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Abstract—Long-form portrait animation with high-fidelity
and low-latency has been highly-demanding when building the
human-computer interactive systems. The existing methods often
suffer from inherent trade-off between effectiveness and efficiency
while improving one objective but compromising another. This
paper presents a novel audio-driven portrait animation, which
mitigates the compromise through enhancing the representation
by flow-divergence matching in sequence animation under an
orthogonal latent space for motions. To strengthen the facial
motion controllability, the latent space is decomposed into a
transferable motion subspace for identity-agnostic dynamics and
a preservable subspace for portrait-specific traits. Furthermore,
a sparse motion dictionary is constructed to fulfill the fine-
grained disentanglement, allowing an independent control over
semantic motion factors and improving both realism and identity
consistencies in portrait animation. To speed up the gener-
ation, we employ a transformer-based vector field predictor
that leverages flow-based temporal fusion to integrate intra-clip
and inter-clip audio perception, resulting in temporally-coherent
and contextually-aware facial dynamics. Extensive experiments
demonstrate that our method achieves stable long-term video
synthesis and outperforms state-of-the-art baselines in terms of
video quality, generation speed, and temporal coherence.

Index Terms—orthogonal latent bases, flow and divergence
matching, flow-based temporal fusion, talking portrait

I. INTRODUCTION

With the growing demand in human-computer interaction
applications, portrait animation has attracted increasing atten-
tion. Beyond interactive systems, it plays a key role in the
applications such as video conferencing, virtual avatars, and
e-education. Portrait animation aims to synthesize realistic and
temporally coherent facial motion from static images, typically
conditioned on an external input such as audio signal [1],
motion trajectory [2] or semantic guidance [3]. Despite its
promising applications, voice-driven portrait animation of a
previously unseen identity remains highly challenging, as it
requires faithfully capturing subtle yet critical facial cues from
speech, including precise lip-audio synchronization, natural
eye gaze and blinking, realistic head movements, and vari-
ations in facial behavior across different expressions. Along
with generation fidelity, practical concerns for real-time re-
sponse and stable long-form generation are also essential in
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interactive and communication scenarios [4], [5]. As illustrated
in Fig. 1, our method addresses these challenges by generating
natural, low-latency talking portraits from a single reference
image and a long-form audio stream.
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Fig. 1. Given a reference portrait and a long-form audio stream, our method
animates a natural low-latency talking head by enhancing motion repre-
sentation through flow-divergence matching under orthogonal latent spaces
containing natural head motion, precise lip synchronization, and authentic
eye gaze and blinking.

However, existing approaches suffer from inherent trade-
offs among quality, speed, and consistency. Diffusion-based
models [3], [6] achieve realistic animation but require heavy
computation. Real-time methods [7] reduce latency but sac-
rifice fidelity in fine-grained facial details and disentangle-
ment. 3D Gaussian splatting [8] methods [9], [10] deliver
comparable quality with improved speed, but are constrained
to single-identity training and inference, limiting the cross-
identity generalization.

Self-supervised methods using orthogonal motion
codes [11], [12] address this by learning interpretable
motion semantics with minimal supervision. Riemannian
geometric analyses [13] further show that navigating latent
bases at selected time steps enhances semantic control.
Meanwhile, flow matching [14], [15] has emerged as an
efficient alternative to diffusion, enabling faster sampling
with improved generalization.

This paper presents a voice-driven portrait animation frame-
work that integrates several complementary techniques into a
unified two-stage pipeline. Our formulation combines flow-
divergence matching [15] with an orthogonal motion latent
space [11], [16], where the latent space is decomposed into
preservable and transferable subspaces [12] to disentangle
identity-preserving attributes from motion dynamics, enabling
generalization across different identities. To further enhance



interpretability, we incorporate a sparse motion dictionary [17]
with L1-regularized coefficients, which encourages each mo-
tion instance to activate only a minimal subset of semantic
bases. For fast and generalized generation, a transformer-
based vector field predictor [18] conditioned on multi-scale
audio features [1] is trained via the flow-divergence matching
objective [15], which jointly aligns the vector field and its
divergence to reduce the residual error between learned and
ground-truth conditional flows. While individual components
draw from prior work, the principal contribution lies in their
integration and the resulting synergy: the orthogonal latent
space provides structured motion targets for flow matching,
the sparse dictionary enhances disentanglement within this
space, and the temporal fusion mechanism exploits the flow
trajectory to maintain long-form coherence. Experimental re-
sults demonstrate that this combination enables stable and
sustained frame synthesis, achieving high-fidelity and low-
latency talking portraits. Our contributions are summarized as
follows:

o Integrating flow-divergence matching with an orthogonal
motion latent space, decomposed into preservable and
transferable subspaces with L1-regularized sparse motion
dictionary, to achieve disentangled, interpretable, and
identity-generalized portrait animation.

