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Figure 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 mi 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 Manip-
ulation, 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 cru-001
cial for robotic manipulation. However, the typical ap-002
proach of feature concatenation is often suboptimal: dom-003
inant modalities such as vision can overwhelm sparse but004
critical signals like touch in contact-rich tasks, and mono-005
lithic architectures cannot flexibly incorporate new or miss-006
ing modalities without retraining. Our method factorizes007
the policy into a set of diffusion models, each specialized for008
a single representation (e.g., vision or touch), and employs009
a router network that learns consensus weights to adap-010
tively combine their contributions, enabling incremental of011
new representations. We evaluate our approach on simu-012
lated manipulation tasks in RLBench, as well as real-world013
tasks such as occluded object picking, in-hand spoon reori-014
entation, and puzzle insertion, where it significantly outper-015
forms feature-concatenation baselines on scenarios requir-016
ing multimodal reasoning. Our policy further demonstrates017
robustness to physical perturbations and sensor corruption.018

We further conduct perturbation-based importance analy- 019
sis, which reveals adaptive shifts between modalities. 020

1. Introduction 021

Modern robots utilize a diverse array of modalities includ- 022
ing RGB images, point clouds, tactile signals, and learned 023
visual features, yet effectively integrating these data streams 024
remains a challenge in robotics [6, 25]. These modalities 025
can be both complementary (vision vs. touch) and overlap- 026
ping (RGB-D vs. point cloud), requiring structured synergy 027
for optimal performance. For decades, a common baseline 028
has been the concatenation of feature-level modalities into 029
a single high-dimensional vector, an approach that persists 030
even in recent policies [18, 25]. Despite its popularity, this 031
approach lacks a principled mechanism for balancing con- 032
tributions across modalities and cannot easily adapt when 033
modalities are added or missing, often resulting in subopti- 034
mal performance. 035
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The weakness becomes apparent when different sensors036
are crucial at different task phases. Consider a robot trained037
to retrieve an object from an opaque container. For 90% of038
the trajectory, vision guides the robot to approach and posi-039
tion its gripper. Once the gripper enters the container, how-040
ever, vision becomes useless while tactile signals become041
critical for success. Despite tactile information being es-042
sential during this crucial 10% of the task, feature concate-043
nation struggles with this sparsity: the learning algorithm044
downweights the rarely-active tactile stream as noise, fo-045
cusing instead on the statistically dominant visual features.046
Moreover, these monolithic approaches cannot adapt to new047
sensors or missing modalities without complete retraining.048
These limitations point to the need for a structured alterna-049
tive that treats each modality as a distinct contributor rather050
than forcing premature fusion.051

To address these challenges, we draw inspiration from052
compositional generative models [12, 13, 15, 31] and053
factorize robot policies into modality-specific experts, with054
a router network learning consensus among them. Each055
expert specializes in a single modality (e.g., vision for056
geometric reasoning or tactile for contact dynamics) and057
captures its behavioral constraints [41]. A router network058
learns consensus weights during training to combine059
these experts into a unified policy, ensuring that even060
rarely-active but crucial modalities (e.g., tactile) retain their061
influence when most needed. As illustrated in Figure 1b,062
our approach contrasts with classical feature-level concate-063
nation by composing experts at the policy level, which not064
only mitigates sparsity issues but also allows new modal-065
ities to be added or removed without retraining the entire066
network. This compositional design directly resolves the067
limitations of prior work by preserving the contribution of068
each modality, adapting flexibly to sensor availability, and069
providing robustness to failures, while also enabling diverse070
manipulation skills such as those shown in Figure 1c.071

Building on this compositional structure, our framework072
enables context-aware shifts in modality reliance: tactile073
experts dominate during contact-rich phases, while vision074
governs geometric reasoning in free space. The unified pol-075
icy, formed by weighted sums of score functions from the076
factorized diffusion experts, yields robustness under sensor077
corruption and partial observability, ensuring reliable ma-078
nipulation across diverse conditions.079

Our contributions are as follows:080

1. We introduce a framework that composes modality-081
specific experts through learned consensus weights, of-082
fering a principled and extensible alternative to mono-083
lithic feature concatenation. This design naturally sup-084
ports incremental learning, allowing new experts to be085
integrated without retraining existing policies.086

2. We demonstrate strong performance on the multi-task087
RLBench [22] simulation benchmark compared to vari-088

ous baselines and validate our approach on complex real- 089
world tasks, including occluded marker picking, spoon 090
reorientation in hand, and puzzle insertion. We also 091
show robustness to physical perturbations, runtime dis- 092
turbances, and sensor corruption. 093

