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Abstract— Collision-free motion is often aided by tactile
and proximity sensors distributed on the body of the robot
due to their resistance to occlusion as opposed to external
cameras. However, how to shape the sensor’s properties, such as
sensing coverage; type; and range, to enable avoidant behavior
remains unclear. In this work, we present a reinforcement
learning framework for whole-body collision avoidance on a
humanoid H1-2 robot and use it to characterize how sensor
properties shape learned avoidance behavior. Using dodgeball
as a benchmark task, we ablate the properties of sensors
distributed across the upper body of the robot and find
that raw proximity measurements can substitute for explicit
object localization provided the sensing range is sufficient and
that sparse non-directional proximity signals outpace dense
directional alternatives in sample efficiency.

I. INTRODUCTION

Humanoid robots operating in dynamic environments near
humans, such as walking in crowded corridors or participat-
ing in sports, require preemptive avoidance for anticipated
collisions for safe deployment [1], [2]. Whole-body artificial
skins that sense contact, as well as actionable information
near the robot for anticipating contact, are commonly used
to aid in collision prevention as opposed to external cam-
eras due to their resistance to occlusion, low observation
complexity, and egocentric placement [3]. Classical control
paradigms use constraints for how the robot should react
to signals emanating from such artificial skin [4], [5], but
learned policies using reinforcement learning (RL) use the
sensor signals themselves to learn how to react [6].

Sensors used for collision anticipation include time-of-
flight (ToF) [7]-[9], capacitive [10], and acoustic sensors
[11] that each have distinct measurement principles that limit
their sensing coverage and signal quality. Although various
iterations of whole-body sensors for collision avoidance
have been proposed, the desirable qualities of a proximity
signal for collision avoidance remains unclear. For example,
capacitive sensing skins can detect objects radially less than
20cm away with signal degradation over distance [10],
whereas ToF sensors can detect objects meters away along
a directional measurement axis in a narrow field of view
(FoV) [7]. How to shape the signals of such egocentric
sensors to act as effective observation priors that couple the
robot’s body to its environment in a way that makes reactive
behaviors more learnable remains largely unexplored.
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Fig. 1: Distributed sensors reveal information about nearby
objects, with yellow lines indicating ray sensor detections
and blue lines indicating field sensor detections.

In this work, we simulate an H1-2 humanoid robot with
distributed egocentric tactile and proximity sensors on its
upper body with a variety of sensing coverage geometries
and signal qualities to identify what type of observation
representation is desirable for learned collision compliant
control. We isolate the observation priors imposed by the
sensors as a representation bias for learning by providing
no rewards on the sensor states. Our contributions are as
follows: 1) A reinforcement learning framework that utilizes
egocentric sensors to guide collision avoidant whole-body
control on a humanoid robot, and 2) a comparison of how
sensor signals impact learned collision avoidance behavior.

II. METHODS

To characterize the effects of egocentric distributed sen-
sors, we simulate an H1-2 humanoid robot with 64 sensors
distributed on the upper-half of the robot as seen in Fig. 2]
playing an idealized form of dodgeball—a sport with the
objective to dodge incoming thrown balls.

A. Whole-Body Collision Avoidance
The policy mg(at|o;) outputs joint-level commands to
maximize the expected cumulative reward:
T
max E ZWtTt(Ota ar) | (D
t=0
where + is the discount factor and r; encodes both stability
and safety. Training is conducted using the Proximal Policy
Optimization (PPO) [12] algorithm, chosen for its robustness
and scalability to high-dimensional continuous control. The



policy outputs target joint positions g € R2!. These are
converted into motor torques 7 via a low-level PD controller:

T = Kp(qf — at) + Ka(df — dr), )

where K, and K are the proportional and derivative gains,
and ¢; is approximated by zero or finite differences. This ac-
tion formulation favors compliant, stable motion compared to
direct torque control. Next, we define the collision avoidance
task’s rewards, observations, and termination conditions.

