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Abstract. We present EmbodiedHead, a speech-driven talking-head frame-
work that equips LLMs with real-time visual avatars for conversation.
A practical embodied avatar must achieve real-time generation, unified
listening-speaking behavior, and high rendered visual quality simultane-
ously. Our framework couples the first Rectified-Flow Diffusion Trans-
former (DiT) for this task with a differentiable renderer, enabling diverse,
high-fidelity generation in as few as four sampling steps. Prior listening-
speaking methods rely on dual-stream audio, introducing an interlocu-
tor look-ahead dependency incompatible with causal user—-LLM interac-
tion. We instead adopt a single-stream interface with explicit per-frame
listening-speaking state conditioning and a Streaming Audio Scheduler,
suppressing spurious mouth motion during listening while enabling seam-
less turn-taking. A two-stage training scheme of coefficient-space pre-
training and joint image-domain refinement further closes the gap be-
tween motion-level supervision and rendered quality. Extensive experi-
ments demonstrate state-of-the-art visual quality and motion fidelity in
both speaking and listening scenarios.

Project page: https://03skyboy.github.io/EmbodiedHead/
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1 Introduction

Large Language Models (LLMs) are now widely used for daily chat and assis-
tance, but most systems still interact through plain text or voice. Without a
visible face, users miss social cues such as eye contact, facial expression, and
head motion that convey attention, emotion, and turn-taking. Embodied Social
Presence (ESP) Theory argues that an embodied representation (e.g., an avatar)
becomes the focal point through which people experience co-presence and inter-
pret social interaction; richer embodied cues strengthen perceived social presence
and engagement in mediated communication [24].

In this paper we study Head-Embodied LLMs: equipping an LLM with a
head-only visual avatar that listens and speaks in real time during conversa-
tion. A practical head-embodied LLM avatar must meet three goals at once:
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Fig. 1. We present EmbodiedHead, which generates a real-time head-embodied avatar
for LLMs. Unlike dual-audio methods, it uses a single audio stream with explicit
listening-speaking state conditioning to achieve unified conversational behavior.

(i) real-time generation to support natural turn-taking; (ii) unified listening-
speaking behavior to provide role-aware nonverbal signaling throughout the full
interaction rather than only during speech; and (iii) high rendered visual quality
to ensure perceptual plausibility and prevent visual artifacts from undermining
credibility and social presence. Compared to 2D-based methods [16,10], 3D-based
methods generally enable lower inference cost, making them a promising route
toward Head-Embodied LLMs.

Most current listening-speaking integrated methods [28,3,8,45] employ a dual-
stream audio architecture, whose datasets suffer from limited diversity in lan-
guages and scenarios. More importantly, dual-stream conditioning introduces
an interlocutor look-ahead dependency: generating the current avatar response
requires the interlocutor’s reactive audio or visual feedback within the same win-
dow, which is not available at inference time in user-LLM interactions. Conse-
quently, the model cannot reliably leverage cross-stream cues in a causal setting,
and the dual-stream design may collapse into an effectively single-audio, alter-
nately driven paradigm. Beyond the interaction architecture, most 3D talking-
head methods treat mesh generation and image rendering as two separate steps.
Motion is trained and evaluated in coefficient space, so the reported speed and
quality numbers do not reflect the rendered visual quality that a head-embodied
LLM avatar actually delivers to the user.

To address these issues, we propose EmbodiedHead, an end-to-end speech-
driven talking-head framework designed for head-embodied LLMs (figure 1). Our
pipeline couples the first Rectified-Flow [22] Diffusion Transformer (DiT) [27,4]
for this task with a differentiable renderer, retaining diffusion-model diversity
while enabling high-fidelity generation in as few as four sampling steps. To re-
move the interlocutor look-ahead dependency, we adopt a single-stream audio
interface and inject an explicit per-frame listening-speaking state (LS-state) into
both the model input and the audio cross-attention via FiLM modulation [29],
giving the model a clear mode signal at every frame. A Streaming Audio Sched-
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uler merges microphone and LLM audio into a unified window and emits aligned
LS-states, enabling rapid turn-taking without future information. To close the
gap between coefficient-space supervision and rendered quality, we adopt a two-
stage training scheme: the DiT is first pretrained with flow matching in co-
efficient space for stable dynamics, then jointly fine-tuned with the renderer
using image-domain losses. The straight-path property of Rectified Flow sup-
ports reliable one-step endpoint estimation, making this joint optimization both
well-grounded and efficient.
Overall, the contributions of this paper can be summarized as follows:

e We propose an end-to-end framework coupling a Rectified-Flow DiT with
a differentiable renderer and multi-level conditioning, achieving real-time,
diverse talking-head generation in few sampling steps.

e We enable unified listening-speaking behavior through explicit LS-state con-
ditioning and a Streaming Audio Scheduler, suppressing listening-phase mouth
hallucinations and supporting rapid turn-taking.

e A two-stage scheme jointly optimizes the DiT and renderer with image-
domain supervision, closing the gap between coefficient-space training and
rendered quality. Extensive experiments demonstrate state-of-the-art perfor-
mance in both speaking and listening scenarios.

2 Related Work

2.1 Speech-driven 3D Talking Head Generation

Most work in speech-driven 3D talking-head generation follows a two-stage
pipeline: a motion model generates 3D motion from audio, which is then rendered
by a separate module [9,11,40,35]. VOCA [9] established identity-decoupled re-
gression from speech. FaceFormer [11] and CodeTalker [40] introduced Trans-
former modeling and discrete motion priors to improve lip sync and motion
diversity. DiffPoseTalk [35] applied diffusion for style-conditioned generation,
while ARTalk [6] and GLDiTalker [20] target real-time output via autoregressive
codebooks and latent diffusion. Despite these advances, training and evaluation
stay in coefficient space: the reported accuracy and speed reflect mesh-level per-
formance, not the rendered visual quality that users actually perceive.

