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Abstract
We present VQTalker, a Vector Quantization-based frame-
work for multilingual talking head generation that addresses
the challenges of lip synchronization and natural motion
across diverse languages. Our approach is grounded in the
phonetic principle that human speech comprises a finite set
of distinct sound units (phonemes) and corresponding vi-
sual articulations (visemes), which often share commonal-
ities across languages. We introduce a facial motion tok-
enizer based on Group Residual Finite Scalar Quantization
(GRFSQ), which creates a discretized representation of fa-
cial features. This method enables comprehensive capture of
facial movements while improving generalization to multiple
languages, even with limited training data. Building on this
quantized representation, we implement a coarse-to-fine mo-
tion generation process that progressively refines facial ani-
mations. Extensive experiments demonstrate that VQTalker
achieves state-of-the-art performance in both video-driven
and speech-driven scenarios, particularly in multilingual set-
tings. Notably, our method achieves high-quality results at a
resolution of 512 × 512 pixels while maintaining a lower bi-
trate of approximately 11 kbps. Our work opens new possi-
bilities for cross-lingual talking face generation.

Introduction
Audio-driven talking head generation aims to create realis-
tic facial animation synchronized with input audio and has
various applications in film dubbing and animation produc-
tion. The core challenge lies in precise lip synchronization,
which is crucial due to the McGurk effect (McGurk and
MacDonald 1976). This effect demonstrates the intricate in-
teraction between auditory and visual cues in human speech
perception. Although current audio-driven talking head gen-
eration methods have made significant progress, existing al-
gorithms (Zhang et al. 2023a; Ma et al. 2023; Liu et al. 2024)
still face synchronization issues, such as misalignment be-
tween audio and visual cues or the absence of specific lip
shapes. These problems are particularly pronounced when
dealing with languages outside the Indo-European family.

This limitation primarily stems from two factors. Com-
monly used training datasets like VoxCeleb (Nagrani,
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Chung, and Zisserman 2017), CelebV-HQ (Zhu et al. 2022),
MEAD (Wang et al. 2020), and HDTF (Zhang et al.
2021) are overwhelmingly dominated by Indo-European
languages, like English, German, and French. As a result,
models trained on these datasets perform well within the
language family but often fail to accurately capture the lip
movements and facial expressions associated with other lin-
guistic groups. Secondly, the reliance on continuous rep-
resentations in existing methods further compounds the
problem. Those approaches typically operate in continuous
spaces, such as the continuous spectral representations of au-
dio inputs and the continuous latent embeddings of facial
motion outputs. However, different language families pos-
sess a finite number of distinct phonetic structures and vi-
sual articulations. Continuous representations allow for infi-
nite variations, potentially increasing training difficulty and
leading to overfitting specific languages.

While some approaches (Yang et al. 2020; Huang et al.
2021; Song et al. 2022; Sung-Bin et al. 2024) focus on in-
creasing training data volume for other languages, this strat-
egy is resource-intensive and particularly challenging for
minority languages. Moreover, simply increasing data vol-
ume may not fully address the underlying need for models
that can generalize across diverse linguistic systems.

In this paper, we propose VQTalker. Our approach lever-
ages the fundamental linguistic concept of phonemes and
visemes to create a novel system for talking head genera-
tion. By mapping discretized speech units to discretized fa-
cial motion tokens, we develop a method that captures the
essential elements of speech-driven facial animation across
diverse languages. Each speech unit or combination in our
framework is conceptually linked to a phoneme, and each fa-
cial motion token is also conceptually tied to a viseme. This
discrete representation allows us to model the universal pat-
terns of speech-to-facial movement correlations efficiently.
Figure 1 provides a depiction of the core process by which
VQTalker converts audio tokens into facial motion tokens,
bringing a portrait to life with discrete mouth shapes.