o Designing a transformer-based vector field predictor with
flow-based temporal fusion that continuously shifts latent
positions along the flow trajectory, integrating intra-clip
and inter-clip audio perception for temporally-coherent
long-form generation.

o Demonstrating through extensive experiments on HDTF
and CelebV-HQ that the proposed framework outper-
forms state-of-the-art baselines in video quality, gener-
ation speed, and temporal coherence, while generalizing
to virtual faces.

Our training and inference code are publicly available.!

II. RELATED WORKS

This paper animates a talking portrait with a transferrable
identity by editing latent space based on flow matching.

A. Latent Space Editing

Exploring semantically meaningful representation in latent
space has been a central research topic in machine learning
[19], as it enables interpretable representation learning and
intuitive image manipulation. With the advances in image
generation, extensive efforts have been devoted to semantic
face editing by navigating the latent space via generative
adversarial network (GAN). Both supervised [20] and unsu-
pervised [21] methods have been developed to modify facial
attributes through the controlled shifts in latent distributions
while maintaining photo-realistic outputs. Recent advances
have introduced a linear motion decomposition and a linear
latent navigation as the core schemes to construct interpretable

Ihttps://github.com/George930502/Disentangled-Motion- Diffusion- for-
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representation of facial dynamics [11], [12]. These methods
learn a set of orthogonal bases and express the motion as
linear combinations of the bases, enabling the disentangled
[22], controllable, and theoretically grounded facial anima-
tion. Furthermore, Riemannian geometric analyses of diffusion
model latent spaces [13] have revealed that navigating along
specific basis vectors at the selected time steps could enhance
the semantic control and the editing precision.

B. Flow Matching

Flow matching [14] has emerged as a competitive alternative
to diffusion-based generative model [23], offering a better
trade-off between computational cost and sample quality.
Unlike conventional diffusion models, which rely on stochastic
denoising process, flow matching formulates the generation as
a deterministic transformation by regressing a vector field that
interpolates between a prior noise distribution and the target
data distribution. The generative process is obtained by solving
the corresponding ordinary differential equations [24].

A key advantage of flow matching lies in its flexibility to
design suitable conditional probability paths and vector fields,
enabling more efficient sampling. One widely used design was
based on the optimal transport displacement interpolation [14],
which adjusted the data distribution along straight-line trajec-
tories at constant speed. The study in [15] pointed out that
while conditional flow matching efficiently approximates the
probability paths, its divergence gap can cause significant er-
rors in path learning and likelihood estimation. To address this
issue, an upper bound on the gap was bridged by minimizing a
conditional divergence loss, yielding a new training approach
to flow and divergence matching, that significantly improved
the flow matching across challenging tasks.

C. Portrait Animating

Prior works on voice-driven portrait animation are grouped
into four categories. First, the facial landmark and 3D mor-
phable models [25] explicitly represented the facial geometry,
constrained by the limited expressiveness of 3D meshes,
which restricted the fine-grained detail and the natural mo-
tion. Second, the 2D GAN-based methods [26]-[28] directly
synthesized the portraits in image space but suffered from the
temporal instability, inaccurate lip-audio synchronization, and
degraded quality due to long sequences. Third, the diffusion-
based models [2] enhanced the robustness and motion diversity
through probabilistic modeling, yet their large-scale networks
and iterative sampling hindered the real-time performance.
Fourth, the 3D Gaussian splatting-based methods [9], [10]
achieved high-fidelity 3D-consistent rendering and novel-view
synthesis but remained limited to single-identity training and
exhibited weak cross-identity generalization.

Recent methods [16], [29] have attracted significant at-
tention by achieving real-time talking portrait generation via
diffusion transformer [18], [30] and flow matching [14] in the
latent space of motion movements. Our work shares the latent
flow matching paradigm with Float [16], but differs in three
aspects: (1) we adopt flow-divergence matching [15] rather



than standard flow matching to reduce the gap between learned
and true probability paths, (2) we decompose the motion
space into preservable and transferable subspaces with L1-
regularized sparse activation for enhanced disentanglement,
and (3) we employ a position-shift temporal fusion mechanism
for long-form coherence.

