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ABSTRACT

Recently, speech-driven facial and oral animation technologies have
been used in various fields such as education, speech therapy, and
healthcare. But methods to objectively evaluate the quality of gen-
erated results are still limited. Accordingly, we propose the Fréchet
Oral Distance (FOD), which uses embeddings from an Oral Motion
Encoder (OME) and a TIMIT-Vis reference distribution. In experi-
ments, FOD reproduced model rankings similar to the coordinate-
based metric, Lip Vertex Error (LVE), and showed trends consistent
with user preference. Our framework provides objective and repro-
ducible benchmarking without relying on expensive equipment or
subjective evaluation, and it can be extended to compare a variety
of 2D/3D models.

1 INTRODUCTION

Speech-driven facial animation generation technologies have re-
cently been used in fields such as education and healthcare [12, 17].
When used for language therapy such as pronunciation correction,
it is important to represent oral motion naturally and accurately.

While methods for modeling facial animation continue to ad-
vance, quantitative evaluation of generated videos remains insuf-
ficient. Current evaluations fall into coordinate-based, subjective,
and distribution-based approaches. Coordinate-based metrics (e.g.,
LVE [5, 16, 23]) require precise equipment or manual landmarks,
which are hard to obtain. Subjective evaluation (e.g., MOS [19]) is
time- and cost-intensive and has low reproducibility. As a result,
there is a lack of methods to measure the quality of oral animation
accurately and reproducibly.

To address these issues, this study proposes the following con-
tributions:

e Fréchet Oral Distance (FOD): a metric that evaluates quality
without coordinate GT by converting generated oral animation
into latent vectors and comparing distances between distribu-
tions.
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o TIMIT-Vis: a large-scale articulatory simulation dataset that
visualizes TIMIT with the Vocal Tract Lab (VTL) [1, 7], providing
a standardized evaluation environment with diverse speakers
and dialects. We use TIMIT-Vis (test) as the reference distribution
because it offers stable, audio-video-synchronized articulatory
coverage across diverse speakers and dialects.

2 RELATED WORK

Among evaluation methods for generated video, the widely used

coordinate-based metric LVE [23] requires GT coordinates or equipment-

based tracking, making data collection difficult. Peak Signal-to-
Noise Ratio (PSNR) and Structural Similarity Index Measure (SSIM) [22]
evaluate frame-wise distortion and are useful indicators of restora-
tion quality, but they have limitations in assessing temporal infor-
mation or the naturalness of motion. Subjective evaluation such
as MOS (Mean Opinion Score) [19] has the advantage of reflecting
human perception, yet it is costly and has low reproducibility.

In distribution-based evaluation of generated video, Fréchet-
based evaluation methods are widely used. Fréchet Inception Dis-
tance (FID) [9] approximates the embedding distributions extracted
from Inception-V3 [20] as multivariate Gaussians and computes
the Fréchet distance. Fréchet Video Distance (FVD) [21] extends
FID to video by computing the distance between two distributions
using I3D embeddings [2]. Domain-specific Fréchet-based metrics
have also been proposed. For example, in audio, Fréchet Audio Dis-
tance (FAD) [10] uses VGGish embeddings [8]; for human motion
sequences, Fréchet Motion Distance (FMD) [11] applies Fréchet
computation to motion-latent embeddings; and for 3D point clouds,
Fréchet Pointcloud Distance (FPD) [18] was proposed in the context
of TreeGAN. In this way, encoders suitable for each domain are
used to evaluate at the distribution level rather than via frame-wise
distortion.

Latent-space L1/L2 measure average deviations between embed-
dings. By contrast, Fréchet-based metrics (e.g., FID [9], FVD [21])
compare distributions by matching both means and covariances,
capturing channel correlations, scale differences, and variability.
Building on this perspective, our Fréchet Oral Distance (FOD) is
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Figure 1: (A) Training pipeline: The Oral Motion Encoder is trained using synthetic articulatory videos generated from TIMIT-
Vis [1, 7] (VTL-rendered TIMIT). (B) Evaluation pipeline: Latent vectors extracted from simulation videos are compared to
reference distributions using the Fréchet distance [9]. These two stages collectively define the framework for both learning and

assessing articulatory dynamics.

a distribution-based approach configured for the domain of oral
animation.

To apply and benchmark such distribution-based metrics in our
domain, a suitable articulatory dataset is necessary. RT-MRI [17] al-
lows direct observation of internal articulators (e.g., tongue, velum)
with temporal coupling to speech, yet publicly available datasets re-
main limited in scale and scope. VOCA [3] and BIWI [6] are 4D face
datasets paired with audio and offer precise topological synchro-
nization, but they lack internal oral information. This motivates
the use of TIMIT-Vis, which visualizes TIMIT with the Vocal Tract
Lab (VTL) [1, 7], providing audio-video-synchronized articulatory
coverage across diverse speakers and dialects. These limitations re-
strict such datasets utility as training data for encoders that require
internal oral-motion information.

