Motion-2-to-3: Leveraging 2D Motion Data to Boost 3D Motion Generation
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Figure 1. Spherical coordinate system. We use the figure from
[27] to illustrate the spherical coordinate system.

1. Social impact

We propose a pipeline that leverages 2D motion extracted
from video data to enhance 3D motion generation. Our ap-
proach relies on human video data to obtain 2D human mo-
tion. In this work, we strictly utilize data from open-source
2D video datasets, which helps mitigate privacy concerns
typically associated with proprietary or non-public data.
Nevertheless, extending this approach to incorporate
videos sourced from the internet may pose privacy risks.
Although we only extract abstract 2D motion representa-
tions, human motion patterns can be inherently unique and
may unintentionally expose identity-related information.

2. Implementation

2.1. Camera embedding

Following [14], we use spherical coordinates [27] to repre-
sent the camera pose. As illustrated in Figure 1, we define
the human root of each frame as the origin of the coordinate
system. Then we can use 6, ¢, and r to represent the polar
angle, azimuth angle, and the camera relative distance to the
human root, respectively.

The camera embedding C,..; € V x4 encodes the relative
poses of each view with respect to the first view. Specif-
ically, it includes the delta polar angle A#;, sine and cose
of the delta azimuth angle sin(Ay;) and cos(Ag; ), and the
delta distance Ar;, where 7 denotes the view index. In our
setting, V' = 4 views are used, with a randomly chosen first
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Figure 2. 2D Motion Diffusion model

view for each sequence. The relative poses remain consis-
tent across all frames. Additionally, we assume the identical
r; and 6 for all cameras, effectively turning the camera em-
bedding into a form of positional embedding [22].

In the proposed Multi-view Diffusion model, the cam-
era embedding conditions the generation of multi-view 2D
motion. At each diffusion step ¢, multi-view 2D local mo-
tion M, and root velocities M, are first processed by
an MLP into a latent space, producing z! € RN*V*C,
Then the camera embeddings are similarly projected into
the latent space, resulting in z,.; € RY*C | which is ex-
panded to match input shape #,.; € RV*V*C The camera
embedding is then added to the latent representation, form-
ing 2t + 2,¢;. his conditioning ensures that the generated
2D motion in each view aligns with the respective camera
pose, maintaining view consistency throughout the genera-
tion process.

2.2. Training details

We use CLIP-VIT-BASE-PATCH32 [18] as the text feature
extractor, utilizing all 77 extracted tokens. The 2D Motion
Diffusion model consists of 8 transformer decoder layers
[22], as shown in Figure 2. Each layer has 4 attention heads
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Figure 3. Multi-view Diffusion model We add extra view atten-
tion layers in each transformer layer. The grey blocks indicate that
the weights are frozen during training.

and 512 hidden units, and the feed-forward layer has 1024
hidden units. We first train 2D Motion Diffusion model on
the synthetic 2D motion from the HumanML3D [7] dataset
with a learning rate of 0.0001 and a batch size of 128 for
100 epochs. Subsequently, we train it on all 2D motion data
with a learning rate of 0.00001 and a batch size of 128 for
100 epochs.

To construct Multi-view Diffusion model, we extend 2D
Motion Diffusion model by adding a multi-view attention
layer to each transformer decoder layer and an additional
MLP layer for root velocity prediction, setting V' = 4
views. The structure of Multi-view Diffusion model is il-
lustrated in Figure 3. The blocks inherited from 2D Mo-
tion Diffusion model are frozen, and Multi-view Diffusion
model is finetuned for 100 epochs with a learning rate of
0.0001 and a batch size of 32.

We set the dropout rate in transformer layers as 0.1. We
use the Adam optimizer [11] for the training. During train-
ing, we set the number of sampling steps as T = 100 for
both models. The forward process variances to constants in-
crease with the cosine schedule 5; = 0.0001 to S = 0.02.
For inference, we still use 7' = 100. The maximum length
of motion sequences is set as 300 frames, equivalent to 10

Source Split Duration (Hours)

soccer 17.61
climb 7.03
EgoExodD 4 e 25.84
basketball 16.45
haa500 3.68
perform 2.73
. animation 0.39
Motion-X++ Kungfu 265
humman 1.29
idea400 19.96
Total 97.63

Table 1. Data Summary of used 2D datasets.

seconds of data at a framerate of 30. All models are trained
on a single NVIDIA 4090 GPU with 24GB memory.

