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Abstract: With the increasing complexity of human-computer interaction scenarios, conventional digi-
tal human facial expression systems show notable limitations in handling multi-emotion co-occurrence,
dynamic expression, and semantic responsiveness. This paper proposes a digital human system frame-
work that integrates multimodal emotion recognition and compound facial expression generation.
The system establishes a complete pipeline for real-time interaction and compound emotional expres-
sion, following a sequence of "speech semantic parsing—multimodal emotion recognition—Action
Unit (AU)-level 3D facial expression control."First, a ResNet18-based model is employed for robust
emotion classification using the AffectNet dataset. Then, an AU motion curve driving module is
constructed on the Unreal Engine platform, where dynamic synthesis of basic emotions is achieved
via a state-machine mechanism. Finally, Generative Pre-trained Transformer (GPT) is utilized for
semantic analysis, generating structured emotional weight vectors that are mapped to the AU layer to
enable language-driven facial responses. The software interface is shown in Figure 1. Experimental
results demonstrate that the proposed system outperforms traditional methods in terms of recognition
accuracy, expression naturalness, and interaction efficiency, effectively supporting realistic, natural,
and semantically aligned facial expressions. This research provides a complete technical framework
and practical foundation for high-fidelity digital humans with affective interaction capabilities.

Keywords: digital human; multimodal emotion recognition; action units (AUs); facial expression
generation; semantics-driven

Figure 1. The software converts the received voice into text and sends it to GPT for sentiment analysis. The
analysis results are shown in the figure. Based on the sentiment, the software drives 3D digital humans to generate
corresponding facial expressions and movements.

1. Introduction

As human-computer interaction (HCI) scenarios become increasingly complex, users are placing
higher demands on the subtlety, realism, and emotional responsiveness of digital human facial
expressions. However, current mainstream digital avatar expression systems still suffer from significant
limitations. On the one hand, most systems based on Facial Action Coding System (FACS)-coded rule
frameworks rely heavily on predefined AU combinations, BlendShape animations, or unimodal Long
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Short-Term Memory (LSTM)-based control strategies. These approaches are typically restricted to
single-emotion rendering and lack capabilities in semantic understanding, emotional blending, and
real-time interactivity [1]. On the other hand, although new-generation systems such as BEAT [2] and
EMAGE [3] have incorporated linguistic and audio cues to enhance interactive coherence [4], they still
fall short in supporting multi-context, multi-affect concurrent HCI requirements.

To address these challenges, this paper proposes a digital human system framework that integrates
multimodal emotion recognition with composite facial expression generation. Centered on the pipeline
of “speech-semantic perception — multimodal emotion recognition — AU-level 3D facial expression
control,” the framework enables real-time responses and compound emotional expressions. (1) By
fusing textual semantics, vocal prosody, and facial AU features, a ResNet18-based model is constructed
on the AffectNet dataset to classify seven basic emotions, achieving robust emotion perception under
multimodal conditions; (2) An AU motion curve generation module is developed based on the Unreal
Engine, which employs a state machine mechanism to support dynamic synthesis and fine-grained
control of 3D expressions for the seven basic emotions, thereby enhancing expression naturalness
and temporal fluidity; (3) A GPT-4-based semantic understanding module is introduced to analyze
emotional content in speech text across multiple dimensions, outputting structured emotion types
and weighted distributions that are mapped to the AU control layer, thus forming a closed-loop
“language-driven to expression generation” response system.

The proposed system framework achieves full-chain integration of multimodal perception, com-
pound emotion recognition, and AU-level 3D expression control. It overcomes the traditional bottle-
neck of expressing only single-emotion and single-modality states in digital humans, and supports
expressive capabilities aligned with human-like features such as “multi-emotion co-occurrence —
emotion transition — semantic responsiveness.”

The main contributions of this work are as follows:

*  Proposes the first compound emotion recognition framework that integrates voice, text, and facial
features, supporting multi-emotion co-occurrence and weighted emotion perception.

*  Develops an AU-driven 3D facial expression mixer combined with a state machine mechanism,
enabling dynamic synthesis and control of blended emotional expressions.

*  Designs an innovative generation agent module that bridges GPT-based semantic analysis with
3D expression control, enabling a real-time “speech-to-expression” response system.

*  Validates the proposed system on the AffectNet dataset and Unreal Engine platform, demon-
strating superior performance in recognition accuracy, expression naturalness, and interaction
responsiveness.

This framework establishes a solid technical foundation for digital humans with realistic, dynamic,
and semantically interactive expressive capabilities, offering significant research value and practical
application potential.

In addition, a subjective perception experiment is designed to evaluate the perceptual quality of
the generated micro-expressions across three key dimensions: clarity, naturalness, and authenticity.
This further verifies the effectiveness of the proposed system in enhancing emotional expressiveness in
digital humans.

In summary, the goal of this research is to develop a unified technical framework that integrates
micro-expression recognition, temporal extraction, and animation driving. The proposed system fills
a critical gap in current virtual human modeling by enabling high-fidelity emotional rendering at a
fine-grained level, offering a viable technological pathway for advancing the realism and emotional
responsiveness of digital avatars.

