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Abstract

Vision-language-action models have emerged as a cru-
cial paradigm in robotic manipulation. However, existing
VLA models exhibit notable limitations in handling am-
biguous language instructions and unknown environmental
states. Furthermore, their perception is largely constrained to
static two-dimensional observations, lacking the capability to
model three-dimensional interactions between the robot and
its environment. To address these challenges, this paper pro-
poses GraphCoT-VLA, an efficient end-to-end model. To en-
hance the model’s ability to interpret ambiguous instructions
and improve task planning, we design a structured Chain-of-
Thought reasoning module that integrates high-level task un-
derstanding and planning, failed task feedback, and low-level
imaginative reasoning about future object positions and robot
actions. Additionally, we construct a real-time updatable 3D
Pose-Object graph, which captures the spatial configuration
of robot joints and the topological relationships between ob-
jects in 3D space, enabling the model to better understand and
manipulate their interactions. We further integrates a dropout
hybrid reasoning strategy to achieve efficient control out-
puts. Experimental results across multiple real-world robotic
tasks demonstrate that GraphCoT-VLA significantly outper-
forms existing methods in terms of task success rate and re-
sponse speed, exhibiting strong generalization and robustness
in open environments and under uncertain instructions.

Introduction
To achieve natural and efficient human-robot interaction in
the real world, end-to-end vision-language-action (VLA)
models are increasingly becoming a central paradigm in
robotics (Black et al. 2024; Liu et al. 2024; Wen et al. 2024,
2025a; Zhang and Yan 2023; Team et al. 2024). VLA models
interpret and execute human instructions expressed in natu-
ral language within a closed-loop system that integrates per-
ception, understanding, and action (Din et al. 2025). Many
existing approaches build upon pre-trained Vision-Language
Models (VLMs) to form Vision-Language Action (VLA)
frameworks, leveraging VLMs’ strong visual grounding and
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"I want to eat spicy river food, please help me select the ingredients."

Figure 1: Comparison between our method and baseline.

language understanding capabilities to jointly encode multi-
modal inputs and directly predict control actions for robotic
manipulation (Black et al. 2024; Kim et al. 2024).

Most existing VLA models rely on clear and structured
language instructions to perform specific tasks (Black et al.
2024; Kim et al. 2024; Liu et al. 2024). However, in real-
world scenarios, users often lack full awareness of the en-
vironment and may issue vague commands like “I want to
eat spicy river food.” without knowing whether the neces-
sary ingredients are available. When encountering such am-
biguous or infeasible instructions, these models often fail
or produce hallucinated actions, revealing a fundamental
flaw in existing approaches: their inability to contextual-
ize multimodal perceptual inputs and adapt action planning
accordingly, which prevents reasoning and decision-making
from being grounded in the real physical environment. Some
works have introduced Chain-of-Thought (CoT) (Wei et al.
2022) with VLA models to improve reasoning ability. ECoT
(Zawalski et al. 2024) decomposes tasks into multi-step
subtasks for planning, but struggles with ambiguous com-
mands and unmet user expectations due to limited situa-
tional awareness. CoT-VLA (Zhao et al. 2025) imagines ob-
servations of subtasks, yet lacks the ability to plan or give
feedback based on a full understanding of the scene.
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Figure 2: Overview of GraphCoT-VLA. GraphCoT-VLA takes multi-view visual observations, an ambiguous language instruc-
tion, and a 3D Pose-Object Graph as input. The graph is constructed using robot kinematics and depth data to represent 3D
spatial relationships in the scene. A structured Chain-of-Thought reasoning process enables scene understanding, subtask de-
composition, and imagination of object states and positions, which are autoregressively generated to guide the action expert.

In addition, existing VLA models remain limited in ob-
servation modalities, typically relying only on RGB images
from multiple viewpoints (Black et al. 2024; Zhao et al.
2025). This restricted perception scope hinders model’s abil-
ity to develop a deep understanding of the environment. To
improve this, recent studies have explored the integration of
additional modalities, such as positional encodings (Qu et al.
2025) and depth information (Wang 2025) to enhance spa-
tial perception . Although these methods expand the input
space, they primarily rely on static 2D views of individual
objects and lack the capacity to model complex 3D interac-
tions between the robot and its environment.