3 METHOD

We propose a Fréchet-based metric that compares the latent distri-
butions of generated facial and oral animations. Generated videos
are embedded with an Oral Motion Encoder (OME), and detailed
evaluation is defined in §3.2.

3.1 OME x TIMIT-Vis

OME encodes oral motion from generated animations into a latent
space using Lip2Wav’s spatiotemporal encoder [15]. It is pretrained
on RT-MRI [17] (resampled 83—30 fps) and fine-tuned on TIMIT-
Vis [1, 7] with the same configuration. Each input covers about 1.5 s
(~45 frames) in a sliding window. The overall training process is
illustrated in Figure 1A.
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Figure 2: VocalTractLab (VTL) [1] interface. The GUI visual-
izes articulatory structures and computes acoustic responses;
VTL was used to render videos for TIMIT-Vis [1, 7].

TIMIT-Vis visualizes TIMIT [7] speech via VTL [1], rendering
articulator motion at 30 fps and 256x256. It includes 6,200/100
train/test videos from 630 speakers (8 dialects; 192 F / 438 M) (Ta-
ble 1). The dataset is used for OME training and to build the refer-
ence latent distribution. VTL was modified to cover English/German
IPA, and its rendering interface is shown in Figure 2.

Table 1: Summary of the TIMIT-Vis benchmark dataset [1, 7].
6,200/100 videos (train/test) at 30 FPS, 256x256; 630 speakers,
8 dialect regions (192 female, 438 male).

Name TIMIT-Vis FPS 30
256x256 | Regions 8
6,200/100 F/M 192/438

Resolution
Samples (Train/Test)




Fréchet Oral Distance: A Coordinate-Free Metric and Benchmark for Speech-Driven Oral Animation

HCAI Workshop @ CIKM ’25, November 14, 2025, Seoul, Republic of Korea

Table 2: Absolute scores on VOCA/BIWI: LVE (when available) and latent-space L1/L2/FOD. Lower indicates better alignment.

Metric FaceFormer [5] CodeTalker [23] SelfTalk [14] UniTalker [13]
VOCA [3] BIWI[6] | VOCA [3] BIWI[6] VOCA [3] BIWI[6] | VOCA[3] BIWI[6]
LVE 4.98 1.17 4.79 1.12 4.25 0.96 3.86 0.81
L1 0.0502 0.0542 0.0501 0.0545 0.0494 0.0532 0.0491 0.0526
Ours L2 13.85 14.92 13.77 14.96 13.61 14.90 13.42 14.23
Frechet-D 190.10 165.14 187.36 167.92 181.51 163.90 176.94 162.14
Metrics Trend @ VOCA Dataset Metrics Trend @ BIWI Dataset
LVE (10.4 mm) on VOCA Latent L1 Distance on VOCA LVE (10.4 mm) on BIWI Latent L1 Distance on BIWI
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Figure 3: Trend visualization across datasets: LVE, latent L1/L2 distances, and FOD on VOCA and BIWI [3, 6]. The figure
summarizes ranking and separability trends (lower is better), complementing the absolute values in Table 2.

3.2 Fréchet Oral Distance (FOD)

FOD is the Fréchet distance [9] between two distributions: OME la-
tents from generated videos and the TIMIT-Vis (test) [1, 7] reference.
We estimate means and covariances for both and then compute the
distance. Lower values indicate better alignment with the reference
articulatory distribution.
Evaluation procedure.

Step 1: Build the reference once using TIMIT-Vis (test): extract
OME representations and record their summary statistics
(mean and covariance).

Step 2: For each method, generate evaluation videos, extract OME
embeddings from its outputs, and compute the method’s
summary statistics (mean and covariance).

Step 3: Compare the method’s summary to the fixed reference
with the Fréchet Oral Distance and report the score (lower
is better).

Quantitative results are reported in a leaderboard format. These
steps correspond to the evaluation pipeline depicted in Fig. 1B.

4 EXPERIMENTS
4.1 Experimental Setup

Data & Reference. All methods generate rendered videos from the
same 100 test audios. We embed the videos with OME and compare
the latents to the fixed TIMIT-Vis (test) [1, 7] reference. Baselines
use publicly released VOCA [3]/BIWI [6]-pretrained weights and
are evaluated in batch with the same pipeline.

Encoder Training. The OME is pretrained on RT-MRI (from 83
fps to 30 fps) and then fine-tuned on TIMIT-Vis-train with the same
input configuration (about 1.5 seconds; ~45 frames) [1, 7, 17]. To

reduce accumulated errors on long sequences, the input length is
limited to about 1.5 seconds, and audio-video pairs are randomly
shuffled.

System Configuration. The system environment used for train-
ing and evaluation is summarized in Table 3.

Table 3: Experimental system configuration for training and
evaluation.

os Ubuntu 22.04 Python | 3.10.12
CPU | Xeon Gold 6248R | Torch 2.0.1
GPU RTX-A6000 CUDA 12.1

Baselines. We include FaceFormer [5], CodeTalker [23], Self Talk [14],
and UniTalker [4] using public pretrained models. All methods are
tested on 100 unused audios from TIMIT-Vis, and evaluation is
conducted with the same pipeline.

