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Abstract

Recent advances in audio-driven talking-head synthesis have
brought lip-sync precision close to human perception, yet
emotional fidelity and real-time inference remain open chal-
lenges. Existing pipelines typically disentangle lip articu-
lation, facial expression, and head pose in latent space;
this rigid factorization ignores the intrinsic coupling be-
tween articulation and affect — e.g., downward lip corners
when sad—thus limiting expressiveness. We cast speech-
conditioned facial motion as a sample from an emotion-
conditioned distribution in a motion latent space. Concretely,
we (1) learn a motion dictionary of orthogonal bases with
an autoencoder via self-supervision, (ii) construct emotion-
conditioned sub-spaces within the latent space, and (iii) de-
sign a layer-progressive cross-attention fusion module that
modulates a flow-matching sampler with both audio and
emotion signals. Only ten reverse ODE steps are required
to generate a motion-latent trajectory, enabling real-time
end-to-end latency. Extensive experiments on MEAD and
RAVDESS show that our method outperforms recent GAN-
and diffusion-based baselines in emotion accuracy while run-
ning at around 75 FPS on a single desktop GPU. The pro-
posed framework delivers the first emotionally expressive
Audio2Face system that simultaneously achieves lip-sync ac-
curacy, affective realism, and real-time performance.

1 Introduction

Audio-driven talking-head synthesis (Audio2Face) has ma-
tured from a proof of concept into an enabling technology
for virtual assistants, remote collaboration, and digital enter-
tainment. Early systems focused almost exclusively on lip-
sync accuracy and approached human performance through
adversarial training and synchronization losses (Chen et al.
2019; Prajwal et al. 2020; Wang et al. 2021a; Ji et al. 2022;
Zhang et al. 2023; Yu et al. 2023). As digital humans move
toward emotionally rich, interactive applications, three addi-
tional requirements have become indispensable:

* Emotional fidelity. Facial behaviour must faithfully con-
vey the speaker’s emotion (e.g., down-turned lip corners
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Figure 1: Our method synthesizes facial motion in real time
while preserving lip-sync accuracy and emotional fidelity.
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for sadness, elevated zygomatic muscles for joy) instead
of remaining expression-agnostic.

* Multimodal coordination. Audio, affect, and head-pose
cues should be fused through a unified mechanism that
captures high-order correlations, rather than being in-
jected via separate task-specific branches.

* Real-time performance. Consumer devices allow only a
few milliseconds per frame; multi-hundred-step diffusion
samplers or large transformer stacks exceed this budget
by one or two orders of magnitude.

To enable emotion control, many recent GAN-based
methods explicitly factorize facial motion into lip artic-
ulation, expression, and head pose, driving the “expres-
sion branch” with either categorical labels or audio-derived
prosody (Tan et al. 2024; Hong et al. 2025; Feng et al.
2024; Zhou et al. 2025). Although this design grants per-
component editability, it tacitly assumes independence be-
tween articulation and affect. In reality, the two are strongly



coupled—sadness narrows the mouth aperture, while joy
raises lip corners-so factorisation breaks this correlation and
often yields videos that fail to convey the intended emotion.

Recent diffusion models learn the joint motion distri-
bution and thereby capture articulation-affect dependencies
(Xu et al. 2024; Cui et al. 2025b; Yang et al. 2025; Ji et al.
2025; Lin et al. 2025; Jiang et al. 2025; Chen et al. 2025;
Shen et al. 2025). However, their remarkable fidelity comes
with iterative samplings and heavy decoders. For example,
Hallo (Xu et al. 2024) uses a 40-step diffusion process with a
2B parameter UNet, achieving 0.55 FPS inference speed on
a single Ampere-based 80GB GPU. Moreover, most diffu-
sion pipelines inject each modality via separate branches or
naive feature concatenation. Every additional cue (e.g., eye
gaze, speaking style) necessitates architectural surgery and
often yields modality interference.

To overcome these challenges, we treat facial motion tra-
jectories as points on a continuous latent space learned by
an auto-encoder network. Motivated by the observation that
articulation and emotion are intrinsically coupled, we posit
that emotion-conditioned facial-motion latents concentrate
in a compact sub-space of the motion latent space.

