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Abstract

Dual-arm collaborative manipulation in dynamic, unstruc-
tured environments is profoundly challenging, requiring
real-time handling of high-dimensional physical constraints
alongside dynamic scene understanding and adaptation to
high-level natural language instructions. To address these
challenges, we propose the Dynamic Graph Vision-Language
Model (DGV), a novel dynamic task planning framework that
seamlessly integrates GNNs and VLMs. It first leverages a
pre-trained VLM to integrate perceptual and semantic pro-
cessing, accurately extracting object states and complex ma-
nipulation intents from the environment. This extracted infor-
mation is then encoded into a dynamic spatio-temporal graph
that models the robot’s kinematic structure, environmental
object relations, and temporal dependencies within a single,
unified representation. We propose a real-time local subgraph
update mechanism, which is designed to cope with rapid en-
vironmental changes. This mechanism ensures immediate ac-
tion adjustments and efficient replanning based on fresh vi-
sual feedback, dramatically improving dynamic adaptability.
Utilizing the updated graph structure, DGV performs efficient
reasoning to generate continuous, stable, and robust dual-
arm collaborative motion sequences. Our experimental re-
sults across both simulation and real-world robot platforms
demonstrate that DGV achieves a task success rate nearly
20% higher than current state-of-the-art methods, while ex-
hibiting superior performance in dynamic adaptability and ro-
bustness.

Introduction
Robust and efficient task planning is key to achieving ad-
vanced dual-arm manipulation, but it faces two primary
challenges in dynamic and unstructured environments, as il-
lustrated in Figure 1. First, the high-dimensional nature and
complex physical constraints of dual-arm systems induce
non-linear coupling and combinatorial complexity. This
causes an explosion of the solution space, severely limiting
the efficiency and convergence of traditional planning algo-
rithms (Ratliff et al. 2009; Berenson, Srinivasa, and Kuffner
2011; Cohen, Chitta, and Likhachev 2012; Zacharias, Borst,
and Hirzinger 2006; Kajita et al. 2003). The second chal-
lenge arises from the interplay of dynamic environmental
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Figure 1: Two challenges when using the 14-DOF Franka
Emika robots for collaborative tasks are: (1) High-DOF
coupled planning, where intricate non-linear kinematics ne-
cessitate collision avoidance, particularly within the high-
risk space indicated by a red circle (inter-arm and arm-
environment collisions). (2) Uncertain multi-view percep-
tion, where multi-view camera data is compromised by
real-world factors like occlusion and semantic ambiguity,
severely degrading the robustness of dynamic task planning.

changes, sensor perception errors, and high-level task se-
mantic uncertainty in practical scenarios. These combined
factors collectively prevent conventional planning methods
from meeting critical demands for real-time performance,
robustness, and effective high-level semantic understanding
(Huang et al. 2023; Driess et al. 2023; Qureshi et al. 2020;
Kaelbling and Lozano-Pérez 2013; Biswas and Veloso 2012;
Pronobis and Rao 2017).

Dual-arm task planning research primarily focuses on
high-dimensional motion spaces and non-linear constraints.
Optimization methods like CHOMP (Ratliff et al. 2009) and
TrajOpt (Schulman et al. 2014) generate smooth trajectories
via gradient/convex optimization, while Kinematics-based
Model Predictive Control (MPC) (Jiang et al. 2016; Dehio,
Wang, and Kheddar 2022) excels in dynamic environments.
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Concurrently, deep learning approaches, such as Diffusion
Policy (Chi et al. 2025) and ACT (Zhao et al. 2023) (us-
ing imitation learning), generate robust actions and achieve
manipulation. Furthermore, Reinforcement Learning (RL)
based algorithms like CQL (Kumar et al. 2020) explore pol-
icy spaces. Despite these advancements, these methods gen-
erally lack a structured representation of complex collabo-
rative relationships. Their reliance on prior kinematic mod-
els severely limits adaptability to dynamic perturbations and
unstructured changes.

To overcome challenges related to task object changes
and perceptual uncertainty, recent research has integrated
advanced perception and high-level semantic capabilities
into planning. Early methods, like Visual Foresight (Ebert
et al. 2018) and MPNet (Qureshi et al. 2020), used video
prediction and image perception to improve policy robust-
ness against geometric perturbations. The advent of Vision-
Language Models (VLMs) marked a major breakthrough:
Palm-E (Driess et al. 2023) enabled zero-shot semantic
understanding, VoxPoser (Huang et al. 2023) mapped se-
mantics to 3D value maps, and VIMA (Jiang et al. 2022)
enhanced multi-scene generalization through multimodal
prompting. While these VLM-based methods excel in se-
mantic understanding, they fundamentally lack structured
modeling of complex physical relationships and dynamic
environmental changes. Crucially, the lack of online feed-
back and error correction prevents these methods from si-
multaneously satisfying the dynamic consistency and real-
time adaptability required for dual-arm collaboration.

