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Abstract. Multi-agent collaborative localization is a challenging prob-
lem that requires estimating the global poses of multiple agents in a shared
coordinate system based on their sensor data and inter-agent communi-
cation. The existing methods, such as map fusion, graph optimization, or
consensus algorithms, cannot fully exploit the perceptual information and
similarity among different agents, which can improve localization accu-
racy and consistency. In this paper, we propose a method of gestalt per-
ceptual calibration (GPC) for multi-agent localization, which leverages
the power of gestalt psychology to align the coordinate frames of differ-
ent agents based on their perceptual similarity. We propose a perceptual
encoder based on Perceiver model to encode the sensor data of each agent
into a latent array. To optimize the relative poses of each pair of agents
based on their gestalt similarity, we use a Gumbel-softmax-based relax-
ation as the gestalt calibrator. Aiming at estimating the global poses of
each agent based on the relative poses and other measurements, we also
use a maximum a posteriori inference as the pose estimator. The exper-
imental results show that our GPC method can achieve superior local-
ization performance in both accuracy and efficiency compared to existing
localization methods. In addition, we further analyze the influence of dif-
ferent parameters of our GPC method on the localization performance.

Keywords: Multi-agent collaborative localization · Gestalt perceptual
calibration · Perceiver

1 Introduction

Multi-agent collaborative localization is a research problem that aims to esti-
mate the poses (positions and orientations) of multiple agents in an unknown
environment using their sensor measurements and inter-agent communications.
This problem is of great interest and importance for many applications, such
as cooperative exploration, surveillance, search and rescue, and disaster relief.
Solving this problem can enable multiple agents to coordinate their actions and
achieve a common goal.

However, multi-agent collaborative localization is challenging for several rea-
sons. First, the agents have limited sensing and communication capabilities,
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which introduce uncertainties and errors in their measurements. Second, the
agents have different coordinate frames that are not aligned with each other or
with the global frame. Third, the agents may have different initial poses that are
unknown or inaccurate. These factors make the multi-agent localization problem
ill-posed and under-constrained.

To address these challenges, some existing methods use various techniques,
such as map fusion [1], graph optimization [2], or consensus algorithms [3]. How-
ever, these methods have some limitations, such as requiring a central server, a
large number of anchors, a high synchronization accuracy, a high computational
power, or a large amount of training data. Moreover, these methods often rely on
domain-specific assumptions or preprocessing for different types of sensor scans,
such as LiDAR scans or radio signals.

Gestalt principles are a set of rules that describe how humans organize and
interpret visual information [4]. Inspired by Gestalt principles, we propose a
gestalt perceptual calibration method for multi-agent collaborative localization.
We use Gestalt principles as a perceptual similarity measure to align the coordi-
nate frames of different agents. By using a Perceiver model to encode the sensor
scans of each agent into latent representations, we can apply Gestalt principles
to compare and match these representations, and compute the relative poses
between agents. This approach can handle various types of sensor scans without
any domain-specific assumptions or preprocessing. Moreover, this approach can
exploit the holistic and organized nature of perception to improve the localiza-
tion accuracy and efficiency.

The rest of this paper is organized as follows. Section 2 reviews the related
work on multi-agent collaborative localization and Gestalt principles of percep-
tion. Section 3 presents an overview of our GPC method. Section 4 describes each
component of our method in detail. Section 5 gives the experimental results and
analysis. Section 6 concludes this paper and discusses future work.

2 Related Work

2.1 Multi-agent Collaborative Localization

For multi-agent collaborative localization, several methods have been proposed
for this problem. The type of sensor is the determining factor for the localization
and calibration techniques used in these methods. Therefore, we can categorize
them according to the type of sensor.

Some researchers used global navigation satellite systems (GNSS) and ormi-
croseismic/acoustic emission sources as sensors. Tanwar and Gao [5] proposed
a decentralized collaborative localization method in urban environments using
3D-mapping-aided GNSS and inter-agent ranging. Dong et al. [6] introduced
a collaborative localization method using analytical and iterative solutions for
ormicroseismic/acoustic emission sources in the rockmass structure for under-
ground mining. These methods can exploit the different features of the envi-
ronment to improve the localization accuracy, but they require high-precision
synchronization, calibration, or computation.
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Cameras or ultra-wideband (UWB) signals are also commonly used as sen-
sors, which can provide visual or geometric information. Schmuck and Chli [8]
presented a centralized collaborative monocular simultaneous localization and
mapping framework for robotic teams. Shule et al. [9] proposed a UWB-based
localization method for multi-UAV systems and collaborative heterogeneous
multi-robot systems. These methods offer precise localization and mapping infor-
mation, enabling robotic teams to collaborate and navigate more effectively.
However, these methods require a central server or a large number of anchors.
Therefore, they may not function properly without a central server or a large
number of anchors, limiting their applicability in certain environments.

