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Figure 1. FLOAT can generate a talking portrait video from a single source image and audio where the talking motion is generated by the
motion latent flow matching. It can enhance the emotion-related talking motion by leveraging speech-driven emotion labels, a natural way

of emotion-aware motion control.

Abstract

With the rapid advancement of diffusion-based generative
models, portrait image animation has achieved remarkable
results. However, it still faces challenges in temporally con-
sistent video generation and fast sampling due to its itera-
tive sampling nature. This paper presents FLOAT, an audio-
driven talking portrait video generation method based on
flow matching generative model. Instead of a pixel-based
latent space, we take advantage of a learned orthogonal
motion latent space, enabling efficient generation and edit-
ing of temporally consistent motion. To achieve this, we in-
troduce a transformer-based vector field predictor with an
effective frame-wise conditioning mechanism. Additionally,
our method supports speech-driven emotion enhancement,
enabling a natural incorporation of expressive motions. Ex-
tensive experiments demonstrate that our method outper-
forms state-of-the-art audio-driven talking portrait methods
in terms of visual quality, motion fidelity, and efficiency.

*This work was done during South Korea Mandatory Military Service
at DeepBrain Al Inc.
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1. Introduction

Animating a single image using a driving audio (i.e., audio-
driven talking portrait generation) has gained significant at-
tention in recent years for its great potential in avatar cre-
ation, video conferencing, virtual avatar chat, and user-
friendly customer service. It aims to synthesize natural talk-
ing motion from audio signals, including accurate lip syn-
chronization, rthythmical head movements, and fine-grained
facial expressions. However, generating such motion solely
from audio is extremely challenging due to its one-to-many
correlation between audio and motion. In the earlier stage
of this field, many works [8, 19, 28, 47, 51, 86] focus on
generating accurate lip movements by relying on learned
audio-lip alignment losses [9, 45].

To comprehensively extend the range of motion, some
works [45, 60, 84] incorporate probabilistic generative
models, such as VAE [29] and normalizing flow [53], turn-
ing the motion generation into probabilistic sampling. How-
ever, these models still lack expressiveness in generated mo-
tion due to the limited capacity of these generative models.

Recent talking portrait generation methods [7, 21, 26, 36,
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44, 63, 68, 71, 76, 79], powered by diffusion-based gen-

erative models [23, 61], successfully mitigate this expres-

siveness issue. EMO [68] introduces a promising approach
to this field [7, 26, 71, 76, 79] by employing a strong pre-

trained image diffusion model (i.e., StableDiffusion [54])

and lifting it into video generation [24]. However, it still

faces challenges in generating temporally coherent videos
and achieving sampling efficiency, requiring tens of min-
utes for a few seconds of video. Moreover, they heavily rely

on auxiliary facial prior, such as bounding boxes [68, 79],

2D landmarks and skeletons [7, 26, 82], or 3D meshes [76],

which significantly restricts the diversity and the fidelity of

head movements due to their strong spatial bias.

In this paper, we present FLOAT, an audio-driven talk-
ing portrait video generation model based on flow matching
generative model in a motion latent space. Flow match-
ing [35, 37] has emerged as a promising alternative to dif-
fusion models due to its fast and high-quality sampling.
By modeling talking motion within a learned motion la-
tent space [75], we can more efficiently sample temporally
consistent motion latents. This is achieved by a simple yet
effective transformer-based [70] vector field predictor, in-
spired by DiT [48]. Since our motion latent space has or-
thogonal structure, our method can manipulate head motion
of the generated video using its basis. Furthermore, our
method supports natural emotion-aware motion enhance-
ment driven by speech. Our contributions are summarized
as follows:

* We present, FLOAT, flow matching based audio-driven
talking portrait generation model using a learned orthog-
onal motion latent space, enabling to generate talking por-
trait videos with reduced sampling steps.

* We introduce a simple yet effective transformer-based
flow vector field predictor for temporally consistent mo-
tion latent sampling, which also enables the speech-
driven emotional controls.

» Extensive experiments demonstrate that FLOAT achieves
state-of-the-art performance compared to both diffusion-
and non-diffusion-based methods.

