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Fig. 1: Representation-Composable Policy. (a) Perturbation-based importance analysis in the occluded marker picking task shows that
vision dominates early, while tactile signals become important once occluded, demonstrating that our framework dynamically utilizes
different modalities across task phases. (b) Classical feature concatenation vs. our policy-level composition, where m; denotes a modality
(e.g., RGB, point cloud, tactile, or learned visual feature). Our compositional design allows individual modality policies to be added
or removed without retraining the entire network. (c) Our method unlocks key capabilities. These include Adaptive Sensing, retrieving
an occluded marker using tactile feedback during occlusion; In-Hand Reorientation, reorienting a spoon within the gripper; Precise
Manipulation, inserting a puzzle piece with fine-grained control; and Multi-Task Learning, consistently outperforming prior work across

diverse tasks in RLBench.

Abstract— Effectively integrating diverse sensory modalities
is crucial for robotic manipulation. However, the typical ap-
proach of feature concatenation is often suboptimal: dominant
modalities such as vision can overwhelm sparse but critical
signals like touch in contact-rich tasks, and monolithic archi-
tectures cannot flexibly incorporate new or missing modalities
without retraining. Our method factorizes the policy into a set
of diffusion models, each specialized for a single representation
(e.g., vision or touch), and employs a router network that learns
consensus weights to adaptively combine their contributions,
enabling incremental of new representations. We evaluate
our approach on simulated manipulation tasks in RLBench,
as well as real-world tasks such as occluded object picking,
in-hand spoon reorientation, and puzzle insertion, where
it significantly outperforms feature-concatenation baselines
on scenarios requiring multimodal reasoning. Our policy
further demonstrates robustness to physical perturbations and
sensor corruption. We further conduct perturbation-based
importance analysis, which reveals adaptive shifts between
modalities. Project website: https://adaptivescene.github.io

I. INTRODUCTION

Modern robots utilize a diverse array of modalities includ-
ing RGB images, point clouds, tactile signals, and learned
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visual features, yet effectively integrating these data streams
remains a challenge in robotics [1], [2]. These modalities can
be both complementary (vision vs. touch) and overlapping
(RGB-D vs. point cloud), requiring structured synergy for
optimal performance. For decades, a common baseline has
been the concatenation of feature-level modalities into a sin-
gle high-dimensional vector, an approach that persists even in
recent policies [2], [3]. Despite its popularity, this approach
lacks a principled mechanism for balancing contributions
across modalities and cannot easily adapt when modalities
are added or missing, often resulting in suboptimal perfor-
mance.

The weakness becomes apparent when different sensors
are crucial at different task phases. Consider a robot trained
to retrieve an object from an opaque container. For 90%
of the trajectory, vision guides the robot to approach and
position its gripper. Once the gripper enters the container,
however, vision becomes useless while tactile signals be-
come critical for success. Despite tactile information being
essential during this crucial 10% of the task, feature concate-
nation struggles with this sparsity: the learning algorithm



downweights the rarely-active tactile stream as noise, fo-
cusing instead on the statistically dominant visual features.
Moreover, these monolithic approaches cannot adapt to new
sensors or missing modalities without complete retraining.
These limitations point to the need for a structured alternative
that treats each modality as a distinct contributor rather than
forcing premature fusion.

To address these challenges, we draw inspiration from
compositional generative models [4]-[7] and factorize robot
policies into modality-specific experts, with a router network
learning consensus among them. Each expert specializes in
a single modality (e.g., vision for geometric reasoning or
tactile for contact dynamics) and captures its behavioral con-
straints [8]. A router network learns consensus weights dur-
ing training to combine these experts into a unified policy, en-
suring that even rarely-active but crucial modalities (e.g., tac-
tile) retain their influence when most needed. As illustrated
in Figure 1b, our approach contrasts with classical feature-
level concatenation by composing experts at the policy level,
which not only mitigates sparsity issues but also allows new
modalities to be added or removed without retraining the
entire network. This compositional design directly resolves
the limitations of prior work by preserving the contribution
of each modality, adapting flexibly to sensor availability, and
providing robustness to failures, while also enabling diverse
manipulation skills such as those shown in Figure lc.

Building on this compositional structure, our framework
enables context-aware shifts in modality reliance: tactile
experts dominate during contact-rich phases, while vision
governs geometric reasoning in free space. The unified
policy, formed by weighted sums of score functions from
the factorized diffusion experts, yields robustness under
sensor corruption and partial observability, ensuring reliable
manipulation across diverse conditions.

