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Abstract

Answering real-world geospatial questions—
such as finding restaurants along a travel route
or amenities near a landmark—requires rea-
soning over both geographic relationships and
semantic user intent. However, existing large
language models (LLMs) lack spatial comput-
ing capabilities and access to up-to-date, ubiq-
uitous real-world geospatial data, while tradi-
tional geospatial systems fall short in interpret-
ing natural language. To bridge this gap, we
introduce Spatial-RAG, a Retrieval-Augmented
Generation (RAG) framework designed for
geospatial question answering. Spatial-RAG
integrates structured spatial databases with
LLMs via a hybrid spatial retriever that com-
bines sparse spatial filtering and dense seman-
tic matching. It formulates the answering pro-
cess as a multi-objective optimization over spa-
tial and semantic relevance, identifying Pareto-
optimal candidates and dynamically selecting
the best response based on user intent. Ex-
periments across multiple tourism and map-
based QA datasets show that Spatial-RAG sig-
nificantly improves performance over strong
baselines.

1 Introduction

Spatial reasoning questions are those that require
spatial computing to resolve relationships between
objects, positions, or movements in space. Ex-
tensive research has been conducted on abstract
spatial reasoning tasks such as mental rotation,
block manipulation, and robot navigation, which
rely on simplified, small-scale, and often purely
geometric representations, typically addressed us-
ing techniques from computer vision and robotics.
In contrast, geospatial reasoning involves interpret-
ing large-scale, real-world geographic data where
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spatial information is deeply entangled with rich
semantics (Chen, 2014; Mai et al., 2021; Kefalidis
et al., 2024). For example, urban routing deci-
sions depend not only on road geometries but also
on attributes such as traffic regulations, land use,
and temporal constraints. Travel plan recommen-
dations should not only consider minimizing the
travel distance, but also maximize the quality of
the attractions according to their descriptions and
reviews (Xie et al., 2024).

/Any recommendations for restaurants along
my walk home from work? Ideally within a McDonald's ‘
few blocks of my route! | love waffle fries! Review: price worth ... 1l
Prefer street-side restaurants.

RPN 4/\ Location: 11D St...  1fe
Chick-fil-A [ NN
Review: Lovely street-f =
8 eview: Lovely street-facing I. o @

location! Best waffle fries! ...

Location: 21 C St ... ]

Hilton Hotel
Review: bedding ... @1
Location: 12D St... 1y

Domino's Pizza
~ Review: friendly ... yflg
Location: 7ESt... &1

Figure 1: A spatial reasoning question with nearby spa-
tial objects. Areas satisfying the spatial constraint are
highlighted in purple.

Geospatial reasoning has a longstanding role in
Al research, yet classical methods—such as spatial
databases and GIS query systems—Ilack the abil-
ity to effectively interpret users’ natural language
questions (Mai et al., 2021). On the other hand,
large language models (LLMs) exhibit strong lin-
guistic competence but struggle with spatial com-
puting and geospatial grounding (Mai et al., 2024).
Recent efforts to bridge this gap have focused on
prompt engineering (Manvi et al., 2024b; Gurnee
and Tegmark, 2024), but these approaches heav-
ily rely on LLMs’ internal knowledge, which re-
mains limited in generalization and spatial reason-
ing capabilities, significantly suffering from ge-
ographic bias (Faisal and Anastasopoulos, 2023;
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Manvi et al., 2024a; Wu et al., 2024), and being
susceptible to obsolescence as knowledge evolves
(Chen et al., 2025). Some work has explored fine-
tuning LL.Ms on spatial tasks (Ji and Gao, 2023;
Manvi et al., 2024b; Zhang et al., 2024), but the
resulting models are often tailored to narrow ap-
plications, constrained datasets, or specific geo-
graphic domains. Therefore, there remains a crit-
ical need for a general-purpose geospatial reason-
ing framework that synergizes semantic under-
standing and spatial computation while ensuring
access to real-world, vast, fast-changing, and
complex geospatial data.

To fill this gap, this paper aims to augment LLMs
with capabilities of spatial reasoning and accessi-
bility to real-world geospatial data. For example,
as illustrated in Figure 1, answering the question
requires LLMs to elicit and formulate the user’s tex-
tual request into the problem of "finding points near
the polyline" and solve it based on a geospatial map
(database) with semantic information (e.g., cus-
tomer reviews and location profiles). Then, it also
requires inferring user intent to select the spatially
and semantically preferred candidates. Thus, the
system must seamlessly integrate structured spa-
tial retrieval with unstructured text-based reason-
ing, ensuring both spatial accuracy and contextual
understanding. Specifically, we extend Retrieval-
Augmented Generation (RAG) into geospatial in-
formation retrieval and reasoning, bridging the gap
between structured spatial databases and unstruc-
tured textual reasoning. RAG has demonstrated its
effectiveness in knowledge-intensive tasks, such
as question answering (QA) (Siriwardhana et al.,
2023), by retrieving domain-specific documents to
enhance LLM responses. However, existing RAG
systems primarily focus on retrieving and gener-
ating textual content and lack the spatial intelli-
gence required for spatial reasoning tasks, espe-
cially tasks that involve understanding and comput-
ing complex spatial relationships among geome-
tries, including points, polylines, and polygons.

In this paper, we introduce Spatial Retrieval-
Augmented Generation (Spatial-RAG), a new
framework that unifies text-guided spatial retrieval
with spatially aware text generation in a multi-
objective optimization scenario. Specifically, to
identify spatially relevant candidate answers, we
propose a novel spatial hybrid retrieval module syn-
ergizing spatial sparse and dense retrievers. To rank
the candidates and generate the final answers, we
propose to fuel the generator with retrieved results

on the Pareto frontier based on a spatial and se-
mantic joint ranking strategy. Our contributions are
summarized as follows:

* A generic spatial RAG framework: We in-
troduce spatial-RAG, the first framework that ex-
tends RAG to geospatial question answering, to
tackle a broad spectrum of spatial reasoning tasks,
such as geographic recommendation, spatially con-
strained search, and contextual route planning. Our
approach seamlessly integrates spatial databases,
LLMs, and retrieval-based augmentation, enabling
effective handling of complex spatial reasoning
questions directly within the familiar operational
paradigm of LLMs.

* Sparse-dense spatial hybrid retriever: We
propose a hybrid retrieval mechanism that com-
bines spatial sparse retrieval (e.g., SQL-based struc-
tured queries) with spatial dense retrieval (e.g.,
LLM-powered semantic matching). This dual ap-
proach ensures that retrieved results align both spa-
tially and semantically with the user’s query, syn-
ergizing spatial computing and geographical text
understanding.

* Multi-objective guided spatial and seman-
tic text generator: To handle both spatial con-
straints and semantic intents in the spatial question-
answering task, we introduce a multi-objective op-
timization framework that dynamically balances
trade-offs between spatial and semantic relevancy
to the user’s query. This ensures that the gener-
ated responses are both geospatially accurate and
linguistically coherent.

* Real-world evaluation: We evaluated our

method on multiple real-world datasets consist-
ing of user QA pairs about various spatial entities.
The experiments demonstrate the model’s ability
to handle spatial reasoning questions grounded in
real-world scenarios.
Through these innovations, Spatial-RAG signifi-
cantly enhances the spatial reasoning capabilities
of LLMs, bridging the gap between structured spa-
tial databases and natural language QA.

2 Related Work

2.1 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) enhances
language models by dynamically retrieving exter-
nal knowledge before generating a response, im-
proving factual accuracy and contextual relevance
(Fan et al., 2024; Lewis et al., 2020). This approach
has proven effective for knowledge-intensive tasks
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like open-domain question answering (QA) and
has expanded from text documents to structured
data types such as tables and graphs (He et al.,
2024). However, while RAG has been explored for
knowledge-grounded dialogues (Yu et al., 2024c),
its application in spatial reasoning QA remains a
key research gap, as existing systems often fail to
integrate spatial computation effectively.