Recently, soft information, continuum deformation coordination (CDC), or
rogue drone interception (RDI), which utilized semantic or contextual informa-
tion. Conti et al. [7] proposed a localization-of-things method using soft infor-
mation extracted from inter-agent and intra-agent measurements as well as con-
textual data. Emadi et al. [10] proposed a collision-free continuum deformation
coordination method for a multi-quadcopter system using cooperative localiza-
tion. Queralta et al. [11] designed a multi-agent system for rogue drone intercep-
tion using radar, optical sensors, and radio signals. These methods well handle
challenges such as non-Gaussian distributions, nonlinear models, dynamic envi-
ronments, but require a large amount of training data and feedback gain.

In summary, while these methods have made significant strides in multi-agent
collaborative localization, there is still a need for a calibration method that is
less reliant on high-precision synchronization, computation and extensive train-
ing data. This method should be accurate, robust, and efficient to enhance the
performance and applicability of multi-agent collaborative localization systems
in various environments.

2.2 Gestalt Principles of Perception

Gestalt principles of perception describe how humans organize and interpret
visual information. They are based on the idea that the whole is different from
the sum of its parts, and that the brain creates a perception that is more than
simply the sum of available sensory inputs [13]. Gestalt principles include figure-
ground relationship, proximity, similarity, continuity, closure, and symmetry.
These principles explain why we can see patterns, shapes, and objects from
simple elements, such as dots, lines, and colors.

The versatility and efficacy of the Gestalt principle in addressing diverse
challenges. For instance, Hu et al. [14] leverages this principle to improve object
detection in diagrams. Similarly, Chen et al. [15] applies the Gestalt principle
to enhance the resolution of text images. Furthermore, Susan et al. [16] utilizes
this principle for effective pulmonary nodule detection.

Gestalt principles can provide a perceptual similarity measure that can align
the coordinate frames of different agents [17]. By using a Perceiver model to
encode the sensor scans of each agent into latent representations, we can apply
gestalt principles to compare and match these representations, and compute
the relative poses between agents. This approach can handle various types of
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sensor scans, such as LiDAR scans or radio signals, without any domain-specific
assumptions or preprocessing. Moreover, this approach can exploit the holistic
and organized nature of perception to improve the localization accuracy and
efficiency.

3 Method Overview

In this section, we present an overview of our proposed method for multi-agent
collaborative localization based on Gestalt perceptual calibration. We first for-
mulate the problem of multi-agent localization and calibration, then describe
the main components of our framework.

3.1 Problem Formulation

We consider a multi-agent system consisting of N agents, each equipped with a
sensor like LiDAR or a radio transceiver. The agents are deployed in an unknown
environment with a known map M . The goal of the agents is to collaboratively
estimate their poses (positions and orientations) in the global coordinate frame
G using their sensor measurements and inter-agent communications.

We assume that each agent i has a motion model fi that describes its state
transition from time step (t − 1) to t, satisfying

x̂t
i = fi(xt−1

i , ut
i) + wt

i (1)

where xt
i ∈ R

3 is the pose of agent i at time t, ut
i ∈ R

2 is the control input (linear
and angular velocities) of agent i at time t, and wt

i ∼ N (0, Qi) is the motion
noise of agent i with covariance matrix Qi.

We also assume that each agent i has a measurement model hi that describes
its observation at time t, satisfying

zti = hi(xt
i,M) + vt

i (2)

where zti ∈ R
K is the sensor scan of agent i at time t, which consists of K range

measurements along different angles, and vt
i ∼ N (0, Ri) is the measurement

noise of agent i with covariance matrix Ri.
In addition to the measurements for agents themselves, each agent i can also

receive relative measurements from other agents within its communication range.
We denote the set of neighboring agents of agent i at time t as N t

i . For each
neighboring agent j ∈ N t

i , agent i can measure the distance dtij between them
by Formula (3).

dtij = ‖xt
ij‖2 + nt

ij (3)

where xt
ij = xt

j − xt
i is the relative pose between agent j and agent i, and

nt
ij ∼ N (0, Sij) is the communication noise with variance Sij .
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Definition 1. The problem of multi-agent collaborative localization is formu-
lated as finding the maximum a posteriori (MAP) estimate of the poses of all
agents at time t, given their initial poses, control inputs, private measurements,
and relative measurements up to time t. It is represented by Formula (4).

x̂t
1, ..., x̂

t
N = arg max

xt
1,...,x

t
N

p(xt
1, ..., x

t
N |x0

1, ..., x
0
N , u1:t

1 , ..., u1:t
N ,

z1:t1 , ..., z1:tN , d1:tij ,∀i, j)
(4)

3.2 Overview of the Framework

We propose Gestalt Perceptual Calibration (GPC) for multi-agent collaborative
localization that leverages the gestalt principles of perceptual organization. The
main idea is to align the coordinate frames of different agents by finding the best
perceptual match between their sensor scans, using a Perceiver model.

