
Emotional Talking Face Generation via
Spatial-Temporal Decoupled Training and Continuous

Emotion Guidance

Yuhai Deng
School of Computer Science

Nankai University
yuhai_deng@126.com

Abstract

Diffusion-based models have recently advanced talking face generation by pro-
ducing high-resolution videos with accurate audio-lip synchronization. However,
generating vivid and fine-grained facial expressions remains challenging due to
two key limitations. First, the lack of fine-grained emotional representations limits
expressive control and hinders the modeling of subtle emotional nuances. Second,
the temporal module in diffusion models enforces smoothness constraints during
training, which induces a coupling between temporal modeling and expression
learning. This coupling limits the model’s ability to learn fine-grained and dynamic
facial expressions. To address these issues, we introduce a continuous Valence-
Arousal (VA) emotion representation and a spatial-temporal decoupled training
strategy. The VA representation enables precise and interpretable emotional control,
while the decoupled strategy mitigates the training-time coupling. Specifically, we
use VA signals to guide expression generation and first train the model without
the temporal module to learn precise emotion-to-expression mappings, then intro-
duce the temporal module to ensure temporal consistency. This design enhances
emotional control and improves the alignment between facial expressions and
audio-driven emotions.

1 Introduction

Talking face generation has gained widespread attention due to its applications in digital communi-
cation [1], virtual assistants [2], and AI-driven content creation [3]. While early studies primarily
focused on accurate audio-lip synchronization, achieving truly natural and engaging talking videos
requires the synthesis of vivid and expressive facial behaviors. In particular, generating expressive
talking videos with vivid and fine-grained facial expressions is crucial for conveying emotions and
intentions [4, 5], which in turn enables more engaging and realistic human-computer interactions.

Recent studies [6, 7, 8, 9, 10, 11] in talking face generation have achieved impressive results in
audio-lip synchronization. Notably, with the advancement of video diffusion models, diffusion-based
methods [12, 13, 14, 15, 16, 17] enhance visual quality through high-resolution and temporally
coherent video synthesis. However, these methods provide limited control over facial emotions. To
mitigate this constraint, several recent works [9, 10] have explored emotion guidance by conditioning
the generation process on discrete emotion categories [18, 10] or global affective vectors [9]. For
example, MoEE [18] employs discrete emotion labels and introduces emotion-specific experts to
decouple six basic emotions, enabling the synthesis of both base and compound expressions. Despite
their progress, their use of coarse emotion representations restricts the generation of fine-grained
expressions, such as gradual changes in emotional intensity and smooth transitions between similar
affective states.
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Figure 1: Our method enables expressive talking face generation with fine-grained emotional control.
(Top) Given a reference image and an audio clip, our model generates a talking face video with
expressions that align with the affective state of the speech. (Bottom left) By adjusting a specified
Valence-Arousal (VA) sequence, our approach allows for fine-grained control over emotion intensity,
enabling nuanced expression manipulation. (Bottom right) Our method supports emotion transition,
enabling dynamic expression changes over time.

A key limitation of current methods lies in the entanglement between temporal consistency mod-
eling and the learning of fine-grained expressions. Temporal attention mechanisms are commonly
introduced to ensure smooth transitions across frames. However, such mechanisms often lead to
overly smooth facial motions, suppressing subtle variations across frames. Consequently, the joint
optimization of spatial and temporal objectives within a single-stage training pipeline limits the
model’s ability to capture expressive, dynamic facial changes. Another limitation lies in the use
of discrete emotion categories (e.g., ‘happy’, ‘sad’). Although these categories provide high-level
emotional control, they fail to capture nuanced intra-class variations. For instance, a gentle smile and
an exuberant grin are both labeled as ‘happy’ but differ significantly in expression intensity and visual
dynamics. Such coarse labels restrict fine-grained control over facial behavior, ultimately limiting the
expressiveness and diversity of the generated videos.

To address these issues, we propose a framework that integrates continuous emotion representation
with a spatial-temporal decoupled training strategy. Specifically, we adopt the Valence-Arousal (VA)
space [4] as a continuous affective representation, where valence reflects emotional polarity, and
arousal denotes the level of activation. This allows for more precise and flexible control of facial
expressions across a broad emotional spectrum. Furthermore, to alleviate the coupling between
spatial expression learning and temporal smoothness during training, we introduce a two-stage
spatial-temporal decoupled training strategy. In the first stage, we train the model on image-level
data without temporal modules, encouraging accurate and fine-grained expression synthesis from
VA signals without being constrained by temporal smoothness. In the second stage, we reintroduce
temporal modules and fine-tune the model on video sequences to ensure temporal coherence. This
progressive strategy not only alleviates the over-smoothing effect caused by temporal constraints but
also enhances data efficiency by reducing reliance on large-scale annotated videos. As illustrated
in Figure 1, our approach enables expressive talking face generation with fine-grained emotional
control, producing facial behaviors that align with the underlying emotional cues in the audio and
supporting continuous emotion editing.

In summary, our primary contribution is enabling fine-grained control of facial expressions in talking
face generation. To this end, we make the following contributions:

• We adopt the Valence-Arousal (VA) emotion space as a continuous and fine-grained repre-
sentation of affective states, enabling more nuanced and flexible emotion control compared
to discrete emotion categories.

• We propose a spatial-temporal decoupled training strategy, which first trains the model on
image-level data for precise expression learning and then fine-tunes it on video sequences
to ensure temporal coherence. This efficient two-stage process facilitates fine-grained
expression control with limited training data.