To address the above challenges, we propose GraphCoT-
VLA, an efficient end-to-end model for robotic manipu-
lation. As shown in Fig. 1. the core of our model is a
novel CoT architecture that performs dynamic observation
analysis, interprets ambiguous instructions, generates fail-
ure feedback, and predicts future object states and robot
actions, enabling robust reasoning and temporal forecast-
ing in uncertain environments. We further introduce a real-
time Pose-Object Graph to explicitly model 3D spatial rela-
tions between the robot and objects, enhancing perception
and understanding of 3D space. To ensure real-time per-
formance, GraphCoT-VLA integrates a dropout-based joint
training strategy (Chen et al. 2025) and a hybrid CoT rea-
soning mechanism, balancing fast inference with deep rea-
soning. Our key contributions are as follows:

• A novel end-to-end model, GraphCoT-VLA, is proposed
for robotic manipulation under ambiguous instructions
and open-world conditions.

• A structured CoT module is proposed to support scene
understanding, feedback, and future imagination.

• A real-time Pose-Object Graph is designed to model 3D
interactions between the robot and surrounding objects.

• A hybrid CoT reasoning strategy using dropout-based
training enable both fast inference and iterative refine-
ment for real-time control.

• GraphCoT-VLA is validated on real robots, demonstrat-
ing superior performance in success rate, action fluency,
temporal modeling, and task generalization.

Related Work
Vision-Language-Action Models. VLA models are in-
creasingly emerging as a unified framework that enables
robots to perform complex manipulation tasks (Black et al.
2024; Kim et al. 2024; Wen et al. 2025a; Zhang and
Yan 2023; Team et al. 2024). Some approaches adopt
Transformer-based (Vaswani et al. 2017) architectures to
generate control commands (Brohan et al. 2022; Wu et al.
2023; Cheang et al. 2024), while others leverage the en-
hanced capabilities of VLMs (Zitkovich et al. 2023; Wen
et al. 2025b). For instance, π0 (Black et al. 2024) fine-
tunes Gemma to generate continuous actions via flow match-
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Figure 3: Pose-Object Graph generation.

ing (Lipman et al. 2022). Diffusion-based models have also
emerged as promising solutions: RDT-1B (Liu et al. 2024)
employs a diffusion Transformer to generate dual-arm con-
trol vectors. Other methods aim to improve cross-signal gen-
eralization. For example, DexVLA (Wen et al. 2025a) and
Crossformer (Zhang and Yan 2023) are designed to handle
diverse robotic platforms. In contrast to prior methods that
are limited to executing explicit commands, our goal is to
enhance task comprehension and feedback responsiveness
in open-world scenarios with ambiguous instructions.

Enhance the Reasoning and Comprehension Abilities of
VLA. Although some VLA models leverage VLMs, they
still lack explicit temporal planning and reasoning capa-
bilities. Recent approaches enhance reasoning by introduc-
ing CoT mechanisms. For example, CoT-VLA (Zhao et al.
2025) employs causal attention to generate subgoal im-
ages, ECoT (Zawalski et al. 2024) incorporates intermedi-
ate reasoning steps to understand task structure. For percep-
tion, some works integrate richer information to improve
understanding. SpatialVLA (Qu et al. 2025) incorporates
positional encodings to capture key spatial points, while
RoboFlamingo-Plus (Wang 2025) fuses RGB and depth
images to enhance perception. However, existing methods
still lack dynamic planning and feedback mechanisms when
faced with ambiguous instructions. Most are limited to static
2D observations of single objects, making it difficult to
model 3D interactions between the robot and its environ-
ment. Therefore, this study proposes a novel structured CoT
and 3D spatial graph framework to improve the model’s un-
derstanding and reasoning of ambiguous scenes.

