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Abstract
Existing talking avatar methods typically adopt an image-to-video pipeline conditioned on a
static reference image within the same scene as the target generation. This restricted, single-view
perspective lacks sufficient temporal and expression cues, limiting the ability to synthesize high-
fidelity talking avatars in customized backgrounds. To this end, we introduce Talking Avatar
generation from Video Reference (TAVR), a novel framework that shifts the paradigm by leveraging
cross-scene video inputs. To effectively process these extended temporal contexts and bridge cross-
scene domain gaps, TAVR integrates a token selection module alongside a comprehensive three-stage
training scheme. Specifically, same-scene video pretraining establishes foundational appearance
copying, which is subsequently expanded by cross-scene reference fine-tuning for robust cross-
scene adaptation. Finally, task-specific reinforcement learning aligns the generated outputs with
identity-based rewards to maximize identity similarity. To systematically evaluate cross-scene
robustness, we construct a new benchmark comprising 158 carefully curated cross-scene video pairs.
Extensive experiments show that TAVR benefits from flexible inference-time video referencing and
consistently surpasses existing baselines both quantitatively and qualitatively.

1



Contents
1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3.1 TAVR: Generation from Cross-scene Video References . . . . . . . . . . . . . . . . . . . . . . . . 5
3.2 Three-stage Training Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

4 Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
4.1 Flexibility of Video References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
4.2 Benchmark Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
4.3 Ablation Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
A Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

A.1 Additional Implementation Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
A.2 Additional Qualitative Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
A.3 Ablation on the TAVR framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
A.4 Ablation on DPO Setting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
A.5 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2



Research Generate Your Talking Avatar from Video Reference

1 Introduction
Generating high-fidelity, realistic talking avatars supports a wide range of applications from digital humans [17,
40] to virtual production [5, 34]. Unlike general video generation, talking avatar synthesis requires a delicate
balance of generating temporally coherent, speech-driven facial dynamics, such as precise lip synchronization
and natural head movements, while strictly preserving the avatar’s identity across varied environments.

Despite recent progress in diffusion models [2, 3, 43], maintaining this balance remains highly challeng-
ing. Speech introduces substantial variations in facial expressions, head poses, and appearance. Recent
frameworks [13, 38] typically attempt to anchor the identity of the avatar using a single reference image.
However, a single static frame lacks sufficient dynamic identity cues to maintain consistency under pose and
expression changes, often resulting in immediate identity loss or identity drift during generation (Figure 1(a)).
Furthermore, these single-image approaches [17, 34, 40] frequently struggle with cross-scene generation,
i.e., synthesizing the avatar in a customized background different from the reference. Current cross-scene
generation commonly relies on a cumbersome two-stage pipeline: image-to-image scene editing [44] followed
by image-to-video synthesis. This introduces considerable computational overhead and accumulates errors,
e.g., identity loss or excessive smoothing during the editing phase, severely limiting flexibility in real-world
applications.

In this study, we shift from static image references to cross-scene video references. Designed to effectively
exploit temporally-enriched visual cues, Talking Avatar generation from Video Reference (TAVR) addresses
the core challenges of talking avatar synthesis within a unified framework. By leveraging multi-frame video
references that capture diverse facial angles and contextual variations, our method achieves robust identity
preservation (Figure 1(a)), ensuring the avatar’s appearance remains consistent across challenging poses and
expressions, while simultaneously maintaining precise lip synchronization and synthesizing natural movements.
Furthermore, TAVR allows for seamless avatar generation within customized backgrounds, bypassing the
computational redundancy inherent to the two-stage scene-editing pipelines.

Effectively leveraging cross-scene video references poses unique challenges. First, video inputs contain a
substantially longer temporal context, which not only incurs significant computational overhead but also
makes it nontrivial for the model to identify and prioritize the most informative identity features from vast
amounts of visual data. Second, cross-scene references create a pronounced domain gap with respect to
the target generation, as appearance, pose, and illumination may vary significantly. To address these dual
challenges, TAVR adopts a token selection module alongside a comprehensive three-stage training scheme.
Specifically, the token selection module efficiently filters the extended temporal context to isolate the most
salient identity cues. Concurrently, our training scheme bridges the cross-scene domain gap. The process
begins with the same-scene video pretraining to establish a strong foundation for facial appearance copying.
Building on this capability, we conduct cross-scene reference fine-tuning to equip the model with robust
domain adaptation. In the final stage, task-specific reinforcement learning is applied to maximize the identity
similarity of the generated outputs with preference rewards. Owing to this architecture and adaptive training
strategy, TAVR natively supports flexible referencing at inference time, allowing the model to dynamically
leverage varying lengths of cross-scene identity evidence for optimal generation (Figure 1(b)).

To systematically evaluate talking avatar generation under cross-scene references, we construct a new benchmark
comprising 158 cross-scene video pairs curated from the TalkVid dataset [6] through a dedicated data processing
pipeline. Each pair features a consistent speaking identity across environments, with noticeable variations in
appearance. We anticipate this benchmark to serve as a valuable resource for advancing research on robust
talking avatar generation.

