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Abstract

The popular path query—identifying the most
frequented routes between locations from his-
torical trajectory data—has important applica-
tions in urban planning, navigation optimiza-
tion, and travel recommendations. While tra-
ditional algorithms and machine learning ap-
proaches have achieved success in this domain,
they typically require model training, parame-
ter tuning, and retraining when accommodat-
ing data updates. As Large Language Mod-
els (LLMs) demonstrate increasing capabilities
in spatial and graph-based reasoning, there is
growing interest in exploring how these models
can be applied to geo-spatial problems.

We introduce COMPASSLLM, a novel multi-
agent framework that intelligently leverages
the reasoning capabilities of LLMs into the
geo-spatial domain to solve the popular path
query. COMPASSLLM employs its agents
in a two-stage pipeline: the SEARCH stage
that identifies popular paths, and a GENERATE
stage that synthesizes novel paths in the ab-
sence of an existing one, a common problem in
sparse historical data. Experiments on real and
synthetic datasets show that COMPASSLLM
demonstrates superior accuracy in SEARCH
and competitive performance in GENERATE
both while being cost-effective.

1 Introduction

Recent advancements in Large Language Models
(LLMs) have demonstrated remarkable versatility,
excelling not only in natural language tasks but in-
creasingly in complex reasoning problems across
diverse domains (Laskar et al., 2024). Their zero-
shot and in-context learning capabilities enable
adaptation to new problem spaces without system
modifications, making them attractive candidates
for exploring challenging computational problems.
As LLMs continue to show promise in different
geo-spatial reasoning tasks and map data under-
standing (Dihan et al., 2025; Hasan et al., 2025;

Figure 1: When SEARCHing for the most popular path
from Botanic Garden to Arthur’s Seat, given the three
trajectories (top), we can see that there is no single
path spanning the entirety of these two. This incurs a
GENERATE problem (bottom) where one must break
down the trajectories into smaller segments and combine
them to form a new path.

Chai et al., 2023; Roberts et al., 2023; Balsebre
et al., 2024; Xie et al., 2024; Deng et al., 2025),
there is growing interest in understanding how
these capabilities can be harnessed for navigation
and route recommendation tasks.

One compelling route recommendation task is
the popular path query problem—mapping the
most frequented routes between key locations (i.e.
source-destination pair) from historical trajectory
data (i.e. previously traveled paths by people).
This problem has significant applications in ur-
ban planning, navigation optimization, robotics,
autonomous vehicle operations, and personalized
(and non personalized) travel recommendations
(Zheng et al., 2011; Li et al., 2010; Yuan et al.,
2011, 2010; Giannotti et al., 2007).

The problem becomes particularly interesting
when considering path synthesis scenarios – cases
where no direct path exists in the historical trajec-
tory data. In sparse trajectory dataset like Figure
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1, where only 25% of all possible edges exist (only
9 edges out of 9C2 = 36 possible edges for 9
nodes) in the dataset, generating novel path that is
valid and traversable becomes a challenge. Gen-
erating valid paths is specifically crucial in this
era of autonomous vehicles and other physical sys-
tems where LLMs’ reasoning are being adopted
(Latif, 2024; Xiao and Yamasaki, 2025; Doma et al.,
2024).

Traditional algorithmic approaches, including
heuristic and approximation methods (Chen et al.,
2011; Luo et al., 2013; Wei et al., 2012), have
achieved reasonable success in this domain. Ma-
chine learning approaches have also made progress,
with earlier methods focusing on existing paths in
historical data (Rashid et al., 2023; Yang and Gido-
falvi, 2018; Wang et al., 2019; Tian et al., 2023; Shi
et al., 2024), and more recent neural network mod-
els like NeuroMLR (Jain et al., 2021) and GEIT
(Zhang et al., 2023) capable of generating paths
on graph. While these approaches are effective,
they typically require model training, parameter
tuning, and retraining when accommodating new
constraints or data updates. Due to the lack of
generalization in these approaches, LLM-based
methods are getting increasing attention for their
adaptability. LLMs’ ability to process complex,
long-context inputs and reason about relationships
in general makes them intriguing candidates for
spatial problems.

However, applying LLMs to geo-spatial rea-
soning presents unique challenges. While Chain-
of-Thought (CoT) prompting (Wei et al., 2022)
and its extensions like Self-Consistency (Wang
et al., 2023), ReAct (Yao et al., 2023b), and Re-
flexion (Shinn et al., 2023) have shown success
in various reasoning tasks, they are not crafted
for geo-spatial tasks—particularly the popular path
query—where LLMs may generate invalid or un-
traversable paths (Aghzal et al., 2023) without
proper guidance and direction. Recent efforts like
LLM-A* (Meng et al., 2024a) have combined algo-
rithmic approaches with LLMs but focus on general
pathfinding rather than popular path queries. Later,
multiple researches including (Li et al., 2024) and
LLMAP (Yuan et al., 2025) utilizes LLM to parse
user requirements and other parameters from the
input. Most recently, PathGPT (Marcelyn et al.,
2025) explores path recommendation with retrival
augmentation to embed only relevant part of the
dataset with prompts.

To explore LLMs’ potential in this domain,

we introduce COMPASSLLM (Coordinated Or-
chestration of Multi-agent Path Analysis and Spa-
tial Synthesis), a multi-agent framework designed
specifically for popular path queries. Our approach
features a novel two-stage pipeline orchestrating
our agents: a SEARCH stage that finds popular
paths from historical trajectories, and a GENER-
ATE stage that synthesizes new paths when di-
rect routes don’t exist. COMPASSLLM leverages
LLMs’ understanding and reasoning capabilities of
maps/graph structures.

Our evaluation uses both real-world trajectory
data from user movement tracking (Chen et al.,
2016a; Lim et al., 2018) and carefully designed syn-
thetic datasets that capture diverse spatial configu-
rations. Results demonstrate that COMPASSLLM
outperforms other methods in SEARCH problem
and achieves competitive performance for the GEN-
ERATE problem with SOTA models. All while of-
fering the advantages of training-free inference and
cost-effective token usage—particularly excelling
in scenarios with sparse historical data.

