2026 IEEE International Conference on Robotics and Automation (ICRA 2026)

June 1-5, 2026. Vienna, Austria

Learning Visuomotor Policy for Multi-Robot Laser Tag Game
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Abstract—In this paper, we study multi-robot laser tag,
a simplified yet practical shooting-game-style task. Classic
modular approaches on these tasks face challenges such as
limited observability and reliance on depth mapping and inter-
robot communication. To overcome these issues, we present
an end-to-end visuomotor policy that maps images directly to
robot actions. We train a high-performing teacher policy with
multi-agent reinforcement learning and distill its knowledge
into a vision-based student policy. Technical designs, including
a permutation-invariant feature extractor and depth-heatmap
input, improve performance over standard architectures. Our
policy outperforms classic methods by 16.7% in hitting accu-
racy and 6% in collision avoidance, and is successfully deployed
on real robots. Code will be released publicly®.

I. INTRODUCTION

In this paper, we study multi-robot laser tag using an end-
to-end visuomotor policy. The laser tag game originated as
a recreational activity in which laser beams are used as sim-
ulated bullets to mimic gunfights. It has gained widespread
popularity as a form of entertainment, both in physical arenas
and in video games, due to its safety, competitive nature, and
engaging gameplay. In the robotics community, shooting-
based combat games are also used as dynamic competitive
platforms to test the robustness of algorithms and system
designs. A notable example is the ICRA AI Challenge, which
adopted the DJI RoboMaster combat game as its competition
platform from 2017 to 2019 [1]. In this autonomous con-
frontation, two teams of mobile robots engage in battle by
firing lasers or projectiles at the opponents. Success requires
robots to coordinate strategically, accomplish designated ob-
jectives, outmaneuver opponents, and ultimately outperform
the rival team in scoring. In this paper, we adopt laser tag
as the setting for robot shooting combat.

Beyond its recreational and educational value, the algorith-
mic components of robot laser tag, such as object detection,
enemy state estimation, autonomous aiming, planning, and
control, have broad applicability in real-world robotic tasks,
such as the capture or interception of malicious drones
[2], [3]. While classic algorithms for shooting-game-style
tasks often follow a modular design, they face the following
challenges. First, enemy state estimation is a critical com-
ponent in the classic shooting game pipeline [2], [3]. When
estimating an adversary’s state (e.g. relative position and
velocity) from monocular vision, accurate results typically
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Fig. 1: Illustration of the multi-robot laser tag game. The laser
beams shown are virtual for visualization purposes.

require the robot to follow specific motion patterns that sat-
isfy observability conditions [4], [S]. When these conditions
are not met, and combined with the presence of observation
noise, the resulting estimates become unreliable, which in
turn degrades the overall performance of shooting accuracy.
Second, for obstacle avoidance during the game, some works
[6], [7] depend on global localization as the policy input,
which may not be available in real-world settings. Other
works [3], [8], [9] regarding similar tasks with onboard
sensors require depth-sensor-based mapping for perception
and obstacle-avoidance planning, adding the hardware cost
and system complexity. Third, in the multi-robot scenario,
previous work [2] relies on inter-robot communication to
cooperate to complete the shooting or capture task. This
dependency limits the scalability and efficiency of the multi-
robot system.

Rethinking from a first-principle’s perspective, since hu-
mans can play first-person shooting (FPS) games cooper-
atively, without relying on explicit state estimation, global
localization, depth-sensor-based mapping, or mutual commu-
nication, robots should adopt a similar approach, relying
solely on vision and proprioceptive states to generate actions
and accomplish the task. The end-to-end visuomotor policy
[10]-[12] directly maps images to actions, which exactly
follows the human behavior pattern.

To address the aforementioned challenges, we present
a multi-robot laser tag system driven by an end-to-end
visuomotor policy. We adopt privileged learning [13] to train
the policy: a state-based teacher policy is first trained using
multi-agent reinforcement learning (MARL), and a vision-
based student policy is then distilled from the teacher’s
demonstrations. We validate our approach through experi-
ments in both simulation and real-world environments. The
main contributions of this paper are as follows:

1) We present a decentralized, end-to-end visuomotor
policy for autonomous multi-robot laser tag game, which
operates without explicit state estimation, global localization,
wireless communication, or depth-sensor-based mapping.
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2) Compared with classic modular approaches for
shooting-game-style tasks, our method improves the hit score
by up to 16.7% and reduces the collision rate by 6%,
by eliminating the inaccuracies introduced by enemy state
estimation.