Specifically, we propose an emotion-conditioned Au-
dio2Face framework, which is composed of three main mod-
ules: a motion dictionary with emotion-conditioned sub-
spaces, an implicit multimodal fusion block, and a ten-step
flow-matching sampler. Firstly, we learn a motion dictionary
of orthogonal bases through a self-supervised autoencoder,
then carve emotion-conditioned sub-spaces within the mo-
tion space. Secondly, we introduce a layer-progressive cross-
attention multimodal fusion module that treats the current
latent state as a query and the audio, emotion, and reference
motion embeddings as keys/values. By selectively injecting
cross-modal context in the deeper transformer layers while
preserving low-level articulation in shallow layers, this mod-
ule directly modulates the latent velocity field without be-
spoke branches. Thirdly, we train a velocity field predictor
with a DiT architecture, and reduce generation to integrat-
ing a first-order ODE; only ten reverse steps and < 1800
parameters are sufficient to synthesize a complete motion-
latent trajectory, achieving up to 75 FPS inference speed on
a 3090.

To train the entire framework, we follow a three-stage
curriculum. Stage I learns the motion dictionary on a
320K-clip corpus that merges VFHQ (Xie et al. 2022),
HDTF (Zhang et al. 2021), and RAVDESS (Livingstone and
Russo 2018). Multi-scale perceptual loss enforces global
coherence, while mouth- and eye-centric patch discrimina-
tors with feature-matching objectives sharpen the regions
most critical to human perception. Stage II fine-tunes on
the emotion-annotated MEAD dataset (Wang et al. 2020) to
shape the emotion-conditioned sub-spaces, using segment-
level soft attention and mean-matching constraints to pre-
serve lip-speech alignment and expression intensity; a soft-
orthogonality regulariser prevents different emotion sub-
spaces from collapsing. Stage III jointly trains the multi-
modal fusion module and the flow-matching transformer, so
that under any combination of audio, emotion, and reference
motion, the network predicts a denoising velocity field, com-
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pleting the pathway from raw conditions to real-time, emo-
tionally faithful talking heads.

We evaluate our method on MEAD (Wang et al. 2020)
and RAVDESS (Livingstone and Russo 2018), comparing
it against state-of-the-art GAN-based and diffusion-based
baselines. Furthermore, we provide detailed analysis to val-
idate the effectiveness of each component. We provide
more video results regarding out-of-distribution generaliza-
tion and emotion control in the supplementary video.

To summarize, our contributions are as follows:

* Emotion-conditioned sub-spaces. We introduce the first
explicit learning of emotion-parameterised sub-spaces in
the motion latent domain, preserving articulation-affect
dependencies and improving naturalness.

Layer-progressive multimodal fusion. A cross-attention
fusion module injects audio and emotion into the latent
velocity field via adaptive layer normalization and gating,
enabling flexible control without architectural redesign.

Real-time flow-matching architecture. Combining the
motion dictionary with a ten-step sampler delivers the
first Audio2Face system that simultaneously satisfies lip-
sync accuracy, affective fidelity, and around 75 FPS in-
ference speed, outperforming state-of-the-art baselines in
both emotion accuracy, visual quality, and speed.

2 Related Work

Currently, audio-driven talking head generation methods
can be divided into two categories: non-diffusion-based and
diffusion-based.

2.1 Non-diffusion-based Audio-Driven Talking
Head Generation

Early audio-driven methods focused on lip-sync accuracy,
adopting end-to-end architectures with adversarial training
and direct frame-wise generation via extra facial represen-
tations, e.g., facial landmarks (Chen et al. 2019; Zhou et al.
2020; Liu et al. 2023) and 3DMMs (Ren et al. 2021; Zhang
etal. 2021, 2023). Recent works seek to learn a disentangled
representation of facial motion, such as lip and non-lip (Yu
et al. 2023), expression and head pose (Zhou et al. 2021),
emotion and articulation (Tan et al. 2024; Feng et al. 2024;
Wang et al. 2025a) to improve controllability. However, they
ignore the intrinsic coupling between articulation and affect,
leading to emotion-flat results. Our method learns a motion
dictionary with emotion-conditioned sub-spaces, which pre-
serves the natural articulation-affect coupling and improves
expressiveness.