Methods
This section presents our overall approach, we first introduce
the Pose-Object Graph, then describe the design of CoT, fol-
lowed by the overall architecture and co-training strategy.

Pose-Object Graph
Real-time Construction. To model 3D spatial relation-
ships between the robot and scene objects, we construct a
real-time Pose-Object Graph Gi at each time step ti, run-
ning at 50 Hz, using synchronized multimodal data D =

{(ti, Irgbi , Idepthi ,qi)}Ni=1, where ti is the timestamp, Irgbi

and Idepthi are the RGB and depth images, and qi is the
J-DOF joint configuration. We apply YOLO-World (Cheng

Algorithm 1: Real-time Pose-Object Graph Construction.

Input: Demonstration D = {(ti, Irgbi , Idepthi ,qi)}Ni=1, in-
trinsics matrix K, extrinsic matrix T
Output: The corresponding generated graphs {Gi}Ni=1

for i = 1 to N do ▷ Same logic used during inference
Bi ← DetectObj(Irgbi )
{(xj , yj)}nj=1 ← Fcenter(Bi)
Initialize Vobj ← ∅
for j = 1 to n do

Dj ← Fdepth(I
depth
i , (xj , yj))

P head
j ← Dj ·K−1(xj , yj , 1)

⊤

P base
j ← T · P head

j ▷ Convert to robot base frame
Vobj ← Vobj ∪ {P base

j }
end for
Vee ← FK(qi)
E ← {(vobj, vee) | vobj ∈ Vobj, vee ∈ Vee}
Gi ← (Vobj ∪ Vee, E)

end for
return {Gi}Ni=1

et al. 2024) to detect n object bounding boxes from Irgbi ,
extract their 2D centers and project them to 3D points in the
head camera frame using depth values and intrinsics K, then
transform them into the robot base frame using extrinsics T .
The robot’s end-effector positions are computed via forward
kinematics from qi. All object and end-effector nodes are
fully connected to form Gi, which is provided to the VLA
model for enhanced 3D scene understanding. Fig. 3 illus-
trates the process and details are given in Algorithm 1.

Graph Encoder. We encode the Pose-Object Graph Gt

using a two-layer graph neural network (GNN) (Scarselli
et al. 2008), where each layer sequentially applies layer
normalization, graph convolution, and ReLU activation.
Let H(0) ∈ R(m+n)×d denote the initial embeddings of
Pose-Object Graph, represented as 3D positions in a d-
dimensional space. We update feature by:

H(l+1) = σ
(
G(N (H(l)),A)

)
, (1)

where N , G, and σ denote layer normalization, graph con-
volution, and ReLU activation, and A is the adjacency ma-
trix of Gt. The final node features are fed into the VLM for
downstream reasoning and action prediction.

CoT Reasoning via Understanding, Feedback and
Imagination
To improve reasoning under ambiguous instructions and
novel visuals, and enable suggestion-based feedback in the
VLA framework, we propose a structural CoT mechanism
(Fig. 2) that integrates scene understanding, instruction in-
terpretation, feedback generation, and future imagination.

Specifically, we first use Qwen2.5-VL-7B (Bai et al.
2025) to perform initial scene understanding from the head
image by identifying objects in the environment, prompt ex-
ample:
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The desk contains the necessary ingredients and a
plate. Please observe the image and describe the
items on the desk with very simple sentences.

Next, guided by task requirements, we perform feasibil-
ity analysis and decompose ambiguous instructions. If the
scene does not satisfy the instruction, we query Qwen2.5-
VL-7B with a targeted prompt to generate feedback and sug-
gestions, prompt example:

I want to eat spicy river seafood. Please recommend
the ingredients that are still missing from the table
and needed with very simple sentences.

Beyond understanding the current scene, CoT module in-
corporates future prediction through a generic frame sam-
pling strategy. At each time step t, We set a fixed time in-
terval ∆t = 30 frames and perform object detection using
Qwen2.5-VL-7B on the future frame at t′ =

⌊
t
∆t

⌋
×∆t+∆t.

