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Abstract— Robot manipulation tasks involve direct interac-
tions with objects, which can be viewed as dynamic changes to
the robot’s kinematic chain. Morphology-aware learning frame-
works, in which robot embodiment is explicitly modeled, do not
account for these object-induced changes in their architectures.
We address this gap by proposing ManiMorph, a multi-task,
morphology-aware manipulation-learning framework in which
object features are integrated into the robot’s morphological
graph. We demonstrate that this node-centric representation,
combined with a Feature-wise Linear Modulation (FiLM) task
component, enhances the performance of the morphology-aware
frameworks for robotic manipulation and generalizes effectively
to new object variations.

I. INTRODUCTION

A robot’s morphology plays a significant role in the devel-
opment of machine-learning control models for manipulation
tasks. Morphological variations can drastically affect the
reusability of control systems; even benign variations can
reduce model performance [1]. Robot manipulators often
overlap in topological structure, but their morphologies dy-
namically change due to object interactions [2], [3]; the target
object often behaves as an unactuated additional node in the
kinematic chain [4]. We study the consequences of treating
these object interactions as dynamically changing aspects of
a robot’s morphology.

This paper addresses this question through morphology-
aware policies, where the robot’s embodiment is explicitly
modeled as a directed acyclic graph (DAG). Such policies
can be robust under minor embodiment variations and reduce
additional data collection when transferring the model to a
new robot [5]. Most prior morphology-aware work focuses
on locomotion [6], [7] and ignores the effects that holding an
object has on the morphological structure, which is central
to our research.

Our primary contribution is the ManiMorph frame-
work, a multi-task morphology-aware manipulation learning
framework, supported by three key claims:
(1) Representing objects as nodes in the robot-morphology

graph helps policies achieve better manipulation task
performance compared to treating objects as an external
sensor input [5], [8].

(2) FiLM layers [9] can modulate a morphology-aware
policy’s features to switch between tasks more easily
than providing task information as direct model input.
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(3) ManiMorph surpasses alternative frameworks in cumu-
lative reward and generalizes well to variations in target
objects, demonstrated on the Robosuite benchmark [10].

II. MORPHOLOGY-AWARE MANIPULATION MODEL

a) Modeling manipulators as controllable graphs:
Each robot arm is represented as a DAG with three node
types: base, joint(s), and gripper. Node features are extracted
by depth-first traversal and fed to a Transformer as a
sequence. This node-centric representation enables switch-
ing between joint-space (JNT) and operational-space (OSC)
control through a per-node action masking scheme, without
architectural changes.

b) Integrating object representations into the morphol-
ogy graph: Manipulation tasks involve direct contact with
an object, which can be viewed as adding a new link to
the serial chain. We model the object as an additional non-
actuated node appended to the morphology graph: s =
[s1, . . . , sl(c

m);o], where o ∈ O is projected into the same
embedding space as limb features. Each robot node can then
attend directly to the target object via the Transformer atten-
tion mechanism, enabling bi-directional interaction between
robot morphology and the manipulation target.

c) Multi-task learning via hypernetworks and FiLM:
ManiMorph decouples morphology and task interactions
through a global FiLM layer that conditions on the average
morphology graph embedding c̄cm and a task embedding et:

γ, β = HNtask(c̄, et), ĥ = γ ⊙ htransformer + β. (1)

This uniformly adapts the entire morphological representa-
tion to the current task while preserving morphology-specific
features learned by the Transformer, providing a framework
for multi-robot multi-task learning.

