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Abstract

Quadrupedal robots with manipulators offer strong mobility
and adaptability for grasping in unstructured, dynamic envi-
ronments through coordinated whole-body control. However,
existing research has predominantly focused on static-object
grasping, neglecting the challenges posed by dynamic targets
and thus limiting applicability in dynamic scenarios such as lo-
gistics sorting and human–robot collaboration. To address this,
we introduce DQ-Bench, a new benchmark that systematically
evaluates dynamic grasping across varying object motions, ve-
locities, heights, object types, and terrain complexities, along
with comprehensive evaluation metrics. Building upon this
benchmark, we propose DQ-Net, a compact teacher–student
framework designed to infer grasp configurations from lim-
ited perceptual cues. During training, the teacher network
leverages privileged information to holistically model both the
static geometric properties and dynamic motion characteristics
of the target, and integrates a grasp fusion module to deliver
robust guidance for motion planning. Concurrently, we design
a lightweight student network that performs dual-viewpoint
temporal modeling using only the target mask, depth map,
and proprioceptive state, enabling closed-loop action outputs
without reliance on privileged data. Extensive experiments on
DQ-Bench demonstrate that DQ-Net achieves robust dynamic
objects grasping across multiple task settings, substantially
outperforming baseline methods in both success rate and re-
sponsiveness.

Introduction
Quadruped robots have emerged as a promising platform for
mobile manipulation due to their superior mobility and terrain
adaptability (Yang et al. 2022; Youm et al. 2023; Long et al.
2024; Sun et al. 2024; Mei et al. 2024; Zeng et al. 2024). With
the integration of robotic arms, these systems are capable
of performing manipulation tasks in complex environments
(Bharadhwaj et al. 2024; Yokoyama et al. 2023; Qiu et al.
2024b; Sleiman et al. 2021; Ma et al. 2022; Mittal et al. 2022),
demonstrating significant potential in applications such as
search and rescue, logistics, and human-robot collaboration.
By coordinating multi-joint movements of the limbs and
arm, quadrupeds can realize whole-body control, thereby
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enhancing both their dynamic responsiveness and operational
workspace (Pan et al. 2024; Portela et al. 2024a; Fu, Cheng,
and Pathak 2022; Hao et al. 2021).

While prior research has made substantial progress in ma-
nipulation with quadruped systems, most efforts focus on
grasping static objects (Liu et al. 2024; Wang et al. 2025;
Zhang et al. 2024; Qiu et al. 2024a; Ha et al. 2024), assuming
the target remains stationary. This simplification overlooks
the critical challenges posed by dynamic object manipulation,
where objects are in continuous motion—common in real-
world scenarios such as conveyor-based logistics, interactive
mobile targets, and human handovers (Xie et al. 2025; Fang
et al. 2023). These dynamic settings demand rapid percep-
tion and agile control, making stable and efficient grasping
under motion- one of the core challenges in quadruped robot
research (Huang, Yu, and Jain 2023; Akinola et al. 2021).

To study this problem, we introduce the first benchmark
tailored for whole-body dynamic grasping with quadruped
robots: DQ-Bench. This benchmark provides a reproducible
and comprehensive evaluation framework to assess algorith-
mic generalization and decision efficiency under dynamic
and challenging conditions. DQ-Bench supports physically
realistic target motion, non-planar terrain, and multi-level
task difficulties. It includes diverse common daily objects
partitioned into seen and unseen sets to rigorously test per-
ception robustness and policy transferability. Evaluation met-
rics include Grasp Success Rate (GSR), One-Shot Success
Rate (OSSR), and Timesteps to Completion (TSC), jointly
measuring grasping effectiveness, decision quality, and re-
sponsiveness.

