Chain of World: World Model Thinking in Latent Motion

Supplementary Material

1. Implementation Details
1.1. Datasets

We collected high-quality robot manipulation data for fine-
tuning the Latent Motion Extractor (LME) and training the
VLA, with the datasets summarized in Table 1. Most of
the data comes from the OXE [14] dataset, and we addi-
tionally include the Calvin [13] and Libero [12] simulation
datasets. For LME fine-tuning, we use only episode frames.
In the VLA pre-training stage, we use both episode frames
and text instructions. Following UniVLA [22], we adopt
different sampling intervals for each dataset to ensure that
the temporal gap between keyframes is approximately one
second. We then uniformly sample 16 frames from the con-
tinuous frames covered by six keyframes for pre-training.
Throughout this stage, only third-person view data is used,
excluding wrist-camera views.

During the VLA co-fine-tuning stage, we train on
the benchmark-specific training sets using text instruc-
tions, frames, and actions. For example, the BridgeV2
dataset [18] is used for the SimplerEnv-Bridge evalu-
ation [11], while the Libero [12] evaluation uses the
mixed data of four Libero task suites processed by Open-
VLA [10]. In addition, the appendix includes extended
experiments using the Fractal dataset [1] for the Simpler-
Google Robot [11] evaluation and the Calvin dataset [13]
for the Calvin evaluation, covering both ABCD—D and
ABC—D task settings. Across the co-fine-tuning experi-
ments, Bridge and Google Robot training use only third-
person views, while Libero and Calvin use both third-
person and wrist views.

1.2. Training Details

For LME fine-tuning, we start from the VidTwin [21] pre-
trained model and fine-tune it on the video data from the
datasets listed in Table 1. We use 4 A800 GPUs with a
per-GPU batch size of 4, randomly sampling 16 frames per
video. Each frame is resized to 224x224. The KL loss
weight is set to 1e-6, and the reconstruction loss is reduced
using the mean over all elements rather than the default re-
duction over the batch dimension only. We randomly sam-
ple 1000 videos from the training set as a validation set and
select the checkpoint with the lowest reconstruction loss.
The final model corresponds to the checkpoint trained for
one epoch plus 20k iterations.

For VLA pre-training, we initialize from the 8.5B
Emu3 [20] pretrained checkpoint and train on the datasets
in Table 1. The training is performed on 32 A800 GPUs
with a per-GPU batch size of 8. Image observations are re-

Table 1. Training datasets.

Dataset Name Count
Berkeley Autolab Ur5 [4] 892
Bridgev2 [18] 24879
Cmu Play Fusion [3] 576
Fractal [1] 65530
Kuka [9] 84202
Maniskill [7] 30029
Taco Play [16] 3242
Toto [24] 899
Utaustin Mutex [17] 1500
Viola [25] 135
Calvin [13] 22966
Libero [12] 1693
Total 236543

sized to 256 x256. We use the first and last frames of each
video clip together with one learnable motion query, and the
maximum sequence length is set to 2500 tokens. We train
for 10k iterations in total, which takes roughly 24 hours.

For VLA co-fine-tuning, we follow the evaluation proto-
cols from UniVLA [22] for each benchmark. We load the
checkpoint from the VLA pre-training stage and train with
16 A800 GPUs, using a batch size of 8 per GPU and full-
parameter fine-tuning. The maximum sequence length is
set to 3200 tokens. For SimplerEnv-Windowx [11], we use
BridgeV2 [18] data with images resized to 256x256 and
train for 12k iterations. For SimplerEnv-Google Robot [11],
Fractal [1] images are resized to 240x 192, and training con-
tinues for 16k iterations. For Libero [12], images are re-
sized to 200x200, and training runs for 8k iterations. For
Calvin [13], third-person views are resized to 200x200 and
wrist views to 80x 80, with training conducted for 12k iter-
ations. The per-iteration training time across these configu-
rations is similar; for example, Libero training takes about
25 hours for 8k iterations. Overall, each configuration re-
quires roughly one to two days of training.

1.3. Interpretation of the World Model and the La-
tent Motion Chain

Our method combines a world model formulation with la-
tent action modeling. The world model component con-
sists of two stages: pre-training and co-fine-tuning. Dur-
ing pre-training, the world model is not action-conditioned.
This follows the representation adopted by UniVLA [22]
and FlowVLA [23], where the world model predicts future



Table 2. Long-horizon robotic manipulation evaluation on the CALVIN [13] benchmark. Methods marked with { are from our re-

implementation.

