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Abstract—The UAV-based Cattle Search (UCS) problem orig-
inates from our previously developed application, where UAVs
act as veterinary agents to locate cattle and collect health data
[1]. The goal of UCS problem is to compute an optimized
UAV path that minimizes the Expected Search Time (EST).
Recent advances in learning-based combinatorial optimization
show that neural models can construct near-optimal solutions
by learning from large datasets. In particular, the Transformer
Encoder efficiently captures spatial and sequential dependencies
through self-attention mechanisms. Motivated by this, we propose
TEUCS, an autoregressive Transformer Encoder trained in a
supervised manner. TEUCS introduces several distinctive fea-
tures compared to existing approaches. Unlike classical routing
problems that aim to minimize tour length, our formulation
focuses on minimizing EST under uncertainty. Moreover, TEUCS
incorporates domain-specific inputs: (i) a containment probability
map representing the likelihood of the target being in each grid
cell, and (ii) the last visited cell. We evaluate TEUCS against
linear programming and a deep reinforcement learning baseline
(PPO). Results demonstrate that TEUCS achieves near-optimal
performance, with a gap of 0.007% compared to the optimal
linear solutions while significantly outperforming PPO baseline.

Index Terms—UCS problem, Transformers, UAVs, Search Path
Planning, Seq2Seq architecture.

I. INTRODUCTION

A. Context

UAVs are increasingly equipped with high-resolution imag-
ing systems and advanced sensing capabilities, which makes
them valuable tools across various domains, including modern
agriculture [2]. In this context, Drone-Vet is a UAV-based
system designed for livestock health surveillance. It leverages
a UAV acting as a mobile veterinary agent to locate and
approach cattle in the field, and subsequently retrieve health-
related data stored in a collar-mounted sensor worn by each
animal [3].

Developing this application in practice presents many chal-
lenges. Animal locations are rarely known in advance due
to their dynamic and unpredictable movements. At the same
time, UAVs face limited flight time and energy, making full
area coverage impractical. Existing tracking solutions (e.g.,
GPS, RFID, cameras) are costly and impractical at scale [4],
highlighting the need for UAVs to autonomously plan efficient,
energy-aware paths for rapid cattle detection. This leads us
to define the UCS (UAV-based Cattle Search) problem which
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aims at computing an optimized UAV path that minimizes the
Expected Search Time (EST) to locate a cattle.

One way to design an optimized search path is to (i)
discretize the environment into a finite set of cells and (ii)
determine the order in which these cells should be visited to
minimize the expected time to locate the cattle. Since this
requires selecting and ordering elements from a discrete set,
the UCS problem can be formulated as a combinatorial path
optimization problem. It is related to the Optimal Search Path
(OSP) problem and similar to the NP-hard Traveling Salesman
Problem (TSP) [5], [6].

Recently, learning-based methods have emerged for solving
combinatorial optimization (CO) problems. Machine learning
improves efficiency by enriching variable representations, al-
lowing them to capture problem structure directly rather than
relying solely on iterative algorithms [7]. Various architectures
have been explored, from pointer networks to graph attention
networks (GATs) and Transformer models [8].

A Transformer is a deep learning architecture that pro-
cesses sequential data using attention mechanisms. Initially
introduced for NLP [9], it has been adapted to combinatorial
optimization problems such as TSP [10]. It consists of an
encoder that builds input representations and a decoder that
generates output sequences. Its key component is multi-head
self-attention (MHSA), which allows the model to focus on
the most relevant parts of the input to construct near-optimal
solutions.

Building on this, we propose TEUCS, a Transformer En-
coder for solving the UCS problem. It generates search paths
autoregressively, constructing the solution step by step by
predicting the next cell based on previously selected ones.
TEUCS is trained in a supervised manner using optimal paths
obtained from a linear formulation in our previous work [3].

