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In this supplement, we first provide more details on motion
latent auto-encoder in Appendix A, regarding the model
itself (Appendix A.1), methods for improving the fidelity
of facial components (Appendix A.2), the training ob-
jective (Appendix A.3), and implementation details (Ap-
pendix A.4).

In Appendix B, we provide more details on FLOAT, re-
garding details on evaluation metrics (Appendix B.1), base-
lines (Appendix B.2), and ablation studies (Appendix B.3).

In Appendix C, we provide additional results, including
comparison results (Appendix C.1), out-of-distribution re-
sults (Appendix C.2), and user study (Appendix C.3).

Finally, we discuss ethical considerations, limitations,
and future work in Appendix D.

A. More on Motion Latent Auto-encoder
In this section, we provide more details on our motion latent
auto-encoder, including its model architecture, dataset, and
training strategy.

A.1. Model
We provide a detailed model architecture of our motion la-
tent auto-encoder in Fig. 8.

In Fig. 2a, Fig. 2b, Fig. 2c, and Fig. 2d, we present visu-
alization results of the latent decomposition

wS = wS→r + wr→S ∈ Rd (1)

of a source image S, following the approach of [35]. No-
tably, the identity latent wr→S is decoded into image fea-
turing the average head pose, expression, and field of view
in pixel space.

A.2. Improving Fidelity of Facial Components
Facial Components: Texture vs. Structure As high-
lighted in face restoration work [34], facial components
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Figure 1. Ablation study on Facial Component Loss Lcomp-lp. It
significantly improves the image fidelity of facial component (e.g.,
teeth, highlighted in red box) and fined-grained motion (eyeball
movement, highlighted in yellow box).

such as eyeballs and teeth play a important role in the per-
ceptual quality of generated images. It treats the issue as a
lack of texture (lying in high frequencies) and mitigate it by
introducing facial component discriminators with the gram
matrix statistics matching. This approach is appropriate in
face restoration, where training objective is to reconstruct
a clear image from a degraded one that maintains the same
spatial structure, ensuring that the low-frequency structure
preserved.

However, in the context of training a motion auto-
encoder, spatial mismatches are inevitably involved. There-
fore, naively applying such discriminators proves ineffec-
tive. Instead, achieving high-fidelity facial components in
a motion auto-encoder is more closely related to structural
problems (lying in low frequencies) than to texture issues as
shown in Fig. 2f.

Facial Component Perceptual Loss Lcomp-lp We intro-
duce a simple yet effective facial component perceptual
loss, which leverages the standard perceptual loss Llp [41]
known for its ability to capture structural features lying in
low frequencies. Formally, the facial component perceptual
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Table 1. Quantitative comparison result (Same-identity) of motion latent auto-encoders on HDTF [43] / RAVDESS [19] / VFHQ [36]. The
best result for each metric is in bold. †: Results generated by official implementation (256× 256)

Method FID ↓ FVD ↓ LPIPS ↓ E-FID ↓ P-FID ↓
LIA† [35] 47.481 / 67.541 / 89.209 172.195 / 130.836 / 342.964 0.184 / 0.122 / 0.245 1.279 / 1.153 / 1.106 0.120 / 0.005 / 0.013
Ours (w.o. Lcomp−lp) 21.061 / 28.866 / 46.950 150.340 / 103.145 / 299.757 0.110 / 0.072 / 0.165 1.369 / 1.157 / 0.872 0.011 / 0.010 / 0.014
Ours 19.803 / 23.350 / 43.992 147.089 / 100.345 / 291.560 0.108 / 0.062 / 0.161 1.334 / 1.053 / 1.006 0.010 / 0.008 / 0.012

(a) Source, S (b) Driving, D (c) Identity, wS→r (d) Reconstruction, D̂ (e) Component mask (f) Component diff

Figure 2. Visualization results of the motion latent auto-encoder.

loss is defined by

N∑
i=1

1

|Mi|
∥Mi ⊗ ϕi(D̂)−Mi ⊗ ϕi(D)∥1, (2)

where D is the driving, D̂ is the generated image, N is the
number of feature pyramid scales, ϕi(X) is the i-th feature
of the input image X computed by VGG-19 [24, 41], Mi

is the binary mask of the facial components that has same
size with ϕi(X), and |Mi| is the sum of all values in the
binary mask Mi. We adopt a single perceptual loss with
N = 4 scales of VGG-19 feature pyramids. It is worth
noting that we mask all the multi-resolution features (not
only the image).