Our paper makes the following contributions:

• We propose COMPASSLLM, a novel multi-
agent framework that explores how LLMs can
be effectively applied to geo-spatial domain
for popular path queries.

• We incorporate path finding and synthesis in
an orchestrated two-stage pipeline to recom-
mend both popular and valid paths even in the
cases of no historical ground truth.

• We provide comprehensive experimental eval-
uation demonstrating COMPASSLLM’s com-
petitive performance against existing methods
across real-world and synthetic datasets, while
highlighting the unique advantages of LLM-
based approaches for spatial reasoning tasks.

2 Related Works

The Popular Path Query in the form of Next POI
Prediction or Route Recommendation has been
a central research topic, driven by the increasing
availability of trajectory data and the growing de-
mand for personalized navigation services. Ex-
isting approaches can be broadly classified into
three categories: algorithmic methods, machine
learning models, and, more recently, LLM-based
approaches.
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Figure 2: Overview of COMPASSLLM framework.

Algorithmic Approaches
Early research in this field predominantly em-
ployed probabilistic and heuristic methods (Baner-
jee et al., 2014; Chen et al., 2011; Luo et al., 2013;
Wei et al., 2012; Wu et al., 2016). However, these
methods often require significant manual effort to
handle corner cases and when new constraints are
introduced.

Machine Learning Approach
In recent years, machine learning has become the
primary focus in route recommendation techniques
(Wu et al., 2017; Li et al., 2020; Zheng et al., 2012).
As they initially lacked path generation capabilities,
deep generative models (Jain et al., 2021; Wu et al.,
2017) have since addressed this limitation. How-
ever, machine learning models remain inherently
dependent on the data they are trained on, requir-
ing time-consuming retraining. In scenarios like
route recommendation, where data may change fre-
quently due to environmental, natural, or economic
factors, retraining becomes a significant bottleneck.

LLM-based Approaches
Large Language Models have emerged as a revo-
lutionary tool – techniques such as prompt engi-
neering (Wei et al., 2023; Wang et al., 2023; Yao
et al., 2023a,b; Shinn et al., 2023), fine-tuning (Hi-
moro and Pareja-Lora, 2022), and prompt-tuning
(Zhou et al., 2022) have opened new avenues for
LLMs to be applied in diverse fields. In particular,
LLMs have demonstrated potential in areas such as
graph reasoning (Chen et al., 2024; Ye et al., 2023;
Wang et al., 2024) and task planning (Song et al.,
2023; Gundawar et al., 2024; Sharan et al., 2023).
Nevertheless, challenges remain in ensuring that
LLM-generated routes conform to real-world road
networks (Kambhampati et al., 2024). Key issues

include the inherent inconsistency of LLM outputs
(Jang et al., 2022) and difficulties in parsing com-
plex input structures (Tam et al., 2024). Despite
these obstacles, the potential for LLMs to enhance
the quality of route recommendations (Meng et al.,
2024a) and incorporate user satisfaction is consider-
able, indicating a promising direction for research
(Li et al., 2024; Yuan et al., 2025; Marcelyn et al.,
2025).

3 Problem Definition

Let V = {p1, p2, . . . , pN} be a set of N POIs in a
city (e.g., Edinburgh Castle, Calton Hill, National
Monument). The historical trajectories, denoted
as T = {r1, r2, . . . , rM}, represent a collection of
M routes that people have taken while visiting the
city in the past. Each route r ∈ T is an ordered
sequence of POIs i.e. r = (p1, p2, . . . , pJ), where
each (pj , pj+1) is a road segment between two
POIs. Moreover, ET = {(pj , pj+1) : pj , pj+1 ∈
r;∀r ∈ T } denotes the set of all road segments
present in T . As the true map is not available in the
dataset, we construct the graph G = (V, ET ) from
only the historical trajectories T .

Given these historical trajectories T and a query
q : ⟨s, d⟩ as input, our aim is to find the single
most popular path R = (q1, q2, . . . , qK). This path
should satisfy the conditions that q1 = s, qK = d
and ∀k : qk ∈ V .

The ground truth trajectories TGT =
{r1′, r2′, . . .} for a given query q : ⟨s, d⟩
is the list of unique paths or sub-paths, r′,
extracted from each path r ∈ T such that
r′ = (s, . . . , d). The popularity of each path r′ is
defined as the cumulative popularity of its POIs:
Popularity(r′) =

∑K
k=1 pop(qk)

Thus, the most popular path—defined here as
the path maximizing cumulative POI popularity
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among candidates in TGT (s, d)—is obtained by:

R = arg max
r′∈TGT (s,d)

∑

qk∈r′
pop(qk)

This POI-additive formulation is distinct from ex-
act route-frequency maximization as our objective
ranks candidate paths (TLLM in Figure 2, elabo-
rated in Section 4) by the cumulative popularity
of their constituent POIs, following prior literature
(Rashid et al., 2023).

On the other hand, if TGT = ∅, there is no path
satisfying the given query, let alone a popular one.
In such cases, our goal is to generate a popular path
which is traversable in the graph G. We consider
a route R to be fully traversable if its constituent
edges belong to ET .

4 Methodology

We propose a multi-agent framework (Islam et al.,
2024; Hong et al., 2023) for popular path queries
that orchestrates specialized agents across a two-
stage pipeline: SEARCH and GENERATE. Our
approach coordinates four key agents—Path Dis-
covery, Popularity Ranking, Path Synthesis, and
Path Selection—each designed to handle distinct
aspects of the popular path finding process.

Figure 2 shows an overview of the framework.
The orchestration starts with the SEARCH stage.
The Path Discovery Agent first retrieves candidate
paths from historical trajectories that satisfy the
query ⟨s, d⟩. When candidate paths are available,
the framework remains in the SEARCH stage and
proceeds directly to path evaluation. However,
when no suitable paths exist in the historical data,
the framework enters the GENERATE stage.