III. EXPERIMENTS

We evaluate ManiMorph on Robosuite [10] using four
robot morphologies (Jaco, Kuka, Gen3, Sawyer) across three
tasks: Lift, Door, and Wipe, trained with PPO. We compare
against MetaMorph [5] and ModuMorph [8], both augmented
with our object-as-node representation to isolate the contri-
bution of the FiLM task adapter.

a) Node-centric representation improves performance.:
The object-as-node representation surpasses the specialized
single-robot upper bound on both Lift and Door tasks. In
contrast, the late-fusion baseline — where object information
is concatenated to the policy decoder’s MLP inputs — fails

ICRA2026 Late Breaking Results Poster presented at 
2026 IEEE International Conference on Robotics and Automation (ICRA 2026)

June 1-5, 2026. Vienna, Austria



TABLE I
SUCCESS RATE (%) IN THE MULTI-ROBOT MULTI-TASK SETTING ACROSS OPERATIONAL-SPACE (OSC) AND JOINT-SPACE (JNT) CONTROL.

OSC JNT

Method Lift Door Wipe Lift Door Wipe

ManiMorph (ours) 56.1±28.0 93.9±2.4 70.2±1.3 55.6±27.6 95.0±1.4 48.4±8.0
All Nodes 40.1±27.9 92.1±1.0 69.6±4.2 55.9±28.1 86.2±15.6 47.5±1.2
MetaMorph 0.0±0.0 0.0±0.0 0.0±0.0 0.0±0.0 0.0±0.0 0.0±0.0
ModuMorph 72.1±0.2 78.0±29.5 41.9±5.5 71.3±2.1 95.9±0.6 25.8±3.1

to reach this benchmark on Lift and only matches it on Door
after significantly more training. These results suggest that
allowing controllable limbs to attend to the object directly in
the Transformer improves sample efficiency for manipulation
tasks.

b) Action space affects morphology-aware learning.:
Table I reports success rates across both control spaces.
In OSC, ManiMorph achieves the best Door (93.9%) and
Wipe (70.2%) results, while ModuMorph leads on Lift.
MetaMorph largely fails in the multi-robot multi-task set-
ting across both control spaces. In JNT, ModuMorph is
competitive on Lift and Door, but ManiMorph outperforms
it substantially on Wipe (48.4% vs. 25.8%), suggesting
the FiLM task adapter is particularly beneficial for tasks
requiring sustained contact control.

c) Generalization to new object types: To evaluate
zero-shot generalization, we test on unseen object geometries
(Ball and Cylinder) with varied density, friction, and scale
in the Lift task. ManiMorph and its All Nodes variant
successfully complete the task with novel objects; Meta-
Morph and ModuMorph fail across all object variations
in both control spaces. ManiMorph maintains performance
even when object dimensions are scaled to 200% of the
original size, suggesting HNtask modulates the policy flexibly
rather than memorizing specific object dimensions. Notably,
ModuMorph achieves stronger training performance yet fails
to generalize, indicating susceptibility to overfitting.

IV. CONCLUSIONS AND FUTURE WORK

We demonstrate that integrating objects as nodes in the
manipulator morphology graph, combined with FiLM-based
task modulation, yields a more robust morphology-aware
manipulation policy. Results are particularly strong for out-
of-distribution object modifications, a generalisation capa-
bility not previously demonstrated with morphology-aware
models. Future work will explore: (1) how to adapt pre-
trained ManiMorph models to new morphologies, and (2)
the role of the Transformer architecture relative to other
components of the framework.

V. POSTER SUMMARY

The accompanying poster presents the ManiMorph frame-
work across four sections. The Introduction motivates the
treatment of the object interactions as dynamic changes

to robot morphology, extending cross-embodiment learning,
previously explored in locomotion, to manipulation. The
Methodology section illustrates how each robot and its
target object are jointly represented as a graph, and de-
scribe the Transformer-based architecture with hypernet en-
coder/decoder, limb cross-attention, and FiLM task modula-
tion. The Experiments section compares ManiMorph against
MetaMorph and ModuMorph on four robots and four tasks,
showing learning curves for Lift and Door and success-rate
breakdowns by action space. The Object Generalisation
panel demonstrates zero-shot transfer to unseen Ball and
Cylinder geometries with varied physical properties, where
ManiMorph and its All Nodes variant succeed while both
baselines fail.
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