2.2 Geospatial Question Answering

Geospatial questions can be broadly categorized
into two types. The first, textual knowledge-based
questions (e.g., "What is the population of Los An-
geles?"), can be answered using traditional QA and
RAG methods because they do not require complex
spatial computation (Liétard et al., 2021; Christ-
mann and Weikum, 2024; Contractor et al., 2021b).
The second and more challenging type involves
spatial reasoning questions (e.g., "What is the po-
sition of object A relative to object B?"), which
require a deep understanding of spatial data and
relationships (Li et al., 2024). Beyond question
answering, recent work has also explored special-
ized GeoAl models for heterogeneous multi-source
spatial point prediction and for learning expres-
sive representations of polygonal geometries (Yu
et al., 2024a,b, 2025), underscoring the complexity
of the spatial structures and data modalities that
real-world geospatial reasoning systems must han-
dle. Although studies have investigated the spatial
capabilities of LLMs, they often struggle with accu-
rate reasoning, even after fine-tuning or enriching
semantic context by converting coordinates to ad-
dresses (Mai et al., 2024; Roberts et al., 2023; Li
et al., 2023). Furthermore, many existing methods
are limited by their reliance on predefined actions
for specific tasks, highlighting the need for more
robust and flexible reasoning frameworks.

3 Problem Formulation

In this study, our primary focus is on Geospatial
Reasoning Questions. We formulate the problem
as follows: Given a query ¢, the system aims to
generate an answer y*, which maximizes the joint
spatial and semantic scores while satisfying the
spatial constraints in the query q. For example, in
Figure 1, the desired answer is a restaurant that sat-
isfies a spatial constraint—it must be within walk-
ing distance of the route. Additionally, it should
ideally be located along the street (spatial score)
and preferably offer waffle fries (semantic score).

This problem can be formulated as the following
multi-objective optimization problem:

y* = arg myax )\Zfs(q, y) + )\gfk(ﬂb Y)

st. y€Cs(q), ye Culq), (1)
AS Z O, Ak 2 07

170, +17), = 1,

where f, € R% is the spatial relevance score vec-
tor, f,, € R% is the semantic relevance score vec-
tor, Cs is the spatial candidate set that satisfies
the spatial constraints of the question, C is the
semantic candidate set that satisfies the semantic
constraints of the question, Ay, A are the spatial
weights and semantic weights, respectively, y* is
the optimal answer, 172, + 1T\, = 1 ensures a
normalized trade-off.

Note that this problem can have multiple valid
solutions depending on the trade-off parameters
As and A\, forming a Pareto frontier. EXisting
approaches are unable to solve this problem effec-
tively, as it demands a synergistic capability in both
geospatial and semantic reasoning. Specifically: 1)
it requires accurately determining whether a candi-
date y satisfies the spatial constraints expressed in
the query g. 2) it involves ranking candidates based
on both spatial and semantic relevance, which are
interrelated yet provide complementary signals;
and 3) it must ensure that no high-quality answers
are overlooked under different trade-offs between
spatial and semantic aspects. Current methods,
which typically excel in either geospatial reasoning
(e.g., spatial databases) or semantic reasoning (e.g.,
large language models and their variants), cannot
address all of these requirements without substan-
tial effort to integrate both capabilities seamlessly.

4 Spatial-RAG for Geospatial Reasoning
Questions

4.1 Overview

Our Spatial-RAG framework, illustrated in Figure
2, operates in three key stages. First, to construct
a spatial candidate set Cj, it must precisely define
spatial constraints and then retrieve spatial objects
that satisfy them. We achieve this by parsing nat-
ural language questions into spatial SQL queries
to retrieve objects satisfying defined spatial con-
straints (Section 4.2). Second, to effectively com-
pute spatial relevance fs(q,y) while integrating
textual information, we propose a hybrid spatial
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Figure 2: Illustration of the proposed Spatial-RAG framework.

retrieval scheme that combines sparse scores from
the database with dense semantic similarity from
text embeddings (Section 4.3). Third, it formulates
a multi-objective optimization problem to balance
spatial and semantic scores, computing a Pareto
frontier of candidates from which the LLM gener-
ates an optimal response (Section 4.4).

4.2 Sparse Spatial Retrieval

The answer to a spatial reasoning question must
meet specific spatial constraints C4(q). The spatial
candidate set Cs(q) consists of all possible answers
y that satisfy the spatial constraints:

Cs(q) ={y | cs(y,q) <0,Ves € Cs(q)},  (2)

where ¢;(y, q) is a constraint function that encodes
a spatial condition (e.g., topological, directional, or
distance-based) and C;(q) is the set of all spatial
constraints for question ¢g. For example, if the spa-
tial constraint requires y to be within a distance e
from a reference location [, then a possible con-
straint function is: ¢s(y,q) = d(y,l;) — € < 0.
This formulation ensures that only spatially valid
answers are included in Cs(q).

Addressing spatial constraints requires execut-
ing a spatial SQL query. This process involves
identifying the appropriate query function, the ref-
erence spatial objects, the target spatial objects, and
any necessary numerical parameters. Formally, a
spatial SQL query can be expressed as:

QS == fS(GT7Gta€)) (3)

where F; is the spatial function (e.g., proximity)
that determines the relationship between objects,
G, and G, are the reference and target objects, and
€ is the set of numerical parameters (e.g., distance).

Given the diversity and complex nature of these
constraints, we use a three-step incremental pars-
ing process: 1) Geometry recognition: Identify
reference G, and target G; objects and extract their
geometric footprints. 2) Query function selection:
Determine the spatial function 5 based on the in-
tended relationship (e.g., containment). 3) Param-
eter estimation: Assign numerical constraints €
for precise filtering (e.g., buffer radius). This struc-
tured process enhances the LLM’s ability to gener-
ate accurate and executable spatial SQL queries.

4.2.1 Geometry Recognition

Accurately identifying the spatial footprints of spa-
tial objects is essential for parsing questions to
spatial queries. We categorize spatial footprints
g € G into three types:

* Point: Gpoine = {9 | g € R?,dim(g) = 0}.
Points, including multipoints, represents locations
with negligible area. Examples include stop signs,
points of interest, and a user’s current location. In
spatial databases, these entities are typically repre-
sented as the "Point’ geometry type.

* Polyline: Gjine = {g | ¢ € R?, dim(g) = 1}.
Polylines, including multipolylines, represent one-
dimensional objects with negligible width. Com-
mon examples include streets, streams, bus routes,
and power lines. In spatial databases, these geome-
tries are abstracted as the 'LineString’ type.

* Polygon: Gyolyeon = {9 | g C R?, dim(g) =
2}. Polygons, including multipolygons, represent
two-dimensional objects that define enclosed areas.
These geometries are essential for depicting regions
such as census areas, parcels, counties, neighbor-
hoods, and zoning areas.

The complexity of a query depends on the geome-
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tries involved. A simple query might only involve
points (e.g., "find nearest bus stop", and the spatial
candidate set is Cs = {g]9 € Gpoint; A(g, Gpoint) <
e} where gpoint € Gpoint represents a point object
(e.g., given location), € is the distance threshold. ),
while a complex one could involve multiple types
(e.g., "recommend a café along my route to the
university campus"”, and the spatial candidate set is
Cs = {g’g € gpointa g e B(gpolyline7 5) U gpolygon}’
where gpolyline € Gpolygon represents a polyline ob-
ject (e.g., aroute), gpolyson € Gpolygon represents a
polygonal region (e.g., a university campus), B is
a buffer around the polyline, € is the buffer size.).

By structuring spatial queries in this way, we en-
sure precise geometric representation, facilitating
robust spatial reasoning and query execution.

