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Abstract
Geo-spatial and geo-temporal reasoning re-
quire models to determine not only what infor-
mation is present but also where and when it ap-
plies, which is critical for applications such as
crisis response, environmental monitoring, and
urban planning. This review surveys recent ad-
vances in vision–language models (VLMs) and
large language models (LLMs) that address ge-
ographically and temporally grounded reason-
ing across tasks including image geolocation,
spatiotemporal question answering, language-
guided navigation, and Earth observation. We
organize the literature through a structured anal-
ysis covering task families, input modalities,
model architectures, and reasoning paradigms,
highlighting how perception, retrieval, tool use,
and intermediate reasoning steps contribute to
system performance. The survey further synthe-
sizes existing datasets and benchmarks, identi-
fying common evaluation pitfalls such as spa-
tial granularity mismatch, temporal drift, ge-
ographic bias, and potential data leakage. Fi-
nally, we outline key research challenges and
opportunities for developing robust, verifiable,
and time-aware geo-spatial AI systems while
addressing broader concerns related to fairness,
bias, and location privacy.

1 Introduction

Geo-spatial and geo-temporal reasoning require
models to determine not only what is depicted or
stated, but also where and when it applies, capa-
bilities that are essential for applications such as
crisis response, environmental monitoring, urban
planning, and cultural analysis, where outputs must
be geographically and temporally grounded rather
than merely plausible in language space (Ji et al.,
2025; Schottlander and Shekel, 2025a; Phillips
and Matias, 2025; Ning, 2025). Compared with
generic captioning or visual question answering,
these tasks demand integration of heterogeneous
evidence, including street-level and overhead im-
agery, remote sensing data, maps, graphs, text,

and timestamps, alongside structured knowledge
of landmarks, spatial relations, and evolving world
states (Zhang et al., 2024a; Ou et al., 2025; Jia
et al., 2025; Ji et al., 2025; Radford et al., 2021;
Vivanco Cepeda et al., 2023).

Recent progress spans image geolocation and
place recognition (Hays and Efros, 2008; Vo et al.,
2017; Weyand et al., 2016; Astruc et al., 2024),
spatiotemporal and knowledge-based question an-
swering (Dai et al., 2024; Chen et al., 2021, 2025),
language-guided navigation (Anderson et al., 2018;
Chen et al., 2019), and Earth observation with
multimodal geo-foundation models (Grainge et al.,
2025; Smith et al., 2024; Zhang et al., 2024a;
Schottlander and Shekel, 2025a; Roberts et al.,
2024; Wang et al., 2024; Jia et al., 2025; Li et al.,
2025a). Modern multimodal systems can exploit
fine-grained geographic cues from imagery and, in
certain settings, rival specialized geolocation ap-
proaches (Roberts et al., 2024; Postma and Patin,
2025; Grainge et al., 2025; Jia et al., 2025; Li et al.,
2025a). Yet progress remains methodologically
fragmented: many studies report end-task accuracy
without isolating the contributions of perception,
retrieval, tool use, intermediate reasoning, or verifi-
cation (Yerramilli et al., 2025; Singh et al., 2024;
Zhang et al., 2024c; Google Research, 2025; Yao
et al., 2022; Schick et al., 2023; Karpas et al., 2022).
Unlike prior surveys focused on GeoAI foundations
or embodied agents (Jakubik et al., 2023; Ma et al.,
2025), this review centers the reasoning layer that
links perception to grounded geographic inference.

Geo-spatial tasks further amplify persistent chal-
lenges of ambiguity, distribution shift, and world
change: visually similar scenes recur across re-
gions, decisive cues may be sparse or occluded,
and geographic knowledge, including place names,
infrastructure, and points of interest, evolves over
time (Grainge et al., 2025; Postma and Patin, 2025;
Manvi et al., 2024a; Huang et al., 2025; Jia et al.,
2025). Consequently, current systems remain brit-
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tle for ambiguous imagery, underrepresented re-
gions, and temporally sensitive queries (Grainge
et al., 2025; Postma and Patin, 2025; Jia et al.,
2025). These limitations intersect with broader
risks, including geographic bias and location pri-
vacy concerns (Grainge et al., 2025; Manvi et al.,
2024a; Huang et al., 2025).

In this review, we synthesize advances in geo-
spatial and geo-temporal reasoning for large lan-
guage and vision–language models, as detailed
in §B. We introduce a structured analysis (§2) of
tasks , modalities, architectures, and reasoning
paradigms; analyze datasets and evaluation pitfalls
(§3); review applications and use cases (§4); and
outline open challenges (§5) and future directions
(§6) toward robust, verifiable, and time-aware geo-
spatial AI.

2 Geo-spatial/-temporal Tasks & Methods

Research on geo-spatial and geo-temporal reason-
ing spans diverse problems, data sources, and mod-
eling approaches. To structure this space, we or-
ganize the literature along four complementary
dimensions: the prediction target, the available
evidence, the modeling interface, and the rea-
soning strategy. Accordingly, this survey distin-
guishes four axes: task families, which define ob-
jectives such as coordinate inference, place identifi-
cation, navigation, or spatiotemporal fact retrieval;
input modalities, including images, maps, text,
timestamps, and GIS layers; model architectures,
which govern how these signals are represented
and fused; and reasoning paradigms, which range
from end-to-end prediction to retrieval-, tool-, or
verification-based pipelines. Our analysis provides
a unified framework for examining work across
geolocation, spatiotemporal question answering,
navigation, and Earth observation. By separating
tasks, inputs, models, and reasoning strategies, it
clarifies how different components contribute to
system behavior and helps reveal recurring chal-
lenges such as geographic ambiguity, distribution
shift, temporal drift, and uneven spatial coverage.

2.1 Task Categories

Geo-spatial reasoning tasks differ primarily in what
must be inferred and how that inference can be val-
idated. Across the literature, five recurring families
emerge: location inference from perceptual inputs,
spatiotemporal question answering over dynamic
facts, embodied navigation and mapping, Earth ob-

servation analysis, and reasoning over symbolic
geographic structures.
■ Image Geolocation and Place Recognition. Im-
age geolocation seeks to infer where an image was
captured, typically through coordinate regression,
spatial-cell classification, or retrieval against large
geotagged corpora (Hays and Efros, 2008; Weyand
et al., 2016). Closely related place recognition in-
stead identifies a specific known location instance,
often via large-scale visual retrieval pipelines (Vi-
vanco Cepeda et al., 2023; Ji et al., 2025). Although
both tasks rely on visual cues such as terrain, vege-
tation, architecture, or signage, recent work increas-
ingly frames geolocation as a multimodal reason-
ing problem rather than a pure image-to-coordinate
mapping (Cheng et al., 2025; Wasi et al., 2026b).
The central difficulty lies in the combination of
fine spatial granularity and limited observable evi-
dence. Visually similar scenes recur globally, de-
cisive cues are often absent, and geographic cov-
erage in training data is uneven, producing sys-
tematic failure under ambiguity or temporal drift
(Grainge et al., 2025). As a result, recent bench-
marks emphasize evidence-grounded predictions
and explanation traces rather than raw coordinate
accuracy (Cheng et al., 2025). Correspondingly,
model designs increasingly separate local clue ex-
traction (for example text or traffic conventions)
from broader contextual inference, reconnecting
them through retrieval or external knowledge. In
practice, improvements often arise less from larger
encoders than from better decomposition and veri-
fication of spatial hypotheses.
■ Spatiotemporal Question Answering. Spa-
tiotemporal question answering assesses whether
models can resolve natural-language queries with
explicit spatial and temporal constraints. Geo-
spatial QA involves relations such as proximity
or containment, while geo-temporal QA requires
reasoning over facts that vary over time (Dai et al.,
2024). Many queries demand multi-hop grounding
across maps, points-of-interest databases, sched-
ules, and historical records (Chen et al., 2021,
2025). Benchmarks like POI-QA highlight the
compositional nature of these tasks: systems must
satisfy location, category, and temporal constraints
within urban settings (Han et al., 2025). Current
LLMs remain fragile in multi-constraint scenarios,
with errors arising from incorrect decomposition or
inconsistent execution rather than linguistic misun-
derstanding (Grainge et al., 2025), and benchmark
coverage is skewed toward Global North cities, risk-
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ing overestimation of generalization (Manvi et al.,
2024a). Consequently, spatiotemporal QA is in-
creasingly framed as a tool-augmented reasoning
problem, where models generate structured queries
or intermediate programs that interact with map
services or databases, emphasizing verifiable exe-
cution over generative inference.
■ Vision-and-Language Navigation and Map-
ping. Vision–language navigation (VLN) studies
embodied geo-spatial reasoning, requiring agents
to interpret natural-language instructions and navi-
gate with partial visual observations. Benchmarks
such as Room-to-Room (R2R) (Anderson et al.,
2018), CVDN (Thomason et al., 2020), and Touch-
down (Chen et al., 2019) illustrate how VLN
demands spatial memory, reference resolution,
and long-horizon planning, with real-world perfor-
mance lagging due to sim-to-real gaps. Modern ap-
proaches increasingly decouple linguistic planning
from low-level control: hierarchical architectures
allow LLMs to propose subgoals or route sketches
while specialized controllers handle movement, per-
ception, and localization (Driess et al., 2023; Schot-
tlander and Shekel, 2025a; Ma et al., 2025; Wasi
et al., 2026a). Related work on mapping and map
augmentation extends this paradigm, translating
multimodal observations into structured geographic
updates, such as OpenStreetMap tags from street-
level imagery (Juhász et al., 2023). Together, these
approaches shift focus from scene understanding
to actionable, info-grounded geo-spatial reasoning.
■ Earth Observation and Remote Sensing Anal-
ysis. Earth observation (EO) extends geo-spatial
reasoning to satellite and aerial imagery, often in-
cluding multispectral or radar inputs, for tasks such
as land-cover mapping, object detection, and tem-
poral change analysis. Traditionally addressed
with domain-specific pipelines, EO is increasingly
framed as a multimodal foundation-model prob-
lem supporting natural-language querying and in-
teractive analysis. Models like EarthGPT enable
question answering and summarization over mul-
tisensor inputs (Zhang et al., 2024a; Manvi et al.,
2024b), while GeoPix couples language queries
with dense spatial grounding for pixel-level outputs
(Ou et al., 2025). Realizing this requires aligning
language supervision with EO annotations, mo-
tivating datasets that link imagery with captions
and region labels (Manvi et al., 2024b), with early
language-facing map pipelines showing similar
trends (Juhász et al., 2023). EO highlights both
opportunity and challenge: heterogeneous sensors,

spectral bands, and extreme scales demand spe-
cialized pretraining, while failures from cloud oc-
clusion, spectral shift, or temporal misalignment
persist (Grainge et al., 2025). EO thus reshapes the
representation problem, requiring reasoning across
sensor physics, scale, and time.
■ Knowledge-based Geo-spatial Reasoning. A
complementary family works over symbolic or
database-backed geographic information, includ-
ing toponym resolution, route optimization, graph
queries, and qualitative spatial reasoning. While
classical GIS software and graph algorithms han-
dle these tasks, LLMs are evaluated on how they
interface with structured data without sacrificing
exactness. Pretrained models encode nontrivial
geographic priors, sometimes resembling latent
maps (Manvi et al., 2024b), and GeoLLM uses
prompted context to predict location-indexed indi-
cators, though performance drops in data-sparse
regions (Manvi et al., 2024b). Explicit graph inter-
faces such as Graph-Instruct and GraphGPT en-
able LLM interaction with road networks or knowl-
edge graphs (Luo et al., 2024; Tang et al., 2024;
Li et al., 2025b), but large-scale traversal and opti-
mization still rely on classical algorithms, and qual-
itative spatial reasoning over relations like near or
between remains fragile (Ji et al., 2025). Progress
is therefore strongest where neural flexibility is
coupled with explicit algorithmic back-ends rather
than treated as a substitute.

