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NOVEL ARCHITECTURAL APPROACH TO AI LLM AGENTS FOR GEOSPATIAL
DATABASES

Shyshatskyi O., Moroz B. A novel approach to AI LLM Agents for interaction with Geospatial Databases. The
integration of Large Language Models (LLMs) with geospatial databases is complicated by several practical limitations. First,
LLMs operate on textual data and are not designed to perform precise computations over points, lines, and polygons. Second, the
model’s context window is too small to accommodate query results that may contain tens of thousands of records or more. This
paper proposes an architecture that addresses these challenges by separating responsibilities between system components. The
LLM is responsible for interpreting the user’s query and planning the sequence of actions required to solve the task, while a
specialized backend executes the geospatial operations. To store intermediate results, an external memory mechanism is employed:
the model sends geospatial queries to the backend and receives only short descriptors (handles) in response. These descriptors serve
as references to query results stored in external memory and can be reused in subsequent operations. This approach allows the
LLM to construct complex chains of geospatial operations without exceeding its context limitations.
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Mnmanekuii 0.0., Mopo3 B.I. Hoswuii apxitektypuuii minxin ao Al LLM-arenrtiB aias B3aemoaii 3
reonpocTOPOoBUMH 6a3amMu JaHMX. [HTerpanis Benukux MoBHuX Moxenei (Large Language Models, LLM) 3 reonpoctopoBrmMu
0azamMH JaHUX YCKJIAJHEHa HU3KOI0 (yHmamMeHTanpHHX oOMexeHb. Ilo-mepme, LLM opienToBaHi Ha 0OpOOKYy TEeKCTy i He
3a0e3MevuyIoTh KOPEeKTHOTO BHKOHAHHS TOUYHHX T€OMETPHYHMX OOYMCIECHb HAJ MPOCTOPOBHMH 00’€KTaMH (TOYKAMH, JIIHISIMH,
noironamu). [lo-apyre, oOMexeHuit po3Mip KOHTEKCTHOTO BiKHA pOOUTH HEMOXIIMBUM O€3II0CEpEeIHE ONPAIFOBAHHS PE3yIbTATIB
IIPOCTOPOBUX 3aIHTIB, IKi MOXKYTb MICTUTH AECSTKHU THUCS 1 O11bIIe 00’ €KTIB. Y CTAaTTi 3alIpOIIOHOBAHO apXIiTEKTYPY, SKa BUPIIIye
110 TIpo0IIeMi NIIIXOM po3aineHHs poiei: LLM BinmoBizae 3a iHTepIpeTariito KOpHCTYBalbKOTO 3alUTy Ta IUTAHYBAHHS il IS
BUPIIICHHS Mpo0JeMy, a cleniani3oBaHnii OEKeHI - 3a BUKOHAHHS T'eONPOCTOPOBHX omepariii. st 30epekeHHs IPOMIKHHIX
Ppe3yJIbTaTiB BUKOPUCTAHO "30BHIIIHIO TaM’SITh'": MOJETb HAaJCHIIA€ 10 OEKeH Iy Te0NPOCTOPOBI 3alIUTH, AJIC y BiANIOBiAb OTPUMYE
mmre kopotki “meckpuntopu” (handles). 1li meckpunTopy € MOCHIAHHAMM Ha Pe3ybTaTH 3alUTy y "30BHIMIHIN mam'saTi", mo
MOXYTh OyTH NEpPEBUKOPUCTaHI B MOJAIbIIMX 3amurTax. TakuM umHOM LLM Moke OymyBaTH JaHITIOKKH OIeparii 0e3
MIePETIOBHEHHS KOHTEKCTY.

Kunro4doBi cioBa: BennKi MOBHI MOZEINi, T€OIPOCTOPOBI 06a3u TaHMX, 30BHIMIHS MTaM'sTh, BUKINK (QYHKIIIH, MPOCTOPOBI
3anutH, LLM-aresTn.