A parallel line of work bypasses parametric models and drives a per-identity
neural scene directly with audio, using either NeRF [25,13,18] or 3D Gaussian
Splatting [17,1]. These methods can capture fine appearance details, but the
reconstructed scene is largely static: motion is limited to the lip region while
eye movement, head pose, and lighting variation are poorly handled, yielding a
rigid and visually flat result. Per-identity scene reconstruction also adds a costly
setup stage, reducing suitability for general head-embodied LLM deployment.
Some 2D methods learn a direct mapping from audio to images and achieve
high rendered quality [16,10], but their generation speed is too slow for real-
time head-embodied LLM interaction.
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2.2 Listening-Speaking Integrated 3D Avatar Generation

Unified listening-speaking generation has evolved from single-listener modeling
toward multi-turn streaming frameworks [26,28,3,8,45]. Learning to Listen [26]
modeled stochastic 3D listener responses but did not address multi-turn dialogue.
DualTalk [28] extended this to multi-round conversations under a dual-stream
setting, but processes complete audio sequences offline and generates outputs in
a single pass, making streaming deployment infeasible. TIMAR, [3] introduced
turn-level causal modeling to address latency, yet relies on the interlocutor’s vi-
sual stream as input, which adds extra acquisition cost in real-time scenarios.
INFP [46] and UniLS [8] further improved naturalness and continuity under dual-
stream audio settings. Despite this progress, all dual-stream methods share a
common structural limitation: generating the current window requires the inter-
locutor’s reactive audio for the same span, which is unavailable in real user—-LLM
chat. This interlocutor look-ahead dependency makes dual-stream conditioning
incompatible with causal streaming inference, and in practice these methods
tend to degrade into alternated single-audio driving with unreliable mode infer-
ence during listening phases. MANGO [45] recognized the value of image-domain
supervision and introduced 2D-lifted training alongside dual-stream audio. How-
ever, MANGO is built on DDPM [14], which requires many sampling steps to
produce reliable outputs. Single-step estimates from DDPM carry large approxi-
mation errors, so image-domain losses cannot be grounded in outputs that match
actual inference behavior, limiting the practical effect of the image supervision.

3 Method

figure 2 provides an overview of EmbodiedHead. After formalizing the task and
introducing Rectified Flow (section 3.1), we detail the injection of multiple con-
ditions into DiT blocks (section 3.2). To unify speaking and listening behaviors in
conversational streams, we then propose a listening-speaking state (section 3.3),
culminating in a two-stage training scheme for end-to-end image-domain refine-
ment (section 3.4).

3.1 Preliminaries

Given an input audio segment a, we aim to generate a temporally coherent 3D
motion sequence x; € RT*P for a streaming window of length 7" frames. We use
c to denote the full set of conditioning variables.

We use FLAME [19] to represent facial geometry, parameterizing each frame
by an expression vector €” € R%? and a pose vector p” for 7 € {1,...,T}, with
a shared identity shape s € R3%°, The per-frame motion vector is defined as

x] =1e", p7], D =100 + dim(p™). (1)

We adopt Rectified Flow [22] to retain the diversity of diffusion models while
reducing sampling steps. Let x; be a data sample and xg ~ N(0,I) be Gaussian
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Fig. 2. EmbodiedHead employs a Rectified-Flow DiT to generate speech-driven
talking-head animation in few steps. It conditions on reference, timestep, motion mag-
nitude, and LS-state. A streaming scheduler merges user-LLM audio, enabling unified
listening-speaking.
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noise. Rectified Flow defines a straight interpolation path

X = X0 + t (X1 — Xo), t ~U[0,1]. (2)

Along this path, the target velocity is a constant vector u; = % = X1 — Xg.
We train a conditional velocity field vg(x;, ¢, ¢) by minimizing the flow-matching

objective [21]
Lrv = ]E{Hvo(xt,t,c) — (%1 — xO)H;] (3)

3.2 Multi-Condition Rectified-Flow DiT

We parameterize vy with a DiT to model the conditional velocity field. The
condition is instantiated as ¢ = (a,s,x™, x"* q,m), where x™f and s rep-
resent the reference frame, x"** denotes history FLAME parameters, q is the
per-frame listening-speaking state (section 3.3) and m controls normalized rota-
tion/translation magnitudes. To inject these conditions in a stable and control-
lable manner, we adopt three complementary pathways.

Model input We build a single sequence of motion tokens by concatenating a
history FLAME x"st ¢ REXP and the current noisy window x; € RT*P and
explicitly append the listening-speaking state q = [q"t, q°%"] € {—1,+1}+T
as an extra channel to every frame feature. Given the flow time ¢, we form
augmented frame features by channel-wise concatenation

ihist _ [Xhist’ qhist]’ it _ [Xt, qcur]. (4)

Inspired by [43], we propose History Context Packing (HCP) to efficiently encode

long-range context: X" is partitioned into G' groups of exponentially growing
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temporal spans, and each group is compressed into a fixed number of tokens via
a learnable linear projection, yielding h € REX(D+D), Finally, we concatenate
these packed history tokens with the current tokens and project them to the
transformer dimension: Zy = Linear([h, %;]) € RU+T)xd,

Frame-level audio attention We use mHuBERT [15,42] as our speech en-
coder, fusing all hidden layers with learnable softmax weights, and inject frame-
level audio features into the noise via cross-attention. Notably, in each DiT
block, the self-attention layer runs over all (H + T') motion tokens, while the
audio cross-attention layer is applied only to the T current-window tokens.

