeurIPS’24) 73.1 69.6 71.3 54.2 66.7 39.4
PromptAlign [1] (NeurIPS’23) 75.3 71.6 74.6 53.2 67.1 39.7
ReTA [21] (ACMMM’25) 75.1 71.3 71.8 52.8 67.6 39.8
T3AL [22] (CVPR’24) 76.1 72.9 75.9 59.4 67.9 40.7
CLIP-AUTT 81.5 78.0 80.8 77.9 69.8 41.1

Table 2: CLIP-AUTT subject-wise comparison with TTA methods on the BioVid
dataset. Best results are in bold.

Method Woman-27 Man-36 Woman-43 Man-25 Woman-25 Woman-65 Woman-21

WAR F1 WAR F1 WAR F1 WAR F1 WAR F1 WAR F1 WAR F1

TPT [32] 91.9 92.0 53.0 51.5 61.5 49.6 88.9 87.0 76.0 79.5 98.9 99.0 79.0 79.0
TDA [14] 93.0 94.9 52.6 50.3 63.9 48.0 87.5 86.2 76.3 80.2 100.0 100.0 79.5 80.8
DPE [43] 91.7 90.4 55.0 51.5 85.0 73.1 84.7 83.6 80.0 79.8 100.0 100.0 73.0 72.0
PromptAlign [1] 93.8 94.2 65.2 60.1 70.0 61.5 92.0 90.5 80.0 80.2 100.0 100.0 85.0 83.5
ReTA [21] 93.8 94.2 65.2 60.1 69.5 60.8 90.2 88.0 80.0 80.2 100.0 100.0 85.0 83.5
T3AL [22] 94.0 95.8 66.5 62.0 70.0 61.5 94.2 93.9 83.9 83.0 100.0 100.0 85.2 83.9

CLIP-AUTT 95.0 94.9 75.0 74.9 100.0 100.0 97.5 97.5 92.5 92.4 100.0 100.0 87.5 87.3

method for our classification task. To ensure a fair comparison, we use the CLIP-
ViT-B/32† backbone, which is fine-tuned on the source subject of each dataset.
Prompts. For all methods, we use the prompt “a person with an expression of
[CLS]”, which has been shown to work effectively in prior FER work [46].

4.2 Comparison with State-of-the-Art Methods

Fine-tuning. Table 1 shows that CLIP-AU improves over all video-based CLIP
FER baselines. On BioVid it reaches 78.0/74.8, and on BAH it is best across both
matrices (68.3/40.3). On StressID, EmoCLIP† is slightly higher in WAR (67.0 vs
66.5), but CLIP-AU achieves a decisively higher F1 (58.5, +14.0%), indicating
substantially more balanced per-class predictions under class imbalance. See
suppl. materials for t-SNE analysis showing improved class separation.
Test-time adaptation. Against TTA baselines in Table 1, CLIP-AUTT sets
a new state of the art. We compare to image-level TTA methods (TPT, TDA,
DPE, PromptAlign, ReTA) and the video-level TTA method (T3AL). CLIP-AUTT
lifts BioVid to 81.5/78.0, boosts StressID to 80.8/77.9 (large margins in F1),
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Table 3: CLIP-AUTT subject-wise comparison with TTA methods on the StressID
dataset. Best results are in bold.

Method

Man Woman

Sub-1 Sub-2 Sub-3 Sub-4 Sub-5 Sub-6 Sub-7

WAR F1 WAR F1 WAR F1 WAR F1 WAR F1 WAR F1 WAR F1

TPT [32] 74.7 70.7 90.0 86.0 77.5 78.7 51.6 43.6 63.4 50.0 54.0 40.0 91.9 50.0
TDA [14] 66.9 45.5 75.6 50.1 80.0 80.0 45.2 40.0 75.3 45.6 81.8 42.8 91.9 50.0
DPE [43] 64.0 40.9 73.9 49.0 80.0 80.0 55.0 40.6 73.0 46.0 81.8 42.8 92.0 56.6
PromptAlign [1] 69.9 41.2 78.6 45.6 80.0 80.0 61.6 45.0 81.3 58.0 81.8 42.8 90.9 45.4
ReTA [21] 64.5 43.2 82.0 53.0 80.0 80.0 50.5 41.0 80.0 53.3 81.8 42.8 93.7 59.3
T3AL [22] 71.3 46.3 80.3 48.6 80.0 80.0 62.7 48.6 77.0 68.0 82.0 44.0 93.9 66.0