3) Technical designs such as the permutation-invariant fea-
ture extractor and depth-heatmap input improve performance
over standard baseline architectures.

4) We deploy the proposed policy on a real-world multi-
robot system with limited onboard computational resources,
demonstrating its practicality and effectiveness.

II. RELATED WORKS

Shooting-game-style tasks can be found in many robotic
applications such as malicious drone capture and intercep-
tion [2], [3]. Classic modular algorithms for autonomous
shooting-game-style tasks include detection, state estimation,
planning and control [2], [3]. In the RoboMaster competition
[1], enemy detection and state estimation is commonly
achieved by using specially designed visual markers. While
effective in the competition setting, this approach has limited
applicability, as it relies on artificially designed markers that
must be physically attached to the robots.

For markerless enemy detection and state estimation, the
common approach is to use image bounding box detections
and the corresponding relative position information [4], [14].
To improve estimation accuracy, works such as [4], [5], [15]
analyze the motion patterns required for the pursuer to make
the enemy’s state observable from monocular cameras, in
both single [4], [5] and multi-robot [15] settings. However,
in practice, the adversarial behavior of the enemy makes
these conditions difficult to satisfy. For the planning and
control module, some works [6], [7] adopts MARL and rely
on global localization as the input of the policy to pursue
enemies while avoiding obstacles. However, these methods
become impractical when global localization is unavailable,
for example under motion tracking system or satellite signal
denial. The work in [16] employs onboard sensing to pursue
enemies in open space, but does not account for obstacle
avoidance. Moreover, it depends on depth sensors for enemy
detection and state estimation. Other works [3], [8], [9],
[17] leverage depth sensors for perception, mapping or
planning. Notably, the work in [18] employs MARL with
LiDAR observations for physical robot adversarial games.
While effective, depth sensors substantially increase system
complexity and hardware cost, posing significant challenges
for low-cost and lightweight robotic platforms.

To overcome the limitations of classical modular pipelines
in shooting-game-style tasks, we adopt a monocular visuo-
motor policy for laser tag games, enabling end-to-end deci-
sion making without relying on depth-based environmental
mapping, explicit state estimation, or trajectory planning.
Distinct from prior MARL and onboard end-to-end ap-
proaches, our method targets fully decentralized adversarial
interactions under partial observability, using only onboard
monocular vision, which improves system simplicity and
real-world deployability.

III. PROPOSED METHOD
A. Problem Formulation

The goal of this work is to learn a policy 7 that directly
maps image observations to control commands, and deployed
on a decentralized multi-robot system to complete the laser
tag game. The policy 7 is formulated as a® = 7(h'), where
the observation input h? at time ¢ is the embedding from a
time series of IV image observations, and the action a’ is the
robot’s velocity command. For the laser tag game, the robots
are divided into two teams. We refer to the robots in Team I
as allies and those in Team II as enemies, and use these terms
consistently throughout the paper. The objective of Team I
(allies) is to locate and shoot the robots of Team II (enemies)
using onboard laser emitters, while the objective of Team II
is to escape from the attacks of Team I. Robots from both
teams must avoid collisions with obstacles and other robots,
and allies must also avoid accidentally shooting teammates.
Robots in Team I and Team II are adversary and employ
adversary policies.

B. Overview

To learn the visuomotor policy for the laser tag game, we
choose the privileged imitation learning [13]. The privileged
imitation learning first learns a state-based teacher policy
with privileged states. Then, the state-based teacher policy
is distilled into a vision-based student policy. Here, state-
based means the inputs of the teacher policy is the state
information, such as the relative position of the obstacles or
adversary robots. The motivations of this design choice are as
follows. Direct vision-based reinforcement learning suffers
from low sample efficiency due to the high-dimensional pixel
space and its trial-and-error nature. In contrast, vision-based
imitation learning is popular for visuomotor policies due
to its higher sample efficiency and straightforward form.
The privileged-state-based teacher policy can serve as a
data generator for imitation learning. Since our task is a
multi-robot laser tag game, and reinforcement learning has
demonstrated impressive results in robot games like drone
racing [10], [11], we use MARL with privileged states to
train the teacher policy.

