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Abstract— We study a search and tracking (S&T) problem
where a team of dynamic search agents must collaborate
to track an adversarial, evasive agent. The heterogeneous
search team may only have access to a limited number of
past adversary trajectories within a large search space. This
problem is challenging for both model-based searching and
reinforcement learning (RL) methods since the adversary ex-
hibits reactionary and deceptive evasive behaviors in a large
space leading to sparse detections for the search agents. To
address this challenge, we propose a novel Multi-Agent RL
(MARL) framework that leverages the estimated adversary
location from our learnable filtering model. We show that our
MARL architecture can outperform all baselines and achieves
a 46% increase in detection rate.

I. INTRODUCTION

Search and tracking (S&T) is a fundamental problem that
requires autonomous agents to work together to find and
track a specific object of interest, which is critical for a
wide range of applications, from drug smuggling tracking
to endangered wildlife monitoring. It is often difficult and
cumbersome to design hand-crafted expert S&T policies as
it is intractable to manually abstract patterns from complex
environments with limited knowledge of adversarial target
motions perfectly. Therefore, we propose a statistic-driven
MARL framework with a Prior Motion Combined (PMC)
filter model to perform informed exploration and maximize
performance in a complex sparsely observable environment.

In this paper, we focus on the challenging adversarial S&T
setting of reactive target and sparse detection, which means
our heterogeneous search team can only make decisions
based on intermittent information. Previous non-learning
based methods have been developed to provide fast, robust
and accurate tracking capabilities [1]-[5], which sometimes
requires auxiliary parallel and hierarchical architectures, in-
cluding probability map construction [6], detection-object
association [7]-[9], target location filtering [7], [8], [10], and
searching strategy optimization [6], [11]. The appropriate
design, organization, and coordination of such subsystems
can improve the S&T efficiency, but none of these is designed
for adversarial S&T. In recent years, MARL has shown
promising results in learning S&T policies by outperforming
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hand-tuned expert heuristics [11]. Several approaches have
attempted to tackle exploration in sparse reward environ-
ments through reward shaping [12] or experience replay
mechanisms [13], [14]. However, these methods still rely
on expert-designed rewards, goals, or repeated environment
replay from specific states. In contrast, we propose to address
this challenge using opponent modeling, which involves
reasoning about the opponent’s strategy to enhance decision-
making [15].

In this work, we present a novel approach that leverages
estimated adversarial locations from the PMC filter to im-
prove the efficiency of MARL for S&T in large adversarial
environments with sparse detections. The PMC filtering
model consists of a mixture-density network (MDN) that
balances prior knowledge with a forward-motion model and
is trained from past information we have about the target
(e.g. wild animal behavior patterns [16] or drug smuggling
routine [17] etc.) The key idea is to enhance the RL process
by introducing a filtering model, which serves as a shortcut
for inferring the evading agent’s location.

Contributions: In summary, our contributions are three-fold:

1) We design a concise PMC filter structure that combines
an a priori model with a linear forward motion model,
demonstrating its effectiveness in localizing targets.

2) We propose a data-driven framework, utilizing the PMC
filter in a MARL framework for a heterogeneous S&T
team to track an intelligent evasive target in low observ-
able settings (Figure 1).

3) We showcase the effectiveness of our approach in
tracking adversarial targets compared to baseline filters,
expert policies, and other MADDPG baselines. Our
method achieves an increase of 24.7%, 46%, and 51%
in localization accuracy, detection rate, and tracking
performance, respectively.

II. RELATED WORK
A. Object Search and Track

Target search and tracking (S&T) has emerged as a promi-
nent research topic in recent years [1], [6], [9]-[11], [18]—
[22]. Researchers have approached this problem by creating
heuristic search strategies for agents such as spirals, lawn-
mowers [19], or interceptions [20]. However, these methods
either assume knowledge of the target’s exact location [20],
rely on a wide field of view [1], or are designed for non-
evading, non-adversarial targets [6], [21]. Other work that
assumes dynamic targets utilizes an exploration-exploitation
dynamics (EED) strategy [2] based upon a particle swarm
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negative log likelihood with a set of pre-collected trajectories. We then utilize MADDPG to train the searching agents to track the opponent agent.

optimization algorithm [3] or information theoretic objective
functions [23], [24]. In this paper, we demonstrate that
our proposed learning-based approach surpasses both hand-
crafted heuristics and swarm searching strategies.

