
3410 IEEE SIGNAL PROCESSING LETTERS, VOL. 32, 2025

Prompt-Based Cross-Modal Feature Alignment for
Weakly Supervised IFER

Hanqin Shi , Xiaofeng Kang, Jiaxiang Wang , Aihua Zheng , and Wenjuan Cheng

Abstract—Infrared Facial Expression Recognition (IFER) en-
counters challenges in data acquisition and annotation under low-
light conditions, making fully supervised training difficult. Al-
though pre-trained Vision-Language Models (VLMs) can enhance
generalization for downstream tasks, their insufficient attention
modeling in cross-domain scenarios leads to ineffective local seman-
tic correlation. To address this, we propose a Prompt-based Cross-
modal feature Alignment (PCA) method that improves weakly
supervised IFER performance by leveraging RGB facial expression
data. The PCA framework comprises two key components: (1)
a Cross-modal Prompt Transfer (CPT) strategy that integrates
category-specific information to distinguish expressions, and (2)
an Image-Guided Alignment (IGA) module that achieves feature
alignment using dual-domain feature banks. Experimental results
on two benchmark datasets demonstrate that our method signif-
icantly outperforms current state-of-the-art approaches, confirm-
ing its effectiveness and superiority.

Index Terms—Cross-modal prompt transfer (IFER), image-
guided alignment, infrared facial expression recognition.

I. INTRODUCTION

FACIAL Expression Recognition (FER) infers psychologi-
cal states by analyzing changes in facial features and has

broad applications in human-computer interaction [1], security
surveillance [2], healthcare [3], education [4], and customer
service [5]. Current research primarily focuses on emotion
recognition in visible light environments [3], [6], [7], while
studies on IFER under low-light or adverse weather conditions
(e.g., darkness or fog) remain limited. Due to challenges in
data collection and annotation, high-quality labeled datasets
are scarce, which restricts the ability of models to interpret
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emotional states. To address these challenges, we adopt partial
labels for a study on weakly supervised IFER.

Traditional FER primarily focuses on facial expression fea-
ture extraction, where deep learning methods are crucial. For
instance, Li et al. [8] proposed an attention-based convolutional
neural network to identify and emphasize unoccluded facial
regions. Xie et al. [9] integrated a region attention mechanism
into the convolutional neural network architecture to enhance the
focus on local features. Similarly, Wang developed a region at-
tention network to prioritize key facial regions, addressing chal-
lenges such as occlusion and gesture variations. Zeng et al. [10]
introduced the Meta-Face2Exp framework, which combines
prior knowledge of facial expressions with pseudo-label
optimization to improve single-domain FER performance.

Large-scale visual language models (VLMs) have recently
demonstrated remarkable generalization performance across
various downstream tasks. Models such as CLIP [11] excel in
cross-modal semantic alignment, enabling them to associate
semantic features effectively and enhance the generalization
capabilities of both unsupervised and weakly supervised models.
Fine-tuning these VLMs allows for improved adaptation to
various downstream tasks. Prompt tuning has gained significant
attention as a prominent fine-tuning technique, exemplified by
methods such as CoOp [12] and MaPLe [13]. CoOp employs
soft prompts to learn optimal textual representations, while
MaPLe advances this approach by incorporating both visual
and verbal prompts, ensuring synergy between modalities. Com-
pared to CLIP, MaPLe demonstrates superior domain alignment,
as evidenced by its lower KL divergence and MMD values,
which indicate that prompt tuning can help mitigate domain
discrepancy. Although prompt adaptation enhances the recog-
nition capabilities of large models, existing methods struggle
to sufficiently attend to sample features under weak supervi-
sion [14], [15]. Optimal transport theory [16] demonstrates
that cross-domain feature alignment can effectively reinforce
feature mining, thereby improving representation learning for
weakly supervised samples [17]. This necessitates an in-depth
investigation of cross-domain prompt arrangement strategies to
advance performance in weakly supervised IFER recognition.

This paper proposes a novel Prompt-based Cross-modal Fea-
ture Alignment (PCA) method, which enhances weakly super-
vised infrared facial expression recognition performance by
aligning cross-modal facial emotion features. The framework
consists of two core components: a Cross-modal Prompt Trans-
fer (CPT) strategy and an Image-Guided Alignment (IGA) mod-
ule. First, a vision transformer is employed to extract low-level
feature embeddings. Then, the CPT strategy integrates category-
specific information into prompts to enhance domain-transferred
emotion feature representations. Finally, the IGA module
leverages CLIP’s vision-language capabilities for cross-modal
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Fig. 1. The PCA method overview involves two core components. The CPT strategy facilitates the transfer of emotional features across domains by incorporating
category-specific information as prompts to precisely define various expression features. In addition, the IGA module leverages the visual language features of the
CLIP model to bridge the gap between the visible and infrared image feature banks, thereby achieving cross-modal feature alignment.

association learning, connecting visible and infrared emotion
feature spaces, thereby significantly improving weakly super-
vised IFER performance. The main contributions of this study
are as follows:
� We propose a CPT strategy, which incorporates category-

specific information to explicitly distinguish expression
categories, thereby enhancing cross-domain transfer of
emotional features.

