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1. Overview
The supplementary material includes the following sec-
tions:
1. Additional implementation details.
2. A detailed discussion of our methods.
3. Additional qualitative results generated by our DiT-

based method.
4. Extended details for our U-Net-based method.
5. More qualitative results generated by our U-Net-based

method.
6. A local anonymous project page and a demo video.
7. A folder containing the videos generated by our method.

2. More implementation details

2.1. Further explanation of the ablation experi-
ments for our DiT-Based method

In Sec. 4.4, we propose a subject-motion association decou-
pling injection strategy that sparsifies LoRAs in injection
timing. Specifically, we adjust subject LoRA weights at a
critical timestep Tpoint to balance appearance fidelity and
video coherence. Lower subject LoRA weights are applied
before Tpoint to prioritize motion generation, while higher
weights are applied afterward to enhance subject identity
preservation and temporal consistency. Here, we conduct
two ablation studies to evaluate the choice of Tpoint and the
subject LoRA scale before Tpoint.
Effect of Sparse LoRA Injection Timing. To determine
Tpoint, we conduct an ablation study alongside the theo-
retical analysis in Sec. 4.4, as shown in Fig. 1. Setting
Tpoint too early causes subject LoRA to interfere with mo-
tion LoRA, disrupting motion generation (e.g., Fig. 1, De-
noise step=5), as the model focuses on motion in the early
denoising stages. Conversely, setting Tpoint too late results
in subjects inconsistent with the reference (e.g., Fig. 1, De-
noise step=25 and Denoise step=45). At this stage, the
model emphasizes fine-grained details, but a low subject
LoRA scale allows the text prior to dominate, causing de-
viations from the reference. Based on our analysis, we set
Tpoint to 15 (see Fig. 1, Denoise step=15), striking a bal-
ance between maintaining subject appearance and preserv-
ing temporal dynamics for coherent motion and accurate
subject representation.
Comparison of Different Scales of subject LoRA Injec-
tion. In our subject-motion association decoupling injection
strategy, we adjust subject LoRA weights at Tpoint to bal-
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Figure 1. Ablation study on injection timing Tpoint: We analyze
four choices: 5, 15, 25, 45 and find that applying lower subject
LoRA before denoise step 15, as described in Sec. 3.4, achieves
the best performance.
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Figure 2. Ablation study on subject LoRA scale before Tpoint:
By exploring different scales, we find that a subject LoRA scale of
0.5 achieves the best performance before Tpoint.

ance appearance fidelity and video coherence. Lower sub-
ject LoRA weights are applied before Tpoint, while higher
weights are applied afterward to achieve a smooth trade-
off between subject identity preservation and temporal con-
sistency. To analyze the effect of the subject LoRA scale,
we conduct an ablation study (see Fig. 2). Setting the sub-
ject LoRA scale too small (e.g., Fig. 2, Scale=0.1) results
in poor preservation of the subject’s shape and structure,
leading to inaccurate subject generation and loss of criti-



cal information. On the other hand, setting the scale too
large (e.g., Fig. 2, Scale=0.8) interferes with the motion
LoRA, making the video appear static and losing dynamic
motion consistency. Based on our analysis, we set the sub-
ject LoRA scale to 0.5 (see Fig. 2, Scale=0.5), achieving
the best balance between subject appearance and temporal
dynamics for coherent motion and accurate subject repre-
sentation.

2.2. Details for Temporal Representation Alignment
In Eq.9, we present an equation to reverse zt to z0 with one-
step denoising. A more comprehensive explanation of the
derivation of Eq.9 is provided in Alg. 1.

Algorithm 1 Prediction Function for z0 in Flow Matching
1: Prediction function for z0 in Flow Matching

2: In Flow Matching: zt = (1− t) · z0 + t · z1
3: ⇒ z0 = zt−t·z1

1−t
...(1)

4: where z1 is noise, model predicts the velocity: vθ ≈ z1 − z0

5: ⇒ z1 ≈ vθ + z0 ...(2)

6: Substitute (2) into (1):

7: z0 = zt−t·(vθ+z0)
1−t

8: z0 = zt−t·vθ−t·z0
1−t

9: z0 · (1− t) = zt − t · vθ − t · z0
10: z0 = zt − t · vθ ...(3)

11: where in WAN, vθ = u(zt, ctxt, t; θ) ...(4)

12: Substitute (4) into (3):

13: Therefore: z0 = zt − t · u(zt, ctxt, t; θ)

Additionally, Eq.8 requires reversing the latents and us-
ing a 3D VAE to decode them on CUDA, which results in
significant computational overhead. To address this issue,
we adopt a sliding window technique to efficiently select a
subset of latents for decoding.