4.2.2 Query Function Recognition and
Parameter Estimation

After recognizing the geometries involved in a spa-
tial query, the subsequent step is to determine the
appropriate spatial query functions F required to
handle various geometrical interactions. Despite
the differing interactions among geometries, these
can be uniformly addressed using distance func-
tions d(g,, g:), which calculate the shortest dis-
tance between two geometrical entities g, g; € G.

Formally, given sets of reference geometries
G, C G and target geometries G; C G , the spa-
tial candidate set C can be defined as {g; € Gy |
g, € Gy,d(gr,9t) < €}, if d(gr, g:) > 0. Oth-
erwise, it can be defined as {¢g;: € G¢ | g, €
G, gr N gt # 0}. Parameters such as search radius
or buffer distance e are autonomously determined
by the LLM, typically grounded in contextual un-
derstanding (e.g., estimated walking distance or
area of interest). The parameter e can be repre-
sented as: € = ¢(q), where ¢ is a function that
maps the context of the query ¢ to an appropriate
numerical value.

Once the geometries G-, G, functions Fj, and
parameters € are delineated, the system constructs
the precise spatial query ;. This query can be
formally expressed by Equation 3, which ensures
exact retrievals from the spatial database, maintain-
ing both accuracy and relevance in the results. By
leveraging these mathematical formulations, the
system effectively translates spatial reasoning tasks
into executable queries, facilitating robust spatial
intelligence within the LLM framework.

4.3 Hybrid Spatial Relevance Scoring

The spatial relevance score f5 consists of two com-
ponents: a score derived from sparse spatial re-
trieval from the spatial database and a score from
dense spatial retrieval based on text similarity be-
tween the question and the spatial descriptions of
candidate objects. Formally, we define:

Fo = Ap S 4 Ag fE, @)

where A\, and \g are weighting coefficients control-
ling the contribution of each score.

4.3.1 Sparse spatial relevance scoring

Sparse spatial relevance is computed directly from
the spatial database by a spatial query function Fj:

1

1+ d(grvgt)
1, if g N g # 0

where g, and g; are reference and target spatial
objects, respectively. d(g,, g¢) is a distance func-
tion measuring proximity in the spatial database. If
g; overlaps with g,., we assign a perfect relevance
score of 1. This ensures that objects within a re-
gion are maximally relevant, while those outside
the region receive scores that decay with increasing
distance.

fopase _ , ifgrng =10
S

®

4.3.2 Dense spatial relevance scoring

Dense spatial relevance is inferred from textual
descriptions associated with spatial objects. We
leverage an LLM to extract key spatial attributes
from user queries and descriptions of candidates.

Given a user query ¢ and a set of text descrip-
tions d; for spatial objects GGy, we extract the spa-
tial requirements via an attention-based masking
function: vy s = E(Ms(q)), wvis = E(Ms(dy)),
where v s and vy s are dense vector representations
of spatial features from query g and text descrip-
tions dy. M is a function mapping input text to
a spatial related text. £ is the text encoder. The
dense spatial relevance score f3"¢ is computed
via cosine similarity between two vectors. (See
details in Appendix B.2)

4.3.3 Hybrid spatial scoring as a generalized
model

This hybrid approach generalizes both methods. If
Aq = 0, it becomes a purely sparse, distance-based
ranking. If A\, = 0, it is a purely dense, semantic-
based ranking. When both are non-zero, it benefits
from both explicit spatial constraints and implicit
textual relevance.
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4.4 Multi-objective Generation and
Re-ranking

After computing both spatial (fs) and semantic (f)
relevance scores (details in Appendix A), the final
stage is to select and generate the optimal answer.
This is framed as a multi-objective optimization
problem to resolve the inherent trade-off between
the two dimensions (spatial and semantic).

4.4.1 Spatial-Semantic Pareto-Optimal
Candidate Selection

To effectively manage the trade-off between spa-
tial and semantic relevance, we first identify the
set of Pareto-optimal candidates, P(q). A can-
didate is considered Pareto-optimal if no other
candidate is superior in both spatial and se-
mantic scores. Formally, the Pareto frontier
is defined as: {y € CsNCy | B ¢ €
Cs N Cy, fs(¢,y') > fs(g,y) and fi(q,y") >
fr(q,y), with at least one strict inequality}. This
step efficiently filters the candidate pool to only
the most viable options, ensuring no potentially
optimal answer is discarded prematurely.

4.4.2 LLM-based Re-ranking and Generation

With the Pareto-optimal set P(q) established, we
leverage an LLM to make the final, context-aware
trade-off decision. The LLM is prompted with
the user’s query, the candidates on the frontier,
and their associated descriptions and sparse spa-
tial scores. It then dynamically determines the
context-specific weights (g, \;) to select the final
answer:

y* = arg max A fs(q,9) + A f(q,y), (6)
y€P(q)

Following this selection, the LLM generates a co-
herent natural language response.

5 Experiment

5.1 Experiment Setting

Datasets Our experiments are conducted on four
real-world datasets. The TourismQA-NYC and
TourismQA-Miami datasets (Contractor et al.,
2019) consist of user questions about points of
interest (POIs), with data sourced from TripAd-
visor and other travel websites. We preprocessed
this data by removing incomplete POIs and dupli-
cate question-answer pairs. The other two datasets,
MapQA-Adjacent (MapQA-ADJ) and MapQA-
Amenities_Around_Specific (MapQA-AME) (Li

et al., 2025), are designed to test spatial relation-
ships. MapQA-AD]J focuses on topological queries
(e.g., “What is adjacent to [location]?”), while
MapQA-AME centers on proximity-based ques-
tions (e.g., “What amenities are within 50m of [lo-
cation]?”). Detailed statistics for all datasets are
provided in Table 1.

Table 1: Overview of Datasets

Statistic TourismQA-Miami TourismQA-NYC MapQA-ADJ MapQA-AME
#POIs 2,640 9,470 92,415 92,415
#QA Pairs 133 17,448 50 231

Evaluation metrics To evaluate the performance
of methods, we employ four commonly used
metrics: Precision@k, Recall@k, F1@k, and
NDCG@k (Normalized Discounted Cumulative
Gain up to rank k), k € 1,3,5,10. Precision@k
measures the proportion of the top-k retrieved items
that are relevant to the query, Recall @k represents
the proportion of all relevant items that appear
within the top-k results. F1@k is the harmonic
mean of Precision@k and Recall@k. NDCG@k
evaluates the quality of the ranking by considering
the position of the relevant items. Higher values
for all metrics indicate better performance. In all
tables, we bold and underline the best score and
bold the second-best score.

Models for comparison We use GPT4-Turbo as
the LLM for all applicable methods. GeoLLM
(Manvi et al., 2024b) enrich spatial context by
adding spatial information of nearby spatial ob-
jects. Naive RAG (Lewis et al., 2020) saves all
spatial objects’ descriptions in a vector database
and retrieves the most relevant objects based on vec-
tor similarity. Text embedding (TE) (Cakaloglu
et al., 2020) is a greedy method minimizing the
distance between the vector embeddings of the text
description of the reference object and the target
object. Sort-by-distance (SD) (Contractor et al.,
2021a) ranks the candidate spatial objects based
on their distance to the reference objects in the
spatial question. Spatial-text (ST) computes the
embeddings of the user’s question and compares
the similarity between the question embedding and
the text description embedding of the target object.
Additionally, the object’s location is encoded as a
distance score. The answer is determined based on
the average of these scores. O3-web uses OpenAl
03 model configured with the web-search tool en-
abled via the user-location parameter. Due to the
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limited access to this model, we only evaluated it
on the TourismQA-Miami dataset.