2.3. 2D dataset

To avoid privacy issues, we use open-source videos from
EgoExo04D [6] and Motion-X++ [13]. The dataset statistics
are summarized in Table 1. In total, we use 97.63 hours
of 2D motion data, significantly surpassing the 28.59 hours
of 3D motion data utilized in our experiments. The con-
fidence scores provided by the 2D pose estimator for each
joint predominantly range between 0.6 and 0.7. Following
MAS [10], to ensure data quality, we set a threshold as 0.65
to filter out low-confidence joints. The extracted 2D human
motion is shown in Figure 4.

These datasets come with pre-existing text annotations
for each video; however, the language styles vary across
datasets. Therefore, we apply ChatGPT-3.5 [15] for text
augmentation to harmonize the style. The augmentation
process and the prompt used are illustrated in Figure 5.

2.4. Synthetic 2D motion and multi-view 2D motion

To create synthetic 2D motion in 2D local motion training,
we set 7 = 4.5, and randomly sample 6 from [60°, 120°]
and ¢ from [0°,360°] to create synthetic camera place-
ments. To ensure consistency with real-world 2D data cap-
tured using pinhole cameras [26], we employ perspective
projection [25] to project 3D motion onto 2D planes.

For multi-view 2D motion, we set r = 4.5 and fix the po-
lar angle 6 = 85°. With V' = 4 view, the cameras are evenly
spaced at 90° intervals. The azimuth angle of the first cam-
era g is randomly sampled from [0°, 360°]. Following the
procedure in [10], we use orthographic projection [24] to
convert 3D motion to 2D motion for all views.



"upset_stomach_6_clip1":“The person displays symptoms of an upset stomach,
including bending forward, placing a hand on their abdomen, grimacing, and repeatedly clutching their midsection,
indicating discomfort or pain. They also lean over, suggesting cramps or nausea.”

Figure 4. 2D Human Motion Data Extracted from Videos Here we show the 2D motion data we obtained from videos. The text is the
GPT3.5 finetuned version for the last row of frames. We extracted 2D human motion to pre-train the 2D model. The pipeline contains
two steps: 1. Human BBOX detection, then track all bboxes using Tracker Class in EasyMocap. Then obtain the human smpl 2D poses
with confidence value. 2. Smooth and merge the 2D poses: Merge the post-SmoothNet joints with the original ones as follows: For the
fast-moving joints (drumming wrists, kicking legs, etc.), the original joints hold more details and don’t jitter. On the other hand, when the

joints are not moving, we choose the smoothed joints data.

"’;’//Please read the following descriptions of human actions
and summarize these actions in concise words less than 70 words.
Please imitate the style of the example:
a person raises their hands to shoulder height. *
Action:
The person is tossing a coin into the air with one hand and then
catching it with the same hand. They repeat this action sequentially.

‘\\\(": Each request would randomly choose a new example from HumanML3D texts.)
\
N\

(i Response:
The person is flipping a coin and catching it repeatedly.

\.

\

Figure 5. GPT3.5 Text Prompt

2.5. Triangulation details

In this section, we detail the triangulation [8, 28] process
under the orthographic projection model for reconstructing
3D points from multiple 2D observations. Note that the
camera settings during testing are identical to those used
in multi-view 2D motion training.

Problem Formulation. Given 2D observations p(“) € R?
from V' different views, our goal is to estimate the corre-
sponding 3D point position p3q € R®. Each view v has
known camera extrinsic parameters, including the rotation
matrix R(") € R3*3 and the translation vector t(*) € R3.

Orthographic Projection Model. Under the orthographic
projection, the relationship between the 3D point psg4 and

its 2D observation pgji) is given by:

Pl =M (R)pag + ), (M

where M € R2*3 is the projection matrix that extracts the
first two components:

2

M=l

010

Construction of the Linear System. Expanding the Equa-
tion 1, we obtain:

P()ps, = i) — 57, 3)
where:

P = MR(™ e R?*3, 4)

07 = Mt™) e R, 5)

For each view, we obtain two linear equations. By stacking
the equations from all views, we construct the global linear
system:

Apzqs =Db. (6)
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Least Squares Solution. To estimate the optimal ps4, we
solve the following least squares problem:

min | Apsq — blf3. ®)
P3d
The closed-form solution is given by:
-1
psa=(ATA) ATb. 9)

Final results. Once the 3D motion is calculated, we nor-
malize it using the height of the neutral SMPL-X model
[17], with all shape parameters set to zero. This ensures
the 3D motion approximates the scale of real-world human
proportions.