Specifically, we design a facial motion vector tokenizer
to model comprehensive facial movements, encompassing
head pose, gaze direction, eye blinks, and most critically, the
nuanced dynamics of lip shapes. These motions, particularly
the intricate variations in lip articulation, form a finite set of
possible states. However, directly modeling facial motion at
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Figure 1: VQTalker converts audio tokens to facial motion
tokens, animating a source portrait with diverse discrete
mouth shapes. Red text indicates phonetic sounds, with cor-
responding viseme categories in grey. Synthetic results can
be viewed at https://x-lance.github.io/VQTalker.

high resolution presents challenges, primarily due to the lim-
ited capacity of a single codebook to capture complex facial
dynamics. To address this, our implementation employs a
multi-strategy quantization method based on Group Resid-
ual Finite Scalar Quantization (GRFSQ). This combined ap-
proach leverages the strengths of different strategies: group
quantization reduces codebook size, residual quantization
allows for modeling actions at different granularities in a
coarse-to-fine manner, and Finite Scalar Quantization (FSQ)
is codebook-free and improves codebook utilization. Finally,
this enables us to model 512 × 512 resolution motion at a
low bitrate of approximately 11 kbps, which is only about
70% of the current lowest bitrate of 16 kbps for continuous
representation methods (Wang et al. 2022; Liu et al. 2024).

Building on this structure, we introduce an interleaving
pattern for codebook generation that incorporates both au-
toregressive and non-autoregressive elements. Within each
motion granularity, we employ a non-autoregressive ap-
proach to maintain bidirectional attention, fully leverag-
ing temporal correlations. Between different granularities,
we utilize an autoregressive strategy, resulting in a coarse-
to-fine motion generation process. This approach strikes a
trade-off between generation speed and complexity, ensur-
ing both efficiency and quality in the produced animations.

The main contributions of our work are:

1. A facial motion tokenizer that leverages the finite nature
of speech articulation to create a discretized representa-
tion, enhancing the capture of subtle lip movements and
improving cross-lingual generalization.

2. A Group Residual Finite Scalar Quantization (GRFSQ)
method that combines group, residual, and finite
scalar quantization strategies to achieve efficient high-

resolution facial motion modeling at low bitrates.
3. A coarse-to-fine motion generation process combining

non-autoregressive temporal and autoregressive granular
approaches, enhancing both consistency and efficiency.

Related Works
Latent Facial Representation. Recent studies (He et al.
2024; Xu et al. 2024; Drobyshev et al. 2024) have explored
more refined representations through self-supervised learn-
ing. While this approach models facial features more pre-
cisely than predefined structured features like landmarks, it
often implicitly encodes target identity information, lead-
ing to identity leakage issues. Although various strate-
gies (Drobyshev et al. 2022; Liu et al. 2024) have been pro-
posed to address this issue, they introduce additional model
complexity and computational overhead. In this paper, we
propose exploring discrete coding in Latent Facial Repre-
sentation. Discrete coding inherently creates an information
bottleneck by quantizing the continuous feature space into a
finite discrete codebook. This approach enables the model to
learn more compact representations and mitigates informa-
tion leakage without additional modules or losses.

Facial Tokenization. Existing approaches (Xing et al.
2023a; Tan, Ji, and Pan 2024; Yu et al. 2024) typically rely
on VQ-VAE (Esser, Rombach, and Ommer 2021), patch-
based tokenization, which limits to local regions or specific
patterns (Xing et al. 2023b; Tan et al. 2024b) and fails to
capture global semantics, constraining their application to
lower resolutions. Scaling these methods to higher resolu-
tions often requires complex networks with billions of pa-
rameters (Tian et al. 2024; Chen et al. 2024). We argue that
the drawback lies in coupling texture and motion informa-
tion. Due to the texture part containing detailed information,
the network’s reconstruction of these details leads to an in-
crease in network parameters, making it difficult to scale
to higher resolutions or requiring larger networks. In con-
trast, our method decouples these elements by independently
quantizing motion and using a separate rendering network to
recover the detailed parts. This approach allows us to tran-
scend local patch semantics to global motion semantics, en-
abling holistic modeling of facial dynamics without the need
for excessively large networks.