Tasks Completed in a Row

Method Task Avg. Len 1
1 2 3 4 5
UniVLAT [22] 0988 0.934 0.883 0.829 0.764 4.398
Ours ABCD=D 0972 0.939 0.894 0.859 0.809 4.473
TLA [2] 0.955 0.858 0.754 0.669 0.565 3.800
Dita [8] ABC—D 0.945 0.825 0.728 0.613 0.500 3.610
UniVLAT [22] 0.972 0.902 0.826 0.741 0.661 4.102
Ours 0.968 0912 0.844 0.779 0.708 4.211

Table 3. Evaluation on SimplerEnv-Google Robot [11] across various manipulation tasks.

Model Pick Move Drawer Place Average
OpenVLA [10]  0.180 0.563 0.630 0.000  0.343
SpatialVLA [15] 0.860 0.779  0.574 0.090  0.576
MoTo [6] 0.740 0.604 0431 0.000 0.444
villa-X [5] 0987 0.750 0.593 0.056  0.597
UniVLA [22] 0.870 0.565 0.194 0.167  0.449
Ours 0923 0.676 0428 0.407  0.609
e - to a ~20-frame (~2 s) temporal horizon.
gt o /*\\ spatal When using only one keyframe (N = 1), performance
goao 0s0 Object drops significantly across all suites, especially on long-
E::Z Z:Z Goal horizon tasks, indicating that the latent motion becomes
0es uss L ;32?39(3 under-constrained. Increasing N to 2 provides sufficient
oo e o visual anchoring and yields the largest improvement. How-

0.55 0.55

1 2 3 a4 5 5 10 15 20 25
Sparse Keyframes (N) Action Chunk Size (/,)

Figure 1. Sensitivity analysis of N and [, on LIBERO.

environment evolution given a language instruction and an
initial state, rather than explicit actions. During the co-fine-
tuning stage, we introduce an action-conditioned formula-
tion: p(vtt! | vf, A?).

Our latent motion does not explicitly perform multi-step
rollouts. Instead, it provides a continuous and decoupled
motion encoding over a temporal window, which can be in-
terpreted as an implicit motion chain.

2. Additional Results

2.1. Analysis of keyframes and action chunk size

We evaluate the number of sparse keyframes N &
{1,2,3,4,5} and action chunk sizes [, € {5, 10, 20,25} on
LIBERO to understand the temporal granularity required by
latent motion reasoning. As shown in Figure 1, both hyper-
parameters exhibit a clear inverted-U trend. The best per-
formance is achieved at (N = 2,1, = 10), corresponding

ever, further increasing N gradually degrades performance.
With dense observations, the model can rely on short-
term visual matching instead of inferring motion dynamics,
weakening the benefit of latent temporal reasoning.

A similar phenomenon appears for action chunk size.
Small chunks (I, = 5) reduce temporal abstraction and
make the policy closer to step-wise imitation. Large chunks
(l¢ > 20) introduce high uncertainty in future evolution,
particularly harming the long-horizon tasks. The intermedi-
ate chunk size (I, = 10) achieves the best trade-off between
predictability and abstraction.

Overall, the results suggest that the proposed model per-
forms best when sparse observations provide partial con-
straints while still requiring the model to infer continuous
evolution. This supports our design motivation: the la-
tent motion token serves as a dynamics aggregator over a
medium temporal window rather than dense frame tracking
or one-step prediction.

2.2. Comparison with other Video VAE

To further analyze the role of latent motion representations,
we replace VidTwin with the VAE from Wan 2.1 [19] and



Table 4. Comparison between our latent motion representation and Wan 2.1 VAE latent z on LIBERO.

