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Fig. 1: Given a reference image and a driving video, EMOSH achieves high-fidelity,
mesh-guided expressive human animation while disentangling expressive motion from
body shape to prevent shape leakage.

Abstract. High-fidelity and expressive controllable human animation is
essential for content creation and digital avatar applications. However,
existing methods face a dilemma between expressiveness and disentangle-
ment. Mainstream 2D pose-conditioned approaches suffer from "motion-
shape entanglement", leading to the leakage of the driving subject’s body
shape. Conversely, methods relying on 3D priors (e.g., SMPL) achieve
geometric disentanglement but struggle to capture facial expressions and
complex gestures, resulting in rigid animations. To this end, we propose
EMOSH, a novel framework for high-fidelity controllable human video
generation. First, an Expressive Human Model (EHM) is introduced as
the core control representation. By explicitly disentangling shape and
pose parameters, we fundamentally resolve the body shape leakage issue.
Alongside this, a robust motion tracker is designed to accurately estimate
EHM parameters from video. Second, we propose a Coarse-to-Fine Hy-
brid Motion Injection strategy, enabling more fine-grained control over
expressions and gestures. Furthermore, we introduce a Spatially-Aligned
Conditioning mechanism to bridge the domain gap between training and
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inference, improving identity consistency. Extensive experiments demon-
strate that EMOSH outperforms previous methods in both self-driven
and cross-driven scenarios, producing high-fidelity videos with vivid ex-
pressions while maintaining shape disentanglement. Video demos and
additional results are available at our Project page.

1 Introduction

Driven by rapid advancements in generative AI, high-fidelity and expressive hu-
man animation has become a research hotspot in computer vision, with broad
applications in digital avatars, film, and social media. The core objective is to
animate a reference image using a driving video. This requires faithfully replicat-
ing the driver’s motions, expressions, and spatial layout, while strictly preserving
the reference subject’s identity and appearance.

Extensive research has explored various methodologies in this domain. Early
works [56, 57, 71] primarily relied on GANs [12] and warping fields, but these
methods often fail with large motions or unseen regions. Recently, diffusion mod-
els [14,61] have become the mainstream choice due to their superior generation
quality. Pioneering explorations like ControlNet [80] established the paradigm of
injecting 2D skeletal poses as spatial conditions into diffusion models. Building
on this, works like Animate Anyone [17] introduced temporal layers for more
fluid motion transfer, while MagicPose [4] incorporated fine-grained facial land-
marks to enhance expression control. Most recently, driven by Video Foundation
models, approaches [21,33,59,73,83] have scaled human animation to large DiT-
based backbones, further elevating generation quality and dynamic fidelity.

Despite these advancements, existing methods still face a dilemma between
expressiveness and disentanglement. Mainstream approaches relying on 2D
poses suffer from severe "Motion-Shape Entanglement". Because 2D skele-
tons implicitly encode the driver’s body proportions—an issue difficult to resolve
even with pose retargeting—these models inevitably leak the driver’s physique
into the generated output. To address this, some works [88, 89] adopt 3D para-
metric models (e.g., SMPL [30]) to geometrically disentangle shape and motion.
However, such priors lack the capacity to capture and represent facial expressions
and complex gestures, resulting in rigid animations. Furthermore, a pervasive
domain gap exists between training and inference. Models are typically trained
on spatially aligned self-driven data but must handle spatially misaligned cross-
driven tasks during inference. This discrepancy frequently causes identity loss
and visual artifacts, particularly in long video generation.

To address these challenges, we propose EMOSH, a novel framework for high-
fidelity human video generation that achieves both expressive motion control
and shape disentanglement, as shown in Fig. 1. First, we adopt a 3D parametric
model, the Expressive Human Model (EHM) [79], as our core represen-
tation to resolve the shape leakage of 2D pose-based methods. By explicitly
disentangling shape and pose parameters, EHM allows us to precisely transfer
driving motions while preserving the reference subject’s body shape. Alongside
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this, we design a Confidence-Aware Motion Tracker to robustly capture full-
body motions—including facial expressions and hand gestures—from monocular
videos. Second, to overcome the lack of high-frequency details (e.g., eye blinking)
in naive mesh guidance, we propose a Coarse-to-Fine Hybrid Motion In-
jection strategy. This combines global geometric priors of 3D meshes with the
local precision of 2D keypoints, enhancing control precision while maintaining
structural integrity. Finally, to bridge the domain gap between training and in-
ference, we introduce a Spatially-Aligned Conditioning mechanism. By in-
jecting spatially-aligned visual anchors, it mitigates error accumulation, reduces
visual artifacts, and ensures superior identity consistency in video generation.