III. PRELIMINARY

This section reviews the two foundational techniques upon
which our framework is built: (1) the linear latent motion rep-
resentation that provides the structured motion space, and (2)
flow-based generative models that enable efficient generation
within this space. Understanding both is essential because our
method operates at their intersection, where orthogonal motion
bases serve as structured targets for flow-divergence matching.

A. Linear Latent Motion Representation

Latent image animator [11] learns an autoencoder frame-
work based on a motion encoder E,,, and a generator G. This
model addresses motion transfer through linear transformation,
mapping from a source image X, to a driving image X,.
Within the latent space, this method learns a latent trajectory
that connects the source representation zs_,, to the driving
representation z,_, 4 through a linear navigation path z,_,4

(D

Specifically, the motion encoder E,,, encodes the source image
X, into a latent code z,_, ., and the driving image X in terms of
motion bases via weights A,_,q = {a1,@9,...,ap}, where
each weight «; indicates the activation strength of a corre-
sponding motion basis d;. This model further learns a trainable
orthogonal motion dictionary D,, = {d1,ds,...,dss}, where
each basis vector represents a fundamental motion component
such as head rotation, mouth movement, or eye blinking.
Under this formulation, the latent motion path z,_,4 can be
represented as a linear combination of these basis vectors

Zs—d = Zs—r + Zr—d-
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The orthogonality constraint between two different bases
d; and d; ensures the disentangled motion representation,
allowing complex visual transformations to be modeled as
the composition of independent motion factors. Finally, the
generator G decodes latent variable z;_,4 to a dense optical
flow field, which warps the source frame X into the target
driving frame x4.

B. Flow-Based Generative Models

1) Flow Matching: Flow matching (FM) [14] provides an
efficient approach to learn the continuous probability flow
paths between a prior noise distribution pg = p and the
data distribution p; = ¢. A time-dependent vector field
u; : [0,1] x RY — RY defines a flow ; [31] governed by
the ordinary differential equation

%% (x) = u(Ye(x)), with to(x) =x 3)

which implicitly transports the samples along the path p;(x) =
po(; 1 (x)) det {a@g;{ ' (x)} , mapping from noise distribution to
data distribution as ¢ evolves from 0 to 1. Given a data sample
x; ~ pi1(x1) =~ q(x1), FM defines a conditional probability
path p:(x|x1) satisfying po(x]x1) = p(x) and p; (x|x1) ~ §(x—
x1). The corresponding conditional vector field w;(x|x1) is
learned by regressing a neural network parameterized vector
field v¢(x;6) with parameter 6 according to the conditional
flow matching objective

£5(0) 2 Eoqtun)potsinn | 10:0x:0) = we(xx) ] 4)

where ¢t ~ U[0,1], x; ~ ¢(x1) and x ~ ps(x|x1). Our
framework adopts the optimal transport (OT) conditional path,
which connects Xy ~ p and x; ~ ¢ along a straight line at
constant velocity:

wt = (1 — t)XQ + tXl. (5)

This defines an affine Gaussian path p;(x|x;) = N (x|tx1, (1—
t)I) with target u;(x|x1) = X; — Xq, which is adopted in our
framework due to its computational efficiency and analytical
tractability.

2) Flow and Divergence Matching: Minimizing Ly alone
does not fully constrain how the learned flow connects the
prior and data distributions—the model can reach a biased
equilibrium where trajectories deviate in divergence. The flow
and divergence matching (FDM) [15] addresses this by in-
troducing a complementary conditional divergence matching
loss:

Le(0) = Bt pyxix0), pixa) H (V- wi(xxa) = V- 0y(x;0))

+(ui(xlx1) — vu(x:0)) - Viogpe(xxr)| [ (©)

The total objective Ay L ¢+ AL, jointly aligns the vector field
and its divergence, reducing the residual error between learned
and ground-truth flows. We adopt FDM because motion latent
distributions are sensitive to trajectory accuracy; small diver-
gence gaps accumulate over long sequences and cause visible
motion drift.