Variant Pre-training Co-fine-tuning \ Spatial Object Goal Long Average
Ours latent motion + terminal frame  + latent motion ‘ 0.948 0974 0.958 0.906 0.947
Wan2.1 VAE [19] latent z + terminal frame + latent z ‘ 0.938 0950 0922 0.868 0.920
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Figure 2. Cross-Recon visualization on LIBERO [12]. The first six columns show temporally sampled frames from three rows: Structure
(top), Motion (middle), and Cross-Recon (bottom). The Cross-Recon videos are generated by combining the static appearance from the
Structure video with the motion representation extracted from the Motion video, revealing the transferred motion patterns. Each Cross-
Recon frame is overlaid with a motion heatmap to highlight dynamic regions. The last column presents three summary maps: motion
heatmaps obtained by averaging and maximizing per-frame absolute differences between Cross-Recon and Structure, and the end-effector
trajectory estimated from the motion regions.

conduct a controlled comparison. Specifically, we use the latent z extracted by the Wan 2.1 VAE as auxiliary supervi-
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Figure 3. Cross-Recon visualization on SimplerEnv [11] and Bridgev2 [18].

sion during both pre-training and co-fine-tuning.

The Wan 2.1 VAE is trained on large-scale video data
and therefore incorporates rich generic video priors. As
shown in Table 4, this variant achieves an average success
rate of 0.920 on LIBERO. While competitive, it remains in-
ferior to our latent motion design (0.947).

2.3. CALVIN

Calvin [13] is an open-source simulated benchmark built
on PyBullet, designed for learning long-horizon, language-
conditioned robotic manipulation tasks. It provides a table-
top simulation environment containing 23 types of manip-

ulation skills, such as lifting, pushing, rotating, and ob-
ject relocation. These skills must be executed in sequence
to complete multi-step tasks, introducing substantial uncer-
tainty and randomness, which makes Calvin a highly chal-
lenging evaluation benchmark. The dataset includes a large
number of expert demonstrations and is organized into mul-
tiple subsets. In our experiments, we use the ABCD—D
and ABC—D subsets, and during training, we only utilize
demonstrations that include natural language descriptions
of the actions. Following the official evaluation protocol, all
tests consist of 1000 episodes, each containing a sequence
of five sub-tasks specified by natural language instructions.
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(a) Unsupervised clustering of latent-motion trajectories.

Cluster 1 Cluster 2

(b) Representative video clips sampled from motion clusters.

Figure 4. Visualization of latent-motion clusters and corresponding video examples. (a) Unsupervised clustering results of clip-level motion
trajectories. Each subplot shows the average 2D motion trajectory (obtained from the first two PCA components of the accumulated frame-
wise motion deltas) for one cluster. (b) Representative video examples from clusters. Cluster 1 and 2 correspond to monotonic downward-
like or upward-like motions, whereas Cluster 3 and 4 exhibit rightward-like or leftward-like behaviors.
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Figure 5. Comparative visualization of future-frame prediction strategies.



Figure 6. An Intel RealSense camera and a Realman RM75B
robot.

The main results are presented in Table 2.  Our
method achieves an average success length of 4.473 on the
ABCD—D task and 4.211 on the ABC—D task. For a fair
comparison, we reproduced UniVLA [22] using the train-
ing sets listed in Table 1, and followed a fine-tuning setup
with 16 A800 GPUs and a per-GPU batch size of 8. Under
the same training configuration, our approach outperforms
UniVLA [22].

2.4. SimplerEnv-Google Robot

We also evaluate our method on the SimplerEnv-Google
Robot benchmark. The evaluation primarily follows the vi-
sual matching protocol, which assesses the alignment be-
tween real and simulated visual appearances by overlay-
ing real-world images onto simulated backgrounds and ad-
justing the textures of foreground objects and the robot
within the simulator. This benchmark includes four tasks:
pick coke can, move near, open/close drawer, and place in
closed drawer.

The main results are shown in Table 3. Our method
achieves an average success rate of 0.609, outperforming
UniVLA [22], villa-x [5], MoTo [6], and other baselines.
Here, UniVLA refers to our reproduction. Our method sur-
passes UniVLA on all four tasks and shows a particularly
large improvement on the place in closed drawer task.

2.5. More Visualization

We provide extended visualizations for the latent motion
analysis presented in Section 4.4, with the main results
shown in Figures 2, 3, 4, and 5.

