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Abstract

Prompt learning has been widely adopted to efficiently
adapt vision-language models (VLMs) like CLIP for vari-
ous downstream tasks. Despite their success, current VLM-
based facial expression recognition (FER) methods struggle
to capture fine-grained textual-visual relationships, which
are essential for distinguishing subtle differences between
facial expressions. To address this challenge, we propose
a multimodal prompt alignment framework for FER, called
MPA-FER, that provides fine-grained semantic guidance to
the learning process of prompted visual features, resulting
in more precise and interpretable representations. Specifi-
cally, we introduce a multi-granularity hard prompt genera-
tion strategy that utilizes a large language model (LLM) like
ChatGPT to generate detailed descriptions for each facial
expression. The LLM-based external knowledge is injected
into the soft prompts by minimizing the feature discrepancy
between the soft prompts and the hard prompts. To preserve
the generalization abilities of the pretrained CLIP model,
our approach incorporates prototype-guided visual feature
alignment, ensuring that the prompted visual features from
the frozen image encoder align closely with class-specific
prototypes. Additionally, we propose a cross-modal global-
local alignment module that focuses on expression-relevant
facial features, further improving the alignment between
textual and visual features. Extensive experiments demon-
strate our framework outperforms state-of-the-art methods
on three FER benchmark datasets, while retaining the ben-
efits of the pretrained model and minimizing computational
costs.

1. Introduction

Facial expression is one of the most common and natu-
ral ways for people to convey different emotions. Under-
standing facial expressions has various emerging applica-
tions, such as human-robot interaction [38], psychology
study [33] and healthcare [5]. Previous facial expression
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Figure 1. (a) Conventional CLIP-based FER paradigm that adapts
the pretrained model by fine-tuning the image encoder, which may
lead to overfitting and diminished generalization. (b) Our pro-
posed multimodal prompt alignment approach for FER, where the
CLIP backbone remains frozen and learnable visual and textual
prompts are used to achieve fine-grained cross-modal alignment,
leveraging external language priors to enhance task-specific adap-
tation.

recognition (FER) methods have primarily been developed
for highly controlled environments [22, 32, 45] with consis-
tent lighting, neutral backgrounds, and limited head poses,
which may lack the robustness needed for real-world ap-
plications. Despite the progress made by deep learning ap-
proaches [18, 42], in-the-wild FER remains challenging due
to the subtle and nuanced differences among facial expres-
sions, varying lighting conditions, occlusions, and the pres-
ence of irrelevant background information.

Mainstream in-the-wild FER methods [14, 17, 21, 23,
34,35, 43] rely on Convolutional Neural Networks (CNNs)
[12] or Vision Transformers (ViTs) [8] to extract features
from facial images, using one-hot labels for supervision

12581



during training. These methods have shown impressive per-
formance, leveraging the power of deep networks to learn
hierarchical spatial features from images. However, a ma-
jor limitation of these approaches is their reliance on one-
hot labels, which treats each expression as a separate class
without explicitly integrating the semantic relationships be-
tween these classes. As a result, the lack of semantic guid-
ance hinders the model’s ability to generalize well, par-
ticularly when dealing with complex, real-world datasets
where facial expressions might not always align with clear-
cut class boundaries.

Advancements in vision-language models (VLMs) [2,
9, 11, 30], particularly CLIP [28], have demonstrated re-
markable success in bridging the semantic gap between vi-
sual and textual modalities. CLIP’s ability to learn pow-
erful visual representations from large-scale data, coupled
with its inherent generalization capabilities, has paved the
way for adapting such models to specialized tasks like
FER. Recent works have explored prompt learning strate-
gies [10, 37, 46, 51] that adapt pretrained VLMs to down-
stream tasks (such as FER [15, 16, 20, 36, 49]) by learning
task-specific textual prompts. However, these approaches
still struggle to capture the fine-grained visual features nec-
essary for accurate recognition. As shown in Fig. 1 (a), ex-
isting methods have the following limitations: integrating
manually crafted text templates (e.g., “a photo of [class]”)
is often too coarse to capture the fine-grained visual cues
that differentiate subtle facial expressions, and fine-tuning
the entire image encoder risks overfitting and diminishing
the generalization power of the pretrained model.