5.2 Spatial-RAG vs. Baselines

The results presented in Tables 2 and 3 demon-
strate the superior and consistent performance of
our Spatial-RAG framework across all datasets.
Specifically, Spatial-RAG achieves a 19.9% im-
provement in Precision@1 over the best baseline
(ST) on TourismQA-NYC and improves NDCG
by up to 32.0% on MapQA-ADJ and 52.6% on
MapQA-AME. This significant lead is best under-
stood by examining the inherent limitations of the
baseline methods. Models like Naive RAG and
TE, which rely solely on semantic similarity, of-
ten fail by retrieving spatially irrelevant candidates.
Conversely, the Sort-by-Distance (SD) method is
spatially precise but semantically naive, unable to
capture user intent beyond simple proximity. While
methods like ST and GeoLLM attempt to combine
these signals, they lack a robust mechanism to en-
force hard spatial constraints, leading to subopti-
mal candidate sets. Reasoning-oriented LL.Ms such
as 03 are stronger at open-ended problem solving,
but they still lack the specialized spatial indexing
and database retrieval capabilities required for re-
liable geospatial grounding. In contrast, Spatial-
RAG’s multi-stage architecture directly addresses
these flaws. Its initial sparse retrieval stage is cru-
cial, acting as a powerful filter that uses the spatial
database to ensure only geographically plausible
candidates are considered. This significantly boosts
recall—achieving a 95.4% higher Recall@ 10 than
GeoLLM on TourismQA-Miami—by not prema-
turely dismissing valid options. Subsequently, our
hybrid scoring and multi-objective re-ranking in-
telligently balance spatial and semantic relevance,
ensuring the most holistically suitable items are
ranked highest. This architectural advantage is
why Spatial-RAG consistently excels in ranking-
focused metrics like NDCG and Precision, confirm-
ing its status as a new state-of-the-art solution for
geospatial reasoning. Given the multi-stage nature
of the system, we also conducted a comprehen-
sive component-level error analysis on the delivery
failures to identify the primary sources of error in
Appendix C.

5.3 Ablation Studies

To validate each component’s contribution, we con-
ducted ablation studies, with results summarized
in Table 4. We assessed the impact of removing

following modules: 1) the sparse spatial retriever
(w/o sparse spatial), 2) the dense spatial scorer (w/o
dense spatial), 3) the dense semantic scorer (w/o
dense semantic), 4) the reranker (w/o reranking),
5) the Pareto selection (w/o Pareto). We also eval-
uated two system-level variations: 6) generating
SQL from scratch without templates (Scratch) and
7) removing the entire RAG pipeline (w/o RAG).
A study on the influence of different LLMs is de-
tailed in Appendix E. The results affirm our de-
sign. The most severe performance drop occurred
when the entire RAG pipeline was removed (w/o
RAG), causing Precision@1 to plummet by 36.7%.
This confirms that a retrieval-augmented strategy
is fundamental to solving these complex queries.
The second most critical component is the sparse
spatial retriever; removing it resulted in a 32.8%
decrease in Precision@ 1, underscoring the neces-
sity of grounding the LLM in a structured spatial
database. While the dense components have a
smaller impact, their removal still degrades per-
formance, demonstrating the value of capturing nu-
anced textual semantics. Interestingly, the Scratch
variant saw only a minor 4.8% drop in Precision@1,
highlighting the LLM’s strong intrinsic capabilities,
yet our template-guided approach provides an ad-
ditional layer of reliability and consistency.

5.4 Case Studies

To provide a qualitative validation of our quan-
titative results, Figure 3 visualizes how Spatial-
RAG successfully handles three distinct types of
geospatial queries. As illustrated, our model cor-
rectly interprets the user’s spatial intent in each
case: a) a point-based query requiring a search
within a radius, b) a polyline-based query for loca-
tions along a route, and c) a polygon-based query
for places within a named region. This nuanced
understanding is a significant advantage over sim-
pler baselines. For instance, faced with the route-
based query in b), a traditional method like Sort-by-
Distance would likely generate an incorrect buffer
zone around a single point, failing to capture the
user’s actual path. In contrast, Spatial-RAG cor-
rectly models the search along a polyline, ensuring
a far more relevant initial candidate set. This abil-
ity to accurately parse the geometry of the query
and apply the correct spatial constraints is precisely
why our framework achieves superior recall and
precision, as it begins the ranking process with can-
didates that are not just semantically similar but
also geographically plausible.
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Table 2: Performance comparison of models on TourismQA-Miami and TourismQA-NYC

Precision Recall F1 NDCG
Dataset Method
@1 @3 @5 @10 @1 @3 @5 @10 @l @3 @5 @10 @1 @3 @5 @10
GeoLLM 03158 0.2719 0.2368 0.2053 0.0365 0.0945 0.1246 0.1824 0.0591 0.1094 0.1311 0.1623 0.3158 0.3200 0.3268 0.3600
Naive RAG 02973 0.2252 0.2054 0.1973 0.0814 0.1124 0.1491 0.2301 0.1005 0.1099 0.1310 0.1642 0.2973 0.2753 0.2849 0.3403
TE 0.3421 0.3070 0.2316 0.1842 0.0567 0.1544 0.1821 0.2231 0.0781 0.1558 0.1515 0.1543 0.3421 0.3766 0.3890 0.4748
TourismQA-Miami
SD 0.1053 0.0351 0.0211 0.0105 0.0075 0.0075 0.0075 0.0075 0.0138 0.0119 0.0105 0.0082 0.1053 0.1053 0.1053 0.1053
ST 0.3947 0.1316 0.0789 0.0395 0.0873 0.0873 0.0873 0.0873 0.1115 0.0730 0.0569 0.0386 0.3947 0.3947 0.3947 0.3947
03-web 0.2895 0.2281 0.2000 0.1895 0.0309 0.0863 0.1261 0.2401 0.0540 0.1001 0.1246 0.1791 0.2895 0.2888 0.3182 0.4595
Spatial-RAG  0.5152 0.4242 0.3758 0.2939 0.1026 0.2037 0.2841 0.3565 0.1454 0.2246 0.2619 0.2656 0.5152 0.4852 0.4983 0.5079
GeoLLM 03650 0.3292 0.3020 0.2725 0.0168 0.0433 0.0614 0.1033 0.0311 0.0688 0.0907 0.1328 0.3650 0.3626 0.3708 0.4248
Naive RAG  0.4923 0.4447 0.4245 04181 0.0214 0.0556 0.0889 0.1678 0.0399 0.0932 0.1345 0.2167 0.4923 0.4551 0.4528 0.5058
TE 0.2250 0.2433 0.2395 0.2325 0.0101 0.0330 0.0506 0.0934 0.0189 0.0541 0.0767 0.1199 0.2250 0.2873 0.3533 0.5142
TourismQA-NYC
SD 0.2425 0.2492  0.2455 0.2402 0.0103 0.0314 0.0520 0.0945 0.0193 0.0520 0.0758 0.1194 0.2425 0.2694 0.2926 0.3624
ST 0.4725 0.4460 0.4608 0.4323 0.0238 0.0644 0.1026 0.1846 0.0433 0.1026 0.1475 0.2281 0.4725 0.4686 0.4745 0.5296
Spatial-RAG  0.5665 0.4875 0.4555 0.4251 0.0274 0.0611 0.0908 0.1691 0.0483 0.0996 0.1384 0.2153 0.5665 0.5174 0.5065 0.5574

Name: Daniel, 60 East 65th Street
Review summary: If you're looking for an
elegant dining experience in the Upper
East Side, this is the one to get. It has a lot

to offer in terms of style and function, but perfect choice.

Name: Good Enough to
N Eat, 520 Columbus Ave
Review summary: If you
are looking for a bacon-
style breakfast, this is the

one to get. The bacon-
wrapped pancakes are the

Name: Hundred Acres, 38
Macdougal St

it also comes at a very reasonable price.