Extensive experiments demonstrate that EMOSH achieves state-of-the-art
performance in both self-driven and cross-driven scenarios, surpassing 2D pose-
based methods plagued by shape coupling and previous mesh-based methods
limited by expressiveness. It successfully achieves high-fidelity motion-shape dis-
entanglement while preserving vivid expressions, gestures, and identity. In sum-
mary, our main contributions are as follows:

– We propose EMOSH, a novel framework that utilizes the Expressive Human
Model for controllable human video generation. It delivers highly expressive
human animation while strictly maintaining motion-shape disentanglement.

– We design a Confidence-Aware Motion Tracker to accurately capture ex-
pressive motions from videos, coupled with a Coarse-to-Fine Hybrid Motion
Injection strategy that facilitates highly precise control.

– We propose a Spatially-Aligned Conditioning strategy to mitigate the training-
inference domain gap. This mechanism reduces visual artifacts and improves
identity preservation, setting a new SOTA over existing methods.

2 Related Work

2.1 Video Generation

Driven by the success of diffusion models [14, 60] in image synthesis [49, 50,
52], the video generation paradigm has rapidly shifted away from traditional
GANs [6,65] and autoregressive models [66,75]. Early video diffusion models [15,
58] typically adapted pre-trained image models by inflating 2D U-Nets into 3D
U-Nets and adding temporal layers. To further enhance visual quality, works
like Imagen-Video [13] introduced cascaded frameworks, initially generating low-
resolution videos and progressively upscaling them using spatial super-resolution
and temporal interpolation models.

Recently, Diffusion Transformers (DiT) [42] have emerged as a powerful al-
ternative to U-Net backbones, overcoming the scalability bottlenecks of convolu-
tional networks and exhibiting strong scaling laws. Leveraging this architecture
and massive video datasets, subsequent works [1, 11, 51, 86] have significantly
scaled up video generation. These DiT-based models achieve high-quality, high-
resolution long video synthesis with remarkable physical realism.
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Within the DiT paradigm, various architectural designs have emerged. For
instance, HunyuanVideo [24] trains a causal 3D VAE for e�cient compression
and employs a dual-stream DiT to process text and video tokens independently.
Notably, it replaces standard factorized spatiotemporal attention with full 3D
attention, while extending RoPE [62] to 3D to support dynamic resolutions and
durations. In contrast, Wan2.1 [67] introduces Wan-VAE with caching mecha-
nisms to alleviate memory bottlenecks during long video encoding. Structurally,
it adopts a single-stream DiT that injects text via cross-attention and utilizes a
shared MLP for timestep modulation to improve parameter e�ciency.

Concurrently, numerous studies are dedicated to advancing speci�c dimen-
sions of video generation, including consistent generation [7, 18, 25], accelera-
tion [45,82], duration extension [19,77], and joint audio-video generation [8,31].

2.2 Human Animation

Beyond general text-to-video, researchers have actively explored controllable hu-
man animation. Early works [34,90] treated pose transfer as an image-to-image
translation task, encoding the reference image into latent features and decoding
them after injecting the target pose. However, these methods often struggled with
large motions. Subsequently, GAN-based warping techniques became prominent
for both facial animation [16, 44, 69] and body pose transfer [10, 28, 63, 71]. By
predicting �ow-based warping �elds, these approaches spatially transform ref-
erence features to align with target poses. While e�ective at preserving texture
details, they are prone to artifacts in occluded regions.

Leveraging the generative power of di�usion models, numerous works [35,
68, 74] have adopted ControlNet-like frameworks [80] to achieve controllable
animation driven by 2D poses [3, 76]. Animate Anyone [17] pioneered the use
of ReferenceNet to extract spatial details, injecting them into the main U-Net
via attention to improve appearance preservation. In contrast, UniAnimate [70]
simpli�ed this by stacking the reference latent with noisy latents and utilizing
Temporal Mamba for e�cient long-sequence generation. To mitigate identity loss
under extreme motions, StableAnimator [64] introduced a distribution-aware ID
adapter, while MimicMotion [85] incorporated con�dence-aware guidance to han-
dle pose estimation errors. Similarly, HyperMotion [73] leverages a DiT-based
framework with enhanced RoPE to further improve generation quality. Most re-
cently, Wan-Animate [5] uni�ed character animation on the Wan-14B [67] foun-
dation, employing implicit encoding to replicate subtle expressions.