B. Contributions

TEUCS introduces several innovations beyond a standard
Transformer encoder: (i) probability-aware embeddings to
encode the belief distribution over grid cells, (ii) a last-visited
token to capture sequential dependencies relevant to search,
and (iii) a supervised learning framework that approximates
Linear Programming optimal solutions for expected search
time rather than tour length. Specifically, the main contribu-
tions of this work are:
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o Transformer-based architecture adapted to solve novel
NP-complete probabilistic problem of search path opti-
mization.

o Effective sequence modeling: The model predicts cell
coordinates, enabling the generation of smooth search
paths. In addition, it incorporates specialized masking
mechanisms to respect the constraints of the problem.

« Efficient training paradigm with the data augmentation
technique by leveraging the complete dihedral group Dy
symmetries of grid-based problems.

o Developing and Comparing TEUCS performance with
both linear program and Deep Reinforcement Learning
models.

II. RELATED WORK

Attention-based models replace handcrafted iterative algo-
rithms by learning high-dimensional embeddings that capture
relationships between variables. Through attention, they inte-
grate this information in parallel, enabling simple output layers
(like a linear classifier) to generate solutions, with processing
complexity depending on the task and model capacity.

In this area, Vinyals et al. [11] introduced Pointer Networks,
an LSTM encoder—decoder model for TSP, trained on anno-
tated optimal tours (up to 50 nodes). The model generates
solutions autoregressively, each step depending on all previous
outputs. Bello et al. [12] further extended Pointer Networks
by integrating RL algorithm for fine-tuning, using a policy
gradient method to directly optimize the model. They applied
supervised pretraining on tours generated by Concorde, which
expanded the problem size up to 100 nodes.

After this, more research began to shift toward attention-
based architectures.

Kool et al. [10] addressed TSP and VRP using a
Transformer-based model for graph data, similar to a Graph
Attention Network. Trained with REINFORCE, it learns a
generalized policy to generate solutions autoregressively, one
element at a time. Kool et al. [13] trained Transformer
encoders on solver-generated data addressing TSP and VRP
instances of up to 100 nodes. Jin et al. [14] introduced
Pointerformer, a memory-efficient Transformer-based model
with a multi-pointer decoder, demonstrating strong scalability
of DRL methods to large-scale TSP instances. Bogyrbayeva
et al. [15] investigated a TSP variant with drone constraints,
employing an encoder-LSTM architecture trained with DRL
to optimize both route length and energy cost. Luo et al. [16]
were able to improve representational scalability by training
large Transformer encoder-only models on synthetic datasets,
which were generated by a solver, for instances beyond TSP-
500. Finally, Bresson et al. [17] proposed a modified version
of the Transformer architecture to tackle TSP and process a
set of nodes to learn the relationship between the nodes and
generate a city each time period. The model was trained with
the Reinforce algorithm and improved with the beam search
heuristic.

ITI. PROBLEM STATEMENT AND SYSTEM MODEL

In this section, we focus on the UCS problem that aims at
planning an efficient search trajectory followed by a UAV to
locate the stationary cattle '. within the minimum expected
search time.

A. Assumptions

Al: The herding area is modeled as a 2D space dis-
cretized into a regular grid, where each sub-area corre-
sponds to a cell.

A2: There is only one stationary target (cattle) inside each
cell.

A3: The searcher is one autonomous UAV.

A4: The searcher’s movement is constrained (only move
to neighbor cells).

AS: The search time is discrete. The time is divided into
multiple time periods.

A6: The UAV is equipped with perfect sensors enabling
it to detect the target if both of them are in the same cell
at the same time.

B. System Model

e Search environment:

Consistent with search theory, the search space is first
decomposed into sub-regions to enable efficient planning [18].
We model the problem as a GxG grid world composed of a
finite set of cells. 7 = {1,...J} represents the search envi-
ronment; each cell has a probability of the target containment
which is denoted p;. Since the target is stationary the equation
(1) is valid. Consequently, it is guaranteed that the target can
always be found, albeit potentially requiring a visit to every
cell in the worst-case scenario.

J
> opi=1 )

Jj€ET
The UAV initially sweeping the Aol (Area of Interest) could
be a method to estimate the prior probability distribution.

e Time and motion model: The search time is discrete 7 =
{1,...T}, and at each step ¢ the UAV moves to a neighboring
cell and inspects it. It may start in any cell j, and follows
a computed trajectory until the target is found, ending the
mission. Due to kinematic constraints, the UAV can only move
to adjacent cells in the following time period ¢ + 1. We also
assume perfect sensing, meaning the target is always detected
if it is in the same cell as the UAV.