While VLMs provide semantic grounding, they lack
structured modeling of physical dependencies. Therefore,
a structured paradigm, such as Graph Neural Networks
(GNNs), is critically necessary to model complex collab-
orative constraints and achieve dynamic adaptability. Con-
versely, GNNs model structure lacks semantic understand-
ing. To address the challenges of structural coupling and dy-
namic semantic perception, we propose the Dynamic Graph
Vision-Language Model (DGV), a dynamic task planning
framework that fuses GNNs and VLMs based on a Behav-
ioral Cloning (BC) paradigm. This method utilizes a unified
dynamic spatio-temporal graph as its core representation.
This graph systematically encodes high-dimensional geo-
metric constraints, the physical coupling of dual-arm col-
laboration, and high-level task semantic information into its
nodes and edges, thereby achieving structured, explainable,
and adjustable collaborative planning. Our contributions are
summarized as follows.

• Semantic-Fusion for Dual-Arm Collaboration. We use
a VLM to jointly parse natural language instructions and
multi-view perception results, recognizing target objects,
task intentions, and environmental constraints to provide
a high-level prior for graph construction.

• Semantically Augmented State Graph. We construct a
unified spatio-temporal graph that combines the robot’s
structure and sensory information, expressing joint
states, physical connections, and task logic to support
task planning under dual-arm collaboration.

• Online Local Subgraph Update for Dynamic Pertur-

bations. We design an online graph adjustment mech-
anism based on VLM feedback, which dynamically up-
dates perturbed nodes and their neighbors using attention
mechanisms, thereby improving action sequence recon-
struction capability and execution robustness.

• Dynamic Graph-Guided Action Sequence Inference.
We leverage Spatial GCN and Temporal Attention to en-
code structural constraints, followed by a Gaussian Mix-
ture Model (GMM) decoder to achieve continuous, feasi-
ble, and highly collaborative action sequence generation.

Related Work
In this section, we briefly review the related work on seman-
tic fusion, spatio-temporal graph modeling, adaptive graph
updates, and action sequence inference.

Semantic Fusion for Dual-Arm Collaboration
VLMs enhance task and environmental semantic under-
standing via joint image-language modeling. While mod-
els like CLIP (Radford et al. 2021), BLIP (Li et al. 2022),
and LLaVA (Liu et al. 2023) excel in zero-shot cross-modal
alignment, they focus on end-to-end decision-making, lack-
ing the structured modeling required for dual-arm collabo-
rative planning. SayCan (Ahn et al. 2022) maps language
to behavior via a scoring mechanism, and RT-2 (Zitkovich
et al. 2023) introduced the multimodal policy transduction
framework. As these methods generally lack the structured
modeling capability needed for complex collaborative tasks,
we address this by fusing VLM-extracted semantic priors
with GNNs for robust action sequence optimization.

Spatio-Temporal Graph Modeling for Dual-Arm
Traditional planning often fails to model structural depen-
dencies in multi-joint systems. GNNs overcome this by en-
coding joint topology (Yan, Xiong, and Lin 2018), cross-
view perception (Zhou et al. 2022), distributed exploration
(Zhang et al. 2022), and robot-object interaction (Lin et al.
2022) to support effective action generation. Building upon
this, we integrate structural perception with VLM semantic
information to construct a unified, semantically augmented
collaborative state spatio-temporal graph, which provides
the structured, semantic-driven modeling foundation for dy-
namic dual-arm coordinated action sequence optimization.

Adaptive Graph Update for Dynamic Disturbance
Dynamic environmental disturbances challenge real-time
task planning, rendering static graphs inadequate. While Dy-
namic GNNs like EvolveGCN (Pareja et al. 2020), DyRep
(Trivedi et al. 2019), and InstantGNN (Zheng et al. 2022)
support real-time node and edge updates for dynamic adap-
tation, we introduce a VLM-driven local subgraph adjust-
ment mechanism. By using attention to reconstruct the adja-
cency of perturbed regions, our method boosts online action
sequence reconstruction and execution robustness.

Action Sequence Inference via Dynamic Graphs
Dual-arm planning requires continuous, constrained action
sequences. Unlike traditional optimization or end-to-end
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learning, GNNs offer superior adaptability and interpretabil-
ity in high-dimensional planning (Khan et al. 2020; Zang
et al. 2023). Inspired by these successful applications, we
utilize the real-time updated collaborative state graph and
an attention mechanism to infer dual-arm action increment
sequences. This mechanism simultaneously satisfies VLM
semantic understanding, structural constraints, and physical
feasibility, ensuring action smoothness and robustness.

