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Abstract

Benefiting from large-scale pre-training of text-video pairs,
current text-to-video (T2V) diffusion models can generate
high-quality videos from the text description. Besides, given
some reference images or videos, the parameter-efficient fine-
tuning method, i.e. LoRA, can generate high-quality cus-
tomized concepts, e.g., the specific subjects or the motions.
However, combining the trained multiple concepts from dif-
ferent references into a single network shows obvious arti-
facts. To this end, we propose CustomTTT, where we can
joint custom the appearance and the motion of the given video
easily. In detail, we first analyze the prompt influence in the
current video diffusion model and find the LoRAs are only
needed for the specific layers for appearance and motion cus-
tomization. Besides, since each LoRA is trained individually,
we propose a novel test-time training technique to update pa-
rameters after combination utilizing the trained customized
models. We conduct detailed experiments to verify the effec-
tiveness of the proposed methods. Our method outperforms
several state-of-the-art works in both qualitative and quanti-
tative evaluations.

1 Introduction
In the realm of text-to-video (T2V) diffusion models (Guo
et al. 2023; Chen et al. 2023, 2024a; Sterling 2023), sig-
nificant progress has been achieved through large-scale pre-
training of text-video pairs, enabling the generation of high-
quality videos from text descriptions. However, these pre-
trained models present difficulties in generating specific ob-
jects or motions that are hard to describe from text prompts
only.

To solve this problem, early model customization meth-
ods, e.g., Dreambooth (Ruiz et al. 2023), LoRA (Hu et al.
2021), are proposed to produce customized concepts, such
as specific subjects or motions, when providing reference
images or videos. However, these methods focus only on
the specific one concept. There are also some works for the
multi-concept generation. However, they are mostly works
for the two different subjects (Yuan et al. 2023; Kumari et al.
2023). For the customized appearance and motion, the pio-
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neer works (Wei et al. 2024) still face the problem of appear-
ance overfitting and low-fidelity.

We aim for multiple customization methods including
the subject and the motion. Inspired by the current LoRA
merged methods (Yadav et al. 2024; Yu et al. 2024), we can
train different LoRAs and merge them for this purpose. Dif-
ferently, in our task, we can naturally select different lay-
ers (i.e., spatial and temporal layers) in video diffusion mod-
els for motion and appearance customization. However, the
resulting video shows heavy artifacts. Thus, we should fine-
tune the model when merging two LoRAs to reduce the con-
flicts during the merging process further.

Therefore, we present CustomTTT for joint motion and
appearance customization. In detail, to find the most crite-
ria layers for appearance and motion modeling in the VDM,
we perform the text-embedding replacement experiment in-
spired by the text-to-image customization method (Frenkel
et al. 2025). On the other hand, after training and interpo-
lating two LoRA adapters for motion and appearance cus-
tomization, we utilize the pre-trained single LoRA model
to produce a suitable reference latent for distillation in a
certain step. Thus, the multi-customized model can learn to
guarantee the motion and appearance from their single cus-
tomized reference. We conduct the experiments over various
motions and the subject reference. Compared with state-of-
the-art methods, our method shows much better visual qual-
ity and text-video alignment under the multi-customization
settings.

Overall, the contribution can be summarized as:

• We analyze the prompt embedding importance in the
T2V model for the first time and train LoRA adapters on
the specific layers for better multiple-concept customiza-
tion.

• We design a novel test-time training process to improve
the text-video alignment in multiple concept customiza-
tion.

• The experiments show the advantage of the proposed
method over current methods.
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A man is lifting weights. A girl is playing flute.

Motion

Appearance

plushie panda. A plushie panda is lifting weight in the room. A plushie panda is playing flute by the waterfall.

Figure 1: Given a single video for motion reference and a few images for appearance reference, our method can generate
customized videos with multiple customized concepts in terms of the combinations of appearance and motion.