Our contributions are threefold: (i) We present TAVR, an effective talking avatar generation framework that
leverages cross-scene video references to achieve robust identity preservation, customized backgrounds with
precise lip synchronization and natural movements. (ii) We propose a three-stage training paradigm that
enables the model to learn informative identity features from long video contexts while adapting to cross-scene
domain shifts. (iii) We introduce a new benchmark tailored to cross-scene talking avatar generation and
demonstrate through extensive experiments that TAVR consistently outperforms existing baselines on both
quantitative metrics and visual quality.
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Figure 1 Talking avatar generation from video reference. (a) Visual comparisons demonstrate that our video
reference framework yields significantly better identity preservation compared to the single-image baseline in cross-scene
generation. To illustrate this mechanism, we visualize the attention distribution of a specific generated frame across
all reference frames, obtained by extracting the attention weights directly from the model’s attention layers. The
heatmaps reveal that our method selectively aggregates salient identity cues (e.g., lip shapes and facial silhouettes)
from highly correlated frames, while naturally suppressing frames with mismatched poses and expressions. This
targeted feature aggregation explicitly demonstrates the effectiveness of the video referencing approach. (b) The plot
shows that our identity similarity increases with the number of reference frames, confirming that longer reference
input is advantageous. Furthermore, our approach consistently outperforms existing single-image baselines, achieving
substantially higher similarity scores.

2 Related Work
Reference-based Video Generation. Modern advances in video generation have leveraged visual reference
information to improve controllability and fidelity [2, 3, 9, 27, 43]. These methods have enabled a wide range
of applications, including human animation [4, 25, 41, 48] and keyframe interpolation [19, 51]. Early works
typically adopt an image-to-video paradigm [2, 43], where a single reference frame serves as the appearance
anchor to guide the generation process. To enhance controllability, more recent approaches extend the reference
modality from a single image to multiple images or even video sequences. For instance, several methods exploit
video frames to transfer motion patterns from source videos [4, 9, 21], while others utilize multiple reference
images to define subjects for customized video synthesis [3, 7, 16, 21, 22]. In parallel, Slot-ID [25] investigates
video-based references for identity preservation in general video generation, demonstrating the advantage of
richer temporal visual cues. Despite these advances, existing works primarily focus on appearance preservation
or motion transfer under visual conditioning. In contrast, our task of talking avatar generation requires
synthesizing temporally coherent facial dynamics driven by audio signals. Although concurrent work [25] has
explored the use of video references for general video synthesis, the role of video reference in audio-driven
talking avatar generation remains largely under-explored.

Talking Avatar Generation. Talking avatar generation aims to synthesize high-fidelity videos with natural lip
synchronization and realistic facial dynamics driven by audio, while preserving the identity of a reference
avatar. Early approaches [32, 35, 36, 46, 47] primarily relied on 3D modeling pipelines that render avatars
from explicit geometric representations. With the rapid progress of video diffusion models, more recent
methods [8, 12, 13, 17, 18, 26, 31, 38–40] have shifted toward audio-conditioned video generation frameworks,
where identity is inferred from visual references. However, these methods typically condition the generation
on a single reference image captured or generated in the same scene as the target video. Such a design limits
their ability to generalize across environments and makes cross-scene talking avatar generation difficult to
achieve in a straightforward manner. Recently, HuMo [5] took an important step in this direction by enabling
cross-scene synthesis through a progressive training strategy. Nevertheless, it still relies on a single reference
image with limited identity cues, often resulting in unstable identity preservation under scene variations and
speech-driven facial dynamics.
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Figure 2 Overview of TAVR framework. Our framework generates high-fidelity talking avatars with customized
backgrounds by integrating cross-scene video references. Visual inputs, including the video reference and masked
target background, are encoded by the VAE into latents zref and zbg, followed by a Token Selection module to reduce
computational redundancy. These tokens, alongside an optional motion latent zm for longer video synthesis, are
concatenated with the noisy target latent z and forwarded through N adapted Transformer blocks. Within each block,
a Reference Self-Attention module extends standard self-attention to jointly process target and reference features.
Subsequently, two cross-attention modules inject guidance from the text prompt ttxt via text encoder [10] and audio
signals encoded from Wav2Vec 2.0 [1]. Notably, besides the driving audio adrv for target lip synchronization, the audio
module incorporates the corresponding reference audio aref to inject explicit audio-visual clues into the reference
stream, guiding the network to accurately locate and extract the intrinsic speaking dynamics from the reference tokens.
After discarding the auxiliary reference and background tokens, the target generation is decoded by the VAE.

In this paper, we demonstrate the advantages of leveraging video references for high-fidelity talking avatar
generation through comprehensive experiments. We present a novel framework that conditions on cross-scene
video inputs and adopts a three-stage training strategy to learn robust identity representations across diverse
environments. Rather than relying on a single reference image, our method exploits temporally rich visual
cues from video references to preserve identity under scene variations and speech-driven dynamics. To our
knowledge, this work is the first to systematically explore cross-scene video references for talking avatar
generation.

3 Method
Given a driving audio signal adrv and a visual identity reference Rid, the talking avatar generation for the
target V is formulated as:

V = G(adrv, Rid, Caux), (1)

where G denotes a generation model guided by auxiliary control signals Caux, such as text prompts. In this
work, we aim to address this task by proposing an effective identity-preserving framework, TAVR. As illustrated
in Fig. 2, this framework integrates temporally rich, cross-scene video references into the generation pipeline
to enable high-fidelity synthesis with customized backgrounds. To fully exploit this expanded reference space
and ensure robust generalization, TAVR is optimized through a tailored three-stage training strategy.