C. Objective

The primary objective of the established model is to learn
how to construct a search path that minimizes the expected
search time which is formulated as follows :

Expected search time = Z D;-tj )
jeg

we refer with cattle to one or group of animals located in same cell
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Besides the major learning goal, the search path involves
learning sub-goals, which are:
o Avoid going out of the Aol bounds.
« Visit all the cells to guarantee the target locating.
« No revisiting cells, since the target is stationary; if it was
not found in cell 7, there is no need to revisit cell j once
again.

IV. TEUCS: TRANSFORMER ENCODER FOR UCS
PROBLEM

A. Overview

Our model is based on a Transformer [9] encoder architec-
ture. We call our approach TEUCS (Transformer Encoder for
UCS). It solves the optimization problem by constructing the
search path autoregressively as follows:

1) Starting from a given cell, the model predicts at each

time step the next cell to inspect.

2) At each step, the model receives as an input the set
of candidate (unvisited) cells and their probabilities p;
values, together with the last visited cell.

3) Based on this input, the model selects the next cell to
visit.

4) The selected cell is removed from the candidate set, and
the process repeats until all cells are inspected.

At each step, the next cell is selected from candidate cells
using an encoder with a scoring head. TEUCS is trained in
a supervised manner on optimal paths generated by a MILP
model [3]. Training uses partial paths, with the next cell as
ground truth, making the model a next-cell predictor.

B. Model Architecture

The model architecture, shown in Fig. 1, is a stack of
standard Transformer encoder layers. Each layer consists of
the following blocks:

1) Input Embeddings: For the input, the cells are presented
as a sequence of tokens: one token per unvisited grid cell and
one special token for the UAV’s last-visited location. For a
G x G grid with J = G? cells, each cell j € {1,...,J}
has integer coordinates (zj,y;) € {0,...,G — 1}* and an
associated probability p; of containing the target.

To respect the grid structure, we use an embedding by
adding separate learned components for each feature of the
cell (e.g. one embedding for z, one for y, one for p, etc.). In
that way, all the information concerning one cell, is aggregated
in a single token.

Thus the initial cell/token embedding h,g.o) € R? is the sum
of learnable components:

h;o) = e(fj) + e(y%) + Wppj, 3)

where e(®) ) ¢ RE*4 are learnable embedding lookup
tables for the z- and y-coordinates (so e(;;.), e%) € R%), and
W, € R? (equivalently, W, € R4*!) projects the scalar p;
into the d-dimensional space.

For the last cell of the current subpath, a last-visited token

is embedded similarly with the coordinates and probability

(24,,Yi,,pi,) of the last visited cell ;. To point out that this
cell is the last visited cell, and not a candidate cell that can be
visit, we add another learned embedding f € R?. similarly,
the embedding of the last inspected cell in the sub-path is
formulated as follows:

RO — @ 4 )

last Tiy Yiy

+ Wypi, + f “4)

The input to the Transformer encoder is a (J+1) x d
matrix formed by stacking the embeddings of all J cell tokens
followed by the last-visited token:

HO = [0, 19, .

Importantly, the conventional sinusoidal positional encod-
ings is not used in TEUCS. The learned coordinate embed-
dings (e/®) and e®)) explicitly encode the absolute position
of each node, thereby providing the spatial awareness of the
model. Additionally, because relationships are found dynam-
ically through the self-attention mechanism, the set of cell
tokens is permutation invariant plus their order in the input
sequence is arbitrary and meaningless.