2.2 Input Modalities
Input modality shapes both the evidence available
and the types of ambiguity a model faces. Text
is expressive but underspecified, images are rich
but implicit, maps are precise yet brittle, and multi-
modal inputs combine these trade-offs. Modality
choice is increasingly treated as a reasoning deci-
sion rather than a simple data-format issue.
■ Text (Natural Language). Textual inputs, ques-
tions, captions, or narratives, enable geo-spatial
reasoning through LLM-encoded world knowledge,
supporting tasks like toponym disambiguation or
translating requests into geo-spatial queries (Manvi
et al., 2024b; Schottlander and Shekel, 2025a).
Yet text is inherently underspecified: place names
are ambiguous, routes omit constraints, and tem-
poral references are often implicit. Its strength
arises when coupled with external resources such as
gazetteers, maps, or databases, but this also raises
privacy risks, since effective models can infer sen-
sitive locations from casual mentions.
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Task
Families

(§2.1)

Image Ge-
olocation &

Place Recognition

Coordinate regression, cell classification, retrieval (Hays and Efros, 2008; Weyand et al., 2016; Vi-
vanco Cepeda et al., 2023; Wasi et al., 2026b); cross-view (Workman et al., 2015; Zhu et al., 2021);
explanation-aware eval (Cheng et al., 2025; Li et al., 2025a)

Spatiotemporal
QA

Geo+temporal constraints over POIs, KGs (Dai et al., 2024; Chen et al., 2021; Han et al., 2025); multi-hop
spatial reasoning (Shi et al., 2022)

VL Navigation
& Mapping

R2R (Anderson et al., 2018), CVDN (Thomason et al., 2020), Touchdown (Chen et al., 2019), SpatiaLab
(Wasi et al., 2026a); map augmentation (Juhász et al., 2023); hierarchical planning (Driess et al., 2023)

Earth Observation
Analysis

RS scene classification, detection, change detection; multimodal EO QA (Zhang et al., 2024a; Ou et al.,
2025); disaster (Rahnemoonfar et al., 2021; Gupta et al., 2019)

Knowledge-Based
Geo-Reasoning

Toponym resolution, route optimization, KG querying (Ji et al., 2025); LLM geo-knowledge (Manvi et al.,
2024b); graph reasoning (Tang et al., 2024; Luo et al., 2024)

Input
Modalities

(§2.2)

Text
Place-time mentions, spatial queries; LLM world knowledge (Manvi et al., 2024b); underspecification and
privacy risks

Images
Street-view, aerial, satellite, multispectral, SAR; retrieval from geotagged corpora (Jia et al., 2025); re-
gional bias (Huang et al., 2025)

Maps &
Structured

Spatial Data

GIS layers, road graphs, POI tables; textual augmentation (Manvi et al., 2024b); tool use (Google Re-
search, 2025; Yao et al., 2022); location encoders (Wu et al., 2024)

Multimodal
Vision–language–map joint reasoning; IMAGEO-Bench (Li et al., 2025a); GeoChain (Yerramilli et al.,
2025); PaLM-E (Driess et al., 2023)

Model
Architectures

(§2.3)

LLMs
Latent geo-knowledge (Manvi et al., 2024b,a); GeoGPT assistants (Zhang et al., 2024c; Stamoulis and
Marculescu, 2025); orchestration and workflow synthesis

VLMs
GPT-4V (OpenAI, 2023), Gemini (Team et al., 2025), BLIP-2 (Li et al., 2023a); GeoCLIP (Vi-
vanco Cepeda et al., 2023); UrbanCLIP (Yan et al., 2024); EarthGPT (Zhang et al., 2024a); fairness
(Huang et al., 2025)

Hybrid &
Tool-Augmented

Staged pipelines: SightSense (Cheng et al., 2025); ReAct/Toolformer/MRKL (Yao et al., 2022; Schick
et al., 2023; Karpas et al., 2022); neuro-symbolic (Google Research, 2025)

Reasoning
Paradigms

(§2.4)

Neural
End-to-End

Direct mapping: PlaNet (Weyand et al., 2016), CLIP embeddings (Radford et al., 2021; Vivanco Cepeda
et al., 2023); opaque, brittle under shift (Grainge et al., 2025)

Symbolic &
Knowledge-Based

Exact spatial computation, KG/DB queries (Ji et al., 2025); LLM as intent parser + symbolic back-end
(Zhang et al., 2024c; Li and Ning, 2023)

Retrieval-
Augmented

NN matching (Jia et al., 2025); clue-driven retrieval (Cheng et al., 2025); evidence-backed inference (Li
et al., 2025a)

Chain-of-Thought
& Stepwise

CoT prompting (Wei et al., 2022); GeoChain trace training (Yerramilli et al., 2025); RL + cross-view
verification: Geo-R1 (Xu et al., 2025a)

Figure 1: Overview of the geo-spatial/-temporal tasks and methods: task families (§2.1), input modalities (§2.2),
model architectures (§2.3), reasoning paradigms (§2.4)

■ Images (Vision). Images carry dense but im-
plicit geo-spatial cues, landscape, architecture, sig-
nage, climate, and seasonal markers, that can sup-
port location and temporal inference. Multimodal
models like GPT-4V can combine these cues with
world knowledge to generate plausible geolocation
hypotheses (Roberts et al., 2024; Postma and Patin,
2025). However, visual reasoning is biased to-
ward well-represented regions, and diverse sources,
street-level, panoramic, aerial, satellite, multispec-
tral, SAR, and video, differ drastically in scale,
physics, and annotation regimes. Retrieval-based
pipelines remain effective but uneven, as sparsely
represented areas yield weaker priors and sparse
indices (Jia et al., 2025).

■ Maps and Structured Spatial Data. Structured
data, maps, GIS layers, coordinates, and POI ta-
bles, supports precise operations like geocoding,
distance computation, and routing, which cannot
be approximated by language alone (Manvi et al.,
2024a). LLMs interface via textual augmentation
of features (Manvi et al., 2024b; Buckmann et al.,
2025), tool use with geocoders and routing engines
(Ning, 2025; Phillips and Matias, 2025; Yao et al.,
2022; Karpas et al., 2022; Schick et al., 2023), or

architectural integration with coordinate embed-
dings (Manvi et al., 2024b; Wu et al., 2024). Each
strategy balances precision, flexibility, and cost,
but all must contend with interface complexity and
coverage bias.
■ Multimodal Inputs. Realistic geo-spatial tasks
are inherently multimodal, requiring sequential in-
tegration of visual, textual, and structured signals.
Benchmarks such as IMAGEO-Bench (Li et al.,
2025a) and GeoChain (Yerramilli et al., 2025) il-
lustrate challenges where models alternate between
perceptual extraction and knowledge reasoning.
Embodied settings heighten alignment demands:
language, visual streams, and map objects must be
co-grounded without letting any modality dominate
(Driess et al., 2023). Failures arise from imbalance,
hallucination propagation, or regional bias, under-
scoring that multimodal geo-spatial competence is
fundamentally about shared grounding, not input
concatenation.

2.3 Model Architectures

Model architecture shapes where geo-spatial com-
petence resides, parametric knowledge, perceptual
encoders, external tools, or the coordination logic
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connecting them. Progress comes from careful
combinations rather than dominance of a single
architecture.
■ Large Language Models (LLMs). Text-only
LLMs encode latent geographic and temporal
knowledge, supporting coarse spatial reasoning, ex-
planation, and query decomposition (Manvi et al.,
2024b). Their limits are structural: no perceptual
grounding, unreliable for exact spatial computa-
tions, and biased toward well-documented regions.
Consequently, LLMs perform best as orchestra-
tors, translating user intent, decomposing tasks,
invoking tools, and synthesizing results (Google
Research, 2025). GeoGPT-style assistants and
prompted LLM place encoders illustrate this pat-
tern (Stamoulis and Marculescu, 2025; Zhang et al.,
2024c; Manvi et al., 2024a), highlighting that ab-
straction and interaction matter more than raw para-
metric knowledge for geo-spatial tasks.
■ Vision-Language Models (VLMs). VLMs
provide perceptual grounding for geo-spatial rea-
soning, linking image inputs to language outputs.
General-purpose models such as GPT-4V, Instruct-
BLIP, and LLaVA identify landmarks and generate
coarse geolocation hypotheses (Postma and Patin,
2025; Roberts et al., 2024), but struggle on subtle
local cues. Fine-tuned or domain-specific mod-
els, GeoCLIP-style embeddings, urban scene mod-
els, and EO-focused VLMs, improve recognition
and retrieval (Jia et al., 2025; Manvi et al., 2024b;
Juhász et al., 2023). Benchmarking shows persis-
tent regional biases and uneven transfer, emphasiz-
ing that performance gains reflect either genuine
cue learning or benchmark-specific exploitation
(Huang et al., 2025; Jia et al., 2025). Cross-view
modeling with aerial and ground imagery further
tests representational generality.
■ Hybrid and Tool-Augmented Systems. Top-
performing systems combine LLMs or VLMs with
external modules, OCR, retrieval, geocoders, rout-
ing engines, or GIS operators, to handle tasks
requiring exact computation and up-to-date facts
(Google Research, 2025). Pipelines often extract
clues with vision modules, narrow candidates via
retrieval, then finalize hypotheses with LLM rea-
soning and explanations (Cheng et al., 2025). It-
erative tool use or neuro-symbolic execution ex-
ecutes formal queries against reliable back-ends
(Juhász et al., 2023; Yao et al., 2022; Karpas et al.,
2022; Schick et al., 2023). These designs improve
grounding, auditability, and error localization, but
add complexity and potential cascade failures. Hy-

brid architectures thus represent the current practi-
cal approach to reconciling fluent generation with
precise geo-spatial computation.

2.4 Reasoning Approaches
Geo-spatial reasoning varies in whether inference
is implicit, explicit, or externally grounded; the key
distinction is whether intermediate claims can be
verified against perception, retrieval, or computa-
tion.
■ Neural End-to-End Reasoning. End-to-end
models map inputs directly to outputs without ex-
posing intermediate steps. Classic examples in-
clude PlaNet for image geolocation (Weyand et al.,
2016) and latent-structure predictors for spatiotem-
poral tasks (Jia et al., 2025). When data is abun-
dant, this yields effective joint representation and
prediction, but models are opaque, brittle under
distribution shift, and inherit geographic biases
(Grainge et al., 2025). Modern systems therefore
wrap end-to-end perception with retrieval, tool use,
or explicit verification rather than discard neural
inference entirely.
■ Symbolic and Knowledge-Based Reasoning.
Symbolic methods encode space and time explic-
itly through coordinates, graphs, or formal logic
(Ji et al., 2025), enabling precise containment, dis-
tance, and routing computations. LLMs typically
handle intent parsing or explanation, while queries
execute via SQL, SPARQL, or tool-call sequences
(Ji et al., 2025). This is critical for constraint-heavy
tasks like route planning, yet governance remains
fragile: schema mismatches and tool-invocation
errors persist (Grainge et al., 2025). Symbolic exe-
cution is strongest when neural flexibility is paired
with verifiable computation.
■ Retrieval-Augmented Reasoning. Retrieval-
augmented models condition on external evidence,
geotagged images, POI records, maps, or sched-
ules, rather than relying solely on parametric mem-
ory (Cheng et al., 2025). In geolocation, nearest-
neighbor matching or clue-driven searches improve
accuracy (Jia et al., 2025); in geo-temporal QA, dy-
namic facts and historical records are consulted
(Grainge et al., 2025). This open-book approach
mitigates aging and tail-data issues, but introduces
failures from sparse coverage, low-quality hits, or
geographic bias (Li et al., 2025a).
■ Chain-of-Thought and Stepwise Reasoning.
CoT methods decompose tasks into explicit inter-
mediate decisions, such as cue extraction, can-
didate generation, elimination, and verification
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Figure 2: Overview of geo-spatial and geo-temporal reasoning in large language and vision–language models. The
figure connects heterogeneous input evidence, model architectures, reasoning paradigms, and five task families. The
central loop illustrates evidence grounding and verification in retrieval- and tool-assisted systems, while the bottom
band highlights cross-cutting evaluation concerns.

(Wei et al., 2022). Applied to geolocation and
geo-temporal QA, they improve accuracy and in-
spectability (Roberts et al., 2024; Postma and Patin,
2025). GeoChain provides multi-step supervision
for Street View reasoning (Yerramilli et al., 2025),
while branching deliberation explores multiple can-
didate paths (Cheng et al., 2025). Crucially, step-
wise reasoning is only valuable when intermedi-
ate claims are checkable; benchmarks increasingly
score explanations against observable evidence
rather than accepting fluent narratives as proof (Li
et al., 2025a; Cheng et al., 2025).

2.5 Design Choice Effectiveness and Failure
Modes

Table 1 synthesizes which architectural and reason-
ing design choices are most effective under spe-
cific task settings, together with the primary failure
modes identified across the surveyed corpus. These
observations are descriptive: they reflect patterns
across the 142 reviewed papers rather than con-
trolled ablation studies.

3 Datasets and Benchmarks

Datasets and benchmarks define both what geo-
spatial models learn and which errors remain invis-
ible. Recent work increasingly evaluates reasoning,
grounding, explanation quality, and robustness un-
der geographic and temporal shift rather than raw
accuracy (Grainge et al., 2025; Wang et al., 2024;

Li et al., 2025a). Benchmark validity is often com-
promised by pretraining overlap, uneven coverage,
temporal staleness, and metric mismatch with de-
ployment needs. Here, we organize key resources
by task family (Table 6), emphasizing datasets
that have become reference points for LLM/VLM,
retrieval-augmented, and tool-assisted systems.

■ Image Geolocation and Landmark Recogni-
tion. Geotagged corpora such as YFCC100M pro-
vide foundational training supervision, while eval-
uation datasets like Im2GPS and Im2GPS3k main-
tain continuity across model generations (Thomee
et al., 2016; Hays and Efros, 2008; Vo et al., 2017).
Landmark identification relies on Google Land-
marks v2, and cross-view datasets like TimeSpot
(Wasi et al., 2026b), CVUSA, CVACT, and
VIGOR stress robustness across aerial-ground align-
ment (Workman et al., 2015; Liu and Li, 2019; Zhu
et al., 2021). Recent benchmarks such as LLM-
Geo and GeoPose3K highlight multimodal reason-
ing and fine-grained evaluation (Wang et al., 2024;
Brejcha and Čadík, 2017), while IMAGEO-Bench,
GeoExplain, and GeoGuess prioritize explanation
quality, bias exposure, and evidence-based evalu-
ation (Li et al., 2025a; Huang et al., 2025; Cheng
et al., 2025). The field is moving from pure lo-
calization metrics toward diagnostic assessment of
whether models localize for the right reasons.

■ Spatiotemporal and Knowledge-Based QA.
Generic QA datasets such as SQuAD and TriviaQA
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Table 1: Design effectiveness and dominant failure modes by task family. Best design denotes the most consistently
effective architectural pattern, while Failure mode denotes the most frequently reported limitation.