3.1 TAVR: Generation from Cross-scene Video References
TAVR is an identity-preserving framework that integrates cross-scene video references to enable high-fidelity
talking avatar generation with customized backgrounds. It fundamentally extends the identity reference space
Rid from typical single-image references to multi-frame video sequences of diverse scenes, while expanding the
auxiliary control signals Caux to include both a text prompt ttxt and a masked background image Ibg for
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customized generation. Internally, TAVR contains four key designs: flexible video referencing that dynamically
leverages varying lengths of temporal context; a token selection module to efficiently condense salient identity
cues and background information; adapted attention modules, specifically Reference Self-Attention and Audio
Cross-Attention, to inject identity cues and essential speech signals with minimal structural modifications; and
longer video generation enabled by the motion frames strategy to ensure temporal coherence and long-term
consistency across successive frames.

Flexible Video Referencing. Unlike previous talking avatar pipelines [5, 17] that are bottlenecked by a single
static image, TAVR expands the identity reference space Rid to accept multi-frame video reference inputs. A
key advantage of this design is its flexibility regarding the number of reference frames. By accommodating
variable-length video contexts, the model can aggregate dynamic identity information across diverse poses and
expressions. To further strengthen the conditioning, we explicitly incorporate the audio stream aref from the
reference video. This establishes a robust audio-visual prior that guides the network in accurately aligning
and extracting the subject’s intrinsic speaking dynamics from the visual context.

Token Selection. Video references inherently introduce massive additional visual tokens, which can lead to
prohibitive computational overhead. To mitigate the computational cost and encourage the network to
focus strictly on salient identity cues, we adopt an explicit token selection module in the latent space. First,
spatial-temporal positional embeddings are added to the VAE-encoded reference features to preserve their
relative geometry. Next, we derive facial bounding boxes for each reference frame using keypoints extracted
via Sapiens [24]. We then spatially mask the latent representations, retaining only the tokens within these
bounding boxes. Additionally, we exclude the masked tokens of the target background image Ibg to further
eliminate redundant computation. This efficiently condenses the reference context without sacrificing critical
information.

Adapted Attention Modules. In TAVR, we adapt the Wan architecture [43] for talking avatar generation.
Specifically, we reformulate the standard self-attention layer into a Reference Self-Attention module and
append an Audio Cross-Attention module immediately following the original text cross-attention block. To
effectively inject identity information, the Reference Self-Attention module jointly processes the noisy latent
tokens z, the background tokens zbg, and the reference video tokens zref . For longer video synthesis, an
optional motion latent zm is prepended to the noisy latent. This augmented sequence, [zm, z] where [·, ·]
denotes concatenation along the sequence dimension, replaces z in all subsequent operations to maintain
temporal continuity. We extend the standard self-attention module into a two-step operation. First, the target
generation and background tokens simultaneously attend to the full combined context. Specifically, defining
the query as QR = [z, zbg] and the keys and values as KR = V R = [z, zbg, zref ], this step is formulated as:

OR = ReferenceSelfAttn(QR, KR, V R). (2)

This operation effectively injects rich identity cues into the target generation z while enabling self-attention-
style feature extraction for both z and zbg. Second, to maintain the structural integrity of the reference
representations without being corrupted by the noisy generation stream, we independently reuse the same
attention layer to perform a standard self-attention operation exclusively on the reference tokens zref . Next,
to temporally align the generated facial dynamics with the speech signals, we append an Audio Cross-
Attention module at the end of the attention structure. We employ a frame-wise strategy to establish precise
spatial-temporal correspondence. Given the driving audio features adrv ∈ RT ×L×d and reference audio
aref ∈ RTref ×L×d, where L denotes the number of audio tokens per frame, we first reshape the visual tokens
to isolate their spatial dimensions, yielding z ∈ RT ×HW ×d and zref ∈ RTref ×HW ×d. The cross-attention
mechanism is then executed by concatenating the visual and audio features along their respective temporal
axes. The frame-wise audio cross-attention operation to produce the audio-enhanced visual features OA is
formulated as:

QA = [z, zref ], (3)

KA = V A = [adrv, aref ], (4)

OA = AudioCrossAttn(QA, KA, V A), (5)

6



Research Generate Your Talking Avatar from Video Reference

where QA, OA ∈ R(T +Tref )×HW ×d and KA, V A ∈ R(T +Tref )×L×d denote the query, output, and key, value
pairs, respectively. Crucially, this joint cross-attention mechanism serves two distinct, highly synergistic
purposes. On one hand, injecting the driving audio adrv into the noisy tokens z precisely dictates the target
talking appearance and ensures accurate lip synchronization. On the other hand, injecting the reference
audio aref into the reference tokens zref establishes a strong temporal audio-visual correspondence within the
reference stream, providing explicit clues for better reference matching.

Longer Video Generation. By default, our backbone foundational model [43] generates a single clip around
3 seconds. To support the generation of longer talking avatar videos, TAVR employs the motion frames
strategy [38, 45]. Specifically, to ensure smooth dynamics transitions between generation windows, we extract
the final two temporal latent from the previously generated clip to serve as motion priors in the latent space.
The motion latent is temporally concatenated with the noisy latent sequence of the current clip to guide
continuous temporal dynamics. Notably, to maintain long-term identity consistency and explicitly mitigate
the accumulation of generation errors over time, we additionally introduce a global appearance anchor. We
achieve this by replacing the masked background tokens in the current generation step with the encoded
latent representation of the initial frame from the very first generated clip. We provide demo videos for the
longer generation in the supplementary materials.