C. Teacher Policy via Multi-Agent Reinforcement Learning

State and Action Space. The teacher policy maps state
inputs to control commands. The state of the i-th robot at
time ¢ is defined as s} = [pL, p’, pl, pl], where p! denotes
the relative positions of the K nearest obstacles, pg the
relative positions of the K nearest teammates, p’, the relative
position of the opponents, and p! = [z!,yL, !] the robot’s
own state (global 2D position and heading). All relative
positions are expressed in the local coordinate frame of the
robot. To ensure a fixed input dimension regardless of the
number of teammates or obstacles, we adopt a K-nearest
selection strategy to construct the state vector. The action
space is a 3-dimensional vector, aj = [v},v],w'], where
[vl.,vy] is the linear velocity and w’ is the angular velocity.

Feature Extractor. As shown in Fig. 2, the raw state
is embedded by a feature extractor before being sent into
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Fig. 2: This figure shows the pipeline of our method. The teacher policy takes privileged states and outputs velocity command, and is
trained with MARL. The student policy takes a time series of images and outputs velocity command. The student policy imitates the
action output of the teacher and is deployed onboard. Shape of each tensor in the policy is shown. N denotes the number of historical

images used for the recurrent module. DATV2 is the monocular depth estimation method Depth Anything v2 [19].
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Fig. 3: Structure of the feature extractor of the teacher policy.
Opponent, obstacle and teammate states are encoded with self-
attention and summation pooling. Each entity token (White circle)
in the figure represents one embedded instance of the obstacle or
neighbor robot.

the action network. Fig. 3 shows the architecture of the
feature extractor. Notably, the state/action space and the
feature extractor are agnostic to whether a robot is an ally
or an enemy. We choose self-attention [20] as the core
component for the feature extractor, since it has shown
improved performance over other forms of feature extractors
in MARL [6], [7], due to its strong representation power
of mutual relation. Each individual part of the raw state is
first encoded by a multi-layer perceptron (MLP), and the
resulting embeddings are concatenated and passed through a
self-attention layer as the key, query and value. The output
of the self-attention layer is,

Z = Attention(X, X, X) € REXMxF (h

where X is the concatenated input embeddings, B is the
batch size, M is the number of embedded obstacle or robot
tokens, and F' is the feature dimension. To obtain a fused
embedding, a weighted summation pooling is applied along

the embedded token axis:
M

z=MLP(> a

i=1

-Z;) € REX, )

where F’ is the fused embedding dimension. The attention
weights «; are computed by applying softmax normalization
to a score s; derived from the mean of each attention
embedding Z;,

exp(s;)

1 F
_7ZZi,j7 O{iziM .
F j=1 > =1 €xP(sk)

The fused embedding z is concatenated with the embedding
of self state ps and produces the final embedding z'. z’
is used as the input of the actor and critic network. The
motivation for the feature extractor design is as follows.
Since we adopt a K -nearest strategy for neighbor selection,
the chosen neighbors and their orders may change abruptly
in dynamic environments, introducing discontinuities in the
state input. Such discontinuities can lead to unstable out-
puts of the actor network and oscillatory robot behavior,
particularly under real-world deployment. The attention-
based summation pooling feature is permutation-invariant. A
permutation-invariant feature extractor aggregates neighbor
information as a set and ensures that the embedding z is
independent of input order, thereby yielding smoother and
more robust policy behavior in dynamic multi-robot-multi-
obstacle environments. Furthermore, in multi-robot systems,
a robot is agnostic to the identities and ordering of its
neighbors; therefore, it is desirable for the learned features
to remain invariant to input ordering.

