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1. Implementation Details
1.1. Dual-process Motion Adjustment Mechanism

Training Details. In this mechanism, we construct a mo-
tion prediction module to efficiently obtain the initial mo-
tion prediction and a motion correction module to provide
comprehensive motion adjustment. All of our models are
fine-tuned based on the LLaVA1.5 framework [3], which
encompasses three essential components: (1) a vision en-
coder utilizing the capabilities of the CLIP-Large model [4],
which operates at a resolution of 336x336 and utilizes a
patch size of 14, (2) a two-layer MLP projector that facili-
tates the fusion of visual and linguistic modalities, and (3)
a language model, derived from the open-source Vicuna-
v1.5 [1], building on the LLaMA?2 foundation. We fine-
tune the projector and train the LoRA layer [2] across each
transformer attention block. The learning rates are set at le-
5 for the projector layer and 1e-4 for the LoRA layer, with
a LoRA alpha of 256 and a dimension of 128. The motion
prediction module undergoes training over five epochs on
the motion instruction dataset with a batch size of 16. The
motion correction module is trained for 20 epochs on the
correction dataset, also with a batch size of 16.

Motion Instruction Dataset from Expert Demonstra-
tions. To empower the motion prediction module with the
comprehension of manipulation tasks, we construct a mo-
tion instruction dataset from expert demonstrations to ob-
tain over 160,000 pairs of motion instructions and observa-
tions. Due to the limited inference speed of MLLMs, it is
difficult to utilize the motion instruction from MLLMs for
real-time robotic control. Therefore, during motion instruc-
tion annotations, we aggregate 4 timestep robotic actions to
form a single temporal robotic action and annotate motion
instruction. We demonstrate the automatic motion instruc-
tion annotation process in Figure 1. We first filter the tem-
poral robotic action to obtain the dominant direction with
a threshold of 0.3. If an action exhibits more than one di-
rection exceeding the threshold, the top two directions are
selected as the dominant directions. Further, we obtain the
gripper action from the temporal robotic action and com-
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Figure 1. The motion instruction dataset annotation process.
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Figure 2. The demonstration of online human intervention data
collection process.

bine the gripper action with the motion instruction. Further-
more, we incorporate the instruction to “make slight adjust-
ments to gripper position” to model the temporal robotic ac-
tions that fall below the threshold. Utilizing the automated
construction methodology, we develop a diverse set of 37
distinct motion instructions. These instructions serve as a
comprehensive guide for enhancing the precision of subse-
quent robotic action predictions.

Motion Correction Dataset. To equip the motion cor-
rection module with the capabilities for failure correction,
we build a comprehensive correction dataset to provide se-
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Figure 3. The demonstration of offline human annotation data col-
lection process.

mantic reflection and motion adjustment annotation.

The online human intervention data are collected as
shown in Figure 2. When the robot interacts with the en-
vironment, the human checks the task execution situation in
real-time. When a failure occurs, humans provide seman-
tic reflection and adjust motion instructions. Consequently,
the robot corrects its fine-grained actions based on the ad-
justed motion instruction through the implementation of a
low-level diffusion policy.

The offline human annotation data are collected as
shown in Figure 3. We first deploy the motion prediction
module to explore the environment and record the predicted
motion instruction. For these collected trajectories, we sam-
ple the trajectories every 30 timestep, offering semantic
feedback and adjusting the motion instructions accordingly.

1.2. Motion-conditioned Diffusion Policy.

To convert the coarse-grained motion instruction into fine-
grained, high-frequency robotic action, we train a multi-
task, motion-conditioned diffusion policy. We take both the
image observation and robotic proprioceptive as input, the
image observation shape is 84, and the robotic propriocep-
tive consists of end-effector position, end-effector rotation,
and the gripper width. To enhance the model’s temporal
perception capabilities, thereby improving its ability to pre-
dict actions that adhere to the motion instructions, we in-
tegrate historical information from past 5 time steps with a
temporal attention mechanism to extract temporal informa-
tion. Subsequently, the observation features endowed with
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Table 1. Ablation result of codebook

temporal information are used as conditional inputs in the
diffusion policy. We employ 500 expert demonstrations for
each task to compose the training dataset. This dataset is
then used to train the diffusion policy over 200 epochs, uti-
lizing a learning rate of 3e-4.

The learnable motion codebook is proposed to capture
the discriminative features of various motion instructions.
In most cases, the motion instruction predicted by MLLMs
could be directly retrieved from the dictionary to obtain the
corresponding language feature. However, when the pre-
dicted motion instruction is not in the dictionary, we utilize
a clip text encoder to calculate the similarities between the
predicted motion instruction and motion instructions in the
dictionary, selecting the closest motion instruction to obtain
the index.

1.3. Evaluation Tasks

We demonstrate 9 simulation manipulation tasks in Fig-
ure 5, which include long-horizon manipulation tasks such
as “Coffee” and “ThreePieceAssembly”, and fine-grained
manipulation tasks such as “Threading”. By evaluating our
framework on these tasks, we could verify the effectiveness
of our method.