Introduction. Large Language Models (LLMs) effectively interpret user queries in natural
language, can break down tasks into steps, and form structured responses [1]. This makes LLMs candidates
for the role of "interface" to complex subject domains, particularly database systems, where specialized
operator training is usually required. At the same time, geospatial data is becoming increasingly abundant
and is used in a wide variety of fields. Such datasets can contain millions of objects with geometry and
attributes. Working with them usually requires GIS tools and skills, which creates a barrier for users.

At the intersection of these trends, a practical question arises: how to build a natural language
interface to geospatial databases so that the LLM assists the user but does not perform those operations for
which it is poorly suited (precise geometric computations, processing large samples in context, preserving
intermediate state between steps)?

Problem Statement. The integration of LLMs with geospatial databases has several key
limitations that complicate geospatial data processing and may introduce risks in certain use cases:

1. Modality mismatch: LLMs are designed for text, while geospatial data is geometry (points,
lines, polygons), coordinate systems, and spatial relationships. Technically, one can pass
coordinates to the model and ask it to calculate area or intersection, but this yields unreliable
results.

2. Context window limitations: Modern LLMs have large but still limited context windows,
meaning the amount of information they can process at once. Depending on the model, this limit
can be up to 200,000 tokens [15]. Geospatial datasets often contain tens or hundreds of thousands
of objects, each with attributes and geometry. Processing such data entirely within the context
window is impractical: a GeoJSON file with 100,000 objects can easily expand to millions of
tokens.
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Hence the problem: an architecture is needed that combines the strengths of LLMs in understanding user
prompts with reliable execution of spatial operations.

Analysis of Recent Research and Publications. A significant number of existing studies are
devoted to converting natural language queries into formal database queries (so-called Text-to-SQL). Early
results demonstrated the practical feasibility of such a solution [14]. Subsequently, standard test task sets
and benchmarks Spider [13] and BIRD [5] were created for them. It was also determined that query
synthesis quality can be improved through model training and the use of self-correction mechanisms [8].
At the same time, for practical applications, the question of safe use of such a solution remains open. The
most vulnerable are architectures in which queries or program code generated by LLMs are directly
executed. For research prototypes, this may be acceptable, but in production systems, such practice creates
predictable risks: injections, unauthorized data access, and resource-intensive tasks leading to denial of
service (Figure 1).

Approach A: Direct Query Formation

LLM —forms——p{ SQL query executed in Database
Risks:
» SQL injection
» Unauthorized access
Approach B: Code Generation » Resource exhaustion

LLM —generates— Python code —manipulates data in—p| Database

Fig. 1 — Existing approaches to LLM interaction with databases.
Both direct SQL generation and code generation allow LLM unrestricted
access to underlying systems, creating security vulnerabilities.

Databases are not the only domain of Al application that does not allow direct data processing, so
there are known solutions. One of them is the function calling mechanism [2][6]. The LLM receives
additional meta-information in the prompt in the form of a list of available functions and their parameters.
Instead of a response, the LLM can send a request to execute such a function to the control program, and
the control program executes it and returns the result. The mechanism in which the model performs planning
and interacts with an API has been formalized in the Toolformer [9] and ReAct [12] frameworks, on the
basis of which agent frameworks (LangChain [3], AutoGPT [11]) operate. At the same time, the specific
API provided for function calling is limited only by the imagination and needs of the program author,
potentially allowing integration of Al with an unlimited number of domains.

To overcome context window limitations, Retrieval-Augmented Generation (RAG) is widely used,
i.e., an approach in which the model receives additional relevant fragments from an index [4]. Individual
works propose more controlled memory mechanisms: MemGPT [7] formalizes methods for transferring
information between "short" and "long" memory, and Reflexion [10] demonstrates improvement in results
from generalization and analysis of previous attempts. Unfortunately, most of the approaches focus on
textual artifacts or dialogue history. In geospatial tasks, a different problem is key: efficient storage and
reuse of intermediate results of structured operations (often of large volume) between task execution steps.