The sliding window is set to a size of 6 in latent space
and moves by 2 frames at a time. This means that at each
step, the 3D VAE processes 1+4× (6−1) = 21 frames si-
multaneously. Considering the temporal dependency char-
acteristics of the 3D VAE, we discard the first 5 frames and
retain the subsequent 16 frames. During experiments, we
confirm that the preserved 16 frames effectively retain mo-
tion patterns similar to those of the source video frames at
corresponding positions, making them suitable for our mo-
tion representation.

2.3. Dataset Construction Details
The pipeline for constructing our training dataset is illus-
trated in Fig. 3. For the subject images, we use LangSAM to
generate binarized masks. First, we guide the segmentation
model LangSAM by injecting accurate descriptions of the

LangSAM

“A picture of cat”(a)

(b)

GPT-4o

“Please provide a detailed description of the 
image information, including the motion details 
within the frame.”

A person is S* skateboarding past a peaceful 
riverside setting during sunset, with calm water 
reflecting the orange hues of the sky and a 
railing separating the walkway from the river.

Manual 
correction

Figure 3. Illustration of our dataset construction. (a) shows the
processing details for subject images. We guide the LangSAM
model with text prompts to segment the subject area, resulting
in a binarized mask. (b) shows the processing details for motion
videos. We sample a frame from the videos, use GPT-4o to gen-
erate a detailed caption for the frame, manually refine the prompt,
add special tokens, and pair the caption with the source video.

target object to ensure precise segmentation of the subject
area. LangSAM can process images of any resolution. Af-
ter segmentation, we annotate each subject image with the
caption ”A picture of V* <subject name>” and combine it
with the original image and the generated mask to create the
training data. For the motion videos, we first sample one
frame from the source video and use GPT-4o to generate
a caption that provides a detailed description of the visual
content and its motion characteristics. After obtaining the
caption, we manually refine it by removing redundant infor-
mation, such as audio-related descriptions. Finally, the cor-
rected caption is paired with the source video to construct
the motion dataset. During inference, we use GPT-4o to
combine subjects and motions in pairs and generate diverse
and creative background descriptions for them. We exclude
illogical combinations, such as ”a car playing the piano” or
”a car playing basketball,” to ensure realistic scenarios.

2.4. Baseline Details and Training Cost
For DualReal, we adopt CogVideoX-5B as the text-to-
video backbone. We run 1,000 training steps for each test
case, and each output contains 49 frames at a resolution of
720×480 pixels. For WAN2.1+LoRAs fine-tuning, we fol-
low the official WAN2.1 1.3B training code. LoRA uses a
learning rate of 1× 10−4 with 300 subject LoRA steps and
400 motion LoRA steps, the same as SMRABooth. Each
output contains 49 frames at a resolution of 480× 832 pix-
els. For WAN2.1 1.3B, we test the backbone’s native rea-
soning capabilities. Each output contains 49 frames at a



resolution of 480× 832 pixels.
For the training cost, our SMRABooth requires approxi-

mately 30 minutes to train a single subject LoRA and about
one hour to train a single motion LoRA. In contrast, Dual-
Real requires joint training of two hours for the combined
LoRAs of subject and motion.

2.5. Detailed introduction of metrics
We establish a comprehensive evaluation framework across
three dimensions: Semantic Alignment, Motion Quality
and Perceptual Quality, using nine metrics.
• Semantic Alignment. (1) CLIP-T: This metric evaluates

the alignment between text prompts and generated videos
by calculating the frame-wise cosine similarity between
their embeddings, derived from the CLIP [7] model. (2)
CLIP-I: This metric assesses the visual-semantic cor-
respondence by comparing the embeddings of reference
images and generated video frames. These embeddings
are obtained using the image encoder from CLIP [7].
(3) DINO-I: Similar to CLIP-I, this metric measures the
visual-semantic correspondence; however, it utilizes the
DINO [6] vision transformer encoder to compute and
compare embeddings of reference images and generated
frames. For these three metrics, we evaluate them on our
generated video frame by frame and compute their final
scores by averaging the results across all frames.

