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Abstract

Large-scale imitation-learning-based visuomotor policies
have been widely used in robot manipulation, where both
visual observations and proprioceptive states are typically
adopted together for precise control. However, whether
proprioceptive state is necessary for learning robust poli-
cies remains unclear, and it can also make the policy overly
reliant on the proprioceptive state. This leads to overfitting
to training trajectories and poor spatial generalization. In
this study, we investigate the State-free Policy, removing the
proprioceptive state input completely. The State-free Pol-
icy is built in the relative end-effector action space, and
more importantly, we find that making a State-free Policy
work well requires sufficient task-relevant visual observa-
tions (ensured by dual wide-angle wrist cameras). Empir-
ical results demonstrate that the State-free Policy achieves
significantly stronger spatial generalization than the state-
based policy. Across multiple real-world tasks and robot
embodiments, the average success rate improves from 0%
to 85% in height generalization and from 6% to 64% in hor-
izontal generalization. Furthermore, it also shows advan-
tages in data efficiency and cross-embodiment adaptation,
suggesting a promising direction for building more scalable
robot learning systems in the real world.

1. Introduction

Imitation-learning-based visuomotor policies [2, 4, 7, 34,
35] have been widely used in robotic manipulation. More
recently, the rise of large-scale robot learning has demon-
strated the potential of scaling data, models, and training
pipelines to improve policy capability across diverse real-
world tasks [10, 11, 23, 27]. As robot learning systems con-
tinue to scale, an increasingly important question is not only
how to train larger models, but also what policy designs are
fundamentally easier to scale in real-world settings.

For complete information input, existing visuomotor
policies typically incorporate not only visual observations
but also the robot proprioceptive state (hereafter referred to
as state) inputs [4, 13, 26], such as end-effector poses and

joint angles. While such designs bring complete informa-

tion, whether the state is necessary for learning robust poli-

cies remains unclear. More importantly, the state can make
the policy overfitting by simply memorizing training trajec-

tories. As a result, spatial generalization [6, 15, 31, 32]

becomes severely limited, which is a crucial capability for

large-scale robotic policies.

In this study, we investigate completely removing the
state input in visuomotor policies to enhance their spatial
generalization ability, hereafter referred to as “State-free
Policies.” Such design is built upon two conditions:

* Relative end-effector (EEF) action space [8]: The vi-
suomotor policies predict relative displacements of the
end-effector based on the current observation. Among
different action spaces, the relative EEF action space most
naturally supports the spatial generalization of policies.

* Full task observation: Prior findings suggest that State-
free Policies can be suboptimal in practice [20], and we
observe a similar trend (Figure 1(a)). In this study, we
identify that the key to making State-free Policies work
well is the sufficient task-relevant visual observations,
i.e., full task observation. This enables visuomotor poli-
cies to fully “see” the objects in the task.

As shown in Figure 1(b), we ensure the full task observation

with dual wide-angle wrist-cameras (field of view 120° x

120°) mounted on the top and bottom of the end-effector,

which provides full task observation for State-free Policies
even in complex scenarios.

This mechanism of State-free Policies forces the policy
to develop a deeper understanding of the task environment
rather than simply memorizing the trajectories in training
data. Therefore, State-free Policies can achieve advantages
that state-based policies cannot provide:

» Spatial Generalization: Since State-free Policies do not
rely on the state input, they avoid overfitting to training
trajectories. Therefore, they exhibit strong height and
horizontal generalization abilities, where height refers to
variations of objects’ location in the vertical direction,
and horizontal refers to variations of location in 2D plane.

* Data efficiency: Even in in-domain settings, state-based
policies require diverse demonstrations to avoid overfit-
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(a) Spatial Generalization Performance

Conventional  Full Task
View Observation
with state input ) 4 X
without state input Strong

(b) Full Task Observation Implement

Conventional View Full Task Observation

Figure 1. (a) With relative EEF action space and full task observation, State-free Policies demonstrate improved spatial generalization
ability compared to state-based policies. (b) A key to making State-free Policies work well is to provide full task observation. In some
complex scenarios, a conventional camera setting is insufficient to provide it; therefore, here it’s ensured by dual wide-angle wrist-cameras.

ting to specific trajectories. In contrast, removing the
state input eliminates this dependence on trajectory di-
versity, allowing State-free Policies to be fine-tuned with
less demonstration data. This reduces the cost of data col-
lection, which is often a major bottleneck in deploying
real-world visuomotor policies.