2. Related Work
2.1. Facial Expression Mapping for Digital Humans

Since the early 1970s, facial expression generation has attracted extensive attention from re-
searchers. Parke et al. [5] suggested that, in terms of output, the face can be represented either as
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a two-dimensional image or a three-dimensional surface model. Ekman et al. [6] proposed the first
method linking facial muscle movements to facial expressions. Through careful analysis of video
recordings of facial expressions, they defined the FACS, which specifies how each facial expression
corresponds to specific muscle contractions. Based on FACS, Waters [7] identified shared parameters
across different human faces and applied them to 3D surface models, enabling more general and
flexible control of facial expression generation. Building on Waters” work, Terzopoulos et al. [8] further
improved the expression generation process, allowing early graphics workstations to achieve real-time
facial simulation. Zhang et al. [9] introduced a hierarchical structure composed of four layers: a
mass-spring mesh for facial skin, a muscle actuator layer for facial motion control, a skull mesh, and
additional meshes for representing eyes and teeth.

Pighin et al. [10] proposed mapping 2D facial images onto 3D surface models. ERI, Zhang et
al. [11], introduced improvements to conventional facial expression mapping methods. Zhou et
al. proposed a kernel-based decomposition model to parameterize both facial expression and facial
identity. Raouzaiou et al. [12] adopted this approach to model facial animation by displaying the
corresponding control point positions on a standardized face.

Inspired by these works, we perform AU mapping directly onto the 3D model and define a set of
motion curve mapping rules for each AU. The AU motion curve correspondence table is provided in
the Supplementary Material (Table S1).

2.2. Selection of Backbone Network for Facial Emotion Recognition

In facial expression recognition tasks, the choice of backbone network critically affects both
model performance and computational efficiency. Boughara et al. [13] proposed a deductive training
strategy based on multilayer perceptrons (MLPs), relying on manually defined combination parameters
and iterative mechanisms, and utilizing perceptual image descriptors to extract bio-inspired visual
features. However, such shallow models exhibit limited generalization capabilities when handling
complex expression variations. To improve recognition accuracy, Mollahosseini et al. [14] developed
a deep convolutional neural network (CNN) architecture incorporating multiple Inception modules.
Shin et al. [15] further analyzed the performance of various deep CNN (DCNN) architectures for
facial emotion classification, noting that although deep networks possess strong expressive power,
they suffer from latency and resource consumption issues in real-time applications. In recent years,
lightweight networks such as the MobileNet family have gained significant attention due to their
compact architecture and low computational cost. However, in practical scenarios—especially on large-
scale, high-variability emotion datasets like AffectNet [16]—MobileNet’s recognition accuracy remains
significantly lower than that of mainstream architectures such as ResNet and EfficientNet [17,18],
falling short of the robustness requirements for high-performance emotion recognition tasks.

To address this, we systematically compared five representative model architectures on the
AffectNet dataset: MLP [13], MobileNetV2 [17,18], ResNet18 V3-Opt [19,20], and ResNet50 [21,22].
Performance was evaluated across four key metrics: Fl-score, classification accuracy, inference time,
and model size. As shown in Table 1, ResNet18-v2 achieved the highest results in both accuracy
(Accuracy = 0.552) and Fl-score (F1 = 0.550), demonstrating strong generalization capability for
emotion classification tasks. While ResNet50 showed competitive accuracy, its large parameter count
makes it unsuitable for deployment. MobileNetV2 exhibited advantages in model size (8.52MB) and
inference speed (5.85ms), yet its accuracy (0.504) and F1-score (0.505) were inferior to those of the
ResNet series. Although the MLP offered some speed advantage, its classification performance was
significantly lower than all other models, rendering it impractical.
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Table 1. Performance Comparison of Classification Models.
Inference Time Model Size
Model F1-score Accuracy (ms) (MB)
MLP [13] 0.028 0.125 2.16 24.02
MobileNetV2 [17,18] 0.505 0.504 5.85 8.52
ResNet18 V3-Opt [19,20] 0.625 0.626 1.31 42.65
ResNet50 [21,22] 0.539 0.536 7.76 89.70

Note. Boldface highlights the best performance.

Considering both recognition performance and deployment feasibility, this work ultimately
selects ResNet18-v2 as the backbone network for the facial expression recognition module. This choice
ensures high accuracy in emotion recognition while maintaining real-time responsiveness, providing
an efficient and stable feature foundation for subsequent emotion-driven expression synthesis.

2.3. Facial Animation Generation and Real-Time Interaction Technologies

In the study of nonverbal communication, facial expressions have consistently played a central
role. Their realistic and controllable rendering is critical for experimental control and human-computer
interaction (HCI) design. Early research primarily relied on static images or actor-performed datasets,
such as the emotion-induction materials developed by Béanziger et al. [23], or standardized emotional
expressions simulated by actors [16,24,25]. Tcherkassof et al. [26] further proposed recording spon-
taneous facial responses of subjects under specific contextual stimuli to enhance the naturalness of
emotional expressions. However, constructing such datasets incurs high costs, offers limited reusability,
and typically requires intensive manual annotation and post-processing.

