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Abstract

Compound Expression Recognition (CER) is crucial for
understanding human emotions and improving human-
computer interaction. However, CER faces challenges due
to the complexity of facial expressions and the difficulty of
capturing subtle emotional cues. To surmount these obsta-
cles, we present a novel approach that harnesses the power
of Large Vision-Language Models (LVLMs). Our method-
ology incorporates a two-stage fine-tuning process, com-
plemented by the design of exclusive prompts. In the first
stage, pre-trained LVLMs are fine-tuned on basic facial ex-
pressions to establish fundamental patterns. Subsequently,
in the second stage, the model is further optimized on a
compound-expression dataset to refine the interactions be-
tween compound expressions. Our approach has achieved
remarkable results. It has attained advanced accuracy
on the RAF-DB dataset and demonstrated robust zero-shot
generalization on the C-EXPR-DB dataset. Notably, in the
8th ABAW Compound Expression Recognition Challenge,
our method secured the first place with an F1 score of
0.5723, highlighting its great potential for real-world ap-
plications in emotion analysis and human-computer inter-
action.

1. Introduction

In the rapidly evolving field of artificial intelligence, emo-
tion recognition has emerged as a critical research area,
serving as a cornerstone for enabling natural human-
computer interaction and deepening our understanding of
human psychology [28]. Among its subfields, Compound
Expression Recognition (CER), which focuses on identi-
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fying multiple co-occurring facial emotions, occupies a
unique position. Human facial expressions rarely convey
a single emotion; instead, they often reflect a blend of emo-
tions, a complexity that CER aims to capture. This pur-
suit is not only academically intriguing but also holds sig-
nificant practical relevance.However, the inherent complex-
ity of compound expressions, characterized by subtle nu-
ances and intricate combinations of facial muscle move-
ments, poses significant challenges, making CER a focal
point of research.

Recent advancements in Large Vision-Language Models
(LVLMs) have revolutionized multimodal data processing.
These models are designed to seamlessly integrate visual
data, such as facial features, with language data, such as
emotion-related textual descriptions [3]. This unique capa-
bility bridges the gap between vision and language, open-
ing new avenues for CER. By learning from both modali-
ties simultaneously, LVLMs can uncover previously hidden
emotional patterns. For example, an LVLM might correlate
the visual feature of a tightened jaw (associated with anger
or stress) with the textual description "feeling pressured” to
more accurately classify a compound emotion [29].

In the context of the Affective Behavior Analysis in-
the-Wild (ABAW) competitions [10, 11, 15-17, 21, 23—
25], significant progress has been made in CER and re-
lated tasks. The ABAW competitions have consistently
pushed the boundaries of emotion recognition by introduc-
ing large-scale datasets and challenging tasks such as multi-
label compound expression recognition, valence-arousal es-
timation, and action unit detection [13, 14, 18-20, 22, 30].
These competitions have highlighted the importance of
multi-task learning and the integration of diverse modalities
for robust emotion recognition. For instance, the 7th ABAW
competition focused on multi-task learning and compound
expression recognition, emphasizing the need for models



that can simultaneously handle multiple emotion-related
tasks [24]. Similarly, the 6th ABAW competition demon-
strated the effectiveness of distribution matching techniques
for multi-task learning, which can be applied to CER to im-
prove generalization across different emotional categories
[23].

In this paper, we present a novel stage-wise LoORA (Low-
Rank Adaptation) fine-tuning approach to optimize pre-
trained models for CER, especially in resource-constrained
scenarios. LoRA, which reduces the number of trainable
parameters by introducing low-rank matrices [9], effec-
tively overcomes the computational hurdles of fine-tuning
large models. Our stage-wise strategy allows the model to
learn task-specific patterns more efficiently. By adjusting
the model’s parameters in a phased manner, according to
the data characteristics and task demands at each stage, the
model can better capture the complex patterns of compound
expressions, thus enhancing its generalization ability. We
also emphasize the significance of well-designed context
prompts for LVLMs in accurate CER. These prompts of-
fer background knowledge and semantic guidance, enabling
the model to concentrate on crucial features during recogni-
tion.