¢ Cross-embodiment adaptation: Since State-free Poli-
cies rely only on visual inputs and predict actions in
the relative EEF space, they exhibit stronger cross-
embodiment adaptation ability than state-based policies.
They do not require additional adaptation to different
state spaces, so the same task can be easily adapted to
new embodiments with fewer fine-tuning steps.

We have conducted extensive experiments across a di-
verse range of tasks, robot embodiments, and policy ar-
chitectures. In both real-world and simulation environ-
ments, State-free Policies can achieve comparably great in-
domain performance to state-based policies. Most impor-
tantly, when trained on strictly collected real-world data
(i.e., the object location has a constrained initial distribu-
tion range), State-free Policies exhibit significantly stronger
spatial generalization ability than state-based policies. For
further benefits, e.g., data efficiency and cross-embodiment
adaptation ability, they also demonstrate advantages over
state-based policies, suggesting that removing the state in-
put can be a simple yet effective design choice for building
more scalable, robust, and practical robot learning systems.

2. Related Works

2.1. Visuomotor Policies

Imitation-learning-based visuomotor policies [2-5, 7, 12,
16, 18, 19, 24, 29, 33, 35, 38] have been widely adopted for
robotic manipulation, achieving remarkable performance
across diverse tasks by directly mapping the observation in-
formation to action outputs in an end-to-end manner. Re-
cent advances such as ACT (Action Chunking with Trans-
formers) [35], Diffusion Policy [7], and 7 [4] highlight the

effectiveness of combining large-scale trajectory datasets
with powerful model architectures. These policies often
adopt an action chunk mechanism [35], predicting a short
horizon of future actions at each step rather than a single
action. Such chunked action prediction better captures tem-
porally extended behaviors in manipulation and often im-
proves training stability and efficiency.

2.2. Proprioceptive State in Visuomotor Polices

A common practice in the above policies is to incorporate
proprioceptive state (hereafter referred to as state) inputs
alongside visual observations to improve the policy perfor-
mance [2,4, 7,12, 13, 26, 35]. However, whether such state
inputs are necessary for learning robust policies remains un-
clear, and they can create a shortcut for the policy: instead
of reasoning from visual cues, the policy can simply mem-
orize training trajectories tied to specific states [6, 13, 30—
32]. As a result, the policy overfits the training trajecto-
ries and cannot adapt to spatial layout changes, limiting
its spatial generalization. To address this issue, prior ef-
forts often improve the spatial generalization in either real-
world [23, 36] or simulated environments [21, 22, 25, 37]
through data-driven strategies that increase the state cover-
age and diversity. However, the high cost of real-world data
collection and the persistent sim-to-real gap in simulation
mean that neither direction reliably works in practice for
real-world deployment.

State-free Policies have been explored for use in pre-
training methods [12, 14, 38], due to their simplicity and
minimal state requirements. Despite their potential for im-
proved spatial generalization, state-free designs have not
been widely adopted for real-world robot manipulation de-
ployment [9, 20, 28]. In this study, we identify a key rea-
son: the lack of full task observation. Once full task obser-
vation is ensured, State-free Policies can match state-based
counterparts in in-domain performance, while additionally
delivering strong spatial generalization and other benefits.
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Table 1. Exploration of table height generalization, using the “Pick a pen into pen holder” task as the representative example. Applying
simple hacks on z state and noise on the state both improve the spatial generalization, indicating the state input as a bottleneck. This

motivates removing the state input. v" indicates a success rate above 90%, X indicates below 10%, and

quantitative results can be found in Appendix Section A.2 and 4.

indicates in between; the

Wrist-camera setting

Method on state simply with state

Conventional camera
z state hack

Dual wide-angle cameras

noised state  without state without state

h=80cm (In-domain) v v
h=72cm (Out-of-domain) X v
h=90cm (Out-of-domain) X v

v v v
v v
v

3. State-free Policies

3.1. Preliminary

3.1.1. Imitation-Learning-Based Visuomotor Policies

We consider visuomotor policies mapping raw observations
to low-level control actions. At time ¢, the observation is
0; € O (camera images and, typically, states), and the pol-
icy with trainable parameters 6 is defined as: my(a; | o),
where a; denotes the low-level control action. In imitation
learning [1], the policy is trained on demonstration data D
by minimizing the negative log-likelihood of actions:

Ly (0) = — Z log mg(az | o). (1

(ot,a:)€ED

During deployment, 7y takes online observations o, and
outputs the actions a;, which will be executed on the robot
to control its motion.