2.2 Diffusion-based Audio-Driven Talking Head
Generation

Diffusion-based methods have recently emerged as a pow-
erful framework for audio-driven talking head generation,
learning the joint distribution of audio and facial mo-
tion (Tian et al. 2024; Cui et al. 2025a; Yang et al. 2025).
These methods typically employ a diffusion model to learn
the conditional distribution of facial motion given audio sig-
nals, such as in Hallo (Xu et al. 2024), Hallo3 (Cui et al.
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Figure 2: Method Overview. We follow a three-stage train-
ing strategy to progressively inject scale, affect, and mul-
timodality. Stage I learns the motion dictionary M with an
auto-encoder network. Stage II carves emotion-conditioned
sub-spaces S, inside the latent space. Stage III trains the
multimodal fusion block and the flow-matching sampler to
generate facial motion from audio and emotion conditions.

2025b), MegActor (Yang et al. 2025), and Sonic (Ji et al.
2025). They achieve high fidelity and naturalness by lever-
aging the diffusion process to generate realistic facial mo-
tion. However, these methods often require hundreds of dif-
fusion steps and large UNet decoders, leading to slow in-
ference speeds. Very recent works like Loopy (Jiang et al.
2025) and FLOAT (Ki, Min, and Chae 2024) have attempted
to improve the efficiency of diffusion-based methods by uti-
lizing a latent diffusion model (Rombach et al. 2022) or flow
matching (Lipman et al. 2023). However, these methods typ-
ically inject audio and emotion through separate branches
or concatenation, which can lead to interference between
modalities and limit the expressiveness of the generated mo-
tion (Ki, Min, and Chae 2024). Our method addresses these
limitations by introducing a unified multimodal fusion mod-
ule that directly modulates the latent velocity field with au-
dio and emotion signals, enabling flexible control without
architectural redesign. Additionally, we employ a ten-step
flow-matching sampler that achieves real-time performance
while maintaining high fidelity and naturalness.

3 Method

Given a source image S, a target audio sequence ¢~** and an
emotion condition e € R7 (probabilities of seven emotions:
angry, surprise, happy, sad, disgust, fear, neutral), our goal
is to synthesize a video DT that synchronizes the lip mo-
tion with the audio and reflects the specified emotion. The
overall architecture and training strategy are shown in Fig. 2.

1:T
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3.1 Preliminaries

To learn a target distribution g over R, flow matching (Lip-
man et al. 2023) constructs a probability path(p;)o<;<1 from
a simple distribution p to ¢ by learning a time-dependent ve-
locity field u; : [0, 1] x R? — R?, which defines an ODE:

d
&wt(x) = u(Ye(x)), Yolz) =2 (D
where 1, (z) is the trajectory of a point x at time ¢. The goal
is to learn a velocity field that approximates the denoising
process of a diffusion model, such that the distribution of
11 () matches the target distribution g. Therefore, the train-
ing objective is to minimize the following loss:
Lryv = Egpmp, t~vU(0,1) |uf () — ug(2)||? )
Flow matching adopts a conditional optimal-transport
path and defines the random variable X; at time ¢ as X;
tX1+ (1 —1)Xo ~ p;. Take = Xy); and solve the ODE in
Eq. 1 to obtain the conditional velocity field u(x|z1), and
therefore the training objective in Eq. 2 can be rewritten as:

Lorm = Exgmn(0.1), X1 ~g t~v 0111 (Xe) — (X1 —Xo) |12
3
We note that it can be proved that Lpy; and Loy are

equivalent, sharing the same gradients to learn u?.

3.2 Motion Dictionary with Emotion-Conditioned
Sub-Spaces
Unlike implicit-keypoints-based methods (Siarohin et al.
2019; Wang, Mallya, and Liu 2021) that utilize implicit key-
points to represent facial motion, we learn a motion latent
space that captures the facial motion z parameterized by a
motion dictionary M. Specifically, given a facial image S,
we obtain a latent code z, € R? and decompose it into an
identity component z5_,, and a facial motion latent w,_,,
formulated as z; = 25, + w,_s. Following (Wang et al.
2024) we learn a motion dictionary M € RY > that consists
of a set of orthogonal bases {m; } %Y | in the latent space. The
motion trajectory w,._, ; can be represented as a linear com-
bination of these bases:
N
Wy = M7 A(S) =D Ni(S)m; &)
i=1

Semantically, each base m; represents a specific basic mo-
tion pattern, and the source-dependent coefficients A;(S)
control the contribution of each base to the overall motion
trajectory. We note that the motion dictionary M is learned
in a self-supervised manner, without requiring any explicit
annotations, detailed in Sec. 3.4.