Our GPC method consists of three main components: a perceptual encoder,
a gestalt calibrator, and a pose estimator. Figure 1 shows an overview of the
framework of our GPC method.

Fig. 1. Overall framework of GPC method

The perceptual encoder takes the sensor scans of each agent as input and
encodes them into latent representations using a Perceiver model. The encoder
shares the same weights across all agents and time steps, enabling cross-modal
and cross-temporal perception.

The gestalt calibrator takes the latent representations of each agent as input,
and computes the relative poses between them using Gumbel-softmax-based
optimization [18]. The calibrator uses a perceptual similarity measure based
on gestalt principles to align the coordinate frames of different agents. The cal-
ibrator also uses a consensus-based algorithm to iteratively refine the relative
poses until convergence.

The pose estimator takes the relative poses between agents as input and
estimates the global poses of each agent using maximum a posteriori inference.
The estimator incorporates the motion models, the measurement models, and
the communication models of each agent to obtain the most likely global poses.

We describe each component in detail in the next section.
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4 Gestalt Perceptual Calibration

4.1 Perceptual Encoder

The perceptual encoder is responsible for encoding the sensor scans of each agent
into latent representations that can be used for perceptual calibration and pose
estimation. The encoder is based on the Perceiver model, which is a transformer-
based model that can handle various types of input data using cross-attention
and self-attention mechanisms.

In our GPC method, we use the following steps to apply the Perceiver model
as the perceptual encoder for each agent.

Step 1: The sensor scan of each agent i at time t is treated as an input byte
array Bt

i ∈ R
L×D, where L is the length of the input and D is the dimensionality

of each byte. Initialize a random latent array X0
i ∈ R

M×E for each agent, where
M is the number of latent queries and E is the dimensionality of each query.
Step 2: Feed the input byte array Bt

i and the latent array X0
i to the cross-

attention module of the Perceiver model, and obtain an output latent array
Y 0
i ∈ R

M×E using scaled dot-product attention, as shown in Formula (5).

Y 0
i = softmax

(
X0

i BtT
i√

D

)
Bt

i (5)

Step 3: Feed the output latent array Y 0
i to the self-attention module of the

Perceiver model, and apply a transformer layer to it, resulting in an updated
latent array Z0

i ∈ R
M×E , as shown in Formula (6).

Z0
i = Y 0

i + FFN
(

LayerNorm
(

Y 0
i + softmax

(
Y 0
i Y 0T

i√
E

)
Y 0
i

))
(6)

where FFN is a feed-forward network and LayerNorm is a layer normalization
operation.
Step 4: Repeat Steps 2 and 3 for a fixed number of iterations T , producing a
final latent array Z∗

i ∈ R
M×E that captures the information from the input byte

array Bt
i , as shown in Formula (7).

Z∗
i = ZT−1

i +FFN

(
LayerNorm

(
ZT−1
i +softmax

(
ZT−1
i Z

(T−1)T
i√
E

)
ZT−1
i

))

(7)
Step 5: Share the same weights across all agents and time steps, enabling cross-
modal and cross-temporal perception. The perceptual encoder can handle dif-
ferent types of sensor scans, such as LiDAR scans or radio signals, without any
domain-specific assumptions or preprocessing.

The output of the perceptual encoder is a set of latent arrays {Z∗
i }Ni=1, where

Z∗
i ∈ R

M×E is the final latent array for agent i. These latent arrays are then
used as input for the gestalt calibrator, which we describe in the next subsection.
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4.2 Gestalt Calibrator

The gestalt calibrator is responsible for computing the relative poses between
different agents, using their latent representations obtained from the perceptual
encoder. The calibrator is based on Gestalt psychology, which is a school of
psychology that emphasizes the holistic and organized nature of perception.

Gestalt psychology proposes several principles of perceptual organization,
such as proximity, similarity, continuity, closure, and symmetry, that explain
how humans perceive complex patterns from simple elements. These principles
suggest that humans tend to group together elements that are close, similar,
aligned, complete, or balanced, and form a coherent whole that is greater than
the sum of its parts [19].

In our GPC method, we use these principles as a perceptual similarity mea-
sure to align the coordinate frames of different agents. We assume that agents
that have similar sensor scans should have similar latent representations, and
therefore have small relative poses between them. Conversely, agents that have
dissimilar sensor scans should have dissimilar latent representations, and there-
fore have large relative poses between them.

To formalize this idea, we define the gestalt similarity function g : RM×E ×
R

M×E → [0, 1] as a weighted sum of several gestalt principles, as shown in
Formula (8).

g(Zi, Zj) =α1gp(Zi, Zj) + α2gs(Zi, Zj) + α3gc(Zi, Zj)
+ α4gl(Zi, Zj) + α5gy(Zi, Zj)

(8)

where α1, . . . , α5 are learnable weights that balance the importance of each prin-
ciple, and gp, gs, gc, gl, gy are sub-functions that correspond to proximity, similar-
ity, continuity, closure, and symmetry, respectively. We define each sub-function
as follows.

