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Abstract
Recent advancements in the field of audio-driven 3D facial animation have accelerated rapidly, with numerous papers being
published in a short span of time. This surge in research has garnered significant attention from both academia and industry with
its potential applications on digital humans. Various approaches, both deterministic and non-deterministic, have been explored
based on foundational advancements in deep learning algorithms. However, there remains no consensus among researchers
on standardized methods for evaluating these techniques. Additionally, rather than converging on a common set of datasets
and objective metrics suited for specific methods, recent works exhibit considerable variation in experimental setups. This
inconsistency complicates the research landscape, making it difficult to establish a streamlined evaluation process and rendering
many cross-paper comparisons challenging. Moreover, the common practice of A/B testing in perceptual studies focus only on
two common metrics and not sufficient for non-deterministic and emotion-enabled approaches. The lack of correlations between
subjective and objective metrics points out that there is a need for critical analysis in this space. In this study, we address these
issues by benchmarking state-of-the-art deterministic and non-deterministic models, utilizing a consistent experimental setup
across a carefully curated set of objective metrics and datasets. We also conduct a perceptual user study to assess whether
subjective perceptual metrics align with the objective metrics. Our findings indicate that model rankings do not necessarily
generalize across datasets, and subjective metric ratings are not always consistent with their corresponding objective metrics.
The supplementary video, edited code scripts for training on different datasets and documentation related to this benchmark
study are made publicly available- https://galib360.github.io/face-benchmark-project/.

CCS Concepts
• Computing methodologies → Neural networks; Animation; • Human-centered computing → User studies;

1. Introduction

Speech-driven 3D facial animation synthesis for digital humans
has been an active area of research both in academia and indus-
try. Digital humans are no longer only being used for entertain-
ment like video game and film production, but also gaining well-
deserved traction for extended reality, virtual communication and
human-computer interaction applications. There has been an in-
flux of speech-driven 3D facial animation papers in recent years
[CBL∗19, XXZ∗23, HY23, DCT∗23, SHY23, WHY24, ZLZ∗24,
ALTT22, ATDN24, SWJ∗24] and a lot more are still under review
and available in the open repository Arxiv [TACT23, KCP∗24].
While most work address this problem by proposing determin-
istic deep learning models [CBL∗19, XXZ∗23, HY23, DCT∗23],
recently there is an increasing number of non-deterministic ap-
proaches [SHY23, WHY24, ZLZ∗24, SLY∗24] that faithfully rep-
resent the stochastic characteristics of human motion as we ob-
serve in real-life. However, there has not been a consensus among
researchers and practitioners on the objective and subjective met-
rics to be used in order to evaluate such models. Oftentimes non-

deterministic methods are using metrics that are designed to eval-
uate deterministic models. There is a lack of consensus and com-
parative analysis among various objective metrics. Moreover, sub-
jective evaluation metrics are often limited to lip-sync and over-
all realism neglecting in-depth evaluations when it comes to non-
determinism and emotional variations. In this work we explore the
"wild west" of evaluating speech-driven 3D facial animation syn-
thesis approaches by looking at a variety of datasets and covering
both deterministic, non-deterministic and emotion-control enabled
models. We compare these models using an extensive and carefully
curated set of objective metrics. Additionally, we carry out a per-
ceptual user study to understand if/how the objective metrics are
inline with the perceptual metric ratings that are inherently subjec-
tive by nature.

Closest to ours is the work of Yang et al. [YRC∗24] that identi-
fies the lack of systematic evaluation and benchmarking techniques
in this area. Different from their work, we include deterministic,
non-deterministic and emotion-control enabled methods as part of
our comparison and provide benchmarking on three datasets. One
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of the limitations of their work is the lack of comparisons over
3D vertex-based and emotion-enabled datasets. We include BIWI
[FGR∗10] and Multiface [WZA∗22] as the 3D vertex-based meth-
ods and 3DMEAD as an emotionally-rich dataset based on the 2D
video dataset MEAD [WWS∗20]. Another difference in compari-
son to Yang et. al. [YRC∗24] is the selection of objective evaluation
metrics. Some of the metrics they introduce are specific to their
methodology and their code is not openly available. Instead, we
use a more balanced set of metrics that are open-source and readily
accessible to researchers, focusing on both deterministic and non-
deterministic aspects inline with previous work to allow for direct
comparisons. In addition to lip vertex, mean vertex error and upper
face dynamics deviation, we add the diversity metric. Two of the
metrics are adopted from Yang et al. which are non-deterministic
adaptations of lip vertex error. A final difference is the analysis of
the relationship between subjective and objective metrics as these
metrics do not always align with each other.

The main contributions of our work are enumerated as follows-

• Providing a comprehensive evaluation of most recent and promi-
nent 3D facial animation synthesis methods across three differ-
ent datasets objectively and subjectively.

• Analysis of deterministic, non-deterministic and emotion-
control enabled 3D facial animation synthesis methods.

• Comparison of the objective and subjective evaluation metrics
and analysis of the relationship between them.

2. Related Work

The field of speech-driven 3D facial animation has gained consider-
able momentum, thanks to the rapid advancements in deep learning
research in recent years. Before data-driven approaches gained trac-
tion, 3D facial animation driven by speech followed procedural or
rule-based frameworks based on phonemes and visemes represen-
tation [JAL23, CYvdS19, TMTM12]. Although animator-centric,
these approaches often fall short in capturing the intricate temporal
dynamics and expressive nuances required for lifelike animation.
With the rise of deep learning, and advancements in sequence mod-
eling approaches, many works tackled the speech-driven 3D facial
animation generation task deterministically [KAL∗17, TKY∗17,
CBL∗19, FLS∗22, RZW∗21, XXZ∗23, THA∗23, HY23]. Although
the lack of large-scale audio-4D dataset posed as a problem in the
beginning for such data-driven approaches, significant improve-
ments in vision based face tracking and 3D reconstruction methods
allow to create large-scale datasets from videos, such as- [LBB∗17,
GKG∗24, DBB22, EST∗20, FFBB21]. However, as human motion,
including facial motion is inherently non-deterministic and deter-
ministic methods struggle to capture the natural variability of hu-
man expressions, more recent works have focused on proposing
non-deterministic or probabilistic approaches that encourage diver-
sity in the generated motions [SHY23,ATDN24,ZLZ∗24,WHY24,
YRC∗24]. These methods utilize probabilistic frameworks to pro-
duce diverse yet realistic animations that better reflect the inherent
stochastic nature of human facial expressions. Despite these recent
advancements, emotional style control remains an underexplored
yet a critical aspect of speech-driven expressive 3D facial anima-
tion. Capturing expressive variations in speech is essential for creat-
ing believable and emotionally rich digital humans. Several works

[KAL∗17,PWS∗23,DCT∗23,ZLZ∗24,WHY24] have attempted to
address this challenge by incorporating emotional cues into their
models. However, the lack of standardized evaluation frameworks
for assessing emotional expressiveness limits the comparability and
effectiveness of these approaches, highlighting the need for more
robust evaluation protocols.