To overcome such limitations, we propose a novel multi-
modal prompt alignment framework for FER (MPA-FER)
that enhances the recognition performance by integrating
external knowledge and aligning multi-granularity visual
and textual representations, as shown in Fig. 1 (b). In
this work, our approach leverages large language mod-
els (LLMs), such as ChatGPT-3.5[1], to generate de-
tailed, class-specific descriptions that capture the critical vi-
sual patterns of facial expressions. These LLM-generated
descriptions form multi-granularity hard textual prompts,
which are then used to guide the learning of soft prompts.
By aligning soft prompts with hard prompts at both token-
level and prompt-level, our framework effectively incorpo-
rates external semantic knowledge into the adaptation pro-
cess.

Furthermore, to preserve the generalization ability of the
pretrained CLIP model while adapting it to the FER do-
main, we keep the CLIP model frozen and introduce a set
of visual prompts to each frozen encoder layer, adding only
negligible extra parameters. We employ class-specific pro-
totypes, computed from the frozen visual features of the
pretrained model, to steer the learning process and ensure
that the prompted visual features remain aligned with the

pretrained representation space. These prototypes act as
anchors that maintain the alignment of the visual features
with the true semantics of each class, thereby eliminating
the need to fine-tune the image encoder’s core parameters
and reducing the risk of overfitting. Additionally, a cross-
modal global-local alignment module is introduced to mini-
mize the impact of class-irrelevant background regions. Our
MPA-FER learns sparse, discriminative local features by
aligning soft textual prompts with a sparse subset of facial
regions, facilitating text-to-image matching that captures
fine-grained semantics. By selectively focusing on these lo-
cal features, we reduce noise from irrelevant regions and
improve the model’s ability to accurately distinguish subtle
facial expressions, enhancing both its robustness and per-
formance in the FER task.

Extensive experiments show that the proposed MPA-
FER significantly boosts the FER performance by effec-
tively integrating external semantic information and pre-
serving the robust generalization capabilities of the pre-
trained CLIP model. In summary, the main contributions
of this work are as follows:

* We are the first to explore the learning paradigm of using
a fully frozen CLIP model for FER, as opposed to the
fine-tuning approach that has been widely used in VLM-
based FER methods.

* We propose the multimodal prompt alignment framework
for FER that effectively incorporates external semantic
knowledge into the adaptation process by aligning soft
prompts with multi-granularity hard textual prompts.

* We develop a prototype-guided visual feature alignment
technique that regularizes the prompted visual features by
anchoring them to class-specific prototypes derived from
frozen CLIP features.

* Through extensive experiments on three in-the-wild FER
datasets, we demonstrate that our framework not only out-
performs state-of-the-art methods but also retains the gen-
eralization benefits of the pretrained CLIP model, while
operating at minimal computational overhead.

2. Related Work

Facial Expression Recognition Facial Expression
Recognition (FER) has been an active research area
for decades. Traditional FER methods largely rely on
handcrafted features, such as Local Binary Patterns (LBP)
[29] and Histogram of Oriented Gradients (HOG) [7],
to encode the geometry and texture changes in the face
induced by different expressions. However, these methods
often fail to generalize well in unconstrained, in-the-wild
settings where conditions such as lighting, occlusion, and
varying head poses present significant challenges. With
the rise of deep learning, CNNs and ViTs have become
the dominant approaches in FER, benefiting from their
ability to learn hierarchical features from large amounts
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of data [14, 17, 24, 40]. For instance, Li et al. [19]
used CNN-based attention mechanisms to focus on key
regions of interest based on facial landmarks. Zhao et al.
[47] developed a multi-scale attention network to capture
both global and local features, improving robustness to
occlusion and pose variations. Transformer-based methods,
such as Xue et al. [39] and Ma et al. [23], apply multi-head
self-attention to model relationships between different
facial regions, enabling more flexible feature extraction.
While these methods have shown impressive results, they
rely exclusively on visual features and one-hot labels,
which often suffer from issues like redundant feature
learning, overfitting, and a lack of interpretability.