• Motion Quality. (1) Motion Fidelity: Evaluates the con-
sistency of motion patterns by leveraging CoTracker3 [3],
a model designed for diffusion-motion-transfer [11]. (2)
Subject Consistency: Assesses whether the appear-
ance of the subject (e.g., characters) remains consistent
across different frames in the video, as implemented in
VBench [2]. (3) Temporal Consistency: Quantifies
frame-to-frame consistency by calculating the average co-
sine similarity of CLIP [7] image embeddings across all
frame pairs in the generated video.

• Perceptual Quality. (1) PickScore: Predicts human
preference scores using PickScore [5], with results aver-
aged at the frame level. (2) Aesthetic Quality: Measures
artistic merit using the LAION aesthetic predictor, im-
plemented via VBench [2]. (3) Imaging Quality: Eval-
uates distortions in generated frames, such as overexpo-
sure, noise, and blurriness, as assessed via VBench [2].

2.6. User study interface
During the user study, we provide each case video generated
by WAN2.1, WAN2.1+LoRAs, DualReal, and our SMRA-
Booth (WAN) for evaluation based on four questions. Each
question is rated on a scale from 1 to 5 for the following
criteria: (1) The accuracy of generating the video to match
the text descriptions (Prompt Alignment). (2) Consistency
between the generated video and the provided motion mode
(Motion Similarity). (3) The similarity between the main

(b)(a)

Figure 4. Human evaluation questionnaire format. (a) presents
the reference subject image, reference video, and the customized
video generated by the model. Participants are then asked to com-
plete the evaluation form in (b), rating the quality of the generated
video based on Prompt Alignment, Motion Similarity, Appearance
Similarity and Video Quality.

body of the generated video and the reference image pro-
vided (Appearance Similarity). (4) The overall quality of
the video (Video Quality). Fig. 4 shows the format of our
questionnaire format.

3. Discussion
Methods Discussion. While existing methods like Video-
JAM [1] leverage optical flow to improve motion quality for
T2V models, our Motion Representation Alignment differs
significantly: (1) Task Perspective: VideoJAM focuses on
enhancing the backbone model’s motion quality, aiming for
generalizable motion across diverse prompts and scenarios.
In contrast, SMRABooth specializes in learning fixed mo-
tion patterns from reference videos. Additionally, SMRA-
Booth leverages optical flow primarily for motion feature
extraction decoupled from appearance, further reducing the
coupling with appearance features through sparse LoRAs.
(2) Method Perspective: VideoJAM relies on extensive
training with video and optical flow, whereas SMRABooth
adopts a lightweight fine-tuning framework. VideoJAM uti-
lizes in-context learning, which requires a large amount of
training data, while SMRABooth’s temporal representation
alignment enables motion pattern learning from a single
video.
Limitations. While SMRABooth excels in customized sub-
ject and motion generation, it has some limitations. One
key limitation is its inability to handle multi-object cus-
tomized generation, a related and important area left un-
explored in this work. Expanding SMRABooth in this di-
rection could greatly enhance its versatility for more com-
plex scenarios. Another challenge is the lack of open-source
datasets for subject and video customization, limiting our
ability to conduct more extensive experiments to further
validate the model’s performance. Developing or access-
ing such datasets is crucial for advancing research in this
field.

4. Additional qualitative results generated by
our DiT-based method.
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Prompt: ”A V* dog is S* riding a bike around marble columns, with smooth stone floors 
echoing the sound of its wheels.”

Prompt: ”A V* toy bear is S* riding a bike around a carnival ground, with colorful lights 
overhead and music faintly playing.”

Prompt: ”A V* plushie panda is S* riding a bike on a cobblestone street, with shuttered 
windows above and market stalls closing nearby.”