Task Family Most Effective Design Choice Primary Failure Mode Representative Evidence

Image Geolocation Retrieval + VLM re-ranking; staged
clue extraction over single-shot predic-
tion

Regional coverage gap; near-
duplicate leakage

(Cheng et al., 2025; Jia et al.,
2025; Li et al., 2025a)

Spatiotemporal QA Tool-augmented LLMs querying struc-
tured databases; CoT decomposition

Temporal staleness; incorrect
multi-hop decomposition

(Dai et al., 2024; Han et al., 2025;
Chen et al., 2021)

VL Navigation Hierarchical planning (LLM subgoal +
specialist controller)

Sim-to-real gap; direction error
propagation

(Anderson et al., 2018; Driess
et al., 2023; Ma et al., 2025)

Earth Observation Domain-specific pretraining (EO-
aligned corpora); pixel-level grounding

Spectral/sensor domain shift;
temporal misalignment

(Zhang et al., 2024a; Ou et al.,
2025; Smith et al., 2024)

Knowledge-Based
Geo-Reasoning

LLM as intent parser + symbolic/graph
back-end execution

Schema mismatch; qualitative
spatial relation failures

(Ji et al., 2025; Zhang et al.,
2024c; Li and Ning, 2023)

remain useful for coarse factual testing (Rajpurkar
et al., 2016; Joshi et al., 2017), but spatiotempo-
ral QA demands structured reasoning over loca-
tion, relation, and time. POI-QA requires joint
resolution of points of interest and temporal con-
straints (Grainge et al., 2025; Han et al., 2025),
while ChronoQA and TimeQA isolate temporal rea-
soning (Chen et al., 2025, 2021), and StepGame
targets multi-hop qualitative spatial inference (Shi
et al., 2022). STKGQA frames QA over spatiotem-
poral knowledge graphs, demanding explicit query
execution (Dai et al., 2024). Tool-augmented eval-
uations further emphasize evidence retrieval and
platform operations (Singh et al., 2024), reflect-
ing that robust spatiotemporal QA hinges more on
grounding and execution than linguistic fluency.
■ Navigation and Embodied Benchmarks. Nav-
igation benchmarks probe sequential geo-spatial
reasoning. Indoor suites like R2R, RxR, CVDN, and
ALFRED test instruction grounding, memory, and
planning (Anderson et al., 2018; Ku et al., 2020;
Thomason et al., 2020; Shridhar et al., 2020), while
outdoor datasets such as Touchdown and StreetNav
add urban complexity and localization (Chen et al.,
2019; Hermann et al., 2020). Embodied QA and di-
alog navigation (EQA, NDH/CVDN) extend these
challenges by requiring evidence gathering (Das
et al., 2018; Thomason et al., 2020). Mapping prox-
ies like Talk2Nav and OSM-completion tasks test
structured geographic updates (Vasudevan et al.,
2021; Juhász et al., 2023). Evaluation increasingly
favors trajectory-faithfulness and interactive com-
petence over static correctness (Magalhaes et al.,
2019).
■ Remote Sensing and Earth Science. Remote-
sensing datasets remain fragmented, reflecting
domain-specific origins. Large-scale detection is

benchmarked via xView and DOTA (Lam et al.,
2018; Xia et al., 2018), while caption datasets such
as RSICD and UCM Captions pair imagery with
text, and RSVQA-Bench supports QA over over-
head scenes (Lu et al., 2017; Qu et al., 2016; Lobry
et al., 2021). Disaster and temporal datasets like
FloodNet and xBD enable change detection and as-
sessment tasks (Rahnemoonfar et al., 2021; Gupta
et al., 2019). Multimodal time-series resources
such as Google’s PDFM and spatial representa-
tion benchmarks like OBSR promote evaluation of
representation transfer and reasoning, not just clas-
sification (Agarwal et al., 2025; Moska et al., 2025).
Together, these benchmarks shift Earth observation
evaluation from isolated tasks toward integrated
perception, grounding, and temporal reasoning.

4 Applications and Use Cases

Geo-spatial LLM/VLM systems are most effec-
tive as interface and triage layers over existing
pipelines, helping users query heterogeneous data,
summarize outputs, and surface candidate actions
while leaving verification to classical tools and hu-
mans (Table 5). Across domains, AI primarily ac-
celerates access and synthesis rather than replacing
expertise.
■ Earth Observation & Environmental Moni-
toring. EO systems combine imagery, spatial lay-
ers, and time series. Models such as EarthGPT
and GeoPix support instruction-following over im-
agery and spatially grounded outputs for monitor-
ing and disaster triage (Zhang et al., 2024a; Ou
et al., 2025; Rahnemoonfar et al., 2021; Gupta et al.,
2019). Text-oriented systems like ClimateBERT
and ClimateGPT assist climate-document synthe-
sis (Webersinke et al., 2021; Thulke et al., 2024),
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while multimodal models such as PDFM learn
transferable population–environment representa-
tions (Agarwal et al., 2025). In practice, these sys-
tems reorganize workflows around retrieval, triage,
and evidence-linked summaries (Schottlander and
Shekel, 2025b).
■ Crisis Response & Humanitarian Aid. AI
mainly serves as a decision-support layer in dis-
asters. LLMs summarize pre/post imagery for lo-
calized damage assessment on benchmarks such
as xBD and xView2 (Gupta et al., 2019; Singh
et al., 2024), while SAR systems convert reports
into structured hypotheses without replacing prob-
abilistic planning (Ji et al., 2025; Google Research,
2025; Abi-Zeid et al., 2019). Humanitarian map-
ping accelerates candidate generation for Missing
Maps and OSM while preserving human valida-
tion (Missing Maps; UN Maps; OpenStreetMap
Wiki contributors; Juhász et al., 2023). Resource-
allocation systems similarly rank options under ex-
plicit assumptions rather than issuing autonomous
recommendations (Ji et al., 2025; Pizzi et al., 2020;
Gella et al., 2023).
■ Navigation & Transportation. LLMs translate
underspecified goals into routing or POI queries
and explain trade-offs in natural language (Ji et al.,
2025; Schottlander and Shekel, 2025b; Google Re-
search, 2025; Daniel, 2024). They also augment
traffic forecasting with contextual signals (Zhao
et al., 2025), though classical solvers remain essen-
tial for safety and feasibility. Similar constraints
apply to delivery robotics and drones, where
language-guided planning must remain grounded
in perception and action models (Driess et al., 2023;
Ma et al., 2025).
■ Smart Cities & Urban Planning. Conversa-
tional GIS is a strong near-term application, trans-
lating natural-language queries into geo-spatial re-
trieval and analysis (Google Research, 2025; Li and
Ning, 2023; Akinboyewa et al., 2025; Ning et al.,
2025). Generative visualizations aid rapid “what-
if” communication (Hua et al., 2025), but outputs
remain assistive rather than policy recommenda-
tions (Li and Ning, 2023; Zhang et al., 2025b). The
main benefit is shortening analytic loops and im-
proving accessibility.
■ Social Media Geolocation & OSINT. LLMs
and VLMs can infer candidate locations from im-
ages or videos and highlight supporting cues, re-
ducing verification effort while leaving final judg-
ment to humans (Postma and Patin, 2025). These
capabilities accelerate OSINT workflows but also

raise privacy concerns because even non-obvious
imagery may be geolocated (Grainge et al., 2025).
OSINT therefore highlights both the utility and
dual-use risks of geo-spatial AI.
Across domains, the dominant pattern is human–AI
collaboration: models accelerate retrieval, synthe-
sis, and preliminary interpretation, while experts
remain responsible for verification and high-stakes
decisions.

5 Open Challenges

Despite rapid progress, geo-spatial and geo-
temporal AI systems remain limited by temporally
stale world models, weak multimodal grounding,
uneven geographic coverage, costly deployment,
and poor interoperability with trusted GIS work-
flows. Temporal reasoning is a major weakness
because models often fail to account for changing
world states, motivating timestamp-aware training,
retrieval over time-indexed knowledge bases, and
evaluation protocols with time-sliced and recency-
aware splits (Han et al., 2025; Chen et al., 2021,
2025; Dai et al., 2024; Smith et al., 2024). Multi-
modal alignment remains unreliable across geom-
etry, cross-view consistency, modality arbitration,
and fine-grained grounding, highlighting the need
for tool-based verification, pixel-level grounding,
and explicit auditing frameworks (OpenAI, 2023;
Ji et al., 2025; Xu et al., 2025a; Liu and Li, 2019;
Zhu et al., 2021; Driess et al., 2023; Ou et al., 2025;
Zhang et al., 2024b; Chen et al., 2024; Liu et al.,
2024). Data bias and coverage gaps further cre-
ate systematic disparities across regions, languages,
time periods, and capture conditions, reducing ro-
bustness in underrepresented settings (Huang et al.,
2025; Li et al., 2025a; Jia et al., 2025). Addressing
these challenges will require broader geo-spatial
datasets, multilingual and region-aware retrieval,
calibrated abstention, and geographically stratified
evaluation rather than reliance on single aggregate
benchmarks (Astruc et al., 2024). More details are
available in Appendix D.

6 Future Directions

The directions below reflect the authors’ prioritized
recommendations based on the limitations identi-
fied in §3–5, rather than descriptive findings from
the corpus. Future geo-spatial AI should move to-
ward unified 4D foundation models integrating
imagery, vector geometries, text, place graphs, and
temporal signals. These systems should support
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multi-resolution spatial hierarchies, world-state
versioning, and calibrated uncertainty for proba-
bilistic spatial reasoning (Dai et al., 2024).
✓ Interactive and verifiable agents should trans-
late natural-language instructions into GIS, remote-
sensing, and knowledge-graph workflows, return-
ing auditable intermediate artifacts like buffers,
joins, and route constraints. Closed-loop verifi-
cation over authoritative sources ensures geometric
and topological consistency. Tool-augmented archi-
tectures (ReAct, Toolformer, MRKL) and retrieval-
augmented generation enable precise, current-data
grounded reasoning (Yao et al., 2022; Schick et al.,
2023; Karpas et al., 2022).
✓ Human-in-the-loop mapping extends cover-
age to under-mapped or crisis regions. Active
spatial learning prioritizes high-uncertainty areas,
while provenance tracking records contributors,
timestamps, and evidence. Integration with crowd-
sourced platforms improves calibration and pre-
vents overconfident predictions (Missing Maps;
UN Maps; Juhász et al., 2023).
✓ Governance, privacy, and dual-use safety
require red-teaming, bias audits, access control,
anonymization, and query logging. Sensitive in-
ferences must be restricted, with careful release
management to mitigate misuse.
Overall, near-term progress favors grounded, re-
trievable, tool-augmented, auditable, and human-
centered systems rather than monolithic geo-spatial
AGI, emphasizing robustness, interpretability, ethi-
cal deployment, and verified reasoning. More de-
tails are available in Appendix E.

7 Conclusion

Geo-spatial and geo-temporal AI advances depend
on aligning tasks, modalities, architectures, and
reasoning strategies. Success increasingly relies on
modular, tool-augmented, or stepwise approaches
that combine neural flexibility with explicit verifi-
cation. Multimodal integration, retrieval, and sym-
bolic grounding help mitigate ambiguity, temporal
drift, and geographic bias, while benchmarks now
emphasize evidence-backed predictions. Robust
systems reason over heterogeneous inputs, decom-
pose complex queries, and produce checkable in-
termediate claims, highlighting the need for careful
design, evaluation, and governance.

Limitations

This review, while comprehensive in surveying
LLMs and VLMs for geo-spatial and geo-temporal
reasoning, inevitably cannot capture every recent
development due to the rapid pace of AI research. It
emphasizes conceptual synthesis and cross-domain
comparison rather than presenting new experi-
ments, empirical validation, or system-level bench-
marks. As such, quantitative performance eval-
uation, implementation details, and comparative
analyses of specific models fall outside its scope.
The focus is on providing a structured framework
and highlighting trends, trade-offs, and open chal-
lenges, rather than introducing new datasets, algo-
rithms, or technical contributions. Consequently,
readers should interpret the survey as a high-level
analytic perspective rather than a source of empiri-
cal conclusions. Several exclusion decisions may
affect corpus representativeness. Non-English pa-
pers and workshop abstracts without full technical
content were removed to maintain analytical consis-
tency, but this may underrepresent geo-spatial AI
work published in Chinese, Japanese, or other lan-
guages, and early-stage contributions presented at
workshops. The exclusion of arXiv preprints from
quality filtering is addressed in Appendix B.10.
The fast-moving preprint landscape means the sur-
vey reflects a snapshot of the field as of early 2025,
and studies published after the curation cutoff are
not covered.

References
Irène Abi-Zeid, Michael Morin, and Oscar Nilo. 2019.

Decision support for planning maritime search and
rescue operations in canada.

Mohit Agarwal, Mimi Sun, Chaitanya Kamath, Arbaaz
Muslim, Prithul Sarker, Joydeep Paul, Hector Yee,
Marcin Sieniek, Kim Jablonski, Swapnil Vispute,
Atul Kumar, Yael Mayer, David Fork, Sheila de Guia,
Jamie McPike, Adam Boulanger, Tomer Shekel,
David Schottlander, Yao Xiao, Manjit Chakravarthy
Manukonda, Yun Liu, Neslihan Bulut, Sami Abu
el haija, Bryan Perozzi, Monica Bharel, Von Nguyen,
Luke Barrington, Niv Efron, Yossi Matias, Greg Cor-
rado, Krish Eswaran, Shruthi Prabhakara, Shravya
Shetty, and Gautam Prasad. 2025. General geospa-
tial inference with a population dynamics foundation
model. Preprint, arXiv:2411.07207.