Vision-Language Models Vision-Language Models
(VLMs), such as CLIP, have shown great success in
leveraging large-scale multimodal data to learn joint repre-
sentations of images and text. For example, CoOp [51] and
its variants [25, 31, 50] have used learnable prompt vectors
to improve task-specific adaptations of VLMs. However,
these methods often rely on generic textual prompts like
“a photo of [class]”, which lack the fine-grained detail
necessary for distinguishing subtle facial expressions. Sev-
eral prior studies have also introduced external knowledge
to prompt learning to enhance the quality of semantic
guidance [4, 6, 41]. For instance, Yao et al. [41] adopt the
prompt template “a photo of [class]” to guide the learning
of soft prompts at the global level. While these approaches
have shown promise, they often suffer from insufficient
knowledge and inadequate guidance. In the context of
VLMs for FER [16, 20, 44, 49], the focus is mainly on ex-
ploiting multimodal fusion techniques and textual prompts
to improve facial expression recognition. For example,
Zhou et al. [49] introduce expression class tokens with a
Conception-Appearance Tuner (CAT) to create trainable
appearance prompts, and enhance visual embeddings via
knowledge distillation from CLIP. Moreover, these VLM-
based FER methods often adopt the fine-tuning paradigm
for the pretrained CLIP image encoder to obtain better
expression-related features and recognition performance.
However, this fine-tuning paradigm increases training
costs and the risk of overfitting. A more ideal approach
should focus on improving the representation ability of the
frozen backbone while enhancing cross-modal interaction
as efficiently as possible. This principle underpins the
approach we adopt in this work.

3. Methodology

3.1. Overview

In this work, we adopt the pretrained CLIP model as the
vision-language foundation for FER, using a multimodal
prompt alignment framework to preserve both strong gener-

alization capability and high supervised performance. Our
proposed method enables the use of an existing image-
language pretrained model, eliminating the need to train one
from scratch or fine-tune the entire encoders. An overview
of the proposed MPA-FER is shown in Fig. 2. Our frame-
work effectively integrates external semantic knowledge
and aligns multi-granularity textual and visual representa-
tions to enhance FER performance.

At the core of our method, we use the prompt learning
scheme on both the text encoder and the image encoder.
On the text side, we model the context words using train-
able soft prompts, as opposed to handcrafting textual inputs
based on class labels. To guide the learning of soft prompts,
we use multi-granularity hard prompts, which consist of a
generic template, class category names, and class-specific
descriptions generated by a LLM. These detailed descrip-
tions capture the unique visual features of each facial ex-
pression and provide task-specific semantic guidance.

On the vision side, we introduce a set of visual prompts
into the output feature sequence from each encoder layer,
learning face-specific context vectors. To ensure that the
prompted visual features remain aligned with the pretrained
representation space, we utilize frozen prototypes derived
from the pretrained CLIP model. These class-specific pro-
totypes act as anchors, ensuring that the prompted visual
features keep consistent with the true semantics of each
class. Additionally, our framework incorporates a cross-
modal global-local alignment module to align the repre-
sentations of soft textual prompts with the prompted visual
features at both global and local levels. At the local level,
we compute sparse cross-modal similarities to focus on the
most relevant facial regions (such as the eyes, mouth, and
brows), while filtering out irrelevant features from the back-
ground.

3.2. Fine-grained Prompt Generation

Although existing prompt-tuning schemes [15, 50, 51] can
effectively adapt the pretrained CLIP model to downstream
tasks, they often fail to capture the fine-grained visual fea-
tures across different facial expressions, leading to under-
performance compared to state-of-the-art FER methods.
To address this limitation, we propose leveraging external
knowledge as language priors and enhancing soft prompting
by integrating multi-granularity hard prompts. The pipeline
of our framework is illustrated in Fig. 2. To explicitly incor-
porate external knowledge into the soft prompting process,
we use a large language model (LLM), such as ChatGPT-
3.5, to generate detailed and comprehensive descriptions for
each facial expression category. Specifically, we design a
query to prompt the LLM: “What are the most useful visual
features to distinguish the facial expression of [class]?”.
In response, the LLM generates descriptions in the format:
“The most useful visual features for distinguishing the fa-
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Figure 2. An overview of our proposed multimodal prompt alignment framework, MPA-FER. The multi-granularity hard prompts consist
of a generic template, category names, and LLM-generated class-specific descriptions. These hard prompts and frozen prototypes guide the
learning of soft prompts and prompted visual features, respectively. The textual features of the soft prompts are aligned with the prompted
visual features at both global and local levels, where sparse cross-modal similarities are computed to filter out class-irrelevant local features.

cial expression of [class] include: ...”. We then construct
class-specific, multi-granularity hard prompts by combin-
ing a generic text template with the facial expression name
and the corresponding LLM-generated descriptions. This
multi-granularity design ensures that both coarse-grained
and fine-grained semantics are effectively integrated, fur-
ther enhancing the adaptability and performance of our pro-
posed framework.

