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Abstract—This work introduces Disentangled Diffusion Policy
(DisDP), an Imitation Learning (IL) method that enhances
robustness. Robot policies have to be robust against different
perturbations, including sensor noise, complete sensor dropout
and environmental variations. Existing IL methods struggle
to generalize under such conditions, as they typically assume
consistent, noise-free inputs. To address this limitation, DisDP
structures sensors into shared and private representations, pre-
serving global features while retaining details from individual
sensors. Additionally, Disentangled Behavior Cloning (DisBC)
is introduced, a disentangled Behavior Cloning (BC) policy,
to demonstrate the general applicance of disentanglement for
IL. This structured representation improves resilience against
sensor dropouts and perturbations. Evaluations on The Colos-
seum and Libero benchmarks demonstrate that disentangled
policies achieve better performance in general and exhibit greater
robustness to perturbations compared to their baseline policies.

I. INTRODUCTION

For robots to be deployed on a large scale across various
applications, they have to be robust against different pertur-
bations, including environmental variations, sensor noise, and
complete sensor modality dropout. Sensor modality dropout
refers to the unavailability of sensors during inference, that
have been available during training. While current research has
explored environmental variations, and perturbations in behav-
ior learning scenarios [31]], sensor modality dropout remains
an understudied challenge. Methods that attempt to address
this issue often fail to generalize on complex, multi-view
robotic benchmarks [37) 9], exposing a critical vulnerability
in the safety and reliability of current IL-based policies. To
tackle this challenge, we propose Disentangled Diffusion
Policy (DisDP), a method that disentangles the latent space of
different sensor modalities into shared and private embeddings.

Integrating multiple sensors improves policy robustness,
especially when individual inputs are noisy or unreliable
[20, 36l 38| 24, [16]]. However, such setups face challenges
like calibration errors, noise, and sensor failures. Most existing
methods assume reliable inputs at inference [36, 138} [34]], limit-
ing robustness to sensor dropout, as shown in Section This
work focuses on vision-based IL policies and their resilience to
missing or noisy camera inputs (Figure [I). Imitation Learning
(IL) 1k 29]] is widely used for acquiring complex behaviors,
with recent multi-task IL methods achieving strong results
across diverse tasks [30, |35} 136, 9, [34, 32, 4, 16].

Despite these advancements, most IL methods rely on
latent representations not explicitly designed to handle noisy
or missing sensory data, making them vulnerable to sensor
degradation or dropout. This paper introduces disentangled
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Fig. 1: Robotic policies depend on multiple sensory inputs,
making them susceptible to sensor failures. This work inves-
tigates how disentangling sensory information into shared and
private embeddings can enable robust policy learning under
sensor dropouts.

representations for IL policies to enhance robustness and
interpretability. By separating sensor inputs into shared and
private embeddings, our approach addresses key challenges
such as camera noise, sensor dropout, and environmental
perturbations. We apply this disentanglement to both a score-
based diffusion policy [32| 134] and a Transformer-based BC
model [26]. Extensive evaluations show that this structure
improves overall performance and significantly reduces degra-
dation under unreliable sensing conditions.

II. RELATED WORK

A. Robustness in Behavior Learning

Behavior learning suffers from generalization limitations,
often leading to sharp performance degradation in unfamiliar
environments due to overfitting and limited adaptability to
unseen variations [45, 15, [15} [18), 44]]. To address this, various
methods have been proposed to improve generalization and
robustness under modality dropout [30} 43| 23] 41, (10, [2].
One line of work focuses on estimating missing modalities:
SMIL [235] uses Bayesian meta-learning with variational infer-
ence to infer the posterior of missing inputs, while CCM [19]]
applies self-supervision to identify and discard corrupted sen-
sor inputs before reconstructing multimodal representations.
However, these methods do not address complete sensory
failure.



Several approaches improve robustness by handling missing
or irrelevant modalities. Masking-based methods drop or sup-
press modalities during training based on task relevance [37,
9], while MIL [8] applies masking before policy construction
but does not address sensor failures. Hierarchical methods
like Nexus [40] and MUSE [39] learn shared and private
embeddings via dropout-based training; Nexus averages fea-
tures, limiting expressiveness, whereas MUSE uses a Product-
of-Experts for better integration. In contrast, DisDP uses
contrastive learning, avoiding hierarchical structures. Multi-
camera RL setups also apply multi-view disentanglement for
robustness with partial views [7]. DisDP extends this to
imitation learning, evaluated on Colosseum and Libero.