IV. METHODOLOGY
A. Latent Disentangled Motion Space

Given a colored source portrait image S € R3*7>W yith
height H and width W and a driving audio speech al‘l €
RLEX"a of I, frames in a clip with feature dimension n,, our
goal is to generate or estimate a portrait animation

]/jl:L — {Bt}tL:1 c RLX3><H><W. (7)

It is crucial to control distinct motion semantics to carry out the
disentangled, interpretable and controllable facial animation.
This study builds a new latent image animator to character-
ize motions and identities as the separate latent variables.
Although the previous animator in [11] built the motion
dictionary, which exhibited partial semantic interpretability,
their work still suffer from the mixing of multiple semantic
attributes, limiting its effectiveness to control the editing of
image and video generation.



1) Sparse and Orthogonal Motion Representation: To en-
hance the disentanglement [32], this paper introduces a sparse
motion dictionary [17] and learns a set of orthogonal motion
bases D,, = {di,ds,...,dy}, where each basis vector
d; € R™ corresponds to a latent motion attribute. We enforce
the orthogonality d;rdj = 0 for i # j via QR decomposition
of a learnable weight matrix, which guarantees orthonormality
by construction. To encourage the model to activate only a
minimal subset of bases per motion instance, we impose an L1
sparsity penalty on the motion coefficients: Lsparse = As||x||1,
where o = {ay, ..., aps} are the activation weights produced
by a fully-connected head atop the motion encoder. This L1
regularization [17] drives most coefficients toward zero, so that
each motion instance is reconstructed from a compact subset of
interpretable bases, enabling explicit and controllable motion
editing.

2) Preservable and Transferable Motion Bases: This paper
further decomposes the latent motion space into two subspaces
consisting of the preservable motion bases for source portrait
informatics as well as the transferable motion bases for target-
agnostic dynamics

M

K
k
Zs g =Zsyr +Zp_q = E ﬁzdl + E aid;n
=1 =1
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where {df}/X, are identity preserving bases, {dj*}}L,
are motion moving bases. Both sets are orthonormal, i.e.,
(@f)'d¥ = (d)Td* = 6;;, and cross-orthogonal by
construction since all M =20 bases are obtained from a single
QR factorization. We set K =8 and M —K =12 following the
convention established by LIA [11], where M =20 bases have
been shown sufficient to span the primary modes of facial
motion including rigid head pose (~3 DOF), jaw and lip
articulation, eye gaze, and brow movement. The orthogonality
constraint ensures that these A bases form a maximally
efficient covering of the motion manifold without redundancy.
This decomposition ensures that identity-agnostic motions
such as lip movement and head rotation generalize across
identities, while subject-specific traits such as facial structure
and habitual expressions are preserved.

B. Flow-Based Temporal Fusion

Unlike most existing approaches that rely on motion or
visual frames for spatial-temporal generation, we adopt an
audio-only conditioning scheme [1], [33] that constructs rep-
resentations directly from speech, enabling both fine-grained
articulation and long-range temporal coherence.

Specifically, a pretrained speech encoder [36] extracts multi-
scale features from five hierarchical stages, which are concate-
nated and projected through three linear layers, then combined
with ¢ and z;_,,- before being fed into the vector field predictor
(Fig. 3). To address the issues of limited receptive field and
temporal inconsistency commonly observed in voice-driven
generation methods, we propose a flow-based temporal fusion
mechanism conditioned on a source image and an audio clip.

Unlike standard autoregressive conditioning, which concate-
nates previous frames as context and is prone to error accumu-
lation, our approach integrates intra-clip and inter-clip audio
perception by continuously shifting latent positions along the
flow trajectory [1]. Concretely, at each ODE integration step
k € {0,..., Np—1}, the latent sequence is partitioned into
clips of T'=25 frames, and the clip window is cyclically
shifted by an accumulated offset 0 = k - o (with 0=7). Each
clip is processed independently by the vector field predictor,
and the resulting velocity updates are scattered back to the
full sequence via modular indexing. This ensures that each
ODE step observes different temporal neighborhoods, enabling
the model to accumulate long-range dependencies across the
entire sequence without additional computational cost. To
handle boundary conditions where the shifted index exceeds
the sequence length, a cyclic padding strategy wraps around
and reuses the initial latent variables and audio prompts. This
design captures both short-term phoneme-level dynamics and
long-term temporal coherence without increasing inference
cost, reducing motion jitter and achieving natural alignment
between speech rhythm and facial motion.