Additionally, the robot’s state at frame t′′ = t + ∆t is con-
verted into a textual description and appended to the CoT.

Overall Framework of GraphCoT-VLA
We adopt π0 as the baseline. At each time step t, the robot
receives multi-view images from the head, left and right
wrist cameras: Ihead,t, Ileft,t, and Iright,t. Additionally, propri-
oception qt, an ambiguous instruction L, and a Pose-Object
Graph Gt are fed into model. Our model learns the condi-
tional distribution of future actions as:

P (at+1:t+∆t | Ihead,t, Ileft,t, Iright,t,Gt, qt,L). (2)

To model this distribution, we first encode the visual in-
puts {Ihead,t, Ileft,t, Iright,t} by vision transformer (Dosovit-
skiy et al. 2020). The Pose-Object Graph Gt, representing
the robot’s configuration, is encoded using a graph encoder
that treats each node as a graph token. Then the embeddings
are concatenated with the tokenized language instruction L
to construct the input sequence for the model.

The input sequence is fed into a VLM built upon
PaliGemma (Beyer et al. 2024). The output tokens from the
VLM are divided into two parts: the first is used to autore-
gressively generate a CoT explanation, while the second is
passed to an action expert module based on flow matching.
This module also takes as input the robot state qt and action
noise ϵ ∼ N (0, σ2). The action expert then generates the
predicted sequence of future actions Ât = ât+1:t+∆t.

Co-Training with Dropout
CoT Optimization. To supervise the generation of CoT
reasoning, we apply a standard cross-entropy loss (Mao,
Mohri, and Zhong 2023):

LCoT = −
TCoT∑
i=1

logP (yi | y<i, o
CoT
t ), (3)

where yi denotes the i-th token in the ground-truth CoT se-
quence. TCoT denotes the number of tokens in the output
CoT sequence, and oCoT

t = {Ihead,t, Ileft,t, Iright,t,Gt, qt,L}.

Action Optimization. A conditional flow matching
loss (Lipman et al. 2022) is adopted to learn a time-
dependent denoising vector field. Given a future action se-
quence At = [at+1, . . . , at+∆t], we sample a time coeffi-
cient τ ∼ Beta(α, β) and noise ϵ ∼ N (0, I), and compute a
perturbed action Aτ

t as a weighted combination of the origi-
nal action At and noise ϵ, given by Aτ

t = τAt+(1−τ)ϵ. The
network is trained to predict the denoising vector u(Aτ

t |
At) = ϵ−At, and loss defined as:

Laction = EAt,τ,ϵ

[∥∥vθ(A
τ
t , o

action
t )− (ϵ−At)

∥∥2] , (4)

where vθ is the learned vector field conditioned on the full
observation. oaction

t refers to the portion of the VLM output
tokens following the CoT reasoning.

To support real-time inference, we adopt a joint training
strategy with CoT supervision dropout. Each sample is ran-
domly dropped with probability p, enabling the model to
learn from both reasoning-guided and direct action predic-
tion modes. The training loss is defined as:

Ltotal = (1−d)·(λCoT ·LCoT+λaction ·Laction)+d·Laction, (5)

where d ∼ Bernoulli(p) indicates whether CoT supervi-
sion is dropped for the sample (d = 1 means dropout), and
λCoT, λaction are balancing weights, set to 1 in our experi-
ments. During inference, the model adopts a hybrid reason-
ing strategy: CoT is generated only for the first frame to pro-
vide feedback and guidance, while subsequent frames skip
reasoning and predict actions for robot control.

Experiments
Experimental Setup
Datasets. We collect data on a bimanual robot (Huang
et al. 2025) with 7 degrees of freedom per arm(Fig. 2(b)),
including RGB-D images from the head, neck, and hand-
mounted cameras. As data streams run at different rates,
with cameras at 30 Hz and proportional-derivative (PD)
control at 150 Hz, we align all modalities using the head
camera’s timestamp, actions are defined in joint angle space.