To help the model interpret the audio source, we apply a state-conditioned
FiLM modulation [29] to audio features before cross-attention:

AT=A"0 (1+alq) + B, (5)

where [a(q7), B(q7)] € R?P is produced by a lightweight zero-initialized MLP.
Each transformer block has its own modulation parameters, while parameters
are shared across time steps within a block. For temporal alignment, we also
use a diagonal locality mask in cross-attention: M;; = 0 if |i — j| < R, and
M; j = —oo otherwise, where R=2 frames.

Global conditioning via AdaLN Following mainstream DiT paradigms [27,4],
we introduce global conditioning through AdaLN. Specifically, a unified global
conditioning vector is constructed by concatenating: (i) the flow timestep em-
bedding t, (ii) a reference embedding from shape and reference motion ([s, Xyef]),
(iii) a mean-pooled global audio embedding computed over current-window au-
dio tokens only, using a separate set of learnable layer-fusion weights indepen-
dent of those used in cross-attention, and (iv) the motion-magnitude guidance
m = [m,, my] € [0, 1]2.

To mitigate over-averaging caused by weak audio-motion correlation, we
explicitly inject motion magnitude, which offers superior interpretability and
practical utility over implicit style features [35,6]. During training, m,, m; are
computed from the ground-truth target window as the mean successive-frame
rotational displacement (SO(3) geodesic angle) and translational displacement
magnitude, and then normalized to [0, 1].

3.3 Listening-Speaking State Conditioning

As discussed in section 1, dual-stream audio conditioning is ill-suited for causal
user-LLM interaction because future user audio is unavailable. We therefore
adopt a single-stream conditioning interface and explicitly represent the behav-
ioral mode with a per-frame listening-speaking state (LS-state). Training uses
a unified single-stream waveform with aligned LS-state supervision. At infer-
ence time, a Streaming Audio Scheduler causally maps the microphone stream
and the LLM stream to the same conditioning window and outputs the aligned
LS-state.
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Algorithm 1 Streaming audio scheduler

Require: Listening queue Qr,, Speaking queue Qs, cursors (cr,cs), previous mode
Mprev, window length T'
Ensure: Waveform a and LS-state g € {—1,+1}7
1: U <~ GETUNCONSUMEDLENGTH(Qs, cs) > unconsumed frames in speaking queue
2: if U > T then > speaking queue alone fills the window
3: a < SLICEHEAD(Qs,cs,T); q <+ +1r

4: cs < cs+T; mprev < speak

5: else if U > 0 then > partial Speak: fill remainder with listening tail
6: zg < SLICEHEAD(Qs, ¢cs,U); a1 ¢ SLICETAIL(Q,T —U)

T: a < (Mmprev = speak) ? xsl||zr @ zL||zs > preserve temporal continuity
8: q < LABELBYSOURCE(a); c¢s <+ cs+ U

9: Mprev < (Mprev = speak) ? listen : speak > track window tail state
10: else > no pending Speak: pure listening mode
11: a + SLICETAIL(Qr,T); q < —17; Mprev < listen

12: end if

13: return (a,q)

LS-state definition and acquisition We define ¢ € {—1,+1} with +1 for
speaking and —1 for listening, and denote the window state as q € {—1,+1}7.
During training, we run TalkNet-ASD [36] on each video to obtain a frame-level
speaking confidence, apply a short temporal smoothing to suppress jitter, and
then binarize it into q. During inference, q is constructed from audio provenance:
frames sourced from LLM are labeled speaking (41), while frames sourced from
the environment are labeled listening (—1).

LS-state injection We inject q through two mechanisms described in sec-
tion 3.2. We concatenate ¢7 to each motion token in the history and current
window. This provides an explicit mode indicator at the input representation
and yields a mode-consistent temporal context. We apply a state-conditioned
FiLM to frame-level audio features before cross-attention in each DiT block.
This maintains the conditioning signal throughout the network depth.

Streaming Audio Scheduler We maintain two audio queues: Qj, as a rolling
buffer (microphone) and Qg as a monotonically consumed queue. At each tick,
we output a fixed-length window of T" frames by prioritizing unconsumed samples
in Qg and filling any deficit with the most recent context from Q. When both
sources appear within one window, we order the two segments using the previ-
ous window’s tail mode mprey to reduce boundary discontinuities; q is emitted
alongside a by labeling each frame by its source (Alg. 1).

3.4 Two-Stage Training

FLAME pseudo-labels from monocular tracking are noisy and biased, especially
in frames with occlusion, motion blur, extreme pose, or poor illumination, where
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tracker confidence is low. Pure coefficient-space supervision therefore forces the
model to fit unreliable targets that are not always consistent with image evidence.
We thus adopt a two-stage strategy: coefficient pretraining for stable dynamics,
followed by end-to-end image refinement for bias correction.

Stage I: Coefficient-space pretraining We partition the per-frame motion
vector x] = [e7, p”] into five parameter groups K (expression, jaw, eye, rotation,
and translation) and optimize flow matching with per-group reweighting. The
Stage-I objective is

2
k k k
L= 3 o8 = 6 x| 4 A 22555, (©)
ke
L£rose =3 _||p" — p7|3 is applied only to rotation and translation dimen-

sions to suppress jitter from video cuts and tracking instability; expression and
jaw are excluded to avoid over-smoothing lip articulation.