C. Overall Generation Framework

The training procedure follows a two-stage paradigm as
displayed in Figure 2. In the first stage, this procedure learns
a sparse motion dictionary D,,, together with the motion
encoder Ejy, , magnitude vector predictor Fy,_, and generator
G(,q. The motion encoder is a ResBlock-based network that
maps an input face to a 512-dimensional appearance embed-
ding, from which separate fully-connected heads produce the
preservable coefficients 3 € RX and transferable coefficients
a € RM~K The generator follows a StyleGAN2-based
synthesis architecture [37]: a constant 4 x4 feature map is pro-
gressively upsampled through style-modulated convolutions
to 512x512 resolution, with each layer conditioned on the
motion latent via adaptive style injection. A flow warping
module predicts a 2D displacement field and a blending mask
from the modulated features, which warp the source appear-
ance and blend it with the synthesized output. The first-stage
parameters O = {0,,, 0, 0,} jointly construct a disentangled
motion latent space that provides structured targets for the
second stage [11], [38]. The training objective combines: L1
reconstruction loss, VGG-19 perceptual loss [39], a component
perceptual loss applied to ROI-aligned [40] crops of the left
eye, right eye, and mouth, a multi-scale discriminator with
non-saturating adversarial loss, three region-specific compo-
nent discriminators, a Gram-matrix feature style loss [41] for
texture fidelity, an ArcFace [42] identity-preserving loss, and
the L1 sparsity penalty on c.

In the second stage, all first-stage parameters are frozen,
and we train the audio encoder Ey , feature embedding Fy_,
and vector field predictor Vp, to estimate a conditional flow
vector field driven by speech. The audio encoder uses a frozen
Whisper-tiny [36] model to extract multi-scale features: hidden
states from all four encoder layers plus the embedding layer
(five scales, 384-dim each) are concatenated and projected
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Fig. 2. Overview of the proposed framework for talking portrait animation. Given a source image S and an audio chunk a®‘¢, which s and e denote the
start and end indices, this framework first encodes S into a latent identity zs—, and a latent motion z,—, s represented by sparse identity bases and motion
bases df and dj", respectively. Audio embeddings c,, are extracted to perform flow-based temporal fusion, progressively shifting the latent position offset o
to capture long-term dependencies. At each flow time step ¢ € [0, 1], a frame-wise vector field predictor estimates the vector field v¢ for flow and divergence
matching integrated by an ODE solver to calculate the latent motion, which are combined with zs—,, and decoded by the generator to produce the temporally

coherent portrait animation D*€.
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Fig. 3. Frame-wise vector field prediction. The predictor applies frame-
wise AdaLN [18], masked self-attention [34], [35], and pointwise feedforward
layers. Conditions are formed by concatenating encoded audio with flow time
step t € [0, 1] and latent identity Zs—,, projected to six AdaLN parameters
v, AFe, ke (i € {1,2}). K¢ serves as a frame-wise residual gate.

through a three-layer MLP (19,200—1,024—512—512) to
produce per-frame audio embeddings c, € RE*°12, The
motion latent targets zp:.z are obtained by encoding each
ground-truth driving frame through the frozen first-stage en-
coder and computing z, .4 = a - D, , yielding a sequence
of 512-dimensional motion vectors. The learning objective
follows the OT conditional flow matching formulation with
target uy(z|z1) = zpir — zg, where zg ~ N(0VLT),
linearly interpolating between noise and the structured mo-
tion representation. Additionally, we minimize the divergence
discrepancy term using a Hutchinson trace estimator with
Jacobian-vector products [15], computed in full precision to
ensure numerical stability of the second-order gradients. This
study incorporates a velocity loss to further reinforce temporal
consistencies and ensure smooth motion transitions across

consecutive frames according to

Ly(0e,0,) £ By [[[Av(2;6e,0,) — Awg(z]z1)[]  (9)

where Av; and Awu, are the one-frame difference along the
time-axis between the prediction v, and the target u; vector
field. The total objective is accordingly expressed as

L(0%) = AL (07%) + A\eLe(0%) + N, L, (07) (10)

where A = {Af,Ac, Ay} is the set of hyperparameters, and
©2 = {0., 6,} denotes the second-stage trainable parameters.
The whole model contains two parameter sets © = {©!, ©2}
for two stages of training. Once the vector field is learned,
the corresponding latent motions are obtained by solving
the associated ODE, enabling temporally coherent motion
generation guided by the audio sequence.