2. Related Works
2.1. Diffusion Models and Flow Matching

Diffusion Models Diffusion models or score-based gener-
ative models [13, 23, 46, 54, 60, 61] are generative models
that gradually diffuse input signals into Gaussian noise and
learn the denoising reverse process for the generative mod-
eling. They have shown remarkable results in various gen-
eration tasks, such as unconditional image and video gen-
eration [4, 16, 48], text-to-image generation [52, 54, 55],
text-to-video generation [4, 20], conditional image genera-
tion [24, 82], and 3D human generation [31, 64, 67].

Accelerating Diffusion Models While diffusion models

demonstrate superior performance, their iterative sampling
nature still bottlenecks the efficient generation compared to
VAE:s [29], normalizing flow [53], and GANSs [18]. To over-
come this limitation, several works have been developed to
boost the sampling speed of the diffusion models. StableD-
iffusion (SD) [54] partially mitigates this problem by mov-
ing the diffusion process from the pixel space to the spa-
tial latent space, establishing itself as a pivotal framework
among diffusion models. Another line of research has de-
veloped the sampling solvers [40, 41] based on ordinary dif-
ferential equations (ODEs). Meanwhile, model distillation
[22] has been introduced to transfer the knowledge of the
learned diffusion models into a student model, enabling one
(or a few) steps of generation [27, 34, 38, 42, 62]. However,
these approaches involve substantial effort to create a well-
trained diffusion model and suffer from training instability.
Flow Matching Flow matching [35, 37] stands out as
an alternative to diffusion models for its high sampling
speed and competitive sample quality compared to diffu-
sion models [10, 17, 32, 35, 50]. It belongs to the family of
flow-based generative models, which estimates a transfor-
mation (referred to as a flow) between a prior distribution
(e.g., Gaussian) and a target distribution. Unlike the nor-
malizing flow [14, 53] that directly estimates the noise-to-
data transformation under specific architectural constraints
(e.g., affine coupling), flow matching regresses the time-
dependent vector field that generates this flow by solv-
ing its corresponding ODEs [6] with flexible architectures.
One specific design of flow matching is an optimal trans-
port (OT) based one, which transforms the data distribution
along the straight path with constant velocity [35].

Our audio-driven talking portrait method employs flow
matching to generate the natural talking motions. Thanks
to the architectural flexibility of flow matching, we use
transformer-encoder architecture [70] to estimate the gen-
erating vector field, allowing us to take the video temporal
consistency into account.

2.2. Audio-driven Portrait Animation

Audio-driven portrait animation is the task of generating a
realistic talking portrait video using a single portrait im-
age and driving audio [45, 73, 84, 87, 88]. Since audio-to-
motion relation is basically a one-to-many problem, several
works utilize additional facial prior for driving conditions,
e.g., 2D facial landmarks [7, 21, 26, 71, 76, 88], 3D prior
[8, 43, 44, 81, 84], or emotional labels [25, 65, 80]. In ear-
lier stages, most works [8, 19, 28, 51] focused on generat-
ing accurate lip motion from audio by utilizing the lip-sync
discriminator [9]. These approaches have advanced to gen-
erating audio-related head poses in a probabilistic way. For
example, StyleTalker [45] uses normalizing flow [14, 53] to
generate the head motion from audio, while SadTalker [84]
uses audio-conditional variational inference [29] to learn
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the 3DMM coefficients [2], bridging the intermediate rep-
resentations of a pre-trained portrait animator [74].
Meanwhile, several works [25, 65, 72, 77] focus on an
emotion-aware talking portrait generation. In particular,
EAMM [25] considers an emotion as the complementary
displacement of facial motion, and learns these displace-
ment from an emotion label extracted from the image.
Recent audio-driven talking portrait methods powered
by diffusion models show remarkable results [7, 26, 36, 44,
68, 71,76, 79, 80]. Specifically, EMO [68] and subsequent
extensions [7, 71, 76, 79] utilize the pre-trained SD [54] as
their backbone to leverage generative prior trained on the
large-scale image datasets. They introduce additional mod-
ules, e.g., ReferenceNet [24] and Temporal Transformer
[20], to preserve input identity and enhance the video tem-
poral consistency, respectively. However, these modules
introduces additional computational cost, requiring several
minutes for a few seconds of video, and still suffer from
video-level artifacts, such as noisy frames, and flickering.
VASA-1 [80] addresses the sampling time issue by sam-
pling motion latents [15], producing lifelike talking por-
traits. Our method takes advantage of this approach. How-
ever, unlike [80], our motion latent space has a strong linear
orthogonal structure represented by a computable basis, en-
abling to manipulate the generated motion at the test-time
without external driving signals. Based on this orthogonal-
ity, we employ OT-based flow matching for motion latent
sampling along a straight line with reduced sampling steps.

