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Abstract

Recent advancements in personalized Text-to-Video (T2V)
generation have made significant strides in synthesizing
character-specific content. However, these methods face a
critical limitation: the inability to perform fine-grained con-
trol over motion intensity. This limitation stems from an
inherent entanglement of action semantics and their corre-
sponding magnitudes within coarse textual descriptions, hin-
dering the generation of nuanced human videos and limit-
ing their applicability in scenarios demanding high preci-
sion, such as animating virtual avatars or synthesizing sub-
tle micro-expressions. Furthermore, existing approaches of-
ten struggle to preserve high identity fidelity when other at-
tributes are modified. To address these challenges, we intro-
duce MotionCharacter, a framework for high-fidelity human
video generation with precise motion control. At its core,
MotionCharacter explicitly decouples motion into two inde-
pendently controllable components: action type and motion
intensity. This is achieved through two key technical contri-
butions: (1) a Motion Control Module that leverages textual
phrases to specify the action type and a quantifiable metric
derived from optical flow to modulate its intensity, guided by
a region-aware loss that localizes motion to relevant subject
areas; and (2) an ID Content Insertion Module coupled with
an ID-Consistency loss to ensure robust identity preservation
during dynamic motions. To facilitate training for such fine-
grained control, we also curate Human-Motion, a new large-
scale dataset with detailed annotations for both motion and
facial features. Extensive experiments demonstrate that Mo-
tionCharacter achieves substantial improvements over exist-
ing methods. Our framework excels in generating videos that
are not only identity-consistent but also precisely adhere to
specified motion types and intensities.

Project Page — https://motioncharacter.github.io/

Introduction

High-quality, personalized, and controllable human video
generation has gained significant traction, with applications
spanning social media, film production, virtual avatars, and
personalized content creation. Recent pioneering advance-
ments in text-driven video generation models (Ho et al.

“Work was done during an internship at Meituan.
Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

3831

ID Image

large Action: open mou
(Intensity=20)
(b) MotionCharacter (Ours)
Precise Action Generation: N
Continuous Intensity Control: \

Action: open mouth widely :
magnitude

(a) Subject-Driven T2V Models
Precise Action Generation: x

Continuous Intensity Control: X

Figure 1: Comparison of subject-driven T2V methods
and our proposed MotionCharacter framework. Existing
approaches specify coarse actions (e.g., “open mouth”)
but struggle to capture nuanced motion magnitude (e.g.,
“slightly” vs. “widely”). In contrast, MotionCharacter de-
couples action type and motion intensity, enabling fine-
grained, continuous control over human motion while pre-
serving subject fidelity.

2022b; Guo et al. 2024; Ho et al. 2022a; Wang et al. 2023a,
2024b; Zhou et al. 2022; Chen et al. 2024) have driven sub-
stantial progress in this field. In particular, subject-driven
Text-to-Video (T2V) generation models (Jiang et al. 2024;
Wei et al. 2024; Ma et al. 2024; Wu et al. 2024; He et al.
2024) have made strides in producing high-quality videos
that faithfully depict specific individuals.

However, existing subject-driven T2V models still face
a significant limitation: a lack of fine-grained control over
motion. This deficiency curtails their applicability in sce-
narios demanding high precision, such as animating digital
humans with precise expressions, synthesizing subtle micro-
expressions for psychological analysis, or creating realistic
virtual avatars that respond dynamically to user input.

The core of this problem lies in the entanglement of action
semantics and motion intensity within textual prompts. As
shown in Fig. 1(a), current subject-driven T2V models (He
et al. 2024; Guo et al. 2024) allow users to specify human
actions using action phrases like “open mouth”. However,
these phrases provide only a coarse description and fall short
in precisely controlling motion intensity. Even when em-
ploying more nuanced phrases (e.g., “open mouth slightly”,



“open mouth widely”), the generated results often lack the
intended subtleties because language captures actions in a
discrete manner, whereas motion intensity is inherently con-
tinuous. This forces the model to guess the intended magni-
tude, leading to unpredictable and uncontrollable results.