Definition 2 (Proximity). The sub-function gp computes the average Euclidean
distance between the corresponding queries of two latent arrays, and returns a
negative exponential function of the distance, as shown in Formula (9).

gp(Zi, Zj) = exp

(
− 1

M

M∑
m=1

|Zm
i − Zm

j |2
)

(9)

where M is the number of latent queries, Zm
i and Zm

j are the m-th queries of
Zi and Zj , respectively.

Definition 3 (Similarity) The sub-function gs computes the average cosine dis-
tance between the corresponding queries of two latent arrays, and returns a
positive linear function of the distance, as shown in Formula (10).

gs(Zi, Zj) = 1 − 1
M

M∑
m=1

Zm
i · Zm

j

|Zm
i |2|Zm

j |2 (10)
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Definition 4 (Continuity). The sub-function gc computes the average absolute
difference between the adjacent queries of two latent arrays, and returns a neg-
ative exponential function of the difference, as shown in Formula (11).

gc(Zi, Zj) = exp

(
− 1

M − 1

M−1∑
m=1

||Z(m+1)
i − Zm

i |2 − |Z(m+1)
j − Zm

j |2|
)

(11)

Definition 5 (Closure). The sub-function gl computes the Euclidean distance
between the first and last queries of two latent arrays, and returns a negative
exponential function of the distance, as shown in Formula (12).

gl(Zi, Zj) = exp
(−|Z1

i − ZM
i |2 − |Z1

j − ZM
j |2

)
(12)

Definition 6 (Symmetry). The sub-function gy computes the degree of sym-
metry along the central axis of two latent arrays, and returns a positive linear
function of the degree, as shown in Formula (13).

gy(Zi, Zj) =
2
M

M/2∑
m=1

Zm
i · Z

(M−m+1)
i

|Zm
i |2|Z(M−m+1)

i |2

+
2
M

M/2∑
m=1

Zm
j · Z

(M−m+1)
j

|Zm
j |2|Z(M−m+1)

j |2

(13)

Given the gestalt similarity function g, we can compute the relative pose
xt
ij = xt

j − xt
i between agent j and agent i at time t by solving the following

optimization problem defined by Formula (14).

x̂t
ij = argmax

xt
ij

g(Zi, Zj ◦ xt
ij) (14)

where ◦ denotes a transformation operator that applies a relative pose to a
latent array. Intuitively, this problem tries to find the best alignment between
two latent arrays that maximizes their gestalt similarity.

However, solving this problem for each pair of agents independently may
result in inconsistent or conflicting relative poses. Therefore, we use a consensus-
based algorithm [20] to iteratively refine the relative poses until convergence. The
algorithm works as follows:

Step 1: Initialize the relative poses x̂0
ij for each pair of agents (i, j) randomly

or using some prior knowledge.
Step 2: Update the relative pose x̂k

ij for each pair of agents (i, j) at iteration k by
solving the optimization problem in Formula (14) using Gumbel-softmax-based
relaxation.
Step 3: Update the global pose x̂k

i for each agent i at iteration k by averaging
the relative poses from its neighboring agents N t

i , weighted by their gestalt
similarities, as shown in Formula (15).

x̂k
i =

⎛
⎝ ∑

j∈Nt
i

g(Zi, Zj ◦ x̂k
ij)(x̂

k−1
i + x̂k

ij)

⎞
⎠ /

⎛
⎝ ∑

j∈Nit

g(Zi, Zj ◦ x̂k
ij)

⎞
⎠ (15)
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Step 4: Repeat Steps 2 and 3 until the relative poses converge or reach a
maximum number of iterations.

The output of the gestalt calibrator is a set of relative poses {x̂∗
ij}Ni,j=1, where

x̂∗
ij ∈ R

3 is the final relative pose between agent j and agent i. These relative
poses are then used as input for the pose estimator, which we describe in the
next subsection.

4.3 Pose Estimator

The pose estimator is responsible for estimating the global poses of each agent,
using the relative poses obtained from the gestalt calibrator. The estimator is
based on the maximum a posteriori (MAP) inference, which is a probabilis-
tic method that finds the most likely values of unknown variables given some
observed data.

In our GPC method, we use the following steps to apply the MAP inference
as the pose estimator for each agent.