Stage II: End-to-end image refinement For image-domain refinement, we
use GAGAvatar [7] as the differentiable renderer. While it renders fewer facial de-
tails than high-fidelity avatar pipelines [30], its single-image avatar construction
makes end-to-end finetuning practical on large-scale 2D video datasets. More-
over, GAGAvatar explicitly models intra-oral regions (e.g., teeth and tongue),
which is crucial for realistic speech appearance. In Stage II, we unfreeze the
renderer and jointly optimize both the DiT and GAGAvatar parameters with
image-domain losses, allowing the renderer to co-adapt to the generated motion
distribution.

Using Rectified Flow, we can estimate the endpoint with a single Euler up-
date,

X1 & x+ (1 —1) vo(xy, t, ), (7)
where x; is sampled by Eq. (2). The straight path has a constant target velocity,
so flow matching learns a displacement field; consequently, the inference step
(setting t=0) coincides with the rendered endpoint, and image losses supervise
exactly what will be sampled.

We then render the reconstructed endpoint with GAGAvatar I= R(X1,8s),
and apply image-domain losses to jointly refine both the motion model and the
renderer,

L1t = Acoer L1+ N (AT = T + Myl (@) = w(D). ®)

where (+) is a frozen VGG-based perceptual feature extractor [44,32].

4 Experiments

4.1 Experiments Setup

Datasets To ensure the robustness and generalization of our proposed model,
we curated a diverse dataset comprising 11,372 samples, totaling 27.2 hours
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Table 1. Quantitative comparisons of 2D visual quality and 3D motion generation
against baseline methods. The upper metrics are reported on EmbodiedHead speaking
test set and lower metrics are reported on the public DualTalk test set. All methods
evaluated with image-domain metrics are rendered using the GAGAvatar [7].

Method LVE| FDD/ MOD] BAt SIDt PSNRf SSIM{ LPIPS|
DiffPoseTalk [35] 10.3 2.69  4.24 044 201 16.09 0.565  0.268
ARTalk [6] 6.86 242 321 046 239 1681 0579  0.221
Ours (Stagel) 5.70 1.66 2.98 0.47 2.64 17.53 0.600  0.199
Ours (Stage2) 571 1.58 3.04 046 2.64 18.28 0.617 0.184
DualTalk [28] 794  1.95 284 0.42 247  — - -
Ours 7.18 1.74 2.57 039 2.67 — - -

of footage. The primary data source is filtered from the TFHP dataset [35],
contributing 14.7 hours. To enhance linguistic and environmental diversity, we
integrated 7.8 hours of data from the TalkVid [5] and VFHQ [39] datasets. We
additionally curated 3.9 hours of segments from the RealTalk dataset [12] to
specifically model listening behaviors. We extract 3D FLAME parameters from
videos using the GAGAvatar [7] tracking pipeline. For evaluation, we randomly
sample 100 speaking clips and 50 listening clips as the test set.

Implementation Details For the audio condition, we use mHuBERT-147 [15,42]
model for superior multilingual adaptation. The motion branch predicts 115-

dimensional FLAME parameters (including expressions, jaw poses, eye poses,

global rotation and translation) over a 100-frame window. Besides, 75 frames of

historical motion are divided into 4 groups and compressed into 20 frames in

total.

We train the model using a two-stage strategy on two NVIDIA RTX 3090
GPUs. In the first stage, we train for 80,000 iterations with a learning rate of Ge-
4 and a total batch size of 64. In the second stage, we train for 150,000 iterations
with a learning rate of 8e-5 and a total batch size of 4.

During inference, we use Euler integration with 4 sampling steps, and fix
the motion-magnitude guidance to 0.3; unless otherwise stated, all experimental
results are reported under this setting. For more implementation details, please
refer to the supplementary materials.

Baselines To comprehensively evaluate EmbodiedHead, we select representa-
tive state-of-the-art baselines across two distinct tracks. For standard speech-
driven motion generation, we compare our method with DiffPoseTalk [35] and
ARTalk [6]. To explicitly assess interactive conversational dynamics (i.e., unified
listening and speaking), we benchmark against DualTalk [28], a recent dual-
audio-driven framework.
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Fig. 3. Qualitative Examples of Natural Listening-Speaking Transitions and Conver-
sational Behaviors

4.2 Quantitative Evaluation

Metrics Our evaluation metrics are organized around the three core objectives
of a head-embodied LLM avatar. For high visual quality, we adopt standard
image-domain metrics: PSNR, SSIM [38], and LPIPS [44], which directly reflect
the rendered fidelity perceived by users. For motion fidelity and listening-speaking
behavior, we use LVE [31] and MOD [40] for lip synchronization, FDD [40] for
upper-face naturalness, BA [33] for head-motion rhythmic synchronization, and
SID [28] for generation diversity. Real-time efficiency is evaluated via end-to-end
throughput (FPS).

2D Visual Quality Evaluation A practical head-embodied LLM avatar must
deliver high rendered visual quality to users, not merely accurate 3D coefficients.
We therefore evaluate the end-to-end rendered output by routing all methods
through the identical GAGAvatar [7] pipeline and comparing PSNR, SSIM, and
LPIPS on our speaking test set (table 1, upper). As shown, EmbodiedHead
achieves the best performance across all metrics, validating the efficacy of our
DiT and two-stage training paradigm. Unlike previous methods reliant on noise-
prone coeflicient-space supervision, our Rectified Flow formulation enables direct
one-step endpoint generation (X1 ). This property seamlessly facilitates joint fine-
tuning of the DiT and renderer in the second stage, effectively mitigating tracking
biases, leading to superior 2D visual outcomes.