To break this entanglement and enable fine-grained con-
trollability, we introduce MotionCharacter, a framework
that explicitly decouples motion into two components: ac-
tion type and motion intensity. To achieve this, we first pro-
pose a Motion Control Module. This module uses simple
action phrases (e.g., “smile”) to define the type of motion,
while a separate, continuous signal derived from optical flow
modulates its intensity. This allows a user to specify an ac-
tion with text and then fine-tune its magnitude precisely, for
instance, via a simple slider. To further enhance motion dy-
namics and the quality of facial transitions, this module is
enhanced by a region-aware loss that directs the model’s at-
tention to critical facial regions like the lips and eyes, pre-
venting distortion during motion.

Moreover, as motions become more dynamic and expres-
sive, maintaining the subject’s identity becomes a significant
challenge. To address this, we introduce an ID Preservation
Module that injects detailed facial features into the genera-
tion process. This is reinforced by a powerful ID consistency
loss to ensure that the character’s core identity remains sta-
ble and detailed, even during large and complex movements.

Finally, while several human video datasets (Zhu et al.
2022; Yu et al. 2023) exist, they predominantly focus on
capturing basic emotional expressions or broad action cat-
egories, lacking the granular annotations needed for fine-
grained motion control. Also, these datasets are limited in
scale and contain unfiltered multi-subject and low-quality
scenes. This limitation creates a significant bottleneck in
training models capable of nuanced motion generation. To
address this gap, we introduce Human-Motion, a large-scale
dataset of 106,292 video clips. We use Large Multimodal
Models (LMMs) and optical flow estimation to generate de-
tailed annotations for motion type and intensity, aiming to
facilitate research on fine-grained human video generation.

Through extensive experiments, we present qualitative,
quantitative, and user study results that validate the perfor-
mance of our method in terms of identity consistency and
adherence to motion instructions. In summary, our contribu-
tions are as follows:

1. We propose MotionCharacter, a framework for personal-
ized human video generation that decouples motion con-
trol into action type and intensity, enabling fine-grained
and continuous motion adjustments.

. We introduce a Motion Control Module that leverages
text for action semantics and a continuous signal for in-
tensity, enhanced by a region-aware loss to ensure high-
quality dynamics. We also propose an ID Preservation
Module with a dedicated ID-Consistency loss to main-
tain robust identity fidelity.

3. We curate Human-Motion, a large-scale and high-quality
dataset of 106,292 video clips with detailed annotations
for motion and identity, created specifically to facilitate
research on controllable human video generation.
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Related Work

Text-to-Video Diffusion Model. Recent advancements in
diffusion models (Ho, Jain, and Abbeel 2020; Song et al.
2021; Rombach et al. 2022) have established them as a lead-
ing approach in Text-to-Video generation. The Video Dif-
fusion Model (Ho et al. 2022b) pioneered a space-time-
factored U-Net for unconditional video generation in pixel
space. Building on this, AnimateDiff (Guo et al. 2024) inte-
grated a motion module into the Stable Diffusion framework
to generate videos from text prompts. Later works, such as
Imagen Video (Ho et al. 2022a) and Make-a-Video (Singer
et al. 2022), adopted sequential models for pixel-space T2V
generation. To overcome challenges with high-dimensional
video data, latent diffusion models (Blattmann et al. 2023b)
operate in the latent space of an auto-encoder, inspiring
further developments including ModelScope (Wang et al.
2023a), LAVIE (Wang et al. 2024b), MagicVideo (Zhou
et al. 2022), and VideoCrafter (Chen et al. 2023, 2024).
Subject-Driven Image and Video Generation. Subject-
driven generation aims to synthesize content while preserv-
ing specific subject characteristics. In the image domain, re-
cent works like IP-Adapter (Ye et al. 2023), PhotoMaker (Li
etal. 2024), and InstantID (Wang et al. 2024a) have achieved
efficient identity preservation through embedding-based ap-
proaches, eliminating the need for subject-specific training
required by methods like DreamBooth (Ruiz et al. 2023).
For video generation, works such as VideoBooth (Jiang
et al. 2024), DreamVideo (Wei et al. 2024), and Cus-
tomCrafter (Wu et al. 2024) have explored learning-based
frameworks to combine visual identity with motion dynam-
ics. While ID-Animator (He et al. 2024) demonstrates zero-
shot capabilities, it lacks fine-grained control over motion
intensity. Our MotionCharacter addresses these limitations
by enabling control of both appearance and motion without
requiring retraining during inference.