• Through extensive experiments, we demonstrate that our method outperforms existing
approaches in expression controllability and realism, delivering expressive talking face
videos with dynamic and vivid facial movements.
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2 Related Work

Audio-driven Talking Face Generation. Audio-driven talking face generation, which aims to
synthesize a realistic talking video from a reference image and an audio clip, has been widely
explored. Early methods [19, 20, 21] focused on achieving lip synchronization by directly mapping
audio features to lip movements, while maintaining other facial attributes unchanged. Subsequent
works [22, 23, 24, 25, 26] employed GAN-based models to enhance visual realism and improve
the quality of synthesized talking faces. To further improve temporal coherence and controllability,
intermediate representations such as facial landmarks [7, 27, 24], 3D head poses [28, 29], and
3DMM parameters [30] have been introduced. Recently, diffusion models [31, 32] have emerged
as a powerful framework for generative modeling, driving significant advancements in high-fidelity
image and video generation [33]. Many models [13, 12, 14, 15, 34] built on the foundation of
pre-trained diffusion models [32], achieving high-fidelity talking face video generation. We also
adopt a diffusion-based generative framework to ensure high-quality video synthesis.To facilitate
more effective learning of expressive facial behaviors, we employ a spatial-temporal decoupled
training strategy. Specifically, the model is first trained on single frames to learn accurate spatial
expression mappings, and then temporally fine-tuned to capture dynamic consistency across frames.

Facial Expression Generation in Talking Face Video. Facial expression generation in talking face
video enhances realism by modeling emotional variations beyond lip motion. Most prior methods
adopt coarse-grained emotion control, using discrete emotion labels [10, 35, 36, 37, 38, 39] (e.g.,
happy, sad, angry) or emotion style images [8, 40, 41, 42] to guide expression generation. These
approaches help produce visually plausible expressions but lack flexibility and fail to capture subtle,
dynamic facial changes. Recent work explores fine-grained control of facial expressions. Some
methods [43, 44] extract emotion patterns from expression reference videos, such as 2D landmarks,
allowing one-shot generation for unseen identities. While these methods offer finer control, they
often rely on auxiliary driving videos or manually defined expression codes, increasing complexity
and limiting generalizability. Some approaches [45, 36] extend discrete labels with emotion intensity
values, which allows partial refinement but still lacks continuous control. Another line of work
leverages facial Action Units (AUs) [46] for fine-grained control. For example, FG-EMOTalk [47]
uses a predefined set of AUs to modulate expressions, enabling localized control over facial muscle
movements. However, AU-based methods rely on manually designed codes and lack a compact,
interpretable representation of overall emotion. In contrast, we leverage the continuous Valence-
Arousal (VA) space [4], which provides a compact and interpretable representation of affective states.
Compared to discrete labels and AUs, VA enables smooth and scalable emotion control, allowing the
model to generate expressive behaviors that better reflect subtle emotional variations. Our approach
utilizes Valence-Arousal guidance to achieve fine-grained expression control and generate talking
face videos with expressions consistent with the emotional state of the speech.

3 Method

Our framework aims to generate expressive talking face videos that are both lip-synchronized to the
input speech and controllable in facial emotion. As illustrated in Figure 2, the inputs include a speech
audio segment, a reference image of the target speaker, and an optional emotion vector represented in
the Valence-Arousal (VA) space. The emotion condition can be either explicitly provided or inferred
from the audio, enabling both standard talking face generation and fine-grained expression editing.
The core of the framework is a diffusion-based generator built upon a 3D U-Net backbone [33], which
incorporates a spatial-temporal separable attention mechanism [48]. The spatial module integrates
reference, audio, and emotion features via cross-attention to model speaker identity, lip movements,
and emotional cues, respectively. The temporal module then applies self-attention across frames to
ensure smooth and coherent facial dynamics. To facilitate effective learning, we first train the spatial
module independently for accurate expression modeling, and then jointly train it with the temporal
module to ensure temporal coherence.

3.1 Preliminaries

Latent diffusion models (LDMs) [32] are a class of diffusion models that perform denoising in
a compressed latent space, significantly reducing computational cost while preserving generation
quality. A pretrained autoencoder E ,D is used to map an image x into a latent representation z =
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Figure 2: Overall framework and training strategy. The model generates expressive talking face
videos conditioned on audio, reference image, and emotion signals in the Valence-Arousal space.
The training follows a two-stage decoupled strategy, starting with static expression learning from
images and proceeding to dynamic modeling on videos for temporal consistency.

E(x), where the diffusion process is performed. After denoising in the latent space, the final result ẑ0
is decoded back into the image domain via the fixed decoder D. The model learns to reverse a noise
process by predicting either the clean data x0 or the added noise ϵ at each timestep.

Conditioning via Cross-Attention. To enable controllable generation, LDMs incorporate condi-
tioning signals (e.g., text, image, audio, emotion) through cross-attention mechanisms [49] in the
denoising network. At each timestep t, the model predicts noise via a conditional denoising function
ϵθ(zt, t, c), where c represents the encoded condition. Cross-attention is used to inject c into the
latent feature stream:

Attn(Q,K,V) = softmax
(
QK⊤/

√
dk

)
V, (1)

where the latent feature zt is linearly projected to queries Q, and the condition c is encoded into
keys K and values V. This allows the model to dynamically align the generation process with the
conditioning signal. In our framework, we leverage this mechanism to inject continuous Valence-
Arousal emotion representations into the denoising trajectory, enabling fine-grained and temporally
consistent expression control in talking face generation.