To incorporate emotion into the motion generation pro-
cess, we carve emotion-conditioned sub-spaces S, inside the
dictionary. Specifically, a learnable selector ®(e) € RF*N
chooses k directions and yields the bases B, € R¥*? of the
emotion-conditioned sub-space S:

B. = ®(e)-M, B.B! =1, 5)

spanning the sub-space S, = span(B!) c R%. Intuitively,
S. captures motion patterns that co-vary with emotion e
while inheriting orthogonality from M.



With the learned emotion-conditioned sub-spaces, we can
transform a motion trajectory w,_, s originating from emo-
tion e, to a target emotion ey by projecting it into the
corresponding sub-spaces:

Wr—ys = (I - Pesrc)wr%s + Petgtwr%sa P, = BZBe (6)

where P, is the projection matrix onto the sub-space S..
This operation preserves the identity-dependent component
while seamlessly replacing the affective part of the motion
trajectory with the target emotion, thus preserving the natu-
ral articulation-affect coupling.

3.3 Flow Matching in Motion Latent Space

To generate facial motion from the emotion-conditioned
sub-spaces, we employ a flow matching algorithm (Lipman
et al. 2023) that learns a velocity field in the motion latent
space. The learned velocity field uf (z;|c;) maps the noisy
motion latent x; and the condition signal ¢; fused by audio
and emotion conditions, to a target velocity field at sampled
time ¢ € [0,1]. With uf(x|c;), we can generate a motion
trajectory conditioned with input audio signal ¢! and emo-
tion condition e by solving the ODE in Eq. 1.

As Fig. 2 shows, we adopt a DiT-like transformer (Peebles
and Xie 2023) to model the velocity field predictor, which
consists of a series of transformer blocks that process the
input motion latent z; and the condition signal to produce
the velocity field u? (x¢|¢;).

At each time step t, the condition signal c;
F(Caud; Cemos Cret) 18 constructed by an implicit multimodal
fusion module F:

* cyg—audio embedding from a frozen Wav2Vec2 en-
coder (Baevski et al. 2020).

* Cemo—predicted from audio via pre-trained predic-
tors (Pepino, Riera, and Ferrer 2021) or explicit labels e.

* Cf = W, s—reference motion projected into S, to en-
sure emotional consistency.

Audio, reference-motion, and emotion conditions are
first projected to a common channel space. For shallow
layers(! < 2), only audio conditions are involved to avoid
early interference; deeper layers fuse all three modalities
as keys/values and perform multi-head cross-attention. A
depth-aware blend ¢ = (1 — A)cgud + A cmix With A =
(I — 2)/(L — 2) smoothly increases multimodal influence at
the [-th layer. Then the fused context ¢ is augmented with a
sinusoidal time embedding and fed to a 6-D predictor that
outputs LayerNorm scale ~, shift 3, and residual gate g.
These parameters modulate both the self-attention and feed-
forward layers, enabling fine-grained control while keeping
the residual path.

Formally, this process can be expressed as Algorithm 1
in the supplementary. Our novel design allows us to capture
the high-order correlations between different modalities and
enables flexible control over the generated motion trajectory.

3.4 Training Strategy

Our training curriculum comprises three stages that progres-
sively introduce scale, affect, and multimodality.
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Stage I: Motion Dictionary Learning In the first stage,
we learn the motion dictionary M from a large-scale corpus
that merges VFHQ (Xie et al. 2022), HDTF (Zhang et al.
2021), and RAVDESS (Livingstone and Russo 2018). We
train the auto-encoder to reconstruct the motion latent z,_.4
from the source image S and the target image D in a self-
supervised manner. The training objective is to minimize the
reconstruction loss, including an L loss and a multi-scale
perceptual loss (Johnson, Alahi, and Fei-Fei 2016) via a pre-
trained VGG network (Simonyan and Zisserman 2014). Fur-
thermore, to enhance the fidelity of the mouth and eye re-
gions, we calculate facial component loss that focuses on the
mouth and eye regions, respectively, following (Wang et al.
2021b). The overall loss function for this stage is:

