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1. Supplementary Materials

This document provides additional implementation details,
dataset descriptions, evaluation metrics, and qualitative re-
sults for SyncDreamer. We also include ablation studies,
visualization examples, and extended comparisons support-
ing the claims in the main paper.

2. Datasets and Evaluation Metrics

We construct a large-scale, high-quality dataset by aggre-
gating publicly available sources that capture diverse mo-
tion styles, identities, and camera viewpoints. The col-
lected data is categorized into three framing types, full-
body, upper-body, and facial close-ups, covering a wide
range of expressive speaking and performance scenarios.

e Full-body: Derived from HumanVID [17], contain-
ing approximately 19K YouTube videos. Although the
dataset lacks synchronized audio, its rich visual diversity
facilitates learning co-speech body dynamics and global
motion patterns.

* Upper-body: Collected from Hallo3 [4], which provides
around 10K high-quality audio—video clips featuring ex-
pressive upper-body gestures and head movements.

e Facial close-ups: Sourced from HDTF [20] and
AVSpeech [6], offering in-the-wild talking-face record-
ings with clear lip motion and fine-grained identity de-
tails.

To ensure quality and consistency, we perform au-
dio—visual synchronization using SyncNet [2] and apply
face quality filtering via InsightFace [5]. After filtering, we
retain approximately 650K clips (each 5-30 seconds), stan-
dardized to a fixed spatial resolution and trimmed to single-
speaker segments. The resulting dataset enables training
for expressive, identity-consistent avatar generation across
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varied conditions, including emotional speech, singing, and
performance-style motion.

We evaluate model performance using both perceptual
and identity-based measures. Fréchet Inception Distance
(FID) [9] and Fréchet Video Distance (FVD) [13] assess im-
age realism and temporal coherence, respectively. SyncNet
Confidence (Sync-C) and SyncNet Distance (Sync-D) [2]
quantify audio-lip synchronization by measuring corre-
spondence between speech and mouth motion. In addition,
Peak Signal-to-Noise Ratio (PSNR) [10], Structural Simi-
larity Index (SSIM) [16], and Cosine Similarity (CSIM) [8]
evaluate pixel-level and perceptual similarity between gen-
erated and reference frames, reflecting visual fidelity and
identity consistency. Finally, Image Quality Assessment
(IQA) [18], computed from reference-based perceptual sim-
ilarity, evaluates visual fidelity and identity preservation.
Together, these metrics provide a comprehensive assess-
ment of perceptual realism, temporal consistency, and au-
dio—motion alignment in generated sequences.

3. Implementation Details

The attribute extraction module is implemented using the
Qwen2-VL-7B-Instruct model [15], publicly released un-
der the checkpoint Qwen/Qwen2-VL-7B-Instruct. It pro-
vides structured semantic cues such as attire, background
layout, surrounding objects, body posture, and dynamic ex-
pressions like “tilting the head” or “holding a pen.”.

For description generation, we use the Gemini 2.5 Pro
model [3]. The model receives a single extracted video
frame and outputs a concise (fewer than 77 tokens) de-
scription capturing salient visual cues such as attire, back-
ground, and surrounding context. These captions serve as
text—image pairs for training the prompt enhancement mod-
ule described in the main paper. To obtain image descrip-
tions, we query the model with the following instruction:
"You are given a reference image. Describe the image
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A stage with colorful lights and light haze. Outfit matches the reference image, denim overshirt open
over a black performance top.

Beginning: Close-to-medium framing. She makes eye contact with the viewer. Left hand and right
hand raise slightly. Breathing calmly. She sings smoothly.

Middle: Emotion builds. Her eyes occasionally soften or close as she conveys passion and
vulnerability. Her hair smoothly settles down. Low amplitude head nods and subtle shoulder sway
with the rhythm of the song. Her left hand lifts and gestures expressively to emphasize emotional
moments. Camera and lights remain fixed.

End: Stage and lighting unchanged. Left hand stays near the torso, right hand rests near the body.