Reward Function. Since we have two teams of robots
acting in adversary form, the reward functions are also in
different forms. For Team I (ally), the team of robots that
actively attack enemies the reward function at time t is

t1 t1 t1 t1
formulated as r*' = rii  +rtl 4t 4t 47l where

3)
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it denotes the distance reward with respect to the enemy
robot, 7t = denotes the laser aiming reward with respect
to the enemy robot, rfl . denotes the obstacle avoidance
reward, rfl . denotes the boundary avoidance reward and
il denotes the cross fire avoidance reward. Each reward

components of Team I are formulated as,

rfﬁst = 7)‘0 |d - ddesi‘
Thim = =1 [6; — 0|
fjm = —10 if hits the obstacles 4)
Tﬁlound = —10 if hits the boundaries
E} = —10 if ally robots enter the shooting zone,

where d is the distance to the enemy, dges; the desired
shooting distance, ¢; the heading angle of the laser emitter in
local frame, and 6, the heading angle of the enemy relative
to the ally. This reward formulation encourages the ally
robots to aim at enemy robots while avoiding obstacles and
accidental attack on allies. For Team 11 (enemy) the reward
function is formulated as r*? = 72 472 472 4rf2
Each reward components of Team II are formulated as:

T = Ao d
rzta?m =A3 |91 - He|
12 e (5)
Topst = —10 if hits the obstacles
2 = —10 if hits the boundaries.

Ao to Az are different hyperparameters. This reward formu-
lation encourages the enemy robot in Team II to avoid being
shot while avoiding obstacles.

MARL Algorithm. We use MADDPG [21], which fol-
lows the centralized training with decentralized execution
paradigm, to train the adversary policies for both teams.

D. Student Policy via Vision-Based Imitation Learning

As shown in Fig. 2, the student policy takes a time
series of IV onboard camera images and outputs the velocity
command. The input image of each time stamp is processed
as follows. First, we use a YOLOvS Nano [22] object
detector to detect the enemy and ally robots. Then a Gaussian
kernel is placed in the detected bounding box area to create a
target area image Lia,qct. The target area image serves as an
indicator for the enemy and ally location in the image space.
Meanwhile, the original RGB image is fed into DepthAny-
thingV2 [19] (DATv2) to generate a depth image Ijepin.
The depth values are clipped to the 5th and 95th percentiles
and normalized to the range [0, 1]. Finally, the target image
Tiarger and the depth image Igcpen are concatenated along the
channel axis to form the input tensor I, While previous
works use image edges [11] or raw images [10] as the input,
here we convert the bounding box detection to a Gaussian
kernel. The reason for this conversion is that our goal is to
make the laser emitter to aim at the enemy robot. Therefore,
we want to make the aiming as accurate as possible. The
shape of the Gaussian kernel indicates a higher weight in
the center and a lower weight in the boundary area, which
reflects the aiming goal. The Gaussian blur kernel size s

for the heatmap is defined as s = A/D, where D denotes
the relative distance to the detected robot and A is a scaling
factor. Thus, closer robots correspond to larger kernel sizes
in the heatmap. Notably, D is estimated from the known
physical size of the robot, bounding box width and the
camera focal length, rather than from the non-metric
depth output of DATv2. The depth maps are appearance-
invariant compared with monocular images, which enhances
the robustness of the visuomotor policy. Fig. 4 shows how
Linpus is formulated.

'YOLOVS5 Detection Results

o R

DATv2 Depth Images

Channel 0: Depth
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Fig. 4: The original image is sent into YOLOv5 and DATvV2 to
generate detection results and depth images. The detection results
contain two classes, namely the enemy and the ally. A heat map
that indicates the detection location is generated for each class.
Then the two classes of heat maps are concatenated with the depth
image along the channel axis to form the input tensor.

The input tensor Iiypy¢ iS sent into an image encoder
of convolutional neural network (CNN) to be encoded as
an embedding. The time series of image embeddings are
then sent into a long short-term memory (LSTM) recurrent
module to be further encoded as a fused embedding h'.
Finally, h' is sent to an MLP to regress the action. Since
the onboard camera has a limited field-of-view (FOV), we
choose to feed a time series of images and use LSTM to
incorporate temporal information to increase the volume of
information for decision-making. The LSTM also mitigates
the temporal inconsistency of the depth estimates produced
by DATv2 by aggregating information across time. The
imitation learning loss is defined as the squared L2 norm
between the student action and the teacher action,

L= ”ﬂ'stu,é(ht) - 7Ttea(st)H% 6)

where 6 denotes the learnable parameters of the student. Both
the image encoder and the following action part are trained
end-to-end and no part of the module is frozen.