3. Preliminaries: (Conditional) Flow Matching

Let # € R? be a data, t € [0,1] be the time, and ¢ be
a unknown target distribution. We can define a flow as a
time-dependent transformation ¢; : [0,1] x RY — R that
transforms a tractable prior distribution py to the distribu-
tion p; =~ ¢q. This flow ¢, further introduces a probability
flow path p; : [0,1] x RY — Ry and a generating vec-
tor field v; : [0,1] x RY — R? where p; is defined by the
push-forwarding

dp; ! (x)
ox

and v; generates ; by means of an ordinary differential
equation (ODE) [6]:

G @) =wla@) md gyl =z @

pe(x) = polp; ' (x)) det 7 (1)

Flow matching [35] aims to estimate the target generating
vector field u; with a neural network parameterized by 6:

Lem(0) = [[ve(w;0) — ue(@)]3, 3)

where t ~ U[0,1] and = ~ p,(z). However, the target gen-
erating vector field u; and the sample distribution p; are

intractable. To address this issue, [35] proposes a method
for constructing a “conditional”" probability path p:(-|z1)
as well as target “conditional" vector field u:(-|x1) using
a sample z; ~ ¢ as a condition. And they prove that the
following objective

Lerm(0) = [[ve(w;0) — up (|13, )

where t ~ U[0,1] and = ~ p(z|z1), is equivalent to (3)
with respect to the gradient V.

One natural way of constructing u;(-|z1) is a “straight
line" that connects g ~ pg and z; ~ ¢, drawing an optimal
transport (OT) path with constant velocity [35]. Specifi-
cally, a linear time interpolation between x( and x; gives
us the flow z; = ¢¢(z) = (1 — t)z¢ + tz1, the conditional
probability path p;(x|x1) defined via the affine transforma-
tion p;(x|x1) = N(x|tz1, (1 —t)?I), and the target gener-
ating vector field w; (x|z1) = 21 — 2. This specific choice
turns the objective (4) into

Lor(0) == v (1 = t)ao + tz1; 0) — (x1 — z0)|2, (5)

where ¢t ~ U[0,1], zg ~ po, and 1 ~ g, all of which are
tractable.

Classifier-free Vector Field [10] formulates a classifier-
free vector field (CFV) technique for flow matching, which
enables class-conditional sampling more controllable man-
ner without any extra classifier trained on noisy trajectory.
Formally, CFV compute the modified vector field v; by

0w, ¢;0) = yvg(we, 65 0) + (1 = y)ve(e, ¢ = 0;6), (6)

where ~y denotes the guidance scale. vi(z¢, ¢ = 0);0) is the
predicted vector field without a driving condition c. For
more details, please refer to [10, 35].

4. Method: Flow Matching for Audio-driven
Talking Portrait

We provide an overview of FLOAT in Fig. 2. Given source
image S € R3*H>*W and a driving audio signal a*% €
RE*da of length L, our method generates a video

bl:L —_ (f)l)lel c RLX3><H><W (7)

of L frames, featuring audio-synchronized talking head mo-
tions, including both verbal and non-verbal motions. Our
method consists of two phases. First, we pre-train a mo-
tion auto-encoder, which provides us with the expressive
and smooth motion latent space for the talking portraits
(Sec. 4.1). Next, we employ OT-based flow matching [35]
to generate a sequence of motion latents with a transformer-
based vector field predictor using the driving audio, which is
decoded to the talking portrait videos (Sec. 4.2). We also in-
corporate speech-driven emotions as the driving conditions,
achieving automatic emotion-aware talking portrait genera-
tion without any extra user input for emotion.

14701



Identity

Identity-motion
Decomposition

Motion Latent Space

Estimated Vector Field,
ve(9e (x0), €1 0)

Reference

Frame-wise Vector
Field Predictor, 6

Motion

Noisy Motion Latents, x,

te[0,1]

Audio Encoding L.