3.2 Three-stage Training Strategy
Synthesizing avatars from cross-scene video references introduces a pronounced domain gap, as the model must
aggregate identity cues from frames of varying environments, illuminations, and poses. To bridge this gap and
establish robust identity preservation, TAVR employs a progressive three-stage training strategy. Specifically,
the training pipeline advances from foundational same-scene appearance copying, through cross-scene domain
adaptation, and concludes with task-specific reinforcement learning to explicitly maximize identity fidelity.

Stage 1: Same-Scene Video Pretraining. To endow the model with the foundational ability to copy appearance
from the reference video and leverage large-scale, unpaired video datasets, we initialize the training of TAVR
using intra-scene clips. Employing the flow matching strategy [15, 28] for generative modeling, we construct
the optimal transport path as zt = (1 − t)z0 + tϵ, where z0 represents the clean data latent, t ∈ [0, 1] is the
timestep, and ϵ ∼ N (0, I) is standard Gaussian noise. The TAVR network fθ is supervised to predict the
velocity field target y = ϵ − z0 using the following objective:

LMSE = Ez0,ϵ∼N (0,I)[||fθ(adrv, Rid, Caux, zt, t) − y||22], (6)

Stage 2: Cross-Scene Video Fine-tuning. The foundational appearance copying ability acquired during pretraining
is insufficient for robust cross-scene synthesis. Constrained by this naïve mechanism, the model struggles with
new scene adaptation, often resulting in inaccurate facial illumination and unnatural visual composites within
customized backgrounds. To bridge this domain gap, we explicitly fine-tune TAVR on video pairs featuring
the same identity across distinct backgrounds. In practice, the video reference and the target generation
sequence are independently sampled from different videos within the same video pair. During this stage,
the network is optimized using the identical flow matching objective LMSE defined in Stage 1. By altering
the data distribution while maintaining the reconstruction objective, we compel the model to learn genuine
identity aggregation and domain adaptation rather than superficially copying.

Stage 3: Task-Specific Reinforcement Learning. To explicitly maximize identity fidelity, we introduce a task-specific
reinforcement learning stage based on Direct Preference Optimization (DPO) [37]. Following established DPO
protocols [29, 30, 42], we construct preference datasets D = {(c, zw

0 , zl
0)}. Here, zw

0 represents the winning
generation preferred over the losing generation zl

0, conditioned on the unified context c = {adrv, Rid, Caux}.
To construct these pairs, we employ ArcFace [14] to measure the identity similarity between the generated and
ground-truth videos, designating the sample with the higher similarity score as the winner. As our preference
reward targets foreground identity, calculating loss over the explicitly provided background Ibg is redundant
and can introduce spatial noise into the identity learning process. Therefore, we adopt a spatially masked
DPO objective to force the network to focus exclusively on the foreground for preserving dynamic identity.
By applying a binary foreground mask m derived from the background input, we restrict the preference
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optimization to the avatar region. The task-specific DPO objective is formulated as:

∆∗ = ∥m ⊙ (y∗ − fθ(c, z∗
t , t))∥2 − ∥m ⊙ (y∗ − fref(c, z∗

t , t))∥2

LDP O = −E[log σ(−β

2 (∆w − ∆l))] (7)

where ⊙ is the Hadamard product, fref is the frozen reference model initialized from Stage 2, and β is a
hyperparameter controlling KL regularization. Finally, to prevent the model from suffering severe distribution
shift, we anchor the DPO objective with the original flow matching loss (LMSE). The overall reinforcement
learning objective is thus formulated as LRL = λMSELMSE + λDPOLDPO, where λMSE and λDPO are the
respective weighting coefficients.

4 Experiment
We present quantitative and qualitative results in Sec. 4.1 to analyze the function of video reference regarding
the number of frames. We compare our method against the state-of-the-art methods in Sec. 4.2. Finally,
Sec. 4.3 provides a detailed ablation study to justify our framework design and training strategy.

Implementation Details. TAVR is built upon the Wan2.1-T2V-14B [43] backbone and optimized across 32
high-performance 80GB GPUs. During data preprocessing, both the reference videos and target clips are
cropped to a spatial resolution of 480 × 896, centered around the subject using human keypoints extracted via
Sapiens [24]. To explicitly instill the scalable video referencing capability, the target generation sequence is
consistently fixed at 81 frames, whereas the reference video length is dynamically sampled between 12 and 20
frames. We provide more details in the supplementary materials.

Benchmark Dataset. Existing talking avatar benchmarks predominantly feature single-image reference clips [5,
33, 49], lacking the cross-scene video pairs required to rigorously evaluate this task. To address this gap, we
curate a novel benchmark dataset comprising 158 high-quality cross-scene video pairs derived from TalkVid [6],
where each video is of 5-second duration at 25 fps. Specifically, our data processing pipeline operates as
follows: First, we group the videos into identity-matched pairs. To ensure strict facial consistency, we enforce
a high identity similarity threshold using ArcFace [14], explicitly discarding sub-optimal or degraded pairs.
Next, to ensure a pronounced cross-scene domain gap, we mask out the human subjects using YOLO11 [23]
and compute the PSNR exclusively on the valid background regions between the paired videos. For each
unique identity, we retain only the single video pair that yields the lowest background PSNR, effectively
ensuring the greatest discrepancy. Finally, we conduct rigorous manual verification to eliminate sequences with
abrupt cuts or artifacts, preserving only those with smooth temporal coherence and natural facial dynamics.
During evaluation, we systematically designate one video from each pair as the reference and the other as the
target. From the target video, we extract the background, the driving audio, and the text prompt. Meanwhile,
the reference video supplies the cross-scene visual frames along with their corresponding reference audio.
We intend to release this curated benchmark to facilitate future research in video-referenced talking avatar
generation.