In parallel, significant recent efforts have been devoted to gen-
erating 2D talking-head animation videos [JZW∗22, SVH∗24,
ZCW∗23,GYY∗23,XZZ∗23,GMW∗23]. These works largely rely
on vision-based techniques and output rendered RGB pixels, mak-
ing them less suited for interactive applications requiring 3D ani-
mation, which is the primary focus of this work.

2.1. Deterministic Models

Deterministic algorithms produce the same output across mul-
tiple generations given identical set of inputs. The first end-to-
end data-driven methods, such as- [TKY∗17, ZXL∗18, CBL∗19,
FLS∗22, HY23, XXZ∗23] deterministically generate 3D facial an-
imation given speech input. Among these, researchers explored
sliding window-based [TKY∗17], recurrent neural network-based
approaches [ZXL∗18]. These methods however, rely on interme-
diary phoneme representations and only focus on the mouth re-
gion, neglecting the broader facial dynamics as a whole. Cudeiro et
al. [CBL∗19] propose VOCA that employs pre-trained DeepSpeech
[HCC∗14] for extracting audio features and the FLAME head
model [LBB∗17] for facial motion representation but it lacks ex-
pressivity for upper-face motion. Richard et al. [RZW∗21] present
MeshTalk, a speech-driven animation framework that learns a cat-
egorical latent space through cross-modality loss. By disentangling
speech-correlated and uncorrelated information, MeshTalk more
effectively models upper-face motions compared to VOCA. De-
spite the improvements, MeshTalk relies on a large amount of
high-fidelity 3D facial data that poses a challenge in terms of
scalability and accessibility. Fan et al. [FLS∗22] propose Face-
Former, a transformer-based framework utilizing an autoregres-
sive transformer architecture. Its encoder leverages Wav2Vec 2.0
[BZMA20], a self-supervised pretrained speech model, address-
ing the scarcity of large-scale 3D audio-visual data. Xing et al.
[XXZ∗23] highlight the limitations of prior works that treat cross-
modal mapping as a regression task, which often leads to over-
smoothed facial motions due to the regression-to-mean problem.
To overcome this, they introduce CodeTalker, which integrates a
transformer-based speech encoder with a cross-modal decoder that
utilizes a learned discrete codebook. This approach achieves su-
perior results compared to FaceFormer, VOCA, and MeshTalk.
FaceXHuBERT [HY23] employs a pre-trained HuBERT speech
model as the audio encoder, capturing both lexical and non-lexical
speech information. A GRU-based motion decoder is used to syn-
thesize facial animation with significantly reduced training time
than the contemporary state-of-the-art models. While many mod-
els utillizes one-hot vectors for speaker identities, Thambiraja et
al. [THA∗23] propose Imitator that can learn speaker identity from
a short speaking video.

For our benchmark experiments, FaceFormer [FLS∗22],
CodeTalker [XXZ∗23], and FaceXHuBERT [HY23] were chosen
as deterministic models for their performance and reproducibility.
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2.2. Non-Deterministic Models

There has been a growing research interest in non-deterministic ap-
proaches that encourage diversity for speech-driven 3D facial ani-
mation task, aiming to properly reflect lifelike diverse facial motion
that we as humans generate in our daily life. Primarily appeared
in many body motion synthesis papers [TRG∗22, ANBH23, AZL,
YLL∗23, CDA∗24], non-determinism quickly got adopted and ex-
plored by researchers for facial animation generation [NJH∗22,
YRC∗24, SHY23, ZLZ∗24, ATDN24, SLY∗24]. Some works fur-
ther explored non-deterministic techniques for holistic animation
generation task [YLL∗23,LZB∗24,CLW∗24,NRB∗24]. Probabilis-
tic or non-deterministic deep learning methods proposed in recent
years oftentimes encompass VQ-VAE or diffusion techniques in-
corporated in the model architecture. Learning to Listen [NJH∗22],
although for listeners’ motion generation in a dyadic setting, was
on of the first works that incorporated non-deterministic output
for facial animation using transformer based VQ-VAE. Holistic
model EMAGE [LZB∗24] also adopts a VQ-VAE architecture and
employs a diversity metric inspired from [LKP∗21] to evaluate
their model’s results. Inspired from several body motion genera-
tion works based on diffusion techniques, Stan et al. [SHY23] pro-
posed FaceDiffuser that utilizes diffusion mechanism to encour-
age diversity in the output. The paper introduces its own diversity
metric that measures variation across identities that enabled fair
comparisons with contemporary deterministic models. Sun et al.
[SLY∗24] propose DiffPoseTalk leveraging a diffusion based trans-
former network which further includes head rotation for enhanced
realism in the output animation. Yang et al. [YRC∗24] proposes
a probabilistic method based on residual vector quantized code-
book together with a benchmarking framework to evaluate non-
deterministic methods. The authors proposed several new objec-
tive metrics that are well suited for evaluating non-deterministic ap-
proaches. Utilizing a dataset based on neural parametric head mod-
els (NPHMs) [GKG∗24], Aneja et al. [ATDN24] propose FaceTalk
that follows a transformer based diffusion model architecture. The
authors draw inspiration from [RPZK23] to evaluated diversity in
the generated motion. Holistic model Audio2Photoreal [NRB∗24]
also employs diffusion mechanism similar to the above mentioned
papers. While these works showcase their advantage in synthesiz-
ing diverse animation outputs, lack the ability to control emotional
expressivity in the synthesized animation.

In this study, we selected FaceDiffuser [SHY23] as a represen-
tative non-deterministic model based on its diffusion architecture.
Additionally, we include a non-deterministic version of CodeTalker
[XXZ∗23], which uses VQ-VAE and is derived from its official
open-source implementation, enabling direct comparison with its
deterministic counterpart. Holistic models such as EMAGE and
Audio2PhotoReal were excluded from our benchmark as their pri-
mary focus is on body animation, with insufficient attention to fa-
cial animation details.

2.3. Models with Emotional Style Control

Several works focused on generating emotion-controllable audio-
driven 2D talking-head videos [GYY∗23, XZZ∗23, GMW∗23].
While some methods, such as- [XZZ∗23], use 3DMM parame-
ters as an intermediary face representation, they heavily depend

on vision-based image analysis, requiring large amounts of RGB
frames or videos during training. This reliance makes them less
suitable for interactive 3D applications, where the output must op-
erate directly in the 3D space.