Temitope Akinboyewa, Zhenlong Li, Huan Ning, and
M Naser Lessani. 2025. Gis copilot: Towards an au-
tonomous gis agent for spatial analysis. International
Journal of Digital Earth, 18(1):2497489.

1385

https://arxiv.org/abs/2411.07207
https://arxiv.org/abs/2411.07207
https://arxiv.org/abs/2411.07207


Peter Anderson, Qi Wu, Damien Teney, Jake Bruce,
Mark Johnson, Niko Sünderhauf, Ian Reid, Stephen
Gould, and Anton Van Den Hengel. 2018. Vision-
and-language navigation: Interpreting visually-
grounded navigation instructions in real environ-
ments. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pages 3674–
3683.

Guillaume Astruc, Nicolas Dufour, Ioannis Siglidis,
Constantin Aronssohn, Nacim Bouia, Stephanie Fu,
Romain Loiseau, Van Nguyen Nguyen, Charles
Raude, Elliot Vincent, Lintao XU, Hongyu Zhou, and
Loic Landrieu. 2024. Openstreetview-5m: The many
roads to global visual geolocation. In Proceedings of
the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 21967–21977.

Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang,
Sinan Tan, Peng Wang, Junyang Lin, Chang Zhou,
and Jingren Zhou. 2023. Qwen-vl: A versatile vision-
language model for understanding, localization, text
reading, and beyond. Preprint, arXiv:2308.12966.

Emily M Bender, Timnit Gebru, Angelina McMillan-
Major, and Shmargaret Shmitchell. 2021. On the
dangers of stochastic parrots: Can language models
be too big? In Proceedings of the 2021 ACM Confer-
ence on Fairness, Accountability, and Transparency,
pages 610–623.

Rishi Bommasani, Drew A. Hudson, Ehsan Adeli, Russ
Altman, Simran Arora, Sydney von Arx, Michael S.
Bernstein, Jeannette Bohg, Antoine Bosselut, Emma
Brunskill, Erik Brynjolfsson, Shyamal Buch, Dallas
Card, Rodrigo Castellon, Niladri Chatterji, Annie
Chen, Kathleen Creel, Jared Quincy Davis, Dora
Demszky, Chris Donahue, Moussa Doumbouya,
Esin Durmus, Stefano Ermon, John Etchemendy,
Kawin Ethayarajh, Li Fei-Fei, Chelsea Finn, Trevor
Gale, Lauren Gillespie, Karan Goel, Noah Goodman,
Shelby Grossman, Neel Guha, Tatsunori Hashimoto,
Peter Henderson, John Hewitt, Daniel E. Ho, Jenny
Hong, Kyle Hsu, Jing Huang, Thomas Icard, Saahil
Jain, Dan Jurafsky, Pratyusha Kalluri, Siddharth
Karamcheti, Geoff Keeling, Fereshte Khani, Omar
Khattab, Pang Wei Koh, Mark Krass, Ranjay Kr-
ishna, Rohith Kuditipudi, Ananya Kumar, Faisal Lad-
hak, Mina Lee, Tony Lee, Jure Leskovec, Isabelle
Levent, Xiang Lisa Li, Xuechen Li, Tengyu Ma,
Ali Malik, Christopher D. Manning, Suvir Mirchan-
dani, Eric Mitchell, Zanele Munyikwa, Suraj Nair,
Avanika Narayan, Deepak Narayanan, Ben Newman,
Allen Nie, Juan Carlos Niebles, Hamed Nilforoshan,
Julian Nyarko, Giray Ogut, Laurel Orr, Isabel Pa-
padimitriou, Joon Sung Park, Chris Piech, Eva Porte-
lance, Christopher Potts, Aditi Raghunathan, Rob
Reich, Hongyu Ren, Frieda Rong, Yusuf Roohani,
Camilo Ruiz, Jack Ryan, Christopher Ré, Dorsa
Sadigh, Shiori Sagawa, Keshav Santhanam, Andy
Shih, Krishnan Srinivasan, Alex Tamkin, Rohan
Taori, Armin W. Thomas, Florian Tramèr, Rose E.
Wang, William Wang, Bohan Wu, Jiajun Wu, Yuhuai
Wu, Sang Michael Xie, Michihiro Yasunaga, Jiax-
uan You, Matei Zaharia, Michael Zhang, Tianyi

Zhang, Xikun Zhang, Yuhui Zhang, Lucia Zheng,
Kaitlyn Zhou, and Percy Liang. 2022. On the op-
portunities and risks of foundation models. Preprint,
arXiv:2108.07258.

Jan Brejcha and Martin Čadík. 2017. Geopose3k:
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Nikolaev, Pablo Sprechmann, Zachary Nado, Lukas
Zilka, Flavien Prost, Luheng He, Marianne Mon-
teiro, Gaurav Mishra, Chris Welty, Josh Newlan,
Dawei Jia, Miltiadis Allamanis, Clara Huiyi Hu,
Raoul de Liedekerke, Justin Gilmer, Carl Saroufim,
Shruti Rijhwani, Shaobo Hou, Disha Shrivastava,
Anirudh Baddepudi, Alex Goldin, Adnan Ozturel,
Albin Cassirer, Yunhan Xu, Daniel Sohn, Deven-
dra Sachan, Reinald Kim Amplayo, Craig Swan-
son, Dessie Petrova, Shashi Narayan, Arthur Guez,
Siddhartha Brahma, Jessica Landon, Miteyan Pa-
tel, Ruizhe Zhao, Kevin Villela, Luyu Wang, Wen-
hao Jia, Matthew Rahtz, Mai Giménez, Legg Yeung,
James Keeling, Petko Georgiev, Diana Mincu, Boxi
Wu, Salem Haykal, Rachel Saputro, Kiran Vodra-
halli, James Qin, Zeynep Cankara, Abhanshu Sharma,
Nick Fernando, Will Hawkins, Behnam Neyshabur,
Solomon Kim, Adrian Hutter, Priyanka Agrawal,
Alex Castro-Ros, George van den Driessche, Tao
Wang, Fan Yang, Shuo yiin Chang, Paul Komarek,
Ross McIlroy, Mario Lučić, Guodong Zhang, Wael
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A Related Work

A number of surveys and reviews have examined
geo-spatial AI, remote sensing, and spatiotemporal
modeling, often with a focus on specific data types,
applications, or methodological families. Prior
work in remote sensing has extensively covered
deep learning for satellite and aerial imagery anal-
ysis, including land use classification, object detec-
tion, and change detection (Zhu et al., 2017; Kami-
laris and Prenafeta-Boldú, 2018), as well as convo-
lutional network architectures for high-resolution
imagery (Ma et al., 2019) and multimodal fusion
approaches combining imagery with GIS databases
(Wang et al., 2020). Reviews on spatiotempo-
ral modeling and geo-spatial analytics have em-
phasized trajectory prediction, spatial networks,
and urban computing (Feng et al., 2025), while
GIS-focused surveys have examined workflow inte-
gration, crowdsourced mapping, and participatory
sensing (Mai et al., 2024).

Despite their breadth, these prior surveys have
several limitations. Most focus on narrow modali-
ties such as imagery or vector data rather than uni-
fied 4D representations that jointly encode space
and time. They tend to emphasize benchmark
performance over methodological generalization,
verification, or uncertainty calibration. Human-in-
the-loop mapping, tool-augmented pipelines, and
governance considerations, including privacy and
dual-use safety, are rarely addressed. Furthermore,
systematic curation of foundation-model-based ap-
proaches that integrate LLMs, VLMs, and GIS
tools for spatiotemporal reasoning is largely ab-
sent. As a result, existing surveys provide only
partial insight into the design patterns, trade-offs,
and open challenges of next-generation geo-spatial
AI systems.

Our work fills these gaps by employing a struc-
tured, multi-stage methodology across journals,
conferences, and databases including arXiv, IEEE
Xplore, Scopus, and ACM DBLP, resulting in a
curated corpus of 142 papers. Unlike prior sur-
veys, we classify contributions along a taxonomic
framework that incorporates representation type,
tool-augmented workflows, and human-in-the-loop
methods. We highlight approaches for verifica-
tion, uncertainty quantification, provenance track-
ing, and ethical deployment, topics largely missing
from previous reviews. By synthesizing findings
across modalities, temporal scales, and applica-
tion domains such as urban planning, disaster re-

sponse, navigation, environmental monitoring, and
social simulation, this survey provides a compre-
hensive roadmap for future research in grounded,
retrievable, tool-augmented, and human-centered
geo-spatial AI.

B Survey Methodology

This survey is a structured scoping review (Munn
et al., 2018), not a PRISMA-compliant systematic
review (Moher et al., 2009). We do not claim to be
exhaustive across all databases or to have applied
formal inter-rater reliability statistics. Instead, we
follow a transparent, multi-stage curation protocol
designed to maximize coverage of methodologi-
cally novel contributions in geo-spatial and geo-
temporal AI, while remaining reproducible in its
documented decisions. The choice of a scoping-
review design reflects the breadth and pace of the
target literature: PRISMA’s emphasis on exhaus-
tive retrieval and risk-of-bias appraisal is optimized
for clinical evidence synthesis, whereas our goal is
to map a rapidly evolving landscape across AI, com-
puter vision, NLP, remote sensing, and GIS. This
design aligns with established practice in AI/NLP
survey papers (Bender et al., 2021; Bommasani
et al., 2022), where structured narrative or scop-
ing approaches are standard. The objective is to
construct a representative, thematically coherent
corpus, classify contributions, and synthesize find-
ings along methodological axes.

B.1 Stage 1: Data Collection

Candidate papers were collected from preprint
servers, top-tier journals, leading conferences, and
major academic databases in AI, computer vision,
robotics, remote sensing, and GIS. Table 3 lists the
primary venues and databases considered.

Searches were conducted using combina-
tions of keywords including: geo-spatial
AI, geo-temporal modeling, spatial
reasoning, place graphs, 4D geo-spatial
foundation models, raster-vector
fusion, spatiotemporal predictive
modeling, map reasoning, GIS tool
integration, uncertainty calibration,
human-in-the-loop mapping, crowdsourced
mapping, dual-use safety, spatial
knowledge graphs, multimodal geo-spatial
representation, tool-augmented AI,
spatiotemporal retrieval.

The initial query phase across arXiv, IEEE
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Table 2: Comparison of this survey with closely related prior surveys. Cov. = coverage scope; Tax. = structured
taxonomy; Bench. = benchmark/evaluation analysis; Tool = tool-augmented/agentic methods; HITL = human-in-
the-loop; Gov. = governance/privacy/bias; Method. = explicit curation methodology.

Survey Year Cov. Tax. Bench. Tool HITL Gov. Method.

Zhu et al. (Zhu et al., 2017) 2017 RS imagery Partial ✓ – – – Narrative
Kamilaris & Prenafeta-Boldú (Kamilaris and Prenafeta-Boldú, 2018) 2018 RS/Agri Partial ✓ – – – Narrative
Ma et al. (Ma et al., 2019) 2019 RS/CV Partial ✓ – – – Narrative
Wang et al. (Wang et al., 2020) 2020 RS+GIS Partial ✓ – – – Narrative
Mai et al. (Mai et al., 2024) 2023 GeoAI Partial – Partial – Partial Narrative
Jakubik et al. (Jakubik et al., 2023) 2023 EO/FM Partial ✓ – – – Narrative
Feng et al. (Feng et al., 2025) 2025 Spatiotemporal Partial ✓ Partial – – Narrative
Ma et al. (Ma et al., 2025) 2025 VLA/Embodied Partial ✓ ✓ – – Narrative

This survey 2026 LLM/VLM geo ✓ ✓ ✓ ✓ ✓ Multi-stage (8 stages,
n=142)

Table 3: Primary journals, conferences, and databases surveyed.

Journals / Databases Conferences / Repositories

IEEE Xplore CVPR, ICCV, ECCV
Scopus NeurIPS, ICML, ICLR
ACM Digital Library / DBLP ACL, EMNLP, NAACL
IEEE TGRS, ISPRS Journal of Photogrammetry and Remote Sensing GIScience, ACM SIGSPATIAL, COSIT
IJGIS, Remote Sensing of Environment, JOSIS RSS, CoRL, AAMAS
Computers, Environment and Urban Systems AAAI, IJCAI

Xplore, Scopus, ACM DBLP, and the listed jour-
nals/conferences yielded approximately 1,872 can-
didate papers.

B.2 Stage 2: Deduplication and Metadata
Cleaning

After collecting candidate papers from multiple
sources, including arXiv, IEEE Xplore, Scopus,
ACM DBLP, and leading AI and geo-spatial con-
ferences, all records were merged and standard-
ized to ensure uniformity in metadata. Papers
were excluded if they were duplicates, had mul-
tiple preprint versions, were withdrawn, or were
otherwise inaccessible. Non-English papers and
workshop abstracts lacking full technical content
were also removed to maintain analytical rigor.
This cleaning process ensured that each entry repre-
sented a distinct, citable contribution with complete
information. Metadata fields such as title, authors,
venue, year, DOI, and keywords were verified for
consistency and completeness. After this stage, a
total of 1,305 papers remained, forming the basis
for the subsequent relevance screening. This step
provided a reproducible foundation and minimized
noise in the final corpus.

