
DIMO: Diverse 3D Motion Generation for Arbitrary Objects

Supplementary Material

This document contains more implementation details and
more results not elaborated in our paper as follows:
• Demo Video (Appendix A)
• Experiments on Challenging Objects (Appendix B)
• Motion-Rich Video Generation Details (Appendix C)
• Implementation Details (Appendix D)
• Experiment Details (Appendix E)
• Limitations and Future Directions (Appendix F)
We open-sourced our codes in https://github.com/Friedrich-
M/DIMO to benefit future research in 4D generation.

A. Demo Video
To better visualize our diverse 3D motion generation results
and to compare them with baseline methods beyond 2D im-
ages, we provide a demo video in the supplementary folder.
This video also includes a brief visualization to enhance un-
derstanding of our overall pipeline, illustrating where the
diverse motions come from and how to jointly model these
motion patterns in a unified motion latent space.

B. Experiments on Challenging Objects

Multi-Object and Large Motions. To show the effective-
ness of DIMO to deal with real-world scenarios with multi-
object or large motions, we conduct experiments on the
DAVIS [12] dataset. DIMO can produce noticeable and ac-
curate motions in real-world videos with multi-objects and
large motions as shown in Fig. 1.
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Figure 1. Qualitative results on real-world DAVIS dataset.

To further evaluate our robustness in real-world scenes,
we quantitatively compare our method with the recent
4D scene generation method DreamScene4D [4] on the
DAVIS [12] dataset in Tab. 1. Following DreamScene4D,
we adopt CLIP [13] and LPIPS [25] to evaluate the genera-
tion quality and conduct a user study to evaluate the overall
visual quality. The results show that DIMO can achieve
comparable or even better 4D generation quality against the
task-specific scene-level method DreamScene4D.

Deformable and Fluid Objects. As mentioned in our main
paper, our DIMO can handle a wide range of objects, in-

cluding deformable and fluid objects. Here we demon-
strate our effectiveness in generating deformable soft flag
and splatting liquid water from the Objaverse [5] dataset in
Fig. 2, which further supports our claim.
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Figure 2. Qualitative results on deformable and fluid objects.

C. Motion-Rich Video Generation

We distill motion priors by generating motion-rich video
clips for various object categories, including synthetic and
real-world objects. Specifically, given a single-view image,
we first segment the foreground object with SAM2 [14] and
then crop and rescale the image to 512×512. We generate
diverse motion prompts using fine-tuned Llama3 [17] and
GPT-4o [1] and employ the open-sourced, text-conditioned
image-to-video model CogVideoX5B-I2V [22] to perform
single-view video generation. To further capture the object
geometry, we employ multi-view video models SV3D [19]
and SV4D [21] to generate multiple views of the object. We
provide the system prompts used for GPT-4o and more de-
tails about both the single-view and multi-view video gen-
eration processes below.

C.1. Motion Prompts Preparation

"Meta" prompt as Template

Llama3

Set of diverse motion prompts

Input Image

Figure 3. Overview of Motion Prompts Generation.

As shown in Fig. 3, given a reference image and a “meta”
prompt generated by Llama3 [17] (blue box) as input, we
employ the multi-modal large language model GPT-4o [1]
to generate diverse motion prompts (pink box) for subse-
quent video generation. The GPT-4o system prompts are
provided below.

https://github.com/Friedrich-M/DIMO
https://github.com/Friedrich-M/DIMO


Table 1. Comparison with DreamScene4D [4] on DAVIS [12] subset. The quantitative results demonstrate the effectiveness of our
methods in real-world scenarios with large and multi-object motions.