In the GENERATE stage, the Popularity Ranking
Agent operates in edge mode, computing popular-
ity scores for individual edges based on histori-
cal traversal patterns. These rankings guide the
Path Synthesis Agent in constructing new candidate
paths that connect the source and destination, and
these candidates are then returned to the SEARCH
stage. Thus, the GENERATE stage is condition-
ally executed within the SEARCH stage, and our
orchestration begins and ends with SEARCH.

Upon returning to (or remaining in) the SEARCH
stage with candidate paths—whether discovered
or generated—the Popularity Ranking Agent is in-
voked in POI mode to rank locations by their popu-
larity. Finally, the Path Selection Agent evaluates
all candidates using these POI rankings and returns
the top-ranked path as the Popular Path.

This orchestration enhances the overall spatial
reasoning capability of the framework by leverag-
ing each agent’s specialization while maintaining
flexibility through conditional stage transitions. In
the following subsections, we discuss the agents,
their responsibilities, and interactions.

4.1 Path Discovery Agent

The Path Discovery Agent serves as the entry point,
utilizes LLM to identify trajectory segments where
the source appears before the destination, extract-
ing candidate paths TLLM without heavy compu-
tations or external retrieval models. We instruct
the LLM to first identify occurrences of source s
and destination d POIs within historical data T ,
then extract complete path segments where s pre-
cedes d. In cases of loops, the agent considers both
the shorter and the longer segments. The agent
either provides Candidate Paths for evaluation (re-
maining in SEARCH stage) or returns an empty set
TLLM = ∅ that triggers the GENERATE stage.

4.2 Popularity Ranking Agent

The Popularity Ranking Agent quantifies spatial
entity importance through frequency analysis, op-
erating in two distinct modes: Edge ranking mode
and POI ranking mode. In Edge ranking mode, ac-
tivated conditionally within the GENERATE stage
when no historical paths exist, we prompt the
LLM to identify and rank edges from historical
trajectories in descending order of occurrence fre-
quency. These edge rankings guide the Path Syn-
thesis Agent in constructing novel paths. In POI
ranking mode, which is always executed within the
SEARCH stage—either directly after path discov-
ery or following the GENERATE stage execution—
we prompt the LLM to rank all unique POIs in
descending order of occurrence frequency.

4.3 Path Synthesis Agent

The Path Synthesis Agent generates novel
traversable paths when discovery fails, operating
exclusively within the GENERATE stage. This
agent receives edge rankings from the Popularity
Ranking Agent and constructs valid paths by con-
necting popular edges, analogous to humans plan-
ning routes through unfamiliar areas by combining
known road segments. The prompt emphasizes
using only edges present in edge popularity rank-
ing; this encodes validity in the GENERATE stage
through an observed-edge constraint, eliminating
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Type Method DisHolly Epcot CaliAdv Edin Toro Disland Melb Average
13 POIs 17 POIs 25 POIs 28 POIs 29 POIs 31 POIs 88 POIs -

M
L

/D
L

ba
se

d
Markov 0.61 0.59 0.53 0.59 0.60 0.50 0.51 0.56
NASR 0.63 0.60 0.54 0.58 0.58 0.50 0.53 0.57
DeepAltTrip-LSTM 0.62 0.59 0.53 0.58 0.59 0.52 0.52 0.56
DeepAltTrip-Samp 0.62 0.58 0.53 0.58 0.59 0.51 0.51 0.56
NMLR 0.70 0.69 0.55 0.62 0.69 0.65 0.60 0.65

L
L

M
ba

se
d

(L
la

m
a

3.
1

8b
)

Direct 0.50 0.46 0.47 0.45 0.45 0.43 0.40 0.45
CoT 0.59 0.53 0.56 0.54 0.57 0.48 0.47 0.53
SC 0.57 0.55 0.54 0.56 0.54 0.50 0.45 0.53
APE 0.45 0.40 0.42 0.41 0.38 0.34 0.32 0.39
ReAct 0.68 0.64 0.66 0.70 0.59 0.47 0.43 0.60
Reflexion 0.69 0.64 0.66 0.70 0.59 0.48 0.44 0.60
LLM A* 0.58 0.53 0.55 0.60 0.52 0.42 0.40 0.51
PathGPT 0.68 0.61 0.57 0.74 0.76 0.57 0.63 0.65
COMPASSLLM 0.75 0.69 0.71 0.76 0.62 0.49 0.44 0.64

L
L

M
ba

se
d

(G
PT

4o
)

Direct 0.56 0.51 0.52 0.50 0.50 0.48 0.45 0.50
CoT 0.66 0.57 0.61 0.59 0.62 0.51 0.52 0.58
SC 0.64 0.59 0.58 0.61 0.59 0.53 0.49 0.58
APE 0.79 0.71 0.75 0.81 0.65 0.50 0.45 0.67
ReAct 0.74 0.70 0.73 0.74 0.64 0.49 0.45 0.64
Reflexion 0.74 0.70 0.73 0.74 0.64 0.51 0.46 0.65
LLM A* 0.61 0.56 0.57 0.62 0.54 0.45 0.42 0.54
PathGPT 0.54 0.43 0.34 0.54 0.58 0.24 0.44 0.44
COMPASSLLM 0.80 0.73 0.74 0.81 0.65 0.50 0.45 0.67

L
L

M
ba

se
d

(G
PT

o3
m

in
i)

Direct 0.74 0.73 0.59 0.57 0.68 0.67 0.65 0.66
CoT 0.82 0.73 0.71 0.75 0.84 0.67 0.78 0.76
SC 0.74 0.76 0.57 0.68 0.84 0.64 0.80 0.72
APE 0.81 0.74 0.71 0.80 0.89 0.64 0.81 0.77
ReAct 0.75 0.73 0.61 0.72 0.87 0.63 0.77 0.73
Reflexion 0.75 0.75 0.65 0.77 0.81 0.52 0.77 0.72
LLM A* 0.75 0.73 0.72 0.67 0.87 0.72 0.77 0.77
PathGPT 0.74 0.61 0.69 0.68 0.76 0.47 0.59 0.65
COMPASSLLM 0.84 0.79 0.73 0.82 0.90 0.71 0.82 0.80

Table 1: F1 scores comparison across datasets. For each dataset, best scores are bolded and second bests are
underlined.

hallucination of non-existent connections—a criti-
cal requirement for safety-critical navigation sys-
tems. The resulting Generated Candidate Paths up-
date TLLM and are returned to the SEARCH stage
for evaluation.