3. We provide comprehensive analyses, including 094
perturbation-based importance studies, that quanti- 095
tatively demonstrate how our policy learns to shift 096
reliance between modalities in response to changing 097
task context. 098

2. Related Works 099

Multimodal Fusion in Robotics. The integration of vi- 100
sion and touch is critical for robust robotic manipulation, 101
allowing robots to handle occlusions and make precise con- 102
tact [3, 21, 24]. Vision provides global scene understanding 103
while tactile sensing offers high-fidelity local information 104
critical for tasks like grasping and insertion [11, 38]. Exist- 105
ing fusion approaches range from simple feature concatena- 106
tion [25, 26] to sophisticated architectures including Visuo- 107
Tactile Transformers that dynamically weigh modality fea- 108
tures [9], stage-guided fusion [16], cross-modal attention 109
mechanisms, and unified modality methods [20, 42]. How- 110
ever, all these approaches share a common limitation: they 111
perform feature-level fusion to create a single conditional 112
input for a monolithic policy. This makes them vulnerable 113
to sparsity, where learning becomes biased toward statisti- 114
cally dominant but contextually irrelevant modalities (e.g., 115
vision) while discarding essential but sparse signals (e.g., 116
touch). Our work addresses this issue by factorizing poli- 117
cies into modality-specific modules and composing com- 118
plete action distributions at the policy level. 119
Compositional Generation and Energy-Based Mod- 120
els. Our framework builds on compositional modeling, 121
particularly the principle of combining simple models 122
as a product of distributions to form a more expressive 123
joint distribution [12, 30, 31, 39]. This idea is central to 124
Energy-Based Models (EBMs), where summing energy 125
functions corresponds to multiplying probability distri- 126
butions [13, 17]. Diffusion models can be viewed as 127
score-matching EBMs [36], making their score functions 128
naturally composable in the same way. Beyond image 129
generation, compositionality has been applied to trajectory 130
modeling [1, 23], language models [14], robotic planning 131
with constraints [32, 41], and hierarchical planning [2]. 132
More broadly, compositional generative models extend 133
to domains such as traffic generation [29] and human 134
motion [35, 37], highlighting the versatility of composi- 135
tionality as a modeling principle. In robotics, related work 136
has explored combining policies across heterogeneous 137
sources such as simulation and real-world data [40]. In 138
contrast, our approach focuses on compositional learning 139
across diverse modalities, enabling adaptive integration 140

2



CVPR
#*****

CVPR
#*****

CVPR 2026 Submission #*****. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

of modalities such as vision, touch, and semantic features141
within a unified policy.142
Diffusion Models in Robot Learning. Diffusion models143
have emerged as state-of-the-art policy representations144
in robotics, capable of modeling complex, multimodal145
action spaces. They have been successfully applied to146
imitation learning for single-arm [10, 33, 43] and bimanual147
manipulation [7], tool use [8], motion planning [23, 34],148
and reinforcement learning [1]. Extensions of diffusion149
planning incorporate hierarchical structures [27], and150
domain-specific adaptations such as autonomous driv-151
ing [28]. Concurrent work by Zhang et al. [4] explores152
composition of RGB and point cloud policies using fixed,153
manually-tuned weights, but is limited to visual modalities154
without adaptive weighting. Our framework introduces a155
structured approach to compositional learning that accom-156
modates arbitrary modalities, including tactile feedback157
and semantic features, through learned context-dependent158
routing for adaptive modality weighting.159

3. Approach160

Our work introduces a compositional approach to multi-161
modal robot learning that addresses sparsity in sensory162
modalities through policy factorization and consensus-163
based composition (see Figure 2). We ground our164
framework in energy-based composition principles and165
instantiate them via policy consensus across modalities for166
robotic manipulation.167