Search Results Legend

] 9 Top Result

9 Other Results

Search Center

Search Area (1.0km)

(a) A“point within 1km radius”
query: “.. and staying in the waldorf
astoria, we are looking for
suggestions for new year? we were
thinking of maybe booking a meal
somewhere near central park, then
seeing the new year in @ the

Search Results Legend

v Top Result
v Other Results

= Route

(b) A “point within polyline”
query: ... we move to Hilton New
York at 1335 Ave Of Americas
between 53 and 54. We have
tickets for a Yankee game at
1:05...s0 we can get subway to
Yankee Stadium? ... for dinner
that evening - something simple.

Review summary: Offers a
wide variety of appetizers for a
wide range of tastes that are
perfect for sharing with friends
and family.

Search Results Legend

9 Top Result
9 Other Results

Search Area: Soho-Tribeca-

Search Area (500m) Civic Center-Little Italy

(c) A“point within polygon” query: ...
will be staying in SOHO but will be
doing things all over downtown so
open to going anywhere the subway
will take me. Good Italian, Mexican,
Tapas etc are always safe options. But
like to experience some fun trendy hip
places...

Figure 3: Three POI queries with different reference objects.

Table 3: Performance comparison of models on MapQA-
ADJ and MapQA-AME.

Dataset Metric Methods
GeoLLM Naive RAG TE SD ST Spatial-RAG
Precision  0.4558 0.3455 0.4200  0.4600 0.5600 0.5057
Recall 0.6685 0.6170 0.3750  0.4200 0.5150 0.7819
MapQA-ADJ
F1 0.5073 0.4067 0.3880 0.4333  0.5280 0.5625
NDCG 0.6132 0.5866 0.4200  0.4600 0.5600 0.7391
Precision 03729 0.2452 0.2751 04323 0.5714 0.6645
Recall 0.8333 0.6075 0.2351  0.3923 05173 0.9072
MapQA-AME
F1 0.4744 0.3263 0.2482  0.4054 0.5346 0.7298
NDCG 0.8199 0.6018 0.2751 04323 0.5714 0.8719

6 Conclusion

We introduced Spatial-RAG, a framework that
bridges the gap between the natural language under-
standing of LLMs and the computational power of
structured spatial databases. By decomposing com-
plex geospatial queries into a multi-stage process
of sparse spatial retrieval, hybrid relevance scor-
ing, and multi-objective generation, our approach
grounds LLM reasoning in geographic reality. Ex-
tensive experiments demonstrate that Spatial-RAG
establishes a new state-of-the-art in geospatial ques-
tion answering, significantly outperforming exist-
ing methods.
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Table 4: Ablation results on the TourismQA-NYC dataset.

Method Precision Recall F1 NDCG
@1 @3 @5 @10 @1 @3 @5 @10 @1 @3 @5 @10 @1 @3 @5 @10
Spatial-RAG 0.5665 0.4875 0.4555 0.4251 0.0274 0.0611 0.0908 0.1691 0.0483 0.0996 0.1384 0.2153 0.5665 0.5174 0.5065 0.5574
w/o sparse spatial 0.3807 0.3545 0.3503 0.3307 0.0147 0.0431 0.0701 0.1305 0.0276 0.0701 0.1058 0.1667 0.3807 0.3608 0.3570 0.3455
wio dense spatial 05569 04954 04628 04295 00263 00606 00919 01679 00466 00986 0.1392 02132 05569 05240 05132 0.5587
Ww/o dense semantic 04986 04311 04165 03806 00240 00553 00844 0.1499 00421 00883 0.1262 0.1896 04986 04679 04739 0.5219
w/o reranking 0.3932  0.3478 0.3461 0.3350 0.0140 0.0389 0.0628 0.1215 0.0263 0.0642 0.0966 0.1596 0.3932 0.3758 0.3897 0.4550
w/o Pareto 0.3874 0.3797 0.3609 0.3434 0.0164 0.0426 0.0660 0.1231 0.0306 0.0726 0.1042 0.1643 0.3874 0.4056 0.4123 0.4723
Scratch 05392 04935 04706 04343 00236 00535 00829 0.1574 00435 00916 0.1323 02105 05392 05105 05042 0.5374
w/o RAG 0.3584 0.3333 0.3028 0.2644 0.0121 0.0323 0.0484 0.0846 0.0231 0.0568 0.0796 0.1191 0.3584 0.3570 0.3653 0.4186
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7 Limitations

Our method depends on existing spatial databases
that provide accurate object footprints. In re-
gions where such data are unavailable, an essential
preliminary step would involve collecting spatial
information and constructing the corresponding
database. The evaluation in this paper also does
not systematically cover the rapidly growing set
of recent agentic systems, even though prelimi-
nary checks suggest that explicit spatial retrieval
remains useful in those settings.
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A Dense Semantic Retrieval and Ranking

In the previous section, we derived the spatial can-
didate set Cs and the spatial relevance score fs.
Now, we focus on obtaining the semantic candidate
set C}, and the semantic relevance score fj, .

Given a query ¢q , we define the semantic candi-
date set C(q) as:

Cr(q) ={y | ek(y,q) <0,Vex, € Ci(q)}, (1)

where:
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* ¢;(y, q) is a constraint function that filters out
spatial objects not satisfying the semantic intent
of the query.

* Ci(q) is the set of all semantic constraints (e.g.,
topic matching, category relevance).

Each spatial object is associated with textual
descriptions, including names, reviews, and addi-
tional metadata. However, these descriptions often
contain irrelevant or verbose details that may ob-
scure meaningful information. To address this, we
use an LLM-based masking function My, to re-
move spatially redundant information and retain
only semantically relevant content. The resulting
texts are then encoded into a dense embedding
space by a text encoder £. Specifically, given a
spatial object text description d;,user query g, the
filtered text representation is:

Upe = E(Mi(dr))  vgp = E(Mi(q).  (3)

The semantic relevance score is then computed
using cosine similarity:

Vq,k - Utk

Je=g—m ()]

Il Vg, Il ves I

This score quantifies how well the spatial object
aligns with the query’s semantic intent, irrespective
of spatial factors.

B Implementation Details

B.1 Semantic Parsing for Spatial Database
Query

For the geometry objects referenced in user queries,
Spatial-RAG initially interacts with the spatial
database to locate and match the described ob-
jects, such as specific points (e.g., a restaurant),
roads, or defined areas and subsequently retrieves
the pertinent geometrical data. In scenarios where
the specified geometrical object does not exist pre-
mapped in the database, Spatial-RAG is designed
to construct a temporary geometric object. This
temporary object serves as a stand-in to facilitate
spatial queries based on the user’s descriptive in-
put. This approach allows Spatial-RAG to handle
dynamic spatial inquiries efficiently, even when di-
rect matches are not immediately found within the
existing database entries. By creating temporary
geometrical representations, Spatial-RAG ensures
that all spatial queries are processed accurately,
maintaining the integrity and effectiveness of the

system in delivering precise spatial information and
responses.

Functionally, the same outcome might be
achieved through different means, for example,
searching for a restaurant near a street could in-
volve searching within a buffered polyline or creat-
ing a polygon enclosing the polyline and searching
within it. Such flexibility in the system implies
various methods to achieve the same goal. This
flexibility, however, poses a challenge if the LLM
is tasked with generating a complete query directly,
as it might lead to the production of hallucinatory,
incorrect, or inexecutable code due to confusion or
excessive complexity in interpreting spatial data.
By structuring the process such that the LLM first
identifies the geometry, then determines the func-
tion in a step-by-step manner, we mitigate the risks
associated with generating errant queries.

B.2 Dense Retrieval
B.2.1 Text Encoder

We utilize OpenAl’s text-embedding-3-small as our
text encoder for both spatial and semantic dense
retrieval.