Our contributions are as follows:

1) We introduce a framework that composes modality-
specific experts through learned consensus weights,
offering a principled and extensible alternative to
monolithic feature concatenation. This design naturally
supports incremental learning, allowing new experts to
be integrated without retraining existing policies.

We demonstrate strong performance on the multi-task
RLBench [9] simulation benchmark compared to var-
ious baselines and validate our approach on complex
real-world tasks, including occluded marker picking,
spoon reorientation in hand, and puzzle insertion. We
also show robustness to physical perturbations, runtime
disturbances, and sensor corruption.

We provide comprehensive analyses, including
perturbation-based importance studies, that
quantitatively demonstrate how our policy learns
to shift reliance between modalities in response to
changing task context.

2)

3)

II. RELATED WORKS

Multimodal Fusion in Robotics. The integration of vision
and touch is critical for robust robotic manipulation, allowing
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robots to handle occlusions and make precise contact [10]-
[12]. Vision provides global scene understanding while tac-
tile sensing offers high-fidelity local information critical for
tasks like grasping and insertion [13], [14]. Existing fusion
approaches range from simple feature concatenation [2],
[15] to sophisticated architectures including Visuo-Tactile
Transformers that dynamically weigh modality features [16],
stage-guided fusion [17], cross-modal attention mechanisms,
and unified modality methods [18], [19]. However, all these
approaches share a common limitation: they perform feature-
level fusion to create a single conditional input for a
monolithic policy. This makes them vulnerable to sparsity,
where learning becomes biased toward statistically dominant
but contextually irrelevant modalities (e.g., vision) while
discarding essential but sparse signals (e.g., touch). Our work
addresses this issue by factorizing policies into modality-
specific modules and composing complete action distribu-
tions at the policy level.

Compositional Generation and Energy-Based Models.
Our framework builds on compositional modeling,
particularly the principle of combining simple models
as a product of distributions to form a more expressive joint
distribution [5], [7], [20], [21]. This idea is central to Energy-
Based Models (EBMs), where summing energy functions
corresponds to multiplying probability distributions [4],
[22]. Diffusion models can be viewed as score-matching
EBMs [23], making their score functions naturally
composable in the same way. Beyond image generation,
compositionality has been applied to trajectory model-
ing [24], [25], language models [26], robotic planning with
constraints [8], [27], and hierarchical planning [28]. More
broadly, compositional generative models extend to domains
such as traffic generation [29] and human motion [30], [31],
highlighting the versatility of compositionality as a modeling
principle. In robotics, related work has explored combining
policies across heterogeneous sources such as simulation and
real-world data [32]. In contrast, our approach focuses on
compositional learning across diverse modalities, enabling
adaptive integration of modalities such as vision, touch, and
semantic features within a unified policy.

Diffusion Models in Robot Learning. Diffusion models
have emerged as state-of-the-art policy representations
in robotics, capable of modeling complex, multimodal
action spaces. They have been successfully applied to
imitation learning for single-arm [33]-[35] and bimanual
manipulation [36], tool use [37], motion planning [24],
[38], and reinforcement learning [25]. Extensions of
diffusion planning incorporate hierarchical structures [39],
and domain-specific adaptations such as autonomous
driving [40]. Concurrent work by Zhang et al. [41] explores
composition of RGB and point cloud policies using
fixed, manually-tuned weights, but is limited to visual
modalities without adaptive weighting. Our framework
introduces a structured approach to compositional learning
that accommodates arbitrary modalities, including tactile
feedback and semantic features, through learned context-
dependent routing for adaptive modality weighting.



€0:gb,10cal (ergb ) a) |

:_’ 6rgb Denoise Steps
€0:gb,context (ergp, @) |
____________________________________ 1

Z Wi €; =0,
g = = === === ===-===-=— ===
1
€0tac, fine (etaca a) !
™ €tac
1
eetac,coarse (6tacv CL) :
____________________________________ 1
Router
Ry ({ergba ceey etac}) Wrgh, - - - , Wac

Fig. 2: Overview of Our Compositional Policy Framework.
Raw sensory modalities (mgp, Muac) are encoded into embeddings
(ergb, €nc). Each modality is factorized into complementary sub-
pOhCieS (e'g'V Eergb.comex!(e"gb’ a’)’ 6Gr,gb.locznl(ergl??a’)’ €01ac coarse (6‘307 a’)’
€0,c ine (Etac, @)), Which produce score predictions that are averaged
into a modality-specific score. A router network Ry (€, - - . ; €uac)
then predicts consensus weights {w; } to reconcile these modality-
specific scores into the final composed score ), wse;, which
defines the policy for action generation.