Rewards: We formulate the reward r; as a weighted sum
of task objective (i.e. survival time) and regularization terms
(i.e. energy efficiency, posture, and drift). While the task re-
ward drives the robot to discover agile dodging maneuvers to
survive, the regularization terms are critical for suppressing
high-frequency jitter and ensuring the learned behaviors are
fluid, energy-efficient, and natural. In this work, we do not
provide rewards for maintaining clearance from the object as
to not favor a specific sensor modality.

Observations: The observation space is comprised of base
angle velocity, relative joint positions, relative joint veloci-
ties, the gravity vector projected in the base frame to estimate
torso orientation and stability, and the distributed sensor
signals. Additionally, we adopt an asymmetric actor-critic
structure [13] to enhance training stability while ensuring
deployability, where the critic is provided with a privileged
linear base velocity observation. The actor and critic are each
two-layer feedforward networks with 32 units per layer. This
fixed, low-capacity architecture was deliberately chosen so
that differences in task performance can be attributed to the
sensor morphology rather than model expressivity, treating
the body’s distributed sensing geometry as an inductive bias
that fundamentally shapes what behaviors are learnable [14].

B. Sensors

A variety of configurations of distributed tactile and prox-
imity sensors are simulated to evaluate their impacts on
collision avoidant behavior learning. For a network of S
sensors, the signal O? of sensor i at time ¢ is at a minimum
the function f; of the detected object’s shape Vi, position
pf,bj, and orientation qébj in the sensor’s reference frame:

O'(t) = fi(%bjapébj (t), Q(i)bj (t)|6:) 3)

where 6; is the set of sensor ¢’s intrinsic parameters that
describe its signal. To isolate the best intrinsic parameters
0, we retrain the policy with a variety of sensing coverage
geometries, signal types, and detection ranges.

Proximity Sensing: The simulated coverage geometries
and signal properties are sensor-agnostic abstractions in-
spired by real proximity sensors. The tested coverage ge-
ometries consist of spherical fields inspired by capacitive and
acoustic proximity sensors [10], [15] and rays inspired by
time-of-flight (ToF) proximity sensors [7]. The field sensors
return a non-directional signal if an object is within its
receptive field, whereas ray sensor return a signal if an object
intersects with its directional beam. Each ray sensor is given
an 8x8 grid of beams with 63° square diagonal field of
view (FoV) (shown in Fig. ) to emulate contemporary ToF
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Fig. 2: The colored lines connecting the ball to the robot
indicate a distance measurement from a given sensor, where
ray sensors are restricted to a set direction and field sensors
return any distance within range.

sensing works [7]. The observation space of ray sensors is
thus 2575 and the field sensor observation space is 2;,-

The tested signal functions f include perfect localization
of the object, relative distance measurements (proximity),
and binary detection. The perfect localization signal returns
the position of the ball in cartesian coordinates relative to
the robot’s center frame if any of the sensors can detect the
ball. The perfect localization signal serves as an upper bound
for training, and having multiple sensors observe the ball
with this signal function does not reveal more information
to the agent. The relative distance signal function returns
the distance of the closest point on the ball in range of the
sensor normalized by the sensor’s maximum sensing range.
The binary detection signal function returns a boolean that
is true if the ball is within range of the sensor.

The sensor positions on the robot were instantiated ran-
domly using the GenTact design pipeline [16]. The sensors
are idealized, meaning their positions on the robot are known
and there is no noise, latency, or measurement failures to test
the impacts of the desirable signal on collision avoidance
learning. Additionally, all objects besides the incoming balls
are segmented out of a sensor’s signals (including the robot
itself [9]) to isolate the spatial relationship between the robot
and incoming objects in the signal (Fig. [2).

Tactile Sensing: Although the dodgeball task is designed
to reward reactive collision free motion, we propose that
tactile sensors can be used for reward shaping through data
segmentation to identify when trajectories are collision free.
Binary contact detection tactile sensors are distributed on
each link of the robot to provide full-body coverage. When
any of the tactile sensors are activated during training, the
episodes are terminated and the agent can no longer collect
rewards for staying upright and alive.

III. RESULTS

A. Experimental Setup

At the start of each episode, a ball with a 15 cm radius
is thrown at the robot, followed by additional balls thrown
every 1-2 seconds. Balls are spawned 2-3 m above the
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