Temporal Module. In talking face generation, temporal consistency is typically modeled using self-
attention across frames [48]. The input feature tensor z with shape Rb×c×f×h×w, where b is the batch
size, c is the feature dimension, f is the number of frames, and h and w are the spatial dimensions, is
reshaped into (b× h×w)× f × c to apply self-attention along the temporal dimension f . Temporal
layers are incorporated into the Backbone Network at each resolution level to capture the dynamic
content of the video. These temporal modules offer advantages in ensuring smooth transitions and
maintaining temporal coherence. However, they often result in overly smooth expressions, which can
limit the diversity of emotional variations.

3.2 Continuous Emotion Representation

In affective computing and psychology [50, 51], the Valence-Arousal (VA) model is a widely adopted
dimensional emotion representation [52] that characterizes emotional states within a continuous
two-dimensional space. Specifically, Valence quantifies the degree of emotional pleasantness, ranging
from negative (e.g., sadness, anger) to positive (e.g., happiness, satisfaction), while Arousal measures
the level of activation, spanning from low (e.g., calmness, fatigue) to high (e.g., excitement, anxiety).
This continuous representation provides greater flexibility compared to discrete emotion categories,
enabling more precise control over emotional expressions (see Appendix A for a detailed discussion).

Our approach leverages the VA model as a continuous emotion condition to guide facial expression
generation. During training, we employ Emonet [53], a pre-trained emotion regressor on large-scale
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(a) Spatial suppression of expression intensity by tem-
poral modules.
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(b) Temporal smoothing behavior induced by temporal
attention modules.

Figure 3: Impact of temporal modules on expression controllability. (a) At the frame level, temporal
modules suppress expression intensity, resulting in flatter arousal responses. (b) In terms of temporal
dynamics, they introduce delayed reactions to changing arousal inputs, leading to overly smooth
transitions across frames.

facial expression datasets, to extract frame-level VA values. These VA values serve as conditional
inputs for the generation model. At inference time, the emotion condition can either be inferred from
the input audio using a speech emotion recognition model [54] or specified by the user. This enables
both standard talking face generation and fine-grained expression editing.

To integrate VA condition into the generation pipeline, each (Valence, Arousal) pair is processed by a
lightweight multi-layer perceptron (MLP), referred to as the Emotion-Encoder, which transforms
the low-dimensional emotion vector into a compact latent representation. This representation is then
used in the VA-Attention module, where emotional information is dynamically injected into the
generation process. Specifically, inspired by recent advances in cross-attention for semantic guidance
in diffusion models [55, 32, 56], the VA-Attention treats the VA embeddings as keys and values,
while the intermediate UNet features serve as queries. This design allows the model to selectively
attend to emotion signals at each denoising step, aligning local spatial details with global affective
context.

3.3 Spatial-Temporal Decoupled Expression-Progressive Training

To better capture fine-grained facial expressions, we propose a spatial-temporal decoupled training
strategy. Instead of jointly optimizing spatial and temporal modules from the beginning, we adopt
a two-stage approach. We first train the model without temporal modules to accurately capture
frame-level emotional expressions. Then, we fine-tune the model with temporal modules to learn
coherent motion patterns. This design mitigates the over-smoothing effects caused by early temporal
regularization and helps balance expression fidelity and temporal consistency. The following sections
present an analysis of the temporal constraints, along with detailed descriptions of the spatial-temporal
decoupled training strategy.

3.3.1 Analysis of Temporal Smoothness Constraints in Temporal Modules.

A key challenge in expressive talking face generation lies in balancing fine-grained emotional expres-
siveness with temporal coherence across video frames. When temporal modules are incorporated
from the early stages of training, they may impose excessive temporal regularization that suppresses
the model’s capacity to learn expressive and emotionally accurate facial details. As a result, the
model tends to prioritize temporal continuity at the expense of accurate and vivid facial expression
modeling. Specifically, we observe two forms of constraint: suppressed expression intensity at the
frame level, and delayed responses to changes in emotional input over time.

To analyze these effects, we compare two models, one trained with temporal modules from the
beginning, and one trained without them. Our first analysis focuses on frame-level emotional
controllability. We construct a series of inputs with varying arousal levels while fixing the valence
value, and use a pre-trained emotion regressor to estimate the emotional content of the generated
faces. As shown in Figure 3a, the model trained without temporal modules produces outputs that
closely follow the target arousal trajectory, indicating precise control over fine-grained expression
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strength. In contrast, the model trained with temporal modules exhibits notably flatter responses,
suggesting that temporal constraints hinder sensitivity to input-driven expression variations.

We further examine the impact of temporal modules on dynamic emotional responsiveness. In this
experiment, we introduce abrupt transitions in the arousal input to assess the model’s ability to adapt
expressions over time. As illustrated in Figure 3b, the model without temporal modules adjusts facial
expressions in a timely and direct manner. Conversely, the model with temporal modules exhibits
gradual transitions through intermediate expression states, resulting in a noticeable temporal response
lag. This smoothing effect indicates a temporal rigidity that limits the model’s capacity to reflect
sudden emotional shifts.

These observations suggest that although temporal modules enhance inter-frame consistency, they
also constrain expression fidelity and responsiveness when applied prematurely. To mitigate these
effects, we adopt a decoupled training strategy. We first optimize the model without temporal modules
to capture accurate static emotional representations, and then fine-tune it with temporal modules to
enhance temporal consistency. This progressive approach preserves fine-grained emotion control
while ensuring temporally coherent talking face generation.