Upon the benchmark, we seek to find a solution to the core
problem of dynamic grasping. Unlike static manipulation, the
key challenge here lies in maintaining whole-body stability
while precisely controlling the arm’s end-effector in the pres-
ence of continuously changing relative motion. Even minor
grasping pose deviations may lead to failure due to relative ve-
locity between the robot and the target. Thus, accurately and
efficiently predicting grasp poses at each time step from input
signals is crucial yet highly challenging. A straightforward
approach is to employ high-performance grasping networks
to decode object geometry and predict optimal grasp poses
(Ma and Huang 2023; Qin et al. 2023; Chen et al. 2023; Cai
et al. 2022; Dai et al. 2022; Wen et al. 2022). However, this
is problematic in dynamic tasks: (i) these networks often
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Figure 1: Overview of DQ-Bench: Our proposed benchmark provides a standardized and reproducible platform for evaluating
dynamic object grasping with whole-body quadruped control. It systematically incorporates diverse grasping objects, multi-level
task designs, and rigorous evaluation metrics to assess the adaptability, generalization, and efficiency of grasping strategies in
dynamic scenarios.

rely on high-quality visual input, while quadrupeds typically
observe targets from long distances with limited resolution;
(ii) invoking such networks at every timestep incurs high
computational costs, hindering real-time performance and
training efficiency; (iii) conventional grasping networks out-
put static grasp poses, lacking temporal consistency needed
for continuous motion planning.

To overcome these limitations, we propose a framework
for dynamic object grasping with quadruped robots, called
DQ-Net. At the core of this framework is the Grasp Fu-
sion Module (GFM), designed to improve grasp quality and
temporal consistency under motion. The GFM maintains a
memory bank of multi-reference grasp poses, pre-generated
in simulation based on object geometry and pose, and trans-
forms these into a unified local coordinate system. At each
timestep, the module constructs a query by using the object’s
6D pose and encoded point cloud, then the query will be
matched against the memory bank via attention mechanisms
to produce a refined and robust grasp pose for control. This
fused grasp pose, together with the object’s motion state and
robot proprioception, is fed into the policy head and trained
via reinforcement learning to enable whole-body dynamic
grasping. However, this pipeline relies on privileged informa-
tion (object pose and velocity), which is challenging to obtain
in practice due to the expense and measurement uncertainties
of specialized sensors.

To bridge this gap, we further design a lightweight student
policy network trained via knowledge distillation. It lever-
ages only onboard sensory input, including dual-perspective
visual observations (from the base and end-effector) and pro-
prioceptive data. These inputs are separately encoded and
fused using a dual-stream Transformer to capture both global

semantic information and fine-grained object dynamics. The
fused high-level features are decoded by the policy head to en-
able closed-loop dynamic grasping control. Extensive experi-
ments on DQ-Bench demonstrate that DQ-Net significantly
outperforms existing baselines across multiple dynamic tasks,
achieving superior grasp success rates and faster response
times. Our contributions are summarized as follows:
• We construct DQ-Bench, the first benchmark for dynamic

object grasping with quadruped robots, supporting realis-
tic dynamics, diverse objects, multi-level task difficulty,
and comprehensive evaluation across perception and con-
trol.

• We propose DQ-Net, a framework combining a grasp
memory-based fusion module and a lightweight student
network relying solely on dual-perspective vision and pro-
prioception for stable and efficient whole-body dynamic
grasping.

• We conduct extensive evaluations across challenging dy-
namic tasks, where DQ-Net consistently outperforms
prior methods in terms of grasp success and policy re-
sponsiveness.

Related Work
Whole-Body Control in Quadrupedal Manipulation
Recent work has advanced unified whole-body control for
quadrupedal robots integrating manipulation (Portela et al.
2024b). Fu et al.(Fu, Cheng, and Pathak 2022) propose Deep
Whole-Body Control, a reinforcement learning policy coordi-
nating both arm and leg joints for agile behaviors like picking
and button-pressing. Liu et al.(Liu et al. 2024) extend this
with a vision-guided hierarchical policy that maps RGB-D
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inputs to whole-body trajectories, showing success on real
hardware. However, these methods assume static targets and
execute single-shot grasps without considering object mo-
tion. More recent approaches like QuadWBG (Wang et al.
2025) and GAMMA (Zhang et al. 2024) integrate grasp-
aware planning into quadruped systems but still assume fixed
objects during inference. Overall, existing whole-body con-
trol strategies excel under static assumptions but lack support
for continuous target motion and dynamic tracking.