3.3. Soft-hard Prompt Alignment

Previous prompt-tuning methods primarily focus on align-
ing visual-textual semantics and capturing cross-modal in-
teractions via contrastive learning. In contrast, we addition-
ally model text-text interactions and enhance soft prompt
learning by integrating multi-granularity hard prompts
through a soft-hard prompt alignment mechanism. Since
the hard prompts contain fine-grained facial expression de-
scriptions, this alignment explicitly injects external knowl-
edge into the soft prompts by minimizing the discrepancy
between the soft and hard prompts.

Soft prompts consist of a small set of learnable pa-
rameters that are prone to overfitting on downstream tasks
[6, 27]. To address this, we leverage the LLM-based hard
prompts to regularize the soft prompts, encouraging them to
remain close in the embedding space to the hard prompts.
Specifically, for each class, the generated hard prompts are
passed through the tokenizer to get token embeddings for
each word in the hard prompt. Given the token embeddings

of the soft prompts and the multi-granularity hard prompts,
t. and t, we first align them at the token level via con-
trastive learning. Under the guidance of the hard prompts,
the soft prompts are trained so that they can be correctly
classified in the embedding space according to the class
weights provided by the hard prompts. Consequently, the
probability distribution of the soft prompt embeddings £,

over the class labels is defined as

, £y exp(sim(tda tZ)/T) ,
(yd| d) Zle exp(sim(tca t;)/T)

(D

where y4 denotes the binary label of class d, sim(-) repre-
sents the cosine similarity, C' denotes the number of facial
expressions, and 7 is a temperature parameter. Finally, the
token-level alignment loss L, can be optimized by mini-
mizing the cross entropy loss:

C
Lia == yelog P(yelta). )

c=1

Furthermore, the discrepancy between learnable knowl-
edge and LLM-based knowledge can be measured by the
distance between the corresponding textual embeddings.
The textual embeddings of the hard prompts and the soft
prompts generated by the text encoder, 6, can be denoted as
6(t;) and 6(t,), respectively. To apply the soft-hard prompt

12584



alignment at the prompt level, we formulate it as follows:
exp(sim(6(ta), 0(t3))/7)

S exp(sim(6(t.), 0(t)) /1)’
C

£pa = - Zyc IOg P(yc‘e(td))’

c=1

P(yal0(ta)) =

where L,, represents the prompt-level alignment loss.
Thus, the soft-hard textual prompt alignment loss £; can
be computed as the sum of £, and L;,:

Et = £ta + ‘Cpa (4)

Eq. (4) ensures that both token-level and prompt-level tex-
tual alignment are effectively optimized.

3.4. Prototype-guided Visual Feature Alignment

To better retain the general representation of the pretrained
image encoder, we introduce the prompt learning scheme
into the image encoder that keeps the pretrained model
frozen. For prompting on the image encoder, we have
two major objectives: 1) Providing additional parameters
to adapt the CLIP image representations towards the FER
dataset distribution, and 2) ensuring the prompted visual
features align well with the pretrained CLIP features to ad-
dress the prompt overfitting problem for better generaliza-
tion.

In this regard, we introduce a set of visual prompts,
which requires minimal additional parameters to train, into
the image encoder ¢ that learns face-specific context vec-
tors. The prompt tokens are randomly initialized learnable
vectors, and they are designed to provide additional learning
capacity to adapt the pretrained model to the FER dataset
distribution. Specifically, the prompt tokens {pﬁ}fvzpl at [-th
layer are appended to the visual token sequence z!~! before
applying the frozen pretrained encoder layer:

)= al# )= 128 K ©)

where IV, and K are the number of visual prompts and the
depth of the image encoder ¢, respectively. During train-
ing, the visual prompts act as contextual modifiers to inter-
act with these pretrained visual feature tokens. Finally, the
prompted visual features z¢ are utilized to learn a common
feature space with textual labels.