2) Self Attention Mechanism: In TEUCS, self-attention acts
as weighted message passing between cell tokens: each cell
aggregates others’ values based on query—key compatibility
scores computed as follows:

T
s = di ki
ij — .
Vg
From the compatibility score, the attention weight a;;is

driven by applying a softmax. According to this, the cell
embeddings are updated as follows:

o b R0 )

last

(6)

J
Y =HY +3 ayV; (7)
J

Where Hi(lfl) is the embeddings of cell ¢ from layer [ — 1.
Strong relevance between the two cells 7 and j is indicated by
a high score o;;. For example, after softmax normalization,
a large attention weight will result if the last-visited node
i and another node j have a relevant interaction for the
search task because j has a high target probability p; or is
spatially proximate. This is because their projected queries
and keys vectors will be mapped to similar directions in
space. As a result, a large amount of the value vector v; will
be incorporated into the updated representation for token ¢,
thereby incorporating the pertinent data from j.

3) Multi-head self-attention (MHSA): For head u, queries,
keys, and values are projected to dimension d; where dj, is
equal to the embedding dimension d divided by the number
of heads h. The attention is applied to produce Z(*) ¢ R7*»
(weighted sum of all Value vectors for each token).

The MHSA sub-layer is wrapped with a residual connection
and then by layer normalization to stabilize the training.

This sequential architecture guarantees that every layer
optimizes the representations H from the previous layer, as
opposed to learning to predict a brand new transformation
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Fig. 1: TEUCS Architecture

from nothing. Next, an FFN sub-layer is added to work on
each token.

4) Output Head and Logits: The L encoder layers trans-
forms each token’s representation by aggregating contextual
information from candidate cells tokens in the through MHSA.
This produces updated representations in R that encode both
the token’s own features and its relational context within
the sequence. The final state of the tokens, precisely the
special last-visited token, provides a rich, global contextual
representation of the entire search state:

H(L) c Rd

last

C = (8)

Context Vector:

The context vector is then passed through a linear projection
layer to produce a set of logits, one for each cell in the
instance. The logits represent the estimated preference score
of visiting that cell next and is given as follows:

Logits: z = W,c+ b, € R’ ©)

W, € R7*4 is a weight learnable matrix that maps context
vector c to the logits z and b, € R” is a bias vector. the model
predicts the next cell by exploiting the embeddings of the last
inspected cell. At each time period ¢, a sub-path of n cells is
predicted and a set of candidate cells is retained.

5) Masking Mechanism: To enforce the model to respect
the non-revisiting constraint, two-masking strategies are em-
ployed:

o At the encoder layers: The self-attention mechanism is
masked to prevent any token from attending to previously
visited nodes, ensuring the representations are built with-
out their influence.

At the output head: the logits z; associated with cells J
in the sub-path S; are masked by assigning —oo to it. By
applying a softmax to the masked logits, the final next
cell inspection policy 7 yields a probability distribution

26

that ensures there is no chance of choosing any previously
visited location:

softmax(z;) = Z(EXP(%()), if j ¢ 5y,
. _ exp(zy
m(j | se) vy
0, if j €S,
(10)

C. Training and Inference Tuning

1) The Training Phase: To optimize the model training we
employed the following strategies:

e Teacher Forcing: In the training procedure, the model
handles sub-paths of different length from the training set,
and in each forward pass, the model receives the last visited
cell from the current partial path .Sy and must decide what cell
to inspect next. To facilitate the learning, the model is trained
via the “teacher forcing ” techniques, where it has to predict or
decide which cell to inspect a time period ¢ given the perfect
guide; precisely, the last inspected cell at ¢t — 1 in the optimal
path.

e Data Augmentation: We augment the dataset using
the eight symmetries of square grids (rotations: 90°, 180°,
270° and reflections), increasing its size by 8x. In addition,
the optimal search paths are subject to the same coordinate
transformation, and thus remain valid and optimal. Each trans-
formation preserves spatial relationships and optimal paths,
enabling the model to learn rotation- and reflection-invariant
features, reduce overfitting, and improve generalization.

e Loss Function: The model learns how to identify the
optimal next cell, by minimizing a masked multi-class cross-
entropy loss. For a given state s; = (i, S, P) representing
the inspected cell at time period ¢, the achieved sub-path, and
problem instance, the encoder produces raw logits z; € R’
over all possible cells in the instance. Then a mask is applied
to z; to form z; so the already visited cell logits be ignored
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during the decision making process. The target is the optimal
next cell 4}, ; extracted from LP trajectories. Hence, the ob-
jective is to maximize the probability of selecting the optimal
next cell and its logit is: gifﬂ , which is formulated as follows:

exp(iizﬂ)