Problem Definition
The dynamic task planning problem for dual-arm collabo-
rative manipulation is defined as the real-time generation
of high-dimensional, continuous dual-arm action sequences
that satisfy multiple constraints within a dynamic and un-
structured environment, based on multimodal inputs. Specif-
ically, at any time t, the system receives a multimodal input
It, which comprises three essential components: the high-
level natural language instruction l, which defines the task’s
semantic objective; the multi-view RGB-D observation set
Ot (provided by six RGB-D cameras, as illustrated in Figure
1) for real-time environment perception; and the dual-arm
system’s current joint state st. The joint state is formally de-
fined as st = (q0, q1), where qi ∈ Rn denotes the configura-
tion vector of the i-th arm, and n is the joint degrees of free-
dom (DOF) of a single manipulator. This process formulates
task planning as a constrained optimization problem, where
the system must decompose high-level semantic intentions
into sequential, physically feasible motion primitives while
maintaining dynamic coordination. The overall objective is
to generate a sequence of continuous actions A = {at}Tt=0
that drives the dual arms to collaboratively execute the task,
subject to constraints on task semantics, physical reachabil-
ity, and collision avoidance (safety).

Methodology
The overall framework of our proposed method, illustrated
in Figure 2, is composed of four mutually collaborative core
modules: Dual-Arm collaborative Semantic Fusion Model-
ing, Semantic collaborative Graph Modeling, Dynamic Lo-
cal Subgraph Update Module, and Dynamic Graph Action
Generation Module. These four modules synergistically col-
laborate to constitute an intelligent task planning system that
is endowed with both adaptability and semantic closed-loop
capability in dynamic environments.

Dual-Arm collaborative Semantic Fusion Modeling
The validity and robustness of dual-arm collaborative ma-
nipulation are critically dependent on accurately understand-
ing high-level task semantics and environmental constraints.
To address this, this module designs a VLM-based semantic
fusion mechanism that uniformly parses natural language in-
structions and multi-view perception inputs to extract high-
level semantic priors, which subsequently guide graph con-
struction and dynamic action sequence inference.

Multimodal Input Representation. This module primar-
ily relies on two input streams:

• Natural language task instruction l ∈ L, serves as the
high-level task description (e.g., “use the right arm to lift
the red bowl”), explicitly defining the manipulation ob-
jective and semantic constraints.

• Multi-view observation set O = {(Ii, Di)}6i=1, provided
by six RGB-D cameras. The RGB image Ii ∈ RH×W×3

captures the scene appearance, while the depth map Di ∈
RH×W provides accurate 3D geometric information.

High-Level Semantic Prior Extraction via VLM. We
employ a fine-tuned PaliGemma (Beyer et al. 2024) model
for joint modeling of O and l. This VLM, composed of a
SigLIP-So400m image encoder and a Gemma-2B text de-
coder, possesses strong cross-modal alignment capability.
PaliGemma is responsible for object detection and semantic
recognition, 3D pose estimation, affordance inference, and
semantic relevance assessment.

High-Level Semantic Prior Output. The VLM ulti-
mately outputs the set of environmental objects V = {V1 ∪
V2, representing of K obstacles and J target objects. For
each object v ∈ V , we extract its semantic prior features F v ,
encompassing: Geometric Information: the object’s center
pose pv ∈ R7 (position and quaternion orientation) and
bounding box f1

v ∈ R6. Manipulation Semantics: the affor-
dance label f2

v (e.g., graspable, liftable, pushable, etc.), and
the target indicator f3

v ∈ {0, 1}. Semantic Alignment Score
αv ∈ [0, 1], representing the object’s relevance to instruc-
tion l. This compact set of semantic embeddings effectively
aligns the language instruction with visual perception, pro-
viding a precise, task-level semantic foundation for subse-
quent structured graph construction and dynamic control.

Semantic Collaborative Graph Modeling
To address the challenges of structural coupling and non-
linear coordination constraints in the dual-arm system’s
high-dimensional state space, we propose the Semantically
Augmented Dynamic Spatio-Temporal Graph (GST ) model-
ing mechanism. GST is designed to uniformly encode dual-
arm states, physical structure priors, and high-level seman-
tic information. This provides a structured, explainable, and
collaborative state representation for subsequent GNN in-
ference and task planning. We formally define the spatio-
temporal graph as GST = ⟨VST , EST ⟩, where VST is the set
of nodes and EST is the set of edges.

Construction of the Node Set VST . The node set VST

is the union of spatial node sets across all time steps
VST =

⋃T
t=0 Vt

S , t ∈ {0, . . . , T}. The spatial node set
Vt
S at each time step t comprises two types of nodes.