Estagel :Erec + A(Ldv‘Ca,dv + )\VGGLZVGG (7)
+)\mouth£mouth—comp + /\eyeﬁeye—comp
Stage I1: Emotion-Conditioned Sub-Space Learning In
the second stage, we build emotion-conditioned sub-spaces
S. within the motion dictionary M using the emotion-
annotated MEAD dataset (Wang et al. 2020). In this stage,
we freeze the motion dictionary M and the auto encoder
learned in Stage I, and only train the sub-spaces projector
®. We randomly sample pairs of clips with the same speaker
and content but different emotions from the MEAD dataset.
We denote the source emotion as e, the corresponding
clip as Cy,c, and the target emotion as e;4:, with the cor-
responding clip as Cyq¢. We first extract the motion latent
Were € RT*4 from the source clip Cy;¢, and project it to
the target emotion sub-space S, , from S, . to obtain the
reference motion 4, following Eq. 6. Due to the lack of
frame-wise alignment between the source and target clips,
we employ a segment-level soft attention mechanism to en-
able supervision with the target clip C'4. Specifically, we
compute the segment-level soft attention matrix A, which
measures the similarity between the source and target seg-

ments, and use it to compute the aligned motion latent se-
quence uﬁféig"ed. With the aligned motion latent sequence,
we can compute the soft alignment loss Lq154, to align the

mean of the source and target motion latents, formulated as:
A =softmax (wsrcw;";ﬁ/\/;i) (8)

7I]tgt =A- wtgt (9)

1 & 1 <
Ealign :HT Zwtgt(t) - T Zwtgt(t)H% (10)
t=1 t=1

To ensure that the emotion-conditioned sub-spaces S, are
orthogonal to each other, we introduce a soft-orthogonality
regularizer L.+, that encourages the bases of different
emotion sub-spaces to be orthogonal. We note that we do
not restrict each emotion sub-space to be orthogonal to each
other, as this would limit the expressiveness of the model. In
practice, a high correlation between different emotion sub-
spaces is often observed, which can be beneficial for the
model to learn the articulation-affect coupling.

by

e1,e2€E e1#e2

IBLB.,||% (11)

Eortho =



Method FPS MEAD RAVDESS

etho PSNR FID FVD LSE-C M/F-LMD Accemo |[PSNR FID  FVD LSE-C M/F-LMD AccCemeo
Hallo 0.55 | 21.87 20.69 85.11 6.58 2.48/2.52 63.89 | 1697 18.13 181.52 5.72 1.89/2.87 41.02
EchoMimic| 0.76 | 21.69 20.56 14247 5.76 2.43/2.59 75.00 | 15.88 17.94 299.01 4.49 1.90/2.88 42.50
Sonic 1.82 | 21.33 22.62 56.59 8.09 2.67/242 7778 |1694 17.65 91.13 5.87 1.82/2.82 43.59
FLOAT 41.37|20.45 22.10 7593 6.93 2.74/3.14 64.10 | 15.21 17.93 85.66 537 1.84/3.53 45.00
SadTalker | 9.31 | 21.95 44.15 81.10 7.66 2.62/2.70 70.00 | 16.49 23.85 141.10 6.04 2.09/3.15 42.50
EAT 24.14|18.00 33.29 23225 7.76 2.52/3.50 75.00 | 17.24 36.15 22833 5.65 2.03/2.70 25.00
EDTalk 8.03 | 17.58 33.67 294.48 795 299/434 69.44 |15.21 52.35 219.53 6.03 2.09/3.67 35.00
Ours 91.23| 22.58 19.96 50.39 792 2.21/2.34 82.05 |17.52 15.04 62.15 591 1.66/2.40 62.50
GT - - - - 7.98 - 95.00 - - - 5.93 - 82.50

Table 1: Quantitative results on MEAD and RAVDESS datasets. For FPS, PSNR, LSE-C, and Acc,,,, higher is better; for FID,
FVD, M/F-LMD, lower is better. The best results are in bold. FPS is tested with a single Ampere-based 80GB GPU.