Despite signi�cant progress, 2D Pose-based methods remain limited by motion-
shape entanglement. To resolve this, several approaches [2, 53, 87, 89] employ
SMPL-rendered [30] normal or depth maps as conditions. However, these ex-
plicit priors are often con�ned to coarse limb movements and fail to match the
�ne-grained control over expressions and gestures o�ered by 2D Pose. In con-
trast, our EMOSH extends the representation and controllability of 3D mesh,
achieving both shape disentanglement and superior motion expressiveness.

Alternatively, methods based on 3D radiance �elds (e.g., NeRF [37], 3DGS [22])
inherently maintain 3D consistency by driving reconstructed avatars. While of-
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Fig. 2: First, the motion tracker extracts motion (� d ;  d ) and camera (Cd ) parame-
ters from the driving video and shape parameters (� r

b ; � r
f ) from the reference image,

achieving motion-shape disentanglement via EHM retargeting. The retargeted model is
then rendered into hybrid control signals through semantic color shading and keypoint
drawing, and encoded into motion latents. During the generation phase, the reference
latent and noisy latent are concatenated; for subsequent video chunks (chunk > 1), the
spatially-aligned and temporal latents are additionally activated and concatenated.
The motion latents are injected into the main sequence via addition and fed into the
DiT network for denoising, and are �nally decoded into the output video.

fering superior e�ciency, approaches based on per-subject optimization [43, 78]
or feed-forward reconstruction [46, 79] often struggle to capture complex back-
grounds and �ne-grained dynamics, such as hair or clothing wrinkles. Conse-
quently, they fall short of the visual realism provided by di�usion-based models.

3 Method

As illustrated in Fig. 2, we present the overview of EMOSH. We �rst review the
preliminaries in Sec. 3.1. In Sec. 3.2, we introduce the Expressive Human Model
(EHM) as our motion representation, alongside the design of a robust motion
tracker. Sec. 3.3 elaborates on the Coarse-to-Fine Hybrid Motion Injection strat-
egy, as well as our approach to disentangling motion from body shape. Finally,
Sec. 3.4 describes the Spatially-Aligned Conditioning mechanism designed to
enhance identity consistency, and details our training strategy.

3.1 Preliminaries

Video Generation. We adopt advanced Wan2.1-I2V [67] as our baseline frame-
work. It employs a Di�usion Transformer (DiT) [42] to process spatiotemporal
latents compressed by a 3D Causal VAE. Text and image semantics are ex-
tracted via T5 [48] and CLIP [47], respectively, and injected into the backbone
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through cross-attention. To achieve long video generation, Wan2.1-I2V relies on
an explicit latent conditioning strategy: the encoded reference image is concate-
nated with the noisy latent along the temporal dimension, while a binary mask is
concatenated channel-wise to distinguish reference frames (value 1) from target
generation regions (value 0).
Expressive Human Model (EHM). To address the limited facial expres-
siveness and head-body shape coupling in SMPL-X [40], we adopt EHM [79], a
mesh-based parametric model integrating SMPL-X with FLAME [26]. It repre-
sents variations in human shape and expression within a linear space, explicitly
decoupling identity into body shape � b 2 R j� b j and head shape �f 2 R j� f j ,
while capturing facial dynamics via expression parameters  2 Rj j . Skeletal
poses�encompassing body, hands, and facial joints�are de�ned by axis-angle
rotations � 2 R j�j . Using Linear Blend Skinning (LBS) for vertex deformation,
EHM maps these parameters to a 3D mesh: V = Mehm (� b; � f ;  ; �), where
V 2 RN�3 denotes the deformed vertex coordinates.

3.2 Expressive Motion Representation

Unlike previous methods [87, 89] restricted to coarse SMPL-based limb con-
trol [30], we introduce the highly expressive EHM alongside a robust motion
tracker. This enables the accurate capture of facial expressions and hand poses,
pushing the upper limits of mesh-based control to achieve both rich details and
high-�delity video generation.

Given a driving video, our goal is to estimate the per-frame EHM parame-
ters � ehm = f� b; � f ; �;  g and camera parameter C. While GUAVA [79] o�ers a
preliminary tracking work�ow, its cascaded strategy�optimizing facial param-
eters before body pose�su�ers from ine�ciency and limitations in challenging
scenarios, such as side or back views.