Speech-driven Emotion &)

c € R +L)xh

-
Audio, a %L

Driving Conditions

e

Generated, D'

Figure 2. Overview of FLOAT. We encode the source image S € R**#*W into the latent with the explicit identity-motion decomposition
Ws = Wsmyr + Wros € RY. Given audio segments a_L/:L S ]R(L,*'L)Xd“ of the length L’ + L and the reference motion w,_,s € Rd,
and the speech-driven emotion label w. € R”, a flow matching transformer estimates the generating vector field v¢ (¢ (20), c¢; 0) € RE* d
from noisy motion latents, which is used to solve corresponding ODE and generates the motion latents w,._, p1.... Finally, the sequence of

latents wg_, 1.z = (Ws—r + W, _, pi) iy are decoded into the video D**

4.1. Motion Latent Auto-encoder

Recent talking portrait methods utilize the VAE of StableD-
iffusion (SD) [54] due to its rich semantic pixel-based la-
tent space. However, they often struggle to generate tempo-
rally consistent frames when lifted to video generating tasks
[7, 24, 68, 79, 89]. Thus, our first goal for realistic talk-
ing portrait is to obtain good motion latent space, capturing
both global (e.g., head motion) and fine-grained local (e.g.,
facial expressions, mouth and pupil movement) dynamics.
Instead of VAE of SD, we pre-train a motion latent auto-
encoder that encodes images into motion latents. This is
done by training an auto-encoder to reconstruct a driving
image from a source image sampled from the same video
clip, enforcing the encoder to implicitly capture both tem-
porally adjacent and distant motions. Inspired by LIA [75],
we introduce a learned orthonormal basis that decomposes
the motion along distinct orthogonal directions. Specifi-
cally, our motion auto-encoder encodes the source S into
the latent wg € R? with following explicit decomposition:

W = WSy + Wrs5, (3

where wg_,, € R? is the identity latent and
M
W5 = Y Am(S) - v € R ©)
m=1

is the motion latent with A(S) := (A, (S)Y_, € RM be-
ing the source-dependent motion coefficients that span the
learned source-agnostic motion basis V := {v,,}M_, C
R9. Tn this space, A, (S) is the intensity of the motion di-
rection v,,,.

As shown in Fig. 6, our method enables motion editing
of the sampled (generated) motion using only the basis V'
and its orthogonality, as stated in Eq. (15).

Improving Fidelity of Facial Components: Lcomp.;p,  The
expressiveness of generated motions and the image fidelity

c RLX?:XHXW.

Ours (W.0. Lcomp-1p) Ours (W. Leomp-1p)

Source

Figure 3. Efficacy of Lcomp-1p for fine-grained motion and fidelity.

are determined by the motion space and the motion auto-
encoder. However, as resolution increases, fine details in
small facial regions (e.g., teeth, eyeballs) often get buried
in large-scale dynamics. To address this issue, we propose
a facial component perceptual loss Lcomp-ip using [59, 83]
that significantly improves the image fidelity (e.g., teeth and
eyes) as well as fine-grained motions (e.g., eyeball and eye-
brows movements). As shown in Fig. 3, Leomp-1p allows us
to generate high-fidelity facial components and their fine-
grained motions without relying on pre-trained foundation
models, such as StableDiffusion [54].

4.2. Flow Matching in Motion Latent Space

Armed with this linear orthogonal space, we employ OT-
based flow matching [35, 37] for the motion sampling.
Specifically, we predict a vector field v;(z, c;; 0) € REX4
where x; is the sample at flow time ¢ € [0,1], and ¢; €
RE*" represents the driving conditions for L consequent
frames. This vector field generates the flow ¢, : [0,1] x
REXd 5 REXA of [, frames by solving ODE (Eq. (2)). As
illustrated in Fig. 4, we build our vector field predictor upon
the transformer encoder [70] architecture. Specifically, we
adopt DiT [48] architecture, but decouple frame-wise con-
ditioning from time-axis attention mechanism, which en-
ables us to model temporally consistent motion latents.

