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Abstract Humans train robots to complete tasks in
one environment, and expect robots to perform those
same tasks in new environments. As humans, we know
which aspects of the environment (i.e., the state) are
relevant to the task. But there are also things that do
not matter; e.g., the color of the table or the presence
of clutter in the background. Ideally, the robot’s pol-
icy learns to ignore these irrelevant state components.
Achieving this invariance improves generalization: the
robot knows not to factor irrelevant variables into its
control decisions, making the policy more robust to en-
vironment changes. In this paper we therefore propose
a self-supervised method to learn a mask which, when
multiplied by the observed state, transforms that state
into a latent representation that is biased towards rel-
evant elements. Our method — which we call Trans-
MASK — can be combined with a variety of imitation
learning frameworks (such as diffusion policies) without
any additional labels or alterations to the loss function.
To achieve this, we recognize that the learned policy
updates to better match the human’s true policy. This
true policy only depends on the relevant parts of the
state; hence, as the gradients pass back through the
learned policy and our proposed mask, they increase
the value for elements that cause the robot to better
imitate the human. We can therefore train TransMASK
at the same time as we learn the policy. By normaliz-
ing the magnitude of each row in TransMASK, we force
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the mask to align with the Jacobian of the expert pol-
icy: columns that correspond to relevant states have
large magnitudes, while columns for irrelevant states
approach zero magnitude. We compare our approach
to other methods that extract relevant states for down-
stream imitation learning. Across experiments with vi-
sual and non-visual states, we see that TransMASK re-
sults in policies that are more robust to distribution
shifts for irrelevant features. See our project website:
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1 Introduction

Imitation learning enables robots to learn tasks from of-
fline demonstrations provided by a human expert. Con-
sider teaching a robot to pick up a block and place it
at the center of the table (see Figure 1). The human
teacher guides the robot through successive states such
as reaching the block, grasping it, and placing it at the
desired location. In the demonstration, the robot re-
ceives observations of the scene recorded through cam-
eras and the actions applied by the expert. When demon-
strating the task, the human expert focuses only fea-
tures crucial for completing the task — the object, the
goal, and the robot positions. However, the robot’s ob-
servations record information about the entire scene,
capturing lighting conditions, table texture, background
objects, and other task-irrelevant features.

A policy trained using these observations inherits
this issue: it can attend to all parts of the state, includ-
ing the details a human demonstrator would ignore.
This causes the policy to become increasingly brittle.
Consider Figure 1: when deploying a policy trained with
demonstrations over a wood table for an identical task
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Fig. 1 Robot learning to pick up a green block from a cluttered environment and place it at the center of the table. (A) The
expert demonstrations are collected over a wooden table. (B) This expert’s decisions depend only on features intrinsic to the
task (e.g., green block, robot position, and target position). The robot’s observations in these demonstrations, however, record
information about the entire scene, capturing the table texture, background color, and task-irrelevant objects. (C) We assume
a disentangled state s is extracted from these high-dimensional visual observations. In this state, some elements correspond
to the task structure — positions of the green block, target, and robot, while others correspond to scene-specific factors. In
the figure, relevant elements are shown in green and scene-specific elements are shown in orange and purple. (D) Standard
imitation learning policy attends to the entire state. When this policy is deployed for the identical task in a different scene
(e.g., over a marble table), it may fail due to spurious dependencies learned during training. (E) To learn a robust policy, we
must encode the state to a representation z which masks-out task-irrelevant features. A policy that is conditioned on z is more
robust to distribution shift caused by changes in the scene that do not alter the task structure, for instance, when the task is
still to pick and place a green block but over a marble table instead of a wooden table.

on a marble table, the visual observations become out- features aversely effecting the robustness. Alternatively,
of-distribution, causing the policy to fail. a different class of literature focuses on learning min-

Our key idea is that a robust policy is one that at-  imal state representations that can extract only the
tends to the same features a human expert would. Thus, ~ most relevant information from the observations. This

we aim to design policies with structures to mask out 18 achieved by introducing a trade-off between 1) discon-
task-irrelevant information, enabling the policy to make ~ necting the latent state from the actual state (compres-

decisions using features inherent to the task (e.g., ob-  sion) and ii) ensuring the latent state can map to cor-
ject position, end-effector pose) instead of the scene(s) — Trect actions (performance). Examples of this approach
in its training data. include using variational autoencoders (VAEs) for en-

coding the images to states [5, (], training an encoder
with the Information-Bottleneck (IB) principle [7], or
adding structure to the representation space using con-
trastive learning [3,9]. However, these approaches — as
we will show empirically and theoretically — rely on an
ill-posed optimization problem that often collapses into
inaccurate state representations that lack either com-
pression or performance.