3D Motion Evaluation To assess motion fidelity, we evaluate the models under
two distinct datasets: a standard speaking mode on our speaking test set, and
an interactive listening-speaking mode on the DualTalk test set. Quantitative
comparisons of 3D motion generation performance are summarized in table 1.
In the standard speaking mode, EmbodiedHead significantly outperforms
previous baselines, achieving state-of-the-art results across all evaluated metrics.
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Fig. 4. Qualitative comparisons of 2D visual quality against other baseline methods
on our EmbodiedHead test set.

The substantial improvements in LVE and FDD indicate that our model captures
highly accurate lip articulations and natural upper-face dynamics to support
realistic rendering.

In the interactive listening-speaking mode, we train on the DualTalk train
split and evaluate on its test set. Despite relying on a single audio stream with
explicit LS-state conditioning (section 3.3), EmbodiedHead surpasses the dual-
audio-driven DualTalk in LVE, FDD, and MOD. Although DualTalk attains a
slightly higher BA score (0.42 vs. 0.39), this likely stems from its use of inter-
locutor visual cues to better capture conversational rhythm.

Real-Time Performance Real-time generation is a prerequisite for deploying
a head-embodied LLM avatar in live conversation. Our full pipeline runs in real
time with GAGAvatar as the renderer, achieving 59 FPS on a single NVIDIA
RTX 3090 GPU. If we measure only the motion-coefficient generation module,
our method reaches over 900 FPS, largely enabled by the efficiency of Rectified
flow.

Compared with other methods, DiffPoseTalk is constrained by its DDPM
architecture and cannot achieve real-time performance. Although ARTalk and
DualTalk can reach real-time speeds at the motion-coefficient level, neither ex-
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Fig. 5. Qualitative comparisons of 2D visual quality against DualTalk in the listening-
speaking scenario on the public DualTalk test set.

plores end-to-end image generation, so their reported throughput does not reflect
the actual speed of producing the final rendered output.

4.3 Qualitative Evaluation

To demonstrate our interactive capabilities, figure 3 visualizes the natural listening-
speaking transitions and conversational behaviors generated by EmbodiedHead.
Modulated by the explicit LS-state, our model achieves seamless state switch-
ing without abrupt visual artifacts. Beyond accurate lip synchronization, the
rendered 2D avatars exhibit rich, context-aware non-verbal dynamics, such as
attentive nodding and blinking during listening, alongside vivid facial expressions
during speaking. These high-fidelity interactive behaviors significantly enhance
the realism and engagement of the conversational agent.

In standard speaking scenarios (figure 4), we found that ARTalk often yield
restricted mouth amplitudes, failing to fully articulate phonetic details. Although
DiffPoseTalk exhibits larger motion amplitudes, it still suffers from noticeable
lip-audio desynchronization. In conversational settings (figure 5), despite pro-
ducing rich dynamics, DualTalk occasionally hallucinates unreasonable mouth
openings during the “listening” phase. By contrast, equipped with an explicit
state modulation mechanism, EmbodiedHead completely suppresses unnatural
mouth hallucinations when listening, while ensuring highly accurate and expres-
sive lip synchronization when speaking.

4.4 Ablation Study

Effect of the Global Condition We validate the global condition module in
the top half of table 2. Baseline only has timestep condition. Progressively adding
reference and audio embeddings to AdaLN steadily improves all metrics. And
motion magnitude condition further offers intuitive amplitude control: as shown
in figure 6(c), low values (e.g., 0.1) yield restrained head motions while high val-
ues (e.g., 0.9) produce markedly more expressive movements, all from the same
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Table 2. Ablations on global and listening modules. Upper: Listening-Speaking test
set; Lower: listening test set.

Method LVE] FDD| MOD]) BAt
Baseline 5.97 1.70 2.89 0.41
+mag 6.20 1.58 2.96 0.40
+mag+ref 5.84 1.63 2.83 0.42
+mag+ref+audio 5.76  1.55 2.63 0.43
Baseline 6.58 1.53 2.43  0.37
+input 6.21 1.46 2.10 0.36
+input+FiLM 6.13 1.46 1.99 0.38

Table 3. Ablation on inference-step scheduling.

Step LVE| FDD/ MODJ BAt PSNR{ SSIM{ LPIPS]

1 5.80 1.76 2.73 0.48 17.08 0.571 0.204
4 5.76 1.55 2.63 043 17.29 0.578 0.202
10 5.99 1.46 2.67 0.43 17.13 0.573 0.206
25 6.18 1.44 2.73 0.41 17.10 0.572 0.208

audio input. This continuous controllability demonstrates effective disentangle-
ment of motion amplitude from the driving signal, enhancing both diversity and
user-level customizability.

Effect of the Listening-Speaking Module We assess explicit LS-state in-
jection in the bottom half of table 2, and is the most directly tied to our unified
listening-speaking objective. When LS-state conditioning is removed, the model
attempts to infer conversational states directly from the audio signal. As illus-
trated in figure 6(b), it tends to interpret weak or distant speech as a listening
state, and under uncertain conditions may open its mouth without producing
clear speaking motions. Adding the state to model input reduces MOD from
2.43 to 2.10, and further applying FiLM modulation to cross-attention brings
it to 1.99, effectively eliminating spurious articulatory artifacts during listening
and enabling reliable state-dependent behavior.

Effect of the Two-Stage Training We evaluate the impact of the second-
stage image-domain supervision. As shown in table 1 and figure 6(a), this strat-
egy significantly enhances 2D visual fidelity. Furthermore, it effectively mitigates
inherent tracking noise. For instance, as depicted in the second row of figure 6(a),
our optimized geometry successfully captures subtle, natural mouth openings,
visually surpassing the pseudo-GT mesh. This corroborates our hypothesis that
2D supervision can effectively rectify 3D tracker biases.
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(a) +end2end

w/o image w/o mesh w image

Fig. 6. Visual results of ablation study.