To compute the facial component maskMi, we utilize an
off-the-shelf face segmentation model [39] for tight mouth
regions and face landmark detector [1] for the bounding box
regions of the eyes as illustrated in Fig. 2e.

In Tab. 1, we conduct ablation studies on motion latent
auto-encoders. Notably, Lcomp-lp is consistently improves
the image fidelity over three datasets. As illustrated in
Fig. 1, an additional advantage of Lcomp-lp is its ability to di-
rectly supervise fine-grained motion (often neglected due to
large head motion) such as eyeball movement without any
external driving conditions such as eye-gazing direction [7].

A.3. Training Objective
We train our motion latent auto-encoder by reconstructing a
driving imageD from a source image S, both sampled from

the same video clip.
The total loss function Ltotal for the motion latent auto-

encoder is defined as

Ltotal = LL1 + λlpLlp + λcomp-lpLcomp-lp

+ λfull-advLfull-adv

+ λeye-advLeye-adv + λeye-FSMLeye-FSM

+ λlip-advLlip-adv + λlip-FSMLlip-FSM, (3)

where λlp, λcomp-lp, λeye-adv, λeye-FSM, λlip-adv, λlip-FSM, and
λfull-adv are the balancing coefficients. Here, LL1 is the L1
loss, and Llp is the VGG-19 [24] based multi-scale percep-
tual loss [41] similar to Lcomp-lp. We incorporate 2-scale
discriminator Lfull-adv with the non-saturating loss:

Lfull-adv = − log[Discfull(D̂)], (4)

where Disc denotes a discriminator adopted from [14]. To
improve the fidelity of the facial components, we also incor-
porate the facial component discriminators with the feature
style matching (FSM) [34],

Lx-adv = − log[Discx(D̂x)], (5)

Lx-FSM = ∥Gram(ψ(Dx))− Gram(ψ(D̂x))∥1, (6)

where x ∈ {eye, lip}. Dx and D̂x represent the region of
interest (RoI) for the component x in the driving D and re-
construction D̂, respectively. Gram is a gram matrix calcu-
lation [9] and ψ is the multi-resolution features extracted by
the learned component discriminators.
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Figure 3. Comparison results with EMO [30] and VASA-1 [38] based on their demonstration videos. Please note that their implementation
are unavailable.

A.4. Implementation Details

We set the balancing coefficients λlp = 10, λcomp-lp = 100,
λeye-adv = 1, λeye-FSM = 100, λlip-adv = 1, λlip-FSM = 100,
and λfull-adv = 1. We employ Adam optimizer [15] with a
batch size of 8 and a learning rate of 2·10−4. Entire training
takes about 9 days for 460k steps on a single NVIDIA A100
GPU.

For training our motion latent auto-encoder, we use
VFHQ [36] to supplement the limited number of identi-
ties provided by HDTF [43] and RAVDESS [19]. After the
same pre-processing, remaining 14,362 video clips are used
for training, and 49 video clips are used for test, respec-
tively.

B. More on FLOAT

In this section, we provide more details on FLOAT, includ-
ing model, experiments, and further results.

In Fig. 9, we provide a detailed model architecture for
the driving conditions ct.

B.1. Evaluation Metrics

We provide further details of following metrics.
• LPIPS [41] is used to measure the perceptual similarity

between reconstructed image and real image based on the
pre-trained AlexNet features [16].

• FID [23] aims to measure the distance between the fea-
ture distributions of real and generated datasets. It is com-
puted as:

∥µr − µg∥22 + Tr(Σr +Σg − 2(ΣrΣg)
1
2 ), (7)

where µr, Σr and µg , Σg are the means and covariances
of the pre-trained InceptionNet [27] features from the real
and generated datasets, respectively.

• FVD [32] is a variant of FID [23], which is used to
measure the spatio-temporal consistency between the real
and generated datasets by leveraging the features of pre-
trained video model [2]. We compute this using 16 frames
with a sliding window manner for each video.

• CSIM [5] measures face similarity between the two face
images by computing the cosine similarity between the
pre-trained ArcFace features [5] of two images.

• E-FID [30] aims to measure expression similarity by
computing the FID score (Eq. (7)) of 3DMM expres-
sion parameters (64-dim) [6] of generated videos and real
videos.

• P-FID aims to measure the head pose similarity by com-
puting the FID score (Eq. (7)) of 3DMM pose parameters
(6-dim) [6] of generated videos and real videos.