B.3 Stage 3: Title Screening

Titles were systematically screened to assess ex-
plicit relevance to geo-spatial representation learn-
ing, spatiotemporal reasoning, GIS integration, pre-

dictive modeling, or tool-augmented geo-spatial
workflows. Works that appeared clearly unrelated
to these methodological goals, including those fo-
cused solely on downstream applications without
novel modeling contributions, were excluded. This
stage emphasized precision over recall to reduce
the workload for later, more intensive reviews. By
carefully considering semantic cues in titles, we
filtered out research that did not align with the
survey’s core objectives. Each remaining title was
cross-checked against keywords in the search query
to ensure coverage of emerging topics. After this
initial relevance assessment, 612 papers were re-
tained for abstract-level screening. This process
balanced breadth and specificity while preserv-
ing potentially important methodological contri-
butions.

B.4 Stage 4: Abstract Screening

Abstracts were examined to assess the presence of
either (a) a methodological contribution—explicit
spatial or temporal modeling, representation learn-
ing, multimodal data integration, or verification
pipelines—or (b) a substantive application contribu-
tion that provides evidence about deployment, fail-
ure modes, governance, or human-in-the-loop use.
Studies lacking either type of contribution were ex-
cluded. This dual inclusion criterion was adopted
because the survey covers not only model design
but also the practical consequences of deploying
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geo-spatial AI, including operational reliability, ge-
ographic bias, and dual-use risk—topics for which
evidence arises primarily from application-oriented
studies. Special attention was given to studies that
combined multiple data modalities, incorporated
temporal dynamics, or proposed human-in-the-
loop approaches. Ambiguous cases were flagged
for full-text assessment to avoid prematurely dis-
carding potentially relevant contributions. After
this stage, 314 papers remained, forming a more
focused set for in-depth evaluation.

B.5 Stage 5: Full-Text Eligibility Assessment
Full-text review was conducted to evaluate whether
each paper met inclusion criteria requiring explicit
modeling of geo-spatial state, dynamics, or struc-
tured reasoning, beyond simple task performance.
Studies were retained if they integrated raster, vec-
tor, or temporal data in a computational model and
considered elements such as uncertainty, prove-
nance, or human-in-the-loop workflows. Papers
lacking formal methodological contributions, or
that did not address multimodal geo-spatial reason-
ing, were excluded. This stage also assessed tech-
nical clarity, reproducibility, and whether sufficient
methodological detail was provided to support cod-
ing and classification. Each work was examined for
representational fidelity, temporal reasoning capa-
bilities, and alignment with geo-spatial modeling
principles. By the end of this stage, 172 papers
were selected for further relevance verification.

B.6 Stage 6: Geo-spatial AI Relevance
Verification

To ensure alignment with geo-spatial AI and geo-
temporal modeling, we applied an additional rele-
vance check focused on methodological scope. Pa-
pers were retained only if they explicitly involved
multimodal fusion of imagery, maps, graphs, or sen-
sor data, or leveraged foundation models for geo-
spatial tasks and spatiotemporal reasoning. Tool-
augmented workflows, including GIS, remote sens-
ing, and knowledge-graph integration, were also a
criterion for inclusion. This stage was essential to
ensure conceptual coherence with the survey’s fo-
cus on next-generation geo-spatial AI. Studies that
did not leverage foundation models, tool-assisted
pipelines, or spatiotemporal reasoning were ex-
cluded to avoid diluting the analysis.

After applying these strict criteria, 142 papers re-
mained for the final corpus. This final set represents
a carefully curated and methodologically coherent

body of work for subsequent coding and analysis.
Our year distribution shows the survey’s emphasis
on recent work: 34 references from 2025, 23 from
2024, and 22 from 2023, so roughly 56% of all ci-
tations are from the 2023–2025 window, consistent
with the paper’s stated focus on 2021–2025.

Initial retrieval
n = 1,872

After deduplication & metadata cleaning
n = 1,305

After title screening
n = 612

After abstract screening
n = 314

After full-text eligibility
n = 172

Final corpus (geo-spatial AI relevance)
n = 142

−567

−693

−298

−142

−30

Figure 3: Paper selection flow. Numbers indicate papers
removed at each stage.

B.7 Stage 7: Theoretical Coding
Each paper was systematically coded according
to its primary methodological contribution, rather
than the application domain. Contributions were
classified as raster-based predictive models, vec-
tor and graph-based models, hybrid 4D geo-spatial
models integrating temporal and multimodal data,
tool-augmented reasoning pipelines, or human-in-
the-loop participatory mapping frameworks. Clas-
sification considered the main representational
strategy, workflow architecture, and computational
innovations. Ambiguous or multi-strategy papers
were coded according to the dominant contribution
to preserve analytical clarity. This coding frame-
work enabled structured comparison across diverse
geo-spatial AI approaches and highlighted emerg-
ing patterns and trade-offs. The goal was to create
a taxonomy that supports both conceptual synthesis
and quantitative summary of research trends.

B.8 Stage 8: Application Mapping
In addition to theoretical coding, each paper was
mapped to one or more application domains, in-
cluding urban planning, smart cities, disaster re-
sponse, humanitarian mapping, autonomous navi-
gation, robotics, environmental monitoring, climate
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modeling, and social or agentic simulation. Papers
spanning multiple domains were assigned all rele-
vant contexts to maintain analytical completeness
and avoid underrepresenting cross-domain contri-
butions. This mapping allowed the survey to assess
not only methodological trends but also the practi-
cal areas where geo-spatial AI is being applied. By
linking representation strategies to domain-specific
challenges, we were able to identify both coverage
gaps and opportunities for tool-augmented, human-
in-the-loop approaches.

B.9 Curatorial Principles

Papers were selected based on methodological
contribution rather than benchmark performance.
Priority was given to works introducing new repre-
sentations, transition operators, uncertainty model-
ing, or evaluation protocols. Application-oriented
studies providing evidence on deployment relia-
bility, operational failure modes, geographic bias,
governance, or human-in-the-loop workflows were
also retained, consistent with the survey’s cover-
age of real-world use cases (§4). Disagreements in
categorization were resolved via consensus review.

B.10 Rationale for Including Preprints

The corpus includes papers from arXiv along-
side peer-reviewed publications indexed in IEEE
Xplore, Scopus, and ACM DBLP. We include
preprints for two reasons. First, the target domain
(LLM/VLM applications to geo-spatial reasoning)
is fast-moving: many of the most-cited architec-
tures, benchmarks, and evaluation results appear
first as arXiv preprints and are subsequently pub-
lished or widely adopted before formal journal in-
dexing. Excluding preprints entirely would intro-
duce a systematic recency bias against the period
most relevant to this survey (2023–2025). Second,
we apply quality filtering regardless of venue: in-
clusion required an explicit methodological contri-
bution (new representation, reasoning paradigm,
benchmark, or evaluation protocol), not merely
reported results (Stage 5, §B). Of the 142 final
papers, approximately 52 appear as preprints or
arXiv-only entries; the remainder are published
in peer-reviewed venues. Preprint-only papers are
cited as such in the reference list and readers should
treat their specific empirical claims as provisional.

B.11 Synthesis Strategy

Analysis proceeded along dual axes: representation
methodology and application domain. This enabled

comparison across architectural families while eval-
uating domain-specific constraints independently.
Quantitative trends were summarized descriptively,
and qualitative insights were synthesized to high-
light common design patterns, trade-offs, and open
challenges in next-generation geo-spatial AI.

Table 4: Summary of paper selection process.

Stage Papers Remaining

Initial retrieval 1,872
Deduplication and metadata cleaning 1,305
Title screening 612
Abstract screening 314
Full-text eligibility 172
Geo-spatial AI relevance verification 142

C Key Methods and Models

Recent progress has not come from a single domi-
nant architecture. Instead, the field has advanced
through four recurrent design moves: stronger re-
trieval/classification backbones for candidate gen-
eration, multi-stage pipelines that expose interme-
diate clues, training schemes that optimize decom-
posed reasoning rather than single-shot prediction,
and pretraining strategies that inject geographic
structure directly into model representations. We
organize the methods literature around these de-
sign patterns and then use representative systems
to illustrate the main trade-offs.

C.1 Global Image Retrieval & Classification
Approaches

Global image geolocation still rests on two ba-
sic backbones: classification over discretized ge-
ographic regions and retrieval against large geo-
tagged corpora. PlaNet is the canonical classifica-
tion formulation, casting localization as prediction
over Earth cells and using the penultimate repre-
sentation as a location-aware embedding (Weyand
et al., 2016). Later work refined this recipe with
hierarchical prediction and domain-specific classi-
fiers, but the core assumption remained the same:
geography is approximated by a learned partition.

Retrieval-based methods instead defer precision
to the reference set. The success of CLIP-style rep-
resentation learning made this especially attractive
because images, text, and location descriptors can
be aligned in a shared embedding space (Radford
et al., 2021). GeoCLIP makes this logic explicit
by aligning image features with learnable GPS rep-
resentations, effectively turning localization into

1400



Table 5: Geo-spatial LLM/VLM Applications and Representative References

Application Area Description and References

Earth Observation
& Environmental
Monitoring

Instruction-following over imagery and spatial layers (e.g., EarthGPT,
GeoPix) for analyst-facing monitoring and disaster triage without replacing
pipelines (Zhang et al., 2024a; Ou et al., 2025; Rahnemoonfar et al., 2021;
Gupta et al., 2019). Text-focused systems (ClimateBERT, ClimateGPT) support
document synthesis (Webersinke et al., 2021; Thulke et al., 2024). Multimodal
backbones (PDFM) enable population-environment representations (Agarwal
et al., 2025). EO LLMs reorganize workflows around retrieval, triage, and
evidence-linked summaries (Schottlander and Shekel, 2025b).

Crisis Response &
Humanitarian Aid

AI accelerates triage and communication. Damage assessment LLMs synthe-
size pre/post imagery over xBD and xView2 (Gupta et al., 2019; Singh et al.,
2024). SAR applications structure narrative reports (Ji et al., 2025; Google
Research, 2025; Abi-Zeid et al., 2019). Humanitarian mapping speeds candi-
date generation (e.g., Missing Maps, OSM) while validation remains human-
driven (Missing Maps; UN Maps; OpenStreetMap Wiki contributors; Juhász
et al., 2023). Resource allocation models rank options under assumptions (Ji
et al., 2025; Schottlander and Shekel, 2025b; Pizzi et al., 2020; Gella et al.,
2023).

Navigation &
Transportation

LLMs translate user goals into structured routing or POI queries and explain
trade-offs (Ji et al., 2025; Schottlander and Shekel, 2025b; Google Research,
2025; Daniel, 2024). Contextual signals augment traffic forecasting (Zhao
et al., 2025), but classical solvers remain essential. Language-guided planning
in robotics/drones requires grounding in perception and constrained action
models (Driess et al., 2023; Ma et al., 2025).

Smart Cities & Ur-
ban Planning

Conversational GIS enables natural-language queries to geo-spatial retrieval,
analysis, and summaries (Google Research, 2025; Li and Ning, 2023; Ak-
inboyewa et al., 2025; Ning et al., 2025). Generative visualizations support
“what-if” scenario communication (Hua et al., 2025). Outputs accelerate analy-
sis but are assistive, not validated policy recommendations (Li and Ning, 2023;
Zhang et al., 2025b).

Social Media Ge-
olocation & OSINT

LLMs/VLMs propose candidate locations from images/videos, highlight sup-
porting cues, and reduce verification effort while humans retain responsibil-
ity (Postma and Patin, 2025). Capabilities accelerate OSINT workflows but
raise privacy risks (Grainge et al., 2025).
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Table 6: Key Geo-spatial Datasets and Benchmarks by Task Family

Task Family Representative Datasets / References Evaluation Focus / Notes

Image
Geoloca-
tion and
Landmark
Recognition

YFCC100M (Thomee et al., 2016), Im2GPS (Hays
and Efros, 2008), Im2GPS3k (Vo et al., 2017),
Google Landmarks v2, TimeSpot (Wasi et al., 2026b),
CVUSA (Workman et al., 2015), CVACT (Liu
and Li, 2019), VIGOR (Zhu et al., 2021), LLM-
Geo (Wang et al., 2024), GeoPose3K (Brejcha and
Čadík, 2017), IMAGEO-Bench (Li et al., 2025a),
GeoExplain (Huang et al., 2025), GeoGuess (Cheng
et al., 2025)

Geotagging accuracy, cross-view
robustness, landmark recogni-
tion, multimodal reasoning, ex-
planation quality, bias detection

Spatiotemporal
and
Knowledge-
Based QA

SQuAD (Rajpurkar et al., 2016), TriviaQA (Joshi
et al., 2017), POI-QA (Grainge et al., 2025; Han
et al., 2025), ChronoQA (Chen et al., 2025),
TimeQA (Chen et al., 2021), StepGame (Shi et al.,
2022), STKGQA (Dai et al., 2024), tool-augmented
evaluation frameworks (Singh et al., 2024)

Structured spatiotemporal rea-
soning, temporal and spatial
multi-hop QA, evidence retrieval,
grounding, query execution over
knowledge graphs

Navigation
and Em-
bodied
Benchmarks

R2R (Anderson et al., 2018), RxR (Ku et al., 2020),
CVDN (Thomason et al., 2020), ALFRED (Shridhar
et al., 2020), Touchdown (Chen et al., 2019), Street-
Nav (Hermann et al., 2020), EQA (Das et al., 2018),
NDH/CVDN (Thomason et al., 2020), Talk2Nav (Va-
sudevan et al., 2021), OSM-completion tasks (Juhász
et al., 2023)

Instruction grounding, sequen-
tial planning, trajectory accuracy,
memory and reasoning in indoor
and outdoor navigation, interac-
tive competence, evidence gath-
ering, mapping updates

Remote
Sensing
and Earth
Science

xView (Lam et al., 2018), DOTA (Xia et al., 2018),
RSICD (Lu et al., 2017), UCM Captions (Qu et al.,
2016), RSVQA-Bench (Lobry et al., 2021), Flood-
Net (Rahnemoonfar et al., 2021), xBD (Gupta et al.,
2019), PDFM (Agarwal et al., 2025), OBSR (Moska
et al., 2025)

Large-scale object detection,
image-captioning alignment, QA
over overhead imagery, disaster
and change detection, spatiotem-
poral reasoning, representation
transfer, multimodal time-series
evaluation

nearest-neighbor search in a continuous coordinate-
aware latent space (Vivanco Cepeda et al., 2023;
Jia et al., 2025). In practice, current systems often
combine the two views: a fast backbone produces a
coarse candidate set, then a slower reasoner reranks
or verifies it (Jia et al., 2025; Postma and Patin,
2025).