The first type are Joint Nodes vjoint
i ∈ Vt

S , whose feature
vector f4

i ∈ R6 consists of the joint end-effector pose
[x, y, z,Roll,Pitch,Y aw] and includes a binary identi-
fier f5

i ∈ {0, 1} to distinguish between the left and right ma-
nipulators. The second type are Environment/Object Nodes
venv
k ∈ Vt

S , constructed from the semantic priors F v ex-
tracted in Section 4.1, which encode the object’s geometric
pose, affordance, and semantic alignment score.
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Figure 2: Overview of the Dynamic Graph-VLM (DGV) Framework. DGV integrates multimodal inputs (multi-view RGB-D
images and natural language instructions) with dual-arm joint states. The PaliGemma model first performs semantic alignment
between image and language, identifying target objects and task constraints. This extracted information forms the basis for
constructing a multi-source fusion spatial graph, which evolves into a spatio-temporal graph as planning progresses over time.
In each planning step, a Dynamic Graph Neural Network (DGNN) performs robust action sequence inference and generates
action increment sequences. During execution, the system continuously monitors for dynamic perturbations (semantic or en-
vironmental changes). A Local Subgraph Update Mechanism then performs incremental structural adjustments on the affected
graph regions, enabling online action sequence optimization and closed-loop control.

Construction of the Edge Set EST . The edge set EST

consists of spatial edges Et
S and temporal edges Etemporal,

which encode constraints, relationships, and sequential de-
pendencies among the nodes. Spatial Edges Et

S exist be-
tween nodes at the same time step t, modeling static con-
straints and semantic relationships. These are categorized
as: Joint-Joint Edges, based on the kinematic topology of
the robot links, modeling high-dimensional coupling con-
straints; Joint-Env. Edges, based on collision checking and
operational distance, modeling safety and reachability con-
straints; and Env.-Env. Edges, based on semantic relation-
ships and physical proximity. Temporal Edges Etemporal con-
nect the same node vi between adjacent time steps t and t+1,
capturing sequential dependencies and temporal smoothness
of the action sequence.

Construction and Maintenance of the Dynamic Spatio-
Temporal Graph. The construction of GST utilizes a slid-
ing time window for online maintenance, ensuring the graph
structure remains real-time. The initial graph G0 is con-
structed based on the initial joint state s0 and environment
nodes. At each subsequent time step t + 1, new joint nodes
are constructed using the next joint state st+1 outputted by
the action sequence inference module. Based on a local en-
vironmental stability assumption, environment nodes from
the previous time step are inherited as current environment
nodes. This allows for the incremental evolution of the graph
through the construction of new spatial and temporal edges.
By enforcing a fixed window length W , the structure corre-
sponding to the oldest time step is removed, thereby guaran-
teeing computational efficiency and real-time performance.

Dynamic Local Subgraph Update Module
In dynamic collaborative manipulation, environmental per-
turbations (e.g., target displacement, object addition/re-
moval) can invalidate previously planned action sequences.
To address this, we design a vision-semantic driven online
local subgraph update mechanism. This mechanism utilizes
VLM perceptual feedback and an attention mechanism to
dynamically identify and correct perturbed graph nodes and
their neighbors, enabling incremental action sequence re-
construction. For real-time performance, adjustments are re-
stricted to the predicted spatial graph Gt+1

S of the next time
step. Because physical disturbances typically affect only a
local subset of objects or robot joints, full graph recomputa-
tion is unnecessary. This effectively balances resource con-
sumption and system robustness.

Perturbation Detection based on Multimodal Difference
Metric. During task execution, the system continuously
monitors the environment via VLM processing of real-time
visual input Ot. To quantify the impact of environmental
changes on task-relevant states, we define a semantic and
geometric difference metric δv for each environment node
v ∈ Venv. This metric synthesizes changes in geometry, size,
manipulation semantics, and VLM confidence over adjacent
time steps t and t− 1:

δv =
∥∥pt − pt−1

∥∥
2
+
∥∥f1

t − f1
t−1

∥∥
2
+
∥∥f2

t − f2
t−1

∥∥
2

+
∥∥f3

t − f3
t−1

∥∥
2
+ ∥αt − αt−1∥2

(1)
The term

∥∥f2
t − f2

t−1

∥∥
2

specifically measures the dis-
placement in the multi-dimensional affordance score space.
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Figure 3: Dynamic Graph-Guided Action Sequence Infer-
ence Module. The module receives the semantically aug-
mented dynamic spatio-temporal graph GST as input. The
encoder first transforms the graph structure into node and
edge embeddings. These embeddings are then fed into a
Spatial GCN for structured feature aggregation, capturing
the dual-arm system’s structural coupling constraints and
environmental semantic priors. Following spatial modeling,
a Temporal Attention layer captures the action sequence’s
sequential dependencies and temporal coherence. The re-
sulting spatio-temporal joint embedding is passed to the de-
coder, which employs a Gaussian Mixture Model (GMM) to
predict the multimodal action distribution. This prediction is
subsequently refined by an MLP to output the final action
increment sequence ∆⨿ used to drive the manipulators.