Step 1: Formulate the multi-agent localization problem as a Bayesian network,
where the unknown variables are the global poses of each agent xt

i ∈ R
3, and

the observed data are the control inputs ut
i ∈ R

2, the private measurements
zti ∈ R

K , and the relative measurements dtij ∈ R of each agent.
Step 2: Define the prior distribution of the global poses as a product of inde-
pendent Gaussian distributions, where each Gaussian distribution represents the
motion model of each agent, as shown in Formula (16).

p(xt
1, . . . , x

t
N |xt−1

1 , . . . , xt−1
N , ut

1, . . . , u
t
N ) =

N∏
i=1

N (xt
i; fi(x

t−1
i , ut

i), Qi) (16)

where fi is the motion model and Qi is the motion noise covariance matrix of
agent i.
Step 3: Define the likelihood function of the observed data as a product of
independent Gaussian distributions, where each Gaussian distribution represents
either the measurement model or the communication model of each agent, as
shown in Formula (17).

p(zt1, . . . , z
t
N , dtij ,∀i, j|xt

1, . . . , x
t
N )

=
N∏
i=1

N (zti ;hi(xt
i), Ri)

∏
j∈Nt

i

N (dtij ; |xt
ij |2, Sij)

(17)

where hi is the measurement model and Ri is the measurement noise covariance
matrix of agent i, and Sij is the communication noise variance between agent j
and agent i.
Step 4: Compute the posterior distribution of the global poses using Bayes’ rule,
which combines the prior distribution and the likelihood function. The posterior
distribution represents our updated belief about the global poses after observing
the data.
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Step 5: Find the MAP estimate of the global poses by maximizing the posterior
distribution, which gives us the most probable values of the global poses given
the observed data. We use a gradient-based method to solve this optimization
problem.
Step 6: Use the relative poses obtained from the gestalt calibrator as additional
constraints to refine the MAP estimate, which ensures that the global poses are
consistent with the gestalt similarity. We use a Lagrange multiplier method [21]
to incorporate these constraints, as shown in Formula (18) and (19).

x̂t
1, . . . , x̂

t
N = arg max

xt
1,...,x

t
N

p(xt
1, . . . , x

t
N |x0

1, . . . , x
0
N , u1:t

1 , . . . , u1:t
N ,

z1:t1 , . . . , z1:tN , d1:tij ,∀i, j)
N∏

i,j=1

δ(xt
ij − x̂∗

ij)
(18)

L(xt
1, . . . , x

t
N , λt

ij ,∀i, j) = p(xt
1, . . . , x

t
N |x0

1, . . . , x
0
N , u1:t

1 , . . . , u1:t
N ,

z1:t1 , . . . , z1:tN , d1:tij ,∀i, j) +
N∑

i,j=1

λt
ij(x

t
ij − x̂∗

ij)
(19)

where δ is the Dirac delta distribution [22], which constrains that the global
pose must be consistent with the relative pose, L is the Lagrangian function and
λt
ij are the Lagrange multipliers.

The output of the pose estimator is a set of global poses {x̂t
i}Ni=1, where

x̂t
i ∈ R

3 is the final global pose of agent i at time t. These global poses are then
used as feedback for the perceptual encoder and the gestalt calibrator, forming
a closed-loop system that can adapt to dynamic environments and improve over
time.

5 Experiments

5.1 Experimental Setup

We first describe the general setup of our simulation experiments. We use the
following software and hardware for our experiments.

Software: We use Python 3.8 as the programming language, PyTorch 1.9 as
the deep learning framework, and Gazebo 11 as the simulation environment.
We implement our GPC method and the baseline methods using the PyTorch
library. Then we use the Gazebo simulator to generate realistic sensor scans and
ground truth poses for different agents and environments.

Hardware: We use a workstation with an Intel Core i7-9700K CPU, 32 GB
RAM, and an NVIDIA GeForce RTX 2080 Ti GPU. The GPU is used for training
and inference of the Perceiver model and the Gumbel-softmax relaxation.

We simulate two types of sensors for our experiments: LiDAR and radio.
LiDAR is a laser-based sensor that measures the distance to objects in its field of
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view. Radio is a wireless communication device that measures the signal strength
between two transceivers. We assume that each agent is equipped with either
a LiDAR or a radio sensor, and can communicate with other agents within a
certain range.

In the following subsections, we present and discuss the results of our exper-
iments in detail.

5.2 Performance Comparison

Collaborative Localization Accuracy. To evaluate the collaborative local-
ization accuracy of our GPC method, we compare the performance of our method
with several state-of-the-art or classic methods for multi-agent collaborative
localization: 3DMA-GNSS-DCL [5], MS/AE-CL [6], SI-LoT [7], CCM-SLAM [8],
UWB-CL [9], CDC-CL [10], VIO-UWB-CLSR [11], and MAS-RDI [12].

We use the root mean square error (RMSE) and the normalized estima-
tion error squared (NEES) [23] as the metrics to evaluate the localization accu-
racy. The RMSE measures the average Euclidean distance between the estimated
poses and the ground truth poses of each agent. The NEES measures the nor-
malized squared error between the estimated poses and the ground truth poses
of each agent, weighted by the inverse of the covariance matrix of the estimation
error. The RMSE and NEES are calculated by Formula (20) and (21), respec-
tively.