1V. EXPERIMENTAL EVALUATIONS
A. Implementation Details and Policy Training

Teacher Policy Training. We train state-based adversary
agents using MADDPG [21]. The actor is a two-layer MLP
(128 units), and the critic is a three-layer MLP (512 units).
MLPs in the feature extractor are two-layer with 128 hidden
units. Training uses a batch size of 512, a replay buffer of
10,000, and learning rates of le-3 for both networks. The
feature extractor (with K = 3 nearest neighbors) shares the
actor’s optimizer and learning rate. The setting involves 1 to
3 ally robots against a single enemy robot.
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TABLE I: Comparison and ablation of visual encoders and input types, evaluated by Action Error (AE), Collision Rate (CR), and Hit@15.
SimpleCNN refers to a lightweight CNN with channel sizes [16, 32, 32] and filter sizes [5, 4, 3]. Onboard inference time (mean with
99% percentile in parentheses) is reported only for the visual encoder. “train” means in the same training environment, and “test” means
in unseen test environments. We compare RGB, edge images [11], depth, and our input (depth + heatmaps, see Fig. 4).

Visual Input Simulation Train Simulation Test Real-World Test .
Encoders Types Time (ms)
AE| Hit@l151 CR[%], AE| Hit@l5f CR[%]}] AE|l Hit@15} CR [%])
ResNet50 [23] RGB 0.0012 258 + 64 40.0 0.0075 143 +4.0 66.0 0.0115 0.0+0.0 70.0 21.6 (28.1)
CLIP RNet [24] RGB 0.0013 21.8 +£3.0 54.0 0.0066 6.4 +24 58.0 0.0102 0.0 £0.0 54.0 20.1 (25.4)
DINOvV2 [25] RGB 0.0020 174 £3.0 30.0 0.0078 6.1 £2.6 40.0 0.0228 0.0 £ 0.0 50.0 137.2 (185.7)
MAE [26] RGB 0.0009 338 £ 1.8 38.0 0.0015 19.7 £3.0 42.0 0.0099 7852 44.0 24.9 (28.0)
SimpleCNN Edges [11] 0.0006 26.8 +2.8 38.0 0.0020 20.8 4.1 46.0 0.0032 12.5+59 72.0 7.8 (18.2)
ResNetl8 [23] Edges [11] 0.0011 26.4 +29 42.0 0.0026 20.3 +4.2 40.0 0.0050 18.8 +3.0 60.0 16.7 (25.6)
SimpleCNN Depth 0.0014 20.1 £5.0 32.0 0.0017 11.5%2.6 40.0 0.0030 10.1 £3.9 38.0 7.8 (18.2)
ResNet18 [23] Depth 0.0005 22.0+24 30.0 0.0015 143 %22 36.0 0.0029 12.5+3.7 38.0 16.7 (25.6)
SimpleCNN Ours 0.0006 36.0 + 1.7 32.0 0.0010 33.0 + 4.1 38.0 0.0014 299 +54 40.0 7.8 (18.2)
ResNet18 [23] Ours 0.0006 41.6 = 2.2 28.0 0.0009 389 +2.9 36.0 0.0012 31.0 +5.5 36.0 16.7 (25.6)

Student Policy Training. The vision-based student policy
is trained using imitation learning with dataset aggregation
(DAgger) [27]. To facilitate rapid prototyping, we create a
digital twin of our multi-robot system in the ROS Gazebo
[28]. The training data are collected from both the simulation
and the real-world environment. 4 different simulation scenes
are used for data collection, which enriches the data distri-
bution. In total, We collected 80k images from the simulator
and 20k from the real world, generated from rollouts of the
state-based teacher policy. The one-layer LSTM contains 128
hidden units, and the action net is a two-layer MLP with 128
hidden units. The learning rate of the visual encoder is set
at 1e-06, while the learning rate for the action part is set at
le-05. The memory sequence length for the LSTM is 5. The
dimension of the embedding h is 1024. The policy is trained
on an RTX 4090 GPU for 100 epochs.