Existing works have developed a variety of methods
for extracting this relevant state. A straightforward ap-
proach augments the training data with random trans-
formations of visual observations (e.g., random crop-
ping, adding noise to the image) [I, 2]. Nevertheless,
introducing variability in the training data can degrade
in-domain performance and does not guarantee robust-
ness to large distribution shifts. Another line of work

leverages vision-language model (VLM) backbones [3,4] We therefore propose a new method for extracting
that have robust state representations due to large-scale  the correct state from observations without modifying
pretraining on diverse datasets. Despite these advan-  the optimization objective. We begin with the intu-
tages, VLMs typically require task-specific finetuning, ition that actions demonstrated by the expert are con-

which can lead to catastrophic forgetting of pretrained  ditioned only on parts of the state that are relevant to
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the task. When optimizing a standard imitation learn-
ing objective, predicted actions will correlate strongly
with these elements and weakly correlate with extrane-
ous elements. Consequently, the magnitude of gradients
associated with action-relevant elements will be larger.
Building on this intuition, we hypothesize that:

Magnitude of policy Jacobian can be a proxy for causal
relevance.

Put simply, we can exploit the gradients to identify and
preserve the components of state that matter for con-
trol. This prevents the robot policy from learning spu-
rious correlations between states and actions. In order
to ensure that the state space is structured, we assume
that the robot state is disentangled and can be decom-
posed into relevant and irrelevant elements. For exam-
ple, the first k elements of the state could represent the
location of the block and the robot". Despite the addi-
tional structure imposed on the state space, the individ-
ual states can still contain environmental noise which
can lead to causal confusion. In our running example,
if the environment has other blocks in addition to the
green one, the policy can incorrectly map the position
of these “distractors” to the action. Consequently, a
change in the position of any of these extra blocks can
cause the state to go out-of-distribution even when the
green block is not moved.

Applying this insight we derive TransMASK, a method

that can extract relevant information from the state
without additional supervision. TransMASK relies on
the underlying optimization scheme of imitation learn-
ing and utilizes its gradients to learn a transformation
matrix. This matrix transforms the robot’s state into a
representation which preserves elements important for
action prediction while suppressing the rest. Our ap-
proach is a step towards robots that learn robust poli-
cies from human demonstrations, and can apply their
policies to new testing environments.
Overall, we make the following contributions:

Identifying Why Existing Approaches Fail. We
show how — in imitation learning settings — current
approaches for state representations are ill-posed. i)
These methods rely on a non-convex optimization that
often gets stuck in local minima, ii) even when solved,
the latent state can collapse to be just an action rep-
resentation, iii) there are hyperparameters which are
non-trivial to tune for achieving efficient trade-offs.

1 We clarify that obtaining such disentangled features for
our method does not require additional domain knowledge.
As we will show later in our experiments, segmentation masks
for all objects present in the scene can satisfy this assump-
tion without the need for additional information from the de-
signer, since the object labels can be simply obtained from a
pretrained vision language model without needing finetuning.

Deriving TransMASK. We specifically focus on set-
tings where the state is disentangled into relevant and
irrelevant elements. Within this setting we develop a
state representation method that naturally learns a rep-
resentation z of the relevant state while purely optimiz-
ing for performance. Our approach is linked to attention
networks, and we harness the properties of the policy
Jacobian to reach our proposed approach.

Comparing to Baselines. We compare our approach
to state-of-the-art representation baselines across a va-
riety of simulated and real-world environments with
visual as well as privileged state information. Trans-
MASK achieves up to 15% higher performance than
the next best baseline when tested in settings without
distribution shift and approximately 9% higher success
under environmental perturbations.