Benchmarks for Robotic Grasping
Large-scale datasets like GraspNet-1Billion (Fang et al. 2020)
and TARGO (Xia et al. 2024) have enabled robust learn-
ing and evaluation of grasping models, yet both focus on
fixed-base arms interacting with static objects. Efforts like
DGBench (Burgess-Limerick et al. 2022) and GAP-RL (Xie
et al. 2025) target dynamic grasping by introducing moving
objects and reactive grasp policies, but are still limited to
tabletop settings with fixed manipulators and constrained mo-
tion. General benchmarks like ManiSkill (Mu et al. 2021)
and BEHAVIOR (Li et al. 2022) emphasize task diversity and
mobile manipulation, yet lack support for dynamic grasping
and do not involve locomotion-manipulation coupling. In
contrast, our DQ-Bench introduces a physically realistic eval-
uation suite that combines non-planar terrain, 6-DoF target
motion, and whole-body quadruped grasping, filling a critical
gap in existing benchmarks.

DQ-Bench: Dynamic Grasping Benchmark for
Quadruped Robots

Despite significant progress in static grasping tasks with
quadruped robots, real-world applications often involve con-
tinuously moving targets that require real-time perception and
grasping decisions. Currently, there is a lack of a standardized
evaluation platform to systematically assess quadruped per-
formance in dynamic grasping scenarios. To address this gap,
we propose the first benchmark—DQ-Bench—for dynamic
object grasping with full-body quadruped control. This bench-
mark provides a comprehensive and reproducible platform to
evaluate the generalization and decision-making efficiency of
various algorithms in complex dynamic environments. Our
design systematically considers key factors from four dimen-
sions—environment modeling, object selection, task diffi-
culty levels, and evaluation metrics—ensuring high-fidelity
modeling and rigorous assessment of dynamic grasping tasks.
The overview of DQ-Bench is shown in Figure 1.

Environment Setup
To ensure physical realism and support parallel training, we
build the evaluation environment on the physics-based simula-
tion platform Isaac Gym (Makoviychuk et al. 2021). Objects
are placed on a movable floating platform that follows prede-
fined or randomized trajectories in 3D space. Compared to
directly assigning random motion to objects, this method bet-
ter reflects real-world object dynamics under external forces,
avoiding unnatural motion that could distort grasping strate-
gies. Additionally, we introduce uneven terrain to test the

robot’s adaptability and whole-body coordination across var-
ied ground conditions.

Objects for Grasping
We select representative objects from the YCB dataset (Calli
et al. 2015) that vary in shape, size, and weight to ensure task
diversity and challenge. To test generalization, objects are
split into two groups: seen (used in both training and testing)
and unseen (used only during testing). This setup introduces
real-world unpredictability and demands greater robustness
and generalization from the grasping strategies.

Multi-Level Task Design
To comprehensively evaluate the quadruped’s capability in
dynamic grasping, we design four progressively challeng-
ing task levels based on object speed, trajectory complexity,
terrain conditions, and spatial degrees of freedom:

• Level 1: Object moves at low speed (0 ∼ 15 cm/s) along
fixed trajectories (linear or arc).

• Level 2: Object moves at high speed (15 ∼ 30 cm/s)
along fixed trajectories.

• Level 3: Object moves along random trajectories at high
speed (0 ∼ 30 cm/s).

• Level 4: Object moves freely along the z-axis, resulting
in random 3D trajectories.

These four levels span from 2D to 3D motion, flat to com-
plex terrains, and low to high speeds. At each episode re-
set, the object’s initial height is randomly sampled within
[0.2, 0.7] meters, and the terrain is randomly varied within a
flat range of 0–0.1 meters.

Evaluation Metrics
To quantitatively assess grasping performance across task
levels, we introduce three core metrics:

• Grasp Success Rate (GSR): The proportion of success-
fully completed grasps, indicating the overall effective-
ness of the strategy.