3.1.2. Action Representation Space

We consider two common action representation spaces: rel-
ative EEF action and relative joint-angle action.

In the relative EEF action space, the end-effector pose at
time ¢ is p; = [, q:|, where z; € R? is the Cartesian posi-
tion and ¢; € SO(3) is the orientation. The policy outputs
a relative displacement:

ar = Apy = [Azy, Agy], 2)

where Ax; and Ag; denote the Cartesian translation and
rotation. The next end-effector pose is updated by: p;1 =
p: ® Apy, where @ denotes composition of the Cartesian
translation and rotation.

In the relative joint-angle action space, the policy drives
the end-effector motion by predicting relative joint changes
Adby. In this case, the end-effector displacement depends on
both Af; and the current joint pose ,, i.e.,

Ap, = f(AQn 9t)7 3)

where f denotes the forward kinematics mapping.

3.2. Spatial Generalization Challenge of State Input

Proprioceptive states provide direct and accurate robot con-
figuration, but may act as shortcuts, where the policy di-
rectly associates the state input with the training trajecto-
ries. Consequently, the policy tends to overfit to the training
trajectories and fails to adapt to spatial layout changes.

We validate this with a real-world height generalization
evaluation as an example. Specifically, we collect “Pick a
pen into pen holder” demonstrations at a fixed 80 cm table
height (the overview is illustrated in Figure 3) and fine-tune
the 7 [4] policy using the relative EEF action space.

As shown in Table 1, state-based policies completely
fail to generalize across different table heights. However,
adding human-designed hacks (manually shifting the state
input according to table height) effectively improves the
height generalization ability, indicating that state input is
a critical factor limiting spatial generalization. At the same
time, adding random noise augmentation ([—5 cm, 5 cm])
on the state height dimension z improves height generaliza-
tion without affecting in-domain performance, which indi-
cates that state input may not be necessary. These motivate
us to consider removing the state input.

3.3. What Makes State-free Policies Work Well?

Prior findings suggest that purely state-free designs can be
difficult to deploy in real-world manipulation [20]. In this
study, we revisit this setting and identify two key conditions
that make State-free Policies work well: the relative EEF
action space and full task observation. These help State-
free Policies improve their performance and spatial general-
ization (Table 1) without requiring additional architectural
changes or costly diverse data collection.

3.3.1. Relative EEF Action Space

To study the spatial generalization, we begin by clarifying
the action space. First, we exclude all absolute actions,
where the policy predicts absolute poses. It learns fixed
mappings tied to training trajectories and thus fails to adapt
to new spatial layouts. Then, we consider two common rel-
ative action spaces: relative joint-angle and relative EEF:
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(a) Conventional §

y ~ (b) Dual wide-angle
wrlst—camer@/

wrist-cameras

End-effector
Pen
Pen holder

Figure 2. (a) Conventional wrist-camera setting. Some target ob-
jects (e.g., pen holder) may not be visible. (b) Dual wide-angle
wrist-cameras setting. It provides the full task observation even in
complex scenarios.

* Relative Joint-angle Action Space: In spatial general-
ization tasks such as height generalization, as the table
height changes, when the end-effector is at the same rel-
ative position with respect to the table, the robot receives
the same visual observations. In this case, the policy pre-
dicts the same Ad;, but the joint configurations 6, are dif-
ferent. As shown in Eq. 3, this results in different end-
effector displacements Ap,, leading to incorrect actions.

* Relative EEF Action Space: As shown in Eq. 2, the pol-
icy predicts relative end-effector motions directly from
observations. The action Ap; depends only on the ob-
servations, not on the absolute pose, so identical observa-
tions yield the same displacement regardless of absolute
robot poses. This invariance allows relative EEF actions
to naturally support spatial generalization across heights
and horizontal positions.