Vector Quantization (VQ) maps continuous input vec-
tors to a finite set of discrete vectors for compress-
ing data or improving the network efficiency. Group
VQ (GVQ) (Baevski, Schneider, and Auli 2020; Chen,
Watanabe, and Rudnicky 2023) utilizes multiple groups to
model different patterns, alleviating mode collapse in sin-
gle codebooks. Residual VQ (RVQ) (Zeghidour et al. 2021;
Copet et al. 2024) quantizes vectors iteratively, encoding
the residual error, which is particularly suitable for features
with different granularity representations. For instance, in
audio processing, shallow semantic features and deep acous-
tic features can be modeled at different granularities in var-
ious residual layers. In terms of codebook learning, com-
pared with original codebook optimization, Finite Scalar
Quantization (FSQ) (Fabian et al. 2024) optimizes the ta-
ble lookup process and incorporates the Straight-Through
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Estimator (STE) technique into the network. It projects the
continuous representation of neural networks onto a few di-
mensions, then quantizes each dimension to a finite set of
values. This approach achieves good performance and better
codebook utilization without complex auxiliary losses. Our
method will combine the strengths of those methods.

VQTalker Framework
Our proposed VQTalker framework addresses the chal-
lenges of multilingual talking head generation by transform-
ing speech tokens into visual motion tokens. As illustrated
in Figure 2, the framework consists of two primary com-
ponents: (a) a quantized facial motion tokenizer, and (b) a
coarse-to-fine motion generation process.

Quantized Facial Motion Tokenizer
The core of our approach is a quantized facial motion tok-
enizer designed specifically for talking head tasks. This to-
kenizer, depicted in Figure 2 (a), leverages self-supervised
learning and a multi-strategy quantization method to create
a discretized representation of facial motion, encompassing
lip movements, blinking, head pose, and gaze direction.

The tokenizer follows an Encoder-Quantizer-Decoder ar-
chitecture. The Image Encoder extracts three types of fea-
tures from both source and target images: fine-grained fa-
cial features for high-frequency detail, global facial features
fg serving as a facial prompt, and motion features fs and
ft from source and target images respectively. The Quan-
tizer converts the motion difference fs→t = ft − fs into
discrete tokens using Group Residual Finite Scalar Quanti-
zation (GRFSQ), acting as a strong information bottleneck.

The Image Renderer (Decoder) reconstructs facial fea-
tures from the quantized representation, combining them
with the global face feature fg to guide the final rendering.
To recover fine details, each decoder layer is connected to
its corresponding encoder layer through skip connections,
generating 2D warps at each stage.

Group Residual Finite Scalar Quantization (GRFSQ)
Our GRFSQ quantizer combines Group Vector Quantization
(Group VQ), Residual Vector Quantization (Residual VQ),
and Finite Scalar Quantization (FSQ). The GRFSQ process
is visually illustrated in Figure 2 (a), with the detailed algo-
rithm presented in Algorithm 1.

Specifically, the input x is first split into G groups. Each
group undergoes R iterations of residual quantization, with
FSQ applied to the residual at each step. Similar to the
single-codebook VQ (Vector Quantization) method, FSQ
projects the continuous representation onto a fixed code-
word. However, unlike traditional VQ, FSQ does not in-
volve a codebook lookup process. Instead, each dimension is
quantized to a set of fixed levels [l1, l2, . . . , ld], and this pro-
cess can be optimized using the Straight-Through Estimator
(STE). This approach creates an implicit codebook from the
product of these level sets, enabling efficient quantization
without an explicit codebook.