4.4 Path Selection Agent

The Path Selection Agent performs the final path
evaluation within the SEARCH stage. It receives
candidate paths TLLM (either discovered or synthe-
sized) along with POI rankings, then prompts the
LLM to score each path by aggregating the popu-
larity of its constituent POIs. The agent selects the
highest-scoring path R as the final Popular Path.

Appendix A contains the algorithm of the en-
tire pipeline and Appendix E provides the detailed
prompts for each agent.

5 Experiments

5.1 Dataset

Real-world Data: We used seven Real-world
datasets (Rashid et al., 2023) across two domains:
geo-tagged Flickr traces from Edinburgh (Edin),
Toronto (Toro), and Melbourne (Melb) (Chen
et al., 2016a), and trip data from four theme
parks, Disney’s Hollywood Studios (DisHolly), Ep-
cot Theme Park (Epcot), Disney California Ad-
venture (CaliAdv) & Disneyland (Disland) (Lim
et al., 2018). While all the datasets were used
for SEARCH problem, only Edin, Toro & Melb
were used for the GENERATE problem as other
datasets didn’t have any POI pair that doesn’t have
any ground truth, thus unsuitable for GENERATE
problem evaluation.

Synthetic Data: We generated synthetic datasets
to introduce spatial diversity, addressing the edge
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Type Method Edin Toro Melb Avg
28 POIs 29 POIs 88 POIs -

DL NMLR 0.89 0.98 0.95 0.94

L
L

M
ba

se
d

(L
la

m
a

3.
1

8b
)

Direct 0.12 0.22 0.17 0.17
CoT 0.21 0.23 0.19 0.21
SC 0.19 0.22 0.21 0.21
APE 0.53 0.57 0.42 0.51
ReAct 0.56 0.51 0.63 0.57
Reflexion 0.71 0.77 0.78 0.75
LLM A* 0.78 0.82 0.49 0.70
PathGPT 0.60 0.53 0.17 0.43
COMPASSLLM 0.72 0.78 0.61 0.70

L
L

M
ba

se
d

(G
PT

4o
)

Direct 0.30 0.21 0.33 0.28
CoT 0.48 0.60 0.20 0.43
SC 0.50 0.60 0.22 0.44
APE 0.86 0.89 0.94 0.90
ReAct 0.82 0.85 0.86 0.84
Reflexion 0.83 0.86 0.88 0.86
LLM A* 0.84 0.82 0.90 0.85
PathGPT 0.83 0.78 0.43 0.68
COMPASSLLM 0.84 0.91 0.96 0.90

L
L

M
ba

se
d

(G
PT

o3
m

in
i)

Direct 0.54 0.51 0.53 0.53
CoT 0.56 0.51 0.56 0.54
SC 0.83 0.56 0.53 0.64
APE 0.80 0.71 0.88 0.80
ReAct 0.69 0.79 0.81 0.76
Reflexion 0.54 0.63 0.91 0.69
LLM A* 0.56 0.53 0.90 0.66
PathGPT 0.89 0.86 0.71 0.82
COMPASSLLM 0.95 0.94 0.95 0.95

Table 2: Traversability scores across datasets. For
each dataset, best scores are bolded and second bests
are underlined.

count and edge distribution in real data. Using
the reverse-delete algorithm, we controlled edge
density while a Steiner tree approximation (Robins
and Zelikovsky, 2000) emphasized key "highway"
routes. Users followed these highways 90% of
the time, deviating only when shorter paths were
available, closely mirroring real-world movement
patterns. Appendix B provides the entire algorithm
and validation for synthetic data generation in de-
tail.

5.2 Baselines & Implementation

We evaluated COMPASSLLM against traditional
machine learning, deep learning, and LLM-based
models. The Markov model (Chen et al., 2016b)
predicts user movements with Markov chains,
while NASR (Wang et al., 2019) employs neural
architecture search for urban navigation. DeepAlt-
Trip (Rashid et al., 2023) generates diverse alter-
native routes, and NMLR (Jain et al., 2021) cre-
ates paths for large-scale traffic networks using
Graph Neural Network. Among LLM techniques,
we benchmarked Direct (Zero Shot), CoT (Chain

of Thought) (Wei et al., 2023) which breaks tasks
into sequential steps, SC (Self-Consistency) (Wang
et al., 2023) which selects the most consistent rea-
soning paths, and APE (Zhou et al., 2022) which
automates task-specific prompt generation. Re-
Act (Yao et al., 2023b) integrates reasoning with
action, Reflexion (Shinn et al., 2023) enhances per-
formance through iterative feedback, and LLM
A* (Meng et al., 2024b) adapts A* search for
improved spatial reasoning. Finally, PathGPT
(Marcelyn et al., 2025) implements RAG for re-
trieving relevant historical data to be sent with zero-
shot prompting.

For each method, hyperparameters like temper-
ature were set and prompts were crafted follow-
ing the respective guidelines of the technique. We
recorded the number of tokens used in the prompt
as well as the tokens generated in the response.
For LLM-based methods, we used both an open
source (Llama 3.1 8B) and two closed-source mod-
els (GPT 4o & GPT o3 mini) as the underlying
language model. Additionally, a medium reason-
ing effort was used for the reasoning model, GPT
o3 mini. For COMPASSLLM, we maintained a
lower temperature across all experiments and mod-
els as it shows better results [Appendix D.1].

Classical graph-search algorithms would be NP-
hard for our objective (Casel and Schmid, 2023;
Martens and Popp, 2022), as maximizing POI-
additive popularity over simple paths between fixed
⟨s, d⟩ reduces to a maximum-weight simple path
problem. Similarly, popularity-weighted graph-
search variants rely on heuristic design choices
(edge weights, normalization, length-bias control)
rather than serving as exact solvers for the popular-
path objective. For these reasons, we do not include
them as baselines.