To retain the generalized knowledge of CLIP features
and further optimize the visual prompts more explicitly, we
impose the regularization constraint on the prompted vi-
sual features and the CLIP visual prototypes. For the pre-
trained CLIP visual encoder, we define the prototypes p as
the mean of the frozen feature representations from the sub-

set of training dataset Dyyqin = {(24, yi)}fvzt{”” for each

class c: 1
pe = > 2, 6)

c
Nsubset (x4,y:)€DC

subset

where Dy pser denotes a subset of Dyrain, NS, pser TEPTE-
sents the number of samples belonging to class ¢ in Dy pset-
z9 denotes the global classification token from the output
sequence of the final image encoder layer. The channel axis
in 29 is omitted for simplicity.

Therefore, we can explicitly condition the prompted vi-
sual features to be close to their corresponding prototype as
follows,

C  Ntrain

Lo=2>" > Ty=gM(,po), (M
c=1 i

where M denotes the matching losses (such as L1 loss
and cosine similarity) to measure the distance between the
prompted classification token and its corresponding pro-
totype. Since we do not introduce any trainable param-
eters for generating the frozen prototypes, the prototype-
guided visual feature alignment not only regularizes the vi-
sual prompts to enhance generalization but also operates
with minimal computational overhead.

3.5. Cross-modal Global-local Alignment

Different facial expressions are reflected in specific regions
of the face, such as the eyes, mouth, and brow, while other
areas, like the background, contribute little to the expres-
sion. To better model the relationship between textual rep-
resentations and visual features, it is essential to focus on
these expression-relevant local regions, rather than simply
averaging similarities across all spatial locations. To this
end, we propose a cross-modal global-local alignment mod-
ule to align soft textual prompts and prompted visual fea-
tures. Specifically, the global visual representation z9 and a
set of local visual features Z! = {zﬁ}f\’:l , are used to align
with the textual representation 6(t;). We further utilize the
sparse local similarity to learn sparse discriminative local
features, where only local features semantically related to
the class are kept to perform classification:

1
simiop—k(Z',0(ta)) = - D Liop-i(8) - {1,6(ta)), B
=1

i (2!
Trop—1(i) = {1’ if ranki (2}, 8(t)) <k, o

0, otherwise,

where I, () denotes the indicator function for selecting
the top-k local features with the highest similarities with
the textual representation, and /N; is the number of local
features. This selective focus reduces noise from irrelevant
regions and ensures that the learning process emphasizes
the facial features that are most indicative of the expres-
sion, thereby improving the accuracy and robustness of the
model. The combination of global similarities and sparse
local similarities produces the output logits:

logits = sim(z9,0(tq))) + simiop_r(Z',0(ta)). (10)
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Method | RAF-DB  AffectNet-7

Baseline CoOp [51] 86.15 62.27

+ Visual Prompts 88.47 (+2.32)  63.90 (+1.63)
+ Prototype-guided Align. 89.42 (+0.95) 65.02 (+1.12)

+ Soft-hard Prompt Align. | 91.18 (+1.76)  66.58 (+1.56)
+ Cross-modal Align. 92.51 (+1.33) 67.85 (+1.27)

Table 1. Ablation study on the contribution of individual compo-
nents in our MPA-FER framework for FER.

Thus, the cross-modal alignment can be optimized using
cross-entropy loss by minimizing the discrepancy between
the predicted results and the ground truth:

L:v,t = CE(lOg’LtSa yd)v (11)

where £,,_; denotes the image-text alignment loss, and C'E
is the stand cross entropy loss.

Combining the textual prompt alignment loss in Eq. (4),
the visual feature alignment loss in Eq. (7), the cross-modal
alignment loss in Eq. (10), our method optimize the text
prompts and the visual prompts by minimizing the follow-
ing total loss:

Liotal = Los + 5 x Ly + X Ly, (12)

where (3, v are hyper-parameters to balance the losses.