Real-World Robot System. To evaluate our method in
the real world, we construct a multi-robot system in which
each robot supports omnidirectional mobility and shares an
identical mechanical and sensor configuration. The onboard
computer is an Nvidia Jetson Orin NX, featuring 6 ARM
cores, 16 GB memory, 25 W power consumption, and up
to 100 TFLOPS of computing performance. To distinguish
between ally and enemy robots, enemy robots are colored
red, while ally robots are colored white. A laser emitter of
5 mW is installed on the ally robot and manually calibrated
with the optical axis of the camera. The front-facing camera
has a 110° horizontal FOV and a 30 Hz frame rate.

Experiment Configurations. The experiment environ-
ment is a 4m X 4m area. We randomly put obstacles of
different shapes in the environment, and the obstacle density
(obstacle area / total area) varies from 0 to 0.18. The number
of obstacles varies from 0 to 8. Each robot is initialized
with a random position and heading angle, while the enemy
is constrained to lie within the ally’s camera FOV at the
start. The ally fires the laser when the enemy is within 50
pixels of the crosshair center and the bounding box width
exceeds 20 pixels (i.e., when the physical distance is less
than 3 m). The robot detection distance D is from 0.5 m to
3 m. Across multiple experiments, the robot’s linear velocity

limit is varied from 0.05 m/s to 0.40 m/s, with the angular
velocity capped at 2.5 rad/s. The speed limits for the ally and
the enemy are set the same for a fair game. In the experiment,
the enemy uses the state-based adversary policy trained in the
teacher-training stage. The state information for the enemy
is provided by the motion tracking system. By training on
mixed simulated and real-world data and using DATv2 to
generate depth images in both domains, the sim-to-real gap
is inherently reduced, without requiring additional adaptation
methods. We adopt the “Large” version of DATv2 for non-
metric depth estimation, which contains 335.3 M parameters.
The full size of the student model is 15.9 M with Resnet18.

B. Results of the Policy

We first conduct a comparative and ablation study to quan-
titatively evaluate our visuomotor policy, reporting results
across different combinations of visual encoders and input
types. We repeat each policy for 100 runs in simulation
and 50 runs in the real-world. For all experiments, each
episode lasts 2000 image frames (around 70 s). Performance
is measured using several key metrics:

o Action Error (AE): The action discrepancy between
the student and the teacher, directly measuring the
quality of imitation learning.

o Hit@15 and Hit@30: The number of times an ally
robot hits the enemy for 15 or 30 consecutive frames
in one episode. Each value is averaged over 50 trials.

o Collision Rate (CR): The ratio of trials in which an
ally collides with obstacles.

For the experimental setup, encoders with RGB inputs use
pretrained weights without finetuning. In contrast, encoders
with edge or depth-included inputs are trained end-to-end
with the action network. Table I shows that our depth-
plus-heatmap input achieves the best overall performance.
When the heatmaps are ablated (depth-only input), hitting
performance degrades due to the lack of salient enemy and
ally cues. Although high-capacity pre-trained encoders such
as DINOv2 [25] and CLIP [24] offer strong general-purpose
visual representations, they yield larger action errors and
lower hit rates on our test scenes, likely because they are not
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Fig. 5: The first row shows enemy and ally detection results, the second row shows depth maps, and the third row shows full-gradient
attention maps [29]. The attention maps highlight task-relevant regions of the input image, typically focusing on enemy targets and
obstacles, consistent with human intuition. The first three columns present simulation data, and the last column presents real-world data.

tailored to the specific robot task. Pure RGB or edge-based
inputs [11] achieve lower performance, especially in unseen
test environments. In contrast, depth images combined target
heatmaps, being largely appearance-invariant, facilitate the
student in learning correct behaviors across different scenes.
All visual encoders, as well as DATv2 and YOLOVS, are
converted to half-precision (FP16) TensorRT models for
onboard acceleration. We measure the inference time for each
model, all of which process images of size 3 x 224 x 224
pixels. The DATv2 module alone takes 20.2 £ 5.1 ms, and the
YOLOVS Nano takes 5.15 + 1.2 ms. With all visual modules
running in parallel processes, the control frequency of our
approach reaches 20 Hz after considering the additional
latency from DATv2 and YOLOVS. This ensures smooth
robot movements during the game. High-capacity encoders
such as DINOV2 cannot run fast enough onboard (more than
100 ms inference time), which limits their practical usage.