Method CLIP ↑ LPIPS ↓ User Preferencestroller rollerblade breakdance stroller rollerblade breakdance

Ours 86.68 85.87 86.62 0.2345 0.1359 0.1522 60.47%
DreamScene4D [4] 85.29 89.22 78.58 0.2755 0.1379 0.1698 39.53%

Motion Prompts Generation
1 ”””
2 ** O b j e c t i v e **: ** Give f i f t y d i f f e r e n t

and h i g h l y d e s c r i p t i v e v i d e o
c a p t i o n s w i t h d i v e r s e m o t i o n s based
on t h e i n p u t image and u s e r i n p u t .
* * . As an e x p e r t , d e l v e deep i n t o
t h e image w i t h a d i s c e r n i n g eye ,
l e v e r a g i n g r i c h c r e a t i v i t y , and
m e t i c u l o u s t h o u g h t . When d e s c r i b i n g
t h e d e t a i l s o f an image , i n c l u d e
a p p r o p r i a t e dynamic i n f o r m a t i o n t o
e n s u r e t h a t t h e v i d e o c a p t i o n
c o n t a i n s r e a s o n a b l e a c t i o n s and
p l o t s . The c a p t i o n s h o u l d be
m o d i f i e d a c c o r d i n g t o t h e u s e r ’ s
i n p u t .

3
4 ** Note **: The i n p u t image i s t h e f i r s t

f rame o f t h e v ideo , and i t ’ s a
s i n g l e −c e n t e r e d o b j e c t w i t h a w h i t e
background , and t h e o u t p u t v i d e o
c a p t i o n s h o u l d d e s c r i b e mot ion
s t a r t i n g from t h e c u r r e n t image .
User i n p u t i s a t e m p l a t e o f one
p o s s i b l e v i d e o c a p t i o n w i t h a
s p e c i f i c mot ion , and t h e model
s h o u l d g e n e r a t e d i f f e r e n t v i d e o
c a p t i o n s w i t h d i v e r s e m o t i o n s
a c c o r d i n g t o t h e u s e r i n p u t .

5
6 ** Note **: Don ’ t c o n t a i n camera

t r a n s i t i o n s ! ! ! Don ’ t c o n t a i n s c r e e n
s w i t c h i n g ! ! ! Don ’ t c o n t a i n
p e r s p e c t i v e s h i f t s ! ! !

7
8 ** Answer ing S t y l e **:
9 Answers s h o u l d be comprehens ive ,

c o n v e r s a t i o n a l , and use c o m p l e t e
s e n t e n c e s . P r o v i d e c o n t e x t where
n e c e s s a r y and m a i n t a i n a c e r t a i n
t o n e . The mot ion s h o u l d be d i v e r s e ,
r e a s o n a b l e , s imp le , and n o t t o o
e x a g g e r a t e d .

10
11 ** Outpu t Format **: a comprehens ive ,

c o n v e r s a t i o n a l l i s t o f v i d e o

c a p t i o n s t h a t d e s c r i b e t h e mot ion i n
t h e f o l l o w i n g JSON f o r m a t :

12
13 {
14 ” m o t i o n t y p e ”: ” S h o r t d e s c r i p t i o n

o f t h e mot ion ” ,
15 ” v i d e o c a p t i o n ”: ” D e t a i l e d

d e s c r i p t i o n o f t h e v i d e o c a p t i o n
”

16 }
17
18 u s e r i n p u t :
19 ”””

(Optional) Given the generated “meta” prompt from
Llama3, we refine it to a standard template for GPT-4o fol-
lowing a unified structure as follows.

Meta Prompt Refinement
1 ”””
2 ** O b j e c t i v e **: P r o v i d e a h i g h l y

d e s c r i p t i v e v i d e o c a p t i o n based on
t h e i n p u t image and u s e r i n p u t . As
an e x p e r t , d e l v e d e e p l y i n t o t h e
image w i t h a d i s c e r n i n g eye ,
l e v e r a g i n g r i c h c r e a t i v i t y and
m e t i c u l o u s t h o u g h t . When d e s c r i b i n g
t h e d e t a i l s o f t h e image , i n c l u d e
a p p r o p r i a t e dynamic i n f o r m a t i o n t o
e n s u r e t h a t t h e v i d e o c a p t i o n
c o n t a i n s r e a s o n a b l e a c t i o n s and
p l o t s . I f t h e u s e r i n p u t i s n o t
empty , r e f i n e t h e c a p t i o n p r o v i d e d
by t h e u s e r .

3
4 ** Note **: The i n p u t image i s t h e f i r s t

f rame o f t h e v ideo , and t h e o u t p u t
v i d e o c a p t i o n s h o u l d d e s c r i b e t h e
mot ion s t a r t i n g from t h e c u r r e n t
image . The u s e r i n p u t i s a meta
prompt used as a t e m p l a t e .