B. Multi View Disentanglement

Multi-view disentanglement aims to separate information
into distinct representations, typically decomposing features
into shared and private components across views or modalities.
Orthogonal denoising autoencoders enforce independence via
orthogonality constraints [42], while self-supervised methods
minimize inter-view overlap to extract view-specific features
[L1} [17]. These approaches often combine alignment, orthog-
onalization, and reconstruction losses to preserve essential
shared information. Information-theoretic methods, such as
FactorCL [21], further enhance disentanglement by optimizing
mutual information bounds, improving generalization by iso-
lating task-relevant features and suppressing irrelevant ones.

In DisDP, disentanglement techniques discussed above are
extended to the multi-task IL setting, specifically within
diffusion policy frameworks. The approach is designed to
handle complex robotic manipulation tasks, with experiments
conducted on diverse benchmarks. The experiments evaluate
effectiveness under various sensor conditions.

III. METHOD

In this work, we address robustness in multi-task IL. with
multiple input modalities. Robots are trained to imitate expert
demonstrations collected from multiple cameras across diverse
manipulation tasks. During deployment, these modalities may
become unreliable or unavailable due to occlusion, sensor
failure, or noise. Our goal is to develop a framework that
can robustly handle partial or degraded inputs under such
conditions.

A. Problem Formulation

IL aims to train an agent to perform tasks by learning from
expert demonstrations. Given a dataset of expert trajectories
D, = {7}, where each trajectory

Ti:((Sl,al),(SQ,ag),...,(SK,GK)) (1)

represents a sequence of observed state-action pairs. The
objective is to learn a policy 7(a|s) that maps observations s
to actions a while minimizing a some distance or divergence
to the observed behavior £ (7(a|sy), ax). The exact definition
of the loss £ depends on the particular IL approach. In a
multi-modal IL setting the state information contains multiple

modalities, typically across different sensors. In this work
these modalities include:

Language instructions L; provide high-level task annota-
tions. As they are per demonstration, we reuse the same
instruction at each timestep: Ly := L; for s; € T;.

RGB images I, = (I,El),léz),...,l,gc)) capture the scene
from C' camera viewpoints.

We define reliability masks My, =
(Mlgl)7 ,iZ),...,MIEC)) to model sensor noise and
availability. M} = 1 indicates fully reliable input, values
in (0,1) denote partial noise, and M) = O indicates an
unavailable camera. Thus, each state in the framework is
defined as

sp = (Li, Ir © My) €S, 2

with © denoting the Hadamard Product and & denoting the
overall state space.

During training, masking is fixed to M;, = 1. At inference,
it introduces noise or modality dropout based on the evaluation
setup. Behavior is not conditioned on raw inputs but on learned
embeddings z; = ¢(si), where ¢ encodes sensor inputs.
Existing approaches either use a single joint embedding [27]
or separate embeddings per modality [34} [13} 132, |33} [14].
Theoretically, learning individual embeddings provides mech-
anisms to improve robustness against modality dropout. In
practice, however, the learned policies usually still require the
presence of all embeddings and assume reliable information
for each. This work in contrast, does not learn embeddings for
individual sensors nor single embeddings across all sensors but
instead explicitly learns shared embeddings v across sensors
and private embeddings u for each sensor
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The shared embeddings v(¢) contain information that sensor
¢ shares with other sensors, while the private embeddings (%)
contain information that is unique to the sensor. This formu-
lation allows the policy to learn a more robust representation
of unreliable sensors. If the sensor ¢ drops out, the private
information u(¢) of the sensor is not available, however, the
information that would have been contained in the shared
embedding v(®) is covered by the other sensors.

Finally, recent work introducing action chunking [46] has
shown that predicting a sequence of actions generally performs
better than generating single step actions. Following this
insight the action space is redefined as

ap = (ak,ak+1,...,ak+H) GAH, 4)
where H is the prediction horizon, A denotes the action
space and the sequence of actions (ak, Ggi1,- .., Qkp) Was
observed in any of the demonstrated trajectories T;.

The final policy is represented as @ ~ 7 (a@|@(sy)) and



trained using the dataset

D= U {(6’73)“&’8)67}7 (5

T7€D,

which contains pairs of action sequences and states across
all demonstrated trajectories. Here, the union |J allows for
potentially duplicate entries in the final dataset to maintain
the statistical occurrence of state-action pairs.

Multi-view disentanglement: This technique separates rep-
resentations into shared (v) and private (u) components across
modalities. Shared embeddings capture global, view-consistent
features, providing robustness when inputs are missing or
noisy. Private embeddings retain fine-grained, view-specific
details, improving performance when available.