3.3.2 Static Expression Learning

In the first stage, we train the model without temporal modules to focus purely on learning the mapping
from emotional signals to facial expressions at the frame level. Each training sample consists of
a reference image and a target valence-arousal pair, and the model is tasked with generating an
expressive face that reflects the specified emotion while preserving the identity of the reference. By
excluding temporal components, we avoid premature regularization and allow the spatial module to
develop precise, emotion-controllable expression generation.

To construct the training pairs, we randomly sample two images of the same speaker, where one is
the reference image and the other shows a different emotional expression as the target image. We
then extract the valence-arousal values from the target image as the conditioning signal. This setup
enables the model to learn how to edit the emotional expression of the reference image to match the
target emotional state while preserving the speaker’s identity.

To ensure that emotional conditioning is focused on the expressive regions of the face, we apply a
face mask to modulate the cross-attention response between the spatial features zs and the emotion
condition ce. The updated representation is computed as:

z′s = zs +CrossAttn(Q(zs),K(ce), V (ce)) ·M, (2)

where M is a binary mask that highlights the facial region, Q(zs) denotes the query projection
of the latent zs, and K(ce), V (ce) are the key and value projections of the emotion condition ce.
This spatially-aware modulation improves the model’s ability to generate accurate expressions by
restricting emotional influence to the relevant facial areas.

This static training phase provides a strong initialization for expressive generation. Once the model
has learned to produce emotionally aligned frames, we introduce temporal modules in the next stage
to refine motion continuity without degrading expression fidelity.

3.3.3 Temporal Adaptation for Expression Dynamics

Following the static expression learning stage, we incorporate the temporal attention module in
the model to enhance inter-frame coherence. At this stage, the model takes raw audio, a reference
identity, and the corresponding valence-arousal sequence as input, aiming to generate talking face
videos with both expressive accuracy and temporal consistency. We also introduce an audio branch to
estimate valence-arousal signals directly from speech. This branch is initialized from a pretrained
Transformer-based emotion encoder proposed in [54]. During fine-tuning, we update its emotion
prediction head and final Transformer layer to better align audio-derived emotional cues with the
visual expression synthesis. Through this progressive fine-tuning process, the model integrates static
expression controllability, temporal coherence, and speech-driven emotional guidance, resulting in
expressive and temporally fluid talking face generation.
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Table 1: Quantitative comparisons with state-of-the-art methods.

Method
MEAD [38] RAVDESS [57]

FID ↓ FVD ↓ E-FID ↓ Accemo ↑ Sync-C ↑ FID ↓ FVD ↓ E-FID ↓ Accemo ↑ Sync-C ↑
G

A
N

-b
as

ed Wav2Lip [21] 99.78 856.82 5.20 16.24 8.84 34.01 549.21 4.63 7.69 6.40
SadTalker [25] 102.34 678.64 5.32 16.24 5.32 38.21 731.43 5.16 7.69 3.51
EAT [10] 73.01 592.18 1.82 64.37 7.71 27.58 538.56 3.09 34.62 5.16
EDTalk [11] 84.36 515.36 2.55 68.83 7.76 36.66 359.12 4.98 54.81 5.34

D
iff

.-b
as

ed

AniPotrait [14] 52.57 605.59 3.40 16.55 3.41 26.34 340.66 3.13 7.69 3.86
Echomimic [12] 59.86 496.54 3.85 16.24 5.58 37.02 502.78 3.11 7.69 4.03
Sonic [15] 46.03 359.93 2.60 15.64 8.41 21.17 329.20 2.62 7.69 6.36
Hallo2 [13] 56.53 450.95 2.72 16.24 6.62 26.37 376.32 3.20 7.69 5.19
Ours 44.79 346.42 1.64 71.17 6.45 20.26 317.73 2.42 60.58 5.03

4 Experiments

4.1 Experimental Setups

Datasets. We conduct experiments on two emotional talking face datasets: MEAD [38] and
RAVDESS [57]. MEAD contains high-quality talking face videos from 47 actors, annotated with
eight distinct emotion categories and three intensity levels (low, medium, and high). RAVDESS
consists of audiovisual recordings from 24 actors performing both speech and singing, each portraying
eight different emotions. In the MEAD dataset, videos of four actors are reserved for testing, and
the remaining data are used for training. The RAVDESS dataset is employed exclusively during
evaluation to examine the model’s ability to generalize across different datasets.

Evaluation Metrics. We evaluate the generated expressive talking face videos in terms of generation
quality, audio-visual synchronization, and expressiveness of the facial expressions. Fréchet Inception
Distance (FID) [58] and Fréchet Video Distance (FVD) [59] measure realism at the frame and
video levels, where lower values indicate greater similarity to real data. For lip-sync accuracy, we
use Sync Confidence (Sync-C) computed from a pre-trained SyncNet [60], with higher Sync-C
indicating better synchronization. To assess expressiveness of the facial expressions, we compute the
expression accuracy (Accemo) using a pre-trained emotion recognition model, following EDTalk [11].
Additionally, we use the Expression-FID (E-FID) metric, introduced in EMO [61], which calculates
FID on facial expression parameters extracted with a 3D face reconstruction model [62]. This metric
quantifies the expression divergence between the synthesized and ground truth videos.

Baselines. We compared our proposed method with publicly available implementations of non-
diffusion-based methods, such as Wav2lip [21], SadTalker [25], EAT [10], and EDTalk [11], as well
as diffusion-based methods including AniPotrait [14], Echomimic [12], Sonic [15], and Hallo2 [13].
Among these, EAT and EDTalk are emotion-aware methods that utilize explicit emotion modeling.
The others do not model emotion and are thus regarded as emotion-agnostic.