In 3D space, some works such as- [KAL∗17, PWS∗23,
DCT∗23,ZLZ∗24,WHY24] have been proposed over recent years.
[KAL∗17] trains a CNN-based neural network to generate fa-
cial animation with emotional expressivity using a small, yet
high-quality dataset captured with a commercial 4D capture sys-
tem. However, the emotion control is not explicit and the small
scale dataset used contributes towards the lack of generalizabil-
ity. By utilizing a semantically emotion annotated dataset 3D-ETF,
Peng et al. [PWS∗23] proposed EmoTalk introducing an emotion-
disentangling encoder that separates emotion and speech con-
tent through a cross-reconstruction loss. The authors constructed
3D-ETF dataset by reconstructing two separate video datasets-
RAVDESS [LR18] and HDTF [ZLDF21]. Similarly, deterministic
method EMOTE [DCT∗23] reconstructs emotion annotated MEAD
[WWS∗20] video dataset and employs a VAE based transformer
network in a 2-stage training process. The dataset features annota-
tions in terms of 8 basic emotion classes and 3 levels of intensities.
The authors first train a motion prior model using a temporal VAE
and in the later stage, introduce audio and emotion conditioned
training that allow to infer facial animation in a non-autoregressive
manner. EMOTE does not conduct an explicit objective evaluation
against EmoTalk but qualitative and visual comparison suggest its
superior visual quality. Unlike categorical emotion control, Zhao
et al. [ZLZ∗24] more recently proposed Media2Face that allows
for text-based emotion control using CLIP [RKH∗21] text embed-
dings in their training, encouraging a more granular approach for
emotion control. The authors constructed their own dataset M2F-D
and follow a 2-stage training approach. The first stage incorporates
a VAE to learn a latent space for facial geometry and facial ex-
pression that decouples identity and expression. This latent space
is employed to construct the M2F-D dataset by extracting high-
quality expressions and accurate head poses from a large array of
videos from three video datasets - RAVDESS, HDTF and MEAD.
In the second stage, a transformer-based diffusion model is trained
so that it can generate the final animations non-deterministically.
While Media2Face achieves high visual quality, its dataset and
codebase were not publicly available at the time of writing, pre-
venting direct comparisons. Furthermore, the authors do not pro-
vide an evaluation pertaining to diverse output generation. Song
et al. [SWJ∗24] present another two-stage framework combining
an emotion-enabled VQ-VAE with a latent diffusion model. Their
approach outperforms EMOTE but falls short of FaceDiffuser in
performance. Similar to [ZLZ∗24], the authors do not evaluate
their model in terms of the ability to generate diverse results.
ProbTalk3D [WHY24] introduces a non-deterministic, emotion-
controllable framework trained on the 3DMEAD dataset. Rather
than directly utilizing high-dimensional vertex-based data, it lever-
ages low-dimensional FLAME parameters. ProbTalk3D employs
a 2-stage VQ-VAE framework and demonstrates superior per-
formance compared to recent deterministic and non-deterministic
methods. For our benchmark experiments, we selected ProbTalk3D
due to its non-deterministic and emotion-controllable design.
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3. Methodology

In this section, we outline the experimental setup for our bench-
marking process. The following subsections introduce the selected
datasets for the experiment, followed by brief descriptions of
the models used in the benchmarking process. Subsequently, we
present the curated set of objective metrics employed for evalua-
tion. The methodology for the perceptual user study is described
in Section 3.5. The models chosen for this experiment are first
trained on the selected datasets, with identical dataset splits main-
tained throughout. The objective metrics are then computed, and
the benchmarking table is constructed based on the results. The
models are ranked according to their performance. Additionally, for
the emotion-enabled 3DMEAD dataset, we conducted a perceptual
user study to gather insights into how users perceive lip synchro-
nization and animation realism across generated animations from
different models.

The experimental setup consists of the following steps:

• Dataset splits for the datasets presented in Section 3.1 are de-
fined and are kept consistent throughout the benchmarking ex-
periment.

• A set of objective metrics, detailed in Section 3.4, is used for the
quantitative evaluation of the trained models.

• The speech-driven models, described in Sections 3.2 and 3.3, are
trained on the datasets, and the corresponding evaluation metrics
are computed on unseen test sets.

• A perceptual user study, detailed in Section 3.5, is conducted us-
ing the generated animations from the trained models to evaluate
the results subjectively.

• Ranking tables are constructed based on the obtained results,
with each column representing the evaluation metrics and each
row representing the respective rankings in ascending order, as
shown in Tables 5 and 6.

• The results are presented in Section 4, followed by a discussion
of the findings in Section 5.

3.1. Datasets

We employ three audio-visual 3D datasets- BIWI [FGR∗10], Mul-
tiface [WZA∗22] and 3DMEAD [WWS∗20, DCT∗23]. Two of
these datasets are commonly used 3D vertex based datasets how-
ever they do not have enough emotional variation. 3DMEAD
dataset is constructed from 2D videos containing emotionally-
rich expressions. All three were used for objective benchmarking,
whereas 3DMEAD is further used for the perceptual user study.

BIWI [FGR∗10]: The BIWI dataset comprises 14 × 40 × 2 se-
quences, where each sequence combines audio with correspond-
ing facial animations. Fourteen subjects were tasked with read-
ing and expressing 40 different sentences, each performed twice:
once with a neutral expression and once with an emotional one.
Each sequence lasts approximately 5 seconds on average and was
recorded at 25 frames per second (fps). The dataset provides high-
resolution face meshes, consisting of 23,370 3D vertices, though
only the front of the head is captured. In line with prior work
[FLS∗22, XXZ∗23, SHY23], we utilize only the emotional subset
of sequences following the guidelines in [SHY23]. For training, six
subjects (three female and three male) were chosen, each providing

32 spoken sentences, resulting in a total of 192 sequences that make
up the BIWI-Train dataset. The remaining 8 sentences from these
subjects were divided, with 4 used for validation (24 sequences to-
tal) and 4 for testing (24 sequences total).

Multiface [WZA∗22]: The publicly available version of the dataset
consists of 13 subjects, selected from a larger pool of 250 individ-
uals used for training Meshtalk [RZW∗21]. Each subject provides
50 spoken sentences, and the sequences are organized by both sub-
ject and sentence, allowing for consistent training approaches such
as one-hot embeddings. The dataset creators ensured the sentences
were phonetically balanced to support generalization across a wide
range of phonemes. Each animation sequence features 3D face
meshes captured at 30 frames per second (fps), with each frame
representing the complete 3D face of the actor. The meshes contain
6,172 3D vertices, detailing features such as eyelids, neck, and var-
ious hairstyles. We adopt the dataset split for Multiface as outlined
in FaceDiffuser [SHY23].

3DMEAD [WWS∗20]: The 3DMEAD dataset is a 3D reconstruc-
tion of the 2D audio-visual MEAD dataset [WWS∗20]. The 3D
reconstruction process was performed using DECA [FFBB21] and
MICA [ZBT22]. 3DMEAD was first introduced in the EMOTE pa-
per [DCT∗23] for a deterministic method and later was used in non-
deterministic methods [WHY24] and [SWJ∗24] enabling emotion-
control. The 3DMEAD dataset consists of 3D reconstructions of 47
subjects speaking in English, expressing eight emotions at three in-
tensity levels. The emotions include neutral, happy, sad, surprised,
fear, disgust, anger, and contempt. Apart from the neutral emo-
tion, each category is represented at three intensity levels: weak,
medium, and strong. Each subject contributes 30 short sentences
for the seven basic emotions, each expressed at the three intensity
levels, along with additional 40 sentences reflecting neutral expres-
sions.