• One-Shot Success Rate (OSSR): The percentage of suc-
cessful grasps completed in a single attempt without any
re-adjustment, reflecting decisiveness.

• Time Steps to Completion (TSC): The number of time
steps taken from task initiation to successful grasp, repre-
senting grasping efficiency.

These metrics jointly evaluate grasping strategies from the
perspectives of success rate, decision quality, and response
efficiency, providing insights into behavioral differences and
performance bottlenecks in dynamic grasping scenarios.

Proposed Method
Overview
We aim to develop a lightweight control system for quadruped
robots that achieves whole-body coordination and dynamic
grasping using only accessible perceptual inputs, such as
depth maps and segmentation masks. The control framework
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Figure 2: Overview of DQ-Net: We prepose a teacher-student framework for quadruped robots to perform dynamic object
grasping. The teacher network takes point cloud features, object motion, robot proprioception, and a grasp representation from
a Grasp Fusion Module (GFM), which builds a grasp memory and fuses object features with current pose via attention. The
student network uses a dual-stream architecture to encode three-frame sequences of target masks and depth maps from wrist and
base cameras. Features from both streams are fused with proprioception, processed by Transformers, and decoded into high-level
actions. These high-level actions actions are further mapped to low-level control for end-to-end loco-manipulation.

comprises: 1) a low-level policy (LLP) trained via reinforce-
ment learning to produce full-body control signals from target
velocity and end-effector poses; and 2) a high-level policy
(HLP) that maps perceptual observations to high-level com-
mands for the LLP.

However, training a vision-only policy via reinforcement
learning is challenging due to the task’s complexity and the
limited informativeness of raw visual inputs. To address this,
we adopt a teacher-student distillation framework (Fig. 2).
The teacher is trained in simulation with privileged inputs
(e.g., object pose and velocity) to learn a high-quality policy,
while the student learns to imitate the teacher using only
depth and segmentation maps.

While the teacher benefits from rich inputs, dynamic grasp-
ing still requires accurate and timely grasp pose estimation
due to object movement. Traditional grasp pose estimation
methods often incur high computational cost, suffer from
latency, and rely on static visual inputs, which limits their
effectiveness in long-range prediction and grasp pose refine-
ment during approach.

In this paper, we introduce the Grasp Fusion Module
(GFM) that dynamically selects grasp poses in real time.
GFM maintains a memory bank of multi-directional grasp
candidates and predicts the optimal grasp pose gt using at-
tention mechanisms, conditioned on point cloud features fp
and object pose xt. Then, gt is fed into the policy network
together with the object pose xt and velocity vt, point cloud
features ft, and robot proprioception bt to generate the high-

level action:

at = π (fp,xt,vt,gt,bt) . (1)

Recognizing the limitations of obtaining complete point
clouds or accurate pose estimates in deployments, we design
a student policy that relies only on depth and segmentation im-
ages from wrist and base-mounted cameras. A Transformer-
based visual encoder captures temporal dynamics from multi-
frame inputs (Iarm

t , Ibase
t ), and fuses them with propriocep-

tion bt to generate the final action:

astu
t = πstu (Iarm

t , Ibase
t ,bt

)
. (2)

Lastly, the student is trained to imitate the teacher by mini-
mizing the mean squared error between their action outputs:

LKD =
1

T

T∑
t=1

∥∥astu
t − atea

t

∥∥2
2
. (3)

This enables robust and real-time control in perception-
limited scenarios, ensuring reliable dynamic grasping with
minimal sensing requirements.

High-Level Teacher Policy Network with Grasp
Fusion Module
In the simulation environment, the teacher network utilizes
privileged information of the target object, including ground-
truth pose xt and velocity vt, to learn robust grasping and mo-
tion control policies. To tackle dynamic object grasping, we
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propose the Grasp Fusion Module (GFM) before the policy
network, which has two stages: grasp memory construction
and dynamic fusion.