B. Opponent Modeling

Opponent modeling usually uses neural networks for target
or opponent prediction. For instance, DRON is proposed to
model the behavior of opponents from opponent observations
[25]. Grover et al. use imitation learning and contrastive
learning to predict the next actions of an opponent [26]. Yu
et al. utilize a model-based approach with neural networks
for predicting the next state of the opponents [27]. However,
such approaches assume full observability of the opponent.

In this paper, we propose a neural network filtering module
(PMC) that estimates the current opponent location from lim-
ited detection and knowledge generalized from its previous
behavior, to help the downstream MARL track an evasive
target. Although traditional non-learning-based filters [7],
[8], [28], [29] have been widely used for agent localization,
such classic filters can neither incorporate prior knowledge
nor generalize well for under-determined observation condi-
tioning in long term settings since they usually require the
difference between consecutive predictions [7], [10], [30].

C. Multi-Agent Reinforcement Learning (MARL)

MARL algorithms are designed to train multiple agents
jointly to solve tasks in a shared environment. The simplest
form is to train each agent independently with traditional
RL algorithms (e.g. DQN [31], DDPG [32]). However, such
an approach for training agent policies is not guaranteed to
converge in a non-stationary multi-agent system.

Rather than training each agent independently, researchers
have utilized centralized training decentralized execution
(CTDE) algorithms where all agent observations are used
to learn a centralized critic, but each agent uses its own
observations during execution [33], [34]. Other solutions
include utilizing learnable online communication channels
such that agents can learn whom to communicate with, how
to process messages, and when to communicate [35], [36].
We build upon MADDPG [33] in our approach to train S&T
agents in an adversarial domain.

Utilizing MARL in adversarial environments is difficult
as the policy of the opponent may evolve during training

which leads to a distribution shift in the optimal policy
for the search agents. AlphaStar [37] partially solves the
issue by training a “league” of agents corresponding to
different strategies such that each individual policy can focus
on optimizing a certain aspect of the strategy space. Other
approaches have used opponent modeling [25]-[27], [38] to
predict the future location of adversarial agents as additional
loss terms during training. However, these approaches typi-
cally rely on continuous knowledge of opponent observations
as input, which is not applicable in our setting. Our learnable
PMC filter only conditions on the previous sparse detections
and improves tracking performance on a continuous action,
large state space, and partially observable domain compared
to previous discrete action, small state space, and fully
observable domains commonly used for MARL.

ITIT. ENVIRONMENT
A. Partially Observable Markov Game

A Markov Game is the multi-agent version of a Markov
Decision-Process (MDP). In this work, we model adversarial
search and track as a Partially Observable Markov Game
(POMG) [39]. A POMG for N-agents can be defined by
a set of states S, a set of private observations for each
agent {O01,0s,...,0n}, a set of actions for each agent
{A1,Az,... An}, a transition function 7 : S X A; X

. x Ay — S. At each timestep ¢, every agent indexed
i, € {1,...,N} receives an observation Of, chooses an
action A! € A;, and obtains a reward r{ : S x A; — R. The
initial world state is drawn from a prior distribution p. In
our environment (see §11I-B), the RL policy has to explore a
large search space with nearly no detection at the start, and
the observation distribution is approximately static. However,
the distribution will change when the policy becomes better
and the detections increase. We expect our designed filter
can help RL for an easier transition.

B. Fugitive Escape Scenario

In our evaluation of the proposed algorithm for adversarial
S&T, we use a large-scale (2428 x 2428, representing 51
x 51 km) pursuit-evasion domain named Fugitive Escape
scenario [40]'. An intelligent evader with max speed 15 per
timestep is being tracked by a team of search agents in a

Thttps://github.com/CORE-Robotics-Lab/Opponent-Modeling



< | B

(b) Spiral

(a) Intercept

P = W (
oEe
’ \
1 \
| 1
\ ! \
\ l
N ’
o @

(d) Random Spiral

(c) Pointwise

Fig. 2. Subpolicies used in the search agent heuristics.

partially observable environment. The game-ending goal of
the evader is to reach any hideout on the map, of which
the pursuit team only knows a partial set. The terrain has
varying visibility levels, with dense forest regions hindering
the agents’ detection abilities. Using A* search, the evader
covertly makes their way to a hideout while traversing
the shortest distance and taking advantage of dense cover.
Additionally, the evader employs dynamic planning by using
evasive behaviors to escape from the search team’s contact.