To address these limitations, some researchers have shifted toward automated facial modeling
tools, such as HapFACS [27] and FACSGen [28]. HapFACS provides control interfaces for 49 facial
Action Units (AUs), supports EmFACS-based emotion generation, and enables real-time control
through APIs. However, it depends on the commercial Haptek engine, making it difficult to port,
and its complex user interface poses a barrier for researchers outside the graphics domain. Although
FACSGen is open-source, it is functionally limited—supporting only 35 AUs—and lacks capabilities
for real-time interaction.

In summary, although existing facial expression generation tools have made notable contributions
in both research and application contexts, they generally suffer from high usability barriers, complex
operation procedures, and a lack of real-time interaction support. These shortcomings limit their
suitability for highly dynamic HCI scenarios. To enhance the realism, responsiveness, and interactivity
of virtual agents, there is an urgent need for a 3D facial modeling and driving system that combines
low operational complexity with robust interactive performance.

3. Framework

This study proposes a digital human generation framework for compound emotion expression,
aiming to achieve natural, dynamic, and semantically responsive facial expression control for virtual
agents. The overall architecture consists of three core modules, as illustrated in Figure 2: (1) a
multimodal emotion recognition module; (2) an AU motion mapping module; and (3) an emotion-
semantic parsing and expression visualization module. These components form a closed-loop pipeline
from speech-semantic input to 3D facial animation output, covering the full spectrum from high-level
semantic perception to low-level muscle actuation.
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Figure 2. Interaction solution architecture diagram. The system first converts the collected speech into text and
uploads it to GPT. GPT processes the text based on the context information, identifies the emotion type and returns
the result. Subsequently, the generated agent module receives and processes the information and distributes it to
different modules based on the emotion type. Each module has a clear processing task, which ultimately drives
the virtual digital human to show the corresponding expression and presents the data through the Ul interface.

The system follows a processing logic of “semantic-driven — emotion recognition — AU con-
trol — expression generation,” integrating key technologies from deep learning, natural language
understanding, and graphical animation. This design significantly enhances the expressive power
and interactivity of digital humans under complex emotional conditions. The system not only en-
ables efficient integration of multimodal perception, compound emotion recognition, and AU-level
animation generation, but also establishes— for the first time— an end-to-end workflow that supports
multi-emotion co-occurrence, dynamic emotional transitions, and semantically linked feedback. It
offers a general paradigm for building emotionally interactive virtual humans with high interactivity.

3.1. ResNet18-Based Facial Expression Recognition Backbone

Network Architecture Design: As shown in Table 2, this study adopts ResNet18[22] as the
backbone for facial expression-based emotion classification. The network takes standard RGB color
image sequences as input, with each frame resized to 3 x 224 x 224. The output corresponds to one of
seven basic emotions.

Table 2. ResNet18-Based Emotion Classifier Architecture.

Layer Kernel Configuration Output Dimension
Input RGB image: 3 x 224 x 224 3 x 224 x 224
Convl 7 x 7, 64 filters, stride = 2 64 x 112 x 112
MaxPooling (optional) 3 x 3, stride = 2 64 x 56 x 56
ResBlock1 3x3,64 x2 64 x 56 x 56
ResBlock2 3x3,128 x 2 128 x 28 x 28
ResBlock3 3% 3,256 x 2 256 x 14 x 14
ResBlock4 3 % 3,512 x 2 (fine-tuned) 512 x 7 x 7
Global Avg. Pooling AdaptiveAvgPool2d — 1 x 1 512 x 1

Fully Connected (FC) Linear(512 — 7) 7 logits

Softmax Activation Softmax over 7 logits 7-dimensional probability
Output argnax (Softmax) — predicted Label + confidence vector

label

Specifically, the input image is first processed by an initial convolutional layer (Conv1) to extract
low-level texture features. This layer contains 64 convolutional kernels of size 7 x 7, with a stride of 2,
producing an output feature map of dimensions 64 x 112 x 112. A subsequent optional MaxPooling
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layer with a kernel size of 3 x 3 and a stride of 2 is used to reduce the spatial dimensions, resulting in
an output of 64 x 56 x 56.

The backbone network consists of four residual blocks (ResBlocks), each composed of two stacked
3 x 3 convolutional layers. ResBlockl outputs a feature map of 64 x 56 x 56; ResBlock2 outputs
128 x 28 x 28; ResBlock3 outputs 256 x 14 x 14; and the final ResBlock4, fine-tuned for task-specific
optimization, extracts semantically rich emotion-discriminative features with an output of 512 x 7 x 7.

The resulting feature map is then fed into a Global Average Pooling (GAP) layer, compressing
it into a spatially invariant one-dimensional feature vector Xgq, € R>!2. This vector is subsequently
passed through a fully connected layer to perform linear mapping and generate the final class scores.

z=Ws - Xgp+bp, zeR’ 1)

Finally, a Softmax activation function is applied to map the logits into a normalized probability
distribution for emotion classification:

e e~7
= = :
Y €5 21‘21 e

where z; denotes the logit score for the i-th emotion class. The final predicted emotion is deter-

Y = Softmax(z) = ()

mined by argmax(Y), i.e., the class with the highest probability. Simultaneously, the 7-dimensional
confidence vector is retained for further analysis or multimodal fusion.