Since the relative EEF action space naturally supports the
spatial generalization, our State-free Policies will be built
upon this action representation space.

3.3.2. Full Task Observation

The key condition making State-free Policies work well is
full task observation. With state input, the policy can di-
rectly learn shortcut associations, such as what action to
take once the robot reaches a certain configuration, rather
than relying on visual information. In contrast, without the
state input, the policy has to make decisions entirely from
vision, which requires sufficient task-relevant visual infor-
mation, i.e., the full task observation. While in simple sce-
narios a conventional view field may be enough for the full
task observation, many real-world manipulation scenarios
are more complex; for example, in the “Pick a pen into pen
holder” task, the policy needs to see the pen holder beneath
the end-effector. This motivates us to equip the end-effector
with a broader view field for a wide range of scenarios.
Our camera system consists of an overhead camera and
wrist-cameras. In the conventional wrist-camera setting, a

single conventional-view wrist-camera is mounted on top of
the end-effector (in this study with view field 87° x 58°), as
illustrated in Figure 2(a). To achieve full task observation
even in complex scenarios, we adopt dual wide-angle wrist-
cameras (field of view 120° x 120°) mounted on the top
and bottom of the end-effector, as illustrated in Figure 2(b).
This setting expands the view and exposes the workspace
beneath the end-effector (note that in tasks with simple sce-
narios, e.g., involving a single task-relevant object, the con-
ventional wrist-camera setting can already be enough).

3.4. Summary

As shown in Table 1, in the exploration on “Pick a pen into
pen holder” task, with relative EEF action and full task ob-
servation, State-free Policies achieve comparable in-domain
performance with state-based policies while delivering im-
proved height generalization.

In the following sections, we will conduct extensive eval-
uations to validate and further analyze State-free Policies.
Meanwhile, we demonstrate their further benefits, including
higher data efficiency and better cross-embodiment adapta-
tion. In addition, we also demonstrate an interesting finding
that removing the overhead camera can further enhance the
policy’s spatial generalization ability.

4. Performance Across Various Tasks

To evaluate the performance of State-free Policies, we con-
duct extensive evaluations across various tasks. Perfor-
mances of the state-based policy and several optimizing
strategies on it can be found in Appendix Section A.2.

4.1. Setup
4.1.1. Task

Our real-world tasks include 3 “Pick & Place” tasks, a
more challenging “Fold Shirt” task, and a difficult task
“Fetch Bottle” (on a whole-body robot with torso, waist,
and leg motions controlled by a 6-dimensional torso pose
vector, representing position and orientation in the EEF
form). The detailed task descriptions are as follows:

 Pick Pen: Pick up a pen and place it into a pen holder on
the table.

* Pick Bottle: Grasp the bottle cap and remove the bottle
from the step.

e Put Lid: Pick up the lid and accurately place it on the
teacup on the table.

¢ Fold Shirt: Fold the shirt that is laid flat on the table.

* Fetch Bottle (whole-body): Open the refrigerator door,
take out the bottle, and close the refrigerator door.

As shown in Figure 3, we present the overviews of the robot

embodiments and representative tasks in our evaluations.

We also conduct evaluations in the simulation environ-
ment on the LIBERO benchmark [17], where we fine-tune
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Figure 3. Overview of our robot embodiments and representative tasks, including “Pick & Place” tasks, more challenging “Fold Shirt” and
“Fetch Bottle” task. These tasks span a wide range of robot embodiments: a 2 X 8 DoF human-like dual-arm robot, a 2 x 7 DoF dual-arm

Arx5 robotic arm system, and a 26 DoF whole-body robot.

Fixed pen
holder location

Pen
nlder
0 cm

(a) Location in training data
(in-domain)

10 cm

Pen holder i
location rangc

(b) Locations in horizontal generalization
evaluation (out-of-domain)

Figure 4. Object locations illustration in task “Pick Pen”. In train-
ing data, the pen is randomly placed within a small region and the
pen holder is fixed on the table. For horizontal generalization eval-
uation, we keep the pen location range unchanged and shift the pen
holder by 5 cm and 10 cm to compute the average success rate.

the policy separately in each suite and subsequently evalu-
ate it in the corresponding test suite.