J -
2 k=1 exP(Zk)

Optimization algorithms are typically framed as minimiza-
tion approaches. Therefore, the negative logarithm of the
probability in the formula (11) is used to adapt the objective to

the nature of optimization algorithm. Then, cross-entropy loss
L is computed for the optimal next cell 7} , is formulated as:

P(if,,) = an

J

= —Zi; +log»_exp(Z) (12)
k=1

log 46; p(gizﬂiz
> k=1 €XP(Zk)

2) The Inference Phase: The model outputs the cell with
the highest probability of selection i;,1 = arg max;¢g, P(j)
repeatedly until all cells are inspected. The model begins by
predicting the next cell by continuously modifying the mask
to eliminate grid cells that have already been visited. This
procedure continues until the complete sequence is produced.

L=-

V. SIMULATION AND RESULTS

By leveraging the optimal search path generated by the
MILP for UCS in [3], we were able to generate a dataset of
46 x 10* problem instances with its respective optimal search
path. With the data augmentation the overall increase in the
dataset to 3.68 million samples.

A. Simulation Setup and Hyperparameters

All experiments were performed on a computing server with
Intel (R) Xeon (R), RAM 24 GB, with 16 cores equipped
with an NVIDIA RTX A5000 GPU. We implemented the core
transformer architecture using the PyTorch Transformer mod-
ule in Python. The model was configured with the following
hyperparameters:

o Embedding dimension d: 128

o Number of layers (L): 6

o Number of attention heads: 8

o Feedforward network dimension: 512
e Dropout rate: 0.1

We used the Adam optimizer to train the model for two
hours with 50 epochs and a batch size of 1024. The training
plan started with a learning rate of 10~%, which was changed
during training by a learning rate scheduler.

B. Experiments and Results

Concerning the PPO algorithm used as baseline comparison,
we consider the algorithm that we have previously designed for
the UCS problem [19]. We evaluated 1000 problem instances.
For each map, TEUCS predicts a full search path from every
possible starting cell. Restricting to the LP-optimal starting
cell, the model matched the LP-optimal trajectory exactly in
876 of 1000 instances (87.6%).

Fig. 3 illustrates the computed trajectories for a problem
instance (probability map) for which the solution of TEUCS,
obtained by predicting the sequence of cells, appears to be
exactly as the optimal search path.

Fig. 2 illustrates the average expected search time for 9
different maps with all possible starting cells. Looking at the
generated solutions, TEUCS closely matches the LP for all
starting cells. The gap between TEUCS and the benchmark
is remarkably small, with minimum value of 0,007 in cell
(16), and for a maximum value of 0.25 for starting from cell
(10). For some starting cells (14) and (2), the expected search
time is lower than the optimal search time, and this does not
mean that TEUCS is really better, but the model fails few
times to respect the cells adjacency constraint in the case
where the candidate cells have extremely low probability of
p; in the range of (p; ~ 107°). Compared to PPO, TEUCS
achieves superior performance by consistently achieving the
lower expected search time for 11 starting cells where the
highest gap between both models is 0.26 starting from cell

(3).
VI. CONCLUSION AND FUTURE SCOPE

This study introduces TEUCS, a Transformer Encoder that
generates UAV search paths autoregressively under UCS con-
straints. At each step, it encodes all unvisited cells and adds a
last-visited token for context, while masking already visited
cells to avoid revisits. By combining spatial embeddings
with containment probabilities, the model captures key factors
affecting expected search time. Comparative study show that
TEUCS achieves near-optimal performance while significantly
outperforming PPO baseline. As future work, we plan to
extend TEUCS to handle larger-scale instances. We want
to explore hybrid training strategies combining supervised
learning with reinforcement learning. We also aim to adapt the
problem formulation and constraints to better reflect realistic
operational environments, including dynamic belief updates
and practical deployment considerations.
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