3.2. AU Extraction and Mapping

To achieve high-fidelity expression-driven control, this study proposes a facial animation curve
generation mechanism based on Action Units (AUs) [6], converting facial motion encodings from static
images into keyframe curves that can be directly utilized by digital human animation systems.

The process is as follows: The system first employs OpenCV to extract and align facial regions
from the image with the highest classification probability output by ResNet18. Then, using a predefined
AU mapping dictionary, the AU activation states corresponding to the identified emotion category are
mapped to animation trajectory templates. Based on this, the system generates keyframe points frame-
by-frame that correspond to the dynamic features of the target expression [29], thereby constructing a
complete animation curve.

To enable highly controllable and temporally smooth expression representation, the system
leverages the Curve Editor API provided by Unreal Engine [30] through a custom plugin interface,
supporting automatic writing and interpolation optimization of expression curves. The key processing
steps include:

*  Lookup Matching: The FindRow() method is used to retrieve the AU motion template corre-
sponding to the current expression category from the AU mapping dictionary, extracting the time
series values (Time) and motion displacement magnitudes (Disp);

¢ Keyframe Construction: Based on the extracted values, keyframe handles (FKeyHandle) are
created and automatically added to the curve trajectory;

¢  Curve Interpolation Control: The interpolation mode of each keyframe is set to cubic by calling
the SetKeyInterpMode () method, enhancing the smoothness and naturalness of the curve to
support continuous motion transitions;

Once the writing process is complete, all generated AU curves are uniformly stored in the
Unreal project’s curve asset repository. Digital humans can then execute high-precision facial motions
consistent with the recognized expressions by invoking the corresponding AU curves, thus achieving
a complete mapping from static images to dynamic expressions.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.3. Emotional Semantic Parsing and Expression Visualization

This study incorporates a speech-based emotional semantic recognition module into the virtual
human emotion-driven system, aiming to achieve multidimensional affective analysis of user language
input. The system utilizes the Text-to-Speech (TTS) plugin integrated into Unreal Engine 5 (UE5) [31]
to convert user speech into text in real time, which is then forwarded as semantic input to the backend
emotion analysis module.

The emotion recognition module is built upon the GPT family of language models (including
GPT-4 and other versions). It uses prompt engineering techniques [32,33] to guide the model in
producing standardized affective descriptions. Specifically, the textual data is transmitted to the GPT
model via an API interface, and the model returns a JSON-formatted file containing the detected
emotion categories and their associated intensity scores. The emotion categories follow Ekman'’s seven
basic emotions, and the output includes normalized emotion weights ranging from [0, 1], indicating
the proportional representation of each emotion in the current semantic input.

The structured JSON data returned by the emotion recognition module is then integrated with the
Unreal Engine animation system to enable blended facial animation generation under multi-emotion
components. Based on the emotion weights specified in the JSON output, the system dynamically allo-
cates blending weights across animation tracks and performs interpolation. Multiple facial animation
tracks are called and blended in real time to generate compound facial expressions that align with the
emotional features of the user’s semantic content.

4. Validation

To verify the effectiveness of the proposed system in compound emotion recognition and facial
expression generation, three experiments were designed: algorithm architecture analysis, AU activation
pattern analysis, and subjective evaluation tests. These experiments comprehensively validate the
system from the perspectives of model performance, structural consistency of facial expressions, and
user experience.

4.1. Algorithm Architecture Output Analysis

Based on the ResNet18 backbone, this study designed three variant models on the AffectNet
dataset and conducted ablation experiments for analysis (see Table 3). The variants progressively
introduce improvements in data augmentation intensity, regularization techniques, loss functions, and
optimization strategies.

ResNet18 v1 adopts lightweight data augmentation, a standard cross-entropy loss function, and
the Adam optimizer. Although it achieves a high training accuracy of 90.44%, its validation accuracy
drops to 54.90% with a validation F1-score of 0.5438, indicating significant overfitting due to insufficient
regularization.

To address this issue, ResNet18 v2 retains the same data augmentation strategy but incorporates
a Dropout mechanism (p=0.5) and extends the training schedule. These enhancements effectively
alleviate overfitting. As a result, training accuracy decreases to 59.72%, while validation accuracy
increases to 56.14% and validation F1-score improves to 0.5590, demonstrating a notable enhancement
in model generalization through the use of regularization.