5.3 Evaluation Metrics

We used two key metrics: F1 for SEARCH prob-
lems (Rashid et al., 2023) and Traversability for
GENERATE problems.

The F1, a harmonic mean of precision and recall,
evaluates the accuracy of the recommended paths
by comparing them to the ground truth popular
paths in the historical trajectories in T .

Let R = (q1, q2, . . . , qK) be a recommended
path. Also, let Vr and VR denote the sets of POIs
in the ground-truth popular path and the recom-
mended path, respectively. The precision(P ), re-
call (R), and F1 of the recommended itinerary R
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Metric Method DisHolly Epcot CaliAdv Edin Toro Disland Melb Average

Token Count
APE 5.4k 8.7k 11.6k 17.7k 25.5k 32.5k 67.7k 24.2k
LLM-A* 2.8k 4.3k 5.6k 8.5k 12.0k 15.3k 31.6k 11.4k
Reflexion 10.1k 15.6k 20.5k 31.5k 46.2k 59.7k 99.9k 40.5k
COMPASSLLM 2.6k 4.2k 5.7k 8.6k 12.4k 15.8k 33.0k 11.8k

Table 3: Cost comparison among different LLM-based approaches. Best scores are bolded and second bests are
underlined.

is calculated as:

P =
|Vr ∩ VR|

|VR|
;R =

|Vr ∩ VR|
|Vr|

;F1 =
2 ∗ P ∗R
P +R

The Traversability metric is an improved version
of Reachability from NMLR (Jain et al., 2021).
While Reachability, being a binary metric, only
checks if the last POI in the recommended path
is the query destination or not, Traversability
measures the model’s ability to generate paths that
connect source and destination points using con-
secutive road segments that actually exist in his-
torical routes. For a recommended route R =
(q1, q2, . . . , qK) and the set of all road segments
ET , it is mathematically defined as,

Traversability =

|{(qk, qk+1) : (qk, qk+1) ∈ ET , k ∈ [1,K − 1]}|
K − 1

A higher Traversability score indicates a
higher degree of edge validity, particularly crucial
for safety-critical systems.

6 Results

Performance Analysis
According to established literature in this domain
(Jain et al., 2021; Rashid et al., 2023), models aim
for even slight improvement in accuracy. In Table
1 we can see that LLM-based methods consistently
outperform traditional ML/DL-based methods in
the SEARCH phase. APE performs well on GPT
o3 mini & GPT 4o but struggles with Llama 3.1
8b due to its smaller model size; as this method is
feedback based, performance in each stage is accu-
mulated. LLM-A* struggles with smaller model
as well. On the other hand, ReAct and Reflex-
ion can perform consistently with smaller models
too. But both APE and LLM-A* outperform these
approaches with GPT o3 mini, an actual reason-
ing model. Notably, COMPASSLLM outperforms
other methods in almost all model-specific imple-
mentations, achieving high-quality results with con-
sistency. As GPT o3 mini is a reasoning model, it

has an overall better performance over GPT 4o and
Llama 3.1 8b.

In table 2, only NMLR is used among ML/DL-
based methods, as others failed to GENERATE
paths without ground truth. It is worth notic-
ing that NMLR is specifically built to synthe-
size valid paths-thus score high on metrics like
Traversability with low score on F1. However,
this comes at the cost of requiring significant re-
training on new data, limiting their adaptability in
dynamic environments. PathGPT performs well
in small datasets (Edin) but struggle more than
other methods as the dataset grows large (Melb). In
contrast, COMPASSLLM maintains competitive
Traversability performance with NMLR while
outperforming others.

This establishes COMPASSLLM as an obvious
choice for popular path queries offering (1) Signif-
icant practical benefits of LLMs, requiring fewer
resources and retraining in dynamic datasets, (2)
Outperforming others in SEARCH and matching
SOTA in GENERATE, better of both worlds. COM-
PASSLLM is most beneficial under sparsity and
missing-route scenarios; simpler methods may be
competitive in dense regimes. Additional evalua-
tions, including statistical significance and variance
analysis, are presented in Appendix D.

Cost Analysis

A key advantage of COMPASSLLM is its ability to
balance performance with computational efficiency,
as demonstrated in Table 3 (keeping only the best
performing methods from Table 1). APE, while
achieving strong results, incurs significantly higher
computational costs due to its reliance on exten-
sive prompt engineering. For instance, in dataset
Melb with the largest number of POIs, APE’s to-
ken count reaches 67.7 thousand. Similarly, Reflex-
ion also uses a lot of tokens and costs more than
the other two. On the other hand, LLM-A* is the
most cost-effective method but sometimes strug-
gles with performance as seen in table 1 & 2, mak-
ing it unsuitable for high-quality path generation.
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Figure 3: Comparison among approaches on synthetic data.

The efficiency of COMPASSLLM becomes even
more pronounced in datasets with smaller POIs,
where it incurs costs similar to LLM-A* while
outperforming it in reasoning for popular path.

Scalability Studies
We evaluate scalability using synthetic datasets
with varying complexity: 10-50 POIs and 50-150
trajectories. Figure 3 compares COMPASSLLM
against the best-performing ML/DL baseline and
competitive LLM-based methods from table 1, 2 &
3. A general downward trend is observed as either
of #POI or #trajectories increases. Higher #POI im-
plies sparse data and increased #trajectories denote
a larger dataset.

As #POIs increases (top row), F1 scores decline
across all methods, reflecting the increased diffi-
culty of sparse networks. COMPASSLLM main-
tains superior F1 performance, outperforming Best
ML/DL by 14% at 40 POIs and by 11.5% at 50
POIs. More notably, COMPASSLLM achieves
29% higher Traversability than APE at 30 to
50 POIs, while LLM-A* degrades significantly in
both metrics.