RMSE =

√√√√ 1
NT

N∑
i=1

T∑
t=1

|x̂t
i − xt

i|22 (20)

NEES =
1

NT

N∑
i=1

T∑
t=1

(x̂t
i − xit)TP−1

i (x̂t
i − xt

i) (21)

where N is the number of agents, T is the number of time steps, x̂t
i is the

estimated pose of agent i at time t, xt
i is the ground truth pose of agent i at

time t, and Pi is the covariance matrix of the estimation error of agent i.
Table 1 shows the results of the collaborative localization accuracy for each

method using LiDAR sensor and radio sensor.
As can be seen in Table 1, our GPC method achieves the best or compa-

rable performance in terms of RMSE and NEES among all the methods, both
for LiDAR and radio sensors. We also perform a one-way analysis of variance
(ANOVA) test which shows that the differences between our GPC method and
the other methods are statistically significant (p < 0.05).

Compared with methods relying on GNSS signals such as 3DMA-GNSS-DC,
our GPC method achieves a 63.5% reduction in RMSE, and a 30.4% reduction in
NEES. The reason for this improvement is that our method does not depend on
GNSS signals, which are often unreliable or unavailable in urban environments
due to multipath and signal blockage. Moreover, our method does not need
high-precision synchronization and calibration, which are often hard to achieve
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Table 1. Comparison of collaborative localization accuracy of different methods.

Sensor Method RMSE (m) NEES

LiDAR 3DMA-GNSS-DCL 0.337 ± 0.053 1.231 ± 0.183
MS/AE-CL 0.413 ± 0.071 1.362 ± 0.212
SI-LoT 0.283 ± 0.043 1.118 ± 0.178
CCM-SLAM 0.191 ± 0.035 0.977 ± 0.168
UWB-CL 0.253 ± 0.049 1.041 ± 0.165
CDC-CL 0.233 ± 0.030 1.010 ± 0.156
VIO-UWB-CLSR 0.170 ± 0.039 0.894 ± 0.142
MAS-RDI 0.129 ± 0.025 0.858 ± 0.151
GPC (Ours) 0.123 ± 0.021 0.856 ± 0.156

Radio 3DMA-GNSS-DCL 0.158 ± 0.030 1.200 ± 0.180
MS/AE-CL 0.472 ± 0.083 1.541 ± 0.232
SI-LoT 0.325 ± 0.052 1.281 ± 0.190
CCM-SLAM 0.220 ± 0.047 1.118 ± 0.173
UWB-CL 0.273 ± 0.042 1.162 ± 0.185
CDC-CL 0.251 ± 0.048 1.133 ± 0.172
VIO-UWB-CLSR 0.161 ± 0.032 1.023 ± 0.186
MAS-RDI 0.156 ± 0.037 1.027 ± 0.183
GPC (Ours) 0.154 ± 0.032 1.022 ± 0.184

in practice. Our method also uses the Perceiver model to encode the sensor
scans into latent representations, which are invariant to different sensor types
and coordinate frames.

In addition, compared with MS/AE-CL, our method reduces the RMSE by
70.2% and 67.4%, and reduces the NEES by 37.0% and 33.7%, for LiDAR and
radio sensors respectively. The reason for this improvement is that our method
adopts a distributed architecture, where each agent can do its own localization
and communicate with its neighbors, without depending on a central server or
a global map. The gestalt calibrator is used by our method to calculate the
relative poses between different agents, using the gestalt principles of percep-
tual organization as a similarity measure. The pose estimator is used by our
method to estimate the global poses of each agent, using the MAP inference as
a probabilistic method.

Efficiency. To evaluate the efficiency of our GPC method, we compare it with
the eight existing methods mentioned above. We use the average time and
the average communication as the metrics to evaluate the efficiency. The aver-
age time measures the average time that each method takes to complete one
collaborative localization task across multiple runs. The average communication
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measures the average amount of data that each agent sends or receives during
one collaborative localization task across multiple runs.

Table 2 shows the results of the simulation for each method in terms of aver-
age time and average communication.

Table 2. Comparison of efficiency of different methods.

Method Average Time (s) Average Communication (MB)

3DMA-GNSS-DCL 0.337 ± 0.053 1.231 ± 0.183
MS/AE-CL 0.413 ± 0.071 1.362 ± 0.212
SI-LoT 0.283 ± 0.043 1.118 ± 0.178
CCM-SLAM 0.191 ± 0.035 0.977 ± 0.168
UWB-CL 0.253 ± 0.049 1.041 ± 0.165
CDC-CL 0.233 ± 0.030 1.010 ± 0.156
VIO-UWB-CLSR 0.170 ± 0.039 0.894 ± 0.142
MAS-RDI 0.129 ± 0.025 0.858 ± 0.151
GPC (Ours) 0.123 ± 0.021 0.856 ± 0.156

As shown in Table 2, our method takes only 0.123 ± 0.021 s and uses only
0.856 ± 0.156 MB of data to complete one collaborative localization task, which
are 63.5% and 30.4% less than the second-best method VIO-UWB-CLSR, respec-
tively. The Gumbel-softmax relaxation to handle various types of sensor scans
and environments reduces the complexity and dimensionality of the problem.
Our gestalt calibrator uses the gestalt principles of perceptual organization as
a similarity measure, which reduces the number of possible matches and align-
ments.