2. Ablation Results of Motion Codebook

In this work, we train a motion codebook to provide
discriminative motion instruction features for motion-
conditioned policy. As demonstrated in Table 1, the pol-
icy guided by the motion codebook can better adhere to
motion instructions, thus achieving better performance in
manipulation tasks (44.4% v.s. 46.9%). Besides, benefit-
ing from the discriminative motion instruction feature, our
model could correct its action to achieve better performance
(48.2% v.s. 57.8%) when the motion correction module is
proposed to correct motion instruction.

Furthermore, we employ the CLIP model [4] to extract
features from the motion instructions, with the resulting
similarity matrix presented in Figure 6(a). Additionally,
we extract the motion instruction feature from our motion
codebook, and the corresponding similarity matrix is dis-
played in Figure 6(b). The similarity matrix indicates that
the CLIP model struggles to effectively provide discrimi-
native motion instruction features, as the representational
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Figure 4. The real-world experiments. The results prove the generalization ability of our framework in real-world scenarios.

similarity between any two features exceeds 90%. In con-
trast, our learnable motion codebook offers discriminative
representations, which facilitates the understanding of tex-
tual information for the low-level diffusion policy, thereby
enhancing precise robotic action prediction.

3. More Real-world Experiments Results

We also prove the effectiveness of our method in rule-based
manipulation policy with an xArm robot arm. As shown in
Figure 4(a), we conduct experiments on three tasks: putting
the cube on the scale, taking the rag off, and pressing the
button. For each manipulation task, we collect 80 tra-
jectories with corresponding motion instructions. To de-
ploy the MLLMs in real-world scenarios, we fine-tuned a
TinyLLaVA-OpenELM-450M-SigLIP-0.89B model [5] to
operate at a frequency of 3Hz on a 10G 4070. We also
replace the diffusion policy with a rule-based operation to
execute the robotic actions to adhere to the motion instruc-
tions. During the inference process, we introduced human-
in-the-loop interventions to manually correct failure situa-
tions and collect corresponding refined interaction trajecto-
ries. We collect 20 refined trajectories per task, which serve
as the training dataset for the motion correction model to
implement a motion-based self-reflection framework.

We conduct 20 trials and report the average success rate
results in figure 4(b), the results prove that the motion pre-
diction module could leverage the perceptual and inferential
capabilities of MLLMs for manipulation tasks. Besides, our
motion-based self-reflection model further significantly en-
hances the success rate with comprehensive motion adjust-
ment, demonstrating the effectiveness of our approach in
real-world scenarios.

In real-world experiments, we fine-tune a TinyLLaVA-
OpenELM-450M-SigLIP-0.89B model [5] to predict the
motion instruction. We employ a third-person perspective
Realsense D435 camera to acquire observational images.
These images are subsequently center-cropped to shape
of 384x384 and inputted into the finely-tuned TinyLLaVA
model to derive motion instructions. We collect 8§ motion
instructions: “move arm upward”, “move arm downward”,

LEINNTY3 LLINNT3

“move arm right”, “move arm left”, “move arm forward”,
“move arm backward”, “open the gripper” and “close the
gripper”. Each movement instruction directs the arm to
move 2 cm toward the target direction.
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Figure 5. The motion instruction dataset annotation.



need 1o make sight adjustments to the positon of the end effector
1 need to move arm backward and downward with grpper closed.
1 need to move arm backward and downward with gipper open
1 need to mave arm backward and let with grpper closed.

1 need to move arm backward and lftwith gipper open,
et to move arm backward and right with gripper closed.

1 need t move arm backward and rght with gripper apen.

1 need to move arm backward and upward with grpper closed.
1 needt 1o move arm backward and upward with grpper open

1 need 1o mave arm backward with gripper closed.

1 need to move arm backaward with ripper open.

1 need to move arm downward and forward with gipper closed,
1 need 1o move arm domnward and forward with gripper open

| need to move arm downward and left with grpper closed.

1 need to move arm downwiar and let with gipper open
e 1o move am downward and right with grpper closed.

| need to move arm downward and right with gipper open

1 needt to move arm domnward with gripper closed.

1 need to move arm downward with gipper open.

I needt to move arm forward and let with grpper closed.

| need to move arm forward and leftwith gipper open.

1 need to move arm forward and right with aipper closed.

1 need 1o move arm forward and right with aripper open oo

| need to move arm forward and upward with gripper closed.

I need 1o move arm forward and upmward with grper open

1 need 1o move arm forward with aripper closed.

1 need to move arm forward with gripper open.

1 need 1o mave arm et and upward with aipper closed.

1 need to move arm eft and upward with aripper open.

I need to move arm eft with gipper closed,

Ineed 1o move arm let with gripper open

1 need to move arm ight and upward with gripper closed,

1 nedt to move arm right and upward with ripper open.

1 need 1o move arm right with gripper closed.

1 need to move arm rght with aripper apen.

I nead to move arm upward with gripper cosed.

1 need to mave arm upword with arpper open

I need to move arm downwars
I need to move arm upuara

I need to move arm backward and downward
I need to move arm backward and downward
I need to move am bckward and left
| need to move arm backuard and left
Ineed to move s downmard and forward
1 need 1o move arm domnward and forward
I need to move arm dommard and let
1 need to move arm downward and left
I need to move arm downward and right
1 need 1o move arm dommward
I need to move arm right and upmward

(a) The similarity of pretrained clip feature

(b) The similarity of codebook feature

Figure 6. The similarity matrix of different motion instruction feature.
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