If δv > τ (a preset threshold), v is identified as a perturbed
node and added to the set Vperturbed.

Attention Mechanism-Guided Local Feature Fusion.
For each perturbed node vp ∈ Vperturbed, we define a local
subgraph Gsub

vp = ⟨V sub
vp , E sub

vp ⟩, where the node set V sub
vp =

{vp} ∪ N (vp) includes vp and its first-order neighbors
N (vp). We introduce a feature fusion strategy based on the
Graph Attention Network (GAT) (Veličković et al. 2017)
framework, distinctively incorporating the latest VLM per-
ceptual feedback. We first obtain the candidate new feature
vnew
p provided by the VLM. Through the GAT mechanism,

this feature is weighted and fused with the contextual infor-
mation from the neighbors N (vp), generating an enhanced
node representation hnew

p . The core of this fusion process lies
in the calculation of the attention weight αpj , which dynam-
ically assesses the relevance of the new feature to the neigh-
borhood context, ensuring consistency between the new in-
formation and the local structure. Finally, all updated local
subgraphs Gsub

vp are aggregated back into the global spatio-
temporal graph GST , realizing the incremental online recon-
struction of the dynamic graph structure.

Dynamic Graph Action Generation Module
After the online local subgraph update detailed in
Section 4.3, we obtain the dynamic graph representation
GST , which reflects the latest environmental state. This mod-
ule aims to generate a smooth and robust dual-arm action

increment sequence ∆⨿ based on GST to realize dynamic
closed-loop control. As shown in Figure 3, we adopt a hi-
erarchical (spatial-temporal) architecture for joint modeling
and employ a Gaussian Mixture Model (GMM) decoder to
support multimodal prediction of the action distribution.

Spatial Graph Convolutional Layer (Spatial GCN). We
first employ a Graph Convolutional Network (GCN) (Yan,
Xiong, and Lin 2018) to model spatial dependencies among
the node features in GST . The GCN aggregates the features
of node h

(l)
j and its neighbors N (i), encoding the physi-

cal coupling of the dual-arm links, collision constraints, and
environmental semantic associations. Through multi-layer
spatial aggregation, node features are transformed into spa-
tially embedded representations Hspatial, enhanced with local
structure and semantics.

Temporal Dependency Modeling and Contextual En-
hancement. After obtaining the spatially enhanced em-
beddings Hspatial, we introduce a module based on the tem-
poral graph attention mechanism (Yan, Xiong, and Lin
2018) to capture sequential action sequence dependencies.
This module uses a self-attention mechanism to perform
weighted aggregation over the historical states of the same
node along the time axis. It computes the relevance ατ be-
tween the current state hi(t) and the historical action se-
quence features H1:t−1, selectively focusing on critical in-
formation from past actions. This mechanism effectively im-
proves the temporal coherence and smoothness of the pre-
dicted action sequence, yielding the final spatio-temporal
joint embedding Hfinal.

GMM Decoding and Action Increment Prediction. Fol-
lowing the fusion of spatial and temporal features, we obtain
the final spatio-temporally enhanced representation Hfinal.
To accurately capture the multimodality of action selection
in dynamic environments, we employ a Gaussian Mixture
Model (GMM) as the decoder. The conditional distribution
of the action increment ∆⨿t, P (∆⨿t|Hfinal), is modeled as
a mixture of M Gaussian components:

P (∆⨿t|Hfinal) =
M∑

m=1

πmN (µm,Σm) (2)

where πm is the mixing coefficient, and µm and Σm are the
mean and covariance of the m-th component, respectively.
The model is trained using maximum likelihood estimation
(MLE). During inference, the continuous, smooth, and ex-
ecutable dual-arm action increment sequence ∆⨿ is gener-
ated via sampling.

Trajectory Continuity and Dynamic Adaptability.
Training introduces an L2 regularization term to constrain
successive action increments, ensuring trajectory conti-
nuity and executability. Using the dynamic graph update
described in Section 4.3, this module instantly recalculates
action increments based on the corrected graph, realizing
closed-loop control and online adaptation to dynamic
environments.
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Experiments and Evaluation
We evaluate the proposed DGV framework across various
dual-arm collaborative tasks to rigorously test its robustness,
adaptability to dynamic changes, and generalization capabil-
ity. Our validation encompasses both simulated and physical
robot platforms.