Methodology

Overall Pipeline. Personalized human video generation
aims to create vivid clips consistent in character identity
and motion based on a reference image and text prompt.
To achieve this goal, we propose a framework named Mo-
tionCharacter which accurately reflects identity informa-
tion, captures fine-grained motion and maintains smooth vi-
sual transitions. Our framework is shown in Fig. 2. Formally,
given a reference ID image Z, a text prompt P, an action
phrase A, and a motion intensity M, the model F is de-
signed to produce video V by:

V = F(I,P, A, M). 1)

Our methodology is built upon the central principle of
disentanglement, designed to establish an orthogonal con-
trol space for human video generation. We recognize that
to robustly control motion, one must first guarantee the sta-
bility of identity, as intense dynamics often corrupt subject-
specific features. Therefore, our framework is architected
around two synergistic pillars that address this challenge
sequentially. First, our ID-Preserving Optimization strat-
egy establishes a stable identity foundation. Second, build-
ing upon this foundation, our Motion Control Enhancement
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Figure 2: Framework overview. Our proposed framework comprises three core components: the ID Content Insertion Module,
the Motion Control Module, and a composite loss function. The loss function incorporates a Region-Aware Loss to ensure
high motion fidelity and an ID-Consistency Loss to maintain alignment with the reference ID image. During training, motion
intensity M is derived from optical flow. At inference, human animations are generated based on user-defined motion intensity
M and specified action phrases, enabling fine-grained and controllable video synthesis.

module operates to independently manipulate action type
and intensity. Furthermore, to enable robust training for such
a disentangled framework, we introduce the Human-Motion
dataset, specifically curated with dual-track annotations for
motion semantics and intensity.

ID-Preserving Optimization

ID Content Insertion. Since the adopted pretrained Text-
to-Video (T2V) diffusion model (Guo et al. 2024) lacks
identity-preserving capabilities, we first intend to introduce
an ID Content Insertion Module into the backbone to em-
phasize identity-specific regions and reduce irrelevant back-
ground interference. As illustrated in Fig. 2, the module ex-
tracts the identity embedding C';; from the reference image
7 and injects the identity embedding C;4 into the diffusion
model through cross-attention.

Specifically, the face region is first isolated from the ref-
erence image Z to filter the interference of the background
region. Then the face region image is processed in parallel
to a pre-trained CLIP image encoder (Radford et al. 2021)
and a face recognition model ArcFace (Deng et al. 2019) to
obtain the broad contextual identity embeddings E.;;;, and
the fine-grained identity embeddings F,..., respectively. To
effectively combine global context with fine-grained iden-
tity details, we employ cross-attention to fuse the CLIP and
ArcFace embeddings:

Cia = Pro_](Attn(Ech’ EW,,EW))), 2)
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where Wé, W), and W, are learnable parameters, with E,..
as the query and the combined embedding £ = FE.;), +
E,rc as the key and value. This fusion allows the detailed
ArcFace features to selectively attend to the most relevant
contextual information from CLIP embeddings. Following
cross-attention, a projection layer Proj is applied to align the
dimension with the text embedding, thereby generating the
final identity embedding C';4 for the reference image 7.

Inspired by recent work on image prompt adapters (Ye
et al. 2023; Wang et al. 2024a), the identity embedding C'4
in MotionCharacter is regarded as an image prompt embed-
ding and is used alongside text prompt embeddings to pro-
vide guidance for the diffusion model. This procedure can
be expressed as:

2= Atn(Q, K\, VY + X - Atn(Q, K', V), (3)

where the parameter A controls the balance between text
guidance and identity preservation. Here, ) = 2Wj is de-
rived from the latent representation z, while K* = Cj;qW}
and V' = C;4W are identity-specific key and value matri-
ces obtained from the identity embedding C’4 of the refer-
ence image Z. Similarly, K¢, and V' are the key and value
matrices for the text cross-attention.

ID-Consistency Loss. To enforce identity preservation at
a semantic level, we introduce an ID-Consistency loss that
complements the standard pixel-wise MSE objective. The
MSE loss, while crucial for visual fidelity, is fundamentally



agnostic to high-level concepts like identity. Our proposed
loss addresses this by penalizing deviations directly within a
learned identity feature space. Specifically, it minimizes the
feature-space distance between the reference identity and the
generated frames, ensuring that the model maintains the sub-
ject’s core characteristics even during complex motion.