Prompt: ”A V* plushie toy is S* playing the cello in a pastel-colored room, with 
sparkling fairy lights, fluffy rugs, and neatly arranged cushions.”

Prompt: ”A V* dog is S* playing the cello in a vibrant garden, with colorful flowers, a 
small fountain, and neatly trimmed hedges.”

Prompt: ”A V* cartoon demon is S* playing the cello in a volcanic cave, with jagged 
rocks, molten lava rivers, and glowing embers scattered across the ground.”

Figure 5. More qualitative results of our joint customization for subject and motion. In this case, we use a set of videos to guide our
model in learning the motion concept. SMRABooth generates customized videos that accurately preserve subject appearance and motion
patterns while remaining faithful to text prompts.
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Prompt: ” A V* toy duck is S* traveling along a small pond, with lily pads floating on the 
water, dragonflies buzzing, and ripples forming as fish swim below.”

Prompt: ” A V* orange Porsche car is S* traveling along a wide highway on the Moon, 
with gray lunar dust rising behind, distant craters surrounding the road, and the Earth 
shining brightly in the dark sky.”

Prompt: ” A V* cat is S* traveling along a forest trail, with soft moss underfoot, tall 
pine trees overhead, and the sound of birds chirping nearby.”

Prompt: ” A V* plushie panda is S* running through a bamboo forest, with tall green 
stalks rising overhead, patches of fallen leaves on the ground.”

Prompt: ” A V* plushie wolf is S* running through a meadow at sunrise, with tall grass 
swaying gently in the wind, wildflowers scattered across the field, and golden light 
spreading over the horizon.”

Prompt: ” A V* plushie tortoise is S* running beside a serene garden pond, willow 
branches leaning over the water, and the soft sound of rustling leaves.”

··· ···

Figure 6. More qualitative results of our joint customization for subject and motion. In this case, we use a set of videos to guide our
model in learning the motion concept. SMRABooth generates customized videos that accurately preserve subject appearance and motion
patterns while remaining faithful to text prompts.
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Prompt: ” A V* terracotta warrior is S* lifting weights in an ancient courtyard, with 
red lanterns hanging from the eaves, intricate stone carvings on the walls.”

Prompt: ” A V* dog is S* lifting weights in a garage gym, with dumbbells scattered 
around, a toolbox nearby, and sunlight streaming through a small window.”

Prompt: ” A V* cartoon demon is S* lifting weights in a fiery cavern, with molten lava 
flowing in the distance and smoke curling from cracks in the ground.”

Prompt: ” A V* dog is S* playing the piano in the middle of a vast desert under a starry 
sky, with a campfire glowing faintly nearby and cacti casting long shadows.”

Prompt: ” A V* toy robot is S* playing the piano inside a futuristic space station, with 
Earth visible through the window and equipment floating in zero gravity.”

Prompt: ” A V* toy bear is S* playing the piano in a child’s bedroom, with colorful 
posters on the walls, a star-patterned bedspread, and a bookshelf filled with storybooks.”

··· ···

Figure 7. More qualitative results of our joint customization for subject and motion. In this case, we use a set of videos to guide our
model in learning the motion concept. SMRABooth generates customized videos that accurately preserve subject appearance and motion
patterns while remaining faithful to text prompts.
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Prompt: ” A V* plushie sloth is S* playing the flute on a hammock strung between two 
palm trees, with a tropical beach and turquoise water nearby.”

Prompt: ” A V* cat is S* playing the flute under a sprawling oak tree, with golden 
autumn leaves scattered across the ground.”

Prompt: ” A V* cat is S* playing the flute on a sunny rooftop, surrounded by potted 
plants and a clear blue sky stretching above.”

Prompt: ” A V* dog is S* playing the guitar in a sunflower field, with tall yellow blooms 
swaying gently and a rustic farmhouse in the distance.”

Prompt: ” A V* plushie bear is S* playing the guitar on a wooden deck overlooking a 
serene lake, with tall pine trees and a small rowboat nearby.”

Prompt: ” A V* dog is S* playing the guitar on a sandy beach, with waves lapping at the 
shore, a colorful beach umbrella, and seagulls flying overhead.”