CLIP-AUTT 90.9 90.6 90.9 90.6 100.0 100.0 63.6 63.3 81.8 80.3 72.7 68.6 100.0 100.0

and improves BAH to 69.8/41.1. These gains stem from temporally adapting
AU prompts at test time and calibrating to each individual, which strengthens
per-class balance and robustness under shift.
Personalization. Tables 2 and 3 report subject-wise results on BioVid and
StressID. CLIP-AUTT adapts to each person’s specific AU patterns, enabling
more reliable expression predictions and achieving strong performance across
most subject–metric pairs. It achieves perfect scores on easier identities (e.g.,
BioVid Woman-43 ; StressID Sub-7 ) and delivers large gains on harder ones
(e.g., StressID Sub-4 : 63.6/63.3). Even when a baseline slightly edges WAR for
a subject (e.g., Sub-6 ), CLIP-AUTT consistently raises F1, indicating less bias
toward frequent classes. Results for the BAH dataset and all 10 target subjects
are provided in the suppl. materials.

4.3 Qualitative Visualization

AU Analysis. Figure. 4 qualitatively compares CLIP-AU and CLIP-AUTT on
subjects from the BioVid dataset. While CLIP-AU captures general facial muscle
activations correlated with emotion classes, CLIP-AUTT dynamically adapts to
each subject’s expressive behavior, identifying more meaningful AU combina-
tions such as fine-grained eye and mouth movements that reflect subject-specific
activation patterns. Since the dataset does not provide ground-truth AU anno-
tations, we additionally estimate AU activations using an external AU detector,
Openface [4], to assess the reliability of the predicted AUs. The AU patterns pre-
dicted by CLIP-AUTT show stronger agreement with those detected by OpenFace
and align better with the underlying expression, resulting in higher classification
confidence. These examples demonstrate how CLIP-AU learns a generic under-
standing of AU semantics across subjects, while CLIP-AUTT further refines these
representations through test-time adaptation to achieve personalized AU align-
ment without requiring AU supervision. More visualization in suppl. material.
Representative Temporal Window Selection. Figure 5 visualizes the most
expressive temporal windows, their prediction uncertainty, and the minimum-
entropy segment selected for adaptation. The selected window yields the most
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Fig. 4: Qualitative comparison of predicted top-activated AUs and class predictions for
CLIP-AU and CLIP-AUTT, alongside AU activations estimated by an external detector
(OpenFace). CLIP-AUTT shows stronger agreement with the externally estimated AUs
and better alignment with the underlying expression.

concentrated class distribution with the lowest entropy h3 = 0.493 and, there-
fore, the most confident emotion prediction. Qualitatively, it also contains the
clearest and most temporally consistent facial-expression cues, while the remain-
ing windows exhibit weaker or more ambiguous evidence. Using this informative
segment provides a more reliable signal for AU prompt adaptation and helps
reduce updates based on uncertain frames.
Dataset Variability Analysis. To better understand dataset insights, Fig-
ure. 6 visualizes representative samples from BioVid, StressID, and BAH. BioVid
and StressID are collected under controlled laboratory conditions with stable
lighting and minimal incidental motion. In contrast, BAH is recorded in semi-
controlled settings where subjects capture videos using personal devices, result-
ing in larger variations in illumination, camera positioning, and incidental facial
movements (e.g., speaking). These factors can obscure the low-intensity facial
cues associated with subtle expressions, making reliable recognition more chal-
lenging.

4.4 Ablation Studies

Impact of Temporal Window Selection. Table 4 (left) examines the impact
of varying the temporal window length for CLIP-AUTT on BioVid. A shorter
window length generally provides a better accuracy–efficiency trade-off, with
16 frames yielding the best performance. Importantly, CLIP-AUTT remains rel-
atively stable across different window lengths, as the entropy-based selection
reliably identifies the most expressive temporal segments. See suppl. material
for extended ablation.
Are Action Units Really Helping? To assess whether our AU adapter
truly captures subject-specific AU semantics, we replace AU prompts with an
ensemble of 46 generic FER class prompts (23 neutral and 23 emotion-specific
templates). As shown in Figure 4 (right), training with these generic CPs yields