In summary, by integrating the advantages of LVLMs,
the stage-wise LoRA fine-tuning strategy, and innovative
context prompt design, we have developed an efficient and
highly accurate CER method. Our proposed method has
achieved remarkable results. In the 8th ABAW Compound
Expression Recognition Challenge, it ranked first with an
F1 score of 0.5723. This work aims to resolve long-standing
challenges in this field, promoting the practical application
of emotion recognition technology and facilitating more in-
telligent and empathetic human-machine interactions.

2. Related Work

In this section, we review existing research in Compound
Expression Recognition (CER) and fine-tuning methods for
Large Vision-Language Models (LVLMs). This review pro-
vides a comprehensive understanding of the current state
of research and positions our proposed approach within the
broader context.

2.1. Compound Expression Recognition

Compound Expression Recognition focuses on identifying
multiple emotional states simultaneously expressed on the
face. This research direction is of significant importance in
artificial intelligence, as it captures the complexity of hu-
man emotions more accurately than single-emotion recog-
nition. However, the high complexity and diversity of com-
pound expressions, characterized by subtle variations and
intricate combinations of facial muscle movements, pose
substantial challenges for accurate recognition.
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Early approaches to CER relied on handcrafted features.
For example, geometric features of facial landmarks, such
as the distance between eyebrows, the curvature of the
mouth corners, and the degree of eye opening, were ex-
tracted and fed into traditional classifiers like Support Vec-
tor Machines (SVMs) for emotion classification [2, 28].
However, these handcrafted features often fail to capture the
nuanced and complex information inherent in compound
expressions.

With the advent of deep learning, Convolutional Neu-
ral Networks (CNN5s) have become widely adopted in CER.
CNNs can automatically learn hierarchical features from fa-
cial images, significantly improving performance over tra-
ditional methods. Pre-trained architectures such as VGG-16
and ResNet have been directly applied to CER tasks [31].
Despite their success, these models still struggle with the
high complexity of compound expressions. To address this,
more advanced architectures have been proposed. For in-
stance, multi-stream CNN models process different facial
regions separately to capture local-global relationships in
expressions [32].

Recurrent Neural Networks (RNNs) and their variants,
such as Long Short-Term Memory networks (LSTMs), have
also been employed in CER. Given the temporal nature
of facial expressions, RNN-based models can analyze dy-
namic changes over time, making them particularly effec-
tive for video-based CER tasks. These models infer poten-
tial emotions by analyzing sequences of facial changes, pro-
viding a richer understanding of compound expressions [5].

2.2. Large Vision-Language Models (LVLMs)

Large Vision-Language Models (LVLMs) have recently
emerged as a transformative force in artificial intelligence
[27], excelling in multimodal tasks by effectively integrat-
ing visual information (e.g., facial features) and language
information (e.g., emotion-related text). LVLMs lever-
age large-scale data to build a deep understanding of both
modalities, offering new opportunities for addressing com-
plex tasks like CER.

Fine-tuning is a common strategy for adapting LVLMs
to specific tasks. The most straightforward approach is full
fine-tuning, where all parameters of the pre-trained LVLM
are adjusted during training on the target task [4]. While
this method can achieve high performance, it is computa-
tionally expensive and resource-intensive, particularly for
large-scale LVLMs.

To mitigate these challenges, partial fine-tuning methods
have been developed. One common strategy is to freeze the
early layers of the LVLM and fine-tune only the later lay-
ers, as early layers typically capture general features while
later layers are more task-specific [8]. This approach sig-
nificantly reduces the number of trainable parameters and
computational costs.
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Figure 1. Stage-wise LoRA Fine-tuning Framework for Compound Expression Recognition

Another popular method is adapter-based fine-tuning,
which introduces small adapter layers into the pre-trained
model. These adapters are trained independently while
keeping the original model parameters fixed [7]. This not
only reduces computational overhead but also facilitates
task switching, as different adapters can be trained for dif-
ferent tasks on the same base model.