Figure 1. User instruction enhancement. The cross-modal
parompt enhancer fuses visual cues from the reference image with
the user’s instruction to produce a motion-aware description.

clearly and concisely in fewer than 77 tokens. Do not in-
clude speculation, hidden details, or information not visible
in the image. Only describe what can be directly observed.”

4. Enhanced Prompt Evaluation Criteria

Generic reward functions are often inadequate for optimiz-
ing text prompts in talking-avatar generation, as they fail to
account for the connections between visual grounding, tem-
poral structure, and expressive semantics. To address this,
we design a domain-specific composite reward function for
GRPO training that evaluates enhanced prompts across five
complementary dimensions: Image Faithfulness, Instruc-
tion Consistency, Temporal Structure, Pose and Gesture
Cues, and Conciseness. Each component captures a dis-
tinct aspect of multimodal alignment, guiding the model to-
ward generating prompts that are visually grounded, tempo-
rally coherent, and semantically consistent with user intent.

The overall reward function is defined as follows: for
each candidate enhanced prompt y;, generated from a refer-
ence image [ and an input instruction z, the total reward is
computed as:

R(yz) = wingimg(Ia yz) + u)instRinst(x) yi)
+ wtimeRtime(yi) + wposeRpose(yi)
+ wleanen(yi)a (1

where each term R, € [0, 1] represents a normalized
score for one dimension, and the weights {w, } are empiri-
cally tuned (satisfying > w, = 1) to balance visual fidelity,
semantic alignment, and brevity. In the following sections,
we explain each metric separately.

Image Faithfulness (Rjmg) To evaluate how accurately
the enhanced prompt represents the visual content of the ref-
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Figure 2.  Qualitative comparison with prior methods.
SyncDreamer generates facial outputs with consistent identity,
smooth motion transitions, and precise audio-lip synchronization.
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erence image, we employ a frozen multimodal LLM (Gem-
ini [3]) as an image—text alignment evaluator. The model
outputs a scalar score in [0, 1] according to an evaluation
scheme with four weighted criteria:

e Identity and Appearance: Consistency in hairstyle,
clothing, and visible accessories.

* Pose and Body Configuration: Agreement on posture,
head orientation, and hand visibility.

¢ Scene and Background: Alignment of environmental
context, such as desk, lighting, and nearby objects.

e Motion Plausibility: Whether described actions are
physically consistent with the image.

This score captures high-level semantic alignment between
the image and the prompt. To complement this global as-
sessment, we additionally employ an attribute-level match
score to extract structured visual attributes (e.g., posture,
gaze, accessories) from both the image and the enhanced
prompt. The attribute-level match score is computed as:

# matched attributes

Ram(yi) = ()

# known attributes in image’
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Aman is speaking

Guiding textual Description:
Aman is speaking. He is holding a notebook and a pen.

Guiding textual Description:

Indoor office with a wooden desk, two computer monitors in the background, hanging
pendant lights, and photo prints on the wall. Subject wears a gray short-sleeve button-up
shirt and jeans. He is seated on a chair, left hand holding a notebook, right hand holding a
pen. Camera is fixed. Lighting and background remain unchanged.

Beginning: Seated, facing slightly left of the camera. Left hand keeps the notebook
steady on his lap, right hand with the pen raised near his chest. Posture upright, gaze
shifting briefly toward the screen behind him, then back.

Middle: He speaks naturally. the right hand makes small conversational gestures.
Occasional slight head turns to the camera and subtle nods. torso stable. no camera
motion.

End: The right hand lowers and rests, the notebook remains in the left hand. He
finishes looking into camera.