With increasing #trajectories (bottom row),
COMPASSLLM maintains a consistent 6-10% F1
advantage over Best ML/DL baselines across all
settings. For Traversability, COMPASSLLM

sustains +26% higher performance than APE in
larger data (100-150 trajectories), while remaining
competitive with ML/DL methods (within 1.5%).
We can see that, varying #trajectories with #POI
kept constant (bottom-left graph) has little effect on
F1 score (compared to other graphs) as frequency
of all the candidate paths are increased proportion-
ally by repeating major patterns.

COMPASSLLM’s superior scalability stems
from its specialized agent architecture. The Dis-
covery Agent efficiently filters historical data be-
fore ranking, reducing context size for downstream
agents, compared to methods that process all tra-
jectories simultaneously. When paths must be gen-
erated, the Synthesis Agent constrains LLM out-
puts to edges present in historical data only, elim-
inating hallucinated connections that plague sim-
ple prompting approaches. This explicit valida-
tion maintains high Traversability even as net-
work sparsity increases. Meanwhile, the Popularity
Ranking Agent’s frequency-based scoring ensures
that COMPASSLLM identifies truly popular paths
and obtains high F1. In contrast, LLM-A* de-
grades rapidly because it relies on heuristic search
without explicit edge constraints or popularity goal.
APE’s iterative prompt engineering accumulates
errors across feedback rounds in sparse networks,

31967



while COMPASSLLM’s modular design isolates
and handles each sub-problem (discovery, ranking,
synthesis, selection) independently.

7 Conclusion & Future Works

In this work, we presented COMPASSLLM, a
framework utilizing multiple agents for spatial rea-
soning to solve the Popular Path Problem. Our
experiments show that COMPASSLLM is cost-
effective, highly competitive in generating and of-
ten outperforming in finding paths, not to men-
tion particularly effective under sparse data con-
ditions. However, our results remain experimen-
tal, as COMPASSLLM may generate suboptimal
or invalid paths in certain cases, and the inherent
stochasticity of LLMs poses challenges in consis-
tency. Our work bolsters LLMs’ success in geo-
spatial reasoning, inaugurates agentic approach,
and could be extended in many directions. Future
work can focus on incorporating more contextual
data (e.g., time, user preference, and environmental
factors), and enhancing models’ reliability through
improved prompt engineering and dynamic mem-
ory management to handle larger datasets effec-
tively.

Limitations

While COMPASSLLM demonstrates promising
results in popular path discovery and synthesis,
several limitations warrant consideration:

Large-scale Data Handling: COMPASS-
LLM faces challenges when processing extensive
datasets. The current implementation struggles
with input sizes exceeding 128,000 tokens, due to
the context window limitations of existing LLMs,
which limits its applicability to very large or com-
plex spatial networks. Moreover, according to Ta-
ble 7 in Appendix, no further compression of COM-
PASSLLM prompts are feasible.

Incompatibility with Internal Prompt Com-
pression: Many LLMs employ internal prompt
compression techniques to manage large inputs effi-
ciently. However, COMPASSLLM’s performance
relies on the full, uncompressed prompt structure.
Consequently, models that automatically compress
prompts may not be compatible with our approach,
potentially limiting the range of applicable LLMs.

Prompt and Reasoning Chain Optimization:
While our current prompting strategy yields effec-
tive results, there may exist more optimized prompt
structures or reasoning chains that could further en-

hance COMPASSLLM’s performance. The current
implementation, while effective, may not represent
the absolute optimal prompt design for all scenar-
ios.
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A COMPASSLLM Algorithm

The full COMPASSLLM algorithm is outlined in
Algorithm 1.

B Synthetic Data Generation

B.1 Synthetic Data Generation Pipeline
Our synthetic trajectory generation follows a four-
step pipeline illustrated in Figure 4, designed to

Algorithm 1: COMPASSLLM
Input: T is a set of historical trajectories, s is the

start point, d is the destination
Output: Popular pathR from s to d

TLLM ← PathDiscoveryAgent(T , s, d);
// No Candidates - GENERATE Block
if TLLM = ∅ then

EdgeRanks←
PopularityRankingAgent(T ,mode = edge);

// Update Candidates
TLLM ←

PathSynthesisAgent(s, d, EdgeRanks)

POIRanks← PopularityRankingAgent(T ,mode =
poi);

rankedPaths←
PathSelectionAgent(TLLM , POIRanks);

// Return best path
R← rankedPaths[0];
returnR;

Figure 4: Synthetic Data Generation Process

create realistic spatial networks that mirror the
structural properties of real-world transportation
systems.

Step 1: Graph Construction and Pivotal
Node Identification. We begin by constructing
a base graph G using the reverse-delete algorithm
(Kruskal, 1956) to generate a random connected
network with controlled edge density. Within this
network, we strategically identify pivotal nodes
Vs (depicted as yellow nodes) representing high-
importance locations such as popular destinations,
transportation hubs, or landmarks. Regular nodes
(white nodes) serve as intermediate waypoints, cre-
ating a realistic spatial hierarchy.

Step 2: Steiner Tree Construction. Using
approximation algorithms, we construct a Steiner
tree Ts that efficiently connects all pivotal nodes
Vs. This tree structure, highlighted with pink/red
edges, forms the backbone of our synthetic network
and represents the primary "highway" system—the
most efficient pathways between important loca-
tions that real-world travelers would naturally pre-
fer.
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Token
Usage Remarks

✓ ✓ ✓ ✓ 0.80 0.95 11.8k Best performing

× ✓ ✓ ✓ 0.63 0.91
15.8k

(increased) Always triggers GENERATE even when historical paths
exist; slow and expensive; may generate worse paths than
discovered ones; shows necessity of conditional two-stage
workflow

✓ × ✓ ✓ 0.48 0.90 10.2k Path Selection Agent has no popularity guidance for ranking
candidates; essentially random/heuristic-based selection;
shows Popularity Ranking drives the system to Search
for Popular paths effectively

✓ ✓ × ✓ 0.80 0.42 9.5k Only impacts GENERATE stage; greedy approach (pick
most popular outgoing edge) creates locally optimal but
globally invalid paths; can get stuck with no path to destina-
tion; demonstrates need for global path-planning