Effect of the Inference Step Our inference step analysis (table 3) demon-
strates that the proposed architecture enables high-quality one-step generation.
Specifically, 1-step inference yields performance highly comparable to the 25-
step setting. For additional ablation results and complete table, please refer to
the supplementary material.

5 Conclusion

We presented EmbodiedHead, an end-to-end speech-driven talking-head frame-
work for head-embodied LLM avatars. By coupling a Rectified-Flow DiT with a
differentiable renderer, our pipeline achieves 59 FPS on a single GPU with only
four sampling steps, satisfying the real-time requirement for live conversation.
Explicit per-frame listening-speaking state conditioning and a Streaming Au-
dio Scheduler replace the dual-stream paradigm, enabling unified listening and
speaking behavior without interlocutor look-ahead. A two-stage training strat-
egy that augments coefficient-space flow matching with image-domain refinement
further bridges the gap between mesh-level accuracy and rendered visual fidelity.
Experiments on both our curated dataset and public benchmarks validate state-
of-the-art performance across motion, rendering, and interaction metrics.
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Supplementary Material

This supplementary material provides additional details to support the main
manuscript. section A details the model architecture. section B formalizes the
evaluation metrics used in our experiments. section C presents additional exper-
imental results, including evaluations on the VOCASET [9] dataset and addi-
tional ablation tables. Finally, section D discusses the limitations of our current
framework and outlines directions for future research.

A Model Architecture

In the configuration used in our experiments, the Rectified-Flow [22] DiT [27,4]
predicts FLAME [19] motion coefficients directly. Each target frame contains
100 expression coefficients together with jaw pose, eyes pose, global rotation, and
global translation, giving a 115-dimensional motion vector in total. The model
predicts a 100-frame target window at 25 FPS. We append a one-dimensional
listening-speaking state to every motion frame before tokenization, so the per-
token input dimension becomes 116. A linear projection maps each token to
a 448-dimensional transformer [37] space. The DiT backbone uses 8 blocks, 8
attention heads, and an MLP ratio of 4, yielding a head dimension of 56 and a
feed-forward hidden width of 1792.

For temporal context, the model consumes 75 historical frames in addition to
the current noisy window. Following our History Context Packing design, these
75 frames are split into four groups with receptive spans of 5, 10, 20, and 40
frames, respectively. Each group is compressed into 5 tokens by an independent
linear projector, producing 20 packed history tokens in total. These 20 tokens are
concatenated with the 100 current-window tokens, so self-attention is performed
over a sequence of 120 motion tokens. The reference condition is formed by
concatenating the first 100 FLAME shape coefficients with one reference motion
frame, resulting in a 215-dimensional vector.

We use frozen mHuBERT-147 [15,42] as the audio encoder. All hidden layers
are fused by learnable softmax weights, with separate weight sets for the local
cross-attention branch and the global conditioning branch. The extracted audio
sequence is aligned to the motion rate by a strided 1D convolution with kernel
size 5 and stride 2, followed by LayerNorm [2], producing 448-dimensional audio
tokens. In cross-attention, we further apply a diagonal locality mask with radius
2 frames, so each motion token attends only to a narrow temporal neighborhood
in the aligned audio sequence.

Global conditions are injected through AdaLN [41]. The conditioning vector
has dimension 896 and is formed by concatenating four parts: a 448-dimensional
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sinusoidal timestep embedding, a 112-dimensional reference embedding, a 224-
dimensional mean-pooled global audio embedding, and a 112-dimensional motion-
magnitude embedding derived from the normalized rotation and translation
guidance scalars. Each DiT block consists of RoPE self-attention, RoPE au-
dio cross-attention, and a feed-forward layer, with rotary base § = 10000 [34].
Before audio cross-attention, the aligned audio features are modulated by a
block-specific FiLM [29] network conditioned on the listening-speaking state;
this modulator uses a hidden size of 112 and zero-initialized output weights so
that training starts from an identity mapping. The AdaLN modulation layers
are also zero-initialized for stable optimization. Cross-attention is applied only
to the 100 current-window tokens, while the packed history tokens contribute
through self-attention only. Finally, a last AdaLLN-modulated projection maps
the final 100 tokens back to 115-dimensional velocity predictions.

B Experimental Setup and Metric Formalization

B.1 Training Hyperparameters and Loss Weights

Both training stages utilize the AdamW [23] optimizer. For the flow-matching
objective (Equation (6) of the main manuscript), the parameter group weights
are empirically set to: Aexpr = 0.6, Aaw = 0.1, Aeye = 0.1, Aot = 0.1, and
Atrans = 0.1. The pose smoothing weight is set to Agmooth = 0.1.

For Stage I, we employ a linear learning rate warmup for the first 2,000
iterations and train with a total batch size of 64. During the Stage II end-to-end
refinement, we employ 1,000 warmup steps and render the images at a resolution
of 256x256. The loss weights (Equation (8) of the main manuscript) are set as
follows: the coefficient-space flow-matching weight is set to Acoet = 0.2, while the
image-domain L1 and perceptual loss weights are set to A\; = 0.2 and A\, = 0.2,
respectively. We also scale the learning rate of the GAGAvatar [7] renderer by a
factor of 0.5 relative to the base learning rate. Due to the memory footprint of
the differentiable renderer, the total batch size in Stage II is reduced to 4.