III. APPROACH

Our work introduces a compositional approach to multi-
modal robot learning that addresses sparsity in sensory
modalities through policy factorization and consensus-based
composition (see Figure 2). We ground our framework in
energy-based composition principles and instantiate them via
policy consensus across modalities for robotic manipulation.

A. Problem Formulation

We consider the imitation learning setting for robot ma-
nipulation. Given a dataset of expert demonstrations D =
{(s¢,a¢)}_,, where s; is the state and a; the action at
timestep ¢, the state comprises N sensory modalities:

St = {ml,t; ma, .- amN,t}-

Our goal is to learn a policy 7(a¢|s;) that leverages hetero-
geneous information within s;. Each raw modality m; ; is
encoded into a latent embedding e;; through a modality-
specific encoder. Here, an embedding e;; refers to the
modality encoding together with relevant robot state infor-
mation (e.g., joint angles, gripper status), providing a richer
context for action prediction. We denote a; as the ground-
truth action in the dataset, a as a generic action candidate,
and a® as its noised version at diffusion timestep k. For
each modality ¢, we train K; sub-policies p; ;, parameterized
by 0;;, which define energy functions Fp, ;(a,m;;) and
corresponding diffusion scores €p, ;. In our experiments, we
set K; = 2 to capture complementary behavioral modes (e.g.,
geometry vs. fine detail for vision, contact onset vs. sustained
force for tactile), although the formulation allows general
K;. A router network R, maps the embeddings {e;.} to
consensus weights {w;}, normalized by softmax so that
>, w; = 1, indicating the relative influence of each modality.

B. Energy-Based Policy Composition

Our approach builds on energy-based composition prin-
ciples [4]-[6], [32], where policies are viewed as energy
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functions that assign low energy to preferred actions and high
energy otherwise. Each base policy p; j(a|m, ) implicitly
defines an energy function through

piJ(a'mi,t) X eXp(_Eei,j (a’ mi,t))'

Composing such policies corresponds to multiplying dis-
tributions, or equivalently summing their energies:

w;

N | K;
plalse) o< [ ] exp(—Ep, ; (a,mi))|
i=1 | j=1
N K;
=exp| — Z wW; Z Ee,;,j (a, mi,t)
i=1  j=1

This reveals that our composition performs a weighted
sum of energy functions, where the router weights {w;}
determine each modality’s influence based on the current
state. Unlike feature concatenation, which forces all modali-
ties through a shared network that tends to suppress statisti-
cally rare signals, our formulation preserves separate energy
functions for each modality, ensuring that sparse but critical
signals remain influential.

C. Compositional Policy Factorization

We factorize the policy at two levels to capture both inter-
and intra-modality structure:

N
plalst) o Hpi(a|mi,t)wiv
i=1
K;
pialmiy) o [ ] pij(almis).
j=1

Here p; is the composite policy for modality ¢, while
p;,; are complementary sub-policies (e.g., vision experts for
geometry vs. fine detail, tactile experts for contact onset vs.
sustained force).

This product-of-distributions view admits a constraint
satisfaction interpretation [8], where each modality-specific
policy imposes behavioral constraints on the final action
(e.g., geometry from vision, contact dynamics from touch).
Importantly, unlike feature concatenation where sparse
signals compete with dominant ones for network capacity,
each p; is trained independently on its own modality stream.
This ensures that rarely active but task critical modalities,
such as tactile inputs that appear only during contact, retain
their influence through the learned consensus weights w;,
which provide a consistent balancing of modality influence
across the policy.