In practice, at a specific diffusion step 7, the diffusion
model can estimate the noise-free latent Zy from a noisy la-
tent z; via the DDIM reversion process. Then, the estimated
Zo is passed to a VAE decoder to reconstruct the frame, de-
noted as X /. Therefore, the ID-Consistency loss L;4 across
the sequence of IV frames can be calculated by:

(X))

NZ \|¢> Xf>|

where - denotes the dot product, gf) denotes the pre-trained
face recognition backbone (Deng et al. 2019), ¢(X Zf ) and
¢(I) represent the normalized face embedding of each gen-
erated frame ¢ and the reference identity image I, respec-
tively. N is the total number of frames.

“

id—

Motion Control Enhancement

In subject-driven T2V models, achieving precise motion
control remains a significant challenge. While previous
works (He et al. 2024) have successfully generated identity-
specific videos, they often fail to capture fine-grained mo-
tion dynamics, resulting in limited responsiveness to sub-
tle motion cues. To address this limitation, we propose a
spatial-aware motion control module that explicitly incorpo-
rates motion intensity information to enhance controllability.
Moreover, a region-aware loss is employed to enhance spa-
tial coherence and realism in dynamic regions such as face.
We regard the control capacity of the model as lying in
two aspects: one is the faithfulness of the motion descrip-
tion, and the other is the magnitude of motion intensity. To
achieve this goal, we introduce extra action phrase and mo-
tion intensity as the conditions in the proposed model. We
first use LMM (Zhu et al. 2023) to automatically generate
overall descriptions and action phrases, enriching the dataset
with motion-related information and serving as the primary
text description P and action phrase A, as defined in Eq. 1.
Then the action phrase is fed to CLIP text encoder (Radford
et al. 2021) to obtain the action embedding £ 4 which cap-
tures the semantic intent of the motion.
Motion Intensity Estimation. The magnitude of motion in-
tensity is challenging to define directly, especially consid-
ering the diversity of movements and their varying char-
acteristics. To address this, we employ optical flow esti-
mation to capture motion intensity. Optical flow captures
pixel-wise motion between adjacent frames, offering a fine-
grained measure of movement that directly reflects the mo-
tion of objects in the video. Specifically, given a video clip
Vin = [y} N | where N is the number of frames, we first

1=1>
extract the optical flow of each pixel between two adjacent

frames by: o
Jitwwy = O™, 0t), ®)

where (x,y) denotes the position of each pixel, and © is
an optical flow estimation model. We use RAFT (Teed and
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Deng 2020) as © for efficient and accurate optical flow es-
timation. Then the mean optical flow value 7; can be calcu-
lated by simply averaging f; (). Afterward, we take 7; as
the threshold to produce binary mask M; (. .. Specifically,
when the magnitude of the optical flow exceeds 7;, set the
corresponding position in M; (, ) to 1; otherwise set it to 0.
Consequently, the mean foreground optical flow value f; 74
can be obtained by:

Zz.fzfg T, y)

mlyl

H W
figog = Z > Mi oy figon)s
z=1y=1
(6)
where f; ¢4(z,y) is the foreground optical flow at each pixel
(z,y). S denotes the number of the foreground pixels.
The motion intensity M of the video is then defined as
the average foreground optical flow value across all frames:

1 N-1
=51 2 fito
i=1

where M is a scalar representing the motion intensity and N
is the number of frames. Subsequently, the motion intensity
M is passed through a motion intensity estimator, utilizing
a multi-layer perceptron (MLP) to generate a motion inten-
sity embedding Fj; aligned with the dimensionality of the
action embedding F 4.

Motion Condition Injection. As illustrated in Fig. 2, two
parallel cross attention modules are adopted in the motion
control module to insert the action embedding 4 and mo-
tion intensity embedding ;. The process is formally rep-
resented as follows:

7" = Atn(Q', K*, V) + o - Attn(Q', K™, V™),

)

®)

where Q" = Z'W is relevant with the output of ID Content
Insertion Module. K¢, V¢ and K™, V" are the key-value
pairs derived from the action embedding F 4 and the motion
intensity embedding F);, respectively. The parameter « bal-
ances the influence of motion intensity within the combined
attention output Z" and is set to 1 by default.