2 Related Work
2.1 Text-to-Video Diffusion Model
The Diffusion Model (Ho, Jain, and Abbeel 2020; Song,
Meng, and Ermon 2021) has reinvented the research in video
generation with the pre-trained text-to-image latent diffusion
model (Rombach et al. 2022) as the basis. Different from
previous methods which only can generate the video in the
specific domain (e.g., face (Siarohin et al. 2019; Zhang et al.
2023), body (Siarohin et al. 2021)), these text-to-video dif-
fusion models (Guo et al. 2023; Chen et al. 2023, 2024a;
Sterling 2023) are based on the pre-trained text-to-image
model (Rombach et al. 2022) and train the temporal layers to
model motion. After large-scale training, these methods can
generate open-domain realistic videos from text prompts.
However, the specific object or motion is hard to describe
via text only. Thus, training the diffusion-based model for
the specific appearance or motion is critical.

2.2 Model Customization
Fine-tuning the pre-trained large text-to-image/video mod-
els (Rombach et al. 2022; Chen et al. 2023, 2024a) to gen-
erate the customized image (or video) is naturally. Since the
specific object/motion can not be described easily in text.
Early works (Ruiz et al. 2023; Hu et al. 2021; Gal et al. 2022)
focus on single subject customization via additional training,
as well as multiple subjects (Yuan et al. 2023; Kumari et al.
2023) and also for video (Jiang et al. 2024). Recent works
are to customize the motion of the video by decoupling the
training of the spatial and temporal (Zhao et al. 2025; Wang
et al. 2024; Ren et al. 2024). The most related work to our
method is DreamVideo (Wei et al. 2024), they train addi-
tional adapters for motion and appearance customization.
However, the performance is still restricted by the appear-
ance overfit or the motion correctness.

2.3 Test-time Training
Test-time training (TTT) aims to improve the performance
of the specific sample when testing without the label. Pre-
vious works have proved its efficiency on image classifica-
tion (Wang et al. 2020; Gandelsman et al. 2022; Sun et al.

2020; Schneider et al. 2020), video object segmention (Liu
et al. 2024a; Wang et al. 2023). The core of the TTT is to de-
sign a self-supervised proxy function, e.g., the rotation (Sun
et al. 2020), the masked image reconstruction (Gandelsman
et al. 2022), so as the pre-trained knowledge can be updated
via this proxy gradient. In our multiple customizations of ap-
pearance and motion, we use this method in diffusion-based
customization to update the parameters after the LoRA com-
bination. We construct the relationship between the multiple
and the single customization model.

3 Method
We aim to generate a highly customized video from text,
where the motion and appearance are from different given
references. These references may include a video for mo-
tion guidance and 3-5 images for appearance guidance. To
achieve this goal, we utilize the pre-trained Text-to-Video
Diffusion Models (Guo et al. 2023) as the base model and
train the LoRAs (Hu et al. 2021) for motion and appearance
customization, respectively. However, directly incorporating
individually trained temporal and spatial LoRAs into a sin-
gle pre-trained model for multiple customizations will typ-
ically fail. To this end, we first perform an in-depth prompt
importance analysis in the pre-trained video diffusion model
and show that LoRAs should be added in the correct layers
only to influence the motion and appearance. To further im-
prove the combined results, we introduce a novel test-time
training phase when interpolating two LoRAs. Below, we
first introduce the preliminaries in the video diffusion model
and LoRA as the background knowledge in Sec. 3.1. Then,
we give the details of LoRA analysis and the LoRA cus-
tomization in Sec. 3.2 and Sec. 3.3, respectively. Finally, we
give the details of the proposed test-time training process
after LoRA combinations in Sec. 3.4.

3.1 Preliminary
Text-to-Video Diffusion Models Text-to-video diffusion
models aim to generate realistic videos from text prompts.
Based on the text-to-image latent diffusion model, i.e., sta-
ble diffusion model (Rombach et al. 2022), these methods
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Figure 2: The overall pipeline. We first train the LoRAs on the specific layers for appearance (a) and motion (b) customization
individually. Then, we design a test-time training method to further improve the results when combining.

add the Gaussian noise in the encoded video, i.e. latent, in
training, where a denoising UNet is used to predict the added
step noise. Given a text condition c, the parameters θ of the
denoising U-Net ϵθ are optimized using the following recon-
struction loss:

Ez0,c,ϵ∼N (0,I),t∼U(0,T )[ ||ϵ− ϵθ (zt, t, τc) ||22
]
, (1)

where z0 represents the latent of the encoded training video,
τc refers to the pre-trained text encoder τ with prompt c, ϵ is
the Gaussian noise added to the latent code, and t denotes the
time step. The latent variable zt at time t can be expressed
as a function of the initial latent variable z0, the noise ϵ, and
the time step t. Typically, this process is formulated as:

zt =
√
αtz0 +

√
1− αtϵ, (2)

where αt is a time-dependent scaling factor. After training,
this diffusion model can generate the video from text and
noise with a T step progressive sampling process.