4.2 Quantitative Results

As shown in Table 1, our method achieves significant improvements over previous state-of-the-art
approaches, particularly in expression-related metrics. Specifically, our model achieves the highest
expression accuracy (Accemo) of 71.17 on the MEAD dataset and 60.58 on the RAVDESS dataset,
surpassing both GAN-based and diffusion-based baselines. It also outperforms all methods in terms
of Expression-FID (E-FID), achieving 1.64 on MEAD and 2.42 on RAVDESS, which reflects its
ability to generate more precise and expressive facial animations. Additionally, our approach excels in
both FID and FVD scores, with 346.42 and 317.73 respectively, demonstrating the superior capability
of diffusion models in producing high-fidelity and temporally coherent videos. While the model
does not have the highest Sync-C, it maintains competitive values (6.45 on MEAD and 5.03 on
RAVDESS), balancing both high expression accuracy and audiovisual synchronization effectively.

4.3 Qualitative Results

Emotional Talking Face Generation. We present qualitative comparisons with recent state-of-
the-art methods as shown in Figure 4. The results can be divided into two settings: emotion-
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Figure 4: Qualitative comparison with state-of-the-art methods. Given an input image and audio,
we compare emotion-agnostic methods (top) and emotion-aware methods (bottom) across different
models. Our method generates expressive talking faces that accurately reflect the target emotion (e.g.,
Surprised and Angry), achieving more vivid and natural emotional expressions compared to previous
approaches.

agnostic and emotion-aware. In the emotion-agnostic setting, existing methods mainly focus on lip
synchronization while often producing neutral or limited facial expressions. In contrast, under the
emotion-aware setting, where explicit emotion inputs are provided, our method generates talking
faces with significantly more vivid, dynamic, and emotionally aligned expressions. Compared to
previous works, our approach better captures the subtle variations in facial muscles and overall
expression intensity, leading to more realistic and engaging talking faces. These results demonstrate
the effectiveness of our continuous emotion guidance and spatial-temporal decoupled training strategy
in enhancing expressive video generation. Moreover, as shown in the right half of Figure 4, previous
emotion-aware methods struggle to drive facial images outside the training set, whereas our method
maintains strong identity preservation. Furthermore, as demonstrated in Figure 7, our approach
successfully drives diverse types of faces.

Results of Expression Manipulation. To verify the model’s ability for fine-grained expression
control, we present qualitative results in Figure 5. The first row illustrates the gradual modulation
of expression intensity for ‘Angry’ and ‘Surprised’, where small changes in the control signal lead
to correspondingly subtle variations in facial expressions. This demonstrates the model’s precision
in capturing nuanced emotional shifts. Additionally, the second row shows a continuous morphing
between ‘Surprised’ and ‘Happy’, highlighting the model’s capability to smoothly transition across
different expression types without abrupt changes. These results confirm that our method enables
fine-grained and continuous control over facial expressions. Additional results are provided in the
supplementary material.

4.4 Ablation Study

Effectiveness of Decoupled Training. To evaluate the impact of Spatial-Temporal Decoupled
Training, we compare the full model with a jointly trained one-stage variant. As shown in Table 2,
removing decoupled training leads to the lowest Accemo (42.39%), revealing a clear drop in emotional
discriminability. We attribute this to temporal smoothness constraints in joint training, which suppress
subtle expression differences and result in similar facial behaviors across emotions. Decoupled
training mitigates this by first learning accurate emotion-to-expression mappings in the static domain,
avoiding many-to-one mappings and enhancing expression clarity in videos.

Effectiveness of VA-Guidance. To assess the role of continuous emotion conditioning, we replace
VA-Guidance with discrete emotion labels. This results in the worst E-FID score (1.89), indicating
degraded expression quality. Although Accemo is higher than the w/o decoupled training setting,

8



Intensity low → high Intensity low → high

A
ng

ry

Su
rp

ris
ed

M
or

ph
in

g

Surprised HappyHappily Surprised

Figure 5: Examples of expression manipulation. The first row demonstrates the control of expression
intensity for ‘Angry’ and ‘Surprised’ with intensity progressively increasing from left to right. The
second row illustrates a continuous morph between ‘Surprised’ and ‘Happy’ showcasing the model’s
ability to smoothly interpolate across different expressions.

Table 2: Ablation study by removing key components from the full framework.
Setting FID ↓ FVD ↓ E-FID ↓ Accemo ↑ Sync-C ↑
Full model 47.79 416.24 1.48 71.73 6.32
w/o Decoupled Training 50.95 441.61 1.89 56.52 6.27
w/o VA-Guidance 49.85 471.52 1.65 42.39 6.11

Table 3: Ablation studies on the use of Valence-Arousal (VA) information. (a) comparison of
conditioning mechanisms. (b) comparison of VA-Attention module placement.

(a) Comparison of three conditioning methods for in-
corporating Valence-Arousal (VA): (A) AdaIN, (B)
sinusoidal VA in timestep, and (C) cross-attention.

Conditioning
Mechanism FID ↓ FVD ↓ E-FID ↓ Accemo ↑ Sync-C ↑

(A) 53.74 485.29 2.55 41.30 6.03
(B) 51.92 472.85 2.17 48.65 6.08
(C) 47.79 416.24 1.48 71.73 6.32

(b) Comparison of three placements for the VA-
Attention module: (A) before the ref-attn, (B) between
ref-attn and audio-attn, and (C) after audio-attn.