V. EXPERIMENTS
A. Experimental Setup

We train on two open-source datasets: HDTF [43] (~16
hours, 400+ identities) and CelebV-HQ [44] (35K clips, 15K+
identities). Following [26], facial regions are localized via face
alignment [46], bounding boxes are temporally refined with
IoU tracking, and each crop is normalized to 512 x 512.

1) Implementation Details: The latent motion space has
dimension d = 512 with M = 20 orthogonal bases (K=8
preservable, 12 transferable). Phase 1 trains for 800K steps
with Adam [47] (81=0, B2=0.99, Ir= 2x10~*, batch size 8)
and employs lazy R1 gradient penalty every 16 discriminator
steps. Phase 2 trains the vector field predictor (N=8 blocks, 8
heads, h=1024, MLP ratio 4 x, attention window +2 frames)
with Adam (8;=0.9, ($,=0.999, Ir= 107°, batch size 8)



TABLE I
QUANTITATIVE COMPARISON ON THE COMBINED HDTF [43] AND CELEBV-HQ [44] TEST SET. THE BEST RESULT FOR EACH METRIC IS IN BOLD.

Method | FID | FVD | CSIM 1 E-FID | P-FID |
SadTalker [28] 146.473 / 73.268 392.671 / 345.802 0.689 / 0.654 2.587 /2.110 1.805 / 1.636
EchoMimic [2] 84.578 / 38.637 324.736 / 302.932 0.767 / 0.732 1.530 / 1.376 0.072 / 0.056

Hallo [45] 61.728 / 31.392 243.820 / 197.186 0.829 / 0.854 1432 /1.137 0.126 / 0.092

Hallo2 [3] 42.187 1 27.810 193.196 / 163.421 0.837 / 0.861 1.249 / 1.099 0.082 / 0.066

Ours 27.829 / 22.613 163.110 / 132.915 0.862 / 0.894 1.122 / 0.993 0.043 / 0.035
t=5.0s t =10.0s t =15.0s t =20.0s t = 35.0s t =40.0s5

for 2,000K steps on a single NVIDIA A100 GPU. Clip
length is T'=25 frames with shift offset 0=7. Loss weights:
Ay = Ay = 1, Ac = 0.1. We adopt the Euler method with
Ng=10 steps to solve the ODE during both training and
inference. During training, dropout rate 0.1 is applied to z,_,
and a®*¢ for classifier-free guidance [48].

2) Evaluation Metrics: We report FID [49] and 16-frame
FVD [50] for visual fidelity, CSIM [51] for identity preserva-
tion, E-FID [52] for expression accuracy, and P-FID for pose
consistency. Baselines include SadTalker [28], EchoMimic [2],
Hallo [45], and Hallo2 [3], all using publicly available pre-
trained weights.

SadTalker

EchoMimic

Hallo

Hallo2

Ours

Fig. 4. Qualitative comparison over various methods in presence of an
example in HDTF [43].
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Fig. 5. Extended results using the proposed method, demonstrating a strong
generalization given by the animated virtual faces (generated by Gemini)
based on the trained models from real face images and videos.
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Fig. 6. Qualitative comparison over various methods by feeding a long
speech input. Under the long-form audio driving, relative to other methods,
our method produces high-fidelity video in lip synchronization and facial
expression with natural pose variations.

Fig. 7. Pose editing via learned orthogonal motion bases. Our model learns a
3D-aware, disentangled motion representation that enables fine-grained pose
control. By manipulating the weight a4, the identity naturally rotates left or
right while preserving expression and realism, demonstrating well-structured
disentanglement and semantic consistency in the learned motion space.

B. Results and Analyses

1) Qualitative Comparison: As shown in Figs. 4 and 5,
our results exhibit natural head rotations and subtle micro-
expressions (e.g., eye blinking and eyebrow movement) that
competing methods fail to produce, instead generating over-
smoothed or repetitive motion patterns. By modeling dynamics
in a semantically meaningful latent space rather than relying
on explicit motion frames, our framework achieves richer
expressiveness, smoother pose transitions, and consistent lip
synchronization even in long-duration sequences.