In the grasp memory construction stage, under a fixed
camera pose, a pretrained grasp pose prediction network (e.g.,
Contact-GraspNet (Sundermeyer et al. 2021)) generates N
grasp candidates {Gi ∈ SE(6)}Ni=1 in a single forward pass.
The top-K candidates with highest scores are stored in a
memory bank as relative transformations G̃i in the object’s
local frame, reducing online computation.

In the dynamic fusion stage, the object point cloud is
encoded by pretrained PointNet (Qi et al. 2017) into a global
feature vector fp. At each time step t, the current object pose
xt and fp form a query vector via an MLP:

qt = MLPq (fp; xt) . (4)

Relative transformations {G̃i} are converted to world-
frame grasps {Gt

i} using xt. Each Gt
i is flattened and

mapped to key-value pairs:

kt
i = MLPk(vec(G

t
i)), vt

i = MLPv(vec(G
t
i)). (5)

An attention mechanism weights the values to produce the
optimal grasp representation:

αi,t =
exp(q⊤

t k
t
i)∑K

j=1 exp(q
⊤
t k

t
j)
, gt =

K∑
i=1

αi,tv
t
i . (6)

Finally, the fused grasp gt, proprioception bt, point cloud
feature fp, object pose xt, and velocity vt are input to an
MLP to generate high-level actions.

High-Level Student Policy Network: Temporal
Modeling with Dual-View Fusion
We design a lightweight student policy network that takes
only camera inputs. To ensure accurate control in dynamic
grasping, we propose a Dual-Stream visual Modeling (DSM)
structure, which fuses observations from a wrist-mounted and
a base-mounted camera. This allows the policy to capture
both local details and global spatial layouts.

Each view provides three consecutive frames, each contain-
ing a target mask mt (from a pretrained Track-SAM (Cheng
et al. 2023)) and a depth map dt. Compared to RGB, mask
maps reduce the sim-to-real domain gap, while depth maps
encode the 3D geometry between the camera and the target.
The inputs are denoted as Iarm and Ibase.

Both input streams are passed through a shared CNN en-
coder CNNθ to extract feature sequences Fa and Fb. Mean-
while, the robot’s proprioceptive state is encoded by an MLP
into an embedding eb, which is concatenated with each visual
feature, forming fused tokens f̃at and f̃ bt .

Temporal encodings are added, and the sequences are
processed by two separate Transformer encoders (Transa,
Transb) to model time-aware attention from both views. The
resulting outputs are projected via a linear layer and concate-
nated:

z = [Proj(Transa(f̃
a)); Proj(Transb(f̃

b))],

which is then fed into an action head to generate ât.

Low-Level Policy For Locomotion
The high-level policy outputs the end-effector position incre-
ment ∆p̂ ∈ R3, orientation increment ∆r̂ ∈ R3, as well as
base linear velocity vlin and yaw rate ωyaw, which need to be
further converted into executable low-level control signals.

The low-level controller first integrates these increments
into target end-effector states (p̂, r̂), and combines them with
base motion commands to form a low-level command vector:

ut = [p̂, r̂, vlin, ωyaw] ∈ R8. (7)

This command vector, together with the robot’s proprio-
ceptive state bt and the terrain embedding zt, is fed into a
multi-layer perceptron πlow to output target joint angles for
the legs:

q∗
t = πlow(bt,ut, zt). (8)

The quadruped executes actions through PD control. For
the manipulator, inverse kinematics is used to compute joint
angles θ∗

arm from the target end-effector state (p̂arm, r̂arm).
The final action output is:

alow = [q∗
t ,θ

∗
arm]. (9)

Training Details
To efficiently train hierarchical control policies, we use a
staged training approach. First, the low-level policy is trained
with PPO (Schulman et al. 2017) and then frozen. Next, a
high-level teacher policy is trained via reinforcement learning
using a modified reward based on static grasping. This in-
cludes a yaw-angle penalty: when the absolute yaw angle |ψ|
exceeds 60◦, a quadratic penalty is applied; if it exceeds 70◦,
the episode terminates early to improve sampling efficiency.
After freezing the teacher, a student policy is trained with
DAgger (Ross, Gordon, and Bagnell 2011) by minimizing
the MSE between student actions and teacher labels.