VA-Attention
Location FID ↓ FVD ↓ E-FID ↓ Accemo ↑ Sync-C ↑

(A) 51.18 469.97 1.58 68.48 6.27
(B) 47.97 416.21 1.48 71.73 6.32
(C) 61.53 520.89 2.02 42.39 5.13

the generated expressions are coarser and less dynamic due to the limited granularity of discrete
categories. In contrast, VA-Guidance captures fine-grained valence-arousal variations, enabling more
nuanced and expressive facial behaviors through flexible one-to-many mappings from emotion to
expression.

Effectiveness of Different Conditioning Mechanisms. We compare three conditioning strategies
for incorporating VA information: AdaIN, sinusoidal timestep-level embedding, and cross-attention.
As shown in Table 3a, cross-attention achieves the best results across all metrics, demonstrating
its superiority in achieving expressive and fine-grained emotion control. Therefore, we adopt the
cross-attention as our conditioning mechanism.

Effectiveness of VA-Attention Placement. As shown in Table 3b, we evaluate different placements
of the VA-Attention module and find that inserting it between the reference and audio branches
achieves the best overall performance. This configuration balances emotion control and visual quality,
so we adopt this placement as the default setting in our final model.

5 Conclusion

In this work, we proposed a novel framework for expressive talking face generation by integrating
continuous Valence-Arousal (VA) emotion guidance with a spatial-temporal decoupled training
strategy. By decoupling expression learning from temporal modeling, our two-stage approach
enables the expression module to capture fine-grained emotional variations without being constrained
by temporal smoothness. The VA-Attention mechanism further allows precise and interpretable
control over facial expressions using continuous affective representations. Extensive experiments
demonstrate that our method achieves superior emotional expressiveness and realism compared to
existing approaches.
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Figure 6: Visualization of the Valence-Arousal (VA) space annotated with real facial expressions. The
surrounding facial images illustrate the fine-grained expressiveness of the VA space, distinguishing
expressions of varying intensity within the same emotional category and enabling smooth interpolation
across emotion types.

A Valence-Arousal Model

As shown in Figure 6, the Valence-Arousal (VA) model [52] provides a continuous two-dimensional
emotion space. Valence refers to the pleasantness or unpleasantness of an emotion, ranging from
positive to negative. High valence indicates positive emotions (e.g., happiness, satisfaction), while
low valence corresponds to negative emotions (e.g., sadness, anger). Arousal reflects the intensity or
activation level of an emotion, ranging from calm to excited. High arousal represents more intense
emotional states (e.g., excitement, anxiety), while low arousal indicates subdued emotions (e.g.,
relaxation, boredom).

Compared to discrete emotion categories, the V-A space offers greater flexibility and expressiveness.
Figure 6 illustrates the effectiveness of the Valence-Arousal (VA) space in modeling fine-grained
facial expressions. Expressions with similar emotion categories but different intensities are located
at distinct positions along the arousal axis, enabling continuous control. Moreover, interpolating
between typical VA coordinates yields expressions that go beyond discrete emotion classes, capturing
subtle or compound emotional states. This continuous structure allows smooth transitions between
affective states and captures subtle variations in emotional intensity, making it particularly suitable
for generation tasks requiring fine-grained emotional control. Moreover, the V-A model is widely
adopted in speech emotion recognition[54, 63], where valence and arousal can be reliably estimated
from audio signals. This makes it a natural choice for bridging audio and visual modalities, enabling
emotionally consistent talking face generation.

B Implementation Details

B.1 Network Details

Audio Encoder. Our audio encoder includes two branches, the content branch and the emotion branch,
both of which are based on the pretrained wav2vec model [64]. The content branch aims to capture
linguistic information that drives accurate lip motion. It extracts the hidden representations from all 12
transformer layers of wav2vec. These layer-wise features are concatenated to obtain a comprehensive
frame-level audio embedding. To align the high-dimensional features with the downstream talking-
face generation task, we apply three linear projection layers to map the concatenated embeddings to a
fixed-dimensional representation {c(s)audio}Ss=1, where c

(s)
audio ∈ RDa is the audio embedding for the s

frame. The Emotion Branch is also built upon the wav2vec backbone but is specialized to estimate the
emotional state in terms of valence-arousal (VA) dimensions. Following the final transformer layer of
wav2vec, we perform temporal average pooling over the hidden states and pass the result through a
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lightweight prediction head composed of a hidden layer and an output layer. This branch is initialized
with pretrained parameters from [54] to leverage emotionally discriminative representations and is
further fine-tuned during the second training stage. Specifically, we update the final transformer layer
and the emotion prediction head to better adapt to the emotional dynamics of talking face generation.

VA Attention. To enable fine-grained emotional control in facial generation, we propose a Valence-
Arousal Attention (VA-Attention) module that injects continuous valence-arousal (VA) signals into
visual features through a cross-attention mechanism. Specifically, given the input hidden states,
the module first applies Layer Normalization, followed by a cross-attention layer where the VA
embeddings serve as keys and values. This structure facilitates effective alignment between spatial
representations and the intended emotional cues. To ensure stable training and allow for a smooth
incorporation of emotional signals, we adopt a residual connection with a zero-initialized output
branch, following the design choice in ControlNet [56]. This initialization encourages the module to
initially behave like an identity function and gradually adapt to encode emotion.