4.1.2. Real-world Data

We employ professional data collectors to collect the real-
world demonstration data using teleoperation. Details of the
data amount can be found in Appendix Section A.1. Impor-
tantly, during data collection, we fix the table height and
limit the object locations within a constrained 2D range.
Taking the task “Pick Pen” as an example, as shown in
Figure 4, in training data, the pen holder location is fixed,
and in horizontal evaluation, we shift its location. This de-
sign ensures that the spatial generalization ability originates
from the policy itself rather than from diverse data.

4.1.3. Evaluation Metric

We evaluate the spatial generalization of visuomotor poli-
cies along two dimensions: height and horizontal gener-
alization. Each real-world evaluation consists of 30 trials,

with success counted only if the entire trajectory is com-
pleted. A trial is marked as a failure if the policy takes no
reasonable action within 30 seconds or if any action fails.

Height Generalization Evaluation The “Pick & Place”
data are collected at 80 cm table height. The height gener-
alization score is computed as the average success rate of
the total 60 trials at 72 cm and 90 cm table heights. And as
shown in Figure 3, since the Arx5 arms are fixed to the ta-
ble and the refrigerator height cannot be adjusted, the “Fold
Shirt” and “Fetch Bottle (whole-body)” tasks are not appli-
cable for height generalization evaluation.

Horizontal Generalization Evaluation In “Pick &
Place” and “Fetch Bottle (whole-body)” tasks, the tar-
get objects (pen holder, step, teacup, and refrigerator) are
shifted within 2D ranges of 5 cm and 10 cm, as illustrated
by the “Pick Pen” example in Figure 4. In the “Fold Shirt”
task, we evaluate by laterally shifting a single arm by 15
cm, as well as shifting both arms by 15 cm in opposite di-
rections. We run 30 trials for each setting (shifting objects
by 5 cm and 10 cm, shifting a single Arx5 arm and shifting
both arms). Thus, each task is evaluated with 60 trials, and
the horizontal generalization score is the average success
rate across them.

4.1.4. Model

In our main evaluations, we use 7 [4] policy, following its
released fine-tuning recipe. 7y is widely regarded as one
of the most powerful policies in the community. In addi-
tion, our detailed analysis in Section 5.3 further evaluates
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[ Normal Wrist-Cam w/ state ] Normal Wrist-Cam w/o state [__1 Dual Wide-angle Wrist-Cams w/ state [__] Dual Wide-angle Wrist-Cams w/o state

1.0 0.98

0.80

0.87
0.8 0.78 0.73
[5) 0.63
= 0.58
8 0.6 0.48
n
0.4 027 0.33 0.27 0.28
0.2
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.0

Height Gen. Horizontal Gen.
(a) Pick Pen

Height Gen.
(b) Pick Bottle

Horizontal Gen. Height Gen. Horizontal Gen.

(c) Put Lid

Figure 5. The height and horizontal generalization (written as Gen.) performances across 3 real-world “Pick & Place” tasks. With full
task observation, State-free Policies show significantly improved spatial generalization than state-based policies.

Table 2. Horizontal generalization performances across 2 chal-
lenging tasks, “Fold Shirt” and “Fetch Bottle (whole-body)”.

Fold Shirt Fetch Bottle

0.183 0.117
0.833 0.783

w/ state
w/o state

different policy architectures, including ACT [35], which
employs action chunking to model temporally extended be-
haviors, and Diffusion Policy [7], which models actions as
a distribution via diffusion dynamics. These demonstrate
that the effectiveness of State-free Policies generalizes pol-
icy model structures.

4.2. Real-world Evaluations

Here we report the spatial generalization evaluations, in-
cluding height and horizontal generalization, on 5 real-
world tasks. We report their in-domain performance and
the simulation evaluations in Appendix Section A.3.

In Figure 5, we report the height and horizontal general-
ization performance in 3 real-world “Pick & Place” tasks.
Compared to state-based policies, State-free Policies ex-
hibit significant improvement in both height and horizon-
tal generalization: taking the “Pick Pen” task as an exam-
ple, the success rate in height generalization rises from 0
to 0.98, and in horizontal generalization from 0 to 0.58.
And compared with the conventional wrist-camera setting,
the full task observation helps height generalization success
rate improve from 0.87 to 0.98, and the horizontal general-
ization from 0.27 to 0.58.