ResNet18 v3 introduces a stronger data augmentation pipeline—including affine transformations
and color perturbations—along with a composite loss function that combines cross-entropy with label
smoothing. Additionally, it employs the AdamW optimizer and a cosine annealing learning rate
scheduler. Under this configuration, the model achieves a controlled training accuracy of 69.49%, a
validation accuracy of 62.57%, and a significantly improved validation F1-score of 0.6254, representing
the best performance among the three variants. These results indicate that strong regularization and
diversified data augmentation have a synergistic effect in enhancing model generalization.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 3. Ablation Study of ResNet18 Variants on AffectNet.
Variant Data Loss Function = Optimizer + Train Acc (%) Val Acc (%) ValF1
Augmentation Scheduler
ResNet18 vl  Flip, rotate, CrossEntropy ~ Adam 90.44 54.90 0.5438
jitter
ResNetl8 v2  Same as vl CrossEntropy ~ Adam 59.72 56.14 0.5590
ResNet18 v3  Flip, rotate, CE + Label AdamW + 69.49 62.57 0.6254
affine, color Smoothing CosineAnneal-
ing

1 v1 exhibits overfitting. 2 v2 adds dropout. 3 v3 achieves best generalization via strong augmentation and regularization.

4.2. Subjective Questionnaire Experiment Design
4.2.1. Stimulus Material Generation Method

The proposed system in this study utilizes GPT-4-driven semantic analysis to generate compound
emotion recognition results, which are then combined with a FACS-based facial expression control
system to dynamically synthesize facial expressions for digital humans. The system produced a total
of eight short video stimuli, covering four basic emotions (anger, happiness, sadness, surprise) under
two AU synthesis modes: static and dynamic.

During the generation of each video, the system activated corresponding AU combinations
based on the emotional semantics, with animation intensity and temporal structure controlled via
curve-based weighting. The static system maintained constant AU curves to simulate template-like
expressions, while the dynamic system employed a temporal AU synthesis strategy to produce natural
motion in a "rise-hold—fall" pattern, thereby enhancing expression continuity and realism.

4.2.2. Participants and Task Arrangement

A total of 51 valid participants were included in this experiment (from an initial sample of 53;
two respondents who provided identical ratings for all questions were excluded). The demographic
characteristics are as follows: 66.7% male (n = 34), with a predominantly young age distribution—41.2%
aged 25-30, 27.5% aged 18-24, and 25.5% aged 31-40. Regarding education level, 70.6% held a junior
college or bachelor’s degree, and 11.8% had a master’s degree or higher.

The experimental materials consisted of four Mandarin speech segments (emotional categories:
happiness, sadness, anger, and neutral). Each speech was paired with two system-generated facial
expression versions: one using static, template-based AU synthesis, and the other driven by dynamic
GPT-based compound emotion synthesis, resulting in a total of eight video clips (average duration: 8
seconds). All animations were rendered using a unified MetaHuman model. Control variables included
camera angle, speech content, and motion rhythm; facial AU expression was the only manipulated
variable.

After watching each video, participants rated it on four dimensions using a 5-point Likert scale:
naturalness, emotional congruence, layering, and overall satisfaction (1 = strongly disagree, 5 = strongly
agree). Subjective data were collected via an online questionnaire system.

All participants provided informed consent prior to the experiment, acknowledging that their
data would be anonymized and used solely for academic research purposes. The entire experimental
procedure was approved by an institutional ethics committee to ensure compliance with ethical
standards for research involving human subjects.

4.3. Experimental Method

To comprehensively evaluate the relationships among system type, emotion category, and subjec-
tive rating dimensions, a three-way repeated measures ANOVA was conducted. The within-subject
factors included System Type (static AU vs. dynamic AU), Emotion (happiness, sadness, anger, neu-
tral), and Ratings (naturalness, emotional congruence, layering, satisfaction). The analysis examined
all main effects and interactions, reporting F-values, degrees of freedom, significance levels (p), and
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partial eta squared (17%). When the assumption of sphericity was violated, the Greenhouse-Geisser
correction was applied to adjust the degrees of freedom.

To further verify specific differences in rating scores between system types across each dimension,
paired-sample t-tests were conducted with Bonferroni correction applied to control for Type I error.
Cohen’s d effect sizes and confidence intervals were also reported.

To explore the structural associations among subjective rating dimensions, Pearson correlation
coefficients were calculated among naturalness, congruence, layering, and satisfaction. The strength
and significance of these correlations were visualized using a heatmap to reveal coupling patterns
among perceptual dimensions.

Additionally, an ANCOVA was performed by introducing age and acceptance of 3D systems as
covariates, in order to examine their interactive effects with system type on naturalness ratings.

All statistical analyses were conducted using SPSS 29.0 and Python 3.12 (SciPy, Seaborn). The
significance threshold was set at & = 0.05 .

4.4. Subjective Questionnaire Analysis
4.4.1. Main Effect of System Type

As shown in Table 4, Compared with the static AU system, the GPT-driven dynamic AU system
received significantly higher scores across all four dimensions—naturalness, emotional congruence,
expression layering, and satisfaction (all p < 0.001), accompanied by medium to large effect sizes
(partial 72 = 0.344-0.507). Among these, the main effect on naturalness was the most pronounced, F(1,
50) = 42.21, p < 0.001, partial 7% = 0.507, indicating a significant advantage of the dynamic system in
enhancing the naturalness of facial expressions.

Table 4. Main Effects of System Type and Its Interaction with Age on Four Subjective Ratings.