Although both our approach and Stable Video Diffusion
(SVD) (Blattmann et al. 2023a) leverage optical flow to
characterize motion, a key distinction lies in our explicit de-
coupling of motion cues. SVD uses motion bucket parame-
ter, which is integrated via additional time embeddings, to
coarsely control overall motion magnitude. This results in
a global and non-localized representation that may obscure
subtle variations (e.g., faces). In contrast, our dual-branch
motion condition injection strategy separates semantic guid-
ance (what motion is desired) from quantitative strength
(how intense it should be). The use of parallel cross-attention
to fuse these decoupled cues is a key mechanism that enables
predictable and fine-grained control, allowing our model to
capture subtle motion nuances with high fidelity.
Region-Aware Loss. The fluency of the generated video
heavily relies on the spatial coherence and realism of dy-
namic regions, e.g., the face areas. To achieve this goal, we
apply a region-aware loss to force the model to focus more
on the high-motion regions. Specifically, we normalize the



foreground optical flow f; ¢4(z,y) defined in Eq. (6) and
calculate the optical flow mask M; norm:

fi,fg(xvy)

Mi,norm - CllP ( 255

+6,1.0, 1.0+ 5) NC)

where clip(-, a, b) restricts the values to [a,b] and 0 is a
scalar offset that modulates the spatial weighting of the op-
tical flow mask. This mask assigns higher weights to re-
gions with significant motion, ensuring that both the primary
subject (e.g., faces) and high-dynamic background regions,
especially when the text prompt describes a moving back-
ground, receive adequate attention. Note that although the
optical flow mask assigns non-zero weights to some back-
ground regions, it ensures that regions with significant mo-
tion from both the subject and background are appropriately
emphasized in the loss computation. In contrast to segmen-
tation, depth maps and other similar static scene cues that
may overlook such background dynamics, the optical flow
mask retains comprehensive motion information across the
scene. Then the region-aware loss Lp across all N frames
can be compactly defined as:

1 N H W
Lr= W Z ZZMimorm ’ [ei('rvy) - éi(l“,y)]27

i=1 x=1y=1
(10)
where ¢;(z,y) and é;(x,y) denote the target and predicted
noise at location (x, i), respectively. H' and W' correspond
to the resolution of latent.

Training Paradigm

Our training paradigm is tailored for learning fine-grained,
disentangled control. It comprises three integral parts: (1) a
dataset with dual-track annotations for motion type and in-
tensity, (2) a mixed image-video strategy for robust general-
ization and zero-motion calibration, and (3) a loss function
that synergistically optimizes for both identity stability and
motion fidelity.

Human-Motion Dataset. While foundational, current hu-
man video datasets like CelebV-HQ (Zhu et al. 2022) and
CelebV-Text (Yu et al. 2023) lack the fine-grained motion
annotations and quality controls needed for training control-
lable models. Their coarse emotional categories and data
artifacts limit the learning of nuanced dynamics. To en-
able disentangled motion generation, we introduce Human-
Motion, comprising 106,292 video clips from various pub-
lic and private sources. This collection includes VFHQ (Xie
et al. 2022) (1,843 clips), CelebV-Text (Yu et al. 2023)
(52,072 clips), CelebV-HQ (Zhu et al. 2022) (31,004 clips),
AAHQ (Liu et al. 2021) (17,619 clips), and a private dataset
(3,752 clips). Each clip in the Human-Motion dataset was
rigorously filtered and re-annotated to ensure high-quality
identity and motion information across diverse video for-
mats, resolutions, and styles.

Human-Motion is distinguished by its dual-track annota-
tion schema, which provides parallel labels for both motion
semantics and intensity. Specifically, to enrich the dataset
with motion-related information, we used LMM (Zhu et al.
2023) to automatically generate two types of captions for all
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videos: overall descriptions and action phrases. The over-
all descriptions provide a general summary of the video’s
content, while the action phrases offer specific annotations
of facial and body movements present in the clips. These
captions serve as the primary text description P and action
phrase A in our framework.