3.1. Problem Formulation168

We consider the imitation learning setting for robot manip-169
ulation. Given a dataset of expert demonstrations D =170
{(st,at)}Tt=1, where st is the state and at the action at171
timestep t, the state comprises N sensory modalities:172

st = {m1,t,m2,t, . . . ,mN,t}.173

Our goal is to learn a policy π(at|st) that leverages174
heterogeneous information within st. Each raw modality175
mi,t is encoded into a latent embedding ei,t through a176
modality-specific encoder. Here, an embedding ei,t refers177
to the modality encoding together with relevant robot state178
information (e.g., joint angles, gripper status), providing179
a richer context for action prediction. We denote at as180
the ground-truth action in the dataset, a as a generic181
action candidate, and ak as its noised version at diffusion182
timestep k. For each modality i, we train Ki sub-policies183
pi,j , parameterized by θi,j , which define energy functions184
Eθi,j (a,mi,t) and corresponding diffusion scores ϵθi,j . In185
our experiments, we set Ki = 2 to capture complementary186
behavioral modes (e.g., geometry vs. fine detail for vision,187
contact onset vs. sustained force for tactile), although188
the formulation allows general Ki. A router network Rψ189

…
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Figure 2. Overview of Our Compositional Policy Frame-
work. Raw sensory modalities (mrgb,mtac) are encoded into
embeddings (ergb, etac). Each modality is factorized into com-
plementary sub-policies (e.g., ϵθrgb,context(ergb, a), ϵθrgb,local(ergb, a),
ϵθtac,coarse(etac, a), ϵθtac,fine(etac, a)), which produce score predictions
that are averaged into a modality-specific score. A router network
Rψ(ergb, . . . , etac) then predicts consensus weights {wi} to recon-
cile these modality-specific scores into the final composed score∑
i wiϵi, which defines the policy for action generation.

maps the embeddings {ei,t} to consensus weights {wi}, 190
normalized by softmax so that

∑
i wi = 1, indicating the 191

relative influence of each modality. 192

3.2. Energy-Based Policy Composition 193

Our approach builds on energy-based composition princi- 194
ples [13, 15, 31, 40], where policies are viewed as energy 195
functions that assign low energy to preferred actions and 196
high energy otherwise. Each base policy pi,j(a|mi,t) im- 197
plicitly defines an energy function through 198

pi,j(a|mi,t) ∝ exp(−Eθi,j (a,mi,t)). 199

Composing such policies corresponds to multiplying dis- 200
tributions, or equivalently summing their energies: 201

p(a|st) ∝
N∏

i=1



Ki∏

j=1

exp(−Eθi,j (a,mi,t))



wi

, 202

203

= exp


−

N∑

i=1

wi

Ki∑

j=1

Eθi,j (a,mi,t)


 . 204

This reveals that our composition performs a weighted 205
sum of energy functions, where the router weights {wi} 206
determine each modality’s influence based on the current 207
state. Unlike feature concatenation, which forces all modal- 208
ities through a shared network that tends to suppress statisti- 209
cally rare signals, our formulation preserves separate energy 210
functions for each modality, ensuring that sparse but critical 211
signals remain influential. 212
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3.3. Compositional Policy Factorization213

We factorize the policy at two levels to capture both inter-214
and intra-modality structure:215

p(a|st) ∝
N∏

i=1

pi(a|mi,t)
wi ,216

217

pi(a|mi,t) ∝
Ki∏

j=1

pi,j(a|mi,t).218

Here pi is the composite policy for modality i, while pi,j219
are complementary sub-policies (e.g., vision experts for ge-220
ometry vs. fine detail, tactile experts for contact onset vs.221
sustained force).222

This product-of-distributions view admits a constraint223
satisfaction interpretation [41], where each modality-224
specific policy imposes behavioral constraints on the final225
action (e.g., geometry from vision, contact dynamics226
from touch). Importantly, unlike feature concatenation227
where sparse signals compete with dominant ones for228
network capacity, each pi is trained independently on its229
own modality stream. This ensures that rarely active but230
task critical modalities, such as tactile inputs that appear231
only during contact, retain their influence through the232
learned consensus weights wi, which provide a consistent233
balancing of modality influence across the policy.234

3.4. Score-Based Implementation via Diffusion235
Models236

We implement each base policy pi,j using Denoising Diffu-237
sion Probabilistic Models (DDPMs) [19]. Diffusion mod-238
els can be interpreted as score-matching energy-based mod-239
els [36], and following compositional generation princi-240
ples [13, 31], sampling from a product of distributions cor-241
responds to summing their score functions. This leads to a242
two-step aggregation process at each denoising step k:243

Intra-Modality Composition. The composed score for244
modality i is obtained by averaging scores of its Ki factor-245
ized sub-policies:246

ϵi,comp(a
k,mi,t, k) =

1
Ki

Ki∑

j=1

ϵθi,j (a
k,mi,t, k).247

Inter-Modality Composition. The final composed score248
is then computed using router-weighted combination:249