B.2.2 Index Construction

We perform an offline preprocessing step where
an LLM (GPT-4) summarizes the raw reviews and
descriptions of each POI into two distinct descrip-
tions: Spatial Description: Extracts spatial fea-
tures (e.g., "view of the park,"” "outdoor seating,"
). Semantic Description: Extracts non-spatial
attributes (e.g., "Italian cuisine," "romantic atmo-
sphere,"” "price range"). These descriptions are
independently encoded into vectors and stored in
PostgreSQL database to support the hybrid scoring
mechanism.

B.2.3 Difference between f3¢"¢ and f;,

While both scores use cosine similarity, they oper-
ate on disjoint vector spaces derived from differ-
ent underlying data summaries. In practice, fdense
(Dense Spatial Score) captures implicit geographic
characteristics that sparse coordinates miss (e.g.,
"street view"), whereas f;, (Semantic Score) cap-
tures user preferences unrelated to location (e.g.,
"Italian food").

C Error Analysis

To better understand the sources of error in our
Spatial-RAG framework, we conducted a detailed
component-level error analysis on failed queries
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Table 5: Breakdown of failures on the TourismQA-NYC
dataset.

Issue Category
No relevant POIs

Percentage
27.12%

Description
The requested POI category does
not exist in the area.

Dataset Errors 23.73% Issues like coordinates falling
outside valid city limits.

LLM Polygon Error 33.89% The LLM misinterprets the
boundary of a named region.

User Intent Error 8.47% The user query contains conflict-
ing requirements.

Ranking Format 6.78% The LLM fails to generate correct

JSON/List format.

Table 6: Token consumption breakdown (Average per
query).

Stage Input tokens Output tokens
Spatial Extraction 1630.6 197.3
Semantic Extraction 673.6 99.0
Reranking 8334.7 65.6

from the TourismQA-NYC dataset in Table 5. No-
tably, 50.85% of "failures" (No relevant POIs +
Dataset Errors) are actually legitimate "no solu-
tion" scenarios or data limitations, meaning the
system correctly returned nothing rather than hal-
lucinating a false answer. The largest source of
algorithmic error is LLM Polygon Misinterpreta-
tion (33.89%). This indicates that the Re-ranker
and Semantic Retriever are relatively robust, while
the initial Spatial Extraction (specifically region-to-
polygon mapping) is the bottleneck. This finding
validates our focus on hybrid retrieval, as relying
solely on LLM spatial knowledge (like GeoLLM)
leads to higher errors in this specific category.

D Computational Resources Details and
Cost Analysis

Spatial-RAG is implemented with several large lan-
guage models (LLMs), including GPT-3.5-Turbo,
GPT-4-Turbo, and Qwen2-7B (7B parameters), all
used in a training-free setting. GPT-3.5-Turbo
and GPT-4-Turbo are accessed via the OpenAl
API, with pricing available on the official OpenAl
website. The Qwen2-7B model is hosted on our
own computing server equipped with four NVIDIA
A6000 GPUs.

Each query in the Spatial-RAG pipeline involves
three LLM API calls and one spatial database
query. We report the token consumption for each
stage in Table 6. On average, each LLM call con-
sumes 10638.9/758.2 tokens (input/output). Spa-
tial queries are executed on a PostgreSQL database
with the PostGIS extension, with an average latency

of 1.2 seconds per query. In contrast, sota LLM
methods like OpenAl 03 consumes 70000-230000
tokens for one query, leading to significantly higher
costs and latency.

E Influence of LLMs

To evaluate the robustness of our Spatial-RAG
framework, we tested its performance when inte-
grated with three different Large Language Models:
GPT-4 Turbo, GPT-3.5 Turbo, and Qwen2-7B. The
results are presented in Table 7.

The analysis shows that while different LLMs
exhibit varied performance characteristics, the
Spatial-RAG framework consistently delivers
strong results across the board. For instance, on
the complex TourismQA-NYC dataset, GPT-4
Turbo excels in precision (0.5665 Precision@1).
In contrast, on the TourismQA-Miami dataset, the
lighter GPT-3.5 Turbo achieves the best overall
NDCG scores (0.5440 NDCG@10). Meanwhile,
Qwen demonstrates a particular strength in recall
and ranking diversity, achieving top scores in Re-
call on the Miami dataset and in higher-k NDCG
on the NYC dataset.

This consistent high performance, despite the
different strengths of the underlying LLMs, under-
scores the robustness of our framework. It demon-
strates that Spatial-RAG is not overly sensitive to
the choice of a specific model and can effectively
leverage various LLMs to achieve state-of-the-art
results in geospatial question answering.

F Prompt List

F.1 Prompt: Spatial Information Extraction

Extract spatial information from user queries, in-
cluding object geometry type (Point, Polyline
(Route), or Polygon (Region)), region name, dis-
tance, and buffer distance.

1 Analyze the following user query and extract
spatial information: "{user_query}"

Current location context:
4 = Number of location points: {location_count}

- Multiple points detected: {is_multi_point}

7 First, determine the spatial query type
based on these rules:

For single location point ({
location_count == 1}):

9 - Use Region-based if query explicitly

mentions a region
10 - Otherwise, use Point-based
11

s 1.
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Table 7: Ablation study for different LLMs.

Precision Recall F1 NDCG
Dataset Method
@l @ @5 el el @ @5 e@lo el @ @5 @0 el @ @5 elo
GPT4-Turbo 05152 04242 03758 02939 0.1026 0.2037 0.2841 03565 0.1454 02246 02619 0.2656 0.5152 04852 0.4983 0.5079
TourismQA-Miami  GPT3.5-Turbo 0.5455 0.4141 0.4000 03152 0.1081 02072 02972 03732 0.1540 02262 0.2765 02817 0.5455 0.4920 0.5276 0.5440
Qwen 04091 03485 03091 02364 0.1114 02402 03236 04167 0.1657 0.2586 0.2815 02508 04091 0.3744 03960 0.4199
GPT4-Turbo  0.5665 0.4875 0.4555 04251 0.0274 0.0611 0.0908 0.1691 0.0483 0.0996 0.1384 02153 0.5665 0.5174 0.5065 0.5574
TourismQA-NYC ~ GPT3.5-Turbo 0.4611 0.4352 04144 04098 0.0188 0.0485 00751 0.1493 0.0350 0.0828 0.1188 0.2000 0.4611 04545 0.4534 0.5097
Qwen 04249 04169 04227 04070 00185 0.0507 0.0837 0.1498 00341 0.0836 0.1267 0.1967 04249 0.5949 0.6334 0.6653
2 2. For exactly two points ({location_count 4
== 2}): 5 Restaurant (R) keywords and contexts:
3 - Use Route-based if query suggests path/ 6 - Direct terms: "restaurant”, "food"”, "eat”,
route between points "dining"”, "meal”, "cuisine”
14 - Otherwise, fall back to Point/Region 7 - Food types: "Chinese”, "Thai", "Mexican”,
based rules "Italian”, "sushi"”, etc.
15 s - Meal times: "breakfast”, "lunch”, "dinner”,
16 3. For multiple points ({location_count > "brunch”
2}): 9 - Dining related: "menu”, "dishes"”, "chef",
17 - Only use Point-based or Region-based "reservation”

19 Query types:
20 1. Point-based:

21 - For "nearby” or "close"”: 1km in dense
areas

22 - For "walking distance”: 2km

23 - For "not too far”: 3km

24

25 2. Route-based:

26 - ONLY available with exactly 2 points

27 - For walking routes: 1000m buffer

28 - For general routes: 2000m buffer

29 - For scenic/exploration: 3000m buffer

30 - Consider terms: "route”, "path", "
between”, "from...to", "along"”

31

32 3. Region-based:

33 - ONLY if query explicitly mentions these
regions:

34 Community/Sub-region names: {’,
region_names[’nta_names’])}

’.join(

35 Borough names: {’, ’.join(region_names[’
boro_names’]1)}
36 - Do NOT infer regions from landmarks

33 Return in strict JSON format:

39 {

10 "query_type"”: "point" | "route” | "
region”,

41 "region”: "matched region name or null”,

42 "distance_km": number or null,

13 "buffer_distance”: number or null,

44}

F.2 Prompt: Semantic Intent Extraction

Extract semantic intent from user queries, includ-
ing spatial and nonspatial preference.