Finally, the whole process generates G × R sets of code-
book indices I . The quantized outputs from all groups are
merged to form the final quantized vector x̂. These indices I

Algorithm 1: Group-Residual FSQ
Input: x, FSQ levels [l1, l2, ..., ld], number of groups

G, number of residual quantizers R
Output: quantized x̂, codebook indices I
/* Split into G groups */
split x into G groups: x1,x2, . . . ,xG

x̂g ← 0 for g = 1 to G
I ← empty tensor of shape (G,R, ∗)
for g = 1 to G do

residual← xg

/* Residual quantizers */
for r = 1 to R do

zquantized, indices← FSQ(residual)
x̂g += zquantized
residual −= zquantized
I[g, r]← indices

x̂ = concat(x̂1, x̂2, . . . , x̂G)
return x̂, I

will serve as target values in the subsequent Coarse-to-Fine
Motion Generation process.

This combined strategy of the codebook offers several ad-
vantages: it enhances codebook utilization, mitigates code-
book collapse without requiring complex auxiliary losses,
and provides a flexible framework for capturing multi-scale
facial motion features.

Coarse-to-Fine Motion Generation
Our coarse-to-fine motion generation process, illustrated in
Figure 2 (b), transforms audio input into facial animation
output. This approach employs a BERT (Devlin et al. 2019)
model to convert discrete audio features into facial motion
tokens, progressively refining from coarse to fine motions.

The process begins with inputs from multiple sources: (1)
discrete speech tokens (A) from a pretrained Speech Tok-
enizer, (2) additional control information including frame-
level head pose (h), gaze direction (g), and eye blink (b),
(3) the global feature fg , and (4) a layer indicator (k). These
inputs are combined to form the composite input vector for
each residual layer r:

Cr = {fg, k, [A,h,g,b,Rr−1]}
where Rr−1 represents the output from the previous it-

eration (replaced with a zero matrix when r = 0), and the
brackets represent frame-by-frame concatenation.

The BERT model processes this input to generate facial
motion tokens across K residual layers, represented by the
‘Repeat K times’ loop in Figure 2 (b). Each layer refines the
motion representation, progressing from coarse to fine de-
tails. The Image Renderer then synthesizes the final talking
head video from these representations.

Figure 3 illustrates our hybrid facial motion generation
matrix, which combines non-autoregressive temporal gener-
ation with autoregressive granular refinement. Rows (r1 to
r4) represent residual codebooks of increasing detail, while
t1 to t4 indicate the sequential processing steps for each
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Figure 2: The VQTalker framework consists of two main components: (1) A quantized facial motion codec that learns a uni-
versal motion representation through self-supervised learning and Group Residual FSQ (GRFSQ). (2) A coarse-to-fine motion
generation process using a BERT model, which takes speech tokens and iteratively generates facial motion tokens across mul-
tiple residual layers. The Image Renderer then synthesizes the final talking head video from the generated discrete codewords.

Re
sid

ua
l C

od
eb

oo
ks

𝑟!

𝑟"

𝑟#

𝑟$

𝑠! 𝑠" 𝑠# 𝑠$ 𝑠% 𝑠& 𝑠' 𝑠… 𝑠)*! 𝑠)

t! t! t! t! t! t! t! t… t! t!

t" t" t" t" t" t" t" t… t" t"

t# t# t# t# t# t# t# t… t# t#

t$ t$ t$ t$ t$ t$ t$ t… t$ t$

Generated Sequence

N Groups

Codebook Sampling

Figure 3: Codebook interleaving patterns. Hybrid facial mo-
tion generation matrix. Rows (r1 to r4) represent residual
codebooks of increasing detail. t1 to t4 indicate the sequen-
tial processing steps for each residual layer, with each ti gen-
erating the corresponding ri in one pass.

residual layer. Temporally (horizontally), each sequence
s1, s2, . . . , sn is generated simultaneously. Granularly (ver-
tically), generation progresses through four residual layers,
with each ti generating the corresponding ri in one pass.

At each sequence position and residual layer, we ap-
ply group quantization, dividing the representation into N
groups. During training, each group is treated as a separate
classification task. At inference, we perform argmax sam-
pling for each group. The learning objective is to reconstruct
the categories of the (r + 1)-th codebook, conditioned on
the input Cr from the r-th layer, by minimizing the negative
log-likelihood:

L(G|Cr) = −
G∑

g=1

T∑
t=1

log pG(Ig,t,r+1|Cr)

where Ig,t,r+1 represents the target codeword index in the

(r + 1)-th layer codebook for the g-th group at time step
t. These indices are derived from the GRFSQ process de-
scribed earlier, serving as the target values for our coarse-
to-fine generation. The generation across different residual
layers shares the same set of parameters, distinguished by
the layer indicator k.