14 M. Osama et al.

Win. WAR F1

8 78.8 75.4
16 81.5 78.0
32 79.8 76.3
64 80.0 76.6
72 79.0 75.4

Method BioVid StressID

WAR F1 WAR F1

Fine-tuning
Ens. CPs 69.5 63.9 61.3 49.9
CLIP-AU 78.0 74.8 66.5 58.5

TTA
Ens. CPs 77.5 74.0 44.1 31.0
CLIP-AUTT 81.5 78.0 80.8 77.9

Table 4: Left. Temporal-window se-
lection, performance across window
lengths (L). Right. Prompts-design
ablations, AU prompts versus generic
class prompts under fine-tuning and
TTA.

Selected min entropy window
Most confident expression segment

Fig. 5: Selection of the candidate temporal
window with the minimum-entropy score. The
selected segment contains the most confident
and temporally coherent facial-expression cues
that are used for personalization.

BioVid StressID BAH

Fig. 6: Samples from BioVid, StressID, and BAH highlight increased subject variabil-
ity, facial movements (e.g., speaking or head motion), and environmental factors that
can obscure subtle expression cues.

10 20 30
Target Subjects (BioVid)

40

50

60

70

80

90

100

W
AR

 P
er

fo
rm

an
ce

 (%
)

81.50  [+3.50]

78.00

76.90  [+3.00]

73.90

76.90  [+3.00]

73.90

CLIP-AUTT CLIP-AU

Fig. 7: Robustness analysis with increasing
target subjects. Comparing CLIP-AU and
CLIP-AUTT.

moderate performance under pre-
training but collapses under TTA,
most notably on StressID, with nearly
a 15% drop. This demonstrates that
class-level textual cues lack the granu-
larity needed to model subtle, individ-
ualized expressions. In contrast, AU-
based personalization consistently im-
proves performance by enabling the
adapter to align with subject-specific
AU activation patterns and fine-
grained facial dynamics. See the
suppl. materials for CP templates and
CP +AU prompts ablation.
Robustness to Subject Variability. To evaluate robustness under increas-
ing subject diversity, we progressively increase the number of target subjects
from 10 to 30 while comparing CLIP-AUTT with the subject-agnostic baseline
CLIP-AU (Figure. 7). As the target pool grows, performance naturally reflects
the increased subject heterogeneity and the reduced number of source subjects
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available for training. Importantly, the performance trend remains smooth and
consistent, indicating stable generalization. Across all target sizes, CLIP-AUTT
consistently outperforms CLIP-AU by about three WAR points, demonstrating re-
liable personalization benefits independent of the target pool size.

Win. Sel. AU Tune WAR F1

78.0 74.8
✓ 78.7 75.2

✓ 80.0 76.4
✓ ✓ 81.5 78.0

Table 5: Individual component analy-
sis on BioVid dataset.

Individual Component Analysis. As
shown in Table 5. We isolate the contri-
butions of minimum-entropy window se-
lection and AU prompt tuning. Starting
from the CLIP-AU baseline, window selec-
tion alone provides modest gains of 0.7%
WAR and 0.4% F1, while AU prompt tun-
ing yields larger improvements of 2.0%
WAR and 1.6% F1. Combining both compo-
nents achieves the best performance, improving the baseline by 3.5% and 3.2%
for WAR and F1 respectively. These results show that all the components were
significantly informative, while the AU prompt tuning is the main contributor
to guiding the adaptation process.

5 Conclusion

Our study highlights a key challenge in facial expression recognition by cap-
turing the individuality and variability of human emotional expression. While
existing CLIP-based ER models rely on generic text prompts or LLM-generated
descriptions to align visual features with emotion categories, they fail to model
the localized AU-level cues, and the diversity of subject-specific facial behaviors.
Motivated by this limitation, we introduced two approaches: CLIP-AU, which
integrates fine-grained AU-aware representations, and CLIP-AUTT, which adapts
AU prompts to each subject at test time. Our approach learns distinctive AU
activation patterns for each subject, enabling adaptive modeling of individual
expressive traits. For instance, pain may manifest through “eye tightening” and
“mouth opening” in some individuals, whereas others exhibit cues such as “cheek
raising” or “rapid eyelid closure.” By adapting AU semantics to each subject, our
method learns these personalized activation patterns without requiring subject-
level supervision, enabling robust and fine-grained emotion recognition.
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