Metrics. We evaluate the generated avatars across three primary dimensions: identity preservation, lip
synchronization, and overall video quality. For identity evaluation, we measure the video-level similarity
of each generated video against both its reference and target videos by calculating the frame-wise cosine
similarity of their ArcFace [14] features. Crucially, to ensure this metric remains robust to variations in head
pose and facial expressions, we employ a Chamfer similarity formulation for all video-to-video measurements
reported in this paper. This approach naturally aligns the most similar frames across the two sequences,
effectively filtering out pose-induced noise. To quantify lip synchronization, we adopt the standard Sync-C and
Sync-D metrics derived from SyncNet [11]. Finally, following HuMo [5], we assess general generation quality
using a reward model [29] trained on annotated human preference data. This model provides comprehensive
evaluations across three distinct perspectives: Visual Quality (VQ), Motion Quality (MQ), and Text Alignment
(TA).

8



Research Generate Your Talking Avatar from Video Reference

(a) Sim. vs Reference Num. (b) Lip Sync Scores vs Reference Num. (c) General Quality vs Reference Num.

Figure 3 Performance with reference number changes. (a) Identity Similarity: Increasing the reference context leads
to a continuous improvement in similarity scores. (b) Lip Synchronization: Sync-D and Sync-C scores remain stable,
demonstrating that TAVR maintains precise lip-sync accuracy as the reference length increases. (c) General Quality:
Visual quality metrics show negligible fluctuations, proving that the gain in identity fidelity does not compromise
generation stability. Notably, TAVR generalizes effectively to 48 reference frames despite its restricted training context
of fewer than 20 frames.

4.1 Flexibility of Video References
Setup. To evaluate the robustness and flexibility of our video referencing mechanism, we analyze TAVR’s
performance across varying lengths of reference context, spanning from 12 to 48 frames. To maintain
computational efficiency, this specific ablation is conducted on a representative subset of 50 randomly selected
pairs from our benchmark. We compute the full suite of evaluation metrics to provide a comprehensive
assessment of how reference length influences identity preservation, lip synchronization, and general quality.

Results. As illustrated in Figure 3, expanding the reference context enhances identity preservation while
maintaining highly stable lip synchronization and general video quality. Specifically, Figure 3(a) demonstrates
a substantial and continuous improvement in identity similarity as the number of reference frames increases.
Notably, while trained on less than 20 frames, TAVR robustly scales to 48 frames. Furthermore, as generation
is directly conditioned on the reference sequence, the resulting identity unsurprisingly exhibits higher similarity
to the reference than the target. Crucially, this significant gain in identity fidelity does not compromise other
essential generation capabilities. As shown in Figure 3(b) and Figure 3(c), both lip synchronization and general
generation quality metrics remain consistently high and stable with the reference increase. While there is a
marginal decrease in these scores at the upper bound of reference frames, this behavior is theoretically expected.
As the reference visual context expands, the attention mechanism naturally allocates a larger distribution
of its capacity toward structural identity preservation. Overall, these results conclusively demonstrate the
flexibility in leveraging extended video contexts, proving that longer reference sequences dramatically improve
identity preservation with insignificant trade-offs in general generation quality.

Visualizations. Corroborating our quantitative findings, Figure 4 illustrates that extending the reference context
visibly improves identity fidelity. Specifically, relying on a shorter 12-frame context yields inaccurate facial
contours and forces the model to hallucinate the occluded teeth region due to missing inner-mouth priors. By
scaling the context to 48 frames, the sequence encompasses varied speaking moments, providing the network
with the explicit visual cues to preserve the identity accurately. We observe that TAVR achieves this robust
identity preservation while ensuring smooth temporal consistency.

4.2 Benchmark Results
Setup. We compare TAVR against the state-of-the-art talking avatar generation methods, including Sta-
bleAvatar [40], EchoMimicV3 [34], OmniAvatar [17], HuMo [5], and LongCat-Video-Avatar [38]. As most of
these baselines are inherently designed for the same-scene image referencing, we adapt them for cross-scene
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Figure 4 Visual comparison across varying reference lengths. The leftmost column displays the input reference video,
followed by the corresponding generation results using different numbers of reference frames. Orange arrows highlight
the artifacts in the teeth region of the 12-frame variant.

Table 1 Quantitative comparison with state-of-the-art methods.

Identity Ref. Method Identity Lip Sync General Generation Quality

IDref↑ IDtarget↑ Sync-C↑ Sync-D↓ VQ↑ MQ↑ TA↑ Overall↑

Cross-scene
Image

StableAvatar [40] 0.75 0.61 2.99 11.96 4.19 1.42 4.02 9.63
EchoMimic v3 [34] 0.81 0.65 4.59 10.18 4.83 2.38 3.69 10.90
OmniAvatar [17] 0.79 0.65 7.51 7.85 3.63 1.82 4.94 10.39
LongCat-Video-Avatar [38] 0.81 0.66 7.06 7.82 4.02 1.29 5.04 10.35
HuMo [5] 0.73 0.62 7.12 8.45 4.43 2.03 7.67 14.13