In the realm of low-rank adaptation, the LoRA (Low-
Rank Adaptation) method has gained significant attention.
Unlike full fine-tuning, LoRA updates only a small num-
ber of low-rank matrices, drastically reducing memory us-
age and training time [9]. LoRA has demonstrated strong
performance in various fields, including natural language
processing and vision-language tasks. By approximating
weight updates through low-rank matrices, LoRA enables
efficient fine-tuning of LVLMs for specific tasks like CER,
making it particularly suitable for resource-constrained set-
tings.

3. Method

Our approach for Compound Expression Recognition
(CER) leverages the multimodal capabilities of Large
Vision-Language Models (LVLMs) through a stage-wise
LoRA (Low-Rank Adaptation) fine-tuning strategy and
carefully designed context prompts, as shown in Figure |
and 2. This methodology adapts LVLMs to the complex
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task of CER, enabling efficient and accurate recognition of
compound facial expressions.

3.1. Stage-wise LoRA Fine-Tuning
3.1.1. Low-Rank Adaptation (LoRA)

LoRA [9] is a parameter-efficient fine-tuning technique de-
signed for large pre-trained models like LVLMs. In a stan-
dard neural network layer, the weight matrix W is high-
dimensional, and updating all its parameters during fine-
tuning can be computationally expensive and prone to over-
fitting. LoRA addresses this by introducing two low-rank
matrices, A and B, to approximate the weight update AW
as:

AW =~ BA ey

Here, A reduces the input dimensionality from d to  (where
r < d), and B maps it back to the original dimension. The
output y of the LoORA-modified layer is computed as:

y=Wox + (BA)z 2
where W) is the original weight matrix. The number of
trainable parameters is reduced from d? to 2dr, significantly
lowering computational costs. This reduction is formalized
as:

Noriginal =dxd= d2

Nrora =d Xr+r xd=2dr

3)
“4)



Objective:

Your task is to analyze the facial expression of the person in the provided image and classify it into one of the seven predefined categories:
Fearfully Surprised: A mix of fear and surprise, characterized by widened eyes, raised eyebrows, and a slightly open mouth.

Happily Surprised: A blend of happiness and surprise, featuring a bright smile, raised eyebrows, and wide-open eyes.

Sadly Sumprised: A combination of sadness and surprise, with downtumed lips, raised eyebrows, and a look of shock.

Disgustedly Surprised: A mix of disgust and surprise, with a wrinkled nose, raised eyebrows, and a slightly open mouth.

Angrily Surprised: A blend of anger and surprise, featuring furrowed brows, wide eyes, and a tense mouth.

Sadly Fearful: A combination of sadness and fear, with a worried expression, downturned lips, and wide eyes.

Sadly Angry: A mix of sadness and anger, characterized by a furrowed brow, downturned lips, and a tense jawline.

Instructions:

Image Analysis:

Carefully examine the image to identify any visible facial features
such as the eyes, eyebrows, mouth, and overall facial tension.
Note the position and movement of facial muscles

Based on your analysis, select the most appropriate category from
the seven provided.

If the image does not contain any person, clearly state that no one
is present.

Output Format:

If no one appears in the image, output:

Analysis: [Provide a detailed analysis of the image, noting the absence
of any person.]

Conclusion: There is no one in the image.

If a person is present, output:

Analysis: [Provide a detailed analysis of the facial expression,
describing the features that led to your conclusion.]

Conclusion: The facial expression of the person in the image is
‘[Selected Category]’ .

Example Outputs:

No Person in Image:

Analysis: The image depicts a serene landscape with trees and a
river. Conclusion: There is no one in the image.

Person Present:

Analysis: The person in the image has wide-open eyes, raised
eyebrows, and a bright smile, indicating a mix of happiness and
surprise.

Conclusion: The facial expression of the person in the image is

|
|
|
|
|
|
|
|
|
|
|
|
|
|
: Classification:
|
|
|
|
|
|
|
|
|
|
|
|
| 'Happily Surprised’.

Be

Additional Notes:

Ensure your analysis is thorough and considers all visible facial
features.