As illustrated in Fig. 3a, we propose a uni�ed joint optimization framework
that simultaneously recovers body, hand, facial, and camera parameters, sim-
plifying the pipeline and improving tracking e�ciency. The process follows a
coarse-to-�ne strategy: we �rst initialize the shape, pose, and camera parame-
ters for each frame using o�-the-shelf estimators. Then, leveraging di�erentiable
rendering, we jointly �ne-tune these parameters by minimizing the reprojection
error L kpt between the projected EHM vertices and detected 2D keypoints.

To address the instability of keypoint estimation and enhance robustness un-
der complex motions (e.g., large-angle head turns, limb occlusions), we introduce
a Con�dence-Aware Validity Gating mechanism. Speci�cally, for hand tracking,
we employ a dual-criteria check based on keypoint con�dence and the projec-
tion IoU of the initial 3D mesh. The optimizer utilizes keypoint guidance only
when hands are strictly visible; otherwise, it falls back to initial priors. For facial
tracking, we compute the angle between the head orientation and camera view,
dynamically masking the facial keypoint loss during large-angle or back-view
scenarios to prevent structural collapse from forced alignment. Finally, incorpo-
rating the inter-frame smoothness Lsmooth , parameter regularization Lreg , and
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(a) Optimization pipeline of Motion Tracker. (b) Spatially-Aligned Conditioning strategy.

Fig. 3: (a) It extracts 2D/3D priors from the input video and dynamically �lters
unreliable guidance signals via Validity Gating, obtaining EHM parameters through
joint iterative optimization. (b) For subsequent chunks in long video inference, the
initial latent from the �rst chunk is injected as an additional spatially-aligned latent.

Fig. 4: Visual results of our motion tracker. Our tracker accurately extracts expressive
motion parameters across diverse scenarios.

3D hand alignment L3D
hand , the overall joint optimization objective is de�ned as:

L ehm = � kpt L kpt + � 3dL 3D
hand + � reg L reg + � smooth L smooth : (1)

As demonstrated in Fig. 4, our motion tracker enables accurate and stable motion
capture across diverse and challenging scenarios.

3.3 Motion-Appearance Control

Hybrid Motion Injection. To achieve precise motion control, we design a
Coarse-to-Fine Hybrid Motion Injection strategy based on the per-frame tracked
EHM mesh. First, to enable the network to spatially distinguish di�erent body
regions, we employ a geometric semantic coloring scheme. Speci�cally, the nor-
malized 3D coordinates of each vertex in a canonical T-pose are mapped to
�xed RGB values Vcolor . Using a di�erentiable renderer R, we then render these
semantically colored meshes to generate dense 2D condition map for each frame.

However, while this rendering e�ectively represents macroscopic body struc-
tures, it provides predominantly low-frequency signals. In distant views or at low
resolutions, the rendered maps often miss subtle high-frequency dynamics, such
as mouth closures or blinking. To address this, we introduce sparse 2D keypoints
to provide complementary high-frequency details. Speci�cally, we select a set of
key semantic vertices Vkpt from the mesh and explicitly draw them onto the ren-
dered map using distinct colors, allowing the model to perceive these detailed
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changes. The �nal condition map Imesh is thus formulated as:

I mesh = P
�

R(M ehm ; Vcolor ; C); Vkpt

�
; (2)

where P denotes the keypoint drawing operation. Finally, Imesh is processed
by a VAE encoder and a lightweight embedding layer. The extracted features
are directly added to the noisy video latent, providing explicit motion guidance
during the denoising process.
Identity Injection. To e�ectively inject appearance information from the refer-
ence image, we follow the explicit latent conditioning of Wan2.1-I2V [67]. Specif-
ically, the VAE-encoded reference latent is temporally concatenated with the
noisy video latents, with its corresponding mask set to 1 to explicitly designate
it as the visual context.
Motion-Shape Disentanglement. During inference, the reference image and
the driving video often originate from distinct subjects. Directly applying the
tracked mesh of the driving video would inevitably leak the driving subject's
body shape into the generated video (e.g., imposing a robust physique onto a
slender reference). To address this, we implement an explicit motion-shape dis-
entanglement strategy. Speci�cally, we retarget the driving mesh by retaining
the pose and expression from the driving video, while injecting the shape pa-
rameters extracted from the reference image. The retargeted mesh Mtarget

ehm is
formalized as:

M target
ehm = M ehm (� d;  d; � r

b ; � r
f ) ; (3)

where �d and  d denote the pose and expression parameters from the driving
video, respectively, while � r

b and � r
f represent the body and facial shape param-

eters estimated from the reference image. Additionally, the camera parameter
Cd from the driving video is applied during rendering. Through this parameter
recombination, we ensure the generated motion remains faithful to the driving
video, while the physical shape is strictly anchored to the reference subject.