VA Encoder. To transform the 2D valence-arousal (VA) signal into a high-dimensional representation
suitable for cross-modal fusion, we design a lightweight yet expressive VAEncoder module. This
module first encodes the input VA vector through a two-layer MLP with a LeakyReLU activation,
projecting it into a hidden space that captures non-linear affective variations. The resulting hidden
representation is then concatenated with the original VA input to retain the original signal structure.
To ensure compatibility with downstream components, especially the VA-Attention module, the
concatenated vector is further processed by a feed-forward network that maps it to a fixed embedding
dimension. A zero-padding strategy is employed before this mapping to align the input dimensionality
with the target size. Finally, a LayerNorm is applied to normalize the output embedding, improving
training stability. The encoded VA embedding is reshaped into a token-like format, enabling its use
as key and value vectors in subsequent cross-attention computations.

B.2 Data Details

We conduct experiments on MEAD and RAVDESS, two widely used emotional talking face datasets.
MEAD contains video recordings from 60 speakers, with 47 publicly available, each speaking
30 sentences under eight emotions and three intensity levels in a controlled studio environment.
Following common practice in prior work [11], we use four speakers (M003, M030, W009, W015)
for testing and the remaining for training. For RAVDESS, we select actor01 and actor24 for evaluation.
During evaluation, we select a frame labeled with Neutral emotion from the same speaker but a
different video to ensure a neutral identity image as the generation source.

B.3 Training and Inference Details

Our model is implemented in PyTorch and trained on NVIDIA A40 GPUs. All face images and
video frames are aligned and resized to 512×512 resolution. We adopt a two-stage training strategy.
In the first stage (Static Expression Learning), we train the spatial components of the model using
still images and corresponding valence-arousal values. The batch size is set to 48, and the model is
optimized using AdamW with a learning rate of 1× 10−5. No temporal modules or audio inputs are
involved in this stage. In the second stage (Dynamic Expression Modeling), we incorporate temporal
modules and fine-tune the full model using short video clips. The batch size is reduced to 4 due to
higher memory demands. Video clips are processed at a resolution of 512×512 pixels.

During inference, the model generates expressive talking face videos conditioned on a source image
and driving audio. The target emotion representation can be either explicitly provided as valence-
arousal values derived from video frames or implicitly inferred from the input audio using a pretrained
emotion encoder. We adopt the DDIM sampling strategy with 40 denoising steps, and synthesize
videos at 25 frames per second (FPS).

B.4 Details of Evaluation Metrics

To comprehensively evaluate the performance of expressive talking face video generation, we
adopt a set of quantitative metrics that assess different aspects of the generated videos, including
visual realism, audio-visual synchronization, and expression accuracy. Below, we provide detailed
descriptions of each metric used in our experiments.
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Figure 7: Qualitative results on generalization to different styles of reference images. Our method
generates expressive and temporally coherent talking face videos from reference images of diverse
visual styles, including realistic portraits, pencil sketches, and cartoons.

Fréchet Inception Distance (FID) [58] is used to measure the realism of individual video frames.
It computes the Fréchet distance between the feature distributions of real and generated images
extracted from a pre-trained Inception network. Lower FID values indicate that the generated frames
are more similar to real images in terms of high-level semantics and visual quality.

Fréchet Video Distance (FVD) [59] extends the FID metric to the video domain by capturing both
spatial and temporal consistency. It compares the distribution of features extracted from entire video
sequences using a 3D convolutional network (I3D), thus providing a more holistic assessment of
video realism. Lower FVD values correspond to higher fidelity and better temporal coherence.

Sync Confidence (Sync-C) measures the audio-visual synchronization quality between the generated
lip movements and the input speech. Following prior works, we use a pre-trained SyncNet [60] to
extract embeddings from audio and corresponding video frames, and compute the confidence score
based on their similarity. A higher Sync-C score indicates better lip-sync performance.

Expression Accuracy (Accemo) quantifies how well the generated facial expressions align with the
target emotional content. We follow the evaluation protocol introduced in EDTalk [11], which uses a
pre-trained facial emotion classifier to predict the emotion category of each generated frame. Accemo
is computed as the classification accuracy against the ground truth emotion labels.

Expression Fréchet Inception Distance (E-FID) is used to evaluate the distributional similarity of
facial expressions between generated and real videos. This metric was proposed in EMO [61] and is
computed by first extracting 3D expression parameters using a 3D face reconstruction model [62],
and then calculating the FID between the parameter distributions. Lower E-FID values indicate that
the generated expressions are more faithful to those in the ground truth.

C Additional Experimental Results

C.1 Qualitative Comparisons

Generalization to Different Styles of Reference Images. To evaluate the generalization capability of
our method across various visual domains, we test the model on reference images with three distinct
styles: realistic portrait, sketch, and cartoon. As shown in Figure 7, our approach can synthesize
temporally consistent talking face videos even when the input reference image deviates significantly
from natural imagery. For portrait-style references, the generated frames maintain fine facial details
and expressiveness. In the sketch setting, the model preserves the monochromatic texture while
still producing clear and vivid expressions. For cartoons, our method adapts to the exaggerated
features and generates sharp and consistent motions. These results demonstrate the robustness of
our framework in handling different visual appearances and its potential applicability to stylized
talking face generation. Fine-grained Emotion Transitions. Figure 8 qualitatively demonstrates the
fine-grained emotion control achieved through our method. Each row visualizes a smooth transition
between two basic emotions such as Fear and Surprise, Surprise and Happy, or Disgust and Angry.
These transitions are generated by linearly varying the target Valence-Arousal values while keeping

16



Fear SurpriseFear-Surprise

Surprise HappySurprise-Happy

Disgust AngryDisgust-Angry

Figure 8: Fine-grained emotion transitions achieved by interpolating target Valence-Arousal values.
Each row shows a continuous facial expression trajectory between two basic emotions. Intermediate
frames reflect compound facial expressions (e.g., Fear-Surprise), demonstrating smooth and control-
lable emotion editing.