✓ ✓ ✓ × 0.77 0.95 10.6k Simple arithmetic scoring captures core popularity logic;
shows LLM selection adds modest value; programmatic
approach is competitive

Table 4: Ablation Study Results

Experiment
COMPASSLLM
(GENERATE)

Zero
Shot CoT

Self-
consistency ReAct Reflexion

LLM
A* APE

path with [[X]] POIs 8 0 5 6 7 8 7 1
path that goes through [[Y]] POI 6 0 4 4 7 8 6 0
path that avoids [[Z]] POI 8 0 6 6 9 9 8 1

Table 5: Comparison of constraint satisfaction across LLM-based approaches

Figure 5: Comparison of Real and Synthetic Data

Step 3: Source-Destination Pair Selection. We
systematically select source node s and destination
node d pairs from the network, ensuring diverse
spatial configurations. This selection process con-
siders both the connectivity patterns established
by the Steiner tree and the spatial distribution of
pivotal nodes to generate realistic travel scenarios.

Location Nodes Density Routes Result Actual

Epcot 17 0.2 1248 212 207
Disneyland 31 0.4 2792 681 618
DisHolly 13 0.4 901 107 134

Table 6: Comparison of synthetic and real-world data
across multiple locations. The table presents key char-
acteristics of the generated spatial datasets, including
the number of nodes, spatial density, and the number of
unique routes. The "Result" column denotes the num-
ber of unique source-destination pairs generated by our
synthetic trajectory model, while the "Actual" column
provides the corresponding real-world counts.

Step 4: Trajectory Synthesis. We generate syn-
thetic trajectories τ from source s to destination d
using a hybrid approach: trajectories preferentially
utilize Steiner tree edges (the highway network) for
efficiency, while incorporating direct connections
when they provide superior routes. This balances
realistic movement behavior with network structure
constraints.
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Dataset Metric COMPASSLLM Selective Context Selective Context
GENERATE (10%) (20%)

Epcot Reduction 0 16% 24%
Traversability 0.84 0.15 0

CaliAdv Reduction 0 14% 22%
Traversability 0.91 0.12 0

Disland Reduction 0 13% 20%
Traversability 0.96 0.10 0.1

Average Reduction 0 13.75% 21%
Traversability 0.80 0.14 0.05

Table 7: Comparison of Reduction and Traversability across various datasets and techniques.

B.2 Validation Against Real-World Data
Figure 5 demonstrates that our synthetic data gener-
ation successfully captures the essential characteris-
tics of real-world spatial patterns. The comparison
reveals striking similarities between synthetic and
real trajectory distributions:

• Network Structure: Both synthetic and real
networks exhibit similar connectivity patterns,
with certain paths (highlighted in red) experi-
encing significantly higher traffic than others
(shown in grey).

• Frequency Distributions: The density plots
show comparable frequency distributions be-
tween synthetic and real data, with both ex-
hibiting right-skewed distributions character-
istic of real-world movement patterns where a
few popular routes dominate usage.

Table 6 provides quantitative validation of our
synthetic data generation, comparing the count of
unique source-destination ground truth pairs be-
tween synthetic and real datasets. The "Result" col-
umn indicates generated unique pairs, while "Ac-
tual" represents corresponding real-world counts,
demonstrating our method’s ability to produce real-
istic trajectory volumes.

This systematic validation confirms that our syn-
thetic trajectories exhibit authentic spatial charac-
teristics while maintaining the structural properties
necessary for effective LLM evaluation in spatial
reasoning tasks. The density plots (where the area
under each curve equals one) reveal that our syn-
thetic data successfully replicates the underlying
statistical patterns of real-world spatial movement,
providing a reliable foundation for comprehensive
algorithm evaluation.

This methodology enables us to generate syn-
thetic trajectories that closely model actual spatial

Figure 6: Consistency Across Prompting Techniques:
This box plot illustrates the variation in Traversability
scores across different prompting techniques. Lower
variance is preferable, as it indicates more consistent
results.

data, providing a nuanced representation of spatial
interactions for comprehensive evaluation of LLM
performance in spatial data analysis.

Figure 7: Average F1 Score across all dataset against
varying temperature
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C Ablation

An ablation study with dropping one agent at a
time and replaced by algorithmic counterparts is
presented at Table 4. Experiments are conducted
with GPT o3 mini.

D Additional Results & Trends

D.1 F1 with varying Temperature

Fig 7 shows that LLMs generate better result with
lower temperatures as a higher temperature can
lead to hallucinating and a lower temperature gives
out thoughtful answer. This led us to run all our
experiments with temperature zero.

D.2 Statistical Significance

Across the 7 SEARCH datasets, a one-sided
Wilcoxon signed-rank test confirms that COM-
PASSLLM (GPT o3 mini) significantly outper-
forms every LLM and ML/DL baseline (p < 0.05
for all; p < 0.01 for all except LLM-A*). With
GPT 4o, COMPASSLLM significantly outper-
forms most baselines but achieves parity with
APE (mean difference +0.003, p = 0.38), consis-
tent with our observation that gains are smaller
in denser regimes. For GENERATE, having only
three datasets limits statistical power, so we refer
to the variance analysis in Appendix D.3 and not
significance testing.

D.3 Variance of Traversability

A higher traversability is always preferable but
consistency is also necessary. Fig 6 shows that APE
and COMPASSLLM are the only high performing
and low variant ones.

D.4 Traversability with Reduction

Selective Context (Li et al., 2023) is a method that
enhances the inference efficiency of LLMs by iden-
tifying and pruning redundancy in the input context
to make the input more compact. Table 7 shows
the comparison between COMPASSLLM, Selec-
tive Context 10% and Selective Context 20% in
average reduction and traversability across var-
ious datasets. This proves that COMPASSLLM
prompts are already compact enough themselves
and no level of reduction can improve/maintain
the same performance. It validates the low-cost of
COMPASSLLM.