• LSE-D and LSE-C [20] measure lip synchronization us-
ing the pre-trained SynNet [4]. LSE-D computes the dis-
tance between the predicted audio embedding and the pre-
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dicted video embedding, while LSE-C represents the con-
fidence of synchronization.

B.2. Baselines
For non-diffusion-based methods, we compare with
SadTalker [42] and EDTalk [28]. For diffusion-based meth-
ods, we compare with AniTalker [18], Hallo [37], and
EchoMimic [3].
• SadTalker [42] employs an audio-conditional variational

auto-encoder (VAE) to synthesize the head motion and
eye blink in a probabilistic way.

• EDTalk [28] uses normalizing for audio-driven head mo-
tion generation and can separately control the lip and head
motion.

• AniTalker [18] introduces a diffusion model to the
learned motion latent space (similar to FLOAT) along
with a variance adapter to improve the motion diver-
sity. We use HuBERT audio feature-based implementa-
tion [12] for improved lip synchronization and apply de-
fault guidance scales and denoising steps of the official
implementation.

• Hallo [37] uilizes the pre-trained StableDiffusion [22] as
its image generator, incorporating a hierarchical audio
attention module to separately control lip synchroniza-
tion, expression, and head pose. We use default guidance
scales and denoising steps provided in the official imple-
mentation.

• EchoMimic [3] is also StableDiffusion-based method,
which leverages facial skeleton as additional driving sig-
nals. We use the default guidance scales and denoising
steps provided in the official implementation.

• It is worth noting that we compare with two supe-
rior works EMO [30] and VASA-1 [38] based on
their demonstration videos due to their unavailable
implementation. We highly recommend referring to
‘01_EMO_VASA-1_Comparison/xxxx.mp4’.

B.3. More on Experiments
For evaluating our method, we use the first frame of each
video clip as the source image. We use the first-order Euler
method [17] as our ODE solver. We experimentally find
that other ODE solvers, such as mid-point and Dopri5, do
not lead to significant performance improvements.

Table 2. Ablation studies of the different NFE of ODE on HDTF
[43]. FPS is computed on a single NVIDIA V100 GPU.

Ours-NFE FID ↓ FVD ↓ E-FID ↓ LSE-D ↓ FPS ↑
Ours-2 21.785 178.831 1.542 7.559 45.22
Ours-5 21.440 164.463 1.331 7.155 44.74
Ours-10 (default) 21.100 162.052 1.229 7.290 41.37
Ours-20 21.158 164.392 1.293 7.343 38.20

Ablation on NFE In general, increasing the number of
function evaluation (NFE) reduces the solution error of

ODEs. As shown in Tab. 2, even with small NFE = 2,
FLOAT can achieve competitive image quality (FID) and
lip synchronization (LSE-D). However, it struggles to cap-
ture consistent and expressive motions (FVD and E-FID),
resulting in shaky head motion and a static expression. This
is because FLOAT generates the motion in the latent space,
while image fidelity is determined by the auto-encoder. We
provide supplementary videos, illustrating the impact of dif-
ferent NFE (Number of Function Evaluations). Notably,
with a small NFE of 2, the generated images exhibit good
quality, but the head movements appear temporally unsta-
ble, and emotions may be exaggerated. Please refer to sup-
plementary videos for temporal jitters of low NFE.

Table 3. Ablation studies of the audio guidance scale γa and the
emotion guidance scale γe on RAVDESS [19].

Guidance scales FID ↓ FVD ↓ E-FID ↓ LSE-D ↓
γa=1, γe=1 33.066 171.047 1.555 7.049
γa=1, γe=2 31.844 166.041 1.334 7.212
γa=2, γe=1 (default) 31.681 166.359 1.367 6.994
γa=2, γe=2 32.253 162.658 1.351 6.994

Ablation on Guidance Scales In Tab. 3, we conduct ab-
lation studies on guidance scales: γa and γe, with the emo-
tion intensive dataset RAVDESS [19]. Note that increas-
ing γa leads to better temporal consistency (FVD) and lip
synchronization quality (LSE-D). Moreover, increasing γe
improves video consistency (FVD) and expressiveness (E-
FID). This enables balanced control over emotional audio-
driven talking portrait generation.

In Fig. 11, we visualize the effect of different emo-
tion guidance scale γe. For this experiments, the predicted
speech-to-emotion label is disgust with 99% probability.
Notably, as increasing γe from 0 to 2, we can observe that
emotion-related expressions and motions are enhanced.
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Figure 4. Ablation results on frame-wise AdaLN and flow match-
ing. Please refer to supplementary video for notable differences.