Ratings Mean (Static) Mean (Dynamic) F p-value Partial 7>  Significant
Interaction

Naturalness ~ 3.31 + 0.94 4.02+0.80 4221  <0.001 0.507 SystemType X
Age (p = 0.008)

Congruence  3.41 +0.89 412 +0.73 3478  <0.001 0.459 -

Layering 3.33£0.91 4.09 +£0.72 39.65 <0.001 0.492 -

Satisfaction 3.31+£0.93 3.95+0.82 2145 <0.001 0.344 -

Note. Values are presented as mean =+ standard deviation. Repeated measures ANOVA was used. Only Naturalness showed a

significant SystemType x Age interaction, F(5,41) = 3.619, p = 0.008, partial 7> = .306.

Figure 3 illustrates the main effect of System Type across the four rating dimensions. The dynamic
system significantly outperformed the static system on all dimensions, with particularly pronounced
differences observed in Naturalness and Layering.

Comparison of Expression Ratings: Static vs. Dynamic System

g8
it

Mean Rating

o
Naturalness Congruence Layering Satisfaction

Figure 3. Bar chart comparing average scores between the dynamic and static systems across four subjective
dimensions (error bars represent +1 SD).
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To comprehensively present the explanatory power of different independent variables and their
interactions across the four subjective dimensions, a heatmap of partial 72 effect sizes was generated.
As shown in Figure 4, system type exhibited medium to large effect sizes across all dimensions, while
other variables (e.g., Emotion, Ratings, Age) and certain interaction terms showed substantial variation
in effect sizes across different dimensions. This further underscores the role of system type as the
primary determining factor.

Effect Sizes of Sources on Evaluation Dimensions

o
o

Naturalness

I
o

|
I
IS

Congruence

1 1
o o
N w
Effect Size (n?)

Layering

Satisfaction

o ©
o =

Figure 4. Partial 772 effect size heatmap of different predictors and interactions on four subjective ratings. *p < 0.05,
**p < 0.01. Note. ST = SystemType; A3D = Acceptance of 3D Characters; R = Ratings (Naturalness, Congruence,
Layering, Satisfaction); Age = Participant Age Group.

4.4.2. Paired-Sample Comparison

Further results from the paired-sample t-tests (Table 5) revealed significant differences in the
mean scores across all four rating dimensions between the two system types (all p < 0.001), with all
differences in the same direction—scores for the dynamic system were significantly higher than those
for the static system. Expression layering (t = -10.62, d = -1.49) and satisfaction (t = -9.43, d =-1.32)
exhibited very large effect sizes, indicating that participants showed a clear preference for the richness
and overall perception of compound expressions generated by the dynamic system.

Table 5. Paired Samples t-Test Results: Static vs. Dynamic System Ratings Across Four Dimensions.

Dimension Static (M = SD) Dynamic (M + SD) t df p (2-tailed) Cohen’sd 95% CI(d)

Naturalness 3.54 + 0.54 3.94 + 041 -4.43 50 <0.001 -0.62 [-0.92,-0.32]
Congruence 3.44 +0.61 3.80 = 0.61 -4.70 50 <0.001 -0.66 [-0.96, -0.35]
Layering 3.20 £ 0.42 4.08 +0.43 -10.62 50 <0.001 -1.49 [-1.88,-1.08]
Satisfaction 3.45+ 041 4.11+0.36 943 50 <0.001 -1.32 [-1.69, -0.94]

Note. Paired samples t-tests were conducted between static and dynamic systems. Negative t and Cohen'’s d values indicate

higher ratings for the dynamic system. Effect sizes ranged from medium to very large.

4.4.3. Effects of Age and Technology Acceptance

In the dimension of naturalness, further analysis revealed a significant interaction between system
type and age (p = 0.008), with a moderate interaction effect size (partial #? = 0.306). As shown in
Figure 5a, participants across all age groups showed a preference for the dynamic system, with the
26-55 age group exhibiting the most pronounced rating difference, and the 65+ group showing the
smallest difference.

In addition, technology acceptance demonstrated a significant main effect on naturalness ratings
(F =9.83, p = 0.003, 2 = 0.19). As illustrated in Figure 5b, the higher the user’s overall acceptance of
the 3D system, the higher their rating of expression naturalness.
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Figure 5. Moderating effects on naturalness ratings: (a) Interaction plot of Age x System Type on Naturalness
ratings. (b) covariate effect of 3D Acceptance.

4.4.4. Inter-Dimensional Correlation Analysis

Pearson correlation analysis revealed stable structural relationships among the four subjective
dimensions, as shown in Figure 6. The highest correlation was observed between emotional congruence
and satisfaction (r = 0.578, p < 0.01), followed by naturalness and satisfaction (r = 0.552, p < 0.01), both
indicating significant positive correlations of moderate or greater strength. These results suggest that
semantic congruence is a primary determinant of user satisfaction, while naturalness plays a key role
in visual acceptability and perceived realism.