We select the 3DMEAD dataset for our experiments due to its
relatively large-scale, high-quality facial animation data, which in-
cludes a broad spectrum of emotional expressions. The motion
data is sampled at 25 frames per second (fps), and each frame is
represented using the FLAME [LBB∗17] 3D Morphable Model
(3DMM) parameters β,θ,ψ∈R406, where β∈R300 corresponds to
face shape, θ jaw ∈R3 represents the jawbone’s Euler angle rotation
(x, y, z), θglobal ∈ R3 denotes the global head pose, and ψ ∈ R100

represents the expression parameters. Consistent with EMOTE and
ProbTalk3D, we focus on utilizing only ψ,θ jaw ∈ R53 for model
training, where ψ ∈R50 accounts for the first 50 of the 100 expres-
sion parameters. In contrast to the dataset split used in EMOTE
which is only suitable for subjective evaluation, we adopt the split
proposed in ProbTalk3D which facilitates both objective and sub-
jective evaluations.

3.2. Benchmark Models: Deterministic

In this subsection, we summarize the deterministic speech-driven
3D facial animation generation models that we used for the bench-
marking process. For a detailed understanding of these models, we
refer to the corresponding papers.
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Dataset Subjects Sequences Emotions Intensities Total Sequences Hours Frames

BIWI 14 40 binary 1 1120 ≈ 1.55 139.5 K
Multiface 13 50 1 1 562 0.67 65 K
3DMEAD 47 30 (emotion) + 40 (neutral) 8 3 21115 ≈ 26 2.3 M

Table 1: Summary of the datasets used for benchmarking speech-driven 3D facial animation task.

Dataset BIWI 3DMEAD Multiface

Training
Set

6 subjects
32 sequences per subject
Total = 192 sequences

32 subjects
24 sequences per subject (emotional)
32 sequences per subject (neutral)
Total = 17098 sequences

9 subjects
40 sequences per subject
Total = 360 sequences

Validation
Set

6 seen subjects
4 sequences per subject
Total = 24 sequences

32 seen subjects
3 sequences per subject (emotional)
4 sequences per subject (neutral)
Total = 2108 sequences

9 seen subjects
5 sequences per subject
Total = 45 sequences

Test Set
6 seen subjects
4 sequences per subject
Total = 24 sequences

32 seen subjects
3 sequences per subject (emotional)
4 sequences per subject (neutral)
Total = 1909 sequences

9 seen subjects
5 sequences per subject
Total = 45 sequences

Table 2: Dataset Splits. The training and validation sets are used during training while the test sets were used to compute objective metrics.

3.2.1. FaceFormer

FaceFormer [FLS∗22] introduces an encoder-decoder architecture
that leverages pretrained Wav2Vec2.0 [BZMA20] as the audio en-
coder and a transformer-based autoregressive decoder to predict
animation sequences. By incorporating long-term audio context,
FaceFormer addresses limitations of traditional models that rely on
short audio windows, often leading to inaccuracies in lip synchro-
nization and facial expressions during extended speech. The model
employs a biased causal multi-head self-attention mechanism to
align audio input with motion data and maintain temporal consis-
tency. This design enables FaceFormer to generate coherent 3D fa-
cial animations with accurate lip synchronization and expressive
facial motions. Additionally, it tackles the scarcity of 3D audio-
visual data by integrating self-supervised pretraining and attention
mechanisms. Extensive experiments and user studies demonstrate
its superiority over state-of-the-art models in realism and lip-sync.

3.2.2. CodeTalker

Xing et al. [XXZ∗23] tackle the challenge of generating realistic
animations from audio input using a two-stage training framework
with a VQ-VAE. Similar to FaceFormer [FLS∗22], it incorporates
the pretrained Wav2Vec2.0 model as the audio encoder. To address
the regression-to-mean problem, which limits expressiveness in
prior methods, CodeTalker formulates the task as a code query in a
discrete motion prior space rather than a direct regression. The VQ-
VAE learns a discrete codebook of facial motion primitives, reduc-
ing ambiguity in cross-modal audio-to-motion learning. A speech-
conditioned autoregressive model then synthesizes 3D facial mo-
tions sequentially, leveraging the learned motion space to generate
lip-synchronized and expressive animations. CodeTalker’s speaker-
agnostic motion prior enhances generalization across speakers and
expressions. Both qualitative and quantitative comparative evalua-

tions, along with a user study, demonstrate its superiority in gener-
ating 3D facial animation from speech.

3.2.3. FaceXHuBERT

FaceXHuBERT [HY23] is an expressive 3D facial animation syn-
thesis model based on an end-to-end encoder-decoder architecture.
The model leverages HuBERT [HBT∗21] as the audio encoder,
capturing both lexical and non-lexical speech features, allowing
it to generalize across diverse speech inputs without requiring a
large-scale paired dataset. The audio embeddings from HuBERT
are processed through an Input Representation Adjustment mod-
ule to ensure alignment of audio features with 3D facial animation
data. The decoder employs a lightweight two-layer GRU architec-
ture, which generates vertex displacements for 3D facial mesh se-
quences. Additional inputs, including speaker identity and binary
emotion labels (neutral or expressive), enhance the emotional ex-
pressiveness of the animations. This design reduces network com-
plexity and training time compared to transformer-based decoders
while achieving high-quality lip-sync accuracy and realistic expres-
sions. FaceXHuBERT outperforms models like FaceFormer and
CodeTalker in objective evaluations and achieves improved train-
ing efficiency, maintaining superior accuracy in capturing subtle
emotional facial motions.

3.3. Benchmark Models: Non-Deterministic

Here, we briefly describe the non-deterministic speech-driven 3D
facial animation generation models that were used for the bench-
mark experiment. For further details about the models, we refer
readers to the corresponding papers. We select one VQ-VAE based
model which is a non-deterministic modification of CodeTalker
and one diffusion-based FaceDiffuser [SHY23]. We also add the
emotion-control enabled model ProbTalk3D [WHY24].
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3.3.1. CodeTalker-ND

Although CodeTalker originally produces deterministic results,
we adopted their implementation and made use of the multino-
mial sampling method during the codebook entry retrieval in-
stead of retrieving the best matched entry. We include this non-
deterministic version of the original model in our experiment,
namely CodeTalker-ND.

3.3.2. FaceDiffuser

Stan et al. [SHY23] introduced FaceDiffuser, a non-deterministic
model that incorporates a diffusion mechanism to generate varied
facial animations. Unlike deterministic methods, which produce
identical outputs for the same speech input, FaceDiffuser models
the natural variability of facial expressions. It uses HuBERT, a pre-
trained self-supervised speech encoder, to process audio input and
applies a denoising diffusion process to learn and synthesize ex-
pressive facial animations. The GRU-based decoder predicts ei-
ther 3D vertex displacements or blendshape parameters or rig con-
trol values, making the model compatible with both vertex-based
datasets and blendshape animation rigs. FaceDiffuser supports an-
imation generation under diverse speech conditions, such as noisy
environments or multiple speakers, enhancing its robustness. Ex-
tensive evaluations show that it matches or outperforms state-of-
the-art models like FaceFormer and CodeTalker, while introducing
variability in the generated outputs.