ϵcomp(a
k, st, k) =

N∑

i=1

wi(st) · ϵi,comp(a
k,mi,t, k).250

The modality-specific scores ϵi,comp define gradient251
fields that encode each modality’s behavioral constraints.252
The router assigns consensus weights wi(st) to combine253

these fields into a unified score, balancing their contri- 254
butions. This weighted composition connects energy 255
based composition with score based diffusion, establishing 256
a direct theoretical link between compositional energy 257
models and diffusion-based policies. 258

3.5. Router Network 259

The router Rψ maps modality-specific embeddings {ei} 260
to consensus weights {wi}, normalized with a softmax so 261
that they are positive and sum to one, making them inter- 262
pretable as relative modality influence. Conceptually, the 263
router reconciles the action proposals of modality-specific 264
experts into a unified policy. The consensus weights are 265
learned during training and fixed at execution, providing a 266
interpretable mechanism for balancing modalities. 267

3.6. Advantages Over Existing Fusion 268

Our framework offers (1) Robustness to sparsity, as rarely 269
active modalities such as tactile remain represented by sep- 270
arate experts rather than being suppressed. (2) Modularity, 271
as experts can be trained and extended independently with- 272
out retraining the entire policy. (3) Interpretability, with 273
consensus weights {wi} directly revealing the influence of 274
each modality. (4) Principled consensus, as the router pro- 275
vides a consistent weighting scheme grounded in energy- 276
based composition, rather than blind feature fusion. 277

These properties make our framework a theoretically 278
grounded and extensible alternative to monolithic feature 279
concatenation for multi-modal robot learning. 280

4. Experiment 281

We evaluate our modality-composable policy framework 282
by addressing three key research questions: (1) How does a 283
compositional architecture compare to feature-level fusion 284
in tasks with modality sparsity? (2) Does the compositional 285
model capture context-dependent and modified reliance on 286
different modalities, allowing new experts to be composed 287
without retraining? (3) Does the policy maintain robustness 288
under physical perturbations and sensor corruption? 289

4.1. Experimental Setup 290

Tasks. We evaluate our method on both simulation and 291
real-world manipulation tasks. In simulation, we use RL- 292
Bench [22] as a multi-task benchmark with four tasks: open 293
box, open drawer, take umbrella out of stand, and toilet seat 294
up. The policy is trained on a total of 200 demonstration 295
episodes and evaluated on 200 unseen configurations. 296

For real-world experiments, we employ a UR5e ma- 297
nipulator equipped with dual cameras and tactile sensors, 298
as shown in Figure 3(a). We evaluate three challenging 299
manipulation tasks, with Figure 3(b–d) showing overlays 300
of their initial testing conditions: (i) occluded marker 301
picking; (ii) spoon reorientation; and (iii) puzzle insertion. 302
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(a) Real World Setup (c) Spoon Reorientation (d) Puzzle Insertion

Camera

(b) Occluded Marker Picking

Workspace

UR5e Robot

Tactile Sensor

Figure 3. Real-World Experimental Setup. (a) UR5e 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.
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Task 1: Occluded Marker Picking

Task 3: Puzzle Insertion
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t

Figure 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.

We collect 80, 60, and 50 teleoperated demonstrations for303
these tasks, respectively.304

Sensory Modalities. In simulation, we utilize RGB305
images from two cameras, point cloud (PCD) data from306
depth sensors, and 3D semantic features extracted using a307
pretrained DINO model [5]. For real-world experiments,308
we use RGB images from dual side-view Intel RealSense309
D415 cameras with a resolution of 96 × 128, along with310
dense tactile arrays from FlexiTac sensors [20]. Each finger311
is equipped with a tactile pad consisting of 12× 32 sensing312
units, each with a spatial resolution of 2mm.313

Baselines. We compare against comprehensive baselines314
tailored to each domain:315

• Simulation: (i) Single-modality policies trained on 316
RGB-only, PCD-only, or DINO-only inputs; (ii) Feature 317
concatenation combining all modality embeddings; (iii) 318
Factorized MoE fusion using soft routing. 319

• Real-world: (i) RGB-only policy; (ii) RGB+Tactile fea- 320
ture concatenation baseline. 321

Metrics. We report success rate as the primary metric 322
and completion time as a secondary metric for successful 323
trials. 324