I Analyze the following user query and extract
constraints: "{user_query}"

)

3 First, determine the main purpose of the
query by identifying key terms and
context:

10

15
16
17

18

19
20

)

IR

26
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Even if staying at a hotel, if asking
about food/dining, it’s Restaurant (R)

Hotel (H) keywords and contexts:
- Must be explicitly looking for

accommodation
- Direct terms: "hotel”, "stay”, "
accommodation”, "room"”, "book"

- Price per night (e.g., "$200/night")

- Hotel names (e.g., "Hyatt"”, "Marriott")

- Mentioning a hotel as location reference
is NOT H type

Attraction (A) keywords and contexts:

- Direct terms: "visit"”, "see", "tour", "
explore”

- Places: "museum”, "park"”, "gallery", "
theater”

- Activities: "sightseeing”, "show", "
performance”

Important rules:

1. Focus on what the user is ASKING FOR, not
what they mention

2. If user mentions staying at a hotel but
asks about restaurants, type is R

3. If query is about food/dining/restaurants,
type must be R

4. Location references (e.g., "near Hotel X
") don’t determine type

For each constraint type, extract complete
sentences that describe the requirements

1. Spatial constraints: Where they want to
go
Example: "near Times Square” or "in the
Upper West Side area”

2. User constraints: What specific
requirements or preferences they have
Example: "family-friendly restaurant with
reasonable prices around $30 per person

n




30 Please return strict JSON format without any

comments:

10 {

" "type": "R/H/A",

42 "spatial_constraints”: "complete
sentence describing location
requirements or null”,
"user_constraints”: "complete sentence
describing user preferences and
requirements or null”

44}

F.3 Prompt: Result Reranking

Rerank retrieved location results based on user
query constraints.

I As a local recommendation expert, please
rank the following places based on user
query constraints.

User Query Constraints:

4 - Spatial Constraints: {query_constraints[’
spatial_constraints’]}
5 - User Preferences: {query_constraints[’

user_constraints’]}

7 Candidate Places:
s {json.dumps(places, ensure_ascii=False,
indent=2)3}

10 Please analyze how well each place matches

the user constraints and return a sorted
list of places.

11 Return format should be a JSON array
containing sorted indices.

2> Only return the index array, e.g., [2,0,1,3]
means the 3rd place is the best match,
followed by 1st, 2nd, and 4th places.

Note: Must return indices for all places,

array length should equal input place
count ({len(places)}).

G Additional Case Studies

G.1 Casel

User Query:

Going to be in Manhattan for a Broadway show
this weekend and am looking for a recommenda-
tion for a good restaurant in the theatre district
that is reasonably priced ($30 to $50 per person),
good food and not a tourist trap, would love to
avoid the hotel restaurants and experience a real
NY experience. Does such a place exist? Someone
suggested Carmine’s but they are totally booked.
(like all kinds of food) Any suggestions would be
greatly appreciated - picking one out of the 5000+
listed is a daunting task.

Model Processing Summary:

The system first determines that the reference ob-
ject type is polygon, and correctly identifies the

region as Manhattan. It detects that the target
object type is a restaurant point. Based on these
constraints, a SQL query is constructed to retrieve
532 candidate locations from the database.

The spatial requirement is:

"am looking for a recommendation for a good
restaurant in the theatre district”

The semantic requirements are:

"reasonably priced ($30 to $50 per person), good
food and not a tourist trap, avoid hotel restaurants,
real NY experience"

The system computes vector similarities between
the query and the reviews of all 532 candidates,
considering both spatial and semantic relevance.
The top 20 results based on combined score are
passed to an LLM reranker, and the final top-1
recommendation is:

West Bank Cafe, 407 W 42nd St, New York
City, NY 10036-6808

Reasoning:

¢ Spatial match: West Bank Cafe is located
in the Theatre District of Manhattan, satisfy-
ing the user’s regional constraint. Its loca-
tion aligns well with proximity to Broadway
shows.

* Semantic alignment: The restaurant is de-
scribed as having reasonable pricing and good
food, with a local, non-touristy atmosphere.
These attributes align with the user’s prefer-
ences for affordability and an authentic New
York experience.

G.2 Case?2

User Query:
Going to NY in May, it is my gf’s birthday on our
last night — and I would be looking for a nice restau-
rant to spoil her :)! We are staying in Times Square
— so would like somewhere close by! I would like
either an American or Italian cuisine! Any advice
would be much appreciated.

Model Processing Summary:
The model identifies the query as a point spa-
tial search with a radius of 1.0 km around Times
Square. The target object type is recognized as
a restaurant point. Based on these criteria, a SQL
query returns 119 candidate locations from the
database.

The spatial requirement is:
"We are staying in Times Square — so would like
somewhere close by!"
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The semantic requirements are:
"it is my gf’s birthday on our last night",
"I would like either an American or Italian cui-
sine!"

The system computes vector similarities based
on spatial and semantic constraints. The top 20
candidates are re-ranked by an LLM reranker, and
the final top-1 recommendation is:

Pasta Lovers, 142 W 49th St, New York City,
NY 10019-6802

Reasoning:

» Spatial match: Pasta Lovers is located within
1 km of Times Square, satisfying the proxim-
ity requirement effectively.

* Semantic alignment: It offers Italian cuisine,
aligning with the user’s preference for either
American or Italian food. The atmosphere and
reviews suggest a cozy dining experience ap-
propriate for a date, though it is not explicitly
described as suitable for a birthday celebra-
tion.

G.3 Case3

User Query:
Visiting NYC for the Marathon this weekend. Stay-
ing in apartment in Hell’s Kitchen area (around
51st and 12th). Anyone have good recommenda-
tions for a great breakfast restaurant within an
8-10 block radius? Not worried about eating
healthy the day before—looking for filling, tradi-
tional American-style breakfast! Also looking for
ideas for a good filling dinner for Sunday evening
after the race. We’re not looking for fine dining,
just something good in the area for myself, wife
and 16 yo daughter. Thanks in advance for any
good recommendations.

Model Processing Summary:
The model identifies the query as a point spatial
query with a radius of 1.5 km, derived from the
“8-10 block” constraint. The target object type is
restaurant point, and the approximate location is
Hell’s Kitchen near 51st St and 12th Ave. A SQL
query retrieves 140 candidates from the database
based on this spatial condition.

The spatial requirement is:
"Staying in apartment in Hell’s Kitchen area
(around 51st and 12th), breakfast restaurant within
an 8—10 block radius"

The semantic requirements include:
"traditional American-style breakfast", "filling din-
ner after the race (Sunday evening), just something

good in the area for myself, wife and 16 yo daugh-
ter."

The system calculates vector similarity scores
based on spatial and semantic requirements, and
selects the top 20 results. These are re-ranked by
an LLM reranker, and the final top-1 recommen-
dation is:

Galaxy Diner, 665 9th Ave, New York City,
NY 10036-3623

Reasoning:

* Spatial match: Galaxy Diner is located
within a reasonable walking distance of the
user’s location, satisfying the “8-10 block ra-
dius” constraint in Hell’s Kitchen.

* Semantic alignment: The diner offers tra-
ditional American breakfasts like pancakes,
eggs, and bacon, aligning with the user’s re-
quest for filling, non-healthy food before the
race. It also accommodates a casual family
atmosphere.