Despite significant progress in query synthesis and dialogue memory mechanisms, in the task of
using LLMs as a secure interface to large geospatial data, there are no agreed-upon architectural solutions
that simultaneously account for context window limitations, computational correctness requirements, and
data access policies. Therefore, the goal of this work is to develop an architecture for integrating LLMs
with geospatial databases that ensures correct execution of complex multi-step spatial queries by separating
the functions of interpretation, planning, and execution of geographic computations.

Presentation of the main material. During query execution, the LLM operates within a closed
computational environment and operates exclusively on input text sequences and parameters formed during
pre-training. All computations occur on the input token sequence, which has a strict upper limit — the context
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window. This limit includes not only the user's prompt but also system instructions, dialogue history,
descriptions of available tools, and (if necessary) results that we return to the model through these tools. In
practice, "token consumption" consists of two parts:
1. Input tokens: everything the model reads (prompt, history, tool schemas, call results).
2. Output tokens: what the model generates (explanations, plan, function calls, or final answer).
Let us consider the limitations that arise for the developer using the example of a typical geospatial query:
"given GeoJSON, it is necessary to select objects with an area greater than 1 hectare". Making such a filter
directly "inside" the LLM is unacceptable for two reasons: context window limitations and lack of
guarantees of computational correctness/reproducibility:
1. GeoJSON with thousands of polygons can correspond to hundreds of thousands or millions of
tokens. As a result, the input data may not fit in the model's context window and will be
"truncated," making the filtering results incomplete.
2. Filter by area requires correct mathematical processing of data, which text models are not capable
of.
The LLM can formulate instructions and an execution plan, but it is not designed to perform precise
geometric computations over large data arrays and does not provide guarantees of correctness for such
results. Thus, in an applied architecture, it is advisable to clearly separate the responsibilities of
components: the LLM is used for interpreting queries in natural language and planning the sequence of
operations, while the execution of computationally complex and accuracy-critical geospatial operations is
delegated to a specialized backend.

The function calling mechanism [12] allows formalizing the role separation described above: the
LLM interprets the query and plans the sequence of actions, while the execution of computationally
complex or accuracy-critical operations is delegated to an external service. Each operation is defined by a
contract (name, purpose, parameters, result format), and the tool's response is returned in a structured form.
An example of such a contract is shown in Figure 2.

load layer:
input: source (string)
output: GeoJSON

filter by area:
input: input (GeoJSON),
threshold ha (number)
output: GeoJSON

Fig. 2 — Example of a contract for two external functions:
load_layer for loading geodata from a source and filter by area for filtering results by area.

By executing contractual external functions, Al can perform sequential actions on data, forming a

controlled multi-step pipeline, as shown in Figure 3 using the example of a user prompt "find polygons
with an area greater than 1 hectare.".
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User LLM GIS

Query: area of polygons > 1 ha

Step planning

function_call(load_layer, source="...")

result R1 (layer) + metadata

function_call(filter_by_area, input=R1, threshold=1ha)

A4

result R2 + metadata

S

User LLM GIS

Fig. 3 — Pipeline «plan — tool call — structured result»

However, this pipeline implementation has an obvious problem: external functions return the result
of each contractual operation (e.g., filtering) directly to the LLM in textual form. This approach is only
viable for small data volumes. If results have significant size (thousands or tens of thousands of objects),
their transmission as full GeoJSON or a table to the LLM quickly exhausts the context window. Therefore,
in our proposed architecture, we also separate "where data is stored" and "what the LLM operates on."
External functions return to the LLM not the full result in textual form, but only a descriptor (handle) - a
compact identifier that uniquely references the corresponding result stored in external memory. The model
builds a multi-step chain, passing descriptors to subsequent calls without transferring the entire set of
geometries into text. The updated contract for function calling is shown in Figure 4, and Figure 5 shows
the call diagram for the same query as in the previous example.

load layer:
input:
source: string
output:
Handle (type = layer, id = <unique hash>)

filter by area:
input:
handle id: Handle
threshold ha: number
output:
Handle (type = attribute filter, id = <unique hash>)

describe handle:
input:
handle id: Handle
output:
string

Fig. 4 — Example of an improved contract where only short references to data are returned instead
of the data itself for their subsequent use.
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User