Dataset and Evaluation Settings
Simulation Environment and Dataset. The simulation
environment, in CoppeliaSim, uses the 7 DOF Franka Emika
Panda dual-arm model, replicating physics and multi-view
vision for efficient data collection and comprehensive val-
idation. Our dataset is constructed using the RLBench2
benchmark (Grotz et al. 2024) within CoppeliaSim, with 13
challenging dual-arm collaborative manipulation tasks (e.g.,
box pushing, lift the ball). To rigorously evaluate DGV’s
dynamic adaptability, the dataset includes real-time distur-
bances: random target pose shifts, dynamic obstacle changes
(appearance/disappearance), and on-the-fly replanning after
failed grasps. The system operates at 20 Hz, with target dis-
placement perturbations ranging from 5–15 cm applied dur-
ing evaluation. Approximately 200 action sequences were
collected per task for training and validation.

Hardware Platform and Real-World Dataset. We also
validate our method on platforms, utilizing the Unitree G1
dual-arm robot (≈ 28 DOF in total, including two 7 DOF
arms and Dex3-1 end-effectors). Perception is handled by
four Intel RealSense D435 RGB-D cameras. We collected
400 real execution action sequences on the Unitree G1 for
two representative tasks (ball lifting and block passing). The
system maintains a control frequency of 10 Hz on the phys-
ical platform. This dataset, created via manual keyframe an-
notation and high-precision visual tracking, is used to eval-
uate the model’s execution robustness and its ability to gen-
eralize across diverse, real-world deployment scenarios.

Evaluation Metrics. Policy performance is quantified us-
ing the Task Success Rate (TSR). The success criteria for
each task are defined by geometric error thresholds applied
to the final goal state (e.g., object pose or gripper configura-
tion). Figure 4 shows examples of our experimental setups.

Comparisons with SOTA Methods
Baselines. To comprehensively validate the effectiveness
and superiority of the proposed DGV framework, we se-
lect representative policy learning methods based on Trans-
former architectures, Diffusion Models, and Large Vision-
Language Models (VLMs) as baselines for comparative
evaluation: (1) Action Chunking Transformer (ACT)
(Zhao et al. 2023), a Transformer-based architecture that
uses action chunking for efficient long-horizon action se-
quence planning; (2) PetACT2 (Grotz et al. 2024), an im-
proved variant of ACT, featuring enhanced representation
and execution mechanisms for superior action sequence pre-
cision and generalization; (3) Robotic Diffusion Trans-
former (RDT) (Liu et al. 2024), which combines the prob-
abilistic modeling power of Diffusion Models with Trans-
former sequence learning for multimodal action sequence

front camera

left wrist camera

top camera

right wrist camera

top camera

front camera

left shoulder camera

right shoulder camera

right wrist camera
left wrist camera

Figure 4: Experimental Environment. The figure compares
the evaluation environments: the left image shows the simu-
lated ball lifting task using the Franka Emika Panda model,
and the right image illustrates the real-world execution envi-
ronment utilizing the Unitree G1 manipulator system.

generation; (4) Diffusion Policy (DP) (Chi et al. 2025), a
classic diffusion policy model that directly models the action
distribution via a denoising process, excelling in multimodal
action sequence expression; (5) 3D Diffusion Policy (3DP)
(Ze et al. 2024), an extension of DP that integrates 3D spatial
perception modeling to enhance robustness under complex
geometric constraints; (6) π0 (Black et al. 2024), a large
Vision-Language-Action (VLA) model achieving zero-shot
generalization across various manipulation tasks through ex-
tensive pre-training; (7) π0-Fast (Pertsch et al. 2025), a
lightweight variant of π0, optimized to improve inference
speed for real-time task execution; and (8) Robotwin (Mu
et al. 2024), a multimodal robotics learning framework fo-
cused on efficient action sequence generation and fast adap-
tation under language constraints.

Simulation Results. As shown in Table 1, trained with
only 200 demonstration samples, the DGV framework sig-
nificantly outperforms all baseline methods across every
task, achieving an overall success rate of 72.1%. This rep-
resents an average performance gain of nearly 20% over
the second-best method (π0). In complex collaborative tasks
like Lift Ball and Handover Item, DGV’s success rate sur-
passes the runner-up baselines, demonstrating a critical ad-
vantage where conventional Imitation Learning (IL) meth-
ods (ACT, DP) largely fail. This validates the superior effi-
cacy of the semantically augmented collaborative state graph
in modeling dual-arm coupling constraints and achieving
high-precision pose control. Regarding dynamic adaptabil-
ity, DGV’s success rate on the highly dynamic Sweep Dust-
pan task significantly exceeds that of π0-fast and 3DP. This
strongly confirms that the Local Subgraph Update mech-
anism effectively integrates VLM perceptual feedback to
achieve robust action sequence correction and closed-loop
control in highly dynamic settings.