Additionally, we introduce an emotion recognition loss
LrEer calculated with (Toisoul et al. 2021):

Lrrr = CrossEntropy(FER(DEC(t4g¢)), €1g¢)  (12)

The overall loss function for this stage is formulated as:

EsmgeQ :)\alignﬁalign + )\orthoﬁortho + >\FER['FER
(13)

Stage III: Multimodal Fusion and Flow Matching In
the third stage, we freeze both M and S, jointly train the
multimodal fusion module and the flow matching trans-
former to predict the denoising velocity field u¢ (x;|e;) with
all training datasets. We sample fixed-length windows-L
frames from the training set as well as the corresponding au-
dio signals, and extract the emotion signals via a pre-trained
emotion predictor (Pepino, Riera, and Ferrer 2021). To en-
able chunk-by-chunk inference for streaming, we involve a
sliding window strategy that feeds the previous L’ frames
and audio clips together with the current frame to the model.
Following the derivation in Sec. 3.3, we optimize the condi-
tional flow matching loss Loy in Eq. 3:

Estage?) = ||ug(xt|ct) - (.7}1 - .1'0)”1 (14)

where z; = txq + (1 — t)zo is the noised motion latent
at time ¢, and o ~ N(0,I) denotes the noise sampled
from a Gaussian distribution, and x; is the target motion
latent sampled from the emotion-conditioned sub-space S..
We sample the time step from a logit-norm distribution ¢ ~
LogitNorm(0, 1) instead of a uniform distribution, as (Wang
et al. 2025b) point out that sampling more frequently in the
middle time steps can improve the generation quality of the
model. Furthermore, to enable classifier-free guidance, we
randomly dropout the condition signal c4ud; Cemo, Crey With
a probability of 0.1 during training.

U =(1 47, + ve)Uf(fco, ;)
_’Vau?(an ctlcaud = 0) - %Uf(ﬂ@o, ct|cemo = 0)

(15)

Guidance scales v,, ¥, can be applied to the condition signal
during inference following (Dao et al. 2023) as Eq. 15.
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4 Experiments

Baselines We select several state-of-the-art meth-
ods for comparison, including GAN-based methods:
SadTalker (Zhang et al. 2023), EAT (Gan et al. 2023),
EDTalk (Tan et al. 2024) and Diffusion-based methods:
Hallo (Xu et al. 2024), EchoMimic (Chen et al. 2025),
Sonic (Ji et al. 2025) and FLOAT (Ki, Min, and Chae
2024). We fine-tuned these methods on the same training
set as ours to ensure a fair comparison. For FLOAT, we set
Y. = 2 for emotional talking head generation as suggested
in the original paper.

Metrics We evaluate the generated videos in terms of
emotion accuracy, lip-sync accuracy, video quality, and in-
ference speed. SadTalker, EAT, and EDTalk are evaluated in
256 x 256 resolution, while others are evaluated in 512 x 512.

For emotion accuracy, we use a pre-trained Emotion-
Fan (Meng et al. 2019) to predict the emotion of gener-
ated videos, and compute the accuracy Accepo. Follow-
ing EAT (Gan et al. 2023), we fine-tune the Emotion-Fan
model on MEAD and RAVDESS, respectively.

For lip-sync accuracy, we calculate lip-sync error confi-
dence (LSE-C) using a pre-trained SyncNet (Chung and
Zisserman 2016). In addition, we compute the distance
between the landmarks of the mouth (M-LMD) and the
whole face (F-LMD) to evaluate the lip-sync accuracy
and the pose and expression accuracy of the generated
videos, respectively.

For visual quality, we measure PSNR and FID (Heusel
et al. 2017). Additionally, we compute 16-frame Fréchet
Video Distance (F'VD) (Unterthiner et al. 2018) to evalu-
ate the temporal consistency of the generated videos.
For inference speed, we measure average frames-per-

second (FPS) to generate 10-second video clips with a
single Ampere-based 80GB GPU.