3.3.3. ProbTalk3D

ProbTalk3D [WHY24] is an emotion-controllable speech-driven
3D facial animation model trained on the 3DMEAD dataset. The
model employs a two-stage VQ-VAE architecture to generate di-
verse yet accurate animations with variability in expression and
emotional intensity. In Stage 1, a VQ-VAE-based motion autoen-
coder learns a discrete latent representation of facial motion using
a codebook. In Stage 2, speech features from HuBERT audio en-
coder are fused with an emotion-controlled style embedding (i.e.
subject identity, emotion class, and intensity) and decoded into
facial motion. Probabilistic sampling during inference allows the
model to produce diverse outputs for the same input set. Evalu-
ations show that ProbTalk3D outperforms state-of-the-art models
like FaceDiffuser and CodeTalker in diversity metrics while main-
taining competitive vertex error metrics. Qualitative comparisons
and user study further highlight its ability to generate expressive
and visually realistic diverse facial animations.

3.4. Benchmark Objective Metrics

The quantitative metrics that we used to benchmark the aforemen-
tioned models are described in this subsection. We use the most
commonly used objective metrics found in recent relevant liter-
ature: lip vertex error (LVE), mean vertex error (MVE) and up-
per face dynamics deviation (FDD). These three metrics are de-
signed for deterministic models and they provide insights about
accuracy of the models. However, a different set of objective met-
rics are required to properly evaluate non-deterministic models, di-
versity being an important metric that appears in non-deterministic

or probabilistic models. Unfortunately, there has not been a com-
mon diversity metric that the different papers are using. For exam-
ple, [SHY23] defines diversity in terms of conditioning on differ-
ent speaking subjects to be able to fairly compare with determin-
istic models. While [WHY24, SLY∗24] define diversity by gen-
erating multiple samples using the same inputs and by comput-
ing the average differences of the generated samples inspired from
[RPZK23] that used diversity for evaluating non-deterministically
generated body animations. We adopt the diversity metric as used
in [WHY24]. Additionally, following [YRC∗24], we incorporate
mean estimate error (MEE) and coverage error (CE) in our experi-
ments to quantitatively evaluate non-deterministic models.

3.4.1. LVE

The Lip Vertex Error (LVE) measures the maximum L2 error be-
tween the vertices in the lip or mouth region of a predicted frame
and the corresponding ground truth frame. This error is then aver-
aged across all generated frames. Given that the facial topology is
identical for both the 3DMEAD and VOCASET datasets, we utilize
the same lip mask as applied in [XXZ∗23, SHY23].

For N predicted frames from the test audio, let xi
lip represent the

vertices of the lip region in the ground truth frame, and x̂i
lip denote

the corresponding vertices in the predicted frame. The LVE is then
computed as:

LVE =
1
N

N

∑
i=1

max |xi
lip − x̂i

lip|2 (1)

3.4.2. MVE

The Mean Vertex Error (MVE) is used to calculate the average Eu-
clidean distance between the predicted frames and the correspond-
ing ground truth frames across the entire test set. Let N denote the
total number of frames generated for all test-set audio inputs. We
define xi as the ground truth of the i-th frame and x̂i as the predicted
frame. The MVE is computed using the following equation:

MVE =
1
N

N

∑
i=1

∥xi − x̂i∥ (2)

3.4.3. FDD

The Upper Face Dynamic Deviation (UFDD), introduced in
[XXZ∗23], quantifies the variation in facial dynamics of motion se-
quences relative to the ground truth. This metric provides an indica-
tion of how closely the standard deviation—or the variation in up-
per face motion—of the generated sequences for the test-set audio
aligns with the variation observed in the ground truth sequences.

3.4.4. Diversity

To evaluate diversity, we adopt the definition proposed in
[RPZK23], initially introduced for assessing synthesized body mo-
tions and later adapted for the evaluation of facial animations in
works such as DiffPoseTalk [SLY∗24], 3DiFACE [TACT23], and
ProbTalk3D [WHY24]. Our goal is to quantify the diversity of gen-
erated facial animations under identical input conditions.
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Given A audio inputs, we generate 10 facial animation samples
for each input, all guided by the same control signals. For the i-th
audio input, two random subsets are sampled from the set of gen-
erated animations, each consisting of B samples. For instance, for
3DMEAD dataset, A = 1909 (corresponding to the test-set audio
inputs), and B = 5 (i.e., 10 generated samples are randomly divided
into two subsets, S1 and S2, each containing 5 samples).

We then calculate the average Euclidean distance between the
j-th sample within the two subsets for each audio input. This pro-
cess is repeated for all A audio inputs, and the overall mean value
is computed to represent the final diversity metric. The formal def-
inition of this diversity measure is as follows:

Diversity =
1

A×B

A

∑
i=1

B

∑
j=1

∥(x̂i, j ∈ S1)− (x̂i, j ∈ S2)∥2 (3)

3.4.5. MEE

The Mean Estimate Error (MEE), introduced in [YRC∗24], is pro-
posed to evaluate how closely the mean of a sampling distribution
approximates the ground truth. To compute MEE, we generate a
set of samples S = x̂1, x̂2, . . . , ˆx10. For each test audio, 10 motion
sequences are generated, and the mean E(x̂) of these 10 samples is
calculated.

MEE is then computed for all test sequences using Eq. 4, and
the average is taken across the entire set of test sequences. A lower
MEE value suggests that the model is more successful in produc-
ing ground truth-aligned lip movements. This metric is particularly
suitable for probabilistic and non-deterministic models, as it evalu-
ates a set of generated samples rather than a single instance.

MEE = LVE(x,E(x̂)) (4)

3.4.6. CE

Coverage Error (CE) assesses how closely the sampling distribution
of a probabilistic model aligns with the ground truth, as described
in [YRC∗24]. To compute CE for a single test sequence, we gener-
ate a set S consisting of 10 samples, similarly to the procedure for
MEE. The minimum Lip Vertex Error (LVE) between the ground
truth and the generated samples is then calculated using Eq. 5.

The mean CE across all test sequences is computed to provide
the final CE value. A lower CE indicates that the probabilistic
model’s predictions better encompass the ground truth samples in
terms of lip motion.