Ablation on AdaLN and Flow Matching We conduct ab-
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lation study on frame-wise AdaLN by comparing it with a
cross-attention. We adopt the stand cross-attention mech-
anism described in [8, 26], using transformer encoder ar-
chitecture for non-autoregressive sequence modeling. We
use the same attention mask used in the frame-wise AdaLN,
which attends to additional 2T adjacent frames for the l-th
input latent: [l − 2, l − 1, l, l + 1, l + 2].

To compare against flow matching, we implement
two diffusion models with distinct parameterizations: ϵ-
prediction and x0-prediction. For ϵ-prediction, we directly
predict Gaussian noise by the noise predictor s(·; θ) param-
eterized by θ with the following simple loss:

Lsimple, noise(θ) = ∥s(xt, ct; θ)− ϵ∥22, (8)

where t∼ U [0, 1], ϵ∼N (0−L′:L, I), and the noise input xt
∈ R(L′+L)×d is sampled from a forward diffusion process
q(xt|xt−1) = N (xt;

√
1− βtxt−1, βtI) [11]. In our case,

xt is noisy motion latents at diffusion time step t, starting
from t = 0 with x0 = wr→D1:L ∈ R(−L′+L)×d.

For x0-prediction, we predict a clean sample x0, instead
of noise [21], by the predictor s(·; θ) with the following sim-
ple loss:

Lsimple,x0
(θ) = ∥s(xt, ct; θ)− x0∥22. (9)

We also incorporate a velocity loss [29]:

Lvel,x0(θ) = ∥∆s−∆x0∥22, (10)

where ∆s and ∆x0 are the one-frame difference along
the time-axis for s and x0, respectively. The total loss
Ltotal,x0

(θ) is

Ltotal,x0
(θ) = Lsimple,x0

(θ) + Lvel,x0
(θ). (11)

For reverse process, we use the DDIM [25] sampler with 50
denoising steps.

In our implementation, both ϵ-prediction and x0-
prediction achieve the best results with guidance scales
γa = γe = 1 (default). In Fig. 4, Fig. 12 and Fig. 13, we
provide qualitative comparisons between these approaches
and FLOAT. Notably, the cross-attention exhibits less di-
verse head motions compared to FLOAT, while diffusion-
based approaches struggle to generate temporally stable lip
and head motion, often resulting in out-of-sync movements
or motion artifacts.

C. Additional Results

C.1. Additional Comparison Results

We provide additional comparison results with baselines in
Fig. 15, Fig. 16, and Fig. 17.

C.2. Out-of-distribution (OOD) Results

In Fig. 10 and Fig. 11, we present additional out-
of-distribution results, including paintings, non-English
speech, and singing.

C.3. User Study

Table 4. Mean opinion score (MOS) study results with 95% confi-
dence interval. The score ranges in 1 to 5. The best result for each
metric is in bold.

Method
Lip Sync
Accuracy

Natural
Head Motion

Teeth
Clarity

Natural
Emotion

Overall
Visual Quality

SadTalker [42] 2.20 ± 0.35 2.03 ± 0.26 1.53 ± 0.19 1.80 ± 0.28 1.97 ± 0.23
EdTalk [28] 2.50 ± 0.34 2.60 ± 0.28 1.17 ± 0.17 2.07 ± 0.36 1.83 ± 0.27
AniTalker [18] 2.70 ± 0.31 3.00 ± 0.30 2.13 ± 0.27 3.17 ± 0.27 2.63 ± 0.26
Hallo [37] 3.30 ± 0.32 2.73 ± 0.35 2.23 ± 0.27 2.67 ± 0.35 2.27 ± 0.33
EchoMimic [3] 2.67 ± 0.37 3.07 ± 0.30 2.20 ± 0.34 2.50 ± 0.37 2.70 ± 0.36
FLOAT (Ours) 3.93 ± 0.21 3.57 ± 0.33 4.13 ± 0.27 3.77 ± 0.30 3.87 ± 0.30

In Tab. 4, we conduct a mean opinion score (MOS) based
user study to compare the perceptual quality of each method
(e.g., teeth clarity and naturalness of emotion). We gener-
ate 6 videos by using the baselines and FLOAT, and ask 15
participants to evaluate each generated video with five eval-
uation factors in the range of 1 to 5. As shown in Tab. 4,
FLOAT outperforms the baselines.