B. Disentangled Diffusion Policy

Disentangled Diffusion Policy (DisDP) combines a Trans-
former based encoder-decoder diffusion model [32, 34] with
multi-view disentanglement, as illustrated in Figure 2] In
the first step, every camera input [ ](CC) is embedded using a
separate vision encoder. These vision-embeddings are pro-
cessed through disentanglement branches to obtain a shared
embedding 'v,(cc) and a private embedding u;:)_

The shared embedding module extracts global features, that
are consistent across all camera views [ ,El:c). By focusing
on features that remain stable across viewpoints, the shared-
embedding encoder provides a robust foundation for down-
stream tasks, especially when one or more cameras become
unreliable, occluded, or noisy. The private embedding module
captures fine-grained and view-specific details for each cam-
era view [, ]gc). These private features enrich the policy with
information unique to each perspective, preserving distinctive
cues when global signals are insufficient.

The effective separation of shared and private features is
ensured using a contrastive learning approach based on the
InfoNCE(x, x4, x_) loss [28, [3]. The contrastive learning
loss requires positive 1 and negative samples x_ for each
point «. The InfoNCE loss then rewards embeddings that are
close to positive samples while punishing embeddings that are
close to negative samples.

For the shared embedding v(®) of sensor ¢ we obtain
the positive samples v(f) by sampling shared embeddings of
different sensors at the same state. While negative samples
v'9 are sampled from shared embeddings of different states.

The corresponding disentanglement loss is defined as

£shared = EseD,ceC,v<C)e¢(s) InfoNCE('U(C), ’UE:), 'v(_c)).

(6)
For the private embedding u(®) of sensor ¢ the positive samples
uif) are drawn form the same camera at different states and
the negative samples u' are drawn from any other sensor at
any state. The corresponding disentanglement loss is defined

analogously to the shared loss

Lprivate = Egep cecuce(s) InfoNCE(u(c), ugf),u(_c)).

(7

Both loss functions can be combined into the disentangle-
ment loss

»Cdiscnt = Csharcd + ['privatca (8)

which ensure maximization of similarity among the shared
representation, minimization of similarity between shared and
private representations and minimization of similarity between
individual private representations. Apart from the contrastive
objective, DisDP adds an orthogonality loss

Lortho = EsGD,cGC,(v(C>,u(c)),eci)(s) <'U(c); u(c)>27 )

to further disentangle the shared and private embeddings by
minimizing the squared dot product (-,-) between them for
each camera. Together with the diffusion loss, this results in
the final loss

L= Ediffusion + Adisent : Ldistent + A01'tho : ﬁortho» (10)

where Agisent and Aoptho are hyperparameters scaling the
importance of the disentanglement and orthogonality loss.

1V. EVALUATION

The experiments conducted in this paper try to answer 3
research questions increasing in difficulty towards robustness
and 1 research question with focus on interpretability:

RQ1: Does disentanglement affect the performance of IL
policies?

RQ2: Do disentangled latent spaces improve resilience to
noisy sensor input and complete sensor dropout?

RQ3: How resilient are policies to environmental pertur-
bations and sensor dropout?

RQ4: Does disentanglement results in more interpretable
latent spaces?

To answer these questions all policies are evaluated on
two sota IL benchmarks, The Colosseum [31] and Libero
[22]]. Both environments provide multi-camera image obser-
vations with 5 cameras for The Colosseum and 2 cameras
for Libero. The Colosseum is constructed using tasks from
RLBench [12], to benchmark complex robot manipulation
tasks. It has 20 tabletop tasks with different variations in each
task, including changes in lighting, texture, object colors and
properties. Libero consists of diverse robot manipulation tasks
categorized into object, spatial, goal, and long-horizon tasks.
These tasks evaluate robotic skills on different skill ranges,
making it a comprehensive benchmark for generalization in
robotic manipulation. In both benchmarks, Policy performance
is assessed using success rate, defined as the percentage of
rollouts that successfully complete the task within a specified
number of steps.