2 Related Works

Robust Imitation Learning. Imitation learning has
advanced rapidly in recent years, driven by the develop-
ment of expressive architectures such as diffusion poli-
cies [10] and transformer-based policies [11]. Despite
these successes, deploying imitation learning policies in
scenarios that differ from the training distribution (e.g.,
different object locations, clutter, or visual features) re-
mains an open challenge [12, 13]. Several works have
attempted to address this challenge and make policies
robust to distribution shift, out-of-distribution observa-
tions, or noisy observations. Broadly, these works focus
on two distinct approaches to achieve robustness: one
set of methods focus on the training data while another
focuses on the training procedure.

Data curation and diversification: The first class of
methods focus on structuring the demonstration dataset
so that the learned policy attends to the most relevant
aspects of the state space. A straightforward strategy
is to collect datasets while ensuring data diversity to
improve robustness [14, 15]. However, in many prac-
tical settings, we may have limited control over data
collection, since it is common to use readily available
datasets such as [16,17]. Therefore, several approaches
aim to re-balance the given dataset to learn diverse be-
haviors reliably [18, 19]. Other works improve general-
ization through domain randomization [1, 2], exposing
the policy to variations in the observations during train-
ing. Alternatively, we can augment the available dataset
with auxiliary data to improve robustness of the trained
policy. For example, [20,21] leverage auxiliary datasets
alongside optimal data to improve performance, [22,23]
learn a dynamics model from expert data and use it to
generate additional synthetic demonstrations, and [24]
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uses NERF [25] to generate high- delity observations
from noisy states to augment the expert dataset.

Adversarial BC: The second class of methods modi-
es the training pipeline to enhance robustness. This is
typically achieved through adversarial training which
improves model robustness by minimizing the predic-
tion loss under worst-case perturbations of the input.
In the context of imitation learning this is formulated
as a generative adversarial game in which the policy is
trained jointly with a discriminator that distinguishes
between expert trajectories and those generated by the
policy. The most prominent works in this domain in-
clude GAIL [26] and f-GAIL [27], while other works
have extended this idea to achieve better sample ef-
ciency and performance [28{31]. Adversarial training
has also been extended to di usion policies to further
improve generalization [32].

While these approaches in imitation learning have
been shown to improve performance and robustness,
they do not address the more fundamental problem: we
should condition the policy only on the relevant parts of
the state. Data curation approaches can have computa-
tional overheads related to generating additional data
or nding the right balance for the demonstration's
prior to training the policy. Some of these methods
rely on a human expert for labeling the dataset which
can be time consuming. Adversarial training can of-
ten introduce instability in optimization, requiring pre-
cisely tuning the discriminator, and is often unsuitable
for high-dimensional inputs such as visual observations.
Additionally, variants of GAIL are sample-ine cient as
they handle distributional shift by interacting with the
environment.

State Representations. There are various works that
explicitly focus on extracting relevant information about
the task to achieve robust performance by encoding
the observations to a structured representation space.
Recent advances in object-centric representations, such
as VIMA [33] and Transporter Nets [34], decompose
the scene into object tokens using segmentation. While
this has shown to improve spatial reasoning, they at-
tend to all discovered entities equally. A more general
approach requires compressing the input by retaining
only critical information from the state and discarding
redundant or unnecessary features. Contrastive learn-
ing, which optimizes the latent representation space by
minimizing the distance between semantically similar
samples while maximizing the distance between dis-
similar samples, has emerged as a viable solution to
this problem. In imitation learning, contrastive loss is
leveraged to learn representations that are robust to
variations in visual observations [8, 9, 35]. While [35]
uses auxiliary static observations of the robot along-

side demonstrations and identify positive and negative
pairs using temporal proximity of the observations, [&]
uses action sequence similarity to identify positive and
negative pairs.

However, a contrastive approach typically requires
comparing each representation with many negative ex-
amples to prevent representation collapse. An alterna-
tive is to use the Bootstrap Your Own Latent (BYOL)
objective [36] to learn invariant state representation
from image observations as in [37]. A simpler approach
is to leverage self-supervised training using variational
autoencoder (VAE) for extracting representations. For
example, [38,39] use VAE to extract motion primitives
from robot trajectories; and [5,6,40] use VAE to extract
better state representations from image observations.