4.2. Main Results 325

Simulation Performance. Table 1 presents our simula- 326
tion results. Our method achieves the highest average suc- 327
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RGB-Tactile RGBRGB-Tactile RGB RGBRGB-Tactile
Misplace Puzzle Puzzle Failing DownGet Stuck in Bag Moving w/o Marker Fail to Place SpoonFail to Grasp Spoon

(a) Occluded Marker Picking (b) Spoon Reorientation (c) Puzzle Insertion

Zoom InZoom In Zoom InZoom In

Figure 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 con-
catenation 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.

cess rate (66%), significantly outperforming both single-328
modality policies and the feature concatenation baseline329
(56%). This 18% relative improvement is achieved with330
minimal parameter overhead (+0.7M parameters, where M331
denotes millions, corresponding to only a 0.3% increase),332
demonstrating the efficiency of our compositional approach333
compared to naive fusion strategies.334

Table 1. Policy performance and parameter count on RLBench
tasks. Our method achieves 18% relative improvement over con-
catenation baseline with negligible parameter increase.

Method Success Rate Params (M)

Single-Modality
RGB only 0.54 257.3
Point Cloud only 0.49 251.9
3D DINO only 0.45 251.9

Multi-Modality
Concatenation 0.56 262.9

Ours 0.66 263.6

Real-World Performance. Tables 2–4 demonstrate335
consistent superiority across all real-world tasks. In con-336
trast to baselines, our method achieves the highest success337
rates (65% for occluded picking, 75% for spoon reorienta-338
tion, and 52% for puzzle insertion) while maintaining the339
lowest average completion times. Figure 4 provides quali-340
tative evidence of these performance differences.341

Notably, the RGB+Tactile concatenation baseline ex-342
hibits catastrophic failure: in Occluded Marker Picking, its343
success rate is only 5% compared to 35% for RGB-only, and344
in Spoon Reorientation, it achieves just 21% compared to345
67% for RGB-only. These results confirm that naive fusion346
can be actively detrimental when modalities have varying347
informativeness. Figure 5 illustrates these systematic fail-348
ure modes: the concatenation baseline gets trapped without349
successful grasping in occluded picking, fails at initial350
grasping in spoon reorientation, and causes misalignment351

in puzzle insertion, while RGB-only policies suffer from 352
lack of tactile feedback during critical manipulation phases. 353

Table 2. Decomposed Success Rates on Real-World Puzzle Inser-
tion Task.

Sub-Task RGB RGB+Tac. Ours

Pick up goat 0.90 0.90 1.00
Place goat 0.90 0.90 0.95
Task success (goat) 0.25 0.35 0.58

Pick up cow 0.85 0.80 0.95
Place cow 0.75 0.80 0.95
Task success (cow) 0.30 0.45 0.45

Table 3. Performance on Occluded Marker Picking. Failed trials
counted as 120s timeout.

Metric RGB RGB+Tac. Ours

Success Rate 0.35 0.05 0.65
Avg. Time (s) 107.8 117.9 96.5

Table 4. Performance on Spoon Reorientation. Failed trials
counted as 300s timeout.

Metric RGB RGB+Tac. Ours

Success Rate 0.67 0.21 0.75
Avg. Time (s) 117.1 221.5 94.8

4.3. Analysis of Learned Modality Dependencies 354

To assess whether the policy leverages different modalities 355
depending on task context, we conduct a perturbation-based 356
importance analysis. Specifically, we measure modality de- 357
pendency by injecting calibrated Gaussian noise N (0, σ2) 358
into each modality and computing the normalized L2 dis- 359
tance between perturbed and original action outputs. For 360
stability, temporal smoothing is applied using an exponen- 361
tial moving average (EMA, α = 0.1). 362
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(c) Object Moving (Puzzle Insertion)
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Init Camera View Blocked Succeeded

Shuffle & Move the BagInit SucceededInit Camera View Blocked Succeeded

(c) Object Moving (Spoon Reorientation)

(c) Object Moving (Occluded Marker Picking)(b) Sensor Corruption (Occluded Marker Picking)

Switch Puzzles

t t

Figure 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.