If the facial expression does not clearly fit into one of the seven
categories, provide the closest match and justify your choice.

them in your analysis.

mindful of any potential ambiguities in the image and address

Figure 2. Context Prompt Example on Compound Expressions

This efficiency makes LoRA particularly suitable for fine-
tuning large-scale LVLMs in resource-constrained settings.

3.1.2. First-stage Fine-Tuning on Basic Emotions

In the first stage, we fine-tune the LVLM using the Basic
subset of FER datasets. We initialize LoRA layers within
the pre-trained LVLM and freeze the majority of its original
parameters, updating only the low-rank matrices A and B.
This stage focuses on learning fundamental patterns of ba-
sic emotions, such as happiness, sadness, and anger, without
overfitting to the idiosyncrasies of the pre-trained model.
By capturing these foundational features, the model estab-
lishes a robust basis for recognizing more complex com-
pound expressions in the subsequent stage.

3.1.3. Second-stage Fine-Tuning on Compound Emotions

In the second stage, we fine-tune the model using the Com-
pound subset of FER datasets. We continue to update
only the LoRA layers while keeping the original LVLM
parameters frozen. This stage focuses on learning the in-
tricate combinations of emotions present in compound ex-
pressions, such as "happily surprised" or "sadly angry."
The two-stage approach enables the model to incrementally
adapt to the increasing complexity of CER, building on its
knowledge of basic emotions to accurately recognize com-
pound expressions.
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3.2. Context Prompt Design

3.2.1. Design Principles

Context prompts are designed to provide the LVLM with
task-relevant information, guiding its attention to key facial
features and their emotional significance [6]. Our prompt
architecture follows two core principles:

» Task Alignment: Establishes direct mapping between
visual features and emotional states through:

— Seven precisely defined compound emotion cat-
egories

— Visual-semantic anchors (e.g., "wide-open eyes"
for surprise)

— Operational definitions for ambiguous features

¢ Process Guidance:
through:

Enforces structured reasoning

— Step-by-step analysis instructions
— Dual-phase workflow (image analysis — classi-
fication)
— Edge case handling protocols
3.2.2. Structural Components
The prompt comprises five interconnected modules:
 Task Specification Module:

— Defines 7 emotion categories with distinguishing
features



— Provides visual prototypes (e.g., Sadly Angry:

# Furrowed brow (anger indicator)
# Downturned lips (sadness marker)
+ Tense jawline (combined affect)

¢ Analytical Framework:
— Feature Extraction:

+ Spatial analysis: eyes, eyebrows, mouth, fa-
cial tension

# Temporal analysis: muscle movement dy-
namics

— Decision Protocol:

+ Bvidence-based category selection
+* Empty image detection routine

¢ Output Schema:
— Structured templates ensure consistency:

+ Negative case: Analysis: [...]
Conclusion: No person

+ Positive case: Analysis: [...]
Conclusion: [Category]

¢ Exemplar Bank:
— Paired demonstrations:

* Negative example: Landscape image analy-
sis

# Positive example: Happily Surprised classi-
fication

¢ Quality Assurance:

— Completeness verifiers: Feature checks

— Uncertainty handlers: Closest-match justification

— Ambiguity resolvers: Conflict acknowledgement
protocols

This structured approach enhances the model’s ability to
accurately recognize compound expressions and provide in-
terpretable results.

4. Experiments

4.1. Datasets

4.1.1. RAF-DB

We utilize the Basic and Compound subsets from the RAF-
DB (Real-world Affective Faces Database) [26]. The Ba-
sic subset within RAF-DB contains a substantial number of
facial images labeled with basic emotions, including happi-
ness, sadness, anger, surprise, fear, and disgust. These serve
as a fundamental resource for the model to learn basic facial
expression patterns. The Compound subset, on the other
hand, is composed of images with more complex, com-
pound emotional expressions. Each image in this subset is
precisely annotated with the specific combination of emo-
tions present, equipping the model to learn the subtleties of
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compound expressions.