B.2 Metric Calculation Details

To comprehensively evaluate both the 3D motion fidelity and the 2D visual
quality, our metrics (LVE [31], FDD [40], MOD [40], BA [33], SID [28], PSNR,
SSIM [38], and LPIPS [44]) span geometric, temporal, and image domains. In
alignment with established evaluation protocols, we formalize the metrics as
follows.

3D Motion Metrics For 3D geometry-based metrics, the predicted FLAME [19]
coefficients are mapped to mesh vertices v and 3D landmarks p. To strictly eval-
uate local facial articulations, we isolate facial expressions by eliminating the in-

fluence of global head rotation across all localized geometric metrics (LVE [31],
FDD [40], MOD [40]).
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Lip Vertex Error (LVE |) LVE [31] evaluates temporal lip synchronization
by computing the maximum Ly error across all vertices in the lip region (Vip)
for each frame t, and averaging over the sequence of length T

T

1
LVE = — max
T Py 1€ Viip

pred  _ gt
Vi Vii

(9)

2

where v, ; € R? denotes the 3D coordinate of vertex i at frame ¢.

Face Dynamics Deviation (FDD |) FDD [40] assesses the naturalness of
upper-face motions. Let Vypper denote the subset of FLAME [19] mesh vertices
corresponding to the eye and forehead regions. We first compute the relative
vertex motion to the initial frame m;; = vy; — vi; € R3 to remove static
offsets. We then measure the difference in the temporal standard deviation (o;)
between the prediction and ground truth:

T
1 _ 2
g; = TZHmm—ml\b (10)
t=1

where m; = % Zthl my ; is the temporal mean. The FDD is formulated as:

1
FDD =

pred gt
i 9

(11)
Vapper| , 7~
Mouth Opening Difference (MOD |) MOD [40] focuses on the similarity
of mouth opening amplitudes. Let d; = ||pt,66 — Pt,62]|2 be the distance between
the upper (idx: 62) and lower (idx: 66) lip landmarks. MOD [40] is the mean
absolute error of this distance:

T
_ l pred gt
MOD = — ; ’dt - (12)

Beat Alignment (BA 1) BA [33] quantifies the rhythmic synchronization of
head movements. We extract the angular velocity of head rotation and detect
motion peaks (beats) B using a dynamic threshold. The alignment score is cal-
culated symmetrically using a Gaussian kernel with o = 0.1s:

- 1 1 minbleBgt (b - bl)2
BA=3 <|Bpred D, oxp ( - 202 )

be Bpred ) (13)
]. minbeBpred (b/ - b)
1B 2 eXp<_ 207 )
b’eBst

where 0,0’ € R denote the timestamps of the detected beats in seconds.
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Diversity Metric (SID 1) To measure the generation diversity from the same
audio input, we use the Speaker Identity Diversity (SID) [28]. We fit a K-Means
clustering model on the ground truth feature distribution and predict the cluster
assignments for the generated sequences. The diversity for a specific component
k is defined as the Shannon entropy of its cluster assignment histogram:

K
SIDx = — > pelogs(pe + €) (14)

c=1

where p. = n./N is the probability of a sample falling into cluster ¢, and ¢ = 1078
is a small constant for numerical stability. For a comprehensive assessment, we
compute the mean of the SID across three semantic groups: jaw (SIDjaw), the
first 50 dominant dimensions of expression (SIDexps0), and rotation (SIDiq):

1
SID = 3 (SIDjaw + SIDexps0 + SIDqqt) (15)

2D Metrics (PSNR 1, SSIM 1, LPIPS |) To ensure a fair evaluation of the
final visual quality, we synthesize 2D image frames by rendering the FLAME-
driven 3D mesh via the same GAGAvatar [7] pipeline. The rendered images are
centrally cropped to a 256 x 256 region of interest (ROI) surrounding the face.

— PSNR & SSIM: We compute the Peak Signal-to-Noise Ratio (PSNR) and
Structural Similarity Index (SSIM) [38] frame-by-frame between the ren-
dered outputs and the preprocessed ground-truth video, then average across
the temporal dimension. SSIM [38] is evaluated using an 11 x 11 Gaussian
window with ¢ = 1.5.

— LPIPS (VGG): We adopt the VGG-based LPIPS [44] implementation
to measure perceptual similarity, reporting the average distance across all
frames.

C Additional Experimental Results

C.1 Results on Public Dataset VOCASET

To validate the generalization capability of our model, we evaluate our method
on the public VOCASET [9] dataset. As shown in table S1, our method signif-
icantly outperforms existing baselines in both LVE [31] and FDD [40], demon-
strating that our approach achieves highly accurate lip synchronization and nat-
ural upper-face dynamics even on unseen data domains. To accommodate its
input requirements for dual audio streams and the interlocutor’s mesh data, Du-
alTalk [28] is evaluated under a single-speaker setting with a muted secondary
speaker.

We observe a slight performance drop in the MOD [40]—which measures
the Euclidean distance between two specific landmarks on the upper and lower
lips—compared to DiffPoseTalk [35] and ARTalk [6]. This primarily stems from
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the inherent trade-off between expressive generation capability and absolute
distance-based metrics. Specifically, DiffPoseTalk [35] restricts jaw articulation
to a single degree of freedom (1-DOF'). Meanwhile, constrained by its autoregres-
sive architecture, ARTalk [6] tends to produce over-smoothed motion patterns.
In contrast, our model predicts fully expressive three-degree-of-freedom (3-DOF)
jaw articulations (jaw, , .). Although generating such rich and dynamic varia-
tions introduces a slight mathematical penalty in MOD [40], it significantly en-
hances the overall topological accuracy (as evidenced by our leading performance
in LVE [31]) and the visual realism of the generated animations.