Table 4: Detailed Accuracy of Emotion Classification of MEAD
Happy Angry Disgusted Fear Sad Neutral Surprised Contempt Average

Wav2Lip [21] 0.00 0.00 0.00 0.00 0.00 100.00 0.00 0.00 16.24
SadTalker [25] 0.00 0.00 0.00 0.00 0.00 100.00 0.00 0.00 16.24
AniPotrait [14] 0.00 4.27 0.00 0.00 0.00 97.5 1.71 0.00 16.55
Echomimic [12] 0.00 0.00 0.00 0.00 0.00 100.00 0.00 0.00 16.24
Sonic [15] 0.00 25.64 0.00 0.00 0.00 76.25 0.85 0.84 15.64
Hallo2 [13] 0.00 0.00 0.00 0.00 0.00 100.00 0.00 0.00 16.24
EAT [10] 92.50 93.16 35.89 4.35 44.17 100.00 100.00 31.09 64.37
EDTalk [11] 100.00 73.50 66.67 11.30 54.17 100.00 100.00 32.77 68.83
Ours 100.00 79.58 67.52 22.61 63.33 100.00 100.00 25.21 71.17

the reference image fixed. The resulting facial expressions exhibit continuous and coherent changes,
capturing plausible intermediate states like Fear–Surprise or Surprise–Happy. This highlights the
model’s ability to produce nuanced emotional expressions beyond discrete emotion categories.

C.2 Detailed Accuracy of Emotion Classification (Accemo)

We report emotion-wise classification accuracy on the MEAD dataset in Table 4. Most baseline
models struggle to convey clear emotional cues, often resulting in outputs classified predominantly as
Neutral. Our method achieves the highest average accuracy (71.17%) and consistently outperforms
previous approaches across nearly all emotion categories. Notably, it shows substantial improvements
in challenging expressions such as Fear, Sad, highlighting the benefit of our emotion-aware generation
strategy. We further evaluate generalization by reporting emotion-wise classification accuracy on the
RAVDESS dataset, which is not used during training (Table 5). Similar to the results on MEAD, most
baseline models tend to generate emotionally neutral faces, leading to low accuracy across non-neutral
categories. Our method achieves the highest average accuracy (60.58%) and demonstrates consistent
improvements across multiple emotion classes, including Angry, Disgusted, and Sad. These results
confirm the robustness of our emotion modeling and its ability to transfer to unseen data.

D Discussion

D.1 Limitation.

In our current framework, the background is explicitly kept static throughout the generated video.
This design simplifies the learning objective and allows the model to focus on precise facial expression
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Table 5: Detailed Accuracy of Emotion Classification of RAVDESS

Happy Angry Disgusted Fear Sad Neutral Surprised Average

Wav2Lip [21] 0.00 0.00 0.00 0.00 0.00 100.00 0.00 7.69
SadTalker [25] 0.00 0.00 0.00 0.00 0.00 100.00 0.00 7.69
AniPotrait [14] 0.00 4.27 0.00 0.00 0.00 97.5 1.71 7.69
Echomimic [12] 0.00 0.00 0.00 0.00 0.00 100.00 0.00 7.69
Sonic [15] 0.00 0.00 0.00 0.00 0.00 100.00 0.00 7.69
Hallo2 [13] 0.00 0.00 0.00 0.00 0.00 100.00 0.00 7.69
EAT [10] 100.00 0.00 0.00 0.00 0.00 50.00 100.00 34.62
EDTalk [11] 100.00 6.25 0.00 0.00 100.00 100.00 100.00 54.81
Ours 100.00 43.75 50.00 0.00 50.00 100.00 100.00 60.58

control. However, in practical applications, the visual scene may involve temporal variations in
background content, lighting conditions, or camera viewpoints. Since our model does not account for
such variations, its applicability to dynamic or scene-rich scenarios remains limited. Future work
could explore extending the generation framework to handle both facial dynamics and scene-level
changes in a unified manner.

D.2 Broader Impacts and Safeguards.

This work advances the generation of expressive talking face videos by leveraging continuous
emotion guidance and a two-stage training strategy. The proposed method has the potential to
benefit applications in human-computer interaction, virtual avatars, and assistive communication
technologies for individuals with speech or hearing impairments. By enabling more natural and
emotionally aligned facial synthesis, it contributes to enhancing the realism and usability of digital
agents in educational, healthcare, and entertainment settings.

However, like many generative models involving facial synthesis, this technology may also pose risks
of misuse. In particular, it could be employed to generate deceptive or manipulated content, such
as emotionally convincing deepfakes, which could contribute to disinformation, impersonation, or
violations of privacy. These potential negative societal impacts underscore the need for responsible
development and deployment practices.

To mitigate these risks, we will release our pretrained models under a controlled protocol. The release
will include a usage license that explicitly prohibits malicious applications such as impersonation or
content manipulation. We also plan to provide access through an API-based interface to monitor and
limit how the model is used in practice. All training data used in this study are derived from publicly
available datasets with appropriate usage permissions, and no private or personally identifiable
information has been used. We believe these safeguards strike a balance between fostering research
progress and promoting ethical use.
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