Guiding textual Descripti
Awoman is speaking
ok
Q, D,

o
Guiding textual Description:
Awoman is speaking. She is holding a walking stick while speaking.
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Guiding textual Description:
Distant valley and small village, clear daylight sky. Subject wears a hooded parka with
fur trim, striped scarf, backpack, trekking pole beside her. Camera is fixed background
and lighting remain unchanged throughout.
Beginning: Standing on the ridge facing the viewer. Left hand grips the trekking pole
planted to the ground, right arm extended, pointing toward the distant valley. Upright
posture, steady footing, friendly smile, gaze to camera.
Middle: She speaks with excited, explanatory tone. The right arm lowers from the point
into small expressive gestures, while the left hand keeps the pole steady. Occasional
slight head turns toward the scenery, then back to the camera, torso stable, finger
articulation natural.
End: The right hand settles near the chest, trekking pole remains vertical in the left
hand. She finishes looking into the camera with an enthusiastic smile.

Figure 3. Impact of the Cross-Modal Prompt Enhancer on generation quality. We compare avatars generated from (top to bottom): (1)
a minimal user prompt, (2) a manually refined prompt, and (3) an enhanced prompt produced by our image-grounded Prompt Enhancer.
Minimal prompts result in generic motion and object disappearance (e.g., missing notebook or pen), while enhanced prompts lead to
improved gesture naturalness, object continuity, and identity-scene coherence across the video.

and for list-type attributes, overlap is measured by Jaccard
similarity:
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where A and B are sets of attribute values from the image
and prompt.

RJacca.rd(Av B) (3)

Rhybrid = )\RJaccard + (1 - )\)Rattra A=03 (4)

Finally, the overall image faithfulness metric combines
Gemini’s global alignment with attribute-level grounding:

Rimg = BRGemini + (]- - B)Rhybrida ﬂ =0.6 )

This formulation balances semantic coherence and fine-
grained visual consistency, ensuring enhanced prompts re-
main faithful to the subject’s identity and context.

Instruction Consistency (Rjns¢) This component evalu-
ates how faithfully the enhanced prompt preserves the se-
mantic intent of the user’s original instruction. We employ
the Gemini model [3] to compare the two texts and produce
a normalized scalar score in the range [0, 1], where higher
values indicate stronger semantic alignment and lower val-
ues reflect omissions or unintended alterations.

Temporal Structure (Rgme) This component assesses
whether the enhanced prompt describes motion with a clear

temporal progression (e.g., beginning — middle — end).

We implement two complementary versions:

* A lightweight rule-based evaluator that assigns discrete
values Riye € 0.0,0.5,1.0 based on the presence of ex-
plicit temporal cues.

* An LLM-based evaluator that judges temporal coherence
on a continuous scale within [0, 1].

Pose and Gesture Cue Score ([pese) This component
evaluates whether the enhanced prompt includes fine-
grained, human-specific cues, such as head orientation,
gaze direction, and hand gestures, that contribute to expres-
sive motion. We compare these cues with pose features ex-
tracted from the reference image to compute a normalized
alignment score in the range [0, 1].

Conciseness Penalty (Rj,) To encourage concise
prompts compatible with the text encoder, we apply an
exponential decay penalty based on the prompt length
T'(y;) relative to a token budget B, no more than 220
tokens:

Rien(yi) = exp (—a - max(0,T(y;) — B)), (6)

where o € [2,5]. Prompts within the budget receive full
score (Rjen = 1), while overly long ones are softly penal-
ized.



4.1. User Instruction Enhancement Example

Figure 1 shows an example of how a user’s initial prompt
is refined by our Cross-Modal Prompt Enhancer into a
more structured and visually grounded description. This
enhanced description incorporates visual cues and tempo-
ral details that are typically missing from generic inputs.

5. Additional Experimental Results

5.1. Additional Qualitative Comparisons

Figure 2 shows qualitative comparisons with existing audio-
driven avatar models. Compared to prior diffusion-based
methods [1, 4, 7, 14], SyncDreamer produces temporally
coherent results with clearer facial details and consistent
gaze from a given speech. The integration of the Visual
Adapter, Attention Localization Loss, and Audio Dynam-
ics Encoder enables smoother motion transitions, accurate
details, and aligned audio-lip synchronization, resulting in
consistently realistic and emotionally aligned avatar behav-
ior. Notably, V-Express, Hallo, Hall2, and EchoMimic are
based on standard diffusion models, while Hallo3, Fan-
tasyTalk, Hunyuan Video Avatar, and OmniAvatar adopt
Transformer—based diffusion architectures for improved ex-
pressiveness.

