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A. Appendix
A.1. Real-World Experiments Details

In this section, we detail the specifics of our real-world ex-
periments. Specifically, our experiments setup is illustrated
in Fig. 1, which comprises a single Franka Emika Research
3 robot arm, equipped with a UMI [2] gripper, and utilizes
a statically positioned RealSense D435 camera (with a res-
olution of 640x480 pixels) from a third-person view to ac-
quire real-time RGB visual observations. Following pub-
licly available code', we employ a 3D mouse for teleop-
eration data collection. The robot system operates at 20
Hz (moderately reduced from the native 100 Hz control
frequency to balance training efficiency and motion con-
tinuity), with actions defined as relative end-effector pose
changes in SE(3) space (3D position change + quaternion
orientation change + gripper state).

For five real-world tasks we evaluated—picking up cor-
responding toy and placing it into the basket, opening the
drawer, closing the drawer, inserting the bread into the
container, and pouring the balls into the basket—they re-
spectively require the robot arm to perform basic picking-
and-placing, fine-grained and contact-rich opening, contact-
rich closing, fine-grained picking-inserting, and picking-
pouring capability. During evaluation, the initial pose of
the robot arm was set to a fixed home position. The initial
poses of the objects to be interacted with were significantly
varied. A special case is the opening-drawer and closing-
drawer task, where adhesive was applied to the bottom of
the drawer to mitigate significant sliding during opening
and closing. Consequently, in this task, the placement pose
of the drawer was slightly perturbed, within a range of ap-
proximately 8 cm in the lateral and longitudinal directions.

As for the policy of our real-world experiments, we
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adopt a diffusion-based policy architecture. Specific train-
ing and architecture details can be found in Section A.3. Fi-
nally, we jointly train the policy using collected robot data
and human hand video data labeled with the corresponding
latent motion IDM.

A.2. CoMo Details

In this section, we describe the specifics of our CoMo. As
shown in Tab. 1, we report the training and architectural
details of our CoMo. We aim to learn a generalizable la-
tent motion IDM that can extract latent motion represent-
ing any form of inter-frame changes. To this end, we uni-
formly sample a total of 120,000 videos from SAM-V [19],
EgoVid [20], and Droid [7], with each dataset contributing
40,000 videos. These datasets collectively cover both ego-
centric and fixed-camera viewpoints, and encompass a wide
range of motions, including those of robotic arms, humans,
and various objects in the wild. Importantly, all of our base-
lines employ the same model architecture, training data, and
hyperparameters as CoMo, which ensures the strict fairness
of our comparisons.

Specifically, for the discrete latent motion baseline, there
is a trade-off regarding the choice of codebook size. A
larger codebook size typically enables more comprehensive
capture of motion information, but also increases the risk of
encoding action-irrelevant background noise. Conversely, a
smaller codebook size may limit the captured motion details
but reduces such noise. In our experiments with the discrete
latent motion baseline, we compare a codebook size of 8
(following LAPA [22]) in the LIBERO and real-world set-
tings, and a codebook size of 128 (following Moto-GPT [1])
in CALVIN. In all cases, the results consistently demon-
strate the superiority of our CoMo.

A.3. Diffusion-based Policy Details

In this section, we detail our unified diffusion-based pol-
icy. We primarily implement the diffusion-based policy
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Figure 1. The real-world Franka robot arm experiments hardware platform.

for the LIBERO [10] simulation and real-world experi-
ments. Specifically, we jointly learn the unified diffusion-
based policy from video data with pseudo action labels con-
structed using the corresponding latent motion IDM, and
continuous robot action data.

In Tab. 2, we report the training and architectural de-
tails of our diffusion-based policy. Specifically, we employ
BERT [3] and ViT [4] to extract language instructions and
visual observations features, respectively. Following RDT-
1B [11], we utilize a more scalable DiT [16] block as the

backbone. The extracted language and visual features are
incorporated as conditioning through cross-attention layers
within the DiT block. To perform joint learning of action-
less video data and robot data within a unified policy model,
we construct two sets of MLP networks to map latent mo-
tion and robot actions into a shared embedding space, and
back to their respective original spaces. In the training
phase, we adopt the DDPM scheduler with a glide cosine
scheduling scheme (specifically, the squaredcos cap v2 vari-
ant) across a diffusion process of 1000 steps. Conversely,



Table 1. The training and architectural hyperparameters for our CoMo learning.