Metrics. We report FOD as the primary metric and additionally
present latent L1/L2 distances and LVE. In this paper, latent L1/L2
distances are used as simple baselines that measure the average
deviation between embeddings, whereas FOD is a distributional
distance that compares the mean and covariance of OME representa-
tions against the fixed TIMIT-Vis (test) [1, 7] reference distribution.
When the distribution is relatively simple and visibility is good,
L1/L2 can also be effective; when channel correlations, scale, or
variance structure are present, FOD tends to provide a more robust
separation.

4.2 Results

Main Results. Evaluating VOCA [3] and BIWI [6] together, we
find that on VOCA the FOD—computed as the Fréchet distance
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between each model and the fixed TIMIT-Vis (test) [1, 7] refer-
ence statistics—reproduces nearly the same ranking as LVE. The
auxiliary baselines (latent L1/L2 distances) show similar trends. In
contrast, on BIWI the agreement between FOD and LVE is weaker
and the separability is smaller. We attribute this to BIWI's side-view
rendering, which lowers the visibility of lip contours and the lips,
making it difficult for the OME to stably extract speech-related lip
motion. As a result, on BIWI, FOD does not align with LVE to the
same extent, with several mid-tier models swapping adjacent order
(see Fig. 3 for interpretation and Table 2 for the numbers).
Qualitative Analysis. Some OME latent channels respond to
macroscopic motions(e.g., lip opening/closing and anterior—posterior
lip protrusion), whereas others are sensitive to microscopic timing.
Several channels directly reflect oral contours or static shape cues,
indicating that the encoder captures not only articulatory motion
but also structural characteristics. As shown in the activation maps
in Fig. 4, these patterns are clearly observed.

Figure 4: Activation maps of 16 latent channels (reshaped
to H x W). Responses highlight both articulatory motion
(e.g., lips, tongue) and static oral structure, indicating joint
encoding of dynamics and shape.

Table 4: User study (from CodeTalker [23]) on BIWI-Test-B
and VOCA-Test using A/B testing. Values are percentages.

BIWI-Test-B VOCA-Test

Competitors

Lip Sync Realism Lip Sync Realism

CodeTalker vs. VOCA 92.47 89.25 86.02 84.95
CodeTalker vs. MeshTalk 80.65 82.80 95.70 92.47
CodeTalker vs. FaceFormer  53.76 56.99 70.97 69.89
CodeTalker vs. GT 43.01 49.46 43.01 43.01

Myung et al.

Human Evaluation Results. Participants generally preferred
models with lower LVE. The same ordering appears with FOD, indi-
cating qualitative agreement with coordinate-based and perceptual
judgments [23]. The detailed A/B outcomes are summarized in Ta-
ble 4. While FOD tracks LVE on VOCA, we stop short of making
perceptual claims; direct user studies tailored to FOD are deferred
to future work.

5 DISCUSSION

5.1 Limitations

Our study has limits. Ablations of the OME are missing, so impacts
of convolution depth, self-attention, and latent size on FOD are un-
known. FOD assumes Gaussian latents; sensitivity to higher-order
moments or KDE is unverified. Latents also encode static shape
cues, implying possible shape-similarity effects on FOD. Evaluation
is confined to English TIMIT-based data, leaving tonal languages
and special styles (rate changes, whispering, singing) open. The
fixed reference from TIMIT-Vis (test), while disjoint from OME
training, makes FOD corpus-specific.

5.2 Future Directions

Next steps include architecture/training ablations to quantify FOD
stability and discriminability; exploring higher-order statistics, ker-
nel bandwidths, and alternative two-sample distances (e.g., MMD)
in Fréchet [9] computations; and enforcing disentanglement (syn-
thetic controls, channel masking, orthogonality) to separate motion
from shape. We aim to extend TIMIT-Vis [1, 7] to multilingual,
multi-speaker and clinical use, and to run user studies [19]. View-
invariant or multi-view processing could reduce BIWI side-view
sensitivity.

6 CONCLUSION

We presented a framework for evaluating speech-driven facial ani-
mation. It combines a distribution-based metric (Fréchet Oral Dis-
tance, FOD) with TIMIT-Vis [1, 7], an articulatory simulation dataset
with guaranteed audio-video synchronization. Together, they miti-
gate reliance on coordinate GT, reduce the instability of subjective
evaluation, and address data-diversity gaps. In our experiments,
FOD reproduced rankings aligned with LVE and showed higher
discriminability than latent L1/L2 distances, and it also qualitatively
agreed with user preference. In addition, channel activation visu-
alizations support that OME encodes both motion and structural
characteristics. TIMIT-Vis provides a stable reference distribution
with diverse speakers and dialects and is meaningful as a standard
public resource for future evaluation research. The proposed frame-
work functions as an objective and reproducible benchmarking
tool and offers extensibility to compare various 2D/3D generative
models under a common standard.
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