Multi-step query

Explanation or next step

LLM

GIS APl

Extsrnal Memory

function_call(load_layer, source)

lg----

Store result

handle h1 + metadata

handle h1 + metadata

function_call(filter_by area, input_ref=h1, threshold)

function_call(describe_handle, handle_id=h2)

Store result

handle h2 + metadata

handle h2 + metadata

Load data by handle h2

Data (by h2)

Textual description / statistics

GIS API Extemnal Memory

Fig. 5 — Use of external memory: large intermediate results are stored outside the context, and the
LLM operates with short descriptors (handles).

To demonstrate the effectiveness of the architecture, a demonstration program was created, the GIS API
component of which was implemented based on the geopandas library, the LLM model — GPT 4.1, and
basic external function calls were also implemented as shown in Table 1.

Table 1.

Category Function Purpose / Result

Database list layers Returns a list of available layers.

Inspection

Database describe layer Returns the schema (fields and types), service metadata, and

Inspection usage notes (e.g., how to search for boundaries and which
fields to apply in filters).

Loading load_layer Load a layer (with preliminary filters if needed), output data:
descriptor to a set of objects

Filter filter attributes Filter a set by conditions (AND/OR), output data: descriptor
to a filtered set.

Filter spatial_filter Filter by spatial relationships (within/intersects/contains,
etc.), output data: descriptor to result

Sorting sort_attributes Order by fields, output data: descriptor to a sorted set.
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Analytics get unique values, Get aggregated statistics by field, output data: compact
get value counts list/table of values.
Inspection preview_layer Get a small sample of objects for verification, output data:

compact output.

Export export_geojson Export result to GeoJSON, output data: file/string
(according to access policies).

The demonstration program is available in the form of the open repository [16], and below are execution
logs for several practical tasks, obtained by running the program with corresponding task specifications. To
demonstrate the operation of the proposed architecture, step-by-step interaction of system components is
shown in the form of a chain "planning, tool call, descriptor return." This interaction demonstrates how the
system works with large intermediate results stored outside the LLM context. As a data source, an
OpenStreetMap dataset located in the data/osm.geojson directory was used. The volume comprises 177,217
objects: buildings, POIs, administrative boundaries, etc.

Experimental task #1. The first task assigned to the program is to find schools within the Dnipro
city community, leaving only gymnasiums and lyceums.

Task Formulation:

"Find all schools within the Dnipro city council. Leave only gymnasiums and lyceums. Provide their names
and coordinates.

The steps of external function calls as they performed by the LLM agent are shown in Table 2.

Table 2.

Ne | Function call Reason for Call Data (in - out)
1 list layers() Determining available layers. -
2 | describe_layer ("osm") Identifying available attributes. | —
3 load_layer ("osm", Forming a set of candidate | 177217 — 27

[ ("eq","amenity", "school")]) ~ | objects.

layer schools
4 load_layer ("osm", Obtaining  the  boundary | 177217 — 1

[ ("eg","boundary", "administrative" pobgon
), ("eg","admin level","7"), ("like"
, "name", "$IIHinpoBCHKA Micbka
rpoManas")]) - layer boundary

5 | spatial filter(layer schools,"with | Removing objects outside | 27 — 25

in",layer boundary) boundaries.
6 filter attributes(layer filtered, [ Filtering by name. 25 —- 4
("like", "name", "%$rimHaszia%"), ("lik
e", "name", "%J-[iueﬁ%") ] , "or")
7 preview_layer (layer_ result) Returning result. 44
Results.

Found 4 educational institutions within the community whose names contain "gymnasium" or "lyceum"
(original language preserved):

e Jlineii-inTepHar ¢izuko-MareMaTuaHOTo npodimo — (48.4373025, 35.0337536)

o Jlimeit Ne100 — (48.4648004, 35.0560842)

e ['imHuazis Nel — (48.46528, 34.9836802)

o [imHa3is Ne83 — (48.410033, 35.048007)
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Experimental task #2. The second task assigned to the program is to find schools with unknown
addresses in the dataset.