Hyperparameter Value
CoMo training

Optimizer AdamW [9]
Base learning rate 0.0001
Optimizer momentum 51,82 =0.9,0.99
Effective batch size 256
Total training steps 50,000
Frame interval on SAM-V [19] 10
Frame interval on EgoVid [20] 10
Frame interval on Droid [7] 20

Inverse dynamics Model
Feature extractor MAE [5] VIT-L
Codebook size of discrete baseline 8 and 128
Number of motion queries 8

Latent motion embedding dimensionality 16

#layers 4
#MHSA heads 12
Hidden dim 768
Forward dynamics Model
#layers 12
#MHSA heads 12
Hidden dim 768

for inference, we leverage the DPM-Solver++ [12] in con-
junction with an analogous glide cosine scheduler, albeit
with a substantially reduced sampling budget of 5 steps. Fi-
nally, to capture the temporal dependencies of actions and
ensure real-time dynamic adaptability during policy execu-
tion, we set an action / motion chunk size of 8 in both the
training and inference phases.

A.4. Auto-regressive based Policy Details

In this section, we detail the specifics of our auto-regressive
based policy, as shown in Tab. 3. We primarily implement
this policy for the CALVIN [13] simulation environment ex-
periments. Specifically, we employ T5 [18] and ViT [4] to
extract token-level textual and visual features, respectively.
Following [1, 8], we adopt a GPT-style [17] auto-regressive
backbone and append two additional MLP networks at the
output layer to predict continuous robot actions and latent
motion separately using the MSE loss. For the discrete la-
tent motion baseline, in accordance with Moto-GPT [1], we
utilize the cross-entropy loss function to optimize latent mo-
tion prediction. Additionally, we incorporate an action MLP
network, consistent with the continuous approach, and em-
ploy an MSE loss to learn the robot action.

Specifically, for motion prediction, we auto-regressively
predict latent motion with a chunk size of 2. For action pre-
diction, we parallelly decode actions with a chunk size of
5 based on a set of learnable action query tokens. Further-

more, to ensure a fair comparison with the discrete baseline
in Moto-GPT [1], we first perform a round of latent motion
prediction pre-training using action-less video data before
conducting joint training on robot action data and action-
less video data.

A.5. FDM future frame prediction visualization

In this section, we present further visualizations of FDM
future frame predictions to qualitatively assess the advan-
tages of CoMo compared to the naive continuous baseline,
as shown in Fig. 2. Specifically, given two frames from a
prompt video, we extract the latent motion between them.
This extracted motion is then used to predict the subsequent
frame via FDM in a new environment. The red rectangles
highlight that the naive continuous baseline tends to incor-
porate significant static background noise from the prompt
video. In contrast, our CoMo effectively avoids this issue.
Notably, as indicated by the orange rectangles, CoMo pro-
duces more precise latent motion representations, resulting
in predictions that more accurately reflect the fine-grained
foreground motions present in the prompt video.

A.6. Dual-arm and humanoid MSE results details

In the main text, we report ablation results of MSE on
more complex robotic platforms, including dual-arm and
humanoid robots equipped with dexterous hands. Specifi-
cally, for the dual-arm robot, we use RoboTwin [14] dataet,



Table 2. The training and architectural hyperparameters for our diffusion-based policy learning.

Hyperparameter

Value

Diffusion-based policy training

Optimizer

Base learning rate
Effective batch size
Total training epochs

AdamW [9]
0.0005

256

100

Diffusion-based policy architecture

Vision feature extractor

Language feature extractor

#layers
#MHSA heads
Hidden dim

Action / motion chunk size

Action projector

Latent motion projector
Action head

Latent motion head

DINOV2 [15] ViT-B [4]
BERT [3]

12

16

768

8

(7,768)

(128, 768)

(768, 7)

(768, 128)

Noise scheduler

Type

Prediction type
Training step number
Sampling step number
Solver

DDPM [6]

sample

1000

5

DPM-Solver++ [12]

Table 3. The training and architectural hyperparameters for our auto-regressive based policy learning.

Hyperparameter Value
Auto-regressive based policy training

Optimizer AdamW [9]

Base learning rate 0.0005

weight decay 0.0001

Effective batch size 512

Total training epochs 20

Auto-regressive based policy architecture

Vision feature extractor

Language feature extractor

#layers

#MHSA heads
Hidden dim
Action chunk size
Motion chunk size

MAE [5] ViT-B [4]
T5[18]

12

12

768

5

2

where the action space consists of the absolute joint states of
both arms (Aloha AgileX), totaling 14 dimensions. For the
humanoid robot platform, we utilize the early open-source
EgoVLA [21] dataset, which contains both human motion
capture data and humanoid robot data. The EgoVLA adopts
a shared action space for humans and humanoid robots,
comprising the absolute wrist pose and MANO hand pa-
rameters, for a total of 128 dimensions. Overall, the exper-

imental results underscore the effectiveness of CoMo as a
unified action space for cross-embodiment data. Notably, it
demonstrates robust versatility across both relative and ab-
solute action spaces, particularly within high-dimensional
contexts that require the capture of fine-grained motions.
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Figure 2. The FDM future frame prediction visualization.
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