As shown in Figure 1a, this analysis reveals context363
aware modality usage during the Occluded Marker Picking364
task, which unfolds in two distinct phases. In the first365
stage (t = 0 to 5 steps), vision dominates: the policy shows366
high sensitivity to visual perturbations, relying on visual367
feedback for spatial navigation and approach. In the second368
stage (after 5 steps), the policy shifts to multi modal coordi-369
nation. As the gripper enters the occluded container, tactile370
sensitivity rises sharply upon contact while vision remains371
important, highlighting their complementary roles. This372
emergent two stage behavior demonstrates that our com-373
positional architecture can transition from single modality374
reliance to multi modal integration based on task demands.375

4.4. Robustness and Adaptation Evaluation376

We evaluate the robustness and adaptation of our ap-377
proach through systematic perturbation experiments across378
physical and sensory domains.379

Physical Perturbations. We introduce two categories of380
physical interventions to assess policy resilience under envi-381
ronmental disturbances (Figure 6a, c): (a) Runtime pertur-382
bation: a mid-execution intervention in which the marker is383
suddenly snatched away during the occluded marker pick-384
ing task, introducing a dynamic disturbance. (c) Object385
repositioning: objects are deliberately reset and moved to386
new positions between task executions (e.g., relocating the387
bag in the occluded-marker task, displacing the bowl and388
spoon in the spoon-reorientation task, or swapping the po-389
sitions of the goat and cow puzzle pieces).390

Sensor Corruption. We simulate partial sensor failure391
by occluding one camera with an opaque card, eliminat-392
ing visual input (Figure 6b). This corruption is applied to393

both spoon-reorientation and occluded-marker tasks. Our 394
method maintains consistent success despite the degraded 395
sensory input, demonstrating resilience to partial sensor 396
failure. 397

Incremental Learning. A key benefit of our composi- 398
tional framework is the ability to combine independently 399
trained policies without retraining. We demonstrate this 400
by composing an RGB policy and a tactile policy using 401
fixed consensus weights (0.5, 0.5). As shown in Figure 7, 402
while the RGB-only policy fails under occlusion, the 403
composed policy succeeds in grasping despite never being 404
jointly trained. This highlights that our method supports 405
incremental integration of new sensory modalities, enabling 406
efficient extension of existing skills. 407

4.5. Ablation Studies 408

To validate our key architectural choices, we conduct com- 409
prehensive ablation studies examining the impact of differ- 410
ent routing and fusion strategies. Table 5 summarizes the 411
experimental results. 412

Learned vs. Fixed Consensus. We first investigate the 413
contribution of our learned consensus mechanism by replac- 414
ing it with a fixed equal-weight strategy. This ablation re- 415
sults in a significant performance degradation of 7.6% (from 416
66% to 61%), demonstrating that adaptive, learned consen- 417
sus weighting is important for effective policy composition. 418

Policy-Level vs. Feature-Level Fusion. We compare 419
our policy-level consensus-based composition against a 420
soft-routing MoE baseline that performs fusion at the 421
feature level. Our method achieves a substantial improve- 422
ment of 15.8% over the MoE baseline (66% vs. 57%; see 423
Table 5). This performance gap suggests that composing 424
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(a) RGB Only (b) RGB and Tactile Composition
Init Locate Bag Grasp Marker Init Grasp Marker Place MarkerLocate Bag

t t

Figure 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.

modalities at the action-output level better preserves425
modality-specific information compared to early feature426
selection, which may prematurely discard relevant signals427
needed for downstream decision-making.428

Table 5. 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

5. Conclusion429

We presented a compositional framework for multimodal430
robot manipulation that factorizes policies at the modality431
level. The action distribution conditioned on each input432
modality is modeled by a separate expert policy, and their433
outputs are integrated through learned consensus weights434
from a router network. This consensus-based composi-435
tion allows the policy to adaptively balance sensing modal-436
ities, preserving their expertise while enabling robust coor-437
dination. Experiments on a multi-task simulation bench-438
mark and contact-rich real-world tasks demonstrate that439
our method consistently outperforms conventional feature-440
fusion baselines. Beyond these performance gains, our im-441
portance analysis reveals that policies dynamically shift re-442
liance between modalities based on context, with vision443
handling geometric reasoning and tactile managing contact-444
rich phases. These compositional advantages enable incre-445
mental sensor deployment without retraining and provide446
natural robustness to sensor failures.447

While promising, our framework opens several direc-448
tions for future research. First, the current router adapts449
consensus weights at the policy level but does not provide450
fine-grained or temporally dynamic adjustments; develop-451
ing more expressive consensus mechanisms could enhance452

adaptability. Second, our experiments focus primarily on 453
vision and tactile inputs in controlled real-world environ- 454
ments, leaving extensions to additional modalities (e.g., 455
audio, force, language) and deployment in more diverse 456
settings as important next steps. 457
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