Learning state representation has also been viewed
from an information theoretic perspective, where mu-
tual information can eliminate redundancy in the learned
representations. Speci cally, research has examined the
use of the Information Bottleneck (IB) principle [7]
for deep representation learning, demonstrating that
IB can make latent representations invariant to irrel-
evant parts of the inputs [41, 42]. This principle has
also been leveraged for learning task-relevant state rep-
resentations for robust imitation learning [43].

Despite their success, there are limitations to these
approaches. First, contrastive learning requires iden-
tifying positive and negative samples in the demon-
strations which requires additional domain knowledge.
Training can also be unstable in contrastive learning re-
sulting in representation collapse. Further, approaches
like VAEs can encode high-dimensional visual observa-
tions to a structured representation space, but they do
not explicitly aim to retain only task-relevant informa-
tion. Finally, while the IB seeks to compress the state,
in the context of imitation learning, it often lacks an
explicit supervision signal to distinguish between nui-
sance factors and features important for task comple-
tion. Later in the text, we will provide a detailed discus-
sion on why the IB objective is ill-posed for imitation
learning applications. In contrast, TransMASK extracts
task-relevant features as a byproduct of the imitation
learning gradient ow, alleviating the need for addi-
tional data or modifying the training pipeline and the
objective function for optimization.

3 Problem Statement

We consider o ine imitation learning settings. Within

these settings, the robot is given a xed dataset of
demonstrations. In each demonstration a human expert
teleoperates the robot through instances of the desired
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task. Based on these examples the robot learns a con-
trol policy that can robustly perform the demonstrated
task across a variety of initial states. In particular, the
learned control policy should be robust to changes in
the scene that do not alter the task (e.g., if the color
of a table changes, or if clutter is added to the back-
ground). We speci cally focus on settings where the

state is disentangled. There are some elements of the

state that are relevant to the expert's control decisions,
while other state elements are irrelevant noise that do
not impact how the expert behaves. To separate the
relevant and irrelevant state elements, we introduce a
latent state representation z 2 RY.

Dataset. Each demonstration consists of a sequence of
tuples =f(x %;1%;ab); ;(x%;1tal)g where x 2 R™
is the proprioceptive state (e.g., joint angles), a 2 R"
is the applied action (e.g., joint velocities), and | is the
robot's observation (e.g., images captured from onboard
and/or static camera(s)). Overall, the dataset includes
a few demonstrations for the desired task. In our set-
tings, we consider state s 2 R which includes the pro-
prioceptive states x as well as features encoded from
image observations I, i.e.,, s = [x; (I)] using visual
encoder . For every state in the dataset, the human
expert labels what action the robot should take in order
to complete their desired task.

Human. The expert's policy , which they use to pro-
vide demonstrations, only considers task-relevant fea-
tures and is not inuenced by scene-specic compo-
nents. For example, when demonstrating how to pick
up a block, the human only focuses on the block's lo-
cation and the robot's location relative to the block.
Their decisions are not inuenced by texture of the
table, lighting conditions, or the presence of clutter.
However, the state s that the robot records when the
human is demonstrating the task includes all the infor-
mation from the scene.

Disentangled State. In our problem setting, we as-
sume that the state vector s is disentangled and can be
separated into two components:
Si2 ors;?2 Q)
Here 2 R are the relevant elements of the state
that the human expert uses to make their control deci-
sions. Returning to our running example, could con-
tain the location of the block. The remaining state el-
ements 2 R"* are irrelevant to the expert's control

2 provided that such clutter does not interfere with grasp
feasibility. In our setting, clutter is treated as a potential
source of spurious correlation or causal confusion, rather than
an obstruction to manipulation.

decisions, and can be treated as extraneous informa-
tion. For example, perhaps includes the color of the
table or the location of background objects.

We emphasize that the disentanglement of state s is
fundamental to our proposed approach. We argue that
this sort of separation is often inherent to the learn-
ing context (e.g., humans only focus on a few relevant
features when making decisions [44]). However, we rec-
ognize that the state s that the robot extracts from the
scene may not align with these disentangled represen-
tations, and we will test the limits of this assumption
in our experiments.