In DiT [48], distinct semantic tokens are modulated by a
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Figure 4. Frame-wise vector field predictor block at inference.

single diffusion time step embedding and class embedding
through adaptive layer normalization (AdaLN). In contrast,
our vector field predictor modulates each [-th input latent
with its corresponding [-th condition and then combines
their temporal relations through a masked self-attention
layer that attends to 2 - T" neighboring frames. Formally, for
each [-th frame, frame-wise AdaLLN and frame-wise gating
are computed by

YXINXH + 8 eR" and ol x X] e R, (10)

respectively, where ¢ € {1,2}, h is the hidden dimension,
LN(-) denotes layer norm [33], and X! is the I-th input
for each operation at flow time ¢ € [0, 1]. The coefficients
al, B4t € R" are computed from the condition ¢ € R"
through a linear layer, ToScaleShift, as depicted in Fig. 4.
Speech-driven Emotion Enhancement How can we make
talking motions more expressive and natural? During talk-
ing, humans naturally reflect their emotions through their
voices, and these emotions influence talking motions. For
instance, a person who speaks sadly may be more likely
to shake the head and avoid eye contact. This non-verbal
motion derived from emotions crucially impacts the natu-
ralness of a talking portrait.

Existing works [25, 72, 80] use image-emotion paired
data or image-driven emotion predictor [56] to generate the
emotion-aware motion. In contrast, we incorporate speech-
driven emotions, a more intuitive way of controlling emo-
tion for audio-driven talking portrait. Specifically, we uti-
lize a pre-trained speech emotion predictor [49] that pro-
duces softmax probabilities of seven distinct emotions: an-
gry, disgust, fear, happy, neutral, sad, and surprise, which
we then input into the vector field predictor.

However, as people do not always speak with a single,
clear emotion, determining emotions solely from audio is
often ambiguous [25]. Naive introduction of speech-driven
emotion can make emotion-aware motion generation more
challenging. To address this issue, we inject the emotions
together with other driving conditions at training phase and
modify them at inference phase.

Driving Conditions We concatenate the audio represen-
tation a'' € RE*% of a pre-trained Wav2Vec2.0 [1], the
speech emotion label w, € R7, and the source motion latent
wy—s € RY. Next, we add the flow time step embedding

Emb(t) € R" to these conditions, producing c; € RE*"
via a linear layer, ToCondition, as depicted in Fig. 2, where
Emb(¢) is computed using the sinusoidal position embed-
ding [70].

Training We train FLOAT by reconstructing a target vec-
tor field computed from driving frames using the corre-
sponding audio segments and a source motion latent. We
choose a pair of driving motions and corresponding au-
dio (w,_,pr.z, a¥*F), and construct the target vector field
u(z|w, prr) = w,_,pre — 9 € RE*4 with noisy input
ot(zg) = (1 — t)zg + tw,_pr1:r (& ~ U[0,1] and 25 ~
N(O%E.T)).

For smooth transitions of sequences longer than the win-
dow length L, we incorporate last L' audio features and
motion latents w, _, 1.0 from the preceding window as
additional input.

The flow matching objective Lor(6) is defined by

Lor(0) = ||Ut1:L(l‘t’Ct;9) — ug(x|w,pre)| (1

+ HU;LI:O(xt» Ct; 9) — W, _,p-Lr"0 ||,
where z; := [w,_, p— 10| @¢(z0)] € RELTL)I%d s the con-
catenated input, c; € R(-L'+L)xh jg the driving condition
consisting of [t, w, g, we, at L, a*LlZO]. Note that w, and
w,_, s are shared across the L’ + L frames. We incorporate
a velocity loss [67] to supervise temporal consistency:

ﬁvel(9> = HAUt — AutH, (12)

where Av; and Aw, are the one-frame difference along the
time-axis for the prediction v, € R(-L'+L)%d and the target
[w,_, prro| ug] € REEHLIXA regpectively.

The total objective Lo (6) is

Liotal(0) = dorLor () + AverLvel (0), (13)

where A\or and A, are the balancing coefficients. During
training, we apply dropout to w,., w,, and a'** with a prob-
ability of 0.1 for CFV. Additionally, we apply dropout to
the preceding audio and motion latents with a probability
0.5 for smooth transition in the initial window.
Inference During inference, we sample the generating vec-
tor field from noise x(, using the driving conditions w, g,
we, and at'L, as well as the L’ frames of preceding audio
and generated motion latents.