4. Experiments Settings

Datasets i) RAF-DB [17]: consists of 29,672 real-world
facial images collected from the internet. Each image is
annotated by 40 annotators with basic expressions or com-
pound emotions. For our experiments, we focus on the
common expression labels, which include 12,271 training
samples and 3,068 testing samples. ii) FERPlus [3]: is an
extended version of FER2013, containing 28,709 training
images, 3,589 validation images, and 3,589 testing images.
Each image in FERPlus is annotated by 10 workers across
eight expression categories. For fairness, we use majority
voting to generate the final labels. iii) AffectNet [26]: con-
tains over one million facial images gathered from the in-
ternet. Previous studies have focused on AffectNet with ei-
ther 7 or 8 facial expression categories. We refer to these
versions as AffectNet-7 and AffectNet-8, respectively. For
our experiments, we use approximately 280,000 images for
training, along with 3,500 validation images for AffectNet-
7 and 4,000 validation images for AffectNet-8.

Implementation Details In our experiments, both the text
and image encoders remain frozen, with their weights di-
rectly inherited from the pretrained CLIP models (ViT-B/16
or ViT-L/14). The visual prompts and soft textual prompts
are randomly initialized from a Gaussian distribution with a

Textual Prompt Configuration ‘ RAF-DB FERPlus

CoOp + (1) 86.15 87.48
CoOp +(2) 86.59 88.01
CoOp + (3) 87.26 88.30
CoOp + (1) + Soft-hard Prompt Align. 87.56 88.88
CoOp + (2) + Soft-hard Prompt Align. 87.81 89.21
CoOp + (3) + Soft-hard Prompt Align. 88.69 89.76
MPA-FER + (1) 89.60 88.77
MPA-FER + (2) 90.48 88.94
MPA-FER + (3) 91.01 89.69
MPA-FER + (1) + Soft-hard Prompt Align. 91.05 90.17
MPA-FER + (2) + Soft-hard Prompt Align. 91.87 90.43
MPA-FER + (3) + Soft-hard Prompt Align. 92.51 91.15

Table 2. Ablation study on different textual prompt configurations
and the effect of soft-hard prompt alignment.

zero mean and 0.02 std. The visual prompt number V,, and
the textual prompt number are set to 8 and 10, respectively.
The training epochs are 120 for RAF-DB and FERPlus, 20
for AffectNet with a batch size of 32. We use SGD opti-
mizer with a learning rate of 0.032 and adopt a cosine de-
cay strategy for the learning rate. During the training pro-
cess, all images are resized to 224 x 224 pixels, and sev-
eral standard data augmentation techniques, such as random
cropping and erasing, are employed on the training images.
The hyper-parameter %k used for local features selection in
Eq. (9) is set to 16. In Eq. (12), we experimentally choose
suitable loss balancing factors as § = v = 1. We imple-
ment our method with the PyTorch framework and train the
models on one NVIDIA V100 GPU with 32GB RAM.

4.1. Ablation Study

Effect of Different Model Components. In our ablation
study (see Tab. 1), we systematically evaluate the impact
of each key component in our MPA-FER framework for
FER. Starting with a baseline model that employs a frozen
CLIP image encoder trained solely with contrastive loss,
we first introduce the visual prompts, which improved ac-
curacy by 2.32% on RAF-DB and 1.63% on AffectNet-7.
Next, adding the prototype-guided visual alignment mod-
ule yields further gains of 0.95% and 1.12%, respectively.
The subsequent integration of soft-hard prompt alignment
results in additional improvements of 1.76% on RAF-DB
and 1.56% on AffectNet-7, while the final inclusion of
the cross-modal alignment module achieves the best over-
all performance with further enhancements of 1.33% and
1.27%. These results demonstrate that each component con-
tributes meaningfully to performance, validating the effec-
tiveness of our multimodal prompt alignment strategy for
FER.