3.4 Inference and Training

Long Video Inference. Due to GPU memory constraints, generating long
videos in a single pass is intractable. We thus adopt an autoregressive strategy
based on overlapping frames. Speci�cally, the last �ve frames of the preceding
chunk are encoded into temporal latents and serve as the temporal context for
the subsequent chunk. These latents are concatenated after the reference latent
with their mask values set to 1. To ensure character consistency across the entire
video, following [45,54], we �x the original reference latent as a "visual anchor"
at the beginning of the latent sequence for every generated chunk.
Spatially-Aligned Conditioning. We identify the spatial misalignment be-
tween training and inference as a critical factor contributing to identity degra-
dation in long video generation. During training, the reference image and target
frames originate from the same video, exhibiting high spatial alignment. Con-
versely, cross-identity inference introduces spatial discrepancies between the ref-
erence image and driving motion. This training-inference gap biases the model
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to attend more to the spatially aligned temporal latents, gradually neglecting
the information in the reference latent. Consequently, as autoregressive errors
accumulate, the generated video su�ers from visual artifacts and identity drift.

To mitigate this issue, we propose a Spatially-Aligned Conditioning strategy,
as illustrated in Fig. 3b. After generating the �rst video chunk, we retain the
latent of its initial frame. For all subsequent chunks, this spatially-aligned latent
is inserted between the original reference latent and the temporal latents, with
its mask set to 1. Acting as a structural bridge, it preserves both the original
identity and the spatial layout of the target scene. Furthermore, since this latent
accumulates fewer errors than the recursively generated temporal latents, it acts
as a reliable visual anchor to redistribute the model's attention. This prevents
over-reliance on noisy temporal cues, thereby signi�cantly enhancing appearance
consistency and reducing artifacts in long video generation.
Training. To adapt the model for both cold-start and autoregressive generation,
we probabilistically toggle the use of temporal latents. Additionally, to simulate
spatial misalignment, we randomly sample reference frames from the video, ap-
ply simple geometric augmentations (e.g., rotation, translation), and randomly
inject an auxiliary reference latent, mirroring the Spatially-Aligned Condition-
ing setup used during inference. Finally, we train our model using the standard
Flow Matching [27] objective with an Optimal Transport path.

4 Experiment

4.1 Setup

Implementation Details. Our model is implemented in PyTorch [39] and
trained using Adam [23]. Training is conducted on 32 NVIDIA H20 GPUs with
a global batch size of 32. The entire training process spans approximately 100
hours, covering roughly 6,500 iterations to reach convergence. During training,
we randomly sample 77-frame video clips at a resolution of 512�512, paired with
a reference image as the conditioning input. Our backbone adopts a DiT [42] ar-
chitecture consistent with Wan2.1-I2V [67]. Since Wan-Animate [5] shares this
structure and has been pre-trained on large-scale human videos, we initialize
our DiT module with its weights to leverage this strong prior. For the Motion
Tracker, we utilize GVHMR [55], TEASER [29], and HaMeR [41] for the coarse
estimation of body pose, facial expressions, and hand parameters, respectively.
DWPose [76] and MediaPipe [32] are employed to extract body and facial key-
points for tracking re�nement.
Training Dataset. We construct a composite dataset comprising approximately
900k video clips. The core data originates from human motion videos (37.8%)
crawled from the Internet and the Speaker-Vid [84] dataset (60.6%). To ensure
high visual quality and motion dynamics, we rigorously �lter these sources by
discarding clips with undetected faces, insu�cient face scales, low hand visibil-
ity, or static subjects. Finally, to enhance facial animation, we incorporate the
VFHQ [72] dataset (1.6%) into our �nal training corpus.
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Table 1: Quantitative results on three datasets under the self-driven setting. Our
method achieves the best performance across all evaluation metrics.