4.1 Emotional Talking Head Generation

We conduct experiments on MEAD (Wang et al. 2020) and
RAVDESS (Livingstone and Russo 2018) to evaluate the
ability to generate emotional talking heads. Each dataset is
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Figure 3: Qualitative results of emotional talking head generation. The first row shows the input audio and the target emotion
label; the second row visualizes reference ground-truth mouth motion. Subsequent rows present outputs from our method and
recent baselines. The first and last column provides zoom-ins of the mouth region for perceptual detail.

split 8:1:1 into train/val/test, ensuring the test set contains
speakers unseen during training. Quantitative and qualitative
results are shown in Tab. 1 and Fig. 3, respectively.

GAN-based methods disentangle lip, expression, and
pose streams and drive each with separate losses, enabling
local editing but breaks articulation-affect coupling. These
methods struggle to generate realistic emotional talking
heads, as reported in terms of PSNR and FVD. Diffusion-
based methods learn the joint motion distribution and yield
impressive realism, yet depend on hundreds of sampling
steps and large style-U-Nets. Additionally, they fail to ex-
press emotion accurately, as shown in Tab. 1, achieving
lower than 50% emotion accuracy on RAVDESS.

Our approach attains the best visual quality on both
datasets. Specifically, on MEAD we reach 22.58 dB PSNR
and 19.96/50.39 FID/FVD, surpassing the baselines by
large margins; similar gains hold on RAVDESS. Compared
with diffusion-based methods, our method achieves a 166 x
speedup compared to Hallo and a 50x speedup over Sonic,
while maintaining high fidelity and naturalness.

In terms of lip-sync accuracy, our method achieves the
lowest M/F-LMD on both datasets. Our method achieves a
lower LSE-C than some methods, due to the richer head mo-
tion in the generated videos, leading to less accurate mouth
feature extraction by SyncNet. However, our M-LMD is still
the best among all methods, and the LSE-C is close to that of
ground-truth videos, indicating a good lip-sync accuracy. Vi-
sual comparison in Fig. 3 and supplementary videos further
confirms that our method can generate realistic emotional
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Method Visual T Lip-sync Accemo T

EAT 2.754+0.17 2.98+£0.18 79.00% + 1.48%
EDTalk 1.98+0.23 291+£0.16 69.00% +2.20%
EchoMimic 3.76 +0.12 3.53+0.16 47.00% 4+ 1.65%
Sonic 4304+0.15 4.62+0.11 61.00% +1.48%
FLOAT 4314+0.16 4.44+0.13 56.00% +3.43%
Ours 4.92+0.15 4.86+0.14 92.50% +0.97%

Table 2: User study results on visual realism, lip-sync accu-
racy, and emotional accuracy.

talking heads with natural lip-sync and head motion.

In terms of emotion accuracy, our method achieves a
significantly higher emotion accuracy (82.05% on MEAD
and 62.50% on RAVDESS) than all other methods. This
demonstrates that our method can effectively capture the
articulation-affect coupling and generate high-quality emo-
tional talking heads, thanks to the novel design of the
emotion-conditioned sub-spaces and the layer-wise multi-
modal fusion module. Qualitative results in Fig. 3 illustrate
that our method can generate expressive emotional talking
heads that accurately reflect the target emotion.

4.2 User Study

To further evaluate the quality of the generated videos, we
conduct a user study on 50 participants. Each participant
is shown 10 sequences of videos generated by our method



|PSNR  FID/FVD LSE-C M-LMD Accepmo

concat 18.90 22.75/97.59 6.93 293 3333
self-attn | 19.22 22.85/64.30 6.81 235  72.56
cross-attn | 21.60 22.68/56.73 4.34 273 69.44
w/o S, 21.90 22.15/63.43 6.81 239  64.10
random S, | 19.31 20.85/84.30 5.67 299  45.00
Ours |22.58 19.96/50.39 7.52  2.21  82.05

Table 3: Ablation study of layer-progressive cross-modal fu-
sion module and emotion-conditioned sub-spaces.

angry
happy
sad |
surprise
fear
disgust
neutral

(a) Original latent space (b) Emotion sub-spaces

Figure 4: t-SNE(d=2) visualization of the motion latent
space. (a) shows the original motion latent space, and (b)
shows the emotion-conditioned sub-spaces learned by our
method. The different colors represent different emotions.

and several baselines (EAT, EDTalk, EchoMimic, Sonic, and
FLOAT), sampled from the test dataset, and asked to score
from 1 (worst) to 5 (best) in terms of visual realism and lip-
sync accuracy and evaluate the emotional accuracy. The re-
sults are shown in Tab. 2. Our method outperforms the base-
line methods in all three aspects, demonstrating its superior-
ity in generating realistic emotional talking heads.