CE = min
x̂∈S

LVE(x, x̂) (5)

3.5. Perceptual User Study

Our perceptual user study aims to gather subjective metrics in
which users evaluates the results based on two key aspects: real-
ism and lip-sync that were rated independently. Realism reflects
the overall facial movement accuracy while lip-sync is concerned
with the alignment between lip movements and speech. We define

Figure 1: Perceptual user study UI for each individual animation
viewed and rated by the users in terms of lip-sync and realism.

an experiment assumption that lip-sync is related to objective met-
rics LVE, MEE, CE (these metrics calculate the vertex error for
the lip region) whereas realism relates to FDD, MVE, Diversity
(these metrics provide insights about upper face and full face ac-
curacy). For the user study, we exclusively utilized the 3DMEAD
dataset due its expressive richness. In conventional perception stud-
ies for 3D facial animations, A/B testing is typically employed to
directly compare a proposed model with both state-of-the-art mod-
els and the ground truth. However, given that our objective was not
to demonstrate the superiority of a specific model, we opted for an
individual rating methodology. In this approach, participants rated
rendered stimuli independently without simultaneous comparison,
thus providing a more nuanced evaluation without a forced choice.

We generated four random predictions for each motion from all
models trained on the 3DMEAD dataset. These results, along with
the ground truth, were then rendered for user evaluation. To min-
imize potential biases, a single random sample from the four pre-
dictions was presented to the user. Additionally, the emotions and
models were intermixed to reduce any favoritism that could arise
from familiarity or preference. Participants rated each motion on a
scale from 1 to 7, where 7 represented the highest score in terms
of realism and lip-sync accuracy. The user interface for this rating
process is illustrated in Figure 1.

Due to the large number of motions that required evaluation—six
models plus ground truth for each emotion, resulting in a total of
56 motions—we divided the study into two segments. Users were
randomly assigned to groups and presented with a subset consist-
ing of four randomly selected emotions for all models. This strat-
egy ensured that the study did not become overly time-consuming,
thus maintaining participant engagement and the quality of their
responses. Participants were recruited via Prolific, ensuring appro-
priate monetary compensation. In total, we gathered data from 45
paid participants and 16 volunteers, amounting to 61 study partic-
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Dataset: BIWI

Model LVE (↓) FDD (↓) MVE (↓) Diversity (↑) MEE (↓) CE (↓)
×10−4 ×10−5 ×10−3 ×10−3 ×10−4 ×10−4

FaceDiffuser [SHY23] 4.946 4.430 6.810 0.002 4.951 4.993
CodeTalker-ND [XXZ∗23] 6.333 5.186 7.357 0.323 6.670 6.180

CodeTalker [XXZ∗23] 4.791 4.117 6.013 - - -
FaceFormer [FLS∗22] 4.928 4.627 7.135 - - -

FaceXHuBERT [HY23] 4.729 3.901 6.295 - - -

Dataset: Multiface

FaceDiffuser [SHY23] 5.766 5.160 6.739 0.001 5.767 5.766
CodeTalker-ND [XXZ∗23] 20.262 9.350 14.288 0.012 21.622 20.059

CodeTalker [XXZ∗23] 16.940 5.431 10.945 - - -
FaceFormer [FLS∗22] 13.405 6.934 8.446 - - -

FaceXHuBERT [HY23] 18.001 5.002 9.167 - - -

Table 3: Objective Evaluation Metrics for the Models on BIWI and multiface datasets.

ipants. After the study responses are collected, the ratings for the
subjective metrics were then aggregated.

4. Results

We evaluated the performance of the selected speech-driven 3D
facial animation models on three datasets: BIWI, Multiface and
3DMEAD. The objective metrics used include- Lip Vertex Error
(LVE), Upper Face Dynamic Deviation (FDD), Mean Vertex Error
(MVE), Diversity, Mean Estimate Error (MEE), and Coverage Er-
ror (CE). Additionally for 3DMEAD dataset, a user study was con-
ducted to assess subjective metrics, specifically lip-sync accuracy
and realism, rated on a 7-point scale. As presented in Tables 3 and
4, a lower value indicates better performance for LVE, FDD, MVE,
MEE, and CE, while higher values are preferred for Diversity, Lip-
sync, and Realism. The mean ratings of perceptual analysis for each
model and the ground truth are presented in Table 4. Furthermore,
Figure 2 shows the objective metric plots for the non-deterministic
models. We present below the results analysis per dataset.

BIWI Dataset For BIWI dataset, FaceXHuBERT demonstrates the
best performance in terms of LVE and FDD, achieving the low-
est values for both metrics. CodeTalker produced the lowest MVE
and second lowest FDD, demonstrating good performance for full
face and upper face vertex accuracy. For non-deterministic models,
FaceDiffuser outperforms CodeTalker-ND in terms of MEE and
CE. On the other hand, CodeTalker-ND, scores higher in diversity
metric in comparison to FaceDiffuser demonstrating a trade-off be-
tween accuracy and diversity.

Multiface Dataset On Multiface dataset, FaceDiffuser excelled by
achieving the lowest values for LVE, MVE, MEE, and CE, demon-
strating its good generalization across both the BIWI and Multiface
datasets. FaceXHuBERT achieved the best FDD score but strug-
gled with LVE and MVE compared to FaceDiffuser. CodeTalker-
ND led in diversity but recorded significantly higher in all vertex
error values, reflecting reduced accuracy in lip synchronization and
vertex prediction, showing a similar accuracy-diversity trade-off
observed for BIWI dataset results.

3DMEAD Dataset ProbTalk3D emerged as the best-performing
model in terms of objective metrics on this dataset, while FaceX-
HuBERT excelled in perceptual analysis. ProbTalk3D achieved
the lowest values for LVE, FDD, MVE, MEE, and CE, and also
recorded the highest Diversity score, highlighting its ability to gen-
erate the most varied outputs among the models. FaceDiffuser de-
livered competitive results in LVE and FDD while also achiev-
ing relatively high scores in the user study for both lip-sync and
realism. FaceXHuBERT led in subjective metrics, achieving the
highest scores for lip-sync and realism, outperforming most mod-
els in user-based evaluations, although it struggled with objective
metrics. Similar to the other datasets, CodeTalker-ND showed a
higher Diversity score than FaceDiffuser but ranked lower in all
vertex error computations, again showing an accuracy-diversity
trade-off. FaceFormer showed moderate performance across objec-
tive metrics and achieved decent scores for lip-sync and realism.
CodeTalker, while performing better than most models in LVE and
MVE, achieved the lowest subjective scores for lip-sync and real-
ism. Finally, the Ground Truth animations scored the highest over-
all for both lip-sync and realism in subjective evaluations.

Accuracy-Diversity Trade-off As reported in [WHY24] and ac-
cording to the results obtained in our study, for non-deterministic
approaches, a trade-off exists between accuracy and diversity. As
models produce diverse outputs, the vertex errors increase, as pre-
sented in Figure 2a for lip vertex error (with the exception of
ProbTalk3D trained on 3DMEAD). In Figure 2b, we can observe a
similar trade-off pattern where models with lower FDD (i.e. FaceD-
iffuser) achieve lower diversity than CodeTalker-ND. The accuracy
related metrics compare the generated animation with the ground
truth data while the diversity metric computes how different each
generated sample is given the same input to the trained model.
A randomly generated sample from a non-deterministic method
could produce visually appealing animation but might also lead to a
higher error value when compared to the single ground truth sample
available in the dataset. Datasets used in this research field contain
only one recorded sample for each piece of textual content to be
spoken. This limits diversity analysis and appropriate evaluation of
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(a) LVE (X-axis) and Diversity (Y-axis) (b) FDD (X-axis) and Diversity (Y-axis)

Figure 2: Objective metrics plots showing the metric values trained with the non-deterministic benchmark models and corresponding
datasets. Different colors represent datasets while different shapes represent models. Figure 2a shows the plot of LVE and Diversity whereas
Figure 2b, FDD and Diversity.