Pearson Correlation Matrix of Evaluation Dimensions

1.00

Naturalness 0.75
0.50
Congruence -0.25
-0.00

Layering --0.25

Pearson Correlation Coefficient

- -0.50
Satisfaction

-0.75

-1.00

Figure 6. Heatmap showing the Pearson correlation coefficients between four subjective rating dimensions:
Naturalness, Congruence, Layering, and Satisfaction.

4.5. Objective Analysis of AU Activation Patterns

To systematically evaluate the activation mechanisms of static and dynamic facial Action Units
(AUs), this study conducted a comparative analysis of AU characteristics across three dimensions: (1)
total activation energy, (2) spatial distribution pattern (activation heatmap), and (3) temporal dynamics.
This analysis not only aids in understanding the differences in emotional expression between static
and dynamic facial synthesis, but also provides key theoretical support for future emotion-driven
animation systems.

4.5.1. Total Activation Energy

From an overall perspective, the distribution of AU activation energy under different emotional
conditions revealed distinct advantages for both static and dynamic systems. As shown in Figure 7(a),
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in the "happiness" condition, the static system exhibited stronger activation across several high-
frequency AUs (e.g., mouthCornerPullR/L and browRaiseInL), with the top three AUs reaching an
average total energy of 30.75, significantly higher than the dynamic system’s 24.31 (p < 0.001, Cohen’s
d > 0.8). This suggests that static imagery may deliver a stronger perceptual impact in terms of peak
expression amplitude.

However, the dynamic system showed significant advantages in several key mouth-related AUs,
particularly under the "anger,”" "neutral," and "sadness" conditions. As presented in Table 6, the dynamic
activation values for mouthLipsTogetherDL/DR/UL/UR in the "anger" condition were nearly four
times higher than those of the static system, with all Cohen’s d values exceeding 1.6 and p < 0.001.
In the "neutral" condition, AUs such as mouthCornerDepressR and mouthUpperLipRollInL /R also
demonstrated significantly higher activation in the dynamic system, highlighting the synergistic
enhancement of mouth-constricting actions within dynamic sequences.

These results indicate that although the static system can produce higher peak intensity in certain
single-frame expressions, the dynamic system activates a broader range of mouth muscle groups over
time and forms more realistic muscular coordination patterns. This leads to greater energy coverage
and stronger expressive tension in facial animation.

Table 6. Comparison of Top 5 AU Activation Energies between Dynamic and Static Expressions across Emotions.

Emotion AU Name Dyn. Energy Stat. Energy p-value Cohen’s d
Angry mouthLipsTogetherDL 28.15 6.69 <.001 1.64
mouthLipsTogetherDR 28.15 6.69 <.001 1.64
mouthLipsTogetherUL 24.99 5.73 <.001 1.84
mouthLipsTogetherUR 24.99 5.73 <.001 1.84
browRaiseOuterL 20.67 37.94 <.001 2211
Happiness mouthCornerPullR 25.71 34.76 <.001 -1.18
mouthCornerPullL 23.37 31.70 <.001 -1.18
browRaiselnL 23.85 25.79 0.005 -0.37
browRaiseInR 22.20 23.55 0.029 -0.29
browRaiseOuterL 22.04 23.63 0.010 -0.34
Sadness browRaiseOuterL 12.10 0.00 <.001 1.43
browLateralLL 10.78 27.18 <.001 -1.96
browDownL 9.92 26.80 <.001 -1.96
browRaiselnL 9.35 16.22 <.001 -1.89
mouthLipsTogetherDL 34.19 36.93 0.007 -0.36
Neutral mouthUpperLipRollInL 6.61 0.56 <.001 1.39
mouthUpperLipRollInR 6.61 0.57 <.001 1.39
mouthCornerDepressR 6.30 0.00 <.001 1.41
mouthLipsTogetherDL 33.45 31.10 <.001 0.48
mouthLipsTogetherDR 33.45 31.10 <.001 0.48
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Figure 7. Comparison of AU Activation and Temporal Progression across Four Emotions. For each emotion, (a)
shows the total AU activation energy across selected control curves, and (b) shows the dynamic evolution of the
same AU curves over time (60 frames). Dynamic expressions show more sustained and distributed activation.

4.5.2. Spatial Distribution Pattern

Analysis of AU heatmaps(Figure 8) revealed significant differences in spatial engagement between
the two systems.The static system showed more concentrated AU activation in the upper facial region,
primarily involving eyebrow elevation and eyelid compression. In contrast, the dynamic system
exhibited more dispersed AU activation, with enhanced oral region engagement. This was especially
evident under the "happiness" and "neutral" conditions, where a spatial topology of multi-region
coordinated motion emerged. This distributional difference indicates that dynamic expressions more
authentically replicate the multi-source driven mechanisms of facial expression generation.
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Figure 8. Spatial distribution patterns of AU activations under four emotional conditions. Each subfigure

compares static (left) and dynamic (right) AU heatmaps for: (a) Anger, (b) Happiness, (c) Sadness, and (d)
Neutral. Static activations are more concentrated in the upper facial region (e.g., brow and eyelid), while dynamic
activations involve wider participation from the mouth, cheeks, and chin areas, especially in “Happiness” and
“Neutral” expressions.