TABLE II: The gray rows are results of different teacher policies,
and the white are those of the students. Teacher-SAP refers to the
teacher policy with our self-attention-and-pooling as the feature
extractor. Teacher-SA refers to policy with vanilla self-attention
feature extractor used in MARL [6] without permutation-invariant
operators. Teacher-SA+SDF refers to [7]’s feature extractor design.
BC denotes behavioral cloning.

Action Methods AE| Hit@151 Hit@30T CR [%])
Teacher-MLP N/A 406+ 1.6 19.0+1.7 6.0
Teacher-SA+SDF [7] N/A 409+24 17.6+2.0 6.0
Teacher-SA [6] N/A 423+20 18.0+29 10.0
Teacher-SAP (Ours) N/A  48.6 + 1.7 22.1 + 2.0 10.0
BC-MLP 0.0251 0.0+0.0 0.0=%0.0 80.0
BC-LSTM 0.0059 53 +1.7 0.0 +0.0 48.0
DAgger-MLP 0.0010 29.6 £25 124 +32 40.0
DAgger-LSTM 0.0006 384 +22 17.2+28 36.0

Next, we compare the performance of the teacher policy
trained with different feature extractors in Table II. Us-
ing self-attention with pooling improves laser-hitting per-
formance over a plain MLP or a self-attention extractor
alone. When the permutation-invariant pooling is ablated,
corresponding to the feature design of [6], the policy’s per-

formance degrades. This degradation arises because, without
permutation-invariant features, the policy tends to produce
oscillatory robot movements in practice, causing the robot
to get stuck and preventing smooth chasing and aiming
at the enemy. We also conduct a comparative study to
evaluate performance in terms of different imitation learning
methods and action network choices. For the student pol-
icy, the DAgger-based approach combined with an LSTM
achieves the best performance. This can be attributed to the
robot’s limited camera FOV, where the LSTM’s capacity to
aggregate temporal information enhances the robustness of
decision-making. Fig. 5 shows the onboard detection and
depth images. We also use Full Gradient [29] to analyse
the attention area of the visuomotor policy. As shown, the
activation areas on input images generally focus the enemy
robot and environment obstacles.

C. Comparison with Other Classic Methods

Baselines. We compare our visuomotor policy against
classic modular methods for shooting-game-style tasks.
These classic approaches typically decouple the system into
distinct modules for perception, state estimation, and control.
We evaluate several combinations of state estimation and
control algorithms. For state estimation, we select baselines
that rely solely on observations from monocular cameras,
which is consistent with our problem setting (free of depth
sensors). Estimation Baseline 1 is the Bearing-Angle (BA)
method [4], which estimates an enemy’s relative position
and velocity from bounding box detections. Estimation
Baseline 2 is Spatial-Temporal-Triangulation (STT) cooper-
ative estimation [15], which fuses image observations from
multiple robots. For the control policies, we consider three
representative approaches. Policy Baseline 1 is a classic
Proportional-Derivative (PD) controller. Policy Baseline 2 is
an Image-Based Visual Servo (IBVS) [30], which generates
control commands from image-space errors and relative en-
emy depth. Policy Baseline 3 is a neural controller [16] that
feeds estimated enemy positions and headings into an LSTM
encoder followed by an MLP policy (referred to as MLP).
These estimation and control policies are integrated into
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Fig. 6: The first row shows the trajectories of robots in the laser tag game in simulation. When the firing condition is met, an ally robot
fires a laser beam toward the enemy, indicated by the red line. The second row shows the robot motions, with enemies in red and allies
in white. Allies maneuver strategically to aim and attack the enemies, while the enemy maneuver to escape.