A. Evaluated approaches

During the evaluation, three baselines are considered:
BC: Behavior Cloning (BC) is usually used as a default
baseline for imitation learning. We apply an encoder-decoder
Transformer architecture to perform action prediction, which
is optimized by Mean Squared Error (MSE).
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Fig. 2: Overview of Disentangled Diffusion Policy (DisDP). The model processes multi-view image inputs by separating them
into shared and private representations. The language instruction is encoded using Clip and each camera input is encoded using
ResNet-18, followed by disentanglement modules that extract shared embeddings across all views and private embeddings for
individual views. These embeddings are processed by a multimodal transformer encoder and serve as conditioning inputs to
the denoising transformer decoder for action prediction. The model is trained with a combination of diffusion loss, multi-
view disentanglement loss, and orthogonality loss to enforce representation separation. This structured representation learning
enhances robustness to sensor noise, failures, and environmental variations.

BESO-ACT: BEhavior generation with ScOre-based Diffu-
sion Policies (BESO) is a diffusion-based policy that rep-
resents the denoising process using a continuous Stochastic-
Differential Equation (SDE). Beyond that, we build BESO-
ACT by using the same Transformer in BC and applying action
chunking [46].
BESO-ACT-dropout: This baseline uses BESO-ACT but in-
troduces random modality dropout in training at a rate of 10
percent to gain robustness.

Our Contributed methods are:
DisBC: DisBC extends the BC baseline by introducing
disentangled latent spaces.
DisDP: DisDP integrates disentangled representations in the
BESO-ACT architecture

B. Experimental Setup

The Colosseum: With regards to RQ1, experiments are
conducted on 10 of the 20 Colosseum tasks: basketball in
hoop, close box, close laptop lid, hockey, meat on grill, move
hanger, open drawer, reach and drag, scoop with spatula, and
slide block to target. These tasks were selected based on their
strong performance using the baseline method, ensuring a fair
comparison. The proposed methods and baselines are trained
on the no-variation setting within the Colosseum suite for
200 epochs on the same hyperparameters to avoid biases. The
trained models are evaluated on noisy camera sensor input and
complete dropout to address RQ2. Regarding RQ3, the trained
models are evaluated on 8 different Colosseum variations: no-
variation, background texture, camera pose, distractor, light

color, object color, table color, table texture. The dataset con-
tains 100 demonstrations for each task with images captured
from the five camera views. The policies are evaluated using
three seeds, with 25 rollouts per task and a maximum of 300
steps per rollout.

Libero: Addressing RQ1 policies are evaluated on 3 of the
4 categories, excluding long-horizon tasks for computation
reasons. Models are trained for 50 epochs on 60 percent
of demonstrations on same hyperparameters to ensure fair
comparison. Libero includes 2 camera views: Agent camera 0
and in-hand camera 1. Regarding RQ2, policies are evaluated
on dropping out either the agent or in-hand view. The methods
are evaluated using three different seeds with 25 rollouts per
task in each dataset split. Each episode has maximum 260
steps per rollout.

C. Result analysis

The following section discusses the 4 introduced research
questions with regard to the experimental results on The
Colosseum and Libero [22] benchmarks.

RQ1: Does disentanglement affect the performance of
IL policies?

The first research question aims at analyzing the quality of
policies when adding disentanglement, because of the trade-
off between performance and interpretability. The row None
in Table [l displays the results for all three baselines and the
two proposed methods using disentangled shared and private
embeddings. In both benchmarks, using the disentangled ver-
sion of the baseline does improve overall performance. DisDP
achieves 0.896 success rate compared to the 0.709 of BESO-



ACT on the Colosseum tasks. It also improves results on the
Libero benchmark between 0.06 and 0.12, compared to the
BESO-ACT baseline. In general, disentangled IL policies do
improve overall performance.

modalities are missing.

BESO-ACT-

Masked ‘ BC DisBC ‘ BESO-ACT DisDP
Dropout

Object | 0.684 £ 0.00 0.736 £ 0.02 | 0.752 + 0.00  0.514 + 0.05  0.816 + 0.02
None Spatial | 0.556 + 0.00  0.583 £ 0.02 | 0.580 £+ 0.03  0.552 £+ 0.04  0.701 £ 0.04
Goal - - 0.576 £ 0.02 0418 £ 0.05  0.680 + 0.09
Object | 0.000 £ 0.00 0.110 £ 0.03 | 0.204 + 0.00  0.004 + 0.00  0.295 + 0.04
0 Spatial | 0.000 & 0.00  0.000 £ 0.00 | 0.028 £ 0.00 0.023 £ 0.00  0.144 £ 0.02
Goal - 0.084 £+ 0.01 0.040 £ 0.00  0.004 £ 0.00
Object | 0.000 £ 0.00  0.000 £ 0.00 | 0.012 + 0.01  0.000 + 0.00  0.226 + 0.03
1 Spatial | 0.000 & 0.00  0.004 & 0.00 | 0.004 & 0.00  0.023 £ 0.04  0.112 £ 0.00
Goal - - 0.012 £+ 0.00  0.004 £+ 0.00  0.200 + 0.04