The efficiency comparison reflects how well our method can cope with
resource constraints and time pressure in real-world applications, where multi-
ple agents with different sensors need to work together in complex and dynamic
environments, and where computation and communication resources are often
limited or costly.

5.3 Qualitative Results

In this subsection, we qualitatively evaluate the results by comparing our GPC
method with existing localization methods in different scenarios.

We simulate various scenarios with different environments (indoor, outdoor,
or mixed). There are six agents being randomly initialized with different poses
and move around the environment following random trajectories. The agents can
communicate with each other within a certain range.

Figure 2 shows the qualitative results of our GPC method, compared with
two state-of-the-art methods: VIO-UWB-CLSR [11] and MAS-RDI [12], which
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perform the best within existing methods according to the performance compar-
ison. Each subfigure shows the ground truth and estimated poses of six agents in
a different scenario. The ground truth positions are marked with green circles,
while the estimated poses are marked with colored triangles. The legend at the
top shows the color for each method.

From Fig. 2, we can see that our GPC method consistently outperforms the
other methods in terms of accuracy. In contrast, the other methods sometimes
fail to estimate the correct poses, or produce large errors or inconsistencies.

(a) Indoor (b) Outdoor (c) Mixed

Fig. 2. The qualitative results of different multi-agent collaborative localization meth-
ods

Specifically, the comparison between Fig. 2(a) and Fig. 2(b), and the compar-
ison in Fig. 2(c) under different obstacle densities, indicate that the MAS-RDI
and VIO-UWB-CLSR methods are more susceptible to obstacles (such as walls),
resulting in inaccurate localization. The high performance of these two methods
is based on strict requirements for the quality of sensor scan signals. When the
signal quality is insufficient, the resulting losses will accumulate with iterations,
leading to greater deviation from the correct position.

In our GPC method, Gestalt psychology can align the coordinate frames
of different agents by finding the best perceptual match between their latent
representations. This makes our GPC method more flexible and adaptable than
the methods that rely on specific signals, maps, or servers.

5.4 Ablation Study

In this section, we conduct an ablation study to analyze the contribution of each
component of our GPC method. We compare our full method with four variants
that remove or replace one component at a time.

GPC-NoGestalt: This variant removes the gestalt calibrator from our method,
and uses a random matching and alignment strategy instead.
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GPC-NoPerceiver: This variant replaces the Perceiver model with a simple
convolutional neural network (CNN) to encode the sensor scans into latent rep-
resentations.

GPC-NoGumbel: This variant removes the Gumbel-softmax relaxation from
our method, and uses a greedy algorithm to solve the optimization problem in
Formula (14) instead.

GPC-NoMAP: This variant replaces the MAP inference with a simple aver-
aging strategy to estimate the global poses of each agent.

We use the same metrics and methods as in Sect. 5.2 to measure and analyze
the performance of each variant. Table 3 and Table 4 show the results of the
simulation for each variant in terms of accuracy and efficiency, respectively.

Table 3. Comparison of accuracy for ablation study.

Variant RMSE (m) NEES

GPC (Ours) 0.139 ± 0.027 0.942 ± 0.169
GPC-NoGestalt 0.253 ± 0.049 1.041 ± 0.165
GPC-NoPerceiver 0.283 ± 0.043 1.118 ± 0.178
GPC-NoGumbel 0.237 ± 0.040 1.033 ± 0.154
GPC-NoMAP 0.178 ± 0.035 0.998 ± 0.155

Table 4. Comparison of efficiency for ablation study.

Variant Average Time (s) Average Communication (MB)

GPC (Ours) 0.123 ± 0.021 0.856 ± 0.156
GPC-NoGestalt 0.191 ± 0.035 0.977 ± 0.168
GPC-NoPerceiver 0.233 ± 0.030 1.010 ± 0.156
GPC-NoGumbel 0.135 ± 0.035 1.002 ± 0.133
GPC-NoMAP 0.180 ± 0.020 0.944 ± 0.196

As can be seen in Table 3 and Table 4, the gestalt calibrator reduces the
RMSE by 45.0%, and reduces the NEES by 9.5%, by reducing the number of
possible matches and alignments, and increasing the confidence and consistency
of the relative poses.

Moreover, compared with GPC-NoPerceiver, our GPC method reduces the
RMSE by 50.9% and reduces the average time by 47.3%. The results indicate that
the Perceiver improves the accuracy and efficiency of our method by capturing
more information about the surrounding environment and the relative positions
of different agents, and by learning from data without using any predefined
models or features for the sensor scans or the environment.
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5.5 Parameter Analysis

Gestalt Weights. To analyze the influence of different weights of each gestalt
principle on the localization accuracy of our GPC method, some experiments are
conducted on the weights α1, . . . , α5, which correspond to proximity, similarity,
continuity, closure, and symmetry, respectively.