Latent State. Since the state s can contain irrele-
vant information, we do not want our robot learner to
make decisions based on every aspect of this state. To
make the policy robust, it should focus only on task-
speci ¢ information . However, we do not know which
elements of the state constitute and which elements
constitute . Therefore, we seek to learn a state rep-
resentation z 2 R" that only encodes the elements of
s that strongly correlate with the expert's demonstra-
tions. We instantiate this encoding as a state mapping
z = f(s). Ideally, we want to optimize the following

objective:

h i
f 2argmin Es;p H(jf (s)) H(jf  (s)) )
Here H(a j b) is the conditional entropy (i.e., the un-
certainty) over variable a given variable b [45], and f
is parameterized by weights . Intuitively, if and z
are correlated, then H( j z) ! O because we can
determine exactly what is after z = f(s) is mea-
sured. Conversely, if and z are uncorrelated, then
H( j z) ! H() because z does not provide any in-
formation about . Overall, Equation (2) formalizes the
type of state mapping f we want to achieve | the state
mapping should extract from s while disregarding .
However, we cannot directly implement Equation (2)
because the robot does not know which state elements
are relevant or irrelevant a priori. Our approach will
aim to optimize this objective implicitly using the su-
pervision available in the imitation learning loss.

Policy. Using the o ine dataset D and the state map-
ping f , the robot learns a control policy that auto-
mates the demonstrated task. Let a = () be the
expert policy that outputs the correct action a for each
state s. We seek to imitate this expert policy through
a compositional approach: rst, the state mapping z =
f (s) encodes the latent state, and second, our learned
policy a = (z) maps that latent state into robot ac-
tions. We write our overall policyasa=  (f (s)) with
model weights and . Our objective is for this com-
positional policy to achieve two things. To learn per-
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formant behaviors, the actions a = (z) should match

the expert's demonstrated actions across dataset D. To

increase robustness to environmental variations, the la-

tent z = f (s) should retain task-relevant information
and discard extraneous elements .

4 TransMASK

We want the robot to learn tasks from human demon-
stration and generalize to unseen contexts. As previ-
ously discussed, only the task relevant features are fac-
tored into the expert's decision making, and a robust
robot policy should only be conditioned on these as-
pects of the state . To extract , we propose a method
to learn state representations z = f(s) that ful Il two
desired characteristics | it must retain information
from s that enables the policy to match the actions
demonstrated by the human, while removing informa-
tion that does not relate to the task structure. In
this section, we start by demonstrating how standard
approaches for learning latent representations | such
as autoencoders | are poorly designed for this objec-
tive (Section ). Next, we analyze the Jacobian of
the expert policy to determine the characteristics of an
e ective state representation (Section 4.2). Finally, we
derive our proposed framework for learning z, and prove
that this approach addresses the issues with standard
representation techniques (Section 4.3).

4.1 State Representation and Collapse

In Equation (2) we present an objective that can be
optimized to learn a state representation z which only
extracts task-critical information from the state while
excluding unimportant information. As mentioned ear-
lier, we cannot directly optimize this objective because
the relevant and irrelevant parts of the state are not
known a priori. However, we know that while demon-
strating the task, the human expert's actions are not
in uenced by some parts of the state. Taking this into
consideration, we can reformulate the objective from an
information theoretic perspective and use mutual infor-
mation to quantify the relevance of the elements in the
state. Specically, we can rewrite the objective from
Equation (2) in terms of state s, action a, and state
representation z where we want to maximize 1(f(s); a)
and minimize I(s;f(s)). Here, I(A;B) is the mutual
information between A and B, measuring the amount
of information gained about one random variable by
knowing the other. The commonly used framework in
previous literature for such an objective is the Informa-

tion Bottleneck (IB) principle [7]:

L=1I(s;2) I(z;a)
=H(ajz) H(sjz) 3)
We derive the second step by using the de nition of
mutual information I(A;B) = H(A) H(A j B), and
z = f(s). Equivalently, the loss can be re-written as:

2) (4)

This objective can be broken down into two loss func-
tions | a performance loss function that encourages
the model output to match the expert dataset and a
regularization loss that serves to disconnect z from s.
Together these terms can ensure that the state repre-
sentation only extracts the information from s which is
necessary for accurately predicting the expert action.
Di erent approaches utilize di erent regularization: for
example, [43] estimates the mutual information 1(z; s)
to learn reliable robot policies, while others such as [46]
use a VAE to constrain the representation space to
be close to a unit Normal distribution. However, this
framework is ill-posed due to four fundamental issues.