View(s) BC DisBC BESO-AcT ~ PESO-ACT- DisDP
Dropout

None ‘ 0.361 £+ 0.11 0.540 4+ 0.08 ‘ 0.709 + 0.03 0.435 £+ 0.04 0.896 + 0.05
0 Noisy 0.160 £ 0.05 0.444 £+ 0.04 0.000 £ 0.00  0.020 4+ 0.02  0.568 + 0.11
Masked | 0.096 + 0.01 0.206 + 0.03 0.068 £+ 0.05  0.096 + 0.01 0.440 + 0.03
1 Noisy 0.028 4+ 0.03 0.496 + 0.05 0.288 + 0.07 0.326 + 0.07  0.500 + 0.12
Masked | 0.120 £+ 0.02 0.140 £+ 0.03 0.196 + 0.04 0.168 + 0.02  0.632 + 0.04
2 Noisy 0.100 £+ 0.02 0.196 + 0.03 0.008 £+ 0.01 0.280 £ 0.01 0.306 + 0.08
Masked | 0.048 + 0.01 0.228 £+ 0.01 0.292 +£0.03  0.100 £ 0.03  0.420 + 0.02
3 Noisy 0.130 £+ 0.02 0.440 + 0.02 0.252 £ 0.03  0.210 £ 0.07  0.280 £ 0.04
Masked | 0.028 £ 0.02 0.096 + 0.01 0.040 £ 0.03  0.004 4+ 0.00 0.060 £ 0.03
01 Noisy 0.020 £+ 0.01 0.420 + 0.01 0.000 £+ 0.00  0.020 + 0.01 0.378 + 0.05
Masked | 0.056 + 0.01 0.100 £+ 0.02 0.028 +0.02  0.048 £+ 0.01 0.196 + 0.05
12 Noisy 0.080 + 0.07  0.370 + 0.02 0.000 + 0.00 0.186 £+ 0.04 0.172 + 0.04
Masked | 0.000 £+ 0.00 0.092 £+ 0.01 0.070 £ 0.01 0.040 £ 0.02  0.192 + 0.07
TABLE I: Colosseum no variation Dataset Evaluation with

Noisy and Masked Camera Views. The numbers in the
column View(s) correspond to the specific camera: 0 left
view, 1 right view, 2 wrist view, and 3 front view. Dual
camera dropouts are only reported for 0 1 and 1 2 because
other combinations achieve low success rate for all methods.
The evaluation examines how noisy sensors and sensor fail-
ures affect task success rates and assesses the resilience of
different methods under these conditions. The disentangled
methods perform much better compared to their baseline
implementations. Especially the DisBC has a small decrease
in performance, when adding noise.

RQ2: Do disentangled latent spaces improve resilience
to noisy sensor input and complete sensor dropout?

For all methods, the overall performance on The Colosseum
benchmark does drop significantly, as shown in the Noisy rows
of Table[l] The disentangled methods still outperform their cor-
responding baseline methods and with less performance loss.
Especially the DisBC still performs similar to the non-noisy
results. The traditional BC, on the other hand, completely
fails when confronted with noisy sensor inputs. In the noisy
scenario, the BESO-ACT-dropout is also able to retain more
of its original performance, compared to the BESO-ACT.

As shown in Table [[] and the Masked rows in Table
across both Libero and Colosseum, BESO-ACT and BESO-
ACT-Dropout experience significant performance drops when
critical camera views are unavailable, highlighting their re-
liance on complete visual input. Notably, BESO-ACT-Dropout
fails to mitigate sensor failures, showing that naive modality
dropout during training does not improve robustness but in-
stead leads to the loss of important task-relevant information.
In Colosseum, evaluation is conducted with four cameras,
providing redundancy and robustness to sensor failures due
to overlapping viewpoints. In contrast, Libero only has two
cameras in total, relying heavily on both of them. Unlike
BC and BESO-ACT, the disentangled-based methods DisBC
and DisDP exhibit greater resilience to sensor failures, main-
taining higher success rates across masked conditions. DisDP
consistently outperforms all baselines, even when multiple

TABLE 1II: Libero dataset evaluation: The evaluation ex-
amines three task suites—Object, Spatial, and Goal—across
three conditions: normal (all cameras available), agent view
camera masked (0), and in-hand camera masked (1). The
results demonstrate the effect of modality dropout on task
success and highlight that policies trained with disentangled
methods exhibit better adaptability to missing sensory inputs.