4.1.2. Aff-Wild2

Aff-Wild2 is a large-scale in-the-wild dataset designed for
affective computing tasks [13], including emotion recogni-
tion and valence-arousal estimation. It contains over 1,000
videos with more than 2.5 million frames, annotated for
7 basic emotions (anger, disgust, fear, happiness, sadness,
surprise, and neutral) and 6 compound emotions. The
dataset is highly diverse, covering a wide range of ages,
ethnicities, and lighting conditions, making it suitable for
training robust models for real-world applications. We use
Aff-Wild2 in conjunction with RAF-DB for training, lever-
aging its large-scale and diverse annotations to enhance the
model’s generalization ability.

4.1.3. C-EXPR-DB

C-EXPR-DB stands as the largest and most diverse in-the-
wild audiovisual database to date [12]. It encompasses 400
videos, totaling around 200,000 frames, meticulously an-
notated for 12 compound expressions and various affective
states. Additionally, C-EXPR-DB includes annotations for
continuous valence-arousal dimensions [-1, 1], speech de-
tection, facial landmarks and bounding boxes, 17 action
units (facial muscle activation), and facial attributes. In the
Compound Expression (CE) Recognition Challenge, a total
of 56 unlabeled videos were selected, covering 7 types of
compound expressions. The extracted video tags consist of
seven compound expressions: Fearfully Surprised, Happily
Surprised, Sadly Surprised, Disgustedly Surprised, Angrily
Surprised, Sadly Fearful, and Sadly Angry. C-EXPR-DB
serves as the final test set for evaluating the model’s perfor-
mance in a real-world competition setting.

4.2. Implement Details
4.2.1. Model Selection

We selected Qwen-vl [1] as the base model for our exper-
iments. This model has demonstrated strong performance
in various multimodal tasks, making it a suitable choice
for compound expression recognition. We initialized the
model with pre-trained weights on large-scale vision lan-
guage datasets, which provides the model with a good start-
ing point for learning facial expression-related features.

4.2.2. LoRA Configuration

In the stage-wise LoRA fine-tuning process, we configured
the LoRA layers. For the first-stage fine-tuning on the Basic
subset, we set the rank of the low-rank matrices to 16. This
value was chosen based on preliminary experiments to bal-
ance the reduction of trainable parameters and the model’s
representational ability. The learning rate was set to 0.0001.
During the second-stage fine-tuning on the Compound sub-
set, the rank of the low-rank matrices was adjusted to 8, and
the learning rate was set to 0.0001. These adjustments were



made to better adapt the model to the increasing complexity
of compound expressions.

4.2.3. Context Prompt Generation

The context prompts were generated using a rule-based ap-
proach. We defined a set of templates related to facial ex-
pression analysis. For example, for an image, the prompt
might start with "Analyze the following facial image to
identify compound emotions. Look for signs of key facial
features related to basic emotions and determine how they
combine." The generation process was automated, and the
prompts were carefully designed to provide relevant infor-
mation to the model without over-specifying the answer.

4.2.4. Training and Validation

The training was carried out using 8 RTX3090 GPUs to ex-
pedite the process. The batch size was set to 1 for both
the first-stage and second-stage fine-tuning. The number
of epochs for the first-stage fine-tuning was 20, and for the
second-stage fine-tuning was 10.

We train our model on a combination of the Aff-Wild2
and RAF-DB datasets, leveraging the large-scale and di-
verse annotations from Aff-Wild2 to enhance the model’s
generalization ability. The model is then validated on
the RAF-DB dataset to ensure its performance on both
basic and compound emotion recognition tasks. Finally,
the model is evaluated on the C-EXPR-DB dataset, which
serves as the final test set for the Compound Expression
Recognition Challenge. This approach ensures that the
model is robust and capable of handling real-world variabil-
ity in facial expression recognition.

5. Results
5.1. RAF-DB Basic Emotion Recognition

To adapt to the real-world image environment of the C-
EXPR-DB dataset, we conducted experiments on both
aligned images and original images for RAF-DB Basic
Emotion Recognition. The results are presented in Table 1.