This coarse-to-fine approach allows our model to capture
both global facial movements and fine-grained details, re-
sulting in more natural and expressive talking head across
diverse linguistic contexts. By using the quantized indices I
as targets, we maintain a direct link between the GRFSQ
quantization and the motion generation process, ensuring
that the generated motions accurately reflect the discretized
facial dynamics captured in the tokenization stage.

Empirically, we observe that different residual layers
model distinct aspects of facial motion. The first layer typi-
cally captures large-scale movements such as head pose and
overall facial orientation. Subsequent layers progressively
refine the motion, with middle layers focusing on more lo-
calized movements like eyebrow raises, jaw motions, and
lip movements. The final few layers capture the most sub-
tle details, including gradually reducing visual jitter. This
hierarchical representation allows our model to efficiently
capture the full spectrum of facial dynamics, from global
head movements to micro-expressions, while also alleviat-
ing the complexity of the generation process. As a result, it
contributes to the naturalness and expressiveness of the gen-
erated animations across various linguistic contexts. For a
visual demonstration of this coarse-to-fine progression, we
encourage readers to view the accompanying video in the
supplementary materials.
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Experiment
Experiment Setup
Training Dataset We utilized three publicly available
datasets: VoxCeleb (Nagrani, Chung, and Zisserman 2017),
HDTF (Zhang et al. 2021), and VFHQ (Xie et al. 2022).
To ensure consistency, we re-downloaded the original videos
and processed them using a unified approach. This approach
included filtering out faces smaller than 512 pixels. Our ef-
fort resulted in a dataset comprising around 16k video clips
with a total duration of 210 hours. After statistical analysis,
Indo-European languages (such as English, German, and
French) account for around 97% of the final dataset.

Evaluation Dataset To evaluate the effectiveness of non-
talking head algorithms on non-Indo-European languages,
we compiled the Multilingual Non-Indo-European Talking
Head Evaluation Corpus (MNTE). This dataset encom-
passes Arabic, Swahili, Mandarin, Korean, Japanese, and
Turkish, aiming to cover a wide range of commonly used
non-Indo-European language families. For each language,
we collected 5 talking head video clips, each no shorter than
3 seconds, resulting in a total of 30 videos. To evaluate per-
formance in Indo-European languages and video reconstruc-
tion tasks, we use HDTF (Zhang et al. 2021) as our test set,
which follows Dinet (Zhang et al. 2023b).

Evaluation Metric We employ a suite of measures
to assess the quality and similarity of generated images
and videos across different scenarios. These metrics in-
clude: Image Similarity Metrics - Structural Similarity In-
dex (SSIM)(Wang et al. 2004) and Learned Perceptual Im-
age Patch Similarity (LPIPS)(Zhang et al. 2018), which
quantify structural and perceptual similarity between gen-
erated and ground truth images; Distribution-based Metrics
- Fréchet Inception Distance (FID) and Fréchet Video Dis-
tance (FVD); Facial Fidelity Metrics - Cosine Similarity
(CSIM), which evaluates facial similarity, and Landmark
Distance (LMD), which measures key facial positioning;
Video Quality Metrics - Motion Stability Index (MSI)(Ling
et al. 2023), which assesses motion stability; and Image
Quality Metrics - Cumulative Probability of Blur Detection
(CPBD)(Bohr et al. 2013). To ensure a fair comparison, the
resolution is standardized to 256× 256.