Effect of Different Textual Prompts. We further eval-
uate the impact of various textual prompt configurations
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Figure 3. The attention visualization of CoOp, MPA-FER without
soft-hard prompt alignment (SPA) and our MPA-FER. We obtain
these visualizations by backpropagating gradients on the input im-
ages. The first row displays the input images, while the second row
shows the attention maps from CoOp, which only fine-tunes lan-
guage prompts but is relatively sensitive to background features.
The third row illustrates the attention maps from our MPA-FER
without SPA, where the introduction of visual prompts begins to
shift the focus towards expression-relevant features. The last row
presents the results of our MPA-FER, which further emphasizes
discriminative local facial regions and significantly reduces the in-
fluence of irrelevant background areas.

on the performance of our proposed MPA-FER frame-
work. In our experiments, we consider three types of hard
prompts: (1) the conventional prompt “a photo of [class]”,
(2) a more semantically enriched prompt “a photo of a per-
son making a facial expression of [class]”, and (3) an aug-
mented prompt “a photo of a person making a facial ex-
pression of [class], [LLM-based descriptions]”, where the
LLM-based descriptions provide detailed, class-specific vi-
sual cues. As shown in Tab. 2, both the baseline CoOp and
our MPA-FER framework benefit from improved prompt
configurations, with performance increasing from config-
uration (1) to (3) on both RAF-DB and FERPlus. Fur-
thermore, incorporating soft-hard prompt alignment con-
sistently enhances accuracy across all configurations. For
example, our MPA-FER framework with configuration (3)
and soft-hard prompt alignment achieves the highest ac-
curacy of 92.51% on RAF-DB and 91.15% on FERPlus.
These results demonstrate that explicitly incorporating the
hard prompts with class-specific descriptions significantly
improves semantic guidance, thereby enhancing overall per-
formance. We also visualize the attention maps produced
by different models (i.e., the baseline CoOp, our MPA-FER
without SPA, and the MPA-FER) in Fig. 3 for an intuitive
visual comparison.

Effect of Varying Training Data for Class-wise Proto-
types. We conduct an ablation study by varying the num-
ber of training images per class used for generating class-
wise prototypes from the training dataset. The experimen-

Number | 1 4 16 32 64  Full

FERPlus 89.87 90.20 90.48 90.75 91.11 91.15
AffectNet-8 | 61.41 61.68 62.10 6259 62.77 62.80

Table 3. Ablation study on the varying amounts of training images
per class for generating class-wise prototypes. (“Full” indicates
the utilization of the entire training dataset.)

Backbone ‘ Parameters (MB) RAF-DB AffectNet-7 AffectNet-§ FERPlus

ViT-B/16 0.218 9251 67.85 62.80 9L.15
ViT-L/14 0.443 93.74 68.89 63.74 91.81

Table 4. Effectiveness of our proposed method with different CLIP
backbone networks. We only count the number of parameters that
require gradient updates.

tal results in Tab. 3 demonstrate that increasing the number
of training images per class for generating class-wise proto-
types consistently improves performance on both datasets.
For example, on the FERPlus dataset, accuracy increases
from 89.87% with a single image per class to 91.15% when
using the full training set. These results indicate that us-
ing more training samples helps to capture more robust and
representative class-specific features, although the improve-
ments tend to plateau as the number of samples approaches
the full dataset. In Fig. 4, we visualize the t-SNE embed-
dings of the learned feature representations from three vari-
ants of our proposed framework. As can be observed, the
full model yields more distinct and tightly clustered fea-
tures, highlighting the critical contributions of both compo-
nents in enhancing the discriminative power of the learned
representations for FER.

Effect of Working with Different CLIP Backbones.
Tab. 4 shows the effectiveness of our proposed method us-
ing two different CLIP backbone networks: ViT-B/16 and
ViT-L/14. With ViT-B/16, our model achieves 92.51% on
RAF-DB, 67.85% on AffectNet-7, 62.80% on AffectNet-8,
and 91.15% on FERPIlus, with a total of 0.218 MB learn-
able parameters. When using the larger ViT-L/14 back-
bone, which requires only a modest increase in learnable
parameters (0.443 MB), the performance improves consis-
tently across all datasets (93.74% on RAF-DB, 68.89% on
AffectNet-7, 63.74% on AffectNet-8, and 91.81% on FER-
Plus). These results demonstrate that our method scales
well with larger CLIP backbones, yielding enhanced accu-
racy while maintaining a minimal increase in model com-
plexity.