Edited
Image

StableAvatar [40] 0.65 0.55 2.95 11.98 3.93 1.42 7.29 12.64
EchoMimicV3 [34] 0.69 0.58 4.66 10.16 4.63 2.47 7.02 14.12
OmniAvatar [17] 0.69 0.58 7.54 7.86 3.55 2.03 7.18 12.76
LongCat-Video-Avatar [38] 0.71 0.60 7.14 7.81 4.00 1.61 7.34 12.95
HuMo [5] 0.69 0.59 6.96 8.52 4.39 2.05 7.58 14.02

Cross-scene
Video

TAVR (20 Ref. Frames) 0.78 0.66 7.60 7.41 5.78 2.80 7.84 16.42
TAVR (48 Ref. Frames) 0.83 0.69 7.64 7.43 5.72 2.81 7.76 16.29

evaluation using two distinct testing protocols for the identity reference. In the first paradigm, we provide the
raw, unedited cross-scene image directly to the baselines as the identity reference. In the second paradigm,
we employ a standard two-stage pipeline: the cross-scene reference image is first contextually adapted to
the target scene using an advanced image-to-image editor, Qwen-Image-Edit [44], and the edited image is
subsequently fed to the baseline. All methods are evaluated across our complete curated benchmark using the
full suite of metrics to ensure a rigorous and comprehensive comparison.

Baseline Results Analysis. As detailed in Table 1, existing methods severely struggle with the domain gap
inherent in cross-scene generation. Given a raw cross-scene image as a reference, most baselines exhibit
severe degradation in general video quality, experiencing a particularly sharp drop in Text Alignment (TA).
Conversely, while the two-stage pipeline that uses the edited image as the identity reference recovers general
video quality in the target scene, it suffers from noticeable identity degradation compared to the direct
reference paradigm. This is primarily due to accumulated errors and structural loss inherent in the sequential
image-editing phase. HuMo [5] is a notable method capable of adapting to direct cross-scene references. While
it maintains relatively high quality scores using a cross-scene image as the identity reference compared to
other baseline methods, its identity scores are noticeably lower. This clearly indicates a fundamental trade-off
between cross-scene adaptation and identity preservation.

TAVR Results Analysis. We report the quantitative results of our TAVR framework against the previous methods

10
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"...a young East Asian man... clear-framed glasses, complementing his black t-shirt... A small, black lavalier microphone is
discreetly clipped to his shirt collar... Behind him, soft, light-colored curtains provide a gentle backdrop..."

LongCat-Video-Avatar

HuMo

TAVR (Ours)

OmniAvatar

StableAvatar

EchoMimicV3

"A young woman with long blonde hair and a blue, textured top stands on a... urban sidewalk... Behind her, a tall black
metal fence... a historic-looking building with a prominent clock tower... Lush green trees line the street..."

Reference Video

Reference Image

LongCat-Video-Avatar

HuMo

OmniAvatar

StableAvatar

EchoMimicV3

TAVR (Ours)

Reference Image
Edited

Reference Video

Figure 5 Qualitative comparisons with the State-of-The-Art methods.

11



Research Generate Your Talking Avatar from Video Reference

Table 2 Ablation study on training stages.

Training Stage Identity Lip Sync Generation Quality

Stage 1 Stage 2 Stage 3 IDref↑ IDtarget↑ Sync-C↑ Sync-D↓ VQ↑ MQ↑ TA↑ Overall↑

✓ 0.79 0.65 7.58 7.44 5.77 2.71 7.24 15.72
✓ 0.67 0.57 7.29 7.70 5.82 2.91 7.81 16.54

✓ ✓ 0.74 0.63 7.57 7.43 5.65 2.75 7.85 16.25
✓ ✓ ✓ 0.78 0.66 7.60 7.41 5.78 2.80 7.84 16.42

Reference Video Stage 1

Stage 1,2

"A young woman with
long blonde hair and a
blue, textured top...  is
bathed in bright, natural
daylight, casting clear
shadows and highlighting
the woman's features..."

Text Prompt Generated Avatar

Stage 2

Stage 1,2,3
Generated Avatar

Reference Video

Text Prompt

"A young woman with
long, wavy brown hair
and bangs... wears a crisp
white collared shirt layered
under a dark grey cable-
knit vest... background
features a tastefully
decorated room..."

Stage 1

Stage 1,2

Stage 2

Stage 1,2,3

Figure 6 Qualitative results of ablated training stages. We present visualizations for different training stages. Stage 1
denotes same-scene pretraining, Stage 2 applies cross-scene fine-tuning, and Stage 3 integrates task-specific reinforcement
learning. Details are provided in Sec. 3.2.

in Table 1. Our method delivers a comprehensive state-of-the-art performance on cross-scene talking avatar
generation across all metrics. Unlike single-image baselines like HuMo, our approach achieves substantially
higher identity fidelity while maintaining top-tier general generation quality. For instance, our 48-frame
variant achieves an IDtarget of 0.69, outperforming the best baselines. Furthermore, TAVR dominates in lip
synchronization with a 7.64 Sync-C score. For general generation quality, every variant of our model yields an
overall quality score exceeding 16.29, representing a significant leap over the closest competitor, HuMo, at
14.13.