Model Configuration For training the face motion
tokenizer, our training paradigm is primarily based on
LIA (Wang et al. 2022) and extends it to support a resolu-
tion of 512× 512 pixels. Then, based on it, we add a vector
quantization module. In the second stage, we employed a
12-layer BERT (Devlin et al. 2019) network to iteratively
generate a four-layer residual codebook for the face tok-
enizer. The maximum length is 4096. A pre-trained speech
tokenizer from CosyVoice (Du et al. 2024) serves as the au-
dio feature encoder, incorporating a downsampling layer to
adjust the audio sampling rate from 50 Hz to 25 Hz to syn-
chronize with the video frame rate.

Facial Motion Tokenizer
We conducted a comprehensive evaluation of our ap-
proach against several state-of-the-art face reenactment
methods (Siarohin et al. 2019; Pang et al. 2023; Tao et al.

Method Reso. Bitrate SSIM ↑ LPIPS↓ CSIM↑ CPBD↑
H.264 Codec 512 ≈ 347 - - - -

FOMM 256 48 0.775 0.178 0.830 0.339
DPE 256 16 0.861 0.151 0.912 0.354
MTIA 256 48 0.870 0.122 0.929 0.316
Vid2Vid 256 36 0.870 0.115 0.924 0.386
LIA 256 16 0.831 0.137 0.916 0.297
FADM 256 36 0.849 0.147 0.916 0.332
AniTalker 256 16 0.905 0.079 0.927 0.367
LivePortrait 512 ≈ 50 0.800 0.134 0.883 0.374
EMOPortrait 512 ≈ 102 0.736 0.206 0.657 0.434
VQTalker (Ours) 512 ≈ 11 0.874 0.083 0.919 0.421

Table 1: Video Reconstruction Result on HDTF. Reso. in-
dicates image resolution (width and height), Bitrate is mea-
sured in kbps. Bold and underlined values represent the best
and second-best results respectively.

2022; Wang, Mallya, and Liu 2021; Wang et al. 2022; Zeng
et al. 2023; Liu et al. 2024; Chen et al. 2024; Guo et al.
2024) in a video reconstruction scenario. This scenario tests
the algorithms’ ability to accurately reconstruct the original
video by using a video of the same identity to drive a portrait,
with the first frame serving as the source image. All com-
pared methods utilize variations of self-supervised learning.
Table 1 presents the results of this evaluation.

Our method, VQTalker, stands out by achieving competi-
tive results while supporting a higher resolution (512× 512)
and maintaining a significantly lower bitrate. Specifically,
our approach employs 12 group layers, 4 residual layers, and
625 codebook entries per group, with a sampling rate of 25
fps, resulting in a total bitrate of approximately 11 kbps (cal-
culated as 4×12× log2(625)×25). For other methods using
continuous variables, we converted them to bits by multiply-
ing by 32-bit float, with all bitrates calculated at 25 fps. For
example, LIA, which uses 20 dimensions for intermediate
latent, has a bitrate of 20× 32× 25 = 16000 (16kbps).

Despite the low bit rate, our method demonstrates strong
performance in key metrics. VQTalker achieves the second-
highest scores in image structural metrics such as SSIM
and LPIPS. Our CSIM is very close to the state-of-the-art,
demonstrating robust capabilities in preserving facial iden-
tity during reconstruction. In particular, our method achieves
the highest CPBD, indicating a better image sharpness com-
pared to other approaches. Although we did not achieve
the best results in all metrics, we attribute this to infor-
mation loss from quantization. For example, subtle posi-
tion shifts that are imperceptible to the human eye may be
captured by these metrics. Compared to traditional video
codecs like H.264 (Wiegand et al. 2003), which requires
an average bitrate of approximately 347 kbps at 512 resolu-
tion, our approach achieves comparable performance while
reducing the bitrate to approximately 11 kbps. This sug-
gests that our discrete representation captures facial dynam-
ics more efficiently than the continuous representation. For
512-resolution algorithms, LivePortrait (Guo et al. 2024) re-
quires a bitrate of approximately 50 kbps, but achieves lower
performance in most metrics compared to our method. These
comparisons highlight our ability to maintain high-quality
outputs at higher resolutions while reducing the bandwidth.
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Method HDTF (Indo-European) MNTE (Non-Indo-European)