Image-Video Training Strategy. To improve the model’s
generalization across different visual styles, we combined
image and video data in training. While realistic videos ef-
fectively capture human portraits, they struggle with stylized
and artistic content, such as anime. To bridge this gap, we
incorporated around 17,619 styled portrait images as static
16-frame videos by replicating each image to simulate a
motionless sequence with a motion intensity of 0. It pro-
vides a crucial “zero-intensity calibration” for our motion
control module. Training on these static sequences enables
the model to learn a robust “motionless” state representa-
tion, which anchors the zero-point of the continuous motion
intensity spectrum. This calibration contributes to generat-
ing smooth, predictable transitions from complete stillness
to dynamic action. Moreover, this approach addresses the
challenge of generalizing to stylized portraits by expanding
the model’s exposure to a wider spectrum of visual charac-
teristics, including variations in texture, color, and artistic
exaggeration common in non-realistic styles. By training on
both static styled images and dynamic realistic videos, the
model learns to preserve identity traits across photorealistic
and stylized visual representations, improving its ability to
generalize across different visual styles.

Overall Objective. The total learning objective combines
the Region-Aware Loss, which captures dynamic motion in
high-activity regions, and the ID-Consistency Loss, which
ensures identity consistency across frames. This dual objec-
tive guides the model to preserve both identity and motion
fidelity in the generated videos. The total objective function,
Liotal, 18 defined as:

Lioal = Lr + Nid - Lia, (11)

where Lr and L;; synergistically guide the optimization.
Lp ensures motion fidelity by focusing on dynamic re-
gions, while £, preserves identity consistency across the
sequence. The hyperparameter \;q; mediates the trade-off be-
tween these two critical objectives.

Experiments
Experiment Setup

Implementation Details. Our implementation is built
upon a large-scale pre-trained Video Diffusion Model
(VDM) (Guo et al. 2024). All experiments were conducted
using 8 NVIDIA A100 GPUs (80GB), with the training pro-
cess taking approximately 24 hours. The batch size was set
to 2 for each GPU. The training data consisted of diverse
high-quality video clips, which were preprocessed to a reso-
lution of 512 x 512 pixels, with 16 frames sampled per video
at a frame rate of 4 frames per second. Data augmentation in-
cluded random horizontal flipping, resizing, and center crop-
ping to maintain consistent input dimensions. Moreover, text
and image dropout rates were set to 0.05, with a 50% proba-
bility of dropping the CLIP embeddings E;;,. We used the



AdamW (Loshchilov 2017) optimizer with a learning rate of
1 x 1075 and trained the model for 12,000 total steps. For
the validation, 16-frame video sequences were generated at
a 512 x 512 resolution, applying a standard guidance scale
of 8.0 and 30 steps.

Datasets. For training, we constructed a dataset of 106,292
video clips from various sources. We detail the composition
and annotation process in the Training Paradigm subsection.
For evaluation, we benchmark our method on the Unsplash-
50 test set (Gal et al. 2024), a standard benchmark for ID fi-
delity containing 50 diverse portraits. To rigorously test per-
formance, we paired each portrait with 140 distinct prompts
generated via GPT-4 (Achiam et al. 2023), yielding a chal-
lenging evaluation suite of 7,000 pairs.

Evaluation Metrics. We assess the quality and consis-
tency of generated videos using six key metrics. The Dover
Score (Wu et al. 2023) assesses overall video quality, con-
sidering technical and aesthetic factors. Motion Smooth-
ness (Huang et al. 2024) evaluates the continuity of move-
ment between frames, while Dynamic Degree (Huang et al.
2024) indicates the extent of motion diversity in the video.
CLIP-I (Hessel et al. 2021; Xiao et al. 2024) measures Vi-
sual similarity to the reference using the CLIP encoder (Rad-
ford et al. 2021), and CLIP-T (Hessel et al. 2021; Xiao et al.
2024) evaluates the alignment between the video content and
the text description. To assess identity preservation, we cal-
culate Face Similarity (Xiao et al. 2024), which measures
the resemblance between the facial features in the reference
image and the generated video.

Comparison with Baselines

We employ four well-known methods in ID-preserving gen-
eration task for comparison, i.e., IPA-PlusFace (Ye et al.
2023), IPA-FacelD-Portrait (Ye et al. 2023), IPA-FacelD-
PlusV2 (Ye et al. 2023) and ID-Animator (He et al. 2024).
They all adopt AnimateDiff (Guo et al. 2024) as the base
Text-to-Video generation model.