Task Formulation:
"Find all schools where address information is missing. Provide their names and coordinates."”

The steps of external function calls by the LLM agent are shown in Table 3.

Table 3.

No Function call Reason for Call Data (in = out)
1 list layers() Determining available layers. -
2 describe_layer ("osm") Identifying available attributes. -
3 load layer ("osm", Forming a set of candidate objects. | 177 217 - 27

[ ("eg","amenity", "school")])

-~ layer#530fdfbl
4 filter attributes(layer#530fd | Identifying schools without | 27 - 13

fbl, addresses.

[("is null","addr street"),

( "eq" , "addr_street" , nwn ) ] ,

logical operator="or") -

attribute filter#8£935550
5 preview_layer (attribute_filte Retuming result. 13> 13

r#8£935550, 1limit=50)

Result: found 13 schools with unknown addresses (original language preserved):
® [lIxoma Ne32 — (48.4677806, 35.0089433)
e (CremianmizoBaHa IUTIY0-FOHAIIbKA CIIOPTUBHA IITKOJIA OJIIMIIHChKOTO pe3epBy Nol —

(48.4630062, 35.0330474)

Friend's club english school — (48.4521571, 35.0627121)

[xoma Ne75 — (48.4390938, 35.0126021)

No25 — (48.3981063, 34.9802923)

kona Ne 51 — (48.4691747, 34.9991566)

[TouarkoBa mkona minero Nel00 — (48.4636336, 35.0561209)

INimuazis Nel — (48.46528, 34.9836802)

INimuazis No83 — (48.410033, 35.048007)

[xoma Ne 58 — (48.474792, 35.0220994)

Hutsiua xynoxss mkosa Nel — (48.4620809, 35.0282672)

[kona Ne22 — (48.4414913, 35.0130805)

[xona 6e3 Ha3zBu — (48.4673215, 35.025446)

Practical examples show that the demonstration program correctly forms a sequence of atomic geospatial
operations without user intervention and can perform everyday tasks on large datasets.

Potential Directions for Further Research. The current implementation has several limitations
that open opportunities for future research:

1. Vendor dependency: the system relies on commercial LLMs (OpenAl in our case). Adaptation to
open-source models (Llama, Mistral) will require potentially different strategies.

2. Write operations: the current implementation works only for reading. Support for write operations
(creation, modification, deletion of objects) will require additional mechanisms for object creation
and transaction management.

Conclusions. This work proposes a new architectural approach to integrating large language
models with geospatial databases, which overcomes fundamental limitations of LLMs in working with
spatial data - particularly context window limitations and the guarantees for correctness of geometric
computations. The main idea of the proposed approach is clear separation of responsibilities between
system components: the LLM is used exclusively for interpreting queries in natural language and planning

© Shyshatskyi O., Moroz B.



106 Hayxosuii sicypnan "Komn romepro-inmesposani mexHonozii: oceima, Hayka, upooHuymeo"
Jyywvx, 2026. Bunyck Ne 62

the sequence of actions, while the execution of geospatial operations is delegated to a specialized
computational backend.

The scientific novelty of the work lies in the use of an external memory mechanism based on
descriptors for storing and reusing intermediate results of spatial queries. This approach allows building
multi-step analytical pipelines without transferring large volumes of structured data into the LLM context.
The presence of an intermediate layer of external functions also allows building data access control policies,
which is an important aspect for multi-user systems.

The demonstrational implementation of the proposed architecture and experiments on the
OpenStreetMap dataset confirm its effectiveness for typical geoanalytical tasks, particularly attribute and
spatial filtering, aggregation, and data inspection. It is shown that users can formulate complex queries in
natural language without knowledge of GIS tools, while the system ensures execution of data access
operations.

The proposed approach can be used as a basis for building secure LLM-oriented interfaces to large
geospatial repositories in public and corporate information systems. Further research should be directed
toward scaling the external memory mechanism, supporting write operations, using open language models,
and diverse sources of geospatial data.
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