3. Evaluation

3.1. Evaluation protocols

For the results presented in the main paper, we directly
adopt the metrics for baseline methods [2, 4, 12, 21] as re-
ported in their original papers. For visualization, we utilize
their open-sourced code to generate results. For our method,
since we generate motions at 30 FPS, we downsample the
results to 20 FPS to align with the evaluation protocols of
other methods. For comparison with MAS [10], we use our
2D Motion Diffusion model as the motion generator and
follow their inference pipeline. For comparison with Mo-
tionBERT [30], we evaluate using their released models.

3.2. User study

We invite 56 participants from various institutions to evalu-
ate the generated motions. Each participant was presented
with motions generated from 15 novel text prompts and was
asked to select the best and second-best motions from each
group.

For comparison, we include MDM [21] and MLD [4]
as baselines. However, MAA [2] and OMG [12] are ex-
cluded due to the unavailability of their implementations.
Specifically, MAA [2] has not provided any publicly avail-
able code. As for OMG [12], although the authors claim
their project would be open-sourced, they have yet to re-
lease either the code or the dataset used in their experiments.
Additionally, we excluded open-vocabulary methods like
MotionCLIP [20] and AvatarCLIP [9] because their lack of
global translation would make them easily distinguishable

Methods R-Precisiont FID] MM Dist| Diversity—
Real 0.797 0.002 2.974 9.503
w/o translation 0.697 3.001 3.898 8.176

Table 2. Impact of global translation.

Methods R-Precisiont FID| MM Dist| Diversity—
Real 0.797 0.002 2.974 9.503
6 =170° 0.595 3.732 4.191 8.666
0 =110° 0.679 0.697 3.687 8.897
Ours (§ = 85°) 0.702 0.328 3.547 9.072

Table 3. Ablation study of the polar angle. The best and second-
best results are highlighted green and yellow.

by participants. To ensure fairness, we shuffled the order of
results from all methods being compared.

Out of 56 responses, 49 were considered valid, with in-
complete questionnaires excluded. Participants were re-
quired to complete the evaluation form shown in Figure 6.

3.3. Impact of global translation

As shown in Table 2, we observe that removing the global
translation from ground-truth data degrades performance.
This highlights the critical role of global translation in gen-
erating realistic 3D human motion.

Global translation captures the overall movement of a
person in space, which is essential for modeling coherent
and lifelike motion. Without it, the generated motions lack
the natural flow and positional context necessary for real-
ism, leading to a noticeable decline in quality.

3.4. More ablation study

Visualize model design. The visual results are shown in
Figure 7. We could observe that without pretraining, the
generated results are not realistic and the consistency block
imposes a very strong constraint and degrades the results.
We also observe that using 4 views achieves better align-
ment with the text prompts.

Different polar angle. As shown in Table 3, we conduct an
ablation study to explore the effect of different polar angles
6 for synthetic cameras in the multi-view setting. Our re-
sults indicate that # = 85° yields the best performance. We
believe the reason is that, in real-world scenarios, cameras
are typically positioned slightly above the human subject,
and # = 85° closely mimics this common setup.

Without real 2D motion data. In our training, we incorpo-
rate both synthetic 2D data sampled from the HumanML3D
dataset [7] and real 2D motion data from EgoExo4D [6] and
Motion-X++ [13]. As shown in Table 4, removing real 2D
motion data results in worse FID scores.

This suggests that real 2D motion data provides crucial
information for the model, enabling it to learn more robust



User Study for Text-to-Motion Task

Here we show you 15 groups of Text-to-Motion Generation results.

Each contains 3 human motions, generated by 3 methods individually. They are randomly
arrayed.

There are 15 sections in total and for each section you only need to do 2 multiple choice:
The first question is attached with the videos of motions, and you should choose the best
motion within the options. The following question asked you to pick out the second best
motion from the same group.

If you are not sure about the "good motion" standard. You can start from two perspectives:

(1) How realistic it looks? Is it natural and human-like? (2) How well is the motion matched
with the text prompt?

1: The person performs Indian dance

Choose the best motion, then the second best one.

1-1: Which is the best one

The person performs. The person performs
Indian dance. Indian dance.

e person performs.
indian dancg.

O 3

1-2: Which is the second best one

O
O 2
O s

Back Next I  Page 2 of 16 Clear form

Figure 6. User Study Google Form. We use Google Forms [5] to collect user study results on text-to-motion generation. Each generated
result is presented as a continuously looping video.
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Figure 7. Qualitative results of ablation study. Our full model generates more natural motion than the ablations. The unnatural poses are
highlighted in the red boxes. The semantics misalignment is highlighted in the dashed boxes.

Methods R-Precision T FID] MM Dist| Diversity—
Real 0.797 0.002 2.974 9.503
w/o 2D motion from video data 0.620 1.448 4.084 9.494
Ours 0.702 0.328 3.547 9.072

Table 4. Ablation study of 2D motion extracted from video
data. The best and second-best results are highlighted green and
yellow.