Task Descriptions. The tasks, Food Preparation and Out-
fit Selection, are designed to evaluate the robot’s ability to

Food Preparation
Subtask Egg Tomato Fish Pepper
Subtask 1 ✓ ✓ ✓ ✓
Subtask 2 ✓ ✓ ✓
Subtask 3 ✓ ✓

Outfit Selection
Subtask Sweater T-shirt Shorts
Subtask 1 ✓ ✓ ✓
Subtask 2 ✓ ✓
Subtask 3 ✓

Table 1: Available objects per subtask.
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Method Food Preparation Outfit Selection No Task
Confusionfish & pepper pepper nothing Avg. T-shirt & shorts T-shirt nothing Avg.

ACT 45 65 65 58.33 50 45 0 31.67 ✗
Diffusion Policy 35 65 60 53.33 45 30 5 26.67 ✗
Octo fine-tuned 60 60 80 66.67 55 50 45 50.00 ✗
π0 fine-tuned 55 65 50 56.67 50 55 50 51.67 ✗

Ours 75 80 75 76.67 65 70 75 70.00 ✓

Table 2: Comparison of our method and baselines. Success rates (%) for two tasks, the last column indicates task confusion.

Method Food Preparation Outfit Selection
fish & pepper pepper nothing Avg. T-shirt & shorts T-shirt nothing Avg.

w/o CoT&Graph (π0) 55 65 50 56.67 50 55 50 51.67
w/o PoseGraph 70 80 75 75.00 55 60 55 56.67

w/o CoT 70 80 55 68.33 55 60 60 58.33

Ours 75 80 75 76.67 65 70 75 70.00

Table 3: Ablation study. Success rates (%) of our model and variants on subtasks from two tasks.

perform under ambiguous instructions. The evaluation fo-
cuses on: (1) understanding ambiguous commands; (2) bi-
manual collaboration to test policy robustness and coordi-
nation; and (3) scenario diversity across subtasks to assess
whether the model can distinguish tasks relying solely on
visual and contextual information. Table 1 summarizes the
varying object availability across subtasks for both Food
Preparation and Outfit Selection, representing different situ-
ations the robot encounters. To encourage generalization, we
vary object placement during data collection, items are ran-
domly translated 10 cm and rotated up to 30◦, clothing ar-
rangements vary per subtask, with predefined permutations
or uniform sampling across 10 hanger segments, we collect
100 demonstrations per subtask, totaling 600 for training.

Baselines. We compare our method with four state-of-
the-art baselines: ACT(Zhao et al. 2023), a transformer-
based trained from scratch to map images to actions; Diffu-
sion Policy(Chi et al. 2023), an imitation learning method
generating actions via diffusion, trained from scratch per
task; Octo(Team et al. 2024), a pretrained transformer on
800k Open X-Embodiment (O’Neill et al. 2024) episodes,
fine-tuned with released weights; π0(Black et al. 2024), a
general-purpose VLA model using both image and language
inputs, also fine-tuned from released weights.

Training and Evaluation Protocol. We follow
ACT’s (Zhao et al. 2023) task failure rate evaluation
protocol, testing each task 20 times. A trial is successful
only if the entire task is completed correctly. The details
of the experimental setup and the criteria for identifying
failure cases are provided in the appendix.

Comparative Results with SOTA Models
Table 2 compares our method with state-of-the-art ap-
proaches. In Food Preparation, Octo had the highest base-

line accuracy, which we improved by 10%. In Outfit Se-
lection, π0 led among baselines, and we outperformed it
by 18.33%. These results demonstrate that our approach of-
fers higher accuracy and robustness, particularly in scenar-
ios with task ambiguity. During real-world robot inference,
as shown in Fig. 4, our method exhibits smoother body con-
trol. Notably, all baseline methods showed task confusion
when handling ambiguous instructions. For example, as il-
lustrated in Fig. 4(6), when the task required the robot to
grasp a T-shirt, other methods incorrectly targeted a sweater.
In contrast, our method correctly inferred the task intent and
successfully executed the grasp, demonstrating superior task
understanding and execution consistency.