D. Score-Based Implementation via Diffusion Models

We implement each base policy p;; using Denoising
Diffusion Probabilistic Models (DDPMs) [42]. Diffusion
models can be interpreted as score-matching energy-based
models [23], and following compositional generation prin-
ciples [4], [5], sampling from a product of distributions
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Fig. 3: Real-World Experimental Setup. (a) URS5e manipulator equipped with dual cameras and tactile sensors. (b—d) Overlays of initial
conditions for the evaluation tasks: occluded marker picking, spoon reorientation, and puzzle insertion.

corresponds to summing their score functions. This leads to IV. EXPERIMENT
a two-step aggregation process at each denoising step k:

Intra-Modality Composition. The composed score for
modality ¢ is obtained by averaging scores of its K; fac-
torized sub-policies:

We evaluate our modality-composable policy framework
by addressing three key research questions: (1) How does
a compositional architecture compare to feature-level fusion
in tasks with modality sparsity? (2) Does the compositional

L 1 model capture context-dependent and modified reliance on
eicomp(a amita - _269 a ,my tak) : E :

’ ' Ki ¢ different modalities, allowing new experts to be composed

=t without retraining? (3) Does the policy maintain robustness

Inter-Modality Composztton. .The final co'mp(.)sed score is ypder physical perturbations and sensor corruption?
then computed using router-weighted combination:

K;

N A. Experimental Setup
Ecomp(aky S¢, k) = Z w; (St) : 6i,comp(aka mit, k)
i=1
The modality-specific scores €; comp define gradient fields
that encode each modality’s behavioral constraints. The
router assigns consensus weights w;(s;) to combine these
fields into a unified score, balancing their contributions. This
weighted composition connects energy based composition
with score based diffusion, establishing a direct theoretical
link between compositional energy models and diffusion-
based policies.

Tasks. We evaluate our method on both simulation and
real-world manipulation tasks. In simulation, we use RL-
Bench [9] as a multi-task benchmark with four tasks: open
box, open drawer, take umbrella out of stand, and toilet seat
up. The policy is trained on a total of 200 demonstration
episodes and evaluated on 200 unseen configurations.

For real-world experiments, we employ a URSe manipula-
tor equipped with dual cameras and tactile sensors, as shown
in Figure 3(a). We evaluate three challenging manipulation
tasks, with Figure 3(b—d) showing overlays of their initial
E. Router Network testing conditions: (i) occluded marker picking; (ii) spoon re-

The router R, maps modality-specific embeddings {e;}  orientation; and (iii) puzzle insertion. We collect 80, 60, and
to consensus weights {w;}, normalized with a softmax 50 teleoperated demonstrations for these tasks, respectively.
so that they are positive and sum to one, making them Sensory Modalities. In simulation, we utilize RGB
interpretable as relative modality influence. Conceptually, the  images from two cameras, point cloud (PCD) data from
router reconciles the action proposals of modality-specific ~ depth sensors, and 3D semantic features extracted using a
experts into a unified policy. The consensus weights are  pretrained DINO model [43]. For real-world experiments,
learned during training and fixed at execution, providing a  we use RGB images from dual side-view Intel RealSense
interpretable mechanism for balancing modalities. D415 cameras with a resolution of 96 x 128, along with
dense tactile arrays from FlexiTac sensors [19]. Each finger
is equipped with a tactile pad consisting of 12 x 32 sensing
units, each with a spatial resolution of 2 mm.

Baselines. We compare against comprehensive baselines
tailored to each domain:

F. Advantages Over Existing Fusion

Our framework offers (1) Robustness to sparsity, as
rarely active modalities such as tactile remain represented
by separate experts rather than being suppressed. (2) Modu-
larity, as experts can be trained and extended independently
without retraining the entire policy. (3) Interpretability,
with consensus weights {w;} directly revealing the influence
of each modality. (4) Principled consensus, as the router
provides a consistent weighting scheme grounded in energy-
based composition, rather than blind feature fusion.

These properties make our framework a theoretically
grounded and extensible alternative to monolithic feature Metrics. We report success rate as the primary metric and
concatenation for multi-modal robot learning. completion time as a secondary metric for successful trials.

o Simulation: (i) Single-modality policies trained on
RGB-only, PCD-only, or DINO-only inputs; (ii) Feature
concatenation combining all modality embeddings; (iii)
Factorized MoE fusion using soft routing.

o Real-world: (i) RGB-only policy; (ii) RGB+Tactile
feature concatenation baseline.
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Fig. 4: Qualitative Policy Rollouts. Representative execution traces from three tasks: Task 1 occluded marker picking, where tactile
feedback guides manipulation when vision is unavailable; Task 2 spoon reorientation, demonstrating dexterous in-hand manipulation; Task
3 puzzle insertion, requiring high-precision alignment at millimeter accuracy.
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Fig. 5: Typical Failure Cases of Baseline Methods. We show failure cases of an RGB-only policy compared with an RGB+Tactile
concatenation baseline. Each task highlights the complementary roles of the two modalities: vision provides global spatial and geometric
information, while tactile sensing provides contact awareness and fine-grained grasp feedback. (a) In occluded marker picking, the
concatenation baseline becomes trapped without grasping, while RGB-only lacks awareness of the grasp state once occluded. (b) In
spoon reorientation, the concatenation baseline fails at initial grasping, while RGB-only fails at precise placement. (c) In puzzle insertion,
the concatenation baseline causes misalignment, while RGB-only suffers frequent grasp failures.