Dataset: 3DMEAD

Model LVE (↓) FDD (↓) MVE (↓) Diversity (↑) MEE (↓) CE (↓) Lip-sync (↑) Realism (↑)
×10−4 ×10−5 ×10−3 ×10−3 ×10−4 ×10−4 (7-point scale rating)

FaceDiffuser [SHY23] 0.894 0.091 1.324 0.045 0.885 0.878 3.861 3.194
CodeTalker-ND [XXZ∗23] 3.133 0.309 3.478 0.170 3.159 3.020 3.753 3.030

ProbTalk3D [WHY24] 0.604 0.041 0.724 0.327 0.555 0.523 3.671 3.118
CodeTalker [XXZ∗23] 1.598 0.204 1.712 - - - 3.574 2.992
FaceFormer [FLS∗22] 2.027 0.066 2.855 - - - 3.858 3.335

FaceXHuBERT [HY23] 2.969 0.085 3.143 - - - 4.020 3.345

Ground truth - - - - - - 4.035 3.375

Table 4: Objective Evaluation Metrics together with user study results for the Models on the 3DMEAD Dataset

generative probabilistic models. As models generate increasingly
diverse outputs, vertex errors also rise, as they are compared with
just one ground truth sample, which is a limitation imposed by the
datasets.

5. Discussion

Based on the results obtained from our experiment, we created
ranking tables for the three datasets as presented in Tables 5 and 6.
These ranking tables reveal that only the objective metrics specif-
ically designed for non-deterministic approaches (i.e. Diversity,
MEE and CE) demonstrate consistency across three datasets. The
other objective metrics (i.e. LVE, FDD and MVE) and the subjec-
tive metrics (i.e lip-sync and realism) do not demonstrate consistent
rankings across the datasets showing that the model performance
do not generalize when the dataset changes. Furthermore, the as-
sumption of subjective metrics- (i) Lip-sync being related to LVE,
MEE, CE and (ii) Realism being related to FDD, MVE, Diversity,
does not hold as observed in Table 6.

One of the critical revelations in our study is the lack of general-
izability of the model performances in terms of the objective met-

rics across different datasets. Although certain models demonstrate
strong performance on specific datasets, their success does not nec-
essarily translate to others, which indicates that current methods are
tailored to specific data distributions. This raises concerns about the
robustness and adaptability of the models when applied to new or
unseen data. It underscores the need for further investigations into
how well models generalize across a broader range of datasets, par-
ticularly when tasked with diverse facial expressions, speech styles,
and cultural variations that real-world applications demand. An-
other key observation is the absence of a direct relationship be-
tween objective and subjective metrics, pointing to a disconnect
between technical accuracy and human perception. For example,
FaceXHuBERT, which ranks poorly in Lip Vertex Error (LVE) and
Mean Vertex Error (MVE) for 3DMEAD, surprisingly achieves the
highest scores in the perceptual user study in terms of both lip-sync
and realism. This inconsistency suggests that while objective met-
rics like LVE and MVE are valuable for quantifying aspects such
as geometric accuracy, they may not fully capture the nuances that
users perceive as contributing to the quality of facial animations.
This highlights the need for a deeper understanding of what objec-
tive metrics truly represent and how they relate to user experiences.
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Dataset: BIWI

Rank LVE FDD MVE Diversity MEE CE

1 FaceXHuBERT FaceXHuBERT CodeTalker CodeTalker-ND FaceDiffuser FaceDiffuser
2 CodeTalker CodeTalker FaceXHuBERT FaceDiffuser CodeTalker-ND CodeTalker-ND
3 FaceFormer FaceDiffuser FaceDiffuser - - -
4 FaceDiffuser FaceFormer FaceFormer - - -
5 CodeTalker-ND CodeTalker-ND CodeTalker-ND - - -

Dataset: Multiface

1 FaceDiffuser FaceXHuBERT FaceDiffuser CodeTalker-ND FaceDiffuser FaceDiffuser
2 FaceFormer FaceDiffuser FaceFormer FaceDiffuser CodeTalker-ND CodeTalker-ND
3 CodeTalker CodeTalker FaceXHuBERT - - -
4 FaceXHuBERT FaceFormer CodeTalker - - -
5 CodeTalker-ND CodeTalker-ND CodeTalker-ND - - -

Table 5: Ranking of the models per objective evaluation metrics in columns for BIWI and Multiface datasets.

Dataset: 3DMEAD

Rank LVE FDD MVE Diversity MEE CE Lip-sync Realism

1 ProbTalk3D ProbTalk3D ProbTalk3D ProbTalk3D ProbTalk3D ProbTalk3D FaceXHuBERT FaceXHuBERT
2 FaceDiffuser FaceFormer FaceDiffuser CodeTalker-ND FaceDiffuser FaceDiffuser FaceDiffuser FaceFormer
3 CodeTalker FaceXHuBERT CodeTalker FaceDiffuser CodeTalker-ND CodeTalker-ND FaceFormer FaceDiffuser
4 FaceFormer FaceDiffuser FaceFormer - - - CodeTalker-ND ProbTalk3D
5 FaceXHuBERT CodeTalker FaceXHuBERT - - - ProbTalk3D CodeTalker-ND
6 Codetalker-ND CodeTalker-ND CodeTalker-ND - - - CodeTalker CodeTalker

Table 6: Ranking of the models per evaluation metrics in columns for 3DMEAD dataset.

5.1. Current Limitations

Our study highlights several critical limitations in the field of
speech-driven 3D facial animation generation. The first major chal-
lenge lies in the limitations of publicly available datasets. Existing
datasets often lack sufficient variation and diversity. Additionally,
the quality of data in these datasets is often suboptimal, with many
relying on pseudo ground truth data reconstructed from 2D videos
that is subject to vision based reconstruction loss. Furthermore, cur-
rent datasets provide limited support for multi-language coverage,
restricting the applicability of models across diverse multi-cultural
contexts in 3D interactive applications such as social XR.

The second set of challenges pertains to the objective evalua-
tion metrics. Metrics such as vertex error serve only as proxy mea-
surements and fail to comprehensively capture perceptual nuances.
These metrics lack identity- and emotion-specific evaluations, leav-
ing key aspects of animation quality unaddressed. Additionally,
there remains a disconnect between objective and subjective eval-
uations, undermining the reliability of current assessment frame-
works.