In task “Fold Shirt”, folding a shirt is difficult due to
the deformable nature of fabric which makes the folding
manipulation challenging. And task “Fetch Bottle (whole-
body)” is more challenging because the robot’s torso mo-
tions are not directly observable. As discussed in Sec-
tion 4.1.3, height generalization evaluation is not applica-
ble to these two tasks. In addition, due to hardware limita-
tions, the dual wide-angle wrist-cameras cannot be mounted
in these embodiments. In Table 2, we report the horizon-

Table 3. Spatial generalization evaluation of State-free Policies
using different action representations.

Action space  Height Gen. Horizontal Gen.
relative EEF 0.983 0.583
absolute EEF 0 0
relative joint 0 0
absolute joint 0 0

tal generalization performance on these two tasks. Even in
these 2 challenging tasks, State-free Policies still achieve
significantly stronger spatial generalization ability. More-
over, this also reflects that for simpler scenarios (i.e., with
simple task-relevant objects, even when the task motion is
challenging), the conventional wrist-camera setting can still
provide full task observation.

5. Detailed Analysis on State-free Policies

For deeper insights, we conduct more detailed analysis of
State-free Policies, examining how their behavior varies un-
der different conditions. In this section, we mainly focus on
the “Pick Pen” task as the example, which is both intuitive
and typical, making it well-suited for detailed analysis. Un-
less otherwise specified, all evaluations in this section use
the 7y policy and the relative EEF action space.

5.1. Action Representation

As discussed in Section 3.3.1, the relative EEF action space
most naturally supports the generalization ability of State-
free Policies. In this section, we evaluate alternative action
representations, including the absolute EEF, both absolute
and relative joint-angle action spaces. Evaluations are per-
formed using the dual wide-angle wrist-cameras setting, en-
suring full task observation.

As reported in Table 3, the relative EEF action space
achieves the best performance in height and horizontal gen-
eralization settings, whereas others (e.g., absolute EEF, both
absolute and relative joint-angle space) show disastrous per-
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formance in spatial generalization. These results highlight
that the relative EEF action space most naturally supports
the spatial generalization ability of State-free Policies.

5.2. Full Task Observation

Another key condition making State-free Policies work
well is full task observation. Our camera system includes
an overhead camera and wrist-cameras. As illustrated in
Figure 2, for full task observation, each end-effector is
equipped with two wide-angle wrist-cameras on the top
and bottom. By cropping image regions or masking one
of the inputs, we create different levels of task observation
to demonstrate the critical role of full task observation in
State-free Policies.

Table 4. Spatial generalization performances of State-free Policies
on different task observation levels, implemented by varying the
camera settings.

Wrist-cam  Wrist-cam  Overhead Height Horizontal

number type camera  Gen. Gen.
N/A N/A v 0.217 0.133
Single  Conventional v 0.867 0.267
Dual Conventional v 0.917 0.400
Single Wide-angle v 0.917 0.500
Dual Wide-angle v 0.983 0.583
Dual Wide-angle N/A 1.0 1.0

As reported in Table 4, the spatial generalization ability
of State-free Policies gradually improves as the field of view
expands, indicating that full task observation is important
for achieving better performance in State-free Policies.

Moreover, an interesting finding shows that even with-
out the overhead camera, the dual wide-angle wrist-cameras
alone enable the best spatial generalization. This indicates
that, in the current task, they provide completely full task
observation for the entire trajectory, while the overhead
camera is not only unnecessary but can even be harmful (we
will discuss further in Section 7).

5.3. Policy Architecture

We also evaluate different model architectures without state
input, including ACT and Diffusion Policy. All use the dual
wide-angle wrist-cameras setting for full task observation.
As reported in Table 5, the results are consistent across ar-
chitectures: State-free Policies exhibit stronger spatial gen-
eralization than state-based policies, indicating their effec-
tiveness is independent of specific policy implementations,
representing a general and universal conclusion.

6. Further Benefits of State-free Policies

In this section, we will demonstrate additional advantages
of State-free Policies, including the higher data efficiency

Table 5. Spatial generalization of policies with and without state
input, using different model structures. “DP” refers to Diffusion
Policy.