The heterogeneous pursuit team consists of static (cam-
eras) and dynamic agents (search parties and helicopters with
max speed 20 and 127 respectively) that collaborate to search
and track the evader. Both the evading agent and the pursuit
agents can only detect each other within a certain range,
determined by their speeds and the terrain.

C. Heuristic Policy

We create a heuristic policy for tracking the evader in-
spired by previous object searching works [19], [20]. The
search agents can choose to either 1) go to the last known
location of the evader, 2) intercept the evader, or 3) search
in the vicinity of the evader’s last known location.

In the Fugitive Escape domain, we have two types of
dynamic agents— search parties and helicopters, with speed
limits of vg; and vy, respectively. The detection history of the
evader is shared across all search agents and is denoted as
{d;}N | where d; is the detected location of the evader and
N, is the number of detections from the start of the episode.
We denote the current detected location of the evader as x,,
and that of any search agent as x;.

If the evader is detected nearby and within reaching
distance, (i.e. ||z, — xsl]l2 < wvg), the search agent will
directly go to the detected location with the pointwise policy
(Figure 2c). Otherwise, the search agent will intercept by
going to the interception point perpendicular to the opponent
agent velocity (Figure 2a) and then move along the vector
towards the opponent’s estimated location. If the search agent
does not detect the evader, it will spiral around the estimated
evader location for a set time (Figure 2b). If the agent still

fails to find the evader, then the policy is reset and the search
agent starts a spiral search at a random location (Figure 2d).

IV. METHOD

We propose a novel approach named Prior Motion Com-
bined MADDPG (PMC-MADDPG) to improve the effi-
ciency of solving S&T problems in sparse detection envi-
ronments (Figure 1). PMC-MADDPG is a framework that
embeds a filtering model (PMC), which estimates the current
location of the adversary, into MADDPG. We show that the
filtering model aids in improving MARL performance even
with sparse information at the start of training (§V). We
take inspiration from classical filters, where most classical
methods merge different information sources (e.g. prediction
and update, multiple motion models, etc.) with weights (e.g.
Kalman gain) for some optimal loss (minimum mean-square
error). Following this pattern, we build our filter as two
different information branches (a prior network and a linear
motion model) and a learnable weight a.

A. PMC Filter System Design

Our proposed Prior Motion Combined (PMC) filtering
model (Figure 1) consists of three parts 1) a learned prior
network to inform the search agents of the adversarial agent
preferences, 2) a linear motion model predictor to provide
estimates of the adversarial motion and 3) a confidence
network that learns to weigh these components relative to
the input observation.

1) Prior Network: The adversary may exhibit distinct
patterns or preferences while meeting its objectives such
as evading surveillance agents, optimizing travel costs or
heading to different hideouts. We utilize a learning based ap-
proach to encode data from past trajectories of the adversary
into an embedding space. Fully connected (FC) network is
used as an encoder that takes as input the starting location of
the adversary and the current timestep from the observation:

pr = Encoder(xq,1t) (D

where py, is the embedding from the encoder, x; is the start-
ing location of the adversary and ¢ is the current timestep.

2) Motion Model: We use a linear motion model where
the input is the timestep and the last two detected locations.
We output the estimated current location based on the
constant velocity assumption. The state of the adversarial
agent at timestep k£ can be estimated as:

T =Ty + (k - k)u,; 2)

where xj and uy are the state (location) and control input
(velocity); k is the latest timestep where detection occurred.
This can be shown to satisfy the intermittent Kalman filter
estimation [30]. We pass the output of the motion model
xp, through several fully connected layers to produce an
embedding my, for the motion prediction to be used for the
decoder described in the following subsection §IV-A.3.



3) Confidence Network: We use an FC confidence net to
generate a scalar weight o from the observation to balance
the prior and motion outputs:

Ge = apy, + (1 - Oé)mh 3)

where p;, m; and G. are prior, motion and Gaussian
embeddings respectively and « is the learnable weight.