Thirdly, subjective evaluation methodologies face their own set
of shortcomings. Existing approaches often oversimplify evalua-
tion questions, focusing narrowly on realism and lip-sync accu-
racy while neglecting critical aspects such as emotion and iden-
tity perception. Sample sizes for perceptual studies are often lim-
ited, with insufficient representation of varied demographic groups.
Moreover, perceptual evaluations frequently exclude textured ani-
mations, which are essential for assessing visual realism in practi-

cal applications. Finally, there is a lack of ecologically valid eval-
uations that consider the contextual requirements of target applica-
tions, such as those in gaming or virtual reality environments.

Furthermore, many models struggle to generalize effectively to
unseen subjects or lack mechanisms for facial motion retargeting,
which is crucial for interactive 3D applications. Moreover, exist-
ing approaches offer limited controllability and editability of gen-
erated animations. Current evaluations of the methods often over-
look these broader practical aspects, instead focus predominantly
on machine learning performance.

5.2. Suggestions

Addressing these challenges requires a more standardized approach
within the field. Currently, the lack of consensus on how to evalu-
ate speech-driven 3D facial animation models has led to inconsis-
tent evaluation methodologies across studies, making it difficult to
compare results. To facilitate fairer comparisons and ensure more
robust evaluations, we urge the research community to work to-
wards establishing a standardized evaluation procedure that can be
widely adopted. At the very least, this should involve the use of
common benchmark datasets, dataset splits and a carefully selected
set of objective metrics that reflect the diverse aspects of model
performance. Moreover, it may be necessary to develop a suite of
metrics tailored to different types of models or approaches rather
than applying all available metrics indiscriminately, as this can di-
lute meaningful insights into the strengths and weaknesses of each
method. For instance, [YRC∗24] discusses about the limitations
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of the maximal lip vertex error (LVE) for evaluating probabilistic
methods and proposed MEE and CE instead.

Regarding the datasets, we recommend the use of publicly avail-
able datasets— BIWI, Multiface, and 3DMEAD due to their com-
plementary strengths in speech-driven 3D facial animation re-
search. The BIWI dataset offers high-resolution face mesh topol-
ogy, which ensures detailed facial expressivity and provides a well-
balanced set of samples covering both neutral and expressive con-
ditions. Although the full Multiface dataset comprising 250 sub-
jects is not publicly accessible, the available subset of 13 sub-
jects is sufficient for research purposes. 3DMEAD, on the other
hand, presents a large-scale dataset reconstructed from 2D videos
of the MEAD dataset, featuring pseudo ground truth animation
data annotated emotions. A key advantage of 3DMEAD is its com-
patibility with both low-dimensional parametric data and high-
dimensional vertex-based data, as it follows the FLAME 3D mor-
phable model (3DMM), facilitating seamless conversion between
morphable model parameters and 3D vertices.

We further encourage the community to develop and construct
a dataset designed specifically to facilitate robust diversity anal-
ysis. Human motion, including facial motion, is inherently non-
deterministic, yet existing datasets typically contain only a single
random sample of each uttered textual content. This limitation pre-
vents a comprehensive evaluation of non-deterministic methods in
terms of their ability to generate diverse animations. A dataset com-
prising multiple samples of the same text being uttered would en-
able a deeper analysis of the diversity within the ground truth data
distribution and support the establishment of objective metrics tai-
lored to evaluate such methods effectively. Additionally, we urge
new and future publications to make their respective newly con-
structed datasets publicly available for research purposes.

To ensure fairness and reproducibility in evaluations using objec-
tive metrics, we recommend utilizing commonly adopted metrics
from recent publications, particularly those with publicly available
open-source implementations. Furthermore, we strongly encour-
age future works to provide open-source implementations for any
newly proposed metrics. This will enable the community to adopt
such metrics effectively and avoid potential issues arising from re-
implementation. For deterministic methods, metrics such as ver-
tex errors (LVE, MVE) and FDD should be used in conjunction
with qualitative evaluations of the generated animations, as they
should not serve as the sole criteria for model assessment. In con-
trast, for non-deterministic or probabilistic models, as employed in
our study, metrics like MEE, CE, and Diversity are more appropri-
ate, as they account for multiple generations rather than evaluating
a single random output.

Furthermore, the process of conducting perceptual user studies
demands greater scrutiny. The current methodologies, often based
on A/B testing, is subject to critics for their lack of reliability and
consistency, especially when user preferences can be influenced by
random or subjective factors. A more rigorous and scientifically
grounded approach to perceptual studies is needed to obtain re-
liable user feedback on facial animation quality. To achieve this,
we believe collaboration between technical researchers (from both
machine learning and computer graphics) and experts in Human-
Computer Interaction (HCI) could be highly beneficial. HCI re-

searchers bring a wealth of knowledge on designing user studies
and understanding human perception, which can help refine the
methods used to evaluate speech-driven 3D facial animations. By
teaming up, these interdisciplinary collaborations can lead to the
discovery of more robust, reproducible, and insightful approaches
for conducting perceptual studies, ultimately improving the evalu-
ation process for such technical works.

Future research can benefit from adopting the benchmark frame-
work established in this study to enable fairer comparisons and to
gain deeper insights into the alignment between objective and sub-
jective evaluations. Standardized benchmarking can ensure trans-
parency and robustness in assessing model performance across dif-
ferent approaches. Additionally, organizing dataset challenges at
major graphics and machine learning conferences, or establishing
online leaderboards, could further drive progress by encouraging
not only academic but also industry participation and fostering col-
laboration. These initiatives would potentially promote the adop-
tion of standardized datasets and evaluation protocols.

6. Conclusion

In this work, we presented a comprehensive evaluation of both de-
terministic and non-deterministic models for speech-driven 3D fa-
cial animation using a curated set of objective and subjective met-
rics. Our study aimed to address the growing need for standardized
evaluation methodologies by benchmarking several state-of-the-art
models across multiple datasets, including BIWI, Multiface, and
3DMEAD. The results demonstrate a clear disparity in model per-
formance across datasets, underscoring the challenges of generaliz-
ability in this domain. While some models performed well in sub-
jective user evaluations, they did not always align with objective
metrics, highlighting the need for metrics that better capture hu-
man perception of animation quality. Additionally, different from
the recent benchmarking work [YRC∗24], we included objective
metrics that appear in majority of recent publications in our bench-
mark experiment and further investigate the relation between objec-
tive and subjective metrics via a perceptual user study. For the data-
driven task of synthesizing facial animation, we believe perceptual
user studies to be an essential complement to the objective met-
rics, bridging the gap between technical accuracy and user experi-
ence. The findings of our study reveal the necessity of establishing
a standardized framework for evaluating speech-driven 3D facial
animation synthesis models. This includes- using a common set of
datasets, consistent dataset splits and metrics tailored to specifics
of both deterministic and non-deterministic approaches. In conclu-
sion, by standardizing the evaluation process and by bridging the
gap between objective and subjective assessment, future research
on speech-driven 3D facial animation synthesis can achieve more
consistent, fairly comparable and real world applicable outcomes.
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