Table 1. Accuracy for RAF-DB Basic Emotion Recognition

Emotion Aligned (%) | Original (%)
Sadness 88.12 86.89
Surprise 94.45 92.58
Happiness 96.50 94.39
Disgust 68.25 64.88
Anger 83.30 80.78
Fear 73.60 69.22
Neutral 92.20 90.65
Overall 89.78 87.84

As shown in Table 1, the model achieves higher accu-
racy on aligned images compared to original images across
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all emotion categories. For example, the accuracy for Hap-
piness increases from 94.39% on original images to 96.50%
on aligned images. Similarly, the overall accuracy improves
from 87.84% to 89.78%. This indicates that aligned images,
with their standardized facial features, provide a more con-
sistent and reliable input for emotion recognition. However,
the performance on original images remains strong, demon-
strating the model’s robustness in real-world scenarios.

5.2. RAF-DB Compound Emotion Recognition

For RAF-DB Compound Emotion Recognition, we also
conducted experiments on both aligned images and orig-
inal images. The results are presented in Table 2.

Table 2. Accuracy for RAF-DB Compound Emotion Recognition

Emotion Aligned (%) | Original (%)
Happily Surprised 90.25 88.52
Sadly Disgusted 75.30 71.70
Happily Disgusted 80.45 78.09
Fearfully Angry 77.80 73.64
Angrily Disgusted 94.10 92.18
Angrily Surprised 50.20 41.58
Sadly Surprised 52.40 43.33
Fearfully Surprised 80.60 78.10
Disgustedly Surprised 55.80 45.71
Sadly Fearful 60.30 55.45
Sadly Angry 55.20 46.36
Overall 78.50 74.39

As shown in Table 2, the model achieves higher accu-
racy on aligned images compared to original images for all
compound emotion categories. For example, the accuracy
for Angrily Disgusted increases from 92.18% on original
images to 94.10% on aligned images. Similarly, the over-
all accuracy improves from 74.39% to 78.50%. This sug-
gests that aligned images provide a more consistent repre-
sentation of compound emotions, which are inherently more
complex and challenging to recognize. However, the perfor-
mance on original images remains competitive, highlighting
the model’s ability to handle real-world variability.

5.3. C-EXPR-DB Compound Emotion Recognition

For C-EXPR-DB Compound Emotion Recognition, we
evaluated our model’s performance. The results are pre-
sented in Table 3.

Table 3. Results for C-EXPR-DB Compound Emotion Recogni-
tion

Team Rank | F1-score
USTC-IAT-United 1 0.5723
CAS-MAIS 2 0.1162




As shown in Table 3, our model achieved an F1-score of
57.23% on the C-EXPR-DB dataset for compound emotion
recognition and ranked first in the 8th ABAW Compound
Expression Recognition Challenge. These results further
demonstrate the effectiveness of our proposed approach
in handling the complex and diverse compound emotions
present in the C-EXPR-DB dataset. Although the dataset
poses unique challenges such as a wider variety of real-
world scenarios and more subtle emotional cues, our model
still shows strong performance, indicating its potential for
practical applications in real-life emotion analysis tasks.

6. Conclusion

The results demonstrate that aligned images consistently
outperform original images in both basic and compound
emotion recognition tasks. This is expected, as aligned
images provide standardized facial features, reducing vari-
ability and improving model performance. These findings
are derived from our experimental results on the RAF-DB
dataset, where facial alignment preprocessing significantly
enhanced recognition accuracy by normalizing facial geom-
etry variations. However, the strong performance on orig-
inal images underscores the model’s robustness and gener-
alizability to real-world scenarios, as evidenced by our top-
ranking results with an F1 score of 0.5723 in the 8th ABAW
Compound Expression Recognition Challenge using the C-
EXPR-DB dataset. This competition achievement validates
our model’s effectiveness in handling unconstrained facial
expressions without alignment preprocessing. Future work
could focus on further bridging the gap between aligned
and original image performance, potentially through do-
main adaptation techniques or more sophisticated data aug-
mentation strategies. This is an important direction high-
lighted by our competition experience with real-world ex-
pression recognition challenges.
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