Ablation Studies
3D Spatial Awareness through Pose-Object Graph. As
shown in Table 3, the introduction of the Pose-Object
Graph increases the success rate by up to 18.33%. Dur-
ing the experiments, we observed that with graph reason-
ing (illustrated in Fig. 4(a)), the robot’s movements when
grasping the target object become more decisive, coherent
and natural. Furthermore, in the second task, which requires
high end-effector precision to successfully grasp the hanger,
the Pose-Object Graph leads to more accurate execution
and greater operational stability. This demonstrates that the
Pose-Object Graph improves the model’s accuracy and the
fluency of action generation.

Enhancing Comprehension and Reasoning with CoT.
As shown in Fig. 5(b), the CoT module enables the model to
form a global understanding of the task based on varying en-
vironmental observations under ambiguous instructions. For
instance, in the Food Selection task, when only chili pep-
pers satisfy the given conditions, the model successfully pro-
vides reasonable suggestions. Additionally, it demonstrates
preliminary sub-task planning abilities and the capacity to
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(b) Failure Cases of Baseline

(1) Food Preparation: Fish and Pepper (a) Real-world Execution

(2) Food Preparation: Pepper Only

(4) Outfit Selection: T-shirt Only

(3) Outfit Selection: T-shirt and Shorts

(5) Food Preparation: Pepper Only

(6) Outfit Selection: T-shirt Only

Figure 4: Real-world Executions. Each row shows a task in order, with baseline failures highlighted in yellow.

anticipate future steps. In addition, as shown in Table 3, the
introduction of the CoT module leads to a significant im-
provement in the success rates. We also observed that the
CoT module enhances the model’s ability to interpret and re-
spond to chaotic or ambiguous situations. The baseline mod-
els often exhibit issues such as “insufficient or continuous
waving”, which tends to make decisions based solely on cur-
rent observations, lacking the capacity to reason about future
task steps. With the CoT, the model demonstrates stronger
task planning capabilities and a greater ability to predict fu-
ture actions, resulting in more coherent behavior.

Qualitative Visualization
Pose-Object Graph Visualization. We visualize its struc-
ture in Fig. 6(a), where nodes represent robot joints or ob-
ject centers in the world frame. Joints are connected via the

kinematic chain, and the end-effector links to all objects to
form a unified graph. This visualization clearly illustrates the
spatial configuration between the robot and surrounding ob-
jects, demonstrating that the graph effectively encodes scene
layout for downstream action generation.

Chain-of-thoughts visualization. Fig. 5 shows CoT’s
reasoning under varying task conditions. In ambiguous
scenes, where both fish and chili peppers are valid(Fig. 5(a),
CoT captures global context (purple box) and generates ap-
propriate subtasks (orange box). When only one valid option
remains (Fig. 5(b)), it adapts its plan. The comparison be-
tween Fig. 5(c) and (d) further demonstrates that CoT adapts
its interpretation and reasoning based on observed changes.
These examples highlight CoT’s ability to interpret scene se-
mantics and adjust decisions based on observation.
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Initially, There is an egg, a red 
chili pepper, a tomato, ... spicy 
river seafood, the fish and pepper 
on the table meet the requirements. 

Subtask:
1. Pick up the pepper … left hand.
2. Pick up the fish … right hand.
3. Move both hands to the plate.
4. Place the pepper … fish down.

Object position: 
```json[{“bbox2d”: [194, 228, 314,
346], “label”: “pepper …, “label”: 
“fish”},{“bbox2d”: [237, 84, 412,
222], “label”: “plate”}]```

State: 
tensor([1.5847e-05, -1.9809e-05, -
9.7939e-01, … 3.8346e-01,
2.3012e+00, 7.4034e-02, -1.6542e-
01, 2.4894e-01, 9.8703e-01])

Initially, There is an egg, a tomato, 
a red chili pepper, and a white 
plate on the … no river seafood
available. To make spicy river 
seafood, you need to add seafood 
and a sauce. The chili pepper is 
already present for the spicy flavor. 

Subtask:
1. Pick up the … right hand. 
2. Move the right hand … plate. 
3. Place the pepper down.

Object position: 
```json[{“bbox 2d”: … “pepper”},
{"bbox 2d": [244, 89, 422, 231], 
"label": "plate"}]```