Fig. 7: Snapshots from the real-world experiment.
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Fig. 8: Left: Cumulative distribution function (CDF) of radial
distances from the crosshair center. A steeper rise near the origin
indicates that more shots are concentrated close to the crosshair,
reflecting better laser aiming accuracy. Right: Hit@15 score under
different maximum velocities. Both figures illustrate that ours have
an improved laser hitting performance.
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complete pipelines. For the PD policy, we adopt GCOPTER
[31] as the trajectory planner, which generates waypoints
to guide the ally to a desired shooting pose while avoiding
collisions, using a pre-built voxel map. In contrast, IBVS
and MLP directly output actions to aim at the enemy. Each
method is evaluated over totally 50 runs, from random initial
states in both simulation and real-world environments.
Results. Table III shows the comparison results. For
state estimation, BA achieves the best performance, with a
position estimation error of 0.094 + 0.021 m, while STT is
less accurate (0.291 = 0.072 m). The error in STT mainly
arises from reliance on global camera poses, which are
affected by odometry and calibration inaccuracies as well
as internal estimator errors. Moreover, STT requires inter-
robot communication to share camera poses. For control,
PD and MLP perform similarly under the same estimator
and both surpass IBVS. Our visuomotor policy achieves

TABLE III: Comparison with other methods. GT uses ground-truth
states as input. Ours-Teacher refers to the state-based teacher policy,
and Ours-Student to the vision-based student policy. Gray rows
indicate methods relying on onboard sensing.

Methods Hit@15! Hit@301 CR[%]}

State Estimation Control Policy

GT PD 440+ 1.8 200+ 1.7 34.0
GT MLP [16] 442 +3.0 202+ 1.3 50.0
GT IBVS [30] 352 +55 16.0+5.1 68.0
GT Ours-Teacher 48.6 + 1.7 22.1+2.0 10.0
BA [4] PD 33.0+ 1.8 139+24 420
BA [4] MLP [16] 325+24 13.5+2.1 54.0
BA [4] IBVS [30] 2477 +49 122 +40 70.0
STT [15] PD 202 +4.0 102 +4.38 46.0
STT [15] MLP [16] 132 +4.1 55+3.1 60.0
STT [15] IBVS [30] 69+39 26+1.6 72.0
N/A Ours-Student 384 + 2.2 17.2 + 2.8  36.0
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Fig. 9: Relative distance and heading between the ally and enemy in
one episode, with red segments marking when the enemy is within
the shooting zone. The visuomotor policy yields more successful
targeting frames than the PD policy.

the best onboard performance in laser-hitting and obstacle
avoidance, improving by 16.1% and 6% respectively over
the strongest baseline (BA + PD). Policies with access to
ground-truth states perform better, confirming perception and
state estimation as the dominant error sources. Finally, since
IBVS and MLP inherently ignore obstacles, they suffer from
higher collision rates. Fig. 8 (left) shows the cumulative
distribution function (CDF) of the pixel-wise radial distance
between the enemy bounding box center and the crosshair.
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The state-based teacher policy achieves the highest aiming
accuracy, with 37% of frames meeting the fire condition,
while our student policy outperforms other onboard-sensing
baselines with 28%. Fig. 8 (right) reports the hitting score
under different maximum velocity limits. For fairness, the
maximum velocities of the ally and the enemy are set
equal, and all methods are initialized from the same states.
As shown in the figure, our visuomotor policy consistently
achieves higher hit scores across different velocity limits.
Fig. 9 illustrates the evolution of the relative distance and
heading angles in a representative episode.

V. CONCLUSIONS

In this paper, we study the problem of multi-robot laser
tag game with visuomotor policy. To address the challenges
of classic modular designs, such as estimation observability
limitation and depth-sensor-based-mapping, we propose an
end-to-end learning approach that directly maps raw image
inputs to robot actions. Experiments show that the visuomo-
tor policy outperforms classic modular methods regarding
similar tasks in terms of hitting accuracy and collision
avoidance. We deploy the visuomotor policy on real-world
multi- robot system with limited computation resources,
demonstrating the practicality of our approach.
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