5
6 ** I m p o r t a n t **: Do n o t i n c l u d e camera

t r a n s i t i o n s , s c r e e n s w i t c h i n g , or
p e r s p e c t i v e s h i f t s .

7



8 ** Answer ing S t y l e **: Answers s h o u l d be
comprehens i ve , c o n v e r s a t i o n a l , and
use c o m p l e t e s e n t e n c e s . The answer
s h o u l d be i n E n g l i s h r e g a r d l e s s o f
t h e u s e r ’ s i n p u t . P r o v i d e c o n t e x t
where n e c e s s a r y and m a i n t a i n a
c o n s i s t e n t t o n e . Begin d i r e c t l y
w i t h o u t i n t r o d u c t o r y p h r a s e s l i k e ”
The image / v i d e o showcases ” or ”The
pho to c a p t u r e s . ” The g e n e r a t e d
prompt s h o u l d i n c l u d e two p a r t s
s e p a r a t e d by ”As t i m e p r o g r e s s e s . ”
The f i r s t p a r t b e f o r e ”As t i m e
p r o g r e s s e s ” s h o u l d i n c l u d e a
d e t a i l e d d e s c r i p t i o n o f t h e o b j e c t ’ s

appearance , e x p r e s s i o n , and p o s t u r e
i n t h e i n i t i a l s t a t e . The second

p a r t a f t e r ”As t i m e p r o g r e s s e s ”
s h o u l d be a d e t a i l e d d e s c r i p t i o n o f
t h e o b j e c t ’ s mot ion .

9
10 ** o u t p u t Format **: ”[ H ig h l y d e s c r i p t i v e

image c a p t i o n here ]”
11
12 u s e r i n p u t :
13 ”””

C.2. Single-view Video Generation

We employ the text-conditioned image-to-video model
CogVideoX5B-I2V [22] for single-view video generation.
The pre-processed image with a white background serves
as the image condition, while we leverage a GPT-4o gen-
erated motion prompt as the text condition. We set the
number of CogVideoX inference steps to 50, and the gen-
erated videos have a frame rate of 8 FPS. We then subsam-
ple the generated 50 frames to 21 frames. To ensure suffi-
cient motion while filtering out excessive movement, we use
RAFT [16] to estimate the optical flow within the instance
mask, using the motion magnitude as a criterion. Videos
exceeding a predefined flow threshold are discarded. And
to further filter the low-quality videos, we use an MLLM
VideoScore [7] to automatically assess the generated video
in terms of visual quality, temporal consistency, dynamic
degree, text-to-video alignment, and factual consistency.
We filter out the low-quality videos based on the predefined
score threshold. Notably, our framework is agnostic to the
video model. We provide quantitative ablation results on
different video diffusion models for motion quality and di-
versity in Tab. 2.

C.3. Multi-view Video Generation
We employ SV3D [19] to generate novel views for the in-
put single-view image. To maintain the object identity,
all videos share the same object multi-views. Then we
use SV4D [21] to condition on the CogVideoX single-view
video and SV3D multi-view images to generate novel multi-
view videos for the target object motion.

D. Implementation Details
D.1. Architecture Details
We adopt an auto-decoder architecture for learning the la-
tent space. Specifically, we parameterize a Gaussian dis-
tribution using learnable mean µ and variance σ with a di-
mension of 32, initialized as a standard Gaussian distribu-
tion. Using the reparameterization trick, we sample a latent
code z ∼ N (µ, σ), which is then decoded by the latent
code-conditioned motion decoder Dc into key point 6DoF
transformations E ∈ SE(3). For motion auto-decoder, we
adopt an MLP comprising 8 fully connected layers each of
which is applied with weight-normalization, and each in-
termediate vectors with the dimension 256 are processed
with RELU activation. A skip connection is included at the
fourth layer. The network takes as input the latent vector,
the positional embedding [11] of the key points’ time and
canonical position, with respective frequencies of 6 and 10.