5.2. Effect of the Visual Adapter on Identity Preser-
vation

We provide additional qualitative comparisons to illustrate
the role of the visual adapter in preserving identity. Fig-
ure 4 compares results generated with and without the visual
adapter. Without the visual adapter, the model relies only on
latent visual representations extracted using a 3D VAE from
the reference image. In this case, identity-related features
are not explicitly enforced during generation, which leads
to noticeable identity drift and inconsistencies in facial at-
tributes across frames. By contrast, the proposed visual
adapter injects identity-aware features through attention-
based conditioning, enabling the model to maintain con-
sistent facial characteristics and fine-grained identity cues
throughout the generated sequence.

5.3. Effect of Attention Localization Loss.

Figure 5 illustrates the extended qualitative comparison for
the Attention Localization Loss ablation. Without this loss,
attention becomes spatially diffused, leading to identity
drift and misplaced features during body motion. By con-
straining cross-attention to semantically relevant regions
(e.g., eyes, mouth, hands), our loss enforces spatial consis-
tency and preserves fine-grained details across frames. To
further validate the contribution of this component, we ad-
ditionally report quantitative ablation results in Table 1. The
results show consistent degradation in identity preservation
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sual adapter. Without the visual adapter, facial identity drifts and
identity-related details become inconsistent, whereas our method
maintains stable identity characteristics.

and audio—visual synchronization when the loss is not ap-
plied, demonstrating its importance for stable identity con-
trol and improved audio—visual alignment.

Method DINO% 1 Face.sim% 1 SyncNet T
w/o Attention Localization Loss 73.8 69.3 7.91
w Attention Localization Loss 74.2 71.5 8.26

Table 1. Quantitative ablation of the Attention Localization Loss.

5.4. Effect of the Cross-Modal Prompt Enhancer.

Figure 3 presents an extended comparison of motion gen-
eration under three input conditions: minimal, manually re-
fined, and enhanced prompts. Minimal prompts produce
generic motion with missing contextual details, while man-
ual refinements offer only partial improvements. In con-
trast, prompts enhanced by our Cross-Modal Prompt En-
hancer, which integrates visual cues from the reference im-
age, yield context-aware gestures, stable object handling,
and improved identity—scene coherence across time. These
results highlight the importance of multimodal ground-
ing for achieving semantically rich and visually consistent
avatar motion.

5.5. Additional Results on Text-Guided Motion
Control

Prior works often rely on pose trajectories or 3D land-
marks to drive body motion [11, 12, 19], which restricts
flexibility and generalization. Other audio-driven meth-
ods [1, 4, 7, 14] incorporate text as an auxiliary condition,
yet our analysis (Figure 6) reveals that it functions primar-
ily for scene reconstruction rather than actual motion con-
trol. When provided with identical enhanced prompts from
our Cross-Modal Prompt Enhancer, these baselines fail to
align gestures or gaze with textual semantics, often produc-
ing static or inconsistent body movements and disrupted
object continuity. In contrast, SyncDreamer eliminates
reliance on pose trajectories by using language as an ac-
tive motion control signal, generating smooth, semantically
grounded gestures and gaze shifts synchronized with both
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Figure 5. Impact of the Attention Localization Loss. The atten-
tion localization loss guides the diffusion model to focus on key
facial regions relevant to speech dynamics. Without this loss, the
model produces blurred or spatially inconsistent features, while
including it enhances visual sharpness, identity consistency, and
temporal coherence across frames.

the speech rhythm and described behavior. This demon-
strates the model’s ability to achieve flexible, text-driven
control beyond portrait-based settings.