We extend the CFV [10] to an incremental CFV to sepa-
rately adjust the audio and emotion, inspired by [3]:

Uy R Ut(x07ct|{a1=L,we})
+ Ya [vt(‘rOv Ct‘we) - vt(x()? Ct|{alzL7wc}]
+ Ye [vt(x()v Ct) - ’Ut(x(]a Ct|wc)] ) (14)

where 7, and 7, are the guidance scales for audio and emo-
tion, respectively. c|(, .} denotes the driving condition
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Table 1. Quantitative comparison results with state-of-the-art methods on HDTF [85] / RAVDESS [39]. The best result for each metric is

in bold, and the second-best result is underlined.

t: evaluated with raw 256 x 256 resolution outputs.

Method Image & Video Generation Lip Synchronization
FID | FVD | CSIM 1 E-FID | P-FID | LSE-D | LSE-C 1
SadTalker? [84] | 71.952/119.430 339.058/376.294 0.644/0.644 1.914/3.500 1.456/2.045 | 7.947/7.273 7.305/4.748
EDTalk? [66] 50.078/75.020  211.284/304.933 0.626/0.676 1.579/3.468 0.054/0.090 | 8.123/7.682 7.623/5.318
AniTalker’ [36] | 39.512/70.430 184.454/265.341 0.643/0.725 1.830/2.330 0.092/0.126 | 7.907/8.176 7.288/4.555
Hallo [79] 25.363/57.648 197.196/375.557 0.869/0.860 1.039/2.492 0.037/0.050 | 7.792/7.613 7.582/4.795
EchoMimic [7] | 33.552/81.839  296.757/320.220 0.823/0.805 1.234/3.201 0.023/0.047 | 8.903/8.161 6.242/4.144
FLOAT (Ours) | 21.100/31.681 162.052/166.359 0.843/0.810 1.229/1.367 0.032/0.031 | 7.290/6.994 8.222/5.730

Hallo AniTalker EDTalk SadTalker

EchoMimic

FLOAT (Ours)

kD FDIDFDIDID
kD DD PDPDIED
D FDFDFD DD
kD FDFDFD DD

Figure 5. Qualitative comparison results with state-of-the-art methods on HDTF [85] / RAVDESS [39]. Please refer to supplementary
videos. Note that we additionally provide a video comparison with EMO [68] and VASA-1 [80] using their video demonstration.

without the condition x and y. We sety, = 2 and v, = 1
based on the ablation studies on v, and ~, provided in sup-
plementary materials.

After sampling, ODE solver receives the estimated vec-
tor field to compute the motion latents through numerical
integration. We empirically find that FLOAT can generate
reasonable motion with around 10 number of function eval-
uations (NFE). Please refer to supplementary videos.

Lastly, we add the source identity latent to the generated
motion latents and decode them into video frames using the
motion latent decoder.

5. Experiments

5.1. Dataset and Pre-processing

For training the motion latent auto-encoder, we use three
open-source datasets: HDTF [85], RAVDESS [39], and
VFHQ [78]. When training FLOAT, we exclude VFHQ be-
cause it does not support the synchronized audio. HDTF
[85] is for high-definition talking face generation, con-
taining videos of over 300 unique identities. RAVDESS
[39] includes more than 2,400 emotion-intensive videos of
24 different identities. VFHQ [78] is designed for high-
resolution video super-resolution and includes a large num-
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ber of unique identities, which compensates the limited
number of identities of the preceding datasets. Following
the strategy of [58], we first convert each video to 25 FPS
and resample the audio into 16 kHz. Then, we crop and
resize the facial region to 5122 resolution [5]. After the
pre-processing, for HDTF, we use a total of 11.3 hours of
240 videos featuring 230 different identities for training,
and videos of 78 different identities, each 15 seconds long,
for test. For RAVDESS, we use videos of 22 identities for
training, and videos of the remaining 2 identities for test,
with each 3-4 seconds long and representing 14 emotional
intensities. Note that the identities in the training and test
are disjoint in both datasets.