Model State Height Gen. Horizontal Gen.
v 0 0
o X 0.983 0.583
v 0 0.083
ACT X 0.933 0.517
v 0 0
DP X 0.867 0.533

and better cross-embodiment adaptation.

6.1. Higher Data Efficiency

With state, 2 epochs
—=— With state, 4 epochs

Without state, 2 epochs
Without state, 4 epochs

1.0 1.00 1.00 1.00
208
o~
2 0.6
3 0.60
8 0.4
ool 030

0.0 22 s

50 100 200 300

Number of Data Episodes

Figure 6. Evaluation success rates (in-domain) on the “Pick Pen”
task with varying amounts of fine-tuning data.

Even in in-domain settings, state-based policies require
diverse demonstrations to avoid overfitting to specific tra-
jectories, greatly raising data collection costs. While, State-
free Policies are less prone to memorizing specific tra-
jectories and can achieve comparable performance with
fewer fine-tuning data, thereby enhancing data efficiency
and practicality for their real-world deployment.

We validate this on the in-domain “Pick Pen” task with
dual wide-angle wrist-cameras for full task observation,
varying fine-tuning data to 300, 200, 100, and 50 episodes,
and measuring after 2 and 4 fine-tuning epochs. As shown
in Figure 6, reducing data leads state-based policies to over-
fit and lose success, while State-free Policies maintain much
higher performance.

6.2. Better Cross-embodiment Adaptation

We find that State-free Policies also benefit the cross-
embodiment fine-tuning. For state-based policies, cross-
embodiment adaptation requires aligning with a new state
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space, and even with EEF-based states, differences in refer-
ence frame definitions across embodiments still create gaps.
In contrast, State-free Policies avoid this issue: with simi-
lar camera setups, they only adapt to minor image shifts,
enabling more efficient cross-embodiment fine-tuning.

Table 6. Success rates in in-domain “Fold Shirt” task using the
human-like robot. Each policy is fine-tuned from its corresponding
checkpoint pre-trained on data collected using Arx5 arms.

State input Fine-tune 5k steps Fine-tune 10k steps

v 0.333 0.767
X 0.700 0.967

We validate this on the “Fold Shirt” task (in-domain set-
ting). Policies are first trained on dual-arm Arx5 (the EEF
space is in table frame) and then adapted to a human-like
dual-arm robot (the EEF space is in robot-centric frame).
We collect 100 demonstrations on the human-like robot
and fine-tune the my policy with and without state input,
each initialized from its corresponding Arx5 checkpoint.
As shown in Table 6, State-free Policies adapt much faster
across embodiments, achieving substantially higher success
rates than state-based policies under the same fine-tuning
epochs. This indicates that State-free Policies have a better
cross-embodiment ability than state-based policies.

7. Rethinking the Overhead Camera

After removing the state input, we consider the overhead
camera might be another potential bottleneck to spatial gen-
eralization. Changes in object locations can induce distri-
bution shifts in overhead camera images. This will degrade
performance in extreme cases, e.g., 100 cm table height.
In contrast, since the end-effector can move along with the
object, the wrist-camera can still capture observations con-
sistent with those in training, avoiding the out-of-domain
issues. During manipulation, the dual wide-angle wrist-
cameras can already provide full task observation, the over-
head camera may not only be unnecessary but even harmful
to the spatial generalization ability.

We evaluate this through experiments on the “Pick Pen”
task under more challenging settings:
¢ Raising the table height to 100 cm.
 Raising the pen holder to double its height, changing its

relative hieght with respect to the table.
 Shifting the pen holder 20 cm away from its position in
training data.

As reported in Table 7, State-free Policies with the over-
head camera show terrible performance across all 3 more
challenging setting. While without the overhead camera,
success rates remain consistently high, confirming that dual
wide-angle wrist-cameras alone are sufficient, while the

Table 7. Success rates with and without the overhead camera in
more challenging “Pick Pen” generalization settings, with dual
wide-angle wrist-cameras. These settings include: raising the ta-
ble height further to 100 cm, raising the pen holder to double its
height, and shiftiing the pen holder 20 cm away from its initial po-
sition.