Since the adversary’s path preferences are encoded in the
prior network, the decoder can produce multiple hypotheses
(mixture of Gaussians) for state estimation:

Ai, i, 0; = Decoder(G.),i =1,2,3,..., N, 4)

where N, = 8 is the number of components in the Gaussian
mixture and A;, p; and o; are the mixture weight, mean and
variance of the mixture component i. We utilize the negative
log-likelihood loss (Equation 5) for a mixture of Gaussians
to train the entire network including the prior network, layers
encoding the motion model, and decoder:

Nq
£=—log(Y " Xi-plylpi 0:%)) )

i
where y is the true adversary location normalized to [0, 1].

B. PMC Filter Informed MARL

In this section, we discuss how the PMC Filter described in
Section IV-A is utilized in the MARL formulation to improve
search and tracking. We hypothesize that our RL based
method (PMC-MADDPG) can perform better than hand
crafted heuristics [19], [20] because the policy is capable
of adapting to changing environment state distributions.

In traditional MADDPG, the value function faces the
challenge of inferring the evasive agent’s location from
observations and rewards in a noisy and sparsely observable
environment. This inference becomes particularly difficult
due to the limited exploration of the state space. However,
our PMC filter, trained directly with a supervised loss using
historical trajectories, offers a solution. By augmenting the
input to the actor-critic with an estimate of the evading
agent’s location, the PMC model helps alleviate the burden
of this challenging inference. As a result, we propose that
the PMC model effectively informs MARL training and
enhances both sample efficiency and exploration capabilities.

1) Multi-agent deep deterministic policy gradient (MAD-
DPG): MADDPG is a multi-agent extension of the basic
Deep Deterministic Policy Gradient (DDPG) reinforcement
learning algorithm and follows the off-policy centralized
training and decentralized execution paradigm [33]. Each
agent has its own actor-critic structure but the critic takes
the combined state-action pairs of all agents compared with
the input of the actor which is each its own experience tuple.

We use MADDPG as our framework to train the search
agent policies. For each search agent, the base observation
op includes its own current location, the current timestep,
the current locations of all other searching agents, and the
location of known hideouts. The augmented observation o, is
the extra information appended to each agent’s observation.
The PMC-MADDPG uses the estimated opponent location

from the filter relative to the search agent as o, (Equation
(6)):

PEC =y — 5,5 = 1,2,3,.., Ny 6)
Each agent ¢ receives its own observation denoted as o; =
[0b]]0a]. Based on this observation, each agent independently
determines its action using its own FC deterministic policy:

a; = 7Ti<0i),i = 1,2, ...,Na (7)

where N, is the number of search agents. The critic is
then updated to minimize the TD error (L(6;)) between two
consecutive timesteps:

L(0;) = E0,ar0' [(QF (O, a1, ....an,) —4)*] ()

yzri""'}/Qg/(O/aa&a“-aalNu) al=n/(04) (9)

Then the policy is updated with the gradient:

Ve, J(&i) = Eo,a~p[Ve,mi(aslos)
VaiQ;T(O7 at, ..., aN)|a7:=7r7-,(Oi)}

where ~ is discount factor. 6;,&;,1 = 1,2,..., N, are the
parameters of the critic and actor neural networks Q);, m; re-
spectively. O is the concatenation of all agents’ observation.
We assume the action a; to be the search agent velocity.
Samples are randomly drawn from the replay buffer D to
train the actor-critic and all the gradients are cut off at
the observation, which means we only update the network
parameters using equations (9) and (10) while the PMC
is updated only with (5). The superscript prime means the
quantity is of the next timestep and the subscript indicates
the agent index. We train the algorithm with each agent’s
detection reward and a distance shaping term as [33].

2) PMC Filter in MADDPG: The evading agent is rarely
detected at the start of the MARL because the search agent
policies are not trained well. Therefore we hypothesize
that our PMC filter can compensate for the information
loss by providing its position estimation to foster train-
ing. Specifically, we concatenate the Gaussian parameters
Ou = { i, i, ai}f\igl from the filter to the end of the base
observation O as described in §IV-B.1 and compare the
results with other augmented observations.

We evaluate the benefit of augmenting MADDPG with a
filter module by comparing the performance on two datasets
— random and heuristic depending on how the search agents
interact with the evader when pretraining the filter. In the
random dataset, the search agents use random policies such
that there are nearly no detections and the evader does not
need to actively escape. In the heuristic dataset, the search
agents use heuristics such that the evader has interactions
with the searching team. We show that our approach outper-
forms all baselines in both datasets in §V.