Experiment
Environments
We adopt DQ-Bench as the unified evaluation platform. Each
method is executed for 5,000 steps per task level to ensure
statistically stable results. All methods are trained under the
Level 4 setting and are evaluated on Levels 1 through 4. To
better simulate real-world conditions, the visual observations
are delayed by four frames to mimic perception latency.

Compared Methods
VBC (Liu et al. 2024). A strong baseline for quadruped
grasping static object via whole-body control.

VBC-D. A modified version of VBC with a reward function
and angle constraints adapted for dynamic object grasping,
aligned with our settings for fair comparison.

DQ-Net w/o GFM. A variant of DQ-Net where the GFM is
removed from the teacher policy.

DQ-Net w/o vel. DQ-Net where object velocity is excluded
from the teacher policy.
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Method Level 1 Level 2 Level 3 Level 4

GSR-T GSR-S OSSR GSR-T GSR-S OSSR GSR-T GSR-S OSSR GSR-T GSR-S OSSR

VBC 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
VBC-D 57.5 28.6 27.4 57.4 29.0 27.6 48.7 19.1 17.8 42.7 16.0 15.2
DQ-Net w/o GFM 65.2 49.8 44.7 65.2 49.7 44.8 60.0 36.0 31.3 55.0 33.3 28.9
DQ-Net w/o vel 78.5 47.4 46.9 78.6 46.9 46.4 74.0 38.4 37.6 70.3 34.8 34.0
DQ-Net 80.8 55.8 53.2 80.8 55.6 53.2 77.9 44.8 41.8 74.3 41.0 38.5

Table 1: Grasp Success Rate (GSR) and One-Shot Success Rate (OSSR) (%) across four levels of increasing difficulty. Here,
GSR-T and GSR-S denote the teacher and student strategies, respectively. DQ-Net consistently outperforms all baselines.

Method L1 L2 L3 L4 Params (M)

CNN-Based 51.61 51.44 40.13 36.14 8.43
Ours 55.82 55.63 44.87 41.04 5.37

Table 2: Grasp Success Rate (GSR) and model size compari-
son between student policies. Our Transformer-based method
outperforms the CNN-based baseline across all difficulty lev-
els with fewer parameters.

Implementation Details
All training and evaluation are performed on a single NVIDIA
RTX 4090 GPU using the Unitree B1 quadruped robot with a
Unitree Z1 robot arm. The low-level control policy is shared
across all methods to ensure consistent control capability.
The high-level teacher policy is trained in 6,000 parallel
environments with a rollout length of 24, totaling 80,000
timesteps. The high-level student policy is trained in 200
parallel environments for the same number of timesteps. We
set the number of top-ranked grasp candidates in the GFM
module to K = 30 throughout all experiments. More details
are put in the supplementary material.

Experimental Results
Grasping Performance under Varying Motion Complex-
ity. We evaluate all methods across four difficulty levels using
Grasp Success Rate (GSR). As shown in Table 1, the DQ-Net
student policy consistently achieves the highest GSR, outper-
forming VBC-D by 25% at Level 4. Ablation variants slightly
degrade performance but still surpass VBC-D at all levels.
VBC-D, despite dynamic adaptation, suffers from limited
motion modeling, while static VBC almost completely fails.
Overall, DQ-Net remains robust under increasing motion
complexity, with both GFM and velocity input contributing
to effective dynamic grasp prediction.

Success Rate on One-Time Grasping. Unlike static ob-
ject grasping with multiple adjustment opportunities, dy-
namic grasping often permits only one attempt due to object
motion. Thus, the one-shot grasp success rate (OSSR) is a key
metric for evaluating legged robots in dynamic scenarios. To
assess each method’s decision efficiency, we compare their
OSSR across five scenarios in Table 1. DQ-Net consistently
outperforms all baselines, demonstrating superior real-time
decision-making. Even with a single-attempt constraint, it
achieves strong performance across all difficulty levels.