DisDP achieves the highest performance retention under
modality dropout, demonstrating that disentangled representa-
tions effectively preserve task-relevant features despite miss-
ing inputs. While DisBC also leverages shared and private
representation separation and improves robustness over BC, it
does not match the adaptability of DisDP, which benefits from
diffusion policies in addition to disentangled representations.
This analysis shows that disentangled IL policies are much
more resilient towards noisy sensor inputs and that disentan-
gled representations help retain important task information and
handle sensor dropout.
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Fig. 3: Colosseum results on variations, comparison be-
tween BESO-ACT and DisDP. The no-variation condition
serves as a baseline, showing the highest performance. Spatial,
textural, and lighting variations significantly impact success
rates, with camera pose and table texture masking causing the
most degradation.

RQ3: How resilient are policies to environmental per-
turbations and sensor dropout?



To evaluate the robustness of policies on environmental
perturbations and modality dropouts, Colosseum provides 7
different variations for all tasks. Previous experiments showed
that the diffusion-based methods perform best on The Colos-
seum, therefore only those two methods are evaluated on the
variations of The Colosseum.

Figure [3| presents the evaluations on the environmental vari-
ations from The Colosseum. The no-variation condition serves
as the baseline, achieving the highest performance across all
tasks. The results indicate the degradation in performance
on environmental perturbations. The performance decreases
further when certain camera views are dropped out. Overall,
DisDP demonstrates greater robustness compared to BESO-
ACT, particularly in handling object color, table color, and
background texture variations.

The results show that disentangled representations help
handle environmental changes. Even without training on these
variations, our method remained more robust. Variations in
camera pose, table texture, and lighting were the most dis-
ruptive factors, affecting the model’s spatial reasoning and
fine-grained perception. These observations address RQ3, as it
highlights how disentangled representations enable improved
generalization to environmental perturbations by preserving
task-relevant features while filtering out irrelevant variations.
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Fig. 4: Saliency maps for disentangled embeddings. In
the close box task, the shared embeddings capture the box
edges, which are crucial for task completion and visible across
different views. In contrast, the private embeddings focus on
specific details, such as robot joints and table shadows, which
contribute to task execution, while others capture unique but
less relevant scene elements.

RQ4: Does disentanglement results in more inter-
pretable latent spaces?

DisDP’s superior performance in Libero and Colosseum
shows that separating shared and private components enhances
robustness and adaptability under both normal and unreliable
camera conditions. To investigate the interpretability of the
disentangled latent space, we examine the saliency maps of the

learned shared and private representations in Figure [ using
the close-box task as an example. The shared representation
focuses on box edges, a crucial feature for proper alignment
and closure, ensuring that essential task information remains
consistent across views. This cross-view consistency allows
the model to retain key information, even when some cam-
era inputs are missing or degraded. In contrast, the private
representations capture view-specific details, such as robot
joints and table shadows, which provide additional contextual
information for precise manipulation.

V. CONCLUSION

This work introduced Disentangled Diffusion Policy
(DisDP), a method for improving robustness in IL by leverag-
ing multi-view disentanglement. By structuring sensor inputs
into shared and private representations, DisDP enhances the
model’s ability to handle sensor noise, dropouts and environ-
mental variations better. Our evaluations on The Colosseum
and Libero demonstrate that disentangled methods achieve
better performance than their baseline implementation, even
when all sensors are available.

Evaluations with noisy or unreliable sensors demonstrated

the robustness improvement through disentangled IL meth-
ods. Furthermore, disentanglement additionally provides more
robustness towards environmental changes, making models
more robust in general. The separation of private and shared
embeddings allows for visualization of the latent space
through Gradient-weighted Class Activation Mapping (Grad-
CAM) and Uniform Manifold Approximation and Projection
(UMAP). These visualizations give insight into the focus of the
model and how private and shared embeddings are separated.
Limitations of DisDP can be observed when looking at cam-
era dropout combinations. If specific combinations of cameras
are not available, disentanglement does not retain information
to complete tasks reliably. Furthermore, less cameras decrease
the efficiency of disentangled methods, because the shared
embedding has less overlap between viewpoints.
Future work will focus on improving robustness under less
modality inputs and to reduce performance loss if more then
one modality is not available. The next steps will also include
real robot experiments, to confirm the proposed method out-
side of simulation. Furthermore, including other sensor modal-
ities beside vision would be interesting and could enhance
model performance.
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