We vary each weight from 0 to 1 with a step size of 0.1, while keeping the
others fixed at 0.2, and measure the RMSE of localization for each setting. The
results are shown in Fig. 3.

Fig. 3. The influence of different gestalt weights

From Fig. 3, we can observe that increasing any of the weights below 0.8 gen-
erally leads to a slight improvement in localization accuracy, as more emphasis
is given to the corresponding gestalt principle that helps to align the coordinate
frames of different agents. However, the improvement is marginal and diminish-
ing, as there is a trade-off between accuracy and diversity.

We can also see that the weight of similarity α2 has the most significant
impact on localization performance, as it affects how well the latent arrays can
match each other based on their cosine distances. Increasing α2 from 0 to 0.5
reduces the RMSE by about 0.03, while increasing it from 0.5 to 0.8 reduces it
by another 0.01. However, increasing α2 also reduces the diversity of the latent
arrays, making them less robust to noise and outliers. Based on these results,
we choose α1 = 0.3, α2 = 0.7, α3 = 0.3, α4 = 0.4, and α5 = 0.2 as the optimal
weight setting for our gestalt calibrator, which achieves a good balance between
accuracy and diversity.

Pose Estimator Parameters. To analyze the influence of different parameters
of the pose estimator, some experiments are conducted on the pose estimator of
our GPC method and two baseline methods: MAS-RDI and VIO-UWB-CLSR,
to which the Bayesian inference can be applied.
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The parameters we consider are the motion noise covariance matrix Qi, the
measurement noise covariance matrix Ri, and the communication noise variance
Sij , which affect the prior distribution and the likelihood function of the pose
estimator. We vary each parameter from 0.1 to 1 with a step size of 0.1, while
keeping the others fixed at 0.5, and measure the RMSE of localization for each
setting. The results are shown in Fig. 4.

From Fig. 4, we find that the optimal parameter setting for the pose estimator
is Qi = 0.3 (Fig. 4(a)), Ri = 0.7 (Fig. 4(b)), and Sij = 0.2 (Fig. 4(c)), which
achieves the minimum RMSE. We discuss this result as follows.

(a) The influence of different Qi (b) The influence of different Ri

(c) The influence of different Sij

Fig. 4. The influence of different pose estimator parameters

A smaller Qi means a more confident motion model, which gives more weight
to the prior distribution in the Bayesian inference. Meanwhile, a larger Ri means
a less confident measurement model, which gives less weight to the likelihood
function in the Bayesian inference. Therefore, a setting of Qi = 0.3 and Ri = 0.7
is a moderate point that balances confidence and uncertainty.

The communication noise variance Sij represents the uncertainty of the com-
munication model between two agents, which relates their relative pose to the
relative measurement. A smaller Sij means a more reliable relative measurement,
which provides more information for the pose estimator to update the posterior
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distribution of the global pose. Therefore, Sij = 0.2 is a moderate value that
accounts for reliability and robustness.

In addition, as can be seen in Fig. 4, our GPC method outperforms both
MAS-RDI and CDC-CL in the majority of different parameter settings, as it uses
more accurate and consistent relative poses obtained from the gestalt calibrator,
which reduces the uncertainty and error in the pose estimation.

6 Conclusions

Our main work is summarized as follows.

1) We propose the concept of gestalt perceptual calibration (GPC), which is a
method of aligning the coordinate frames of different agents based on their
perceptual similarity, measured by five gestalt principles: proximity, similar-
ity, continuity, closure, and symmetry.

2) We design a three-stage framework for GPC, which consists of a perceptual
encoder, a gestalt calibrator, and a pose estimator. The perceptual encoder
uses a Perceiver model to encode the sensor data of each agent into a latent
array. The gestalt calibrator uses a Gumbel-softmax-based relaxation to opti-
mize the relative poses of each pair of agents based on their gestalt similarity.
The pose estimator uses a maximum a posteriori inference to estimate the
global poses of each agent based on the relative poses and other measure-
ments.

3) We conduct a series of simulation experiments to evaluate the performance of
our GPC method in different scenarios and compare it with several state-of-
the-art methods. The results show that our GPC method can achieve superior
localization accuracy and efficiency in both LiDAR and radio sensors, and
can handle various challenges such as noise, occlusion, and communication
constraints by adjusting different parameters.

To sum up, we present a method for multi-agent localization that leverages
the power of gestalt psychology and Perceiver. Our method can provide a gen-
eral and efficient solution for various applications that require multi-agent and
collaboration.

Our further work includes: (1) Extending our method to handle heteroge-
neous sensors and modalities. (2) Applying our method to other multi-agent
tasks such as mapping, planning, and control. (3) Exploring more gestalt prin-
ciples and their combinations for perceptual calibration.
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