Qualitative Comparisons. We conduct qualitative compar-
isons using six diverse identities and prompts generated
by GPT-4 (Achiam et al. 2023). As shown in Fig. 3, we
test a static scenario (null action phrase) to assess base-
line ID fidelity and a dynamic scenario (“smiling”) to eval-
uate motion control. The visual results underscore the su-
periority of MotionCharacter. Methods like IPA-FacelD-
Portrait exhibit noticeable identity degradation, while oth-
ers like IPA-PlusFace and IPA-FacelD-PlusV2 suffer from
temporal flickering during motion. This indicates their ID
representations are not robust enough to withstand dy-
namic deformations. Furthermore, even the highly compet-
itive ID-Animator fails to bind attributes correctly, omitting
“glasses” from the generated character. This suggests a crit-
ical entanglement between its motion and appearance gen-
eration modules. In contrast, our method, powered by a ded-
icated ID-Preserving module and a disentangled motion ar-
chitecture, successfully maintains identity and all specified
attributes while executing the action.

Quantitative Comparisons. The quantitative results in Ta-
ble 1 further substantiate our findings and reveal a criti-
cal challenge in existing methods: the inherent trade-off be-
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Action: “null” Intensity: 20
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Action: “smiling”  Intensity: 20

An intellectual
‘;’ professor is giving a
lecture with glasses.

The painter pauses
for a moment,
brush in hand ...

Sitting in the
sunlight, the elderly
woman smiles softly.

£

IPA-
PlusFace

IPA-
Portrait

Figure 3: Qualitative Comparison. Comparison of our
method with other approaches across diverse prompts and
unseen reference images, encompassing various identities
(male, female, celebrity, non-celebrity). Each column rep-
resents a unique identity and action phrase, with motion in-
tensity fixed at 20 for clarity. “null” indicates a blank action
phrase. Key prompt elements are highlighted in underline to
emphasize specific actions or descriptors. For other meth-
ods, the action phrase and motion intensity are incorporated
with the prompt to guide generation.

Metrics | Dover Motion Dynamic CLIP CLIP Face
Method ScoreT Smooth.t Degreet Imaget Text? Sim.t
IPA-PlusFace 0.797 0.985 0.325 0.587 0218 0.480
IPA-FaceID-Portrait | 0.849 0.984 0.191 0.545 0.223 0.531
IPA-FaceID-PlusV2 | 0.813 0.987 0.085 0.575 0217 0.617
ID-Animator 0.857 0.979 0.433 0.607 0.204 0.546
Ours 0.869 0.998 0.449 0.633 0227 0.609

Table 1: Quantitative comparison with state-of-the-art meth-
ods. Higher values (1) indicate better performance. Bold and
underlined numbers denote the best and second-best results,
respectively. All methods use an empty action phrase with
motion intensity set to 20 for fair comparison.

tween identity preservation and motion dynamics. Specif-
ically, IPA-FacelD-PlusV2 achieves the highest Face Sim-
ilarity (0.617) but at the cost of producing nearly static
videos, evidenced by its extremely low Dynamic Degree
(0.085). Conversely, ID-Animator attains a high Dynamic
Degree (0.433) but with significantly compromised iden-
tity fidelity and weaker text alignment (CLIP-T of 0.204),
which confirms our qualitative observations. This demon-
strates that current methods are forced to sacrifice either
motion or identity. In contrast, MotionCharacter breaks this
trade-off. Our method achieves state-of-the-art scores in five
out of six metrics, including overall quality (Dover), mo-
tion attributes, and content consistency (CLIP-I, CLIP-T).
Crucially, we attain a Face Similarity score (0.609) that is
highly competitive with the top score, while simultaneously
achieving the highest Dynamic Degree (0.449). This result
is a powerful validation of our core hypothesis: by explicitly
disentangling motion control from identity representation,
our framework can generate highly dynamic and expressive
videos without compromising identity fidelity. The negligi-
ble 1.3% difference in Face Similarity is a small price for
a staggering 428% improvement in Dynamic Degree com-
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Figure 4: User study results comparing our method with
baselines across three evaluation criteria: identity consis-
tency, motion controllability, and overall video quality.

pared to the leading ID-preserving method.