4.5.3. Temporal Evolution Structure

In the temporal dimension, dynamic AU curves exhibited smoother and more continuous fluctua-
tions, whereas static AU curves often displayed high-amplitude, single-peak activations, as shown in
Figure 7(b). Taking the "sadness" emotion as an example, dynamic AUs followed a continuous pattern
of "gradual rise-peak—gradual fall," reflecting a more nuanced emotional delivery rhythm. In contrast,
static AUs tended to produce abrupt peak activations within a limited number of frames, lacking
transitional flow. This structural difference indicates that the dynamic system holds a significant
advantage in simulating the gradualness and realism of emotional transitions.

In summary, the static AU model provides higher intensity and recognizability for capturing
prototypical emotional moments, making it suitable for tasks requiring clearly labeled and goal-
directed expression recognition. However, the dynamic AU activation structure demonstrates superior
performance in the naturalness of emotional delivery, the completeness of spatial engagement, and the
coherence of temporal sequencing. Particularly in scenarios involving compound emotion expression
and micro-expression generation, dynamic curves enable more credible and fluid facial animations,
offering critical support for emotion modeling in interactive systems such as digital humans.

4.6. Correlation Analysis Between Subjective Ratings and Objective AU Features

To be specific, the study constructed correlation matrices based on Ekman’s basic emotions under
both static and dynamic AU systems. AU activation features were quantified using the average value of
control curves over the video duration, while subjective ratings were derived from participants’ scores
on a four-dimensional Likert scale. Pearson correlation coefficients were computed and visualized
through heatmaps to reveal the coupling relationships between objective AU activations and subjective
perceptual dimensions.

As shown in Figure 9, exaggerated activations of specific AU curves—such as mouthLipsTogether
and noseWrinkle—in the static system were strongly negatively correlated with perceived naturalness
and emotional congruence. For instance, mouthLipsTogetherUR showed a correlation coefficient
of -0.90 with congruence, while noseWrinkleR reached -0.99 (p = 0.009), indicating that excessive
muscle contractions may diminish perceived naturalness and emotional congruence. In contrast,
browRaiseOuterL demonstrated significant positive correlations with layering (r = 0.91) and satisfaction
(r = 0.64), suggesting that subtle motion signals may enhance expression richness and user acceptance.
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In the dynamic system, similar trends were more pronounced. The aforementioned exaggerated
AUs remained negative indicators, with correlations ranging from moderate to strong with naturalness
and satisfaction (e.g., noseWrinkleR and naturalness, r = -0.94). Meanwhile, movements such as
browRaiseln exhibited strong positive correlations with satisfaction and layering, highlighting their
beneficial role in conveying smooth emotional transitions.

Although high-confidence significance testing was limited by the small sample size (n = 8), these
preliminary findings suggest potential mechanisms by which different AU activation patterns influence
subjective user experience: natural, subtle, and gradual AU activations are more likely to yield positive
perceptual evaluations, whereas large-amplitude, abrupt activations may be perceived as unnatural
or incongruent.
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Figure 9. Pearson correlation heatmaps between AU activation features and subjective perceptual ratings across
static (left) and dynamic (right) systems. The color indicates the strength and direction of correlation (from —1.0
to +1.0) between each AU curve and four subjective dimensions: naturalness, emotional congruence, layering,
and satisfaction.

4.7. Conclusion
4.7.1. Key Findings and Contributions

This study presents a closed-loop emotion expression system that spans from semantic parsing
to 3D facial expression synthesis, bridging the response pathway between language understanding
and facial muscle activation. The system introduces a multimodal emotion recognition framework
integrating text, speech, and facial images, and builds a robust emotion classifier based on a ResNet18
backbone. In the expression synthesis module, the system utilizes Unreal Engine to finely control AU
motion trajectories, successfully generating expression animation sequences with structural continuity
and high naturalness.

Furthermore, the dynamic AU weight allocation mechanism driven by GPT-based semantic
outputs enables the generation of compound emotional expressions, surpassing the limitations of
conventional rule-based systems that rely on one-to-one mappings for single emotions. User exper-
iments further demonstrated that the dynamic expressions generated by the system received high
ratings across multiple perceptual dimensions and exhibited significant correlations with AU activation
parameters, confirming a structural alignment between affect generation and human perception.

4.7.2. Limitations and Future Work

Despite its strong performance across various metrics, the current system still faces several
limitations. First, the emotion categories are restricted to Ekman’s seven basic emotions, without
incorporating more complex, socially- or culturally-grounded, or blended emotion expressions [34,35],
which limits adaptability in realistic interactive contexts. Second, although the semantic outputs of
the GPT model have been standardized, their stability under ambiguous or colloquial language input
remains to be further validated [36].
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Future work will consider incorporating large-scale pretrained multimodal models to improve
generalization to complex input scenarios. Additionally, methods such as neural deformation networks
may be employed to enhance personalization and fine-grained control in facial expression synthesis.
Expanding the participant sample size and including culturally diverse groups will also be essential to
explore how individual differences affect system acceptance and perception of expressions.
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