4.3 Ablation Study

Emotion-conditioned sub-spaces To verify that the
emotion-conditioned sub-spaces S, are effective in captur-
ing the articulation-affect coupling, we compare our method
with two variants: w/o S, which directly uses the motion
dictionary M without any emotion conditioning; and ran-
dom S, which selects random bases from M. Table 3 shows
that removing S. drops emotion accuracy by 18 pp, while
random bases hurt every metric, failing to capture the emo-
tion information and leading to poor lip-sync and emotion
accuracy. This proves that S. is essential for generating
high-quality emotional talking heads, providing more than
mere dimensionality reduction.

Figure 4 visualises the latent space with t-SNE (Maaten
and Hinton 2008). In the original space (Fig. 4(a)), emotion
clusters overlap heavily, indicating that the original repre-
sentation is dominated by phonetic and speaker-specific fac-
tors rather than affective cues. In contrast, Fig. 4(b) shows
the same samples after being projected to our learned emo-
tion sub-spaces. The points now aggregate into seven dis-
tinguishable clusters. We notice that two pairs of emotion
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— angry vs. disgusted and fear vs. surprise — still exhibit
partial overlaps. This is because t-SNE compresses a 512-D
latent space into only two dimensions, inevitably discarding
some discriminative variance. Furthermore, these emotion
pairs share similar facial action patterns (e.g., brow-lowering
for anger and disgust, and eye-widening for fear and sur-
prise), which makes them hard to separate.

Cross-modal fusion module To validate the effectiveness
of the cross-modal fusion module, we conduct an ablation
study by comparing the performance of our method with
and without the cross-modal fusion module. We evaluate
several strategies: directly concatenate the audio and emo-
tion conditions without any fusion mechanism (concat); ap-
ply self-attention on different modalities and fuse them with
a linear layer (self-attn); and activate cross-attention across
all layers of the DiT block (cross-attn). As Table 3 indi-
cates, naive concatenation fails to model high-order inter-
actions (emotion 33%), while self-attention helps lip-sync
(better M-LMD) but not realism (FID stagnates). The cross-
attn strategy improves the performance significantly, but still
lags behind our method, especially in terms of emotion accu-
racy and lip-sync accuracy, confirming that early fusion dis-
turbs phoneme timing. Our layer-progressive cross-attention
scheme preserves temporal structure at lower layers and in-
jects affective context higher up, yielding the best overall
balance——6.34 FVD, —0.14 M-LMD, and +9.49 pp emo-
tion accuracy over the strongest baseline. This design en-
ables the model to better capture high-order correlations be-
tween audio and emotion signals while preserving the tem-
poral structure of the motion latent, therefore generating
emotionally expressive and realistic talking head videos.

5 Conclusion

We introduced an Audio2Face framework that jointly learns
a motion dictionary and emotion-conditioned sub-spaces,
captures articulation-affect coupling, and deploys a ten-step
flow-matching sampler for real-time generation. Extensive
experiments demonstrate that our method achieves state-of-
the-art performance in terms of emotion accuracy, lip-sync
accuracy, video quality, and inference speed, while ablations
confirm the benefits of both the sub-space design and our
layer-progressive fusion block. Our method produces natu-
ral, expressive talking heads at 75 FPS on a consumer-grade
device. Beyond outperforming existing baselines, our design
offers a scalable blueprint for multimodal character anima-
tion: new cues can be injected via the same fusion mecha-
nism, while additional affective styles map to distinct sub-
spaces without architectural surgery.

We also acknowledge the limitations of our current model,
which is trained solely on English speech and a limited set of
seven basic emotions. Furthermore, most training sequences
involve near-frontal facial poses, limiting the model’s gen-
eralization to extreme head rotations. As future work, we
plan to expand the linguistic and emotional coverage of
the dataset, incorporate pose-diverse training samples to
enhance robustness to head movement, and explore text-
conditioned generation to enable fully scriptable, multilin-
gual character synthesis.
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