Overhead Table height Raising pen  Shifting pen
camera 100 cm  holder height holder 20 cm
v 0 0.467 0
X 1.0 0.867 0.800

overhead view introduces harmful shifts. This finding mo-
tivates us to rethink sensor design, perhaps removing the
overhead camera, for future visuomotor policies.

8. Conclusion

In this study, we investigate the State-free Policies, re-
moving the proprioceptive state input completely. State-
free Policies are built in the relative EEF action space.
And we identify that the key to making State-free Policies
work well is the full task observation. Without state in-
put, these policies maintain perfect in-domain performance
while achieving significant improvements in spatial gener-
alization. Importantly, the benefits of State-free Policies
go beyond generalization alone. By reducing reliance on
trajectory-specific state inputs, they alleviate the need for
costly real-world data with broad state coverage and enable
more efficient cross-embodiment adaptation. These proper-
ties make State-free Policies a promising design choice for
scalable robot learning, where robustness, data efficiency,
and transferability are all critical.

Limitation

State-free Policies also remain some limitations. First,
vision-only policies might exhibit sensitivity to the back-
ground: changing the background (e.g., relocating the robot
and table) may require additional fine-tuning to restore per-
formance. And in dual-arm settings, if only one arm is used
for working, distribution shifts in the unused arm’s visual
input may occasionally lead to unexpected movements of
the unused arm.
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A. Appendix
A.1. Amount of Real-world Data

In this study, we employ professional data collectors to col-
lect the real-world demonstration data using the teleopera-
tion. For each “Pick & Place” task, 300 trajectory episodes,
around 5 hours of data, are collected.

For the other 2 challenging tasks, we do not report the
episode number, since they are long-horizon tasks and each
episode does not cover a complete task execution. For the
“Fold Task” task, around 20 hours of data are collected
(counting only the process from the flattened state to the
folded state). For the “Fetch Bottle (whole-body)” task,
around 80 hours of data are collected due to its long-horizon
nature with multiple challenging sub-skills, while the refrig-
erator position remains fixed during data collection.

A.2. Challenges With State Input

Table 8. Height generalization performance of state-based policies
under different optimization strategies.

Optimization Height generalization
w/o state 0.983

Noise augmentation 0.633
Diverse data 0.117
Task-mixed 0

LoRA fine-tune 0

In the “Pick Pen” task, we evaluate several strategies to
improve height generalization of state-based policies with
dual wide-angle wrist-cameras, including: (1) adding ran-
dom noise ([—5 cm, 5 cm]) to the height component of
the state, (2) collecting diverse data at table heights 75-84
cm (30 episodes for each 1 cm interval), (3) task-mixed
training on “Pick Pen” and “Pick Bottle”, and (4) LoRA
fine-tuning. As reported in Table 8, none of these meth-
ods yields fundamental improvement, confirming that state
inputs limit spatial generalization.

A.3. In-domain Performance

Table 9. In-domain success rates in different real-world tasks using
policies with and without state input, using dual wide-angle wrist-
cameras for full task observation.

Task name w/ state input  w/o state input
Pick Pen 1.0 1.0

Pick Bottle 1.0 1.0

Put Lid 1.0 1.0

Fold Shirt 1.0 0.967
Fetch Bottle (whole-body) 0.900 0.933

11

In this section, we will report the in-domain performance
of both state-based policies and State-free Policies in our
real-world tasks. At the same time, we also report their per-
formance on the LIBERO benchmark.

In Table 9, we report the in-domain success rates for dif-
ferent real-world tasks using policies with and without state
input, with dual wide-angle wrist-cameras. Even after re-
moving the state input, the policies still maintain compara-
ble performance on in-domain tasks, as the distribution of
visual observations remains fully consistent with training.

Table 10. Simulation evaluations on the Libero benchmark, using
policies with and without state input.

Evaluation suite ~ w/ state input ~ w/o state input

Libero Goal 0.942 0.956
Libero Object 0.964 0.962
Libero Spatial 0.968 0.976
Libero 10 0.876 0.886
Average 0.938 0.945

In the simulation environment, we compare the in-
domain performance of the m policy with and without state
input on the LIBERO benchmark. As reported in Table 10,
State-free Policies achieve performance as perfect as state-
based policies, and in some cases even surpass them.
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