The strength of these approaches is efficiency
and scale. Their weakness is that they plateau once
scenes become rare, ambiguous, or poorly cov-
ered by the index. Large reference sets such as
OSV5M reduce this problem but do not remove
it (Astruc et al., 2024; Jia et al., 2025). Retrieval-
heavy systems also make it difficult to separate gen-
uine transfer from database dependence, especially
in GeoGuessr-style settings where near-duplicate

or highly similar imagery can quietly dominate per-
formance (Durrieu et al., 2026; Postma and Patin,
2025). This is precisely why benchmarks such as
GeoArena matter: they stress fresh, user-provided
imagery to better distinguish robust localization
from memorization or leakage (Jia et al., 2025).
The current frontier is therefore not replacing re-
trieval/classification backbones, but constraining
them with higher-level reasoning when the candi-
date set remains ambiguous.

C.2 Hierarchical Reasoning & Multi Stage
Pipelines

As benchmarks shifted from coordinate prediction
toward evidence-backed explanation, monolithic
models gave way to multi-stage pipelines. The
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central idea is simple: decompose the task into sub-
problems that are easier to validate than the final
answer. In geolocation, this usually means separat-
ing local cues such as signage, plates, objects, or
plant species from global cues such as landscape,
road geometry, architecture, and settlement density
(Cheng et al., 2025). Specialized modules extract
these clues, convert them into symbolic observa-
tions, and pass them to a fusion stage that produces
the final hypothesis.

This design improves controllability for two rea-
sons. First, intermediate outputs are inspectable;
second, individual modules can be upgraded with-
out retraining the entire system. SightSense is a
representative example, but the pattern is broader
than any one model (Cheng et al., 2025). The down-
side is equally structural: early-stage errors propa-
gate. OCR mistakes, spurious detections, or over-
confident scene summaries can anchor the down-
stream reasoner on the wrong region. Systems
therefore increasingly propagate confidence scores,
keep multiple hypotheses alive, or insert verifica-
tion stages before synthesis (Cheng et al., 2025).

A closely related decomposition appears in geo-
spatial QA. Rather than answering directly, the
model first emits a plan—for example as JSON,
pseudo-SQL, or a tool-call sequence—then re-
trieval or computation fills in the required facts, and
only then is a final response generated. Structured-
output protocols such as those used in IMAGEO-
Bench make this design easier to evaluate because
observations, evidence, and conclusions can be sep-
arated explicitly (Li et al., 2025a). More agentic
versions couple this with iterative tool use and revi-
sion loops, following the broader logic of ReAct-,
Toolformer-, and MRKL-style systems, but instan-
tiated over geo-spatial APIs and databases rather
than generic tools (Google Research, 2025; Yao
et al., 2022; Schick et al., 2023; Karpas et al., 2022).
The appeal of these pipelines is not only better ac-
curacy. It is that they expose where the system
failed, which matters more in geo-spatial reasoning
than a polished wrong answer.

C.3 Chain-of-Thought Training and
Reinforcement Learning

Chain-of-thought (CoT) is no longer just an
inference-time prompt trick; it has become a train-
ing target (Wei et al., 2022). In geo-spatial reason-
ing, this matters because many failures stem from
poor decomposition rather than missing raw knowl-
edge. GeoChain addresses the scarcity of expert-

authored rationales by generating large-scale mul-
timodal reasoning traces and filtering them for cor-
rectness, allowing smaller models to be fine-tuned
on explicit geographic search procedures rather
than only final labels (Yerramilli et al., 2025). This
makes the model learn not just what answer is cor-
rect, but how to search for it.

A common recipe is teacher distillation: a
stronger model produces candidate reasoning
traces, and only those whose final answers match
ground truth are kept for supervised fine-tuning
(Yerramilli et al., 2025). This improves sample ef-
ficiency, but it does not solve the faithfulness prob-
lem. Correct final answers can still be paired with
brittle or post hoc reasoning, so CoT supervision
helps most when intermediate steps are externally
checkable.

Reinforcement learning pushes this further by re-
warding not only final accuracy but also verifiable
intermediate behavior. Geo-R1 is the clearest ex-
ample: it optimizes geolocation with rewards tied
to both final localization and intermediate cross-
view consistency checks, encouraging the model
to prefer evidence that can be corroborated across
modalities (Xu et al., 2025a; Cheng et al., 2025).
The same logic extends naturally to tool use, where
the agent is rewarded for invoking computation
or lookup when the task demands it, rather than
freewheeling through plausible nonsense. Overall,
the shift is from prompted reasoning to optimized
reasoning policies. That is a substantive method-
ological change, not just nicer prompting.

C.4 Spatially-Grounded Pretraining &
Representation Learning

A parallel line of work tries to make models spa-
tially competent before task-specific fine-tuning. In
language, GeoLM injects explicit geographic su-
pervision during pretraining so that location is rep-
resented as more than incidental text co-occurrence
(Li et al., 2023b). GeoLLM explores a related but
more pragmatic direction: prompt an LLM with
coordinate-indexed descriptors and use it as a pre-
dictor or feature extractor for downstream socioeco-
nomic tasks (Manvi et al., 2024b). The results are
striking, but they also reveal the central limitation
of this paradigm: implicit geographic knowledge
is useful yet regionally uneven, and performance
degrades where textual coverage is sparse or sys-
tematically biased (Manvi et al., 2024a).

On the vision side, contrastive learning remains
the main workhorse. GeoCLIP aligns images

1403



with location representations for geolocalization
(Vivanco Cepeda et al., 2023), UrbanCLIP spe-
cializes contrastive pretraining for urban imagery
and place semantics (Yan et al., 2024), and Sat-
CLIP adapts the same principle to multispectral
satellite data to produce more transferable location
encoders under geographic shift (Klemmer et al.,
2023). These models matter because they move ge-
ographic structure from the downstream loss into
the representation itself.

Coordinate encoding is the complementary prob-
lem. Latitude and longitude are continuous, pe-
riodic, and geometrically awkward, so the way
they are embedded has nontrivial effects on gen-
eralization. TorchSpatial makes this explicit by
benchmarking continuous and discrete encoders
and showing trade-offs between wrap-around be-
havior, boundary artifacts, and transfer across tasks
(Wu et al., 2024). The broader conclusion is sober-
ing: spatial pretraining helps, but no single repre-
sentation yet provides globally reliable geographic
priors across scales, regions, and modalities (Li
et al., 2025a). Representation learning has im-
proved the starting point; it has not removed the
need for retrieval, tools, or verification.

C.5 Notable Recent Models and Systems
The models below are best read as design exem-
plars rather than isolated winners. Each is influ-
ential because it operationalizes a different answer
to the same question: where should geo-spatial
competence live—in a general multimodal founda-
tion model, in a domain-specific backbone, or in a
composite system?
■ GPT-4V (2023) and Gemini (2023–). Closed
multimodal models have functioned as strong ref-
erence baselines for geo-spatial reasoning. GPT-
4V extends GPT-4 with visual input and has
shown competitive performance on geospatially fla-
vored map- and image-based tasks (OpenAI, 2023;
Roberts et al., 2024). Gemini plays a similar role
on the Google side as a general-purpose multi-
modal reasoner rather than a geo-spatial specialist
(Team et al., 2025). Practitioner-oriented evalua-
tions suggest that rankings among these systems
are sensitive to prompting, tool access, and task
format (Postma and Patin, 2025). Their importance
in the literature is therefore less about architectural
transparency than about setting a moving upper
bound that open systems try to match.
■ BLIP-2 (2023). BLIP-2 is influential less as
a geo-spatial model than as a modular interface

between perception and language. Its Q-Former
architecture allows a frozen visual encoder and a
frozen LLM to be coupled cheaply, making it a
convenient front-end for downstream captioning
and VQA-style pipelines (Li et al., 2023a). In geo-
spatial workflows, this has made BLIP-2 useful
as an “artificial analyst” that turns street-level im-
agery into textual descriptions, which can then feed
downstream spatial reasoning or map-editing sys-
tems (Juhász et al., 2023). The key lesson is ar-
chitectural: modular multimodal front-ends can be
more reusable than end-to-end geo-spatial special-
ists, especially in low-resource application settings.
■ SightSense (Cheng et al., 2025). SightSense
is one of the clearest demonstrations that delib-
erate decomposition can outperform monolithic
inference on explanation-centric geolocation. It
combines open-vocabulary grounding, CLIP-style
retrieval, and VLM-based synthesis into a staged
pipeline designed around GeoExplain and Ge-
oGuess (Cheng et al., 2025). Concretely, it uses
GroundingDINO for clue detection, CLIP-style
retrieval for evidence gathering, and Qwen-VL-
7B for final localization and rationale generation
(Liu et al., 2024; Radford et al., 2021; Bai et al.,
2023; Cheng et al., 2025). The reported ablations
are as important as the headline numbers: remov-
ing retrieval hurts substantially, which suggests
that even strong multimodal backbones still benefit
from explicit evidence access (Cheng et al., 2025).
SightSense matters because it demonstrates that tar-
geted system design can beat brute-force generality
when the benchmark explicitly rewards grounded
explanation.
■ EarthGPT (2024). EarthGPT represents the
opposite design choice: build a domain-specific
multimodal model for Earth observation rather
than retrofitting a web-trained VLM (Zhang et al.,
2024a). Its contribution is not only architectural,
but also data-centric through MMRS-1M, which
supports instruction tuning across scene classifica-
tion, captioning, VQA, grounding, and detection in
remote sensing (Zhang et al., 2024a). The broader
significance is that EarthGPT treats geo-spatial per-
ception as a first-class pretraining problem rather
than as a narrow downstream adaptation. This line
sits alongside related Earth-scale backbones such
as EarthPT and broader geo-spatial reasoning sys-
tems, and it helps explain why remote-sensing per-
formance increasingly depends on domain-aligned
pretraining rather than generic multimodal scale
alone (Smith et al., 2024; Agarwal et al., 2025;
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Schottlander and Shekel, 2025b).
■ GeoLLM. GeoLLM is better understood as a
methodology than as a new backbone. It probes and
exploits latent geographic knowledge in general-
purpose LLMs by conditioning them on structured
local descriptors and predicting downstream so-
cioeconomic targets (Manvi et al., 2024b). What
makes the result interesting is the tension it exposes:
models such as GPT-3.5 and Llama 2 can be sur-
prisingly competitive with limited supervision, yet
that success depends heavily on prompt-accessible
local context and on the geographic regularities
already encoded in the base model (Manvi et al.,
2024b; Touvron et al., 2023). GeoLLM therefore
shows both the promise and the danger of “men-
tal maps”: these models do contain useful spatial
priors, but those priors are neither uniformly dis-
tributed nor inherently trustworthy (Manvi et al.,
2024a).
■ GraphGPT and GraphInstruct (2024).
GraphGPT and GraphInstruct matter because
many geo-spatial problems are, underneath the
prose, graph problems: routing, connectivity, con-
strained traversal, and spatiotemporal KG queries
(Tang et al., 2024; Luo et al., 2024). These models
instruction-tune LLMs to interpret graph-structured
inputs and produce human-readable rationales over
them. GraphTeam extends this line toward col-
laborative graph analysis (Li et al., 2025b). Their
value for geo-spatial AI is not that they replace ex-
act solvers, but that they make graph computation
accessible through conversational interfaces while
preserving more structure than free-form language
alone.
■ PaLM-E (2023). PaLM-E is central to the em-
bodied branch of this literature because it treats
sensory observations as tokens that condition ac-
tion generation (Driess et al., 2023). Although
introduced in robotics rather than outdoor GIS set-
tings, the design is directly relevant to geo-spatial
agents: it provides a template for models that must
ground language in spatial state and then act. That
connection becomes clearer when read against nav-
igation benchmarks such as R2R and Touchdown,
and against later surveys of vision-language-action
models (Anderson et al., 2018; Chen et al., 2019;
Ma et al., 2025). Follow-on work on map-like mem-
ories further underscores the same point: for long-
horizon navigation, explicit spatial state represen-
tations can outperform raw history replay (Zhang
et al., 2025a).
■ Environmental and Social Science Models. A

final trend is the rise of domain-aligned geo-spatial
foundation models. ClimateGPT targets climate-
oriented synthesis and QA (Thulke et al., 2024);
PDFM provides a reusable backbone for popu-
lation and human–environment inference (Agar-
wal et al., 2025); and generative systems such
as Sat2City extend the space toward planning-
oriented scenario generation from satellite imagery
(Hua et al., 2025). These systems are narrower than
general multimodal models, but that narrowness is
often an advantage: it allows training data, objec-
tives, and outputs to be aligned with real domain
workflows.