5.2. Implementation Details

The motion latent dimension is set to d = 512 with M = 20
distinct orthogonal directions. For the vector predictor, we
use 8 attention heads, a hidden dimension h = 1024, and
an attention window length 7' = 2. Considering the length
of the training video clips, we set L = 50 frames with pre-
ceding L' = 10 frames at once, encompassing 2.4 seconds
of video. We employ the Adam optimizer [30] with a batch
size of 8 and a learning late of 10~5. We use L1 distance for
the norm || - || in the training objective. We set the balanc-
ing coefficients to A\or = Aye; = 1. The entire training takes
about 2 days for 2,000k steps on a single NVIDIA A100
GPU. We use Euler method [35] for the ODE solver.

5.3. Evaluation

Metrics and Baselines For evaluating the image and video
generation quality, we measure Fréchet Inecption Distance
(FID) [57] and 16 frames Fréchet Video Distance (FVD)
[69]. For facial identity, expression and head motion, we
measure Cosine Similarity of identity embedding (CSIM)
[11], Expression FID (E-FID) [68] and Pose FID (P-FID),
respectively. Lastly, we measure Lip-Sync Error Distance
and Confidence (LSE-D and LSE-C [51]) for audio-visual
alignment.

We compare our method with state-of-the-art audio-

driven talking portrait methods whose official implementa-
tions are publicly available. For non-diffusion methods, we
compare with SadTalker [84] and EDTalk [66]. For dif-
fusion methods, we compare with AniTalker [36], Hallo
[79], and EchoMimic [7].
Comparison Results In Tab. 1 and Fig. 5, we show
the quantitative and qualitative comparison results, respec-
tively. FLOAT outperforms other methods on most of the
metrics and visual quality in both datasets.

Additionally, we provide video comparison results with
EMO [68] and VASA-1 [80] in the supplementary materi-
als, using their demonstration videos due to the infeasibility
of direct implementation.

- . =N =N - @8 :
Figure 6. Test-time pose editing using A-control (A5 (D) =+ 10).

5.4. Applications

Test-time Pose Editing via Orthonormal Basis V' Since
FLOAT learns the underlying motion latent structure, it is
natural to assume that for any sampled motion latent w,_, 5,
there exist motion coefficients {\,,(D)}M_; satisfying the
representation in Eq. (9): w, _, 5 = Zn]\le /\m(f?) V-
We can always compute these coefficients in closed
form by taking inner products between the sampled motion

w,._, , and the learned orthonormal basis V':

M
<wrﬁf)’ Vk> = <Z )‘m(b) " Vm, Vk> = )‘k(b)a (15)

where (V,,, Vi) = 0,1 and 0 is Kronecker delta. At this
point, we can edit the sampled motions by editing the cor-
responding coefficients (e.g., via linear operation) and com-
bining them back into the motion latent. As shown in Fig. 6,
it allows us to control head direction without interfering
with other motions due to the orthogonality of the basis.
We refer to this test-time editing technique as \-control.
Additional Driving Signals In Fig. 7 and Tab. 2, we ex-
periment with additional driving conditions, head poses and
image-driven emotion labels, to explore additional control-
lability in our method. We employ 3DMM head pose pa-
rameters p € RS [2] extracted by [12]. We concatenate a
sequence of pose parameters p-L € RE*6 with the other
driving conditions, and then map them to c}'L € RE*". We
also experiment on image-driven emotion [56] for frame-
wise emotion control rather than the long-term emotion en-
hancement. FLOAT can effectively accommodate these ad-
ditional conditions, highlighting its flexibility across diverse
control signals.

Redirecting Speech-driven Emotion Since FLOAT learns
diverse emotions in the emotion-intensive data distribution
[39], the generated emotion-aware motion can be modified
by redirecting the speech-driven emotion label toward a dif-
ferent emotion at inference time. As illustrated in Fig. 8,
this technique is particularly beneficial for manual redirec-
tion when the emotion predicted from speech is complex or
ambiguous.
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Source

Driving Head Pose

FLOAT (Ours)

Ours (+ 3DPose)

FLOAT (Ours)

Ours (- S2E)

Ours (- S2E + I2E)

Figure 7. Additional conditioning results of FLOAT. 3DPose, S2E, and I2E denote 3D head pose parameters [12], speech-to-emotion [49],

and image-to-emotion [56], respectively.