D.2. Training and Testing Details
All experiments were conducted using a single 40GB A100
GPU for both training and testing. The learning rates for
the latent vectors, decoder parameters, canonical key point
positions, and global control radius were set to 5e-3, 2e-4,
2e-6, and 1e-2, respectively. For the single-motion overfit-
ting setting, we trained the first stage for 1,000 steps and the
second stage for 3,000 steps. For the 50-motion joint train-
ing setting, we trained the first stage for 2,800 steps and the
second stage for 8,000 steps.

Chamfer Distance Regularization. To improve the train-
ing stability and efficiency, we leverage the canonical key
point positions obtained in the motion pre-training stage
(Stage 1) to guide the motion decoder’s predictions in the
motion geometry joint training stage (Stage 2) using the
Chamfer distance loss. Given the key point poses E1 from
Stage 1 and E2 decoded during Stage 2, the Chamfer dis-
tance [6] is computed as the sum of the nearest-neighbor
distances between each point in one set and the closest point
in the other set, formed as:

dCD (E1, E2) =
∑
x∈E1

min
y∈E2

∥x− y∥22 +
∑
y∈E2

min
x∈E1

∥x− y∥22

(1)

Stability. As shown in Fig. 4, jointly modeling diverse
motion patterns into a single generative model can effec-
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Figure 4. Robustness against inconsistent video supervision. By jointly modeling diverse motion patterns into a single generative model,
we can extract the common 4D structure and a continuous motion space; thus, the generation results will be less sensitive to the low-quality
or inconsistency of single motion video supervision generated at the motion prior distillation stage.

tively enhance the robustness of motion reconstruction over
high-frequency errors (e.g, artifacts, missing parts) or ap-
pearance inconsistency of video supervision. To ensure ro-
bust and stable training of different modules, we propose
a coarse-to-fine motion pre-training schedule by disentan-
gling 3D motion and geometry. In the first stage, we pre-
train the latent codes and canonical keypoint trajectories to
obtain a reasonable motion space. During the second stage,
we jointly model motion and geometry with Chamfer Dis-
tance and ARAP regularization to improve the training sta-
bility. Both multi-motion joint training and motion pretrain-
ing lead to satisfactory stability and robustness, as shown in
Fig. 4, Fig. 5, and Fig. 6.

E. Experiment Details

E.1. User Study
We conducted human evaluations (user studies) through an
anonymous Google Form to assess the diversity and quality
of our generated 3D motion and 4D assets.

For 3D motion generation, we use 7 cases including
synthetic Humans, Cats, and in-the-wild WALL-E Robots,
Birds, and SORA [3] generated in-the-wild Kangaroos,
Monsters, and Otters. For comparison, we generated 5 mo-
tion sequences for each species; thus, the total example
number for each method is 35. For Image-to-4D generation,
we use 12 images from Animate124 [26] benchmark and 4
images from Objaverse [5] dataset. For Text-to-4D genera-
tion, we use 6 examples from Animate124 [26] benchmark
and each image with 10 text prompts generated by GPT [1].

E.2. Comparisons

3D Motion Generation. We evaluate the diversity and
quality of our generated 3D motions by comparing them
with the baseline methods DreamGaussian4D (DG4D) [15]
and 4DGen [23]. Since the 4D generation and reconstruc-
tion code for the recent work Diffusion4D [10] has not yet
been released, we are unable to include it in our compar-
isons. We provide qualitative comparison results in the
demo video. For quantitative comparison, we conduct user
studies on four metrics: motion diversity, image alignment,
motion overall quality, and 3D appearance. For each case,

we render the 4D outputs at three different timestamps from
both the reference view and two novel views.

Image-to-4D. To further evaluate the visual quality of the
generated 3D motions from a single image, we conduct
comparisons in the Image-to-4D setting. We compare
our method with the baseline methods Animate124 [26],
4DGen [23], STAG4D [24], DreamGaussian4D [15], and
SV4D [24]. Following [15, 26], we evaluate the image-
video alignment by calculating the cosine similarity be-
tween the CLIP visual features of each rendered frame
and the reference image and evaluate the temporal consis-
tency between frames by calculating the cosine similarity
between CLIP visual features of every two consecutive ren-
dered frames. Since SV4D has not released its 4D recon-
struction code, we re-implemented it according to the offi-
cial implementation. For other baselines, we use their offi-
cial codes to generate the results. To ensure a fair compari-
son, we use the same reference video for all methods.