(10)

V. EXPERIMENTS AND RESULTS

This section shows our proposed PMC filter model can
successfully estimate the evader location and aid in down-
stream MADDPG training. We divide our comparisons into
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Fig. 3.
reward, and lower closest distance means better performance.

three groups: 1) PMC filter vs. RNN-based baseline filters, 2)
MARL-based method vs. heuristics, and 3) validation of the
PMC filter’s positive contribution to MARL. We report the
MARL performance averaged over 50 trajectories and show
all experiment results in Table III, Figures 3-4 where closest
distance indicates the distance between the evader and the
closest search agent (| means lower is better). We denote the
search agent policies used to warm-start the filter as either a
heuristic policy (Heu) or random policy (Random).

A. PMC Filter Validation

We first assess the accuracy of our PMC filter by compar-
ing it to several baseline filters on prior datasets independent
of MARL. Our PMC filter outperforms four RNN-based
filters and one FC configuration (Table I-II) on various
metrics. RT refers to the forward running time for one
batch. We evaluate the log-likelihood (LL) of the adversary
location given the predicted Gaussian distribution. ADE is
the [5 distance between the mean of the predicted distribution
and the adversary location. Confidence Threshold Percentage
(CTP) is the ratio of timesteps where the model predicts a
probability of the adversary location greater than 0.5.

TABLE 1
RANDOM SEARCH POLICY EVALUATION METRICS (MEAN)
Filt. RT] LLT ADE] CIP}
LST™M 893e-d 1.74 138e-1 4.27e-1
GNN 7.14e-3 293 791e-2 5.12e-1
VRNN 8.85e-3 4.70 4.59e-2 9.0le-1
VRNN-GNN || 1.51e2 3.61 6.13e-2 7.14e-1
FC 5.02e-4 5.73 5.74e-2 9.63e-1
PMC [ours] || 9.17e-4 7.25 4.19e-2 9.71e-1
TABLE II
HEURISTIC SEARCH POLICY EVALUATION METRICS (MEAN)
Filt. RT; LLT ADE] CIPt
LSTM 888c4 1.74 128e-1 4.43¢-1
GNN 7.56e-3 4.74 5.23e-2 8.1le-1
VRNN 9.11e-3 5.13 5.46e-2 8.67e-1
VRNN-GNN || 1.42¢-2 5.33 7.69e-2 8.07e-1
FC 4.90e-4 6.15 4.16e-2 8.92e-1
PMC [ours] || 9.24e-4 7.57 3.4le-2 9.66e-1

We evaluate all models on two datasets: one with random
search agent policies (Table I) and one with heuristic search
agent policies (Table II). All filter configurations follow an

MARL + Filtering evaluation results: we show our PMC filtering model + MADDPG outperforms all other baselines. Higher detection rate and

encoder-decoder structure where the encoder is indicated in
Table I-II and the decoder is an FC layer that outputs the
Gaussian mixture parameters. Both PMC and FC models use
the same input (the last two detections with velocities, current
timestep, and starting location of the evader). The input for
all RNN-based filtering approaches additionally includes the
observation histories of all agents. Results clearly show that
only the FC model is comparable with our PMC model
but is still worse by 19.84% and 30.26% on LL and ADE
respectively, averaged across both datasets. Next, we show
the results by incorporating the FC and PMC models with
our MARL framework for adversarial S&T.

B. Advantages of MARL over Heuristic Policies

We use two non-learning-based approaches as baselines—
1) Heuristic, which combines commonly used search strate-
gies like spirals, pointwise moving, and interceptions (see
$III-C), and 2) Exploration Exploitation Dynamics (EED)
which is a specialized dynamic target search and tracking [2]
method. Both approaches have comparable results achiev-
ing greater than 50% detection rate. Our results show the
MADDPG-based approaches outperform the non-learning-
based heuristics by at least 15% and 36% in terms of
detection rate and closest distance (Table III). We show
that the learning-based MADDPG approaches are able to
adapt better to the distribution of the adversarial environment
compared to hand-crafted heuristics.

As an ablation study, we construct two hand-crafted search
agent policies that use the PMC filter but do not learn.
PMC(Heu) + Highest-Prob drives the search agents to the
highest probability Gaussian while PMC(Heu) + Search
splits the searching agents amongst multiple Gaussians. Our
results show that the MADDPG policy can evolve as the dis-
tribution shifts (e.g., more evasive behavior when detected)
compared to the deterministic heuristics even though they
have same access to prior knowledge within the PMC filter.