··· ···

Figure 8. More qualitative results of our joint customization for subject and motion. In this case, we use a set of videos to guide our
model in learning the motion concept. SMRABooth generates customized videos that accurately preserve subject appearance and motion
patterns while remaining faithful to text prompts.
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Prompt: ”A V* terracotta warrior is rowing a boat on a calm river, with willows hanging 
low and reflections shimmering on the water.”

Prompt: ”A V* dog runs swiftly through the ancient Parthenon Temple, weaving between 
towering marble columns that glow softly in the sunlight.”

Prompt: ”A V* dog is swimming energetically in a clear blue lake, creating splashes in the 
water, with reflections of the sky and surrounding trees shimmering on the surface.”

Prompt: ” A V* car is running under the neon lights of a bustling city, with skyscrapers 
towering overhead and colorful reflections glowing on the wet street.”

Prompt: ” A V* cat is running in the park, with soft grass under its paws, colorful flowers 
around, tall trees casting shadows, and warm sunlight streaming through the leaves.”

Prompt: ” A V* plushie bear is dancing joyfully in the middle of Times Square at night, 
surrounded by massive glowing billboards, flashing advertisements, vibrant city lights 
reflecting on the wet pavement, and a lively crowd capturing the moment with excitement.”

Generated Videos Generated Videos

Figure 9. More qualitative results of our customization for subject. In this case, We have customized and generated a variety of
different subjects, including various world historical sites and natural landscapes. Our cases fully demonstrate the accurate extraction of
theme features and the strong generalization capabilities of our model.
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[Proimpt] “A sleek alien with glowing purple skin and bioluminescent patterns is 
S* dribbling a bright green basketball in the middle of a mystical jungle, 
surrounded by oversized glowing plants and floating spores emitting soft light.”

[Proimpt] “A humanoid robot with a sleek metallic body is S* dribbling a 
basketball on a futuristic court, surrounded by holographic audience displays 
and neon-lit surroundings.”

[Proimpt] “A futuristic hover train with smooth, sleek designs is S* traveling 
across a sprawling desert canyon, with towering red cliffs and a deep blue 
sky stretching endlessly above.”

[Proimpt] “The wooden boat with a small cabin is S* traveling across the lake, 
leaving gentle ripples behind as seagulls fly overhead and the surrounding 
mountains reflect clearly on the calm water.”

Reference 
Motion

Generated Videos

[Proimpt] “A cyberpunk motorcycle with glowing neon accents is S* running 
through a rainy, high-tech cityscape, its lights reflecting on the wet pavement 
as holographic billboards illuminate the towering skyscrapers.”

[Proimpt] “A heavily armored tank with wide tracks is S* running across a vast 
desert, its wide tracks kicking up clouds of sand, with majestic pyramids visible 
in the background under a bright, sunny sky.”

[Proimpt] “A monk is S* playing the piano in a quiet temple hall, with candles 
flickering softly and ancient murals on the walls.”

[Proimpt] “A woman is S* playing the piano under a cherry blossom tree at 
night, with petals falling softly and a full moon casting a serene glow over the 
scene.”

Figure 10. More qualitative results of our customization for motion. In this case, We have customized and generated a variety of
different motion. Our cases fully demonstrate the accurate extraction of theme features and the strong generalization capabilities of our
model.
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Figure 11. (a) Global spatial representations capture the global
spatial structure and semantic information from the reference im-
age. (b) Global temporal representations capture object-level mo-
tion trajectories and motion trends from the reference video. (c)
Visualization of the receptive field of a patch in the final feature
map. The target patch captures global features, while intermediate
features focus only on local features.
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Figure 12. The design of the RAA module: It features a structure
similar to cross-attention but effectively bridges the gap between
receptive fields of varying sizes.