4.2. Comparison with the State-of-the-Arts

Tab. 5 and Tab. 6 present comprehensive comparisons of our
proposed MPA-FER with state-of-the-art methods across
multiple FER datasets. In Tab. 5, our method achieves
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Figure 4. t-SNE visualizations of the learned feature representations of the test set of RAF-DB. Subfigure (a) illustrates the results when
the CLIP image encoder is used without any visual prompts, while subfigure (b) shows the feature distribution when the prototype-guided
alignment module is omitted. Subfigure (c) presents the embeddings from our complete MPA-FER.

Method | Publication | RAF-DB FERPlus Method | Publication | AffectNet-7 ~AffectNet-8
CNN-based FER SCN [34] CVPR 2020 63.40 60.23
RAN[35] TIP 2020 86.90 88.55 MA-Net[47] TIP 2021 64.53 60.29
KTN[14] TIP 2021 88.07 90.49 VTFF[23] TAFFC 2021 64.80 61.85
MA-Net[47] TIP 2021 88.40 - MVT [13] arXiv 2021 64.57 61.40
Transformer-based FER POSTER([48] ICCV 2023 67.31 63.34
VTFF[23] TAFFC 2021 88.14 88.81 CLEF [44] ICCV 2023 65.66 62.77
TransFER[39] ICCV 2021 90.91 90.83 CLIPER [15] ICME 2024 66.29 61.98
APVIT[40] TAFFC 2022 | 91.98 90.86 CEPrompt [49] | TCSVT 2024 67.29 62.74
TAN[24] TAFFC 2023 | 89.12 90.67 Our MPA-FER | ICCV 2025 68.89 63.74
CLIP-based FER

CLEF [44] ICCV2023 90.09 89.74 Table 6. Comparison with state-of-the-art methods on AffectNet-7
CLIPER [15] ICME 2024 91.61 - and AffectNet-8.

FER-former[20] TMM 2024 91.30 90.96

E2NTJ[16] arXiv 2024 92.63 91.18

CEPrompt [49] TCSVT 2024 92.43 - mentary Material.

Our MPA-FER ICCV 2025 93.74 91.81

Table 5. Comparison with state-of-the-art methods on RAF-DB
and FERPlus.

93.74% on RAF-DB and 91.81% on FERPlus, outperform-
ing traditional CNN-based approaches (e.g., RAN, KTN),
recent Transformer-based methods (e.g., VTFF, TransFER,
APVIT, TAN), as well as existing CLIP-based methods
(e.g., CLEF, CLIPER, FER-former, E2NT, CEPrompt).
These results underscore the effectiveness of our multi-
modal prompt alignment framework, which leverages ex-
ternal semantic knowledge to enhance visual-textual repre-
sentation without fine-tuning the pretrained CLIP model.
Similarly, Tab. 6 demonstrates that our MPA-FER con-
sistently outperforms other methods on AffectNet-7 and
AffectNet-8. Our approach achieves 68.89% on AffectNet-
7 and 63.74% on AffectNet-8, thereby confirming its ro-
bustness and generalizability under challenging, in-the-wild
conditions. Overall, these comparisons validate that MPA-
FER not only improves performance over traditional and re-
cent deep learning-based FER methods but also sets a new
state-of-the-art in the field by efficiently leveraging multi-
modal information. See more experiments in the Supple-

5. Conclusion

In this paper, we introduce the multimodal prompt align-
ment framework for facial expression recognition (MPA-
FER) that leverages external semantic knowledge with-
out requiring extensive fine-tuning of the pretrained CLIP
model. By incorporating LLM-based hard prompts and
aligning them with trainable soft prompts, our approach
captures fine-grained facial cues to enhance visual-textual
representation learning. Additionally, our prototype-guided
feature alignment and cross-modal alignment modules en-
sure that the prompted visual features remain robust and dis-
criminative by focusing on the most expression-relevant re-
gions while suppressing irrelevant background information.
Extensive experiments on in-the-wild FER datasets demon-
strate that MPA-FER outperforms state-of-the-art methods,
achieving superior accuracy with adding few learnable pa-
rameters. The ablation studies further validate the contribu-
tions of each component within our framework, highlight-
ing its effectiveness and efficiency. Future work will ex-
plore further integration of multimodal cues and the exten-
sion of our framework to other fine-grained visual recogni-
tion tasks.
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