5.6. Ablation on the Audio Dynamics Encoder

To further evaluate the contribution of the proposed Audio
Dynamics Encoder, we conduct detailed ablation studies on
both upper-body and full-body settings under expressive au-
dio conditions. Figures 8 and 7 provide qualitative visu-
alizations comparing: (1) recent diffusion-based methods
(Hallo3 [4], OmniAvatar [7], HunyuanVideo, Avatar [1])
(2) a variant without audio dynamics and (3) our full model.
When the audio dynamics encoder is removed, avatars dis-
play flattened facial expressions, minimal rhythmic motion,
and limited head—body coordination. In contrast, our full
model generates synchronized and emotionally rich behav-
iors, effectively capturing subtle audio-driven transitions
such as beat-aligned head motion or tempo-consistent body
gestures. This effect is particularly noticeable in full-body
scenarios, where rhythmic cues drive expressive hand and
torso movement.

6. Applications and Limitations

SyncDreamer enables controllable avatar generation
from audio, text, and a single reference image, supporting a
wide range of applications in virtual assistants, education,

digital performance, and creative media production. Its
ability to synthesize full-body motion and interpret natural
language prompts allows for expressive, flexible, and user-
guided animation across both portrait and full-body scenar-
ios. However, the system remains sensitive to input quality
and prompt specificity. Ambiguous or underspecified tex-
tual instructions may lead to less precise motion synthesis,
while noisy audio or overlapping speech can degrade syn-
chronization and expressiveness.
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Guldlng textual Description:

A modern indoor office with glass partitions and warm ceiling
lights. A light-wood desk holds white papers, a black monitor on
the left, and an ergonomic black chair. The subject wears a
charcoal blazer over a gray blouse, hair tied back in a ponytail and
writes with a black pen.

Beginning: Seated at the desk, facing the viewer. Right hand
holding the pen above the paper, left hand steadying the page.
Upright posture, friendly expression, gaze to the camera.
Middle:The right hand alternates between short writing strokes
and small conversational gestures, then returns to the

page. The left hand keeps the paper in place. Occasional brief
glances down to write, followed by eye contact. Slight head
nods. Torso stable. Background objects and lighting stay
unchange.

End: She finishes the note, and looks back to the camera with a
confident, approachable smile. Hands settle. posture steady.

Guiding textuaf Description:

Modern office with floor-to-ceiling windows showing city
buildings, open wooden shelves with books and plant pots, a
light-wood desk. The subject wears a navy suit over a light blue
shirt. He holds a silver tablet in his left hand. the right hand is
free.

Beginning: Standing, facing the camera. left hand holding the
tablet.

Middle: The right hand makes small, smooth gestures (open-
palm emphasis, short arcs) while the left hand keeps the
tablet steady. Occasional slight head nods. gaze mostly at the
camera. Torso stable.

End: The right hand returns to a relaxed position. The tablet stays
in the left hand. He finishes looking into the camera with a
professional, friendly expression.

Figure 6. Detailed comparison of text-guided upper-body motion generation. Baseline diffusion-based models fail to maintain ges-
ture—text alignment and object continuity, producing abrupt or inconsistent movements. In contrast, SyncDreamer maintains semantic
coherence and smooth transitions, accurately reflecting the described actions and rhythmic speech cues.
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Figure 7. Ablation on the Audio Dynamics Encoder (full-body, Singing Avatar).Generating realistic full-body avatars with synchronized
motion is highly challenging. Compared with Hallo3, HunyuanVideo Avatar and OmniAvatar, our model produces expressive, rhythm-
aware full-body animation that aligns naturally with the musical beat. Removing the Audio Dynamics Encoder leads to less expressive and
unsynchronized motion.
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Figure 8. Ablation on the Audio Dynamics Encoder (Upper-body, Singing Avatar). Removing the audio dynamics encoder results in
limited expressivity and weak temporal rhythm, while the full model generates emotionally rich, rhythm-synchronized motion aligned with
the song’s energy and beat.
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