State: 
tensor([ 1.5055e-05, -1.5847e-06, -
8.6269e-01,  1.9032 … 7.3010e-02,  
5.2935e-02,  9.9135e-01])

Initially, The hanger has shirts 
and shorts. To prepare summer 
clothing, the shorts and T-shirt on 
the hanger meet the requirements.

Subtask: 
1. Pick up the shorts … left hand. 
2. Pick up the T-shirt … hand. 
3. Place the shorts and the T-shirt.

Object position: 
```json[{“bbox 2d”: [168, 176, 410, 
408], … [351, 176, 614, 439], 
"label": "colorful T-shirt"}]```

State:
tensor([ 7.1311e-06, -1.5847e-05, -
8.2943e-01,  1.9457e+00, -5.4075e-
02, 2.1274e+00,  …  -1.7232e+00,  
1.6126e-01,  2.2625e+00, -8.4708e-
02, -6.5692e-02,  1.3876e-01,  
9.8647e-01])

Initially, The hanger has shirts on 
it. To prepare summer clothing, 
you typically need both shorts and 
T-shirt. … You might consider 
adding shorts or a pair of light 
pants to your summer outfit. 

Subtask: 
1.Pick up the T-shirt ... right hand. 
2. Place the T-shirt.

Object position: 
```json[{“bbox 2d”: [79, 176, 366, 
440], "label": "T-shirt"}]```

State:
tensor([ 2.2186e-05, -1.5847e-05, -
4.5939e-01, 1.3679e+00, -3.4741e-
01, 2.0471e …  -1.8201e+00,
1.1171e-01, 2.0647e+00, -1.7206e-
02, -8.7441e-02, -8.7708e-02, 
9.8310e-01])

(a) (b) (c) (d)

"I want to eat spicy river food, please help me select the ingredients." " I want to wear summer clothing, please help me pick the suitable clothes."

Figure 5: Visualization CoT reasoning from model inference.

In addition to high-level reasoning, CoT accurately pre-
dicts low-level future states, including target object positions
and the robot’s configuration. As shown in Fig. 5, the boxed
areas mark predicted object locations that closely match the
ground truth. Fig. 6(c) further compares CoT’s predicted
body state with actual motion, showing strong alignment in
end-effector position and overall kinematics. These results
confirm CoT’s capability in temporal reasoning and fine-
grained state prediction.

(a) Pose-Object Graph (b) CoT-Predicted State (c) Combined Graph
Y

X

Z

Y

Z

X

Y

X

Z

Figure 6: Graph visualization. (a) Pose-Object Graph: Red
and green nodes represent robot joints and object points,
respectively. (b) CoT Prediction: Robot state predction by
CoT. (c) Combined Graph: Overlay of (a) and (b), with
transparent nodes indicating CoT predictions.

Model Frequency
π0 ≈10 Hz
Ours (co-training) ≈10 Hz

Table 4: Comparison of inference frequencies.

Efficiency Study
The model’s inference speed directly affects the smoothness
of real-world robot execution. We measured the inference
frequency of π0 ten times, averaging about 10 Hz (Table 4).
With CoT co-training on the same hardware, the first frame
took slightly longer (< 30 s), but subsequent inference also
ran at 10 Hz, showing no added computational overhead.

Conclusion
In this work, we propose GraphCoT-VLA to address robotic
manipulation tasks under ambiguous instructions. Specifi-
cally, we design a Pose-Object graph and a hierarchical CoT
structure that enhance the model’s understanding and rea-
soning capabilities. Currently, our approach relies on future
imagination and lacks memory of past temporal informa-
tion, future work would explore incorporating historical se-
quences to enable more coherent long-term reasoning.
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