� We design an IGA module that leverages the vision-
language capabilities of CLIP to establish cross-modal
connections between visible and infrared feature spaces.

� Experiments on NVIE [18] (thermal infrared data, denoted
asNE) and Oulu-CASIA [19] (near-infrared and dark data,
denoted asONI andODark) demonstrate that the proposed
method achieves state-of-the-art (SOTA) performance in
weakly supervised IFER tasks.

II. METHOD

A. Overview of Infrared Facial Expression Recognition

This paper addresses the challenge of weakly supervised IFER
by leveraging fully labeled visible images ((xs

i , y
s
i )

ns

i=1 ∼ Ds)
in the source domain and a limited number of labeled infrared
images ((xt

i, y
t
i)

nt

i=1 ∼ Dt) in the target domain. Both domains
share the same set of expression labels (ysi , y

t
i ), which denotes

the hot ground truth of {1, 2, . . ., C}, where C denotes the
total number of categories. The traditional IFER framework
comprises a feature extractor F and a linear classification head.
However, the limited availability of labeled infrared data ne-
cessitates the development of more efficient solutions. Lever-
aging the strong generalization capabilities of the pre-trained
CLIP [11], we propose a prompt-based cross-modal feature
alignment method (as shown in Fig. 1), which fine-tunes CLIP
by incorporating prompts into visual and textual inputs, thereby
enhancing the generalization performance of IFER. The training
pseudo-code is shown in Algorithm 1.

B. Cross-Modal Prompt Transfer Strategy

The significant heterogeneity between visible and infrared
images poses a challenge for the ViT-based CLIP model to di-
rectly learn cross-modal prompts [20], as it cannot dynamically

adjust and align the representation spaces required for IFER.
To address this, we introduce textual descriptions of emotion
categories as intermediate features, connecting the visual and
language branches through a cross-modal prompt transfer net-
work, thereby enhancing the consistency of cross-modal visual
feature representations.

The proposed network architecture consists of two image en-
coders and one text encoder. In the image encoder, we integrate
learnable visual prompts into the visual branch of the CLIP
model. The input imagex ∈ R3×H×W is divided intoM patches
xm, which are assigned to patch embeddings E0 ∈ RM×dv .
Simultaneously, we define a set of k learnable prompt vectors
P = {pi ∈ Rdv}ki=1. The patch embeddingsEl, prompt vectors,
and a learnable class token tl are jointly fed into the (l + 1)-th
transformer block of the visual branch and processed through L
consecutive layers, as follows:

[tl, El, _] = Fl([tl−1, El−1, Pl−1]) l = 1, 2, . . ., J, (1)

[tl, El, Pl] = Fl([tl−1, El−1, Pl−1]) l = J + 1, . . ., L, (2)

where [tl, El, Pl] is embedded in the spaceR(1+M+k)×dv . These
feature vectors, along with the learnable prompt set P , are
processed through the layers F of the image encoder up to the
J-th layer. Each layer Fl consists of a multi-head self-attention
mechanism and a feed-forward neural network, both enhanced
by layer normalization [21] and residual connections [22]. The
IPro extracts the image feature xv from the top-layer class
token embedding tL, calculated as follows:

xv = IPro([tL]). (3)

To integrate prompt information into the language context, the
text branch of the CLIP model introduces k learnable prompt
vectors Q = {qi ∈ Rdw}ki=1, which are randomly initialized
via a normal distribution. The text encoder combines Q with
the initial word embedding vectors W0 = [w1

0, w
2
0, . . ., w

N
0 ] ∈

RN×dw to form a new sequence [Q,W0], which is then fed into
the (l + 1)-th transformer module Gl+1 of the text branch for
detailed analysis, as follows:

[_,Wl] = Gl([Ql−1,Wl−1]) l = 1, 2, . . ., J, (4)

[Ql,Wl] = Gl([Ql−1,Wl−1]) l = J + 1, . . ., L. (5)
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To obtain the final textual representation o, we use the TPro
model to map the L-layer output WL of GL, thus projecting the
text embedding into the aligning embedding space.