D.5 Constraint Handling
We have experimented some graph prior constraints
on the LLM based approaches - 10 experiment for
each case. Table 5 shows a comparison of how
many of the tasks each approach could solve prop-
erly.

E COMPASSLLM Example Prompts

As an adaptive framework, CompassLLM uses only
the source-destination pair and historical paths as
structured input (Gu et al., 2025). While POI ID or
Name could be used interchangeably in our solu-
tion (25->16 or EdinCastle->Mound), doing so
made little difference in our experiments. This indi-
cates that no inherent knowledge in the LLMs about
these locations was particularly useful in the pro-
cess; only the orchestration itself drove the LLMs
to achieve such results. Here are some example
prompts for each agent.

Path Discovery Agent Prompt

You are given a list of historical
trajectories and a source-destination pair.
Your task is to extract all candidate paths
that connect the source to the destination.

Historical Trajectories:
Calton Hill -> National Monument -> Arthur’s
Seat;
Edinburgh Castle -> Royal Mile -> National
Museum of Scotland -> University of Edinburgh
-> Calton Hill -> Royal Botanic Garden ->
Edinburgh Zoo -> Greyfriars Kirkyard ->
Camera Obscura -> Scottish Parliament ->
Nelson Monument -> Dynamic Earth;
Princes Street Gardens -> Palace of
Holyroodhouse -> National Museum of Scotland
-> Scott Monument -> St Giles’ Cathedral ->
Dynamic Earth;
Edinburgh Castle -> Palace of Holyroodhouse
-> St Giles’ Cathedral -> Greyfriars Kirkyard
-> Dynamic Earth;
. . .
Royal Mile -> Arthur’s Seat -> Nelson
Monument;
Arthur’s Seat -> National Museum of Scotland
-> Edinburgh Zoo;
Edinburgh Castle -> National Museum of
Scotland -> Edinburgh Zoo;

Source: Royal Botanic Garden
Destination: Arthur’s Seat

—————

Important: Your response must follow the
following JSON format:

{
"identification_process": "Explain how we can
identify existing paths from historical data
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that contain both source and destination.",
"candidate_paths": "Retrieve all possible
routes connecting the source and destination
from the historical data."
}

Popularity Ranking Agent Prompt

You are given historical trajectory data.
Your task is to analyze and rank all {POIs |
POI Pairs (Edges)} based on their popularity.

Historical Trajectories:
Calton Hill -> National Monument -> Arthur’s
Seat;
Edinburgh Castle -> Royal Mile -> National
Museum of Scotland -> University of Edinburgh
-> Calton Hill -> Royal Botanic Garden ->
Edinburgh Zoo -> Greyfriars Kirkyard ->
Camera Obscura -> Scottish Parliament ->
Nelson Monument -> Dynamic Earth;
Princes Street Gardens -> Palace of
Holyroodhouse -> National Museum of Scotland
-> Scott Monument -> St Giles’ Cathedral ->
Dynamic Earth;
Edinburgh Castle -> Palace of Holyroodhouse
-> St Giles’ Cathedral -> Greyfriars Kirkyard
-> Dynamic Earth;
. . .
Royal Mile -> Arthur’s Seat -> Nelson
Monument;
Arthur’s Seat -> National Museum of Scotland
-> Edinburgh Zoo;
Edinburgh Castle -> National Museum of
Scotland -> Edinburgh Zoo;

—————

Important: Your response must follow the
following JSON format:

For POI Mode:

{
"calculation_method": "Step by step explain
how the popularity of various points of
interest (POIs) can be analyzed using
historical trajectory data.",
"ranking_analysis": "Analyze the ranking the
POIs based on their frequency of visits or
interactions in the dataset and provide the
ranking.",
"poi_rank": "Give out the POIs in the
ascending order of rank."
}

For Edge Mode:

{
"extracted_edges": "Extract edges that can
be found from the trajectory data.",
"analysis_method": "How to analyze edge
frequency and find the most popular edges.",
"edge_rank": "Give out the edges in (POI1,
POI2) format in descending order of their
popularity."

}

Path Synthesis Agent Prompt

You are given edge popularity rankings. For
a source-destination pair with no existing
path in historical data, generate candidate
paths.

Source: Royal Botanic Garden
Destination: Arthur’s Seat

Edge Popularity Ranking: (Dynamic Earth,
Scott Monument), (Calton Hill, Royal Botanic
Garden), (Royal Mile, National Museum of
Scotland), (Scott Monument, Calton Hill),
(Edinburgh Castle, Royal Mile), (National
Museum of Scotland, University of Edinburgh),
(Calton Hill, National Monument), (National
Monument, Arthur’s Seat)...

—————

Important: Your response must follow the
following JSON format:

{
"generation_strategy": "Explain the strategy
for combining popular edges to create
realistic paths.",
"generated_paths": "Generate possible path
candidates using edge popularity rankings."
}

Path Selection Agent Prompt

You are given candidate paths extracted from
historical data and POI popularity rankings.
Your task is to rank these paths based on
their popularity.

Candidate Paths:
Royal Botanic Garden -> Calton Hill ->
National Monument -> Arthur’s Seat;
Royal Botanic Garden -> Edinburgh Zoo ->
National Museum of Scotland -> University of
Edinburgh -> Royal Mile -> Arthur’s Seat;
Royal Botanic Garden -> Princes Street Gardens
-> Palace of Holyroodhouse -> Arthur’s Seat;

POI Popularity Ranking: National Museum of
Scotland, Scott Monument, Edinburgh Zoo, St
Giles’ Cathedral, Royal Mile, Greyfriars
Kirkyard, Royal Botanic Garden, Calton Hill,
Arthur’s Seat, Palace of Holyroodhouse,
Edinburgh Castle, Camera Obscura, University
of Edinburgh, National Monument

—————

Important: Your response must follow the
following JSON format:

{
"evaluation_method": "Think step by step on
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how to evaluate paths using POI popularity
rankings and retrieve the best path.",
"ranked_paths": "Rank all candidate paths
based on the popularity of POIs they
traverse."
}
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