First, this type of objective with both a minimiz-
ing and a maximizing term is tricky to optimize due to
the presence of multiple optima as well as the instabil-
ity introduced by the conicting terms. Second, these
methods require the designer to choose \by hand" to
balance the loss terms, and this heuristic tuning can
be challenging. If we decrease too much, then we
are overly focused on performance, and may learn a
latent state z that matches the original state s, which
is counter to our goal of extracting only relevant infor-
mation from s. By contrast, if we increase too much,
then we are overly focused on compression, and may
learn a latent z that is completely separated from s
| harming our ability to actually learn and perform
the task. Third, estimating the mutual information be-
tween s and z can be intractable for most applications.
Finally, when applied to imitation learning contexts,
these structures allow z to collapse into an action rep-
resentation rather than a state representation.

To demonstrate this collapse, consider a simple net-
work architecture with an encoder that maps s to z
and a policy which maps z to a. The architecture can
be trained by optimizing the reconstruction loss on ac-
tion a. This simple architecture is a straightforward, al-
beit naive, approach to implementing the optimization
scheme presented above. In this simple case, z could
simply be a su cient encoding for reconstructing the
action accurately, but it may not necessarily extract rel-
evant information from s. Put simply, z learns a latent
space that is an action representation and not a state

maxH(sjz) subjectto Dk (
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representation. This issue arises because the optimiza-
tion scheme of VAEs does not explicitly incentivize it to
encode state information, rather it forces the decoder
to predict the action given a latent representation. As a
result, the latent space can collapse into a minimal suf-
cient statistic of s for predicting a. This may exclude
semantic information from the visual observations, such
as task object, goal location, and even the distractors.

One way to force z to be a representation of the state
is to add a decoder that maps z back to the state s, i.e.,
a typical autoencoder. This structure does prevent the
representation collapse described above. However, the
latent space learned by this autoencoder embeds all the
elements of s | relevant as well as irrelevant . In-
deed, if the irrelevant features uctuate more across the
dataset than the relevant features, then z is likely to em-
phasize these irrelevant features in order to accurately
reconstruct s, again leading to failure.

4.2 Jacobian of the Expert Policy

Instead of using the ill-posed optimization of the 1B
principle for imitation learning, we intend to optimize
for performance alone and utilize the underlying gra-
dient structure to extract a compact representation of
the state. We start by taking a closer look at the ex-
pert policy (s). Remember, in our problem settings
we assume that the state s = (; ) is composed of rel-
evant and irrelevant elements, and these elements are
disentangled, i.e., and are mutually exclusive and

exhaustive (\ =;, [ =s). With this in mind,
consider the Jacobian of the expert policy:
rs (s) (5)

This Jacobian is a m n matrix, where m is the di-
mension of the action a and n is the dimension of the
state s. The columns of this matrix indicate the im-
pact of the corresponding element of the state on the
robot's actions, or in other words, the sensitivity of the
action to the corresponding element of state. For exam-
ple, the rst column indicates how the rst element of

s aects each dimension of a. Since the expert's deci-
sions are not in uenced by the irrelevant elements of s,
the column i of the Jacobian corresponding to $ 2
will be all zeros. In contrast, the columns j of the Jaco-
bian corresponding to § 2 will have non-zero values
since these elements a ect the expert's actions. Overall,
rs (s) will be a sparse matrix such that the states
that contain purely irrelevant information are in the
null space of the Jacobian. In the next subsection, we
discuss how we can leverage this property of the Ja-
cobian in learning a state representation that extracts
only the relevant information from the state.