2) Quantitative Comparison: As shown in Table I, the
proposed model consistently outperforms the related baselines
on a hybrid dataset consisting of HDTF [43] and CelebV-
HQ [44] benchmarks across all metrics. Our method achieves
significantly lower FID and FVD scores, indicating superior
image and video generation quality. The higher CSIM score re-
flects better identity preservation, while the reduced E-FID and
P-FID values demonstrate that the generated expressions and
head motions are both accurate and temporally stable. These
results validate the effectiveness of our disentangled motion
representation and audio-driven flow modeling in achieving
realistic high-quality talking portrait generation.

3) Long-form Generation with Expressiveness: As shown
in Fig. 6, our approach maintains consistent head pose diver-
sity, facial expressiveness, and lip synchronization throughout
extended speech segments. The disentangled motion space
captures natural eye gaze variations and micro-expressions,
while the flow-based temporal fusion enforces smooth transi-
tions even under acoustically complex patterns.

4) Efficiency and Generalization to Virtual Faces: As
shown in Table II, our model achieves a 25x-300x speedup
over prior baselines, owing to its compact latent generative ar-
chitecture and efficient vector field predictor. We note that the
compared baselines are all diffusion-based methods operating
in pixel or high-dimensional latent space, which represent the
state-of-the-art quality tier; lightweight non-diffusion meth-
ods [7] sacrifice fidelity for speed and thus occupy a different
design regime. Unlike diffusion-based approaches requiring
iterative denoising, flow matching formulates generation as
a continuous transformation guided by an estimated velocity
field, requiring only Ng=10 Euler steps. Beyond efficiency,
our model generalizes effectively to virtual and synthetic
avatars, demonstrating strong cross-identity and cross-domain
robustness. As illustrated in Figure 7, the learned orthogonal
motion bases support fine-grained pose editing. Adjusting
the latent coefficient oy produces smooth and semantically
consistent head rotations, validating the model’s disentangled
and 3D-aware motion representation.

5) Discussion of Design Choices: We further justify each
key design decision based on prior evidence and our experi-
mental observations.

(1) Preservable vs. transferable decomposition: ViCo-
Face [12] demonstrated that splitting bases into identity-
preserving and motion-transferring subsets significantly im-
proves cross-identity reenactment quality; our CSIM scores
(Table I) confirm this benefit.

(2) Sparse dictionary: LIA-X [17] showed that L1-
regularized sparse activation improves motion interpretability
and enables single-factor editing, which we corroborate qual-
itatively in Fig. 7.

(3) Divergence loss: the FDM framework [15] proved that
aligning flow divergence reduces the gap between learned
and true probability paths; our adoption is motivated by the
sensitivity of motion latent distributions to trajectory accuracy.

(4) Position-shift offset: Sonic [1] introduced the shifting
strategy to expand temporal receptive fields; we set o=7 to

ensure that Ngxo0=70 > T'=25, guaranteeing full sequence
coverage across ODE steps.

(5) Long-sequence identity stability: the CSIM metric ex-
plicitly measures identity consistency over time; our method
achieves the highest CSIM across both benchmarks, and the
long-form qualitative results in Fig. 6 show no visible identity
drift over extended sequences.

TABLE 11
COMPARISON OF INFERENCE SPEED AND MODEL SIZE. OUR METHOD
ACHIEVES THE HIGHEST REAL-TIME EFFICIENCY WITH A COMPACT
MODEL SIZE, EVALUATED ON AN NVIDIA A100 GPU.

Method FPS 1+  Model Size (MB) |
SadTalker [28] 5.75 4097.55
EchoMimic [2] 0.62 4349.78
Hallo [45] 0.47 9499.45
Hallo2 [3] 0.47 9499.45
Ours 143.82 2355.68

VI. CONCLUSIONS

This paper introduces a voice-driven portrait animation
framework built upon flow-divergence matching within an
orthogonal latent motion space. By decomposing this space
into identity-preservable and motion-transferable subspaces,
the model achieves clear disentanglement and produces re-
alistic, consistent facial motion across identities. A sparse
motion dictionary further enhances interpretability and enables
fine-grained semantic control over facial dynamics. To model
the relationship between speech and motion, a transformer-
based vector field predictor establishes a coherent mapping
from audio cues to temporal evolution, while the flow-based
temporal fusion mechanism captures both short-term phoneme
dynamics and long-term temporal structure, minimizing mo-
tion jitter and discontinuities. Extensive experiments on HDTF
and CelebV-HQ validate that our method surpasses previous
approaches in quality, expressiveness, and temporal stability,
providing a unified and interpretable foundation for generative
motion representation learning.
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