LoRA Low-Rank Adaptation (LoRA, (Hu et al. 2021)) is
an effective technique for adapting large pre-trained mod-
els to down-streaming tasks with few training-able param-
eters. To achieve this goal, LoRA introduces a low-rank
decomposition-based method to the model’s weight matrix,
enabling efficient adaptation to new tasks while maintaining
the model’s original capabilities.

Given the weight matrix W0 ∈ Rm×n of the origi-
nal pre-trained model, LoRA uses two low-rank matrices

A ∈ Rm×r (r << m) and B ∈ Rr×n (r << n) to shift
the trained distribution according to the new data training.
Thanks to the low-rank matrix in A and B, LoRA updates
the model more efficiently than the full rank matrix and
shows comparable results with full training. Specifically, the
new weight matrix W can be represented as:

W = W0 +△W = W0 +AB. (3)

3.2 Prompt Influence Analysis in VDM
As introduced previously, directly combining the trained
spatial and temporal LoRA results in low-fidelity videos. To
address this problem, instead of adding LoRAs in each layer,
we aim to find the most crucial layers for appearance (or mo-
tion) modeling so that we can customize different layers to
decouple training and reduce the risk of overfitting.

Before introducing our analysis, we first show the
overview architecture and some definitions of the current
T2V diffusion model to clarify. As shown in Fig. 3, take
AnimateDiff (Guo et al. 2023) as an example, the denois-
ing UNet often comprises four down-sampling modules, one
middle module, and four up-sampling modules. Each layer
consists of a spatial module and a temporal module, respec-
tively. The spatial module contains several res-blocks (He
et al. 2016), self-attention (Vaswani et al. 2017) and cross-
attention layers while every motion module contains tempo-
ral attention layers to model the temporal information. To
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Figure 3: Examines the influence of the i-th layer on the
appearance and motion in video generation. The text prompt
p∗ is injected into the i-th layer, while the text prompt p is
injected into all other layers.

p=“A koala”               p*=“A tiger”

6,p i p j iV →  →  p allV →6,p i p j iV → = →  2 6,p i p j iV → = → ，

Figure 4: The effect of prompt injection on appearance. In-
jecting p∗ into both i = 2, 6 shows comparable results with
p∗ all injections.

generate a video, a single text prompt p is embedded into all
the cross-attention layers of the pre-trained spatial module.
Considering each spatial module as a whole layer, we can
mark the video generation process as Vp→i∈[0,...,8], where i
is the index of the layers using p.

Inspired by the customized text-to-image method, i.e., B-
LoRA (Frenkel et al. 2025), to find the importance of the
prompt embedding in each layer, we analyze by replacing
one of the text embeddings in all the pre-trained video diffu-
sion model with the new one and keep other text embeddings
unchanged. So, we can observe the relationships between
the given hybrid text prompts and the generated video. For-
mally, considering the original prompt p and the new prompt
p∗, we can generate the video via Vp∗→I,p→J , where I and J
are the module indexes of the prompt p∗ and p, respectively.