C. Model Based Filtering Benefits

We compare the results of utilizing a PMC model and
those without a filter model. The BaseObs+MADDPG uses
the null vector () while Detections+ MADDPG uses the last



TABLE III
COMBINATION OF DIFFERENT FILTERS AND POLICIES

(MEAN + STANDARD DEVIATION)

Filter & Policy Detect. Rate Closest Dist. Reward
Non-Learning Approaches

Heuristic 0.52+0.28 0.06+0.05  0.82+0.73
EED 0.51+0.38 0.07+0.08  0.83£0.90
PMC(Heu)+Highest-Prob 0.384+0.16 0.04+0.02  0.44+0.40
PMC(Heu)+Search 0.47+£0.13 0.03+0.01  0.67£0.38
Learning Approaches

BaseObs+MADDPG 0.114+0.09 0.08+0.03  -0.04+0.09
Detections+ MADDPG 0.06+0.07 0.12+0.06  -0.16+£0.05
FC(Random)+MADDPG 0.11+0.08 0.08+0.03  -0.04+0.05
FC(Heu)+MADDPG 0.60+0.19 0.04+0.03  1.01£0.42
Our Approches

PMC(Random)+MADDPG 0.69+0.15 0.02+0.01  1.00+0.38
PMC(Heu)+MADDPG 0.84+0.12 0.02+0.04  1.53+0.27

two detections (with velocities) o4 = {z;,v;}7_, as the
augmented observation o,. We show that our PMC models
outperform these baselines, performing on average 88%
better on detection rate and achieving 41 times as much
reward. While the input to the agents is the same, the filtering
models provide the location estimates from an extra network
that the baselines do not have. We confirm that providing
tabula rasa agents with an opponent model from detection
history enables them to learn within our large, partially
observable domain.
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Fig. 4. We sum all searching agents rewards and plot the total reward curve
versus the training episodes. The PMC based MADDPG gains reward faster
and higher. The filters trained on heuristic dataset perform better than those
trained on random dataset.

D. Comparing PMC with FC Filters within MADDPG

In this section, we analyze how the PMC filtering
model performs against the FC when used within MAD-
DPG. We use FC and PMC augmented MADDPG, which
are the best filters from Section V-A. We find that the
FC+MADDPG models underperform our PMC+MADDPG
models by 53.59% on detection rate. Thus, the improvement

in the MADDPG performance is due to the PMC filter
structure since both PMC and FC filters have the same inputs.
Reward curves in Figure 4 show that the PMC+MADDPG
achieves better sample efficiency and higher reward com-
pared with FC+MADDPG. Further, the PMC filter trained
on the heuristic dataset (PMC(Heu)) can achieve higher
performance since the filtering module also encodes the
interactions between search and evader agents.
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Fig. 5. Demonstration of Heuristic vs PMC+MADDPG(Heu) on real

robots. The star and large white region represent the hideout and obstacle.
Darker regions of the map represent dense forests where visibility is low.

E. Real Robot Demonstration

We also conducted tests using the Robotarium [41] testbed
to evaluate the performance of our PMC+MADDPG method
in real-world scenarios with dynamic and collision con-
straints. The results, as depicted in Figure 5, highlight the
comparison between the heuristic policy and our method. In
these experiments, the ground robots represent the ground
search parties, with blue circles indicating their detection
range. Due to the unavailability of drones, we projected the
helicopter (represented by a red circle) onto the test bed. The
findings clearly demonstrate that the search agents following
the heuristic policy fail to capture the evader by erroneously
navigating to the wrong side of obstacles. Conversely, our
PMC model, which proposes multiple potential evader po-
sitions, effectively assists the MARL policy in continuous
tracking until the evader reaches their hideout.

VI. DISCUSSION AND CONCLUSION

We propose a novel approach for improving the efficiency
and effectivenes of S&T systems in sparse detection en-
vironments by leveraging a joint framework that utilizes
a filtering module (PMC) within MADDPG. While the
proposed approach demonstrated promising results, there
exist a few limitations that can be addressed in future work.
First, our current approach is aimed at tracking a single
adversary, and we aim to extend our approach to handle
multiple adversaries. Second, our current approach requires
previous interactions to warmstart the filtering module, which



we intend to remove. We will also further try to apply the
approach in drug tracing or disasters rescuing tasks.
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