SSIM↑ CSIM↑ LMD↓ CPBD↑ FID↓ FVD↓ SSIM↑ CSIM↑ LMD↓ CPBD↑ FID↓ FVD↓
SadTalker (Zhang et al. 2023a) 0.510 0.726 0.320 0.391 37.699 526.194 0.456 0.423 0.686 0.216 81.128 564.047
EAT (Gan et al. 2023) 0.433 0.678 0.388 0.334 177.317 667.499 0.394 0.420 0.663 0.224 158.465 540.128
PD-FGC (Wang et al. 2023) 0.325 0.298 0.671 0.264 214.200 846.211 0.357 0.302 0.726 0.212 154.394 624.143
AniTalker (Liu et al. 2024) 0.663 0.709 0.426 0.394 34.705 444.162 0.520 0.490 0.671 0.246 65.780 430.209
EDTalker (Tan et al. 2024a) 0.823 0.881 0.084 0.301 36.437 410.709 0.745 0.802 0.107 0.219 55.070 321.825
EchoMimic (Chen et al. 2024) 0.690 0.881 0.094 0.385 36.354 272.425 0.600 0.737 0.213 0.238 62.185 391.568

VQTalker (Ours) 0.835 0.902 0.067 0.408 28.783 205.471 0.730 0.809 0.146 0.263 43.411 233.586

Table 2: Quantitative comparisons with speech-driven baselines on the HDTF (Indo-European) and MNTE (Non-Indo-
European) datasets. Bold and underlined values represent the best and second-best results respectively.
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Coarse-to-fine Experiment
We evaluate our method against several state-of-the-art
speech-driven approaches: SadTalker (Zhang et al. 2023a),
EAT (Gan et al. 2023), PD-FGC (Wang et al. 2023), An-
iTalker (Liu et al. 2024), EDTalker (Tan et al. 2024a),
and EchoMimic (Chen et al. 2024). EchoMimic operates
at 512 × 512 resolution, while the other methods work at
256 × 256. Our experimental setup involves using the au-
dio from a video to animate its first frame, aiming to recre-
ate the original video as accurately as possible. This evalua-
tion is conducted across both Indo-European and non-Indo-
European languages to assess cross-lingual performance.

The quantitative results, presented in Table 2, demon-
strate the superior performance of VQTalker. Our method
achieves top scores in identity preservation (CSIM), im-
age sharpness (CPBD) and distribution distance (FID and
FVD). Additionally, VQTalker maintains competitive re-
sults in structural similarity (SSIM) and landmark accuracy
(LMD). Notably, our approach exhibits a smaller perfor-
mance gap between Indo-European and non-Indo-European
languages compared to other methods, underscoring its ro-
bust cross-lingual generalization. The qualitative results, il-
lustrated in Figure 4, provide visual evidence of VQTalker’s
effectiveness in capturing pronunciation actions across di-
verse non-Indo-European languages. Our method demon-
strates notable accuracy in lip movements while consistently
preserving identity. This is particularly evident in the natu-
ral mouth shapes and fluid transitions observed for various
phonemes, such as ‘/ka.e.t.te/’ in Japanese. These examples
highlight VQTalker’s proficiency in modeling a wide range
of phonetic articulations across different linguistic systems.
The visual comparison further emphasizes our model’s abil-
ity to adapt to the unique characteristics of each language.