As shown in Fig. 4, for appearance, when we only insert
p∗ in the layer 6, Vp∗→i=6,p→j ̸=i, the video predominantly
depicts a tiger instead of a koala. However, if we modify
the embedding in other locations, the results might not show
the correct changes. Besides, if we change the prompt in
layer i = 6 only, the tiger’s behavior still resembles that
of a koala. Consequently, we undertake an additional round
of the experiment by incorporating a new text embedding
replacement within the remaining embeddings. As shown in
Fig. 4, by injecting the new prompt p∗ at both i = 2, 6, while
keeping p unchanged for other layers, the resulting video ac-

 p=“A dog is swimming”   p*=“A dog is running”

p allV →

2,p i p j iV →  → 

2,4,p i p j iV → = → 

2,p i p j iV → = → 

Figure 5: The effect of prompt injection on motion. Injecting
p∗ into both i = 2, 4 can remove the influence of prompt p.

curately depicts tiger characteristics without koala interfer-
ence. This outcome is comparable to injecting “a tiger” into
all layers, indicating that i = 2, 6 are the most important
layers for controlling appearance.

Since motion is critical for video, we also conduct a sim-
ilar experiment replacing the motion-related words in the
prompt. e.g., in Fig. 5, we replace one of the text embeddings
of the text prompt p (“a dog is swimming”) with p∗ (“a dog
is running”). Similar to appearance analysis, initially, inject-
ing p∗ into a single layer reveals that i = 2 could generate
the action described by p∗ as shown in the second row of
the Fig. 5. However, using only a single p∗ injection still re-
sults in motion influenced by p as the dog is running in wa-
ter, which corresponds to p’s description of “a dog is swim-
ming”. This indicates that other layers also significantly im-
pact motion. Building on (Vp∗→i=2,p→j ̸=i), we add p∗ to
other layers and discovered that injecting p∗ into i = 4 re-
sulted in a realistic running motion. Therefore, we conclude
that the most critical layers for motion are i = 2 and i = 4.

3.3 Train LoRAs Individually for Customization

As shown in the Fig. 2 (a), (b), based on the above obser-
vations, we train the LoRA weight ∆W 2,6

s on the spatial
modules’ 2, 6-th layers for appearance customization.As for
the motion customization, current video diffusion models do
not have a temporal layer at i = 4 and do not have cross-
attention at i = 3 and i = 5, making it impossible to de-
termine their importance through the injection of prompts p
and p∗. Thus, we train the LoRAs ∆W 2,5

t on the neighbor
temporal layers at i = 2, 5 for motion customization. All the
experiments are done using the basic training method as in-
troduced in Sec 3.1. Since spatial and temporal LoRAs are
placed in different layers, this combination more effectively
mitigates conflict in merging weights.
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Figure 6: Visual comparison with other state-of-the-art methods.

3.4 Test-time Training for LoRA Combination
Directly combining our individually learned LoRA ∆W 2,5

t
and ∆W 2,6

s into a single base model already shows better
performance than the fully added ones. To further improve
the text-video alignment, we propose a novel test-time train-
ing process. This is achieved by distilling the knowledge
from the single LoRA model as the teacher model.

As shown in Fig. 2 (c), formally, given the pre-trained
T2V diffusion model ϵθ, trained LoRA weights of ∆W 2,6

s

and ∆W 2,5
t individually, we first inference f step us-

ing DDIM (Song, Meng, and Ermon 2021) to generate
a reference latent zsf via DDIM(x, ϵ(c′; ∆W 2,6

s )), where
ϵ(·; ∆W 2,6

s ) is the solo appearance customized model and
c′ are the related prompt to increase the diversity of the ref-
erence model. Then, we consider it as the target and add
the Gaussian noise ϵ′ to zsf to obtain zsf+1 as the input for
finetune. We call it appearance preservation loss Lap since
it measures the difference between the multi-customized
model, which can be written as follows:

Lap = ||ϵθ(zsf+1, τc; ∆W2,6
s ,∆W2,5

t )− ϵ′||2, (4)

where ∆W2,6
s and ∆W2,5

t are the training-able copy of
∆W 2,6

s and ∆W 2,5
t , respectively.