Visualizations. In Figure 5, we present a qualitative comparison between our TAVR framework and state-of-the-
art methods. The top two rows depict baselines conditioned on the raw cross-scene image, while the bottom
two rows show baselines using the pre-edited reference image adapted to the target scene. Across both settings,
TAVR leverages its cross-scene video reference to deliver the highest-fidelity talking avatars with robust
identity preservation. Specifically, in the direct cross-scene setting (top case), our method seamlessly generates
the avatar within the target background according to the text description, avoiding the unnatural transitions
seen in other methods while preserving a noticeably more accurate identity than HuMo. Furthermore, in
the two-stage pipeline setting (bottom case), our native video-conditioning naturally avoids the severe error
accumulation inherent in sequential image editing. As a result, TAVR generates avatars with significantly
better identity than the baselines (e.g., the accurate silhouette in the bottom case).

4.3 Ablation Study
We perform an ablation study on our three-stage training pipeline, detailing quantitative results in Table 2
and qualitative comparisons in Figure 6. Additional ablations are provided in the appendix.

Same-scene Video Pretraining. This ‘Stage 1’ is designed to learn fundamental appearance copying from the
reference video, achieving a high IDref of 0.79. Omitting this pretraining, as the comparison between ‘Stage 2’
and ‘Stage 1,2’, results in a 0.06 drop in IDtarget and noticeable identity degradation in the visualizations.
These results demonstrate the necessity of same-scene video pretraining for robust identity preservation.

12
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Cross-scene Video Fine-tuning. As the second stage, this ‘Stage 2’ trains TAVR on cross-scene video reference
pairs for cross-scene adaptation. This capability is quantitatively supported in Table 2, where variants
incorporating ‘Stage 2’ achieve high TA scores exceeding 7.80. Specifically, omitting this stage and relying
solely on ‘Stage 1’ causes a significant TA drop of 0.61 compared to the combined ‘Stage 1,2’ variant.
Qualitatively, as shown in Figure 6, the copying mechanism of ‘Stage 1’ struggles with environmental changes.
In the left example, the model fails to synthesize the specific facial illumination explicitly dictated by the
text prompt. In the right example, it rigidly pastes the reference avatar into the new scene, resulting in
an unnatural visual composite. These observations strongly highlight the necessity of cross-scene video
fine-tuning.

Task-specific Reinforcement Learning. This ‘Stage 3’ is explicitly designed to maximize identity preservation. As
shown in Table 2, integrating this final stage yields absolute improvements of 0.04 and 0.03 on the IDref and
IDtarget metrics, respectively. This clearly validates the effectiveness of our reinforcement learning strategy.
Additional ablations for this variant are provided in the appendix.

5 Conclusion
We propose TAVR, a robust cross-scene talking avatar generation framework powered by our novel video-
referencing paradigm and token selection module. TAVR effectively leverages rich temporal identity cues from
cross-scene video reference through a comprehensive three-stage training scheme, enabling the generation of
highly-fidelity avatars within customized backgrounds. For evaluation, we construct a novel cross-scene talking
avatar benchmark comprising 158 high-quality video pairs with pronounced scene differences. Extensive
experiments on the benchmark demonstrate that TAVR consistently outperforms previous methods, achieving
state-of-the-art performance with unprecedented identity preservation, precise lip synchronization, and top-tier
video quality.
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A Appendix
This supplementary document provides further implementation details and additional ablation studies
referenced in the main text. Specifically, Sec. A.1 provides additional implementation details. We also provide
additional qualitative results in Sec. A.2. In Sec. A.3, we analyze the core components of the TAVR framework,
focusing on the reference audio conditioning and the Token Selection module. Sec. A.4 presents targeted
ablation studies evaluating our masked DPO settings in reinforcement learning, while Sec. A.5 discusses the
current limitations of our approach.

A.1 Additional Implementation Details
Training. TAVR is trained with our proposed three-stage training strategy, including same-scene video
pretraining, cross-scene video fine-tuning, and task-specific reinforcement learning. During the first two stages,
the network is optimized using AdamW with a learning rate of 5 × 10−6 and a 50-step warmup, training for
18k and 15k steps, respectively. For DPO in the task-specific reinforcement learning stage, we curate a highly
discriminative dataset of 800 preference pairs, enforcing a strict minimum identity similarity margin of 0.20
between the winning and losing generations. The model is then fine-tuned for 400 steps at a reduced learning
rate of 1.5 × 10−6, with the KL regularization hyperparameter set to β = 500. For the objective weights, we
configured them as λMSE = 1 and λDPO = 2, respectively.

Inference. During inference, we use UniPC [50] as the scheduler, with a sampling step of 24. We also leverage
the Classifier-Free Guidance (CFG) [20], with the guide scales as 1.8 and 5.0 for audio and text guidance,
respectively.

A.2 Additional Qualitative Results
To further demonstrate the robustness of our approach, we provide extended qualitative comparisons against
state-of-the-art methods on our cross-scene benchmark in Figure 7. This directly supplements the visual
evidence presented in Figure 5 of the main text.

A.3 Ablation on the TAVR framework
We conduct additional experiments to ablate the core architectural designs of our proposed TAVR framework.
Specifically, we analyze the critical role of the video reference audio and evaluate the computational efficiency
gained by our token selection module. All experiments in this section are conducted using a standard 20-frame
video reference.

Video Reference Audio. We incorporate the video reference audio to establish a robust audio-visual prior, which
actively guides the network in querying the correct dynamic identity features. To validate its impact, we
evaluate a variant without this input, denoted as ‘w/o Ref. Audio’. As reported in Table 3, while the model
maintains a strong baseline without audio, incorporating the reference audio yields consistent improvements
across all metrics. Specifically, the audio reference prior boosts IDref and IDtarget by 0.01 and 0.02, respectively,
while simultaneously enhancing lip synchronization with an increase of Sync-C from 7.55 to 7.60. These
consistent gains demonstrate that the reference audio provides beneficial guidance for our sequence-based
identity referencing, enabling the model to more precisely align and extract talking identity correspondences.