5. Details for our U-Net-based method

5.1. Technical details
For U-Net-based methods, the main challenge lies in the
mismatch of receptive fields between U-Net and ViT. This
inconsistency in receptive fields between encoder represen-
tations and U-Net features can cause semantic information
confusion during direct alignment. Thus, we introduce the
Representation-Aware Alignment (RAA) block (Fig. 11(c)
and Fig. 12). This block integrates each patch of local
features with the entirety of global representations, signif-
icantly augmenting the ability of local features to aware
global spatial structure and high-level semantic informa-
tion. Using these settings to train a spatial low-rank matrix
(LoRA) within spatial transformers, we can accurately pre-
serve the subject’s appearance from reference images. As
shown in Fig. 11(c), the ViT-based target network, with its

larger receptive fields and more feature channels, captures
richer semantic context per pixel compared to the U-Net-
based network, which is limited by smaller receptive fields.
Pixel-wise alignment of representations can lead to subopti-
mal generation quality due to mismatches in receptive field
size and semantic richness. While using a homogeneous
encoder seems like an intuitive solution, experiments re-
veal it is less effective than a heterogeneous encoder, as
detailed in the supplementary materials. To address this is-
sue, we propose a Representation-Aware Alignment (RAA)
block, which first fuses the feature distributions of the two
architectures instead of directly computing the loss between
them. This approach helps bridge the representational gap
between the ViT-based vision encoder and the U-Net-based.
We first compute the relation map between the intermediate
and target features and fuse the two features patch by patch.
The relation map is defined as:

R = softmax

(
hϕ(zt) · y∗⊤

√
d

)
, (1)

The fusion feature x∗ is then calculated as:

x∗ = R · y∗, (2)

Finally, feature alignment is realized through the loss func-
tion, defined as:

LSuRA(θ) = −Ex∗,ϵ,t

[
1

N

N∑
n=1

sim(y∗[n],x∗[n])

]
, (3)

where n is the patch index, and sim(·, ·) is a pre-defined
similarity function.

Moreover, to prevent subject LoRA from overfitting to
the background of the subject image during training, we in-
troduce masks M generated by SAM [4], which enforce the
model to focus only on the subject region. Formally, the
masked MSE loss is defined as:

Lregion = Ez,ϵ∼N (0,I),t,c

[
||(ϵ− ϵθ(zt, ci, t)) ·M||22

]
,
(4)

where M represents the mask applied to the subject region.
During training, the overall loss function is defined as:

L = Lregion + λLSuRA, (5)

where λ > 0 is a hyperparameter that balances the subject
representation alignment loss.

5.2. Experiment evaluation
Quantitative Evaluation. As shown in Table 1, SMRA-
Booth outperforms SOTA methods in text-video alignment,
visual similarity to reference images, and temporal consis-
tency. Specifically: (1) Compared to DreamVideo [9], SM-
RABooth improves CLIP-T from 0.298 to 0.329, CLIP-I
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Figure 13. Overview of SMRABooth for U-Net-based SMRABooth. The framework divides customized video generation into two
stages: subject learning and motion learning.

Table 1. Quantitative experimental results for different methods under the numerical evaluation metrics.

Method
Objective evaluation User study

CLIP-T↑ CLIP-I↑ DINO-I↑ T. Cons.↑ Prompt
Alignment

Motion
Similarity

Appearance
Similarity

Video
Quality

DreamVideo 0.298 0.609 0.302 0.970 2.751 2.867 2.676 2.767
MotionBooth 0.301 0.689 0.449 0.954 2.890 2.819 2.915 2.870
MotionDirector 0.295 0.759 0.597 0.989 3.023 2.915 3.165 3.078
SMRABooth(Ours) 0.329 0.760 0.612 0.986 3.488 3.501 3.543 3.499

Table 2. Quantitative ablation studies on each component in a sub-
set of our training set. We select 15 subject-motion pairs.

Method CLIP-T↑ CLIP-I↑ DINO-I↑ T. Cons.↑
w/o lSuRA 0.343 0.742 0.523 0.982
w/o RAA 0.338 0.744 0.561 0.985
w/o lMoRA 0.323 0.693 0.489 0.987
Ours 0.345 0.754 0.594 0.988

from 0.609 to 0.760, DINO-I from 0.302 to 0.612, and Tem-
poral Consistency from 0.970 to 0.986. (2) Compared to
MotionBooth [10], SMRABooth raises CLIP-T from 0.301
to 0.329, CLIP-I from 0.689 to 0.760, and Temporal Con-
sistency from 0.954 to 0.986. (3) Compared to MotionDi-
rector [8], SMRABooth improves CLIP-T from 0.295 to
0.329 while maintaining CLIP-I at 0.760. MotionDirec-
tor’s higher Temporal Consistency is due to still-image-like
outputs lacking realistic motion. In summary, SMRABooth
excels in text alignment, temporal coherence, and fidelity to
reference images and videos.
Effect of lSuRA. As shown in Table 2, lSuRA provides