Taken together, recent systems increasingly com-
bine perception-centric geo-spatial backbones such
as EarthGPT, GeoPix, and related foundation
models (Zhang et al., 2024a; Ou et al., 2025; Schot-
tlander and Shekel, 2025a), language-first extrac-
tion and reasoning frameworks such as GeoLLM
and GraphGPT (Manvi et al., 2024b; Tang et al.,
2024), and specialized urban or spatial pretraining
such as UrbanCLIP (Yan et al., 2024). The field
has therefore moved from isolated task models to-
ward composite, reusable systems with stronger pri-
ors and more explicit reasoning interfaces (Jakubik
et al., 2023; Mendieta et al., 2023). The unresolved
question is no longer whether larger models help.
It is where scaling ends and explicit geographic
structure has to begin.

D Extended Discussion on Open
Challenges

Despite rapid progress, current geo-spatial and geo-
temporal AI remains constrained by a small set of
recurring failures: temporally stale world models,
weak cross-modal grounding, uneven geographic
coverage, evaluation protocols that overstate real-
world readiness, high computational cost, and lim-
ited interoperability with trusted GIS workflows.
These are not peripheral defects. They determine
whether a model can answer with the correct world
state, align language with geometry, calibrate un-
certainty, and remain auditable in deployment. We
organize the remaining challenges around these
pressure points and then outline research directions
that appear most consequential.

D.1 Temporal Generalization and World
Change

Temporal validity remains a foundational weakness.
Most LLM/VLM systems internalize a largely
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static world, yet geo-spatial facts change contin-
uously: businesses open and close, transit lines
are added, administrative boundaries shift, and the
same coordinates may denote different entities at
different times. Recent benchmarks make this fail-
ure mode explicit. POI-QA requires models to
satisfy temporal as well as spatial constraints over
points of interest (Han et al., 2025), and text-based
temporal QA benchmarks show that models often
ignore temporal scope unless the task and evidence
are explicitly time-conditioned (Chen et al., 2021,
2025). The same lesson appears in spatiotempo-
ral KG settings, where correct answers depend on
querying the right world state rather than recalling
a timeless fact (Dai et al., 2024).

The methodological implication is straightfor-
ward: temporal reasoning should be treated as a
first-class modeling and evaluation problem rather
than an edge case. Promising directions include
timestamp-aware pretraining and fine-tuning, re-
trieval over time-indexed corpora or versioned spa-
tiotemporal knowledge bases, and time-series pre-
training for periodic or seasonal dynamics where
repeated observation is available (Dai et al., 2024;
Smith et al., 2024). Evaluation should likewise
move beyond static test sets toward time-sliced
splits, recency-stratified reporting, and explicit sep-
aration between historical reasoning, current-state
reasoning, and forecasting.

D.2 Multimodal Grounding and Alignment
A second bottleneck is multimodal misalignment.
Current systems can produce fluent spatial narra-
tives that are only weakly tied to the actual image,
map, or database evidence. In geo-spatial settings,
this is unusually costly: a small grounding error
can flip direction, cross a boundary, or attach a
claim to the wrong intersection or parcel (OpenAI,
2023). The problem is best understood not as one
monolithic hallucination issue, but as several dis-
tinct alignment failures.
■ Geometric alignment. Geo-spatial language
must preserve geometry and topology, yet recent
evaluations show that LLM-style systems remain
unreliable on explicit spatial predicates such as con-
tainment, adjacency, and direction (Ji et al., 2025).
A practical mitigation is to separate generation
from geometric verification: let the model propose
claims, but check them against coordinates, poly-
gons, or network structure before surfacing them
to the user.
■ Cross-view consistency. Cross-view geolocal-

ization exposes another persistent failure mode:
a model may extract plausible street-level cues
yet fail to reconcile them with overhead context.
Recent results from Geo-R1 suggest that rein-
forcement learning with verifiable cross-view con-
sistency signals can improve this alignment (Xu
et al., 2025a). Classical cross-view benchmarks
remain useful here because they isolate the view-
translation problem more cleanly than broader mul-
timodal QA settings (Liu and Li, 2019; Zhu et al.,
2021).

■ Modality arbitration. Many geo-spatial tasks
are multimodal not because more modalities are
always better, but because different subtasks be-
long to different evidence sources. Images support
visual attributes, maps support geometry and topol-
ogy, and external databases support demographics
or schedules. Current models often arbitrate poorly,
for example inferring quantitative or administrative
facts from imagery when a structured source should
have been consulted. Tool-using multimodal sys-
tems point toward a better pattern: route subtasks
to the modality or tool that can answer them verifi-
ably rather than forcing every subproblem through
free-form generation (Driess et al., 2023).

■ Fine-grained spatial grounding. Coarse image
captions are rarely enough for reliable geo-spatial
explanation. What is often needed is token-to-
region or phrase-to-mask grounding, so that textual
claims can be attached to specific image regions or
objects. GeoPix is one example of this direction
in remote sensing (Ou et al., 2025). More general
multimodal grounding work, including GROUND-
HOG and SAM4MLLM, points to the same con-
clusion: pixel-level alignment can reduce hallucina-
tion and produce more verifiable explanations than
box-level or caption-level grounding alone (Zhang
et al., 2024b; Chen et al., 2024).

■ Evaluation of alignment. Alignment should be
evaluated directly rather than inferred from answer
quality. One route is automated evidence check-
ing using grounding and open-vocabulary detection
models that verify whether mentioned objects or
attributes are actually present (Liu et al., 2024).
More generally, deployment studies of multimodal
systems continue to show that surface fluency and
visual faithfulness can diverge sharply (OpenAI,
2023). The open problem is therefore not just bet-
ter multimodal generation, but better multimodal
auditing.
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D.3 Data Bias and Coverage

Geo-spatial data is not merely imbalanced; it is
structurally uneven across regions, languages, time
periods, and capture conditions. Models therefore
inherit systematic performance disparities and rep-
resentational skew (Huang et al., 2025). This is
a core scientific issue because geo-spatial reason-
ing is often deployed exactly where coverage is
weakest.
■ Accuracy bias. Region-stratified evaluations
already show that performance can vary sharply by
geography. IMAGEO-Bench reports substantial
gaps between higher-resource regions and lower-
resource ones in image geolocalization (Li et al.,
2025a), and similar disparities appear in other large-
scale evaluations (Jia et al., 2025; Huang et al.,
2025). Aggregate accuracy therefore hides geo-
graphically concentrated failure.
■ Content bias. Training corpora disproportion-
ately feature tourist landmarks, wealthy urban cen-
ters, and visually distinctive canonical scenes. This
biases models toward recognizable postcard geog-
raphy while weakening performance on ordinary,
rural, or crisis-specific imagery. The consequence
is not only lower recall in under-photographed
places, but also distorted model priors about what
a region “should” look like.
■ Language and knowledge bias. Text-centric
models typically encode much richer knowledge
about places that are well documented in major lan-
guages. For less-covered regions, parametric recall
becomes sparse and hallucination risk increases.
Retrieval from local gazetteers, multilingual cor-
pora, and region-specific knowledge sources is
therefore not an optional enhancement but a fair-
ness intervention.
■ Temporal and capture-condition bias. Cov-
erage varies over time and acquisition conditions
as well. Many datasets are dominated by daytime,
clear-weather, and relatively recent imagery, leav-
ing night scenes, winter conditions, cloud cover,
and older infrastructure underrepresented. Robust-
ness under these conditions cannot be assumed
from headline benchmark performance.

Mitigation has to operate at multiple levels. On
the data side, broader street-level resources such
as OpenStreetView-5M can improve geographic
coverage for both training and evaluation (Astruc
et al., 2024). On the modeling side, geographic
adaptation, multilingual retrieval, and calibrated
abstention can reduce confident guessing out of dis-

tribution. On the evaluation side, reporting should
be stratified by region, language, urbanicity, time,
and capture condition rather than collapsed into a
single global score.

D.4 Evaluation and Benchmarking
Challenges

Evaluation remains one of the least settled parts
of the field. Geo-spatial outputs are often partially
correct, multi-granular, time-dependent, and sup-
ported by heterogeneous evidence. A single metric
therefore rarely captures the actual failure mode.
■ Multiple Correct Answers and Graded Cor-
rectness. Many geo-spatial tasks admit answers at
multiple acceptable granularities. In image geolo-
cation, for example, a country-level answer may be
defensible even when exact coordinates are wrong.
Strong benchmarks therefore combine hierarchical
administrative accuracy with continuous distance
error and region-stratified reporting (Cheng et al.,
2025; Grainge et al., 2025; Li et al., 2025a). Both
views are necessary because they reveal different
failure modes.
■ Evaluating Explanations and Reasoning
Traces. Reasoning traces are useful for debug-
ging and trust, but they are difficult to score. Text-
overlap metrics do not measure evidential ground-
ing, and human evaluation does not scale cleanly
(Cheng et al., 2025). Two more promising direc-
tions are emerging: preference-based evaluation
over paired responses (Jia et al., 2025), and evi-
dence verification using detectors, grounders, or
GIS constraints that check whether claimed obser-
vations and relations actually hold (Liu et al., 2024;
Ji et al., 2025). The common shift is from surface
similarity to factual and geometric consistency.
■ Dynamic Benchmarks and Contamination.
Static benchmarks are vulnerable to contamina-
tion because pretraining corpora may contain over-
lapping images, near-duplicates, or benchmark-
adjacent content. Dynamic, in-the-wild evaluation
reduces this risk by continuously introducing fresh
queries, but at the cost of reproducibility (Jia et al.,
2025). A useful compromise is snapshot-based
evaluation, where fresh benchmarks are periodi-
cally frozen and released for offline comparison.
■ Holistic Task Evaluation for Tool-Using
Agents. For tool-using systems, final-answer accu-
racy is too narrow. Evaluation should also measure
tool selection, intermediate artifact validity, effi-
ciency, and recovery from earlier mistakes. This
is already familiar in embodied navigation, where
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success and path-quality metrics matter alongside
task completion (Anderson et al., 2018; Chen et al.,
2019; Shridhar et al., 2020). In remote-sensing
and GIS-agent settings, the same logic extends to
whether the system queried the correct layer, pro-
duced valid intermediate outputs, and propagated
errors across steps (Singh et al., 2024).
■ Human Preferences and Helpfulness.
Assistant-style systems must also be helpful, not
merely correct. GeoArena captures this through
pairwise preference judgments aggregated into
Elo-style rankings (Jia et al., 2025). This is useful,
but only if paired with objective correctness
checks; otherwise, fluent overconfident answers
can win on style.
■ Edge Cases, Ambiguity, and Robustness.
Strong evaluations should stress ambiguity rather
than quietly filtering it away. Border regions, visu-
ally similar places, misleading cues, and low-signal
scenes should be first-class slices, and systems
should be rewarded for calibrated uncertainty rather
than punished for not pretending certainty. Robust-
ness reporting across region, weather, day/night,
and rural/urban splits is therefore essential (Li et al.,
2025a).
■ Reproducibility and Open Data. Reproducibil-
ity is also constrained by access. Many geo-spatial
tasks depend on proprietary imagery or platform-
specific data, which weakens comparability across
studies. Open resources such as OpenStreetView-
5M and IMAGEO-Bench improve this situation
by enabling broader participation and more trans-
parent evaluation (Astruc et al., 2024; Li et al.,
2025a). More generally, benchmark design should
be treated as a research problem in its own right,
not as bookkeeping.

D.5 Model Size and Efficiency
Accuracy alone is not enough if deployment re-
quires large multimodal backbones with prohibitive
latency, memory, or energy cost. This is especially
acute in edge and resource-constrained settings
such as on-device navigation, robotics, AR, and
disaster response. Efficiency should therefore be
treated as a first-class evaluation axis rather than
an implementation afterthought (Schwartz et al.,
2020).
■ Distillation. Knowledge distillation remains a
practical route to deployment, especially when a
compact student can absorb not only final outputs
but also intermediate representations or structured
traces from a stronger teacher (Hinton et al., 2015).