Token Selection Module. To mitigate the prohibitive computational cost introduced by massive visual reference
tokens, we incorporate an explicit token selection module that actively discards redundant spatial information
and isolates salient identity cues. To quantify this efficiency improvement, we compare TAVR against a
variant removing this component, denoted as ‘w/o Token Selection’. We evaluate efficiency by reporting the
average number of processed tokens and calculating the FLOPs for a single Reference Self-Attention layer.
As detailed in Table 4, integrating the token selection module yields a substantial 16.9% reduction in token
count, decreasing from 45,360 to 37,715. This token reduction directly translates to a 19.3% decrease in the
reference self-attention computational load, dropping from 45.30 TFLOPs to 36.56 TFLOPs. Ultimately, these
massive savings confirm that our mechanism critically streamlines the video-referencing pipeline, ensuring the
architecture remains highly scalable and efficient for extended reference sequences.
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"...a young woman with long, wavy brown hair and striking blue eyes, seated on a plush brown sofa. She wears a vibrant
green, intricately crocheted top... and a delicate necklace. The background is a brightly lit, modern indoor space...."

LongCat-Video-Avatar

HuMo

TAVR (Ours)

OmniAvatar

StableAvatar

EchoMimicV3

"A man with short brown hair and a light grey t-shirt... stands in an indoor setting... with dark walls and two wooden
shelves... The shelves display various items..."

Reference Video

Reference Image

LongCat-Video-Avatar

HuMo

OmniAvatar

StableAvatar

EchoMimicV3

TAVR (Ours)

Reference Video

Reference Image
Edited

Figure 7 Additional qualitative comparisons on the cross-scene benchmark.
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Table 3 Ablation on video reference audio.

Variant IDref↑ IDtarget↑ Sync-C↑ Sync-D↓

w/o Ref. Audio 0.77 0.64 7.55 7.43
Ours 0.78 0.66 7.60 7.41

Table 4 Ablation on token selection efficiency.

Variant Avg. Tokens↓ FLOPs (RefSelfAttn)↓

w/o Token Selection 45,360 45.30 TFLOPs
Ours 37,715 36.56 TFLOPs

Table 5 Ablation on masked DPO setting.

Variant Identity Lip Sync Overall↑
IDref↑ IDtarget↑ Sync-C↑ Sync-D↓

DPO 0.76 0.64 7.59 7.43 16.18
Masked Real DPO 0.73 0.61 6.60 8.10 13.07
Masked DPO (Ours) 0.78 0.66 7.60 7.41 16.42

A.4 Ablation on DPO Setting
In our three-stage training strategy, we incorporate a task-specific reinforcement learning scheme implemented
via Direct Preference Optimization (DPO) [37]. Since the success of DPO heavily relies on how preference
pairs (winning and losing samples) are constructed and optimized, we conduct an ablation study to validate
our specific design choices. We compare our Masked DPO against two other variants: the standard unmasked
DPO and a Masked Real DPO variant that strictly designates the ground-truth real video as the winning
sample. Quantitative results are detailed in Table 5.

Masked DPO. We restrict the DPO loss exclusively to the human foreground to ensure the optimization process
focuses entirely on the subject. As shown in Table 5, our ‘Masked DPO’ outperforms the standard unmasked
‘DPO’ variant, increasing IDref from 0.76 to 0.78 and improving the IDtarget from 0.64 to 0.66. Without this
spatial mask, the preference optimization is distracted by background pixels, weakening the network’s capacity
to refine critical facial identity features.

Masked Real DPO. We further investigate the source of the winning sample by comparing our approach, which
constructs preference pairs from two model-generated outputs, against a Masked Real DPO baseline that
utilizes the ground-truth video as the winning sample. Since our reinforcement learning objective is explicitly
designed to maximize identity preservation, one might assume the real video provides the optimal target.
However, Table 5 reveals a paradox: using the real video actively degrades the identity fidelity, dropping
IDref to 0.73 and IDtarget to 0.61. This occurs possibly because the inherent distribution gap between raw
real videos and synthesized outputs is too vast. Forcing the model to optimize against an unreachable,
pixel-perfect ground truth destabilizes the preference learning process, confusing the identity reward. By
constructing preference pairs exclusively within the model’s generated distribution, our method ensures a
stable optimization trajectory that successfully maximizes the targeted identity scores.

A.5 Limitations
There are several known limitations to our method. First of all, while TAVR excels at preserving facial identity
and precise lip synchronization, the generation quality of highly articulate extremities, such as hands, can
sometimes be suboptimal. Because our training objectives and token selection mechanisms heavily prioritize
facial and head structural preservation, complex hand gestures may occasionally exhibit structural artifacts.
Additionally, since our framework builds upon the Wan 2.1 foundation, it naturally inherits its specific
architectural characteristics. Notably, the lower spatial-temporal compression rate of its underlying VAE
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requires processing larger latent representations, which inevitably leads to increased computational costs and
higher GPU memory demands during both training and inference for extended sequences. Finally, our method
primarily relies on aggregating visual cues from the provided reference context; therefore, generating the
avatar under extreme target body poses or severe occlusions that are completely unobserved in the reference
video may occasionally result in slight temporal inconsistencies or appearance degradation.
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