o = TPro([WL]). (6)

Initial textual prompts are randomly generated from a normal
distribution, while visual prompt P is generated through a
vision-language linear transformation mapping function T (.),
denoted as Pk = Tk(Qk). In the IFER task, manually crafted
text prompts construct an expression mapping with category
labels y ∈ {1, 2, . . ., C}. The predicted label y is determined by
identifying the label with the highest cosine similarity to the
image x. Finally, the vision-prompt-based network is trained on
the image dataset (xi, yi)

ns/nt

i=1 by minimizing the cross-entropy
loss, as described below:

p(y|xv) =
exp(sim(xv, oy))

ΣC
i=1exp(sim(xv, oi))

, (7)

Lcls = E(xi,yi)∼{Ds/Dt}

⎛
⎝∑

y

(−yilogp(y|xv))

⎞
⎠ . (8)

C. Image-Guided Alignment Module

The IGA module narrows the visible-infrared modal gap by
aligning the dual domain feature bank. First, CLIP identifies
the highest-probability emotion representations, with top-N(5)
visual features selected per category for bank construction. The
source domain feature bank has C categories, each with N
samples; the target domains have few samples per category.
Central features are then computed for each category to form
the source (xsc) and target (xtc) domain feature banks. Finally,
the IGA module uses these feature banks for cross-domain
feature alignment. A three-layer shared MLP fpr is employed to
transform the image features xs/t, xsc, and xtc into query, key,
and value vectors. The transformation is as follows:

[Qi,Ki, Vi] = fpr(xi) i ∈ {s/t, sc, tc}, (9)

we then obtain the enhanced feature xai with the help of another
weight-sharing projector fpo, as described below:

xai = fpo(softmax

(
Qs/tK

T
i

ε

)
Vi) i ∈ {sc, tc}, (10)

where εdenotes the scaling factor, andT represents the transpose
operation. The adjusted visual features xi are combined with the
original features and normalized to obtain new features xa′i, i ∈{sc, tc}. By summing xa′sc + xa′tc, the alignment features x′
for dual-domain images are obtained. Finally, the cross-domain
alignment image dataset (x′

i, yi)
ns/nt

i=1 is used to train the image
alignment network by minimizing contrastive loss, as defined
below:

p(y|x′) =
exp(sim(x′, oy))

ΣC
i=1exp(sim(x′, oi))

, (11)

Liga = E(xi,yi)∼{Ds/Dt}

⎡
⎣∑

y

(−yilogp(y|x′))

⎤
⎦ , (12)

we combine the cross-entropy loss from (8) with the image-
guided contrastive loss defined in (12), λ1 and λ2 to composite

Algorithm 1: Learning Process of PCA Method.

Input: Multi-modal training data xs, xt, W .
Parameter: Learnable tokens tl, two image encoder IPro,
a text encoder TPro and Prompt vectors (P, Q).

Output: The final loss Lfinal.
1: Initialize IPro, TPro from the pre-trained CLIP.
2: for n in [1, epochs] do
3: // Learning patch embeddings (E, W), prompt

vectors (P, Q), and class token (t).
4: [tl, El, Pl] = Fl([tl−1, El−1, Pl−1]), (2)
5: [Ql,Wl] = Gl([Ql−1,Wl−1]), (5)
6: for i in [1, iterations] do
7: // Sample a batch samples from xs

i , xt
i.

8: xv = IPro([tL]), (3)
9: o = TPro([WL]), (6)

10: // Cross-domain transfer.
11: p(y|xv) =

exp(sim(xv,oy))

ΣC
i=1exp(sim(xv,oi))

, (7)

12: // Cross-domain alignment.

13: p(y|x′) = exp(sim(x′,oy))
ΣC

i=1exp(sim(x′,oi))
(11)

14: Calculate features for cross-domain alignment via
(9) and (10).

15: end for
16: end for

to obtain total loss:

Lfinal = λ1Lcls + λ2Liga (13)

III. EXPERIMENTS

A. Implementation Details

This paper is implemented using the PyTorch framework and
accelerated with a Tesla V100 32 GB GPU. Based on the pre-
trained ViT-B/16 model, the CLIP architecture is the baseline.
The proposed PCA method consists of two key components:
(1) a cross-modal prompt transfer strategy, the core mechanism
of which lies in prompt sequence design that directly governs
parameter efficiency, with empirical validation confirming that
the dual prompt configuration delivers optimal performance;
(2) an Image-Guided Alignment module requiring a few MLPs
for training. Consequently, our approach achieves significant
parameter reduction compared to conventional methods that re-
quire full-parameter training. The experimental settings include
a batch size of 32, an initial learning rate of 0.003, and the SGD
optimiser (momentum = 0.9, weight decay = 0.0005) for 30
training epochs. The tradeoff parameters λ1 and λ2 are set to
0.5, indicating the equal importance of the two modules.