Methods FID|  Parameters (M)| Speed (seconds)]
MDM (T = 1000)  0.544 17.05 3.82
MAS (T = 100) 11.893 24.86 1.15
Ours (T = 100) 0.328 34.89 0.54

Table 5. Parameters and inference speed. 7" denotes the diffu-
sion steps. The best and second-best results are highlighted green
and yellow.

and accurate representations.

3.5. Parameters and speed

We present the model parameters and inference speed in
Table 5. The evaluation is conducted on a system with an
Intel(R) Core(TM) i9-14900K CPU and a single NVIDIA
GeForce RTX 4090 GPU with 24 GB of memory. Inference
speed is measured using a batch size of 1, generating 150
frames of motion.

4. Discussion

4.1. Limitations

Noise in extracted 2D motion. 2D motion extracted from
videos may contain noise and jitter. Although we filter out
joint motions with low confidence, some high-confidence
joints can still contain errors. These errors are not always

purely high variance; they may also introduce biases that
could mislead the model into learning incorrect motion pat-
terns. Such biases could negatively impact the quality and
generalizability of the generated 3D motion. Addressing
this limitation would require more advanced filtering tech-
niques or robust learning strategies to mitigate the influence
of noisy or biased data.

Motion space. We demonstrate that our method is capa-
ble of generating motions not included in the HumanML3D
[7] dataset, such as juggling and layup shots. This indi-
cates that our model can learn and generate a broader range
of motions by leveraging 2D motion data. However, the
generated motions are limited to those that exist within the
2D motion data seen during training. For motions entirely
absent from both 2D and 3D datasets, the model lacks the
necessary priors and, therefore, cannot generate such un-
seen motions.

Explicit control. Although our multi-view representation
effectively leverages 2D data, it poses challenges for pre-
cise control over the generated motions. For instance, pro-
viding specific joint trajectories or other detailed 3D con-
ditions is difficult to implement within this representation,
as the multi-view 2D approach lacks a direct mechanism to
incorporate precise 3D constraints. This limitation suggests
that while our method excels at generating diverse and re-
alistic motions, integrating precise 3D control remains an
area for future improvement.

Physical plausiblity. Similar to other kinematics-based
methods [21], our approach may still produce physically
implausible motions, such as floating or penetration issues.
The floating mainly comes from our root velocity predic-
tions, where the model is unaware of the real floor. This
issue is also observed in other velocity representation meth-



ods like [19]. The penetration stems from the lack of ex-
plicit physical constraints during motion generation. To ad-
dress this, one potential solution is to apply physics-based
methods [29], such as motion tracking on the generated re-
sults to ensure physical plausibility. This post-processing
step could refine the motions and make them more suitable
for applications requiring strict adherence to physical laws.

Maximum length. In this work, we follow the previous
setting and limit the maximum length of generated mo-
tions to 10 seconds. While this constraint aligns with the
experimental setup, generating infinite-length motions re-
mains an open challenge. Addressing this would require
exploring strategies such as autoregressive generation, tem-
poral stitching, or recurrent models that can seamlessly ex-
tend motion sequences without compromising consistency
or quality.

4.2. Future work

More 2D motion. In this work, we utilized 97.63 hours
of 2D motion data, which is significantly more than the 3D
data used in our experiments. However, this amount is still
relatively small compared to the scale of data commonly
used in video generation tasks [3]. Incorporating larger and
more diverse 2D motion datasets could further enhance our
method’s ability to generate a wider variety of motions, po-
tentially expanding its applicability to more complex and
nuanced motion types.

Hand motion. Generating realistic hand motion poses sig-
nificant challenges [ 1], as it requires precise motion capture
equipment to record intricate finger movements accurately
[16, 23]. This makes collecting high-quality hand motion
data particularly difficult. Incorporating hand motion into
our framework could greatly enhance its applicability, es-
pecially for tasks requiring detailed finger movements. Ex-
ploring methods to seamlessly integrate hand motion, such
as by stitching finger actions onto existing body motions,
would be a meaningful direction for future work.

Object interaction. Capturing the motion of humans in-
teracting with objects is inherently challenging due to the
complexity of such interactions and the difficulty of obtain-
ing high-quality motion capture data. However, object inter-
action is an essential aspect of human daily activities, mak-
ing it a critical area for further exploration. Incorporating
object interaction into motion generation frameworks could
significantly enhance the realism and applicability of gener-
ated motions, paving the way for more comprehensive and
context-aware human motion synthesis.
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