Effective decoupling of structure and motion latents.
Figures 2 and 3 analyze representative samples from the
Libero and Bridge datasets. The first six columns dis-
play temporally sampled frames from three rows: Struc-
ture (top), Motion (middle), and Cross-Reconstruction (bot-
tom). The Cross-Recon videos are synthesized by com-
bining the static appearance from the Structure video with
the motion representation extracted from the Motion video,

thereby revealing transferred motion patterns. Each Cross-
Recon frame is overlaid with a motion heatmap to highlight
dynamic regions. The final column summarizes three di-
agnostic maps: motion heatmaps computed by averaging
and maximizing the per-frame absolute differences between
Cross-Recon and Structure, as well as the end-effector tra-
jectory estimated from the activated motion regions. As
shown, the highlighted areas consistently follow the move-
ment of the robot arm in the Motion video. In the video
results, these regions fluctuate over time; for clarity in static
visualization, we display aggregated highlights in the fig-
ures.

We further analyze the distribution of motion latents, as
shown in Figure 4. To derive an interpretable trajectory
representation from high-dimensional motion latents, we
first extract per-frame motion features from each video clip
and accumulate framewise differences to obtain a tempo-
ral sequence describing the overall motion trend of the clip.
These sequences are then resampled to a fixed length across
all clips and standardized globally. We subsequently apply
PCA to the sequence features and take the first two principal
components as a 2D trajectory for each clip. This represen-
tation preserves the dynamic structure encoded in the latent
space while enabling clear comparison across clips.

Figure 4 (a) shows unsupervised clustering of all motion
trajectories in the 2D PCA space. To obtain cluster-level
canonical shapes, we temporally align trajectories within
each cluster via resampling and plot their mean curves
along with 95% confidence intervals. Distinct trajectory
patterns emerge across clusters—such as monotonic rises,
two-stage reversals, and multi-phase back-and-forth mo-
tions—indicating that the model’s motion latent captures
high-level motion semantics. To further validate the seman-
tic consistency within each cluster, we randomly sample
two video clips per cluster and visualize three uniformly
sampled frames from each clip, as shown in Figure 4 (b).
The clips within the same cluster exhibit highly similar mo-
tion trends in appearance, confirming that the structure of
the motion-latent space yields meaningful discrimination
among different action patterns.

Motion latent enhances dynamic modeling for future
frame prediction. As shown in Figure 5, we further vi-
sualize future frame predictions under different pretrain-
ing strategies. From top to bottom, the examples corre-
spond to four tasks: i) pick up the chocolate pudding and
place it in the basket, ii) pour, iii) open the fridge, and iv)
put the banana inside the drawer. In Figure 5 (a), world-
model-based approaches suffer from reconstructing redun-
dant background pixels, which can draw attention away
from critical interactions and motion cues. As a result,
the predicted future frames sometimes remain nearly un-
changed, such as in tasks (ii) and (iii). Figure 5 (b) shows
that predicting only the target frame often leads to unsta-



(a) collected data

(b) real-world deployment

Figure 7. Comparison between data collection and real-world deployment during testing.

ble generation due to the absence of intermediate evolution
steps: in task (i), the target frame nearly collapses back
to the initial frame, and in task (iii), only one door of the
fridge is generated. In contrast, our method leverages the
motion latent z,, as a chain-of-thought for motion, provid-
ing stronger guidance for future-frame prediction. The gen-
erated final frames align more accurately with the intended
task instructions.

3. Real-Robot Experiments

Experimental Setup. As shown in Figure 6, we use the
Realman RM75B robot, which is equipped with 7 degrees
of freedom and a single gripper. An Intel RealSense camera
is used to capture RGB images. We set up a cup-grasping
experiment and collected a total of 127 episodes, consist-
ing of 65,382 frames with corresponding actions. Each
episode contains an average of 515 frames, corresponding
to approximately 20 seconds in the real world. The dataset

mainly includes grasping cups of four different colors, with
the number of episodes per color as follows: red 31, blue
39, yellow 24, and purple 33. Figure 7 (a) shows some col-
lected data.

During training, all images are cropped and resized to
256x256. The action chunk size is set to 10. We train the
model for 2k steps using 16 GPUs with a per-GPU batch
size of 8. The data were collected in the afternoon and
evening and then used for model training. Testing was con-
ducted the following day. As shown in Figure 7, the lighting
conditions have some differences between data collection
compared and during real-world deployment. We found that
the model was still able to correctly execute instructions un-
der different lighting conditions. Figure 7 (b) shows in the
first two rows two test cases: grasping a red/purple cup and
placing it on a plate. Their background lighting differs from
the training data, but the model is still able to execute the
tasks successfully.
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