User Study. Recognizing that CLIP scores (Hessel et al.
2021; Xiao et al. 2024) may not fully align with human
perception (Molad et al. 2023; Wang et al. 2023b), we con-
ducted a user study to validate our quantitative findings. The
study involved 10 expert raters from enterprises and aca-
demic labs, each with expertise in generative models, evalu-
ating 100 videos across three key dimensions: Identity Con-
sistency, Motion Controllability, and Overall Video Qual-
ity. For each video, participants selected the best perform-
ing method among all approaches, with videos presented in
randomized order to prevent bias. This resulted in 3,000 to-
tal ratings (10 raters x 100 videos x 3 criteria). As shown
in Fig. 4, our method consistently received the highest pref-
erence across all evaluation criteria. Notably, the slight dis-
crepancy between Face Similarity metrics and human per-
ception of identity preservation can be attributed to varying
levels of motion richness. While methods like ID-Animator
and IPA achieve high similarity scores through strict iden-
tity constraints that limit facial dynamics, our approach gen-
erates more varied and expressive motions while maintain-
ing perceptually consistent identity. This human evaluation
validates our quantitative results, confirming that our decou-
pled control framework achieves a superior balance between
identity preservation and motion expressiveness.

Ablation Study

Region-Aware Loss. As shown in Table 2, integrating only
the Region-Aware Loss (L) yields substantial improve-
ments in motion-related metrics compared to the vanilla
baseline. Specifically, it boosts the Dover Score by a signif-
icant +0.059 and increases the Dynamic Degree by +0.064,
while also enhancing Motion Smoothness. This quantita-
tively confirms that by forcing the model to focus its objec-
tive on high-motion areas, L, is highly effective at improv-
ing the clarity and quality of dynamic movements. Notably,
its impact on Face Similarity is minimal, underscoring its
specific role in refining motion rather than identity.

ID-Consistency Loss. The ID-Consistency Loss (£;4) is de-
signed to anchor the subject’s identity. When added alone, it
produces a massive gain of +0.104 in Face Similarity, prov-
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Loss Metrics
Lr L Dover Motion Dynamic CLIP CLIP Face
Score? SmoothnessT Degree! Imagef Text! Similarity?
X X 0.801 0.978 0.355 0.599 0.219 0.484
X v/ | 0810 0.983 0.359 0.627  0.220 0.588
v X 0.860 0.995 0.419 0.611 0.224 0.500
v v/ | 0869 0.998 0.449 0.633  0.227 0.609

Table 2: Ablation study of the Region-Aware Loss L and
the ID-Consistency Loss L.

Module Metrics
MCM Dover Motion Dynamic CLIP CLIP Face
Scoret Smoothness? Degreet Image? Text? Similarity?
X 0.805 0.978 0.245 0.563  0.204 0.601
v 0.869 0.998 0.449 0.633  0.227 0.609

Table 3: Ablation study of Motion Control Module (MCM).

ing its efficacy in robust identity preservation. However, the
most compelling finding is the synergistic effect when both
losses are combined. The full model not only achieves the
best scores across all metrics but also surpasses the perfor-
mance of individual components in their respective domains.
For instance, the final Face Similarity (0.609) is higher than
with £;4 alone (0.588), and the Dynamic Degree (0.449) is
greater than with Lp alone (0.419). This powerful synergy
validates our core hypothesis: a stable identity foundation
provided by L;; enables L to sculpt more expressive and
high-fidelity motion, demonstrating that both losses are criti-
cal and complementary for achieving state-of-the-art results.
Motion Control Module. Table 3 demonstrates the substan-
tial impact of our Motion Control Module (MCM). Its intro-
duction leads to consistent improvements across all metrics,
with particularly notable gains in Dynamic Degree (83.3%
increase from 0.245 to 0.449). This dramatic improvement
in motion expressiveness, achieved while maintaining face
similarity (0.609), validates our module’s ability to enhance
motion control without compromising identity preservation.

Conclusions

In this paper, we presented MotionCharacter, a high-fidelity
human video generation framework that successfully ad-
dresses the fundamental challenge of achieving fine-grained
motion control while ensuring strict identity preservation.
The key to our approach is a disentangled architecture where
two parallel mechanisms operate. The first mechanism an-
chors the subject’s appearance using a dedicated ID Content
Insertion Module supervised by an ID-Consistency Loss.
The second enables precise control over action and inten-
sity via the Motion Control Module, with a Region-Aware
Loss ensuring clarity in dynamic areas. This entire frame-
work is empowered by our Human-Motion dataset, whose
fine-grained annotations are crucial for learning such dis-
entangled representations. Exhaustive experiments validate
that MotionCharacter not only outperforms existing meth-
ods in overall quality but also effectively breaks the critical
trade-off between motion dynamics and identity fidelity.
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