Figure 3: Grasp success rates on unseen objects under Level
4 difficulty.

Method Level 1 Level 2 Level 3 Level 4

VBC-D 43.71 43.86 41.20 41.56
DQ-Net w/o GFM 36.20 35.35 36.91 35.43
DQ-Net w/o vel 37.01 37.13 35.22 35.10
DQ-Net 35.45 35.24 35.27 34.32

Table 3: Average timesteps to successful completion (TSC)
across four difficulty levels. Lower values indicate faster and
more efficient grasping.

Timesteps Comparisons. To assess execution efficiency
in dynamic grasping, we measure the average time steps per
grasp (TSC). As shown in Table 3, DQ-Net and its ablated
variants require significantly fewer steps than VBC-D. The
three DQ-Net variants show similar TSC across all levels,
indicating that both GFM and velocity input enhance object
dynamics understanding and action speed. Without these
cues, the policy becomes more cautious and less efficient.

Generalization to Unseen Objects. We further test on
unseen YCB objects (ball, long box, square box, bottle, cup,
elongated objects) held out from training, all under Level 4.
As shown in Figure 3, DQ-Net consistently surpasses VBC-
D in grasp success rate across all categories, demonstrating
strong generalization under challenging dynamics. Full per-
object results are provided in the appendix.

Our approach vs. CNN-based policy for student strat-
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egy. We design a lightweight Transformer-based student pol-
icy that captures temporal dependencies and fine-grained
visual cues via a dual-view strategy. Compared to the CNN-
based student in VBC (Liu et al. 2024), our model achieves
consistently higher grasp success rates (Table 2) with only
5.37M parameters versus 8.43M. The performance gain stems
from separate modeling of camera inputs and the temporal
modeling strength of the Transformer backbone.

Qualitative Results
To better understand the effectiveness of our method in dy-
namic object grasping, we visualize and compare the behav-
ioral differences between different policies. In such tasks,
both the grasping pose of the end-effector and its spatial
alignment with the object’s motion trajectory are crucial to
grasp success. We present a qualitative comparison between
VBC-D and DQ-Net in representative scenarios.

Better Grasping Pose. Figure 4 illustrates the end-effector
poses just before contact. While both methods bring the arm
near the object, only DQ-Net aligns the gripper precisely
with the target, whereas VBC-D suffers from noticeable mis-
alignment, often leading to grasp failure. We attribute this to
the GFM, which enables DQ-Net to dynamically integrate
grasp priors from memory to predict a more suitable pose.

More Predictive Pose Estimation. Even with a theoreti-
cally correct static grasp pose, successful grasping may still
fail in dynamic scenarios if the robotic arm cannot properly

adapt to the object’s continuous motion. As shown in Fig-
ure 5, VBC-D exhibits delayed reactions and lacks motion
anticipation, whereas DQ-Net predicts the object’s future
trajectory and proactively adjusts its gait and body posture.
This predictive behavior fundamentally stems from DQ-Net’s
enhanced ability to model object motion dynamics in real
time, effectively leveraging velocity cues and the GFM’s
memory retrieval mechanism to generate grasp poses that are
optimally aligned with anticipated future object positions.

Conclusion

We introduced DQ-Bench, the first benchmark for dynamic
object grasping with quadruped robots, featuring realistic
target motion, challenging terrains, multi-level difficulty, and
diverse objects. Building on this, we proposed DQ-Net, a
unified whole-body grasping framework that combines a
memory-driven Grasp Fusion Module with a lightweight stu-
dent policy using dual-view vision and proprioception to fuse
spatiotemporal information from both robot and environment.
Experiments show that DQ-Net consistently surpasses strong
baselines across difficulty levels and object categories, in-
dicating robust generalization and responsiveness. In future
work, we will deploy DQ-Net on real quadruped platforms,
and extend it to deformable or articulated objects, multi-
object settings, and collaborative manipulation.
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