high-level spatial information, helping the model preserve
global structure and semantic consistency. This ensures fi-
delity to reference identities while avoiding over-reliance on
low-level details, resulting in more coherent outputs.
Effect of RAA. As shown in Table 2, directly using pre-
trained visual encoder features as alignment targets de-
grades the model’s features, leading to suboptimal results.
The RAA block resolves this by fusing heterogeneous fea-
tures before alignment, allowing the model to better utilize
high-level semantic information and improve subject gener-
ation quality.
Effect of lMoRA. As shown in Table 2, lMoRA provides
object-level motion information, enabling the model to cap-
ture global motion trends and maintain coherent motion tra-
jectories. This ensures consistent and realistic motion while
disentangling appearance from motion dynamics.

6. Additional qualitative results generated by
our U-Net-based method.
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[Concept video] “A V* dog is S* playing guitar in the room. ”
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[Concept video] “A V* dog is S* playing guitar in a park. ”

[Concept video] “A V* plushie tortoise is S* playing guitar in a room. ”

···

[Concept video] “A V* dog is S* riding a bike on the beach. ”
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[Concept video] “A man is S* riding a V* motorbike on the road. ”

[Concept video] “A V* plushie teddybear is S* riding a bike on the road. ”

Figure 14. More qualitative results of our joint customization for subject and motion. In this case, we use a set of videos to guide our
model in learning the motion concept. SMRABooth generates customized videos that accurately preserve subject appearance and motion
patterns while remaining faithful to text prompts.

[Single video] “A V* dog is S* running in the field. ”

Reference
Subject

Reference 
Motion

[Single video] “A V* cat is S* walking in a garden. ”

[Single video] “A V* dog is S* running in a park. ”

[Single video] “A V* dog is S* running on the road. ”

Reference
Subject

Reference 
Motion

[Single video] “A V* toy car S* running on the snow road. ”

[Single video] “A V* car is S* driving past the sea. ”

······

Figure 15. More qualitative results of our joint customization for subject and motion. In this case, we use a single video to guide our
model in learning the specific object motion. SMRABooth generates customized videos that accurately preserve subject appearance and
motion patterns while remaining faithful to text prompts.



Reference
Subject

Reference
Subject

[No video] “A V* dog jumping past the Egyptian pyramids. ”

Generated Videos Generated Videos

[No video] “A V* toy duck swimming past the Sydney Opera House.”

[No video] “A V* plushie panda running on the Great Wall.” [No video] “A V* dog jumping in Parthenon Temple.”

[No video] “A V* plushie tortoise swimming around the coral reef.” [No video] “A V* car running past the seashore.”

[No video] “A V* dog standing under the beautiful aurora.”

[No video] “A V* toy robot walking past the Effiel Tower.”[No video] “A V* dog running in Angkor Wat.”

[No video] “A V* plushie wolf running under the beautiful aurora.”

Figure 16. More qualitative results of our customization for subject. In this case, We have customized and generated a variety of
different subjects, including various world historical sites and natural landscapes. Our cases fully demonstrate the accurate extraction of
theme features and the strong generalization capabilities of our model.

Reference 
Motion Generated Videos Reference 

Motion Generated Videos

[Concept video] “A man is S* riding a bike past the Eiffel Tower.”

[Concept video] “A panda is S* riding a bike in the graden.”

[Single video] “A tank is S* running on the moon.”

[Single video] “A lion is S* running running past the pyramids.”

[Single video] “A dolphin is S* swimming in the sea.”

[Single video] “A shark is S* swimming in the sea.”

[Concept video] “A teddy bear is S* playing guitar on Mars.”

[Concept video] “A super Mario is S* playing guitar in the garden.”

Figure 17. More qualitative results of our customization for motion. In this case, We have customized and generated a variety of
different motion. Our cases fully demonstrate the accurate extraction of theme features and the strong generalization capabilities of our
model.
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