Real-World Results. To assess the model’s cross-domain
robustness, all policies were tested on the Unitree G1 real-
world robot platform, with results shown in Table 2. The
DGV framework exhibits a significant advantage across both
tasks, achieving an overall success rate of 73.7%, which
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Method Push Box Lift Ball Handover Item Pick Laptop Sweep to Dustpan Overall

ACT 49.8 ± 7.2 37.2 ± 1.8 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 17.4 ± 1.2
PetACT2 75.7 ± 7.6 51.2 ± 3.4 15.4 ± 0.8 38.4 ± 4.0 7.2 ± 2.3 37.8 ± 2.1
RDT 80.2 ± 3.2 51.4 ± 6.2 16.9 ± 3.8 41.8 ± 4.1 11.5 ± 0.8 40.4 ± 1.4
DP 60.8 ± 7.6 43.5 ± 1.7 0.0 ± 0.0 1.3 ± 0.6 0.0 ± 4.0 21.1 ± 1.6
3DP 60.1 ± 3.2 61.5 ± 2.8 0.0 ± 0.0 8.4 ± 3.1 0.8 ± 1.1 26.7 ± 2.0
π0 81.2 ± 4.3 61.4 ± 8.2 32.5 ± 1.2 47.4 ± 2.2 45.3 ± 3.1 53.6 ± 1.7
π0-fast 80.3 ± 1.8 61.6 ± 4.3 31.6 ± 1.6 45.1 ± 2.8 40.3 ± 5.4 51.8 ± 1.8
Robotwin 56.7 ± 6.2 36.3 ± 4.1 31.2 ± 1.2 47.3 ± 2.4 33.3 ± 6.8 41.0 ± 2.2
DGV (Ours) 84.1 ± 2.3 96.4 ± 1.2 74.4 ± 2.4 51.3 ± 4.1 54.1 ± 2.3 72.1 ± 1.8

Table 1: Simulation Task Performance Comparison.Task Success Rate (%) of the DGV framework against various baselines
(in the previous section) policies using 200 demonstration samples in the RLBench simulation environment. All policies are
evaluated over 5 independent runs with 50 test episodes each. The best performance is highlighted in bold.

Method Lift Ball Handover Overall

ACT 35.8 ± 8.3 0.0 ± 0.0 17.9 ± 2.6
PetACT2 50.7 ± 7.6 8.8 ± 3.2 29.8 ± 3.6
DP 40.3 ± 7.6 0.0 ± 0.0 20.2 ± 2.8
3DP 60.1 ± 3.2 0.0 ± 0.0 30.1 ± 2.0
π0 61.3 ± 5.8 31.0 ± 2.8 46.2 ± 4.4
DGV (Ours) 86.5 ± 1.4 60.8 ± 6.8 73.7 ± 4.3

Table 2: Real-World Task Performance on Unitree G1.
Task Success Rate (%) comparison of the DGV framework
against various baselines using 400 demonstration samples
on the Unitree G1 real-world robot platform. All policies
are evaluated over 5 independent runs with 50 test episodes
each. The best performance is highlighted in bold.

represents a 27.5% improvement over the next-best method
(π0). Conventional Behavioral Cloning (ACT) and Diffusion
Policies (DP, 3DP) completely fail on the Handover task and
show limited performance on Lift Ball. This highlights that
their lack of explicit structural inductive bias makes them
ineffective in handling the multi-agent interaction and com-
plex temporal constraints in real-world environments. DGV
achieves 86.5% success on Lift Ball and 60.8% on Han-
dover. This substantial performance gain is primarily at-
tributed to the semantically augmented dynamic graph struc-
ture modeling, which effectively integrates multimodal se-
mantic priors and real-time state feedback. This mechanism
enables the model to adjust the dual arms’ spatio-temporal
coordination during inference, ensuring stable and robust
task execution despite visual noise and control errors of the
physical environment.

Ablation Studies
To quantify the contribution of each key component within
the DGV framework, we performed a series of ablation stud-
ies on the challenging Handover task in both simulation
(Sim) and real-world (Real) environments. The specific ab-
lation settings are detailed in Table 3.