Video-to-4D. We evaluate the 4D reconstruction quality in
the per-motion Video-to-4D setting using the widely-used
Consistent4D [8] benchmark. We compare our method
with the baseline methods Consistent4D [8], STAG4D [24],
DreamGaussian4D [15], 4DGen [23] and SV4D [21]. Fol-
lowing [8, 21, 24], we use Learned Perceptual Similarity
(LPIPS [25]) and CLIP-score (CLIP-S [13]) to evaluate the
visual quality. We also evaluate the video temporal con-
sistency by reporting FVD [18], a video-level metric com-
monly used in video generation tasks. Qualitative compari-
son results are also provided in the demo video.

Text-to-4D. We evaluate the text-guided 4D generation
quality using the standard Animate124 [26] benchmark.
We compare our method with the current SOTA text-to-4D
models Animate124 [26] and 4D-fy [2]. Animate124 takes
both the input image and the text description as input while
4D-fy only takes the text description as input. To ensure
a fair comparison, we use the same text prompts generated
from GPT [1] for all baselines and use the same input image
for Animate124 comparison. We use RAFT [16] to estimate
optical flow strengths between consecutive frames of a ren-
dered video, and then compute the average of the largest
20% optical flows as the Motion Amplitude. Following [2],



we conduct user studies to evaluate the text alignment and
motion diversity.

E.3. Ablations
Multi-Motion Joint Optimization. Incorporating multi-
ple motion patterns into a single generative model can sig-
nificantly enhance the robustness of motion reconstruction
(Fig. 4). In Fig. 5, we compare the distributions of key
points in the canonical space obtained from multi-motion
joint training and per-motion optimization approaches. Our
results indicate that multi-motion joint training yields a
more uniform distribution of canonical key points across
each rigid part, whereas per-motion optimization leads to a
disorganized and inconsistent distribution. Since the canon-
ical key points serve as the motion basis in our approach,
these findings demonstrate that learning a variety of motion
patterns contributes to a more coherent 4D representation.

Single-Motion Multi-MotionObject

Figure 5. Visualization of canonical key points distribution.

Motion Pre-Training. A two-stage training schedule that
incorporates motion pre-training (the first stage) is crucial
for achieving robust and precise motion reconstruction. As
shown in Fig. 6, the model without motion pre-training ex-
hibits blurry results and unfaithful motion.
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Figure 6. Qualitative evaluation of Motion Pre-Training.

Video Models. Our framework is agnostic to the video
model, which is the current bottleneck of motion quality.
To make the evidence more explicit, we now add an ab-
lation in Tab. 2, in which we attach advanced video mod-
els to our pipeline and drive each with the same 50 motion
prompts. The results indicate that motion quality (complex,
non-repetitive aspects) and diversity can improve greatly
with stronger video models, indicating that improvements
of these models are critical for enhancing our performance.

Table 2. Ablation on video models. The quantitative results demonstrate
that advanced video model can improve our motion quality and diversity.

Video Model Motion Diversity ↑ Motion Quality ↑

CogVideoX1.5-5B 18.92% 21.62%
Wan2.1-I2V-14B [20] 29.73% 35.14%
Kling1.6-I2V-10B [9] 51.35% 43.24%

F. Limitations and Future Directions
While our DIMO demonstrates promising results in diverse
3D motion generation, several areas remain for future im-
provement. The major bottleneck of our work is its reliance
on video generation models to distill motion and geometry
priors, which currently have limited capabilities when han-
dling complex real-world objects or those with extremely
large-scale motions. Advancements in these video genera-
tion models would enhance our performance greatly.

At present, we use the shared structured keypoint motion
graph with constrained and diverse latent vectors to repre-
sent 3D motions. Incorporating more physics-aware mod-
els, such as articulation models, could improve downstream
applications like cross-species motion transfer. A potential
avenue for future research involves the joint discovery of
articulation structures in conjunction with video training.
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