Method
EchoMimicV2 dataset TikTok dataset Self-collected dataset

condition
PSNR" L1# SSIM" LPIPS# PSNR" L1# SSIM" LPIPS# PSNR" L1# SSIM" LPIPS#

Moore-AA 20.39 0.0513 0.7388 0.2059 16.23 0.1022 0.6742 0.3263 18.11 0.0762 0.6464 0.2788 2D Pose
StableAnimator 16.76 0.0796 0.6724 0.2836 11.76 0.1845 0.5732 0.4437 15.97 0.1024 0.6179 0.3285 2D Pose
MimicMotion 19.52 0.0622 0.7211 0.2450 14.17 0.1335 0.3876 0.6316 16.00 0.1057 0.6179 0.3552 2D Pose
UniAnimate 16.39 0.1045 0.6933 0.2678 11.73 0.1939 0.6096 0.4320 14.69 0.1286 0.6048 0.3543 2D Pose

UniAnimate-DiT 17.90 0.0678 0.7266 0.2533 12.79 0.1571 0.6151 0.4213 14.76 0.1302 0.5778 0.3688 2D Pose
HyperMotion 22.32 0.0391 0.7975 0.1800 15.48 0.1154 0.6529 0.3536 19.48 0.0660 0.7082 0.2512 2D Pose
Wan-Animate 22.86 0.0379 0.7750 0.1802 17.18 0.0932 0.6808 0.3209 20.72 0.0555 0.7281 0.2229 2D Pose & Face

Champ 17.40 0.0756 0.6502 0.2911 13.34 0.1482 0.5902 0.4156 14.85 0.1159 0.5602 0.3727 Mesh
EMOSH (Ours) 23.66 0.0308 0.8240 0.1428 17.80 0.0831 0.740 0.2933 21.18 0.0522 0.751 0.2066 Mesh

Table 2: Comparison of Identity Preservation Score (IPS) in the cross-driven setting.
Our method better maintains ID consistency.

Moore-AA Champ StableAnimator MimicMotion UniAnimate UniAnimate-DiT HyperMotion Wan-Animate EMOSH (Ours)

IPS" 0.2174 0.2619 0.0935 0.0744 0.1618 0.3130 0.2872 0.3802 0.4445

Baselines. We compare EMOSH against several state-of-the-art (SOTA) hu-
man animation methods, including Wan-Animate [5], HyperMotion [73], Mimic-
Motion [85], Moore-AA (AnimateAnyone by Moore) [38], StableAnimator [64],
UniAnimate-DiT and UniAnimate [70], and Champ [89]. To ensure a fair com-
parison, we conduct inference for all baseline models at their native resolutions
and subsequently evaluate metrics on a uni�ed spatial scale.
Evaluation Protocols. We evaluate our model under two distinct settings:
Self-driven and Cross-driven. Self-driven: The driving video and the reference im-
age originate from the same video. We utilize the public benchmarks EchoMim-
icV2 [36] and TikTok [20] datasets, alongside a self-collected test set containing
150 videos (�55k frames). For evaluation, the �rst frame of the video serves as
the reference image, and the model reconstructs the full video sequence based on
the driving signals. To quantitatively evaluate the reconstruction quality, we em-
ploy PSNR, L1, SSIM, and LPIPS [81] to compare the generated videos against
the ground truth. Cross-driven: We collect 12 reference images covering diverse
body shapes (e.g., varying heights and weights) and 10 driving videos featuring
distinct motions. These are cross-paired to generate a total of 120 video sam-
ples (�51k frames). Due to the absence of Ground Truth, we primarily rely on
Human Evaluation. Additionally, we use the Identity Preservation Score (IPS)
as a supplementary metric. Speci�cally, we utilize ArcFace [9] to extract facial
features from both the generated video and the reference image, calculating the
average cosine similarity between them.

4.2 Quantitative Results

Self-driven. Tab. 1 summarizes the quantitative comparisons between our method
and the baseline models across three datasets. Our method achieves the best per-
formance across all metrics. This demonstrates that our approach can generate
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Fig. 5: Qualitative results on three datasets under the self-driven setting. EMOSH
generates higher-�delity videos and achieves more accurate control of facial expressions
and hand gestures compared to the baselines.

higher-�delity videos conditioned on the driving video and reference image while
maintaining precise motion control.
Cross-driven. Tab. 2 presents the Identity Preservation Score (IPS) under the
Cross-ID setting. The results show that our approach achieves the highest IPS,
verifying its superior robustness in preserving the identity features of the refer-
ence image under diverse driving poses.

4.3 Qualitative Results

Self-driven. As illustrated in Fig. 5, we present the qualitative comparison of
various methods across three datasets under the self-driven setting. While most
approaches can reasonably preserve the identity of the reference image, they
struggle with �ne-grained details. Speci�cally, Champ's reliance on a human
mesh control mechanism makes it di�cult to achieve �ne-grained control over
expressions and gestures. UniAnimate-DiT, although utilizing 2D poses, lacks fa-
cial keypoints, leading to inaccurate expression control. Moreover, it may strug-
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