Ablation results demonstrate the most significant perfor-
mance drop upon removing the spatio-temporal graph struc-

setting Handover-S Handover-R Overall

w/o STG 35.5 ± 2.6 28.9 ± 4.2 32.2 ± 2.5
w/o DSG 62.6 ± 1.4 51.7 ± 5.6 57.2 ± 4.3
w/o JOC 50.4 ± 3.8 43.3 ± 4.3 46.9 ± 6.3
w/o DA 68.8 ± 2.3 58.2 ± 1.4 63.5 ± 3.8
Full DGV 74.4 ± 2.4 60.8 ± 6.8 67.6 ± 4.6

Table 3: Ablation of DGV Modules. Success Rate (%) re-
sults for key module ablations of the DGV framework, eval-
uated on the Handover task in both simulation (Handover-
S) and real-world (Handover-R) environments. Settings are
defined as: w/o STG (without Spatio-Temporal Graph Mod-
eling); w/o DSG (without Dynamic Subgraph Adjustment);
w/o JOC (without Joint-Object Constraints); w/o DA (re-
placed with a single-modality decoder). All tests were eval-
uated over 5 independent runs with 50 episodes each.

ture (w/o STG). This highlights that temporal dimension
modeling is crucial for capturing complex sequential de-
pendencies in dual-arm interaction, as its absence severely
degrades the temporal coherence and inter-limb coordina-
tion of action sequence planning. Removing the dynamic
subgraph adjustment mechanism (w/o DSG) also results in
a substantial performance decline, confirming the critical
role of the VLM-driven dynamic graph update in dynam-
ically adapting to real-time environmental changes; its ab-
sence leads to policy rigidity and noticeable feedback lag.
Furthermore, the removal of Joint-Object Constraint model-
ing (w/o JOC) causes a moderate performance decrease, em-
phasizing that explicitly modeling precise interactions be-
tween the joint-level topological structure and the environ-
ment is indispensable for efficient information flow and ac-
curate motion control during complex action generation. Fi-
nally, replacing the GMM with a single-modality decoder
(w/o DA) results in a slight performance reduction, confirm-
ing the GMM’s clear advantage in expressing probabilistic
uncertainty and predicting multimodal actions for complex
collaborative motions.

To visually validate DGV’s real-time robustness in dy-
namic environments, we conducted a comprehensive qual-
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Figure 5: Qualitative Comparison of DGV and Baseline Methods under Real-World Dynamic Perturbations. This experiment
demonstrates a real-time displacement perturbation introduced to the target object during the Handover task. The timeline
progresses from left to right. DGV successfully corrects its action sequence and completes the task using the dynamic subgraph
adjustment mechanism, showing immediate adaptation. In contrast, 3DP and PetACT2 exhibit significant planning rigidity
and action drift upon encountering the perturbation, leading to immediate task failure (marked ’Failure’ in red circles). π0

experiences an initial grasping failure (Failure) at the original planned position but subsequently successfully re-plans a new
action sequence and completes the task; however, this process takes significantly longer than DGV.

itative analysis of the Handover task on the physical robot
platform against PetACT2, 3DP, and π0 (Figure 5). During
testing, we manually introduced a stochastic real-time dis-
placement perturbation to the target object, forcing the poli-
cies to perform rapid online correction under pressure. Tra-
ditional Imitation Learning (PetACT2) and diffusion-based
policies (3DP) exhibited significant action sequence rigid-
ity and irreversible action drift when faced with dynamic
changes, resulting in immediate grasp failure. This suggests
these methods lack effective internal state update mecha-
nisms necessary to adapt to rapid structural changes in the
task space. Although the VLA model π0 demonstrated some
capacity for adjustment to the perturbation, its correction
speed was slow and computationally intensive, requiring
significantly more time steps than DGV to complete the task,
leading to low execution efficiency. In contrast, DGV gener-
ated action sequences that adapted to the scene changes in a
real-time and smooth manner, rapidly adjusting the planned
action sequence to successfully complete the grasp through
a high-frequency closed-loop control feedback loop.

Conclusion and Future Work
This study presents DGV, a robust dual-arm planning frame-
work that synergistically integrates multimodal visual un-
derstanding with structured spatio-temporal graph represen-

tations to capture complex environmental dependencies. By
leveraging dynamic VLM-driven local subgraph updates,
the system enables robots to achieve stable, reliable exe-
cution even amidst rapid and unpredictable environmental
perturbations. This dynamic graph effectively bridges high-
level semantic planning and low-level physical control, effi-
ciently modeling intricate inter-arm coordination and strin-
gent kinematic constraints within a unified architecture. Ex-
tensive experiments conducted across diverse simulation
and real-world settings demonstrate that DGV significantly
outperforms state-of-the-art baselines, markedly improving
success rates and operational robustness.

Despite these strengths, DGV currently has limitations in
autonomously decomposing complex, long-horizon manip-
ulation tasks into executable sub-goals. Future research will
explore more sophisticated hierarchical planning architec-
tures and extend the framework to open-world scenarios re-
quiring enhanced zero-shot generalization across unseen ob-
jects. Furthermore, we aim to incorporate predictive world
models to explicitly anticipate future scene evolution. Such
advancements will empower the system to transition from
reactive corrections to fully proactive behavior, generating
forward-looking action sequences that dynamically antici-
pate environmental changes before they occur.
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