Meanwhile, we design a temporal preservation loss to
have a similar temporal motion as the videos of the orig-
inal model. Inspired by the temporal debiased loss (Zhao

et al. 2025), for the latent ϵi in each frame i, we calculate
the added noise of each latent as:

ϕ(ϵi) =
√
β2 + 1ϵi − βanchor, (5)

where βanchor is the selected frame as the anchor frame to
remove the influence of the appearance. Similar to appear-
ance finetune, we generate a reference motion latent of ztf
via DDIM(f, ϵ(c′′; ∆W 2,5

t )). We then calculate the tem-
poral preservation loss as follows:

Ltp = ||ϕ(ϵ′′)− ϕ(ϵθ(z
t
f+1, τc; ∆W2,6

s ,∆W2,5
t ))||2, (6)

where ϵ′′ is the added noise for training.
Finally, the motion LoRAs ∆W2,5

t and appearance Lo-
RAs ∆W2,6

s will be jointly trained via optimizing Lap and
Ltp, iteratively. After training, they can be directly used for
inference.

4 Experiments
4.1 Settings and Implement Details
Dataset Following previous methods (Kumari et al. 2023;
Wei et al. 2024), for appearance customization, we collect
a total of 13 objects from Dreambooth (Ruiz et al. 2023)
and CustomDiffusion (Kumari et al. 2023), including pets,
vehicles, toys, etc. For motion customization, we source 18
sets of videos from the UCF101 (Soomro, Zamir, and Shah

1875



Method Train-able
parameters

Objective evaluation User study

CLIP-T CLIP-I Temporal
consistency

Motion
similarity

Appearance
similarity

Prompt
alignment

Video
quality

Full LoRA 28.26M 0.294 0.687 0.977 3.791 3.618 3.945 3.627
DreamVideo 85.00M 0.271 0.681 0.969 2.758 3.518 2.718 2.891
MotionDirector 21.26M 0.269 0.690 0.965 3.164 3.264 2.836 3.055
DiffDirector 30.46M 0.287 0.685 0.971 3.773 3.491 3.727 3.427
Ours 12.12M 0.301 0.712 0.978 3.873 4.045 4.102 3.954

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

2012), the UCF (Soomro and Zamir 2015) Sports Action
datasets, and the DAVIS dataset (Pont-Tuset et al. 2017).
Each set includes 5 prompts for appearance and motion, cov-
ering various scenarios.

Implementation details Our approach uses AnimateD-
iff (Guo et al. 2023) as the base T2V model, trained with the
LION optimizer (Chen et al. 2024b). The learning rate for
the spatial LoRA is set at 1e − 5, while the temporal LoRA
is trained with a learning rate of 5e−5. Both types of LoRA
are trained for 500 steps with a rank set to 32. In the test-time
training phase, we set the learning rate to 1e−6 and train for
30 steps. During inference, we employ DDIM (Song, Meng,
and Ermon 2021) sampling with 25 steps and a classifier-
free guidance (Ho and Salimans 2022) scale of 9. We gen-
erate 16-frame videos at a resolution of 256×256 and 8 fps.
All experiments are performed on a single A6000 GPU.

4.2 Comparison with Other SOTA Methods

To demonstrate the effectiveness of our method in customiz-
ing video appearance and motion, we compare it with sev-
eral current open-source methods. (1) DreamVideo (Wei
et al. 2024) achieves appearance and motion customiza-
tion by separately adding an ID adapter and a Motion
Adapter. (2) MotionDirector (Zhao et al. 2025) is based
on the ZeroScope (Sterling 2023) T2V model, with a dual-
path LoRAs architecture that decouples the learning of ap-
pearance and motion. (3) DiffDirector (MotionDirector-
AnimateDiff) (Zhao et al. 2025) replaces the original Zero-
Scope in MotionDirector with the pre-trained AnimateDiff
for a fair comparison. (4) Full LoRA fine-tunes all the spa-
tial and temporal attention blocks using LoRA based on the
pre-trained AnimateDiff individually.

Visual Comparison As shown in Fig. 6, given reference
video and images for motion and appearance customization,
directly training using full LoRAs shows the visual artifacts.
MotionDirector and DiffDirector use the same method with
different backbones, they perform well in motion customiza-
tion. However, they have a very different appearance from
the reference images. Besides, DreamVideo seems to over-
fit the given reference, which has weak connections with
the text prompt. Differently, the proposed method achieves a
similar behavior to the reference video and also shows high-
quality subject customization and text-video alignment.