Furthermore, we do not report the BA [33] and SID [28] metrics in this eval-
uation. This is because the VOCASET [9] dataset provides vertex-only annota-
tions, lacking the ground-truth global head rotation parameters strictly required
for BA [33] computation. Additionally, since VOCASET [9] consists of tightly
controlled read-aloud speech with inherently limited motion variance, diversity
metrics like SID [28] are largely uninformative and hold little evaluation value on
this dataset. Consequently, the generation diversity of our model is exclusively
evaluated on the rich and highly dynamic EmbodiedHead dataset presented in
the main manuscript.

Table S1. Quantitative comparison on the VOCASET benchmark. Our method
achieves state-of-the-art performance in lip synchronization (LVE) and facial dynamics
(FDD).

Method LVE | FDD | MOD |
DualTalk [28]f 13.24 2.37 6.86
ARTalk [6] 9.78 2.29 5.20
DiffPoseTalk [35] 10.82 2.65 4.99
Ours 7.97 2.18 6.66

¥ Bvaluated under a single-speaker setting with a muted secondary speaker.

C.2 Additional Quantitative Ablation Results

In this section, we provide more comprehensive quantitative ablation results to
complement the main manuscript, specifically detailing the impact of inference-
step scheduling and motion magnitude guidance.

Ablation on Inference-Step Scheduling. We first present the complete ab-
lation study on the inference steps in table S2. The results demonstrate that our
Rectified-Flow DiT architecture enables high-quality generation with extremely
few steps. Specifically, 1-step inference yields performance highly comparable to
the 25-step setting across both 3D motion and 2D image metrics. Weighing these
findings, we ultimately select 4 steps as our default inference configuration to
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achieve an optimal balance between real-time speed, visual quality, and motion
fidelity.

To further validate the mathematical grounding of our Stage-II image-domain
fine-tuning, we report a special “11” setting. This setting denotes one-step gen-
eration using randomly sampled timesteps that are strictly consistent with the
training phase distribution. The strong performance of this practical one-step
output strongly supports the validity of our Stage-1I optimization, rendering the
end-to-end image-domain refinement both computationally feasible and highly
efficient.

Table S2. Detailed ablation on inference-step scheduling. Best results are highlighted
in bold except for 1t. 17 denotes one-step generation with randomly sampled timesteps
(training-consistent); results support the validity of Stage-II image-domain fine-tuning
from practical one-step outputs.

Step LVE| FDD| MODJ] BAt PSNRt SSIMt LPIPS|

1 5.80 1.76 2.73 4.78 17.08 0.571 0.204
1f 4.45 0.85 2.44 4.67 17.09 0.576 0.193
2 5.79 1.74 2.67 4.50 17.23 0.578 0.206
3 5.91 1.60 2.68 4.44 17.27 0.578 0.202

5.76 1.55 2.63 4.31 17.29 0.578 0.202
5 5.95 1.53 2.69 4.15 17.22 0.576 0.202

10 5.99 1.46 2.67 4.32 17.13 0.573 0.206
15 6.12 1.47 2.73 4.23 17.09 0.571 0.208
25 6.18 1.44 2.73 4.13 17.10 0.572 0.208

Y Not directly comparable to standard fized-step inference settings.

Ablation on Motion Magnitude. We quantitatively evaluate the explicit con-
trollability introduced by our global condition module. As visualized in the main
manuscript, modulating the motion magnitude guidance vector (m = [m,, my))
affords intuitive control over the kinematic intensity of the generated head dy-
namics. table S3 details how varying these conditional scalars influences the ac-
tual generated rotation and translation magnitudes. Notably, the results exhibit
a degree of disentanglement: altering the rotation condition (m,) primarily scales
the rotational amplitude while leaving the translation magnitude largely stable,
and vice versa. For reference, the original Ground Truth (GT) sequences exhibit
a mean rotation magnitude of 0.61 and a translation magnitude of 0.81. This
baseline serves as a standard anchor, demonstrating that our model can effec-
tively control the motion intensity, capable of generating both subtle, restrained
motions (when setting small condition values, e.g., 0.1) and highly expressive,
exaggerated dynamics (when setting large condition values, e.g., 0.9).
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Table S3. Quantitative ablation on motion magnitude guidance. We report the ac-
tual generated Rotation (Rot.) and Translation (Trans.) magnitudes under different
combinations of input conditions [m,, m¢]. The results demonstrate that our model
not only effectively controls the magnitude but also partially disentangles rotation and
translation.

Input Rot. (m,)
Input Trans.
0.1 0.5 0.9

(my)

Rot. Trans. Rot. Trans. Rot. Trans.
0.1 0.50 0.88 1.05 0.95 1.77 1.07
0.5 0.55 1.41 1.03 1.56 1.64 1.72
0.9 0.76 2.57 1.10 3.05 1.31 2.63
GT Rot.: 0.61 Trans.: 0.81

D Limitations and Future Work

While EmbodiedHead achieves high-fidelity conversational dynamics, it presents
two main limitations. First, the avatar’s current listening behaviors are primarily
driven by acoustic cues rather than semantic-level dialogue understanding, lim-
iting its intent-driven expressiveness. Second, unlike causal autoregressive (AR)
architectures, our diffusion-based framework inherently relies on window-based
processing, which introduces a theoretical latency floor. Future work will focus
on integrating textual semantics from LLMs to enable context-aware listening re-
sponses, as well as exploring hybrid AR-diffusion structures to further minimize
streaming latency.
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