Figure 5. Example of user study interface. (Left) Test Sheet;
(Right) Answer Sheet. Participants were asked to evaluate 5 ques-
tions for each video (total 180 videos).

In Fig. 5, we provide an example of test and answer sheet
used of the user study. We asked 15 participants to eval-
uate five questions for each generated video produced by
the baselines and FLOAT. Consequently, each participant
scores total 180 questions, with responses ranged from 1 to
5. Additionally, we include the supplementary videos used
in the user study.

C.4. Video Results

We include video results to further illustrate the perfor-
mance of our method, including emotion redirection, ad-
ditional driving conditions, and OOD results. Please refer
to provided videos.
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Figure 6. Distribution yaw angles in training dataset [19, 43] for
FLOAT.
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Figure 7. Failure case of FLOAT. It often struggles to handle non-
frontal faces and accessories, such as glasses. Please refer to sup-
plementary video.

D. Discussion
Ethical Consideration This work aims to advance vir-
tual avatar generation. However, as it can generate realistic
talking portrait only from a single image and audio, we con-
siderably recognize the potential for misuse, such as deep-
fake creation. Attaching watermarks to generated videos
and carefully restricted license can mitigate this issues. Ad-
ditionally, we encourage researchers in deepfake detection
to use our results as data to improve detection tools.
Limitation and Further Work While our method can
generate realistic talking portrait video from a single source
image and a driving audio, it has several limitations.

First, our method cannot generate more vivid and
naunced emotional talking motion. This is because the
speech-driven emotion labels are restricted to seven basic
emotions, making it challenging to capture more nuanced
emotions like shyness. We believe this limitation can be ad-
dressed by incorporating textual cues (e.g., “gazing forward
with a shyness"), an idea we plan to explore in future work.
Moreover, any other approaches to enhance the naturalness
of talking motion are key directions for our future work.

Second, we aim to build our method solely upon high-
definition open-source datasets. Since the training datasets
are biased toward frontal head angles [19, 43], the generated
results also exhibit a similar bias, often producing subopti-
mal results for non-frontal (e.g., |yaw angle| ≥ 20◦) source
images or images with notable accessories. This is partially
because the head pose distribution of our training data as
shown in Fig. 6. Although we investigated other existing
high-definite face video datasets, such as MEAD [33] and
CelebV-Text [40], we found limitations in their suitability.
MEAD [33] contains minimal head motion and a limited

number of identities, while CelebV-Text [40] is not orga-
nized for audio-driven talking portrait, containing out-of-
sync audio and significant background inconsistencies.

This limitations can be mitigated by introducing care-
fully curated external data, as demonstrated by other con-
current methods [10, 13, 30, 37, 38], or by incorporating
multi-view supervision [31] when training our motion la-
tent auto-encoder. We provide examples of failure case in
Fig. 7 and supplementary video.
Acknowledgment The source images and audio used in
this paper are taken from other talking portrait generation
methods [3, 30, 37, 38, 42]. We sincerely thank the au-
thors of these works for their valuable contributions. Note
that the individuals depicted in our source images and the
speech generated in our experiments are not associated with
the actual persons they represent.
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Generated (different audio)Source

Figure 10. Out-of-distribution results. The first row shows the result for Chinese audio, and the second row shows the result for singing
audio. Please refer to supplementary video.
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Figure 11. Ablation on emotion guidance scale γe. The predicted speech-to-emotion label is disgust of 99.99%. Please refer to supple-
mentary video.

10



O
ur

s (
w.

 D
iff

us
io

n
𝜖-

pr
ed

ic
tio

n)
O

ur
s (

w.
 C

ro
ss

A
tte

nt
io

n)
O

ur
s (

w.
 D

iff
us

io
n

𝑥 !
-p

re
di

ct
io

n)
O

ur
s (

FL
O

AT
)

Figure 12. Ablation results on frame-wise AdaLN and flow matching. Please refer to supplementary video.
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Figure 13. Ablation results on frame-wise AdaLN and flow matching. Please refer to supplementary video.
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Figure 14. Ablation results on frame-wise AdaLN and flow matching. Please refer to supplementary video.
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Figure 15. Qualitative comparison results with state-of-the-art methods. Please refer to supplementary video.
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Figure 16. Qualitative comparison results with state-of-the-art methods. Please refer to supplementary video.
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Figure 17. Qualitative comparison results with state-of-the-art methods. Please refer to supplementary video.
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