G4 Cased

User Query:

We are staying in Midtown, so figured it would be
easier to go somewhere close by, but I'm not op-
posed to somewhere a little further away. Looking
for a restaurant where we can go to dinner and
dress up but not have it be a crazy price. I under-
stand that a "dress up" place isn’t usually cheap,
but something on the lower end of the "dressy"
price scale would be great :) Thanks!

Model Processing Summary:

The model correctly identifies the reference ob-
ject type as polygon (Midtown). A SQL query
retrieves 97 candidates from the database based
on this spatial condition.

The spatial requirement is:

"Staying in Midtown, somewhere close by, but not
opposed to somewhere a little further away."”

The semantic requirement is:

"restaurant where we can go to dinner and dress
up but not have it be a crazy price, lower end of the
‘dressy’ price scale.”

The model calculates spatial and user constraint
similarities, ranks the top 20 results, and applies an
LLM reranker. The final top-1 recommendation
is:

Nocello, 257 W 55th St, New York City, NY
10019-5232

Reasoning:
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Figure 4: (a) Case 1; (b) Case 2

* Spatial match: Nocello is within a reasonable
walking distance of Midtown, fulfilling the re-
quirement of being nearby but not necessarily
adjacent. It’s described as a short walk from
Restaurant Row and near Broadway, aligning
well with the user’s open spatial boundary.

* Semantic alignment: The restaurant is de-
scribed as offering excellent food at a reason-
able price, making it suitable for a "dress-up"
dinner without the high-end cost. This aligns
with the user’s goal of finding something ele-
gant but affordable.

G.5 Case5s

User Query:

Where are some good places to eat breakfast? We
are staying in the southern tip of Manhattan near
Battery Park, but it doesn’t have to be contained to
just that area. We are very open to ideas, but are
going to be avoiding McDonalds, BK, etc. Could
be larger restaurants but also would like to visit a
few small places and would like to be able to sit
and eat outside.

Model Processing Summary:

The model correctly identifies the reference object
type as polygon (battery park city-lower man-

hattan). A SQL query retrieves 14 candidates
from the database based on this spatial condition.

The spatial requirement is:

"staying in the southern tip of Manhattan near Bat-
tery Park, but it doesn’t have to be contained to
Jjust that area."

The semantic requirements are:

"avoiding McDonalds, BK, etc. Could be larger
restaurants but also would like to visit a few small
places and would like to be able to sit and eat
outside."

The model ranks the top 10 by spatial and user
relevance, and performs LLM reranking. The final
top-1 recommendation is:

Stone Street Tavern, 52 Stone St, New York
City, NY 10004-2604

Reasoning:

» Spatial match: The restaurant is located a
short walk from Battery Park in the financial
district, consistent with the user’s desire to
explore areas nearby but not strictly limited to
Battery Park. The cobblestone street setting
and access to outdoor space align well with
the user’s spatial intent.

* Semantic alignment: Stone Street Tavern
offers outdoor seating and avoids fast-food
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Figure 5: (a) Case 3; (b) Case 4

chains. It provides a casual and local dining
experience with bench-style outdoor tables, fit-
ting the user’s interest in both large and small
sit-down places for breakfast.

G.6 Case6

User Query:
We have tickets for the Saturday performance of
War Horse at the Vivian Beaumont Theater at Lin-
coln Center. I would appreciate a recommendation
for a reasonable pre-theater dinner.

Model Processing Summary:
The model correctly identifies the reference object
type as point query, as the user provides a spe-
cific point of interest (Vivian Beaumont Theater)
without mentioning a formal region. A walking dis-
tance of 2.0 km is assumed for pre-theater dining.
A SQL query retrieves 255 candidates from the
database based on this spatial condition.

The spatial requirement is:
"Vivian Beaumont Theater at Lincoln Center" —
implying a location within walking distance

The semantic requirements are:
"reasonable pre-theater dinner" — suggesting af-
fordability and suitable timing for a theater sched-
ule.

The model reranks the top 20 via LLM reranking.
The final top-1 recommendation is:

Bar Boulud, 1900 Broadway, New York City,
NY 10023-7004
Reasoning:

* Spatial match: Bar Boulud is located directly
across from Lincoln Center, fulfilling the prox-
imity constraint perfectly for a pre-theater din-
ner.

* Semantic alignment: The restaurant is
known for accommodating theatergoers and
offers timing suitable for pre-show dining.
However, user reviews mention that while the
food and service are excellent, prices may be
higher than what the user considers “reason-
able”.

G.7 Case7

User Query:

I want to walk the Highline on my forthcoming trip
to NY, and wanted some recommendations for a
good spot for a sit down lunch somewhere close to
one of the exits off the Highline. Will be starting
north to south. Don’t mind what type of food, just
nice atmosphere required. Have looked at Menu-
Pages but so many restaurants not sure if anyone
has any particular favourites?
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Figure 6: (a) Case 5; (b) Case 6

Model Processing Summary:

The model correctly identifies the reference object
type as polyline. This is inferred from the user’s
mention of walking from the north to south along
the Highline, with interest in locations near the path
(Highline exits). Two coordinates representing the
start and end of the route are provided. The buffer
distance is set to 500 meters.

The spatial requirement is:

"somewhere close to one of the exits off the High-
line."”

The semantic requirement is:

"sit down lunch, nice atmosphere required.”

The system extracts 52 candidate restaurants
along the route, ranks them by spatial and user
constraints, and performs LLM reranking on the
top 20. The final top-1 recommendation is:

Barbuto, 775 Washington St, New York City,
NY 10014-1748

Reasoning:

 Spatial match: Barbuto is located directly off
the Highline and near one of its southern exits,
which aligns precisely with the user’s request
for proximity to the walking path.

* Semantic alignment: The restaurant offers a
sit-down experience with a "fancy but cozy"

atmosphere, partially fulfilling the user’s re-
quest for a "nice atmosphere." However, some
reviews describe the food as average, which
may not fully satisfy quality expectations.

G.8 Case8

User Query:

We arrive Sat night at 10:30 (unfortunately AA
changed our flight from an earlier one). We are
spending 1 night at RCA at 142 W 49th between
6th and 7th. Sunday we move to Hilton New York
at 1335 Ave Of Americas between 53 and 54. We
have tickets for a Yankee game at 1:05. (We will
also be going to Dizzy’s Coca Cola at 9PM.) Could
you guys give me some tips on the best way to
handle the hectic morning? Leave our bags at
RCA? Move them to Hilton for storage so we can
get subway to Yankee Stadium? Can you give me
some recommendations for dinner that evening -
something simple. Thanks!

Model Processing Summary:

The model correctly identifies the reference ob-
ject type as polyline, given that the user describes
movement between two locations: Hilton New
York and Yankee Stadium. The user’s intention
to find a dinner spot along that route aligns with
this classification. The buffer distance is set to 500
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Figure 7: (a) Case 7; (b) Case 8

meters.

"The spatial requirement is:

Implied need for proximity to Hilton New York or
Yankee Stadium for convenience.”

The semantic requirements are:

"We will also be going to Dizzy’s Coca Cola
at 9PM." and "recommendations for dinner that
evening - something simple."

The system identifies 50 restaurant candidates
within the route buffer, computes user and temporal
similarity, and applies LLM reranking on the top
20. The final top-1 recommendation is:

Good Enough to Eat, 520 Columbus Ave, Frnt
A, New York City, NY 10024-3404

Reasoning:

* Spatial match: This place is within the buffer
range, and the restaurant is reasonably acces-
sible and could fit into the evening schedule
before Dizzy’s Coca Cola.

* Semantic alignment: The user requested a
simple dinner. The reviews highlight casual
meals like pancakes, BLT omelets, and quick
service, matching the preference for some-
thing simple—though most mentions are for
breakfast/brunch.
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