Table 2. Quantitative results of FLOAT with additional conditions
(HDTF [85] / RAVDESS [39]). S2E, I2E, and 3DPose denote
speech-to-emotion [49], image-to-emotion [56], and 3DMM pose
parameters [12], respectively.

C i FID | FVD | E-FID | P-FID | LSE-D |
A | FLOAT (Ours) | 21.100/31.681  162.052/166.359 1.229/1.367 0.032/0.031 7.290/6.994
B | A+3DPose 19.721/29.721  126.663/112.894 0.926/1.152  0.012/0.016 7.516/7.047
C

D

A-S2E 21.235/32.035 155.032/166.866 1.254/1.502 0.031/0.025 7.264/7.222
A-S2E +I2E 21/528/31.609  158.577/162.369  1.158/1.305 0.034/0.022 7.183/7.150

(Redirected) Sad
[0.0,0.0,0,1,0]

(Redirected) Surprised
[0.0,0,0,0,0.1]

Predicted Emotion Label  Redirect (Redirected) Happy
)

[0.14,0.15,0.14,0.14,0.14,0.15,0.14)

,,,,,,

Figure 8. Redirecting the unclear emotion prediction to a desirable
one-hot encoding, which can be further intensified by the CFV.

5.5. Ablation Studies

Ablation on Frame-wise AdaLN We compare frame-wise
AdaLN (and gating) followed by masked self-attention to
separate conditioning from attending, with a cross-attention
that performs conditioning and attending simultaneously.
As shown in Tab. 3, both approaches achieve competitive
image and video quality, while frame-wise AdaLN provides
better expression generation and lip synchronization. We
observe that frame-wise AdaLN can achieve more diverse
head motions than the cross-attention. Please refer to sup-
plementary videos.

Ablation on Flow Matching We compare flow match-
ing with two types of diffusion models: e-prediction (noise)
and xg-prediction (signal) [52, 67]. In both cases, we adopt
our vector predictor architecture as denoising networks. We
adopt diffusion training settings of VASA-1 [80] (500 diffu-
sion steps with a cosine noise scheduler [46] and 50 DDIM
denoising steps) for the indirect comparison with [80]. No-
tably, diffusion and flow matching achieve competitive re-
sults on image quality while the latter achieves the better
lip synchronization. In Fig. 9, we compare the forward pass
efficiency by measuring frames per second (FPS) of each

Table 3. Ablation studies of FLOAT on HDTF [85]. The best result
for each metric is in bold, and the second-best result is underlined.

Method FID| FVD| E-FID| LSE-D| #NFEs]
Ours (w. Cross-Attn.) 21.873  162.702 1.452 1.757 10
Ours (w. Diff., e-pred.) 21.190 161.666 1.213 9.922 50
Ours (w. Diff., zg-pred.) | 21.697 162.847 1.278 9.048 50
FLOAT (Ours) 21.100 162.052  1.229 7.290 10

0 10 20 30 40 FPST

- T
Hallo{0.24 40 Steps Real Time — '
! 50 Steps

w. Diffusion,
g-prediction
w. Diffusion,
Xo-prediction

FLOAT (Ours)

Figure 9. Comparison of the forward pass efficiency. We compute
FPS on a single NVIDIA V100 GPU.

model. Thanks to the compact motion latent representation
and OT-based flow matching, FLOAT achieves the highest
FPS, superior lip-sync performance, dynamic head motion,
and the lowest NFEs.

6. Conclusion

We proposed FLOAT, a flow matching based audio-driven
talking portrait generation model leveraging a learned mo-
tion latent space. We introduced a transformer-based vector
field predictor, enabling temporally consistent motion gen-
eration. Additionally, we incorporated speech-driven emo-
tion labels into the motion sampling process to improve the
naturalness of the audio-driven talking motions. FLOAT
addresses current core limitations of diffusion-based talk-
ing portrait video generation methods by reducing the sam-
pling time through flow matching while achieving the re-
markable sample quality. Extensive experiments verified
that FLOAT achieves state-of-the-art performance in terms
of visual quality, motion fidelity, and efficiency.

Discussion We leave further discussion considering limi-
tations, future work, and ethical considerations in the sup-
plementary materials.
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