4.3 Deriving TransMASK

Following our discussion about the pitfalls of the IB
objective and the Jacobian of the expert actions, we
now discuss how we can learn a correct state represen-
tation. The fundamental problem with the IB objective
arises due to con icting objectives | performance and
regularization. We aim to eliminate the regularization
loss term from the objective. As the Jacobian of the ac-
tion emerges naturally when optimizing the imitation
learning objective (performance term), we can leverage
the Jacobian to learn a state representation without
the need for regularization. To this end, we de ne state
representation z as an a ne transformation of state s:

z=Ms

(6)

where M is a n n square matrix. We will refer to M

as a mask, since it can mask-out or remove elements
of s from the resulting z. Indeed, each element of z
here is a linear combination of the state elements, i.e.,
Zi=Mjsi+:::+M jp s,. Selecting z = Ms, where M

is a constant matrix, ensures that the state representa-
tion maintains a correlation with the state and does not
collapse into an action representation. This also elim-
inates the need for estimating the mutual information
between s and z, which is often intractable. Further,
as we will show later, the regularization loss emerges
naturally as part of the training and the structure of
the model. Now, we only need a performance loss to
encourage the model to predict accurate actions given
a state. The natural choice is the MSE loss which is
commonly used in behavior cloning:

L(;M)= %k (Ms) ak 2 (7)

(s;a)2D

Since the matrix M is constant, we parameterize it with
a learnable parameter . The state s, which can be priv-
ileged information (i.e., exact location of the objects)
or disentangled features obtained from image observa-
tions, is transformed into a representation z according
to Equation (6). As a result, our approach is versatile
because the mask can be easily appended to any exist-
ing IL policy without augmenting the training process
or the loss function. We show later in our experiments
that this enables the network to learn a mask that only
focuses on parts of the state that relate to the task
structure while removing the unimportant elements
. Our method is summarized in Figure

To demonstrate how the Jacobian can naturally learn
such a mask, we take the gradient of our loss in Equa-
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Fig. 2 Schematic diagram of TransMASK. The visual observations from the static and robot-mounted (ego) cameras are
encoded to a disentangled state vector s. We introduce a mask encoder that outputs a constant mask M of shape n n, where

n is the dimension of s. This mask is a sparse matrix in which the columns that correspond to task-irrelevant elements of

s are close to zero. Therefore, when we compute the representation z by transforming the state with M, it only retains the
elements critical for accurately predicting actions. For example, if element i of s is not important for action prediction, the i
column of M contains all zeros. Consequently, the matrix product Ms eliminates s ; from z. The robot policy is conditioned
on z rather than the entire state to achieve robustness.

th

Fig. 3 Overview of how the mask is learned. (Left) The mask encoder is a small fully-connected neural network that inputs

a l-vector of size k (1x =[1;1; ;1] 2 R ¥) and outputs a matrix M 2 R "M . This matrix is used to transform the state
s 2 R" into a representation z = Ms. Since the expert's actions when providing demonstrations are only in uenced by the
task-relevant features in the environment, the columns of the Jacobian of the expert policy corresponding to the irrelevant
elements in the state will be near-zero magnitude as discussed in Section 4.2. (Right) When training the robot policy, as the loss
converges the Jacobian of the robot's learned policy changes the rows of M until the values start weighting the task-relevant

elements more than the irrelevant ones.

tion (7) with respect to the mask weights :

L _ ((Ms) a) 2

_ L (Ms) z M
" (Ms) z M
=(Ms)a " JzsJIM (8)

Here, we drop the subscripts denoting parameterization
for simplicity. The dimension of the Jacobian depends
on the architecture of the mask. If M is a learnable pa-
rameter matrix 2R "" | the Jacobian simpli es to an
n n matrix. On the other hand, if M is the output of

a neural network with parameters , the Jacobian be-
comes a matrix of shape n n p, where p is the input
dimension of the network. In both cases, the Jacobian's
structure dictates which elements of the state s in u-

ence the action. Since the Jacobian of the expert policy
is a sparse matrix, we aim to learn with the same
sparsity. This ensures that the model remains invariant
to environmental nuisances ().

Intuitively, when the policy and mask are jointly
trained to match the expert policy, the optimization
scheme naturally separates the state elements. Task-
relevant elements (s 2 ) yield higher magnitude gra-
dients, as they are critical for minimizing the error be-
tween predicted actions and expert actions. In contrast,
unimportant elements (s; 2 ) yield lower magnitude
gradients, as the expert actions are not in uenced by
these values. Consequently, the parameter updates
to produce M that emphasizes the correct elements in
s while suppressing the rest. To prevent the mask el-
ements from becoming unbounded and disproportion-
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