B. Main Results TABLE I: Policy performance and parameter count on RLBench
’ tasks. Our method achieves 18% relative improvement over con-

. . . . catenation baseline with negligible parameter increase.
Simulation Performance. Table I presents our simulation Bigiie P

results. Our method achieves the highest average success Method Success Rate  Params (M)
rate. (.66%), significantly outperfomlling both.single-modalit.y Single-Modality
policies and the feature concatenation baseline (56%). This RGB only 0.54 257.3
18% relative improvement is achieved with minimal parame- Point Cloud only 0.49 2519
. 3D DINO only 0.45 251.9
ter overhead (+0.7M parameters, where M denotes millions,
corresponding to only a 0.3% increase), demonstrating the Multi-Modality
. .. . Concatenation 0.56 262.9
efficiency of our compositional approach compared to naive
Ours 0.66 263.6

fusion strategies.

Real-World Performance. Tables II-IV demonstrate con-
sistent superiority across all real-world tasks. In contrast age completion times. Figure 4 provides qualitative evidence
to baselines, our method achieves the highest success rates  of these performance differences.

(65% for occluded picking, 75% for spoon reorientation, and Notably, the RGB+Tactile concatenation baseline exhibits
52% for puzzle insertion) while maintaining the lowest aver-  catastrophic failure: in Occluded Marker Picking, its success
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Fig. 6: Policy Robustness under Diverse Perturbations. We evaluate three types of interventions: (a) runtime perturbation, where the
marker is suddenly snatched away during execution; (b) sensor corruption, where a camera is occluded to simulate partial sensor failure;
and (c) object repositioning, where task-relevant objects are reset and moved to new positions between executions. Our method maintains
reliable performance across all scenarios.

rate is only 5% compared to 35% for RGB-only, and in importance analysis. Specifically, we measure modality de-
Spoon Reorientation, it achieves just 21% compared to pendency by injecting calibrated Gaussian noise N(0,02)
67% for RGB-only. These results confirm that naive fusion into each modality and computing the normalized L2 dis-
can be actively detrimental when modalities have varying tance between perturbed and original action outputs. For
informativeness. Figure 5 illustrates these systematic failure  stability, temporal smoothing is applied using an exponential
modes: the concatenation baseline gets trapped without —moving average (EMA, a = 0.1).

successful grasping in occluded picking, fails at initial As shown in Figure la, this analysis reveals context
grasping in spoon reorientation, and causes misalignment in  aware modality usage during the Occluded Marker Picking
puzzle insertion, while RGB-only policies suffer from lack  task, which unfolds in two distinct phases. In the first stage
of tactile feedback during critical manipulation phases. (t = 0 to 5 steps), vision dominates: the policy shows high
sensitivity to visual perturbations, relying on visual feedback
for spatial navigation and approach. In the second stage (after
5 steps), the policy shifts to multi modal coordination. As

TABLE II: Decomposed Success Rates on Real-World Puzzle
Insertion Task.

Sub-Task | R RGB+Tac. Ours the gripper enters the occluded container, tactile sensitivity
Pick up goat 0.90 0.90 1.00 ri.ses .sha.rply upon contact while vision remain.s important,
Place goat 0.90 0.90 0.95 highlighting their complementary roles. This emergent
Task success (goat) | 0.25 035 0.58 two stage behavior demonstrates that our compositional
Place cow 0.75 0.80 0.95

Pick up cow 0.85 0.80 0.95 architecture can transition from single modality reliance to
multi modal integration based on task demands.

Task success (cow) 0.30 0.45 0.45

o ) ) D. Robustness and Adaptation Evaluation
TABLE III: Performance on Occluded Marker Picking. Failed trials

counted as 120s timeout. We evaluate the robustness and adaptation of our approach
through systematic perturbation experiments across physical
and sensory domains.
Success Rate | 0.35 0.05 0.65 Physical Perturbations. We introduce two categories of
Avg. Time (s) 107.8 117.9 96.5 . . . . ...

physical interventions to assess policy resilience under en-
vironmental disturbances (Figure 6a, ¢): (a) Runtime pertur-
bation: a mid-execution intervention in which the marker is
suddenly snatched away during the occluded marker picking

Metric | RGB  RGB+Tac. Ours

TABLE 1V: Performance on Spoon Reorientation. Failed trials
counted as 300s timeout.