Ablation Study

Method # G # R FSQ # Codes Bitrate CSIM ↑ MSI ↑ Util.(%) ↑
VQ 1 - - 8196 <1 0.588 0.588 0.35

GVQ 32 - - 1024 8 0.548 0.052 88.89
RVQ 1 32 - 1024 8 0.561 0.473 50.00

GRVQ 12 4 - 1024 12 0.572 0.359 26.78

GRFSQ 8 4 ✓ 5× 5× 5× 5 ≈ 7 0.576 1.016 73.99
GRFSQ 12 2 ✓ 5× 5× 5× 5 ≈ 6 0.576 0.616 56.89
GRFSQ 12 4 ✓ 4× 4× 4× 4 9.6 0.570 0.656 59.68
GRFSQ 12 4 ✓ 6× 6× 6× 6 ≈ 12 0.571 0.932 65.64

GRFSQ 12 4 ✓ 5× 5× 5× 5 ≈ 11 0.571 0.992 78.74

Table 3: Vector Quantization Ablation on HDTF Cross-
Identity Driven: # G (groups), # R (residuals), FSQ (Finite
Scalar Quantization), # Codes (codebook size / FSQ levels),
Util.: Codebook Utilization Rate (code used at least once)

Codebook Design Table 3 compares different codebook
designs in cross-identity-driven scenarios. We focus on
cross-identity scenarios here as they reveal more significant
differences between methods, whereas self-driven scenar-
ios show less pronounced variations. Classic designs (VQ,
GVQ, RVQ, GRVQ) generally show lower MSI scores, in-
dicating increased jitter on the generated result, suggest-
ing limited model capacity in modeling complex facial dy-

namics. Our GRFSQ variations demonstrate that balanc-
ing group number, residual layers, and FSQ levels is cru-
cial. The optimal configuration (12 groups, 4 residuals,
5×5×5×5 FSQ levels) achieves a good trade-off between
CSIM, MSI, and codebook utilization. Notably, GRFSQ out-
performs GRVQ in MSI (0.992 vs 0.359) and utilization rate
(78.74% vs 26.78%), suggesting FSQ’s structure allows for
more efficient use of the representation space, potentially
leading to improved motion modeling and stability.

Method Audio Feature Motion Feature SSIM↑ CSIM↑ LPIPS ↓ CPBD↑
C-C Whisper Vector 0.795 0.889 0.101 0.410
D-C CosyVoice Vector 0.769 0.882 0.115 0.410
C-D Whisper GRFSQ 0.821 0.890 0.085 0.408
D-D VQ-Wav2vec GRFSQ 0.804 0.887 0.089 0.408

D-D CosyVoice GRFSQ 0.835 0.902 0.067 0.408

Table 4: Ablation on Discrete (D) and Continuous (C) Rep-
resentation. X-Y format: X for input (Audio Feature), Y for
output (Motion Feature).

Discrete vs. Continuous Representation Table 4 com-
pares discrete and continuous representations for audio and
motion features. For continuous audio representation, we
employed the multilingual Whisper Large v2 (Radford et al.
2023) model, ensuring a fair comparison across different
languages. Discrete representations consistently outperform
continuous ones, especially when used for both input and
output (D-D). Our proposed method (CosyVoice for au-
dio, GRFSQ for motion) achieves the best overall perfor-
mance, with notable improvements in SSIM (0.835) and
LPIPS (0.067). This suggests that discrete representations
can more effectively capture relevant information for both
audio and motion features, even when compared to advanced
multilingual models like Whisper. Among speech tokeniz-
ers, CosyVoice outperforms VQ-Wav2vec (Baevski, Schnei-
der, and Auli 2020), which may be attributed to its more
compact and efficient codebook design. These results un-
derscore the potential of leveraging discrete representations
in both audio and motion domains for multilingual talking
head generation tasks.

Conclusion
We introduced VQTalker, a framework designed for multi-
lingual talking head generation, utilizing discretized facial
motion representations. The Group Residual Finite Scalar
Quantization (GRFSQ) method within VQTalker success-
fully trades off low bitrate with high-quality facial anima-
tion. VQTalker particularly excels in speech-driven scenar-
ios, offering robust performance across non-Indo-European
languages. The coarse-to-fine generation approach con-
tributes to improved temporal consistency and natural lip
synchronization, even in diverse linguistic contexts. These
results underscore the effectiveness of discretized represen-
tations in capturing complex facial dynamics while main-
taining efficiency, advancing the development of more in-
clusive and versatile talking head technologies.
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