B. Comparison to the State-of-The-Arts

To validate the effectiveness of our PCA approach, we conduct
comparative experiments with several established FER tech-
niques using two infrared and dark FER datasets, as shown in
Table I. Results demonstrate that traditional FER techniques
exhibit limited effectiveness for cross-domain transfer learning
due to the large differences between domains. Methods such
as LA [32] and AGLRLS [33] require extensive source data
and precise landmarks, respectively, which existing datasets
cannot satisfy, leading to suboptimal performance. Our proposed
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TABLE I
COMPARISON OF DIFFERENT SOTA ALGORITHMS ON THE IFER TASK. #
DENOTES THE RESULTS OBTAINED THROUGH ALGORITHM RETRAINING

TABLE II
COMPONENT ABLATION EXPERIMENTS WITH THE PCA METHOD

PCA method addresses these limitations, achieving superior
performance on both datasets. Notably, our model significantly
outperforms the PDF [29] method due to better cross-domain
alignment, even though the PDF method is specifically opti-
mized for IFER. Furthermore, the ViT [20] demonstrates higher
accuracy than ResNet [22] in constructing expression feature
banks for target domains, enabling ViT-based CLIP models [11]
to achieve exceptional IFER performance. Experimental re-
sults reveal that NE data underperforms both ONI and ODark

datasets, attributable to weaker emotional signals in NE and
greater source-target domain discrepancy. The superior accuracy
of NIR data ONI over ODark suggests more distinct emo-
tional expressions in infrared images, making them particularly
suitable for accurate recognition tasks.

C. Ablation Experiments

Evaluation Components: To evaluate the independent con-
tribution of each component, ablation experiments were con-
ducted, and the results are presented in Table II. Due to cross-
domain modality differences, the CPT employs textual prompts
to guide the integration of category-specific information into
the image representation, enhancing the model’s ability to rec-
ognize different expression categories. The IGA establishes
connections between visible and infrared expression features,
enabling cross-domain feature alignment. However, the model
performs poorly when using only the CPT due to the modality
differences and the ambiguous class boundaries of emotional
values. In contrast, the joint operation of CPT and IGA creates
a synergistic effect, improving both emotion recognition and
feature alignment. This combination achieves the best overall
model performance, highlighting the complementary nature of

Fig. 2. Visual representation of different emotions by color.

TABLE III
ANALYSIS OF THE NUMBER OF CPT MODULE PROMPTS

the two strategies and their essential role in enhancing the IFER
process.

Evaluation of Feature Distribution: We employed t-SNE [34]
to visualize the emotional features of theONI dataset. As shown
in Fig. 2(a) and (b), compared to the baseline methods, our
proposed approach results in a more compact distribution of
infrared emotion features. This indicates that our proposed PCA
method effectively learns infrared emotion features, thereby
demonstrating the efficacy of our approach.

Evaluation of Prompt Numbers: Table III shows the compari-
son of accuracy under different numbers of prompts. The results
indicate that multiple prompts outperform a single prompt. How-
ever, increasing the number of prompts does not significantly
enhance the model’s capability. Therefore, we adopt two learn-
able prompts in all experiments. This shows that our model can
achieve superior performance with fewer training parameters.

IV. CONCLUSION

The letter presents an innovative PCA method to enhance the
performance of weakly supervised IFER through CLIP tech-
niques. The method incorporates a CPT strategy with an IGA
module. The CPT ensures explicit discrimination between ex-
pression categories by integrating category-specific information
into the prompts, while the IGA utilizes cross-domain feature
banks to achieve self-enhancement and cross-domain feature
fusion, facilitating feature alignment to minimize inter-domain
differences. Extensive experiments on multiple datasets vali-
date the effectiveness of the PCA method, which consistently
shows significant advantages. The PCA method extends CLIP
to weakly supervised infrared face emotion recognition, effec-
tively addressing the current limitation of scarce labeled data.
Given the transferability of prompt learning, we can further
explore its applications in unsupervised domain adaptation and
downstream tasks. Additionally, to address the uncertainty in
prompt learning and the inherent noise and blurring effects, we
further explore deterministic prompt alignment strategies and a
noise-tolerant model [35] to optimize weakly supervised domain
adaptation tasks.
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