Recent cross-view geolocalization work shows that
hierarchical distillation can compress multi-branch
models into edge-friendly systems without catas-
trophic accuracy loss (Sun et al., 2025). For geo-
spatial agents, distilling retrieval decisions and tool
traces may be as important as distilling logits.
■ Optimized Architectures and Spatial Induc-
tive Bias. Generic backbones are often statistically
inefficient for coordinate-conditioned or geometry-
heavy functions. Injecting spatial inductive bias
can improve sample efficiency and reduce the bur-
den on scale alone. Fourier feature mappings are
one well-established example for coordinate-based
learning (Tancik et al., 2020). More broadly, archi-
tectures that represent coordinates explicitly, sepa-
rate symbolic geometry from language generation,
and offload fast-changing facts to external memory
are likely to be both smaller and more reliable.
■ Split Computing and On-Device Offloading.
A practical systems pattern is split execution: keep
lightweight perception or privacy-sensitive pro-
cessing local, while selectively offloading heavier
reasoning. Transformer offloading work already
shows that careful scheduling across device accel-
erators can reduce latency and energy use substan-
tially (Xu et al., 2025b). In geo-spatial settings
this aligns naturally with privacy constraints, for
example by keeping raw imagery on-device while
sending only abstracted features or tool queries to
the cloud.
■ Quantization and Low-Bit Inference. Quan-
tization is an obvious lever because it directly tar-
gets memory and bandwidth. Post-training low-
bit methods such as GPTQ and AWQ, together
with low-rank/low-bit adaptation strategies such as
QLoRA, make it increasingly feasible to deploy
large transformer backbones more cheaply (Frantar
et al., 2022; Lin et al., 2024; Dettmers et al., 2023).
Mobile-oriented multimodal systems further sug-
gest that lightweight LMM deployment on com-
modity accelerators is becoming practical (Shao
et al., 2025). The open question is how robust these
compressed systems remain under geo-spatial dis-
tribution shift, where small numerical changes can
propagate through long reasoning chains.
■ Energy and Carbon Footprint. The environ-
mental cost of large-model training and serving is
also material. The Green AI perspective is espe-
cially relevant here because geo-spatial AI is often
justified in the language of sustainability and public
benefit (Schwartz et al., 2020). Efficient reuse of
pretrained backbones, parameter-efficient tuning,
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and modular system design are therefore not merely
engineering conveniences; they affect accessibility
and who can actually deploy the models.
■ Real-Time Constraints and Systems Opti-
mizations. Many geo-spatial systems are inter-
active or safety-critical, so mean latency is insuffi-
cient. Tail latency, predictable response time, and
graceful failure matter as much as throughput. Sys-
tems optimizations such as FlashAttention show
how much can be gained without changing the high-
level model design (Dao et al., 2022). Future geo-
spatial evaluations should report accuracy–latency
trade-offs explicitly.
■ Modular and Specialist Systems. A final ef-
ficiency direction is modularity. Replacing one
monolithic model with smaller specialists for per-
ception, geocoding, geometry, retrieval, and lan-
guage can reduce parameter count, simplify up-
dates, and strengthen verification. Existing geo-
spatial pipelines already move in this direction
(Cheng et al., 2025). The remaining challenge is
standardizing interfaces and evaluation so modular
systems remain comparable to end-to-end base-
lines.

D.6 Interpretability and Trustworthiness
In high-stakes geo-spatial settings, trust cannot be
reduced to point accuracy. Users need to know why
a system produced a location, recommendation, or
narrative, and whether that explanation is supported
by checkable evidence. This matters because geo-
spatial errors are often small in form but large in
consequence.
■ Faithful rationales and evidence attribution.
Chain-of-thought prompting can improve task per-
formance (Wei et al., 2022), but generated ratio-
nales are not guaranteed to be faithful accounts
of the model’s actual decision process (Jacovi and
Goldberg, 2020; Huang et al., 2023; OpenAI, 2023).
A more defensible design is evidence attribution:
decompose the answer into atomic claims and at-
tach OCR snippets, retrieved facts, map entities, or
geometric predicates to each one (Min et al., 2023).
Retrieval-and-revision pipelines such as RARR are
useful precisely because they revise unsupported
statements into attributable ones (Gao et al., 2023).
In spatial settings, the same logic extends naturally
to geometric verification (Ji et al., 2025).
■ Verification loops and self-checking. Explicit
verification loops are a promising way to reduce
geo-spatial hallucination: draft an answer, propose
verification queries, check them independently,

then revise. CoVe provides one generic template
for this pattern (Dhuliawala et al., 2024), while
sampling-based approaches such as SelfCheck-
GPT can detect unstable or weakly supported
claims even in black-box settings (Manakul et al.,
2023). These mechanisms are especially useful
when answers mix imagery, maps, text, and tools.
■ Uncertainty, calibration, and abstention. Am-
biguity is intrinsic to many geo-spatial tasks, yet
neural confidence is often miscalibrated (Guo et al.,
2017). Approximate uncertainty estimation is pos-
sible through Monte Carlo dropout, deep ensem-
bles, and related methods (Gal and Ghahramani,
2016; Lakshminarayanan et al., 2017), and LLMs
can sometimes provide useful self-estimates of cor-
rectness (Kadavath et al., 2022). But the more
important design choice is often selective predic-
tion: systems should abstain or widen the hypoth-
esis set when evidence is weak (Geifman and El-
Yaniv, 2019). For geo-spatial interfaces, this often
means heatmaps, ranked candidate regions, or time-
scoped validity rather than a single overconfident
pin.
■ Ambiguity and incomplete information. Trust-
worthy systems should recognize when the input
is genuinely underdetermined. Featureless roads,
generic forests, and occluded satellite tiles should
trigger abstention or targeted requests for addi-
tional views, landmarks, or timestamps rather than
forced guesses. Evaluation should reward that be-
havior.
■ Robustness to manipulation and adversaries.
Geo-spatial systems are also exposed to adversar-
ial conditions: misleading signs, doctored imagery,
manipulated map layers, and coordinated misin-
formation. Vision models are already known to
be vulnerable to adversarial perturbation (Goodfel-
low et al., 2014; Brown et al., 2017). Geo-spatial
pipelines therefore need provenance tracking, ad-
versarially informed stress tests, and conservative
behavior under suspected manipulation.
■ Auditability, bias, and governance. Inter-
pretability is inseparable from governance because
bias cannot be diagnosed if the evidence trail is
opaque. Documentation frameworks such as Model
Cards and Datasheets provide a starting point for
reporting intended use, subgroup performance, and
known failure modes (Mitchell et al., 2019; Gebru
et al., 2021). This aligns with emerging regulatory
pressure for transparency and human oversight in
higher-risk systems (European Union, 2024).
■ Human–AI collaboration. Human oversight is
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most effective when experts can intervene directly:
correct an extracted cue, constrain a search region,
request counter-hypotheses, or inspect provenance.
Preference-based evaluation in systems such as
GeoArena already hints at this broader interac-
tion model (Jia et al., 2025). Mapping workflows
provide another concrete case, where LLMs are
useful as assistants only when their suggestions
remain reviewable and attributable (Juhász et al.,
2023).

D.7 Integration with GIS and Domain
Expertise

A central deployment barrier is that geo-spatial
work already has mature execution environments:
GIS software, spatial databases, and domain-
specific simulators. Experts usually trust deter-
ministic geoprocessing operators more than fluent
end-to-end generation. The most plausible inte-
gration pattern is therefore hybrid: use LLMs and
VLMs for intent understanding, workflow synthe-
sis, and interface translation, but delegate execution
and verification to GIS engines and authoritative
data.
■ Natural language to geoprocessing workflows.
Recent systems increasingly operationalize this
design. GeoGPT frames GIS automation as an
agentic planning loop over spatial tools (Zhang
et al., 2024c). The broader Autonomous GIS agenda
makes the same move more explicitly, treating the
LLM as a workflow generator and self-checker (Li
and Ning, 2023). GIS Copilot and related QGIS-
integrated assistants show that this is no longer
purely conceptual: natural-language requests can
be turned into executable spatial workflows and
code, albeit with nontrivial failure rates that still
require expert review (Akinboyewa et al., 2025;
Ning et al., 2025).
■ Tool-using LLM architectures for GIS. The
technical requirement underneath all of this is reli-
able tool use. ReAct, Toolformer, and MRKL-style
architectures provide the general template: inter-
leave reasoning with external API calls and keep
symbolic computation separate from free-form lan-
guage when exactness matters (Yao et al., 2022;
Schick et al., 2023; Karpas et al., 2022). For GIS,
this means evaluation should score tool choice, pa-
rameter validity, CRS and unit handling, and repro-
ducibility of the generated workflow.
■ Data access, provenance, and knowledge
graphs. Practical systems also need first-class
access to live repositories rather than static

training memories. Spatial databases, catalogs,
and knowledge graphs such as Wikidata and
SPARQL-accessible endpoints are obvious build-
ing blocks here (Vrandečić and Krötzsch, 2014;
W3C SPARQL Working Group, 2013). The key re-
quirement is provenance: the system should expose
dataset version, query, spatial extent, and transfor-
mation history rather than silently surfacing stale
or contextless facts.
■ Domain constraints and ontology-guided con-
sistency. Many domain decisions depend on hard
constraints: zoning rules, geologic plausibility, net-
work connectivity, topological validity. These can
be encoded as checkable predicates over interme-
diate outputs, with symbolic revision or rejection
when a claim violates the ontology or rule base
(Monti et al., 2024). This kind of constraint-guided
consistency is one of the clearest places where do-
main expertise should shape model behavior di-
rectly.
■ Interoperability and benchmarking. Interop-
erability matters because public-health, transport,
environmental, and planning agencies rarely oper-
ate on a single unified stack. Multi-model orches-
tration is therefore more realistic than a universal
assistant, and recent geo-spatial-reasoning initia-
tives increasingly adopt that framing (Google Re-
search, 2025). Benchmarks such as GeoAnalyst-
Bench are valuable because they evaluate LLM-
generated geoprocessing workflows against vali-
dated task suites rather than against vague demos
(Zhang et al., 2025b).
■ From prototypes to practice. Industry plat-
forms are beginning to expose similar affordances.
Esri, for example, now describes AI assistants
across ArcGIS products for code generation, ques-
tion answering over spatial data, and map-linked
interaction (Legacion et al., 2025). The unre-
solved issue is no longer whether such systems
can demo, but whether they can remain determinis-
tic, provenance-first, and overrideable when used
in operational settings.

E Extended Future Directions

■ Unified 4D Geo-spatial Foundation Models.
Next-generation models should jointly represent
raster imagery, vector geometries, place graphs,
text, and irregular time series, capturing both
spatial and temporal structure. Explicit multi-
resolution hierarchies allow fine-grained reason-
ing at street, city, and regional scales, while world-
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state versioning tracks temporal changes such as
POI updates, infrastructure development, and sea-
sonal dynamics. Calibrated uncertainty should
produce probabilistic heatmaps, spatiotemporal
risk surfaces, or scenario-based forecasts, enabling
robust decision-making under incomplete or con-
flicting evidence (Dai et al., 2024). Integration
of coordinate-conditioned attention or Fourier
features can improve geometric fidelity, and hier-
archical graph representations enable scalable
reasoning over large spatial networks.
■ Interactive and Verifiable Geo-spatial Agents.
Agents should translate natural language instruc-
tions into multi-step workflows across GIS tools,
remote-sensing analysis, and knowledge graphs.
They must return auditable intermediate arti-
facts—buffers, joins, route constraints, and un-
certainty maps—that can be independently veri-
fied. Closed-loop verification involves querying
authoritative sources, running simulations, or ap-
plying topological/geometric consistency checks
before returning outputs. Tool-augmented archi-
tectures (e.g., ReAct, Toolformer, MRKL) enable
precise reasoning grounded in current data (Yao
et al., 2022; Schick et al., 2023; Karpas et al.,
2022). Retrieval-augmented generation from live
geo-spatial databases, open-source satellite im-
agery, and temporally indexed corpora ensures
evidence-based outputs. Multi-agent or collabo-
rative pipelines could decompose large tasks, veri-
fying intermediate steps across agents.
■ Human-in-the-Loop and Participatory Map-
ping. Active spatial learning prioritizes regions
with high uncertainty, low coverage, or high ex-
pected impact. Crowdsourced contributions from
platforms like Missing Maps and UnMappers can
improve calibration, but require careful prove-
nance tracking (timestamps, contributor IDs, and
evidence sources) to prevent overconfident or spuri-
ous predictions (Missing Maps; UN Maps; Juhász
et al., 2023). Hybrid human-AI pipelines can im-
plement iterative verification loops where human
reviewers check AI-generated predictions before
final integration. Participatory workflows can also
flag domain-specific constraints, such as zoning or
environmental regulations, for automated compli-
ance checks.
■ Governance, Privacy, and Dual-Use Safety.
Geo-spatial AI is inherently dual-use: improved lo-
cation inference or trajectory modeling can aid dis-
aster response but also surveillance. Systems must
embed red-teaming, bias audits, anonymiza-

tion, access control, and query logging into de-
sign. Sensitive inferences—e.g., private addresses
or vulnerable populations—require granular re-
lease policies, differential privacy, or encrypted
on-device computation. Governance frameworks
should track dataset versioning, transformations,
and limitations, enabling external auditing. Ethical
safeguards include limiting high-resolution outputs
in sensitive areas and flagging high-risk predictions
automatically.
■ Modular and Adaptive System Design.
Rather than monolithic geo-spatial AGI, near-
term progress favors grounded, retrievable, tool-
augmented, auditable, and human-centered sys-
tems. Modular architectures separate perception,
geocoding, reasoning, and tool selection, allow-
ing independent updates and verification. Adaptive
pipelines can switch between models or tools de-
pending on region, modality, or temporal relevance.
Combined with retrieval over current sources, ex-
plicit reasoning traces, and uncertainty-aware out-
puts, these systems can remain robust under real-
world changes.
■ Integration with Domain Knowledge and On-
tologies. Spatial reasoning should enforce domain
constraints such as topology, network connectivity,
and geologic plausibility. Ontology-guided valida-
tion ensures outputs comply with rules and allows
symbolic revision of inconsistent claims (Monti
et al., 2024). Linking outputs to structured knowl-
edge graphs, metadata, and authoritative databases
ensures provenance, verifiability, and traceability
of every claim.
■ Advanced Evaluation and Benchmarking. Fu-
ture benchmarks should combine hierarchical spa-
tial accuracy, temporal correctness, uncertainty
calibration, and tool-selection fidelity. Dynamic,
in-the-wild evaluation datasets, along with strat-
ified metrics across regions, languages, and cap-
ture conditions, will reveal hidden failure modes.
Human-AI preference judgments, coupled with
evidence-backed scoring, measure both helpfulness
and correctness.
Overall, the strongest near-term path combines
multi-resolution 4D representations, modular
verification pipelines, human-in-the-loop work-
flows, tool augmentation, and rigorous gover-
nance to produce robust, interpretable, ethical,
and auditable geo-spatial AI capable of adapting
to a changing world.
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