Fine-tuning 
Δ𝑊𝑠

0,1 & Δ𝑊𝑡
1,7

Fine-tuning 
Δ𝑊𝑠

2,6 & Δ𝑊𝑡
1,7

Fine-tuning 
Δ𝑊𝑠

0,1 & Δ𝑊𝑡
2,5

Fine-tuning 
Δ𝑊𝑠

2,6 & Δ𝑊𝑡
2,5

A car. A bus is running.

A car is running on a mountain road.

Appearance Motion

Figure 7: We finetune LoRAs in the specific layers as dis-
cussed in Sec. 3.2. The selected layers show the best perfor-
mance in terms of motion and appearance customization.

Numerical Comparison We employ three metrics to eval-
uate our method following previous works (Liu et al. 2024b;
Wei et al. 2024). (1) CLIP-T measures the alignment be-
tween the text and the video by encoding both into embed-
dings using a clip encoder and calculating their average co-
sine similarity. (2) CLIP-I assesses the visual alignment be-
tween the generated video and reference images by comput-
ing the average similarity of their respective embeddings.
(3) Temporal Consistency evaluates the continuity between
consecutive video frames by determining the average cosine
similarity of their clip embeddings. As shown in Tab. 1, the
proposed method shows the best performance in terms of
visual quality, temporal consistency, and the alignment be-
tween the reference image and video. Besides, since we only
train the LoRAs on the specific layers, our method has fewer
trainingable parameters than others.
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f = 5

Appearance Reference

+ …

A teedy bear. A man is playing guitar.

f=10

A teedy bear is playing guitar 
on the Mars.

A teedy bear is playing guitar 
on the snow.

Motion Reference

Figure 8: The influence of the sampling steps of the refer-
ence latent in our test-time training stage, using 5 steps of
DDIM sampling improves the text-video alignment.

User Studies We also conduct user studies to show the ef-
fectiveness of the proposed methods. In detail, we invert 11
participants to vote for 10 generated videos in terms of mo-
tion similarity, appearance similarity, prompt alignment, and
video quality. Each video will be ranked from different as-
pects, scoring from 1 to 5. Overall, we get 440 opinions. As
shown in Table. 1, our methods achieve the best score over
other state-of-the-art methods.

4.3 Ablation Studies
The effectiveness of training LoRA in crucial layers. In
Sec. 3.2, we have analyzed the effectiveness of the prompt
replacement. Here, we show that training LoRAs on the pro-
duced layers improves the performance. As shown in Fig. 7,
training LoRA in other location, e.g., ∆W 0,1

s and ∆W 1,7
t

can not customize the appearance and the motion. Fine-
tuning the LoRAs on the ∆W 2,5

t or ∆W 2,6
s solely performs

motion or appearance customization. Ideally, utilizing the
∆W 2,6

s and ∆W 2,5
t show the better performance on the mul-

tiple customization.

The effectiveness of reference sampling steps f . We val-
idate the influence of our reference latent. As shown in
Fig. 8, directly combining the LoRAs w/o TTT shows wrong
backgrounds. However, training the model using reference
latents will improve the text-video alignment. We evaluate
the steps f of the reference latent, where it performs the best
at f = 5 using DDIM sampling.

The effectiveness of test-time training steps. The num-
ber of training steps for TTT significantly affects the results,
as shown in Fig. 9. We only require 30 steps to modify a

A dog is walking under a tree.

w/o TTT

A dog. A bear is walking.

Training 
step=30

Appearance Motion

Training 
step=150

Training 
step=300

Figure 9: Ablation study results on test-time training across
different numbers of training steps.

stone pillar in the video to a tree, making it consistent with
the prompt description. However, excessive training can lead
to artifacts and unnatural effects in the video.

5 Conclusion
We present a new method to achieve both motion and ap-
pearance customization in a single network using LoRAs.
To handle the problem of LoRA merges, we first give a de-
tailed analysis to show the most critical layers for video cus-
tomization in terms of motion and appearance. Then, we de-
sign a novel test-time training process that utilizes the pre-
trained single LoRA model as guided to further improve the
text-video alignment. Based on the proposed methods, our
method achieves state-of-the-art appearance and motion cus-
tomization performance. We believe our findings about the
video diffusion model will also benefit the training and the
designing of the text-to-video diffusion model.
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