Metric | RGB  RGB+Tac. Ours task, introducing a dynamic disturbance. (c) Object repo-

Success Rate | 0.67 021 0.75 sitioning: objects are deliberately reset and moved to new

Avg. Time (s) | 117.1 221.5 94.8 positions between task executions (e.g., relocating the bag

in the occluded-marker task, displacing the bowl and spoon

C. Analysis of Learned Modality Dependencies in the spoon-reorientation task, or swapping the positions of
To assess whether the policy leverages different modalities  the goat and cow puzzle pieces).

depending on task context, we conduct a perturbation-based Sensor Corruption. We simulate partial sensor failure
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Fig. 7: Incremental Learning. (a) An RGB-only policy fails to grasp the marker without tactile feedback. (b) By composing a pre-trained
RGB policy with a tactile policy using manually set consensus weights (0.5, 0.5), the combined policy successfully grasps the marker

under occlusion without requiring retraining.

by occluding one camera with an opaque card, eliminating
visual input (Figure 6b). This corruption is applied to both
spoon-reorientation and occluded-marker tasks. Our method
maintains consistent success despite the degraded sensory
input, demonstrating resilience to partial sensor failure.

Incremental Learning. A key benefit of our
compositional framework is the ability to combine
independently trained policies without retraining. We

demonstrate this by composing an RGB policy and a
tactile policy using fixed consensus weights (0.5,0.5). As
shown in Figure 7, while the RGB-only policy fails under
occlusion, the composed policy succeeds in grasping despite
never being jointly trained. This highlights that our method
supports incremental integration of new sensory modalities,
enabling efficient extension of existing skills.

E. Ablation Studies

To validate our key architectural choices, we conduct
comprehensive ablation studies examining the impact of
different routing and fusion strategies. Table V summarizes
the experimental results.

Learned vs. Fixed Consensus. We first investigate the
contribution of our learned consensus mechanism by replac-
ing it with a fixed equal-weight strategy. This ablation results
in a significant performance degradation of 7.6% (from 66%
to 61%), demonstrating that adaptive, learned consensus
weighting is important for effective policy composition.

Policy-Level vs. Feature-Level Fusion. We compare our
policy-level consensus-based composition against a soft-
routing MoE baseline that performs fusion at the feature
level. Our method achieves a substantial improvement of
15.8% over the MoE baseline (66% vs. 57%; see Table V).
This performance gap suggests that composing modalities
at the action-output level better preserves modality-specific
information compared to early feature selection, which may
prematurely discard relevant signals needed for downstream
decision-making.

V. CONCLUSION

We presented a compositional framework for multimodal
robot manipulation that factorizes policies at the modality
level. The action distribution conditioned on each input
modality is modeled by a separate expert policy, and their
outputs are integrated through learned consensus weights
from a router network. This consensus-based composition
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TABLE V: Ablation study comparing routing and fusion strategies.
Results show average success rates across all evaluation tasks in
simulation.

Method Avg. Success Rate
Ours (Learned Router) 0.66
Ablation Variants
Fixed Equal Weights 0.61
Factorized MoE Fusion 0.57

allows the policy to adaptively balance sensing modalities,
preserving their expertise while enabling robust coordina-
tion. Experiments on a multi-task simulation benchmark and
contact-rich real-world tasks demonstrate that our method
consistently outperforms conventional feature-fusion base-
lines. Beyond these performance gains, our importance anal-
ysis reveals that policies dynamically shift reliance between
modalities based on context, with vision handling geometric
reasoning and tactile managing contact-rich phases. These
compositional advantages enable incremental sensor deploy-
ment without retraining and provide natural robustness to
sensor failures.

While promising, our framework opens several directions
for future research. First, the current router adapts
consensus weights at the policy level but does not provide
fine-grained or temporally dynamic adjustments; developing
more expressive consensus mechanisms could enhance
adaptability. Second, our experiments focus primarily
on vision and tactile inputs in controlled real-world
environments, leaving extensions to additional modalities
(e.g., audio, force, language) and deployment in more
diverse settings as important next steps.
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