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Abstract

Standard large language model prompting
treats geospatial inference as independent,
instance-wise prediction, ignoring the funda-
mental spatial dependencies that govern geo-
graphic reality. Consequently, even advanced
models struggle with spatial consistency and
exhibit severe biases toward populous regions.
To bridge this gap, we propose GeoGR?
(Geospatial Graph Refine Reasoning), a frame-
work that formalizes zero-shot geospatial pre-
diction as an iterative message-passing process
on a dynamically constructed graph. Unlike
static retrieval methods, GeoGR? instantiates
three dynamic operators via collaborating oper-
ators: (1) a Topology Operator that constructs
graph topology to enforce the Spatial Markov
property; (2) a Feature Operator that enriches
nodes with task-relevant semantic covariates;
and (3) an Update Operator that performs nat-
ural language message passing to iteratively
minimize spatial discrepancy. Theoretically,
we frame this refinement as a contraction map-
ping that approximates the fixed point of a
global consistency equation. Empirically, we
validate GeoGR? on diverse physical and so-
cioeconomic tasks. Results demonstrate that by
explicitly embedding geostatistical inductive
biases, GeoGR? significantly outperforms stan-
dard prompting baselines, while effectively mit-
igating systematic geographic bias. Our frame-
work leverages large language models’ intrin-
sic capacity for understanding spatial correla-
tions through explicit topological scaffolding,
without resorting to general graph reasoning
paradigms.

1 Introduction

Large Language Models (LLMs) have emerged
as powerful reasoning engines across domains (Li
et al., 2022; Boiko et al., 2023), with growing ap-
plications in geospatial intelligence (Manvi et al.,
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Figure 1: Conceptual Comparison Between
GeoGR?(Left) and LLM Direct Prediction(Right) in
geospatial prediction.

2024b; Li et al., 2024). However, a fundamental
mismatch persists: LLMs process instances in-
dependently (i.i.d.) (Figure 1-right), whereas
geospatial data is structured by Tobler’s First
Law (Tobler, 1970). Unlike classical geostatistics
(e.g., Kriging (Cressie, 1993)) that explicitly mod-
els spatial autocorrelation, standard prompting ig-
nores latent geographic connectivity. Consequently,
even advanced models exhibit spatial inconsistency,
multi-hop hallucination, and bias toward populous
regions due to skewed training distributions (Manvi
et al., 2024a).

While Graph Neural Networks (GNNs) (Kipf,
2016; Wu et al., 2020) effectively encode spa-
tial structure via message passing, they require
fixed topologies and heavy supervised training (Wu
et al., 2021), lacking the semantic flexibility of
foundation models. Conversely, current LLM-
based geospatial methods rely on costly fine-
tuning (Deng et al., 2024), which is static and fails
to adapt to novel spatial distributions at inference.

Recent work indicates LLMs can grasp spatial
dependencies when given explicit topological con-
text (Shang and Huang, 2025). This motivates our
hypothesis: LLMs’ latent spatial understanding can
be operationalized for geostatistics by dynamically
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constructing interaction graphs during reasoning,
transforming standard i.i.d. prompting into a spa-
tially coherent inference paradigm.

To this end, we propose GeoGR? (Geospatial
Graph Refine Reasoning), a training-free frame-
work that embeds geostatistical principles directly
into the LLM inference loop. Rather than a general
graph engine, GeoGR? uses graph structures as a
scaffold to operationalize Tobler’s Law. We formu-
late zero-shot prediction as message passing on a
dynamic graph (Figure 1-left), approximating GNN
workflows via three natural-language operators: (1)
Topology Operator identifies the target’s “Markov
Blanket”; (2) Feature Operator injects semantic
covariates; and (3) Update Operator iteratively
aggregates neighborhood signals to minimize spa-
tial discrepancy. This loop enables “spatial anal-
ogy” reasoning, refining predictions through local
consensus. Evaluated on physical (Temperature,
Precipitation) and socioeconomic (GDP, Mortality)
tasks, GeoGR? achieves SOTA zero-shot accuracy
while substantially reducing geographic bias. Our
contributions are:

* Conceptual Formulation: We formalize
zero-shot geospatial LLM inference as itera-
tive spatial refinement, bridging classical geo-
statistics and prompting paradigms.

* GeoGR? Framework: A novel training-free
architecture that dynamically constructs inter-
action graphs and performs natural-language
neighborhood aggregation, enforcing spatial
consistency without fine-tuning.

¢ Experimental Validation: Extensive ex-
periments show consistent superiority over
prompting and ML baselines. Theoretically,
we show the refinement process acts as a con-
traction mapping, ensuring convergence to ac-
curate and fair spatial representations.

2 Related Work
2.1 LLMs for Geospatial Intelligence

Geospatial LLMs have evolved from basic
prompting or RAG-based coordinate memoriza-
tion (Manvi et al., 2024b; Zhang et al., 2023) to
domain-adaptive pretraining and instruction tun-
ing (Li et al., 2024; Deng et al., 2024). While
performant, these supervised paradigms demand
extensive labeled data and remain sensitive to distri-
bution shifts. Notably, Gurnee and Tegmark (2023)

demonstrate that LLMs implicitly encode linear
spatiotemporal representations. Instead of costly
parameter updates, we explicitly activate these la-
tent structures via inference-time graph construc-
tion. Although recent evidence confirms LLMs
can grasp spatial and relational patterns through
explicit topological prompting (Shang and Huang,
2025), this capability remains underexploited in
geospatial prediction—a gap our approach directly
bridges.

2.2 Agentic Frameworks and Self-Refinement

To address the limitations of single-turn prompt-
ing, agentic frameworks such as Chain-of-
Thought (Wei et al., 2022) and ReAct (Yao and
et al., 2023) facilitate task decomposition, while
self-refinement paradigms like Reflexion (Shinn
et al., 2023) and Self-Refine (Madaan et al.,
2023) incorporate iterative self-critique. Despite
their efficacy in logic and coding domains, these
generic strategies lack domain-specific inductive
biases, typically relying on internal consistency
or scalar feedback rather than structured external
constraints.

3 Problem Formulation

We frame the problem of geospatial inference as a
zero-shot regression task over a set of distributed
locations. Let £ = {/1,0s,...,{,} denote a set
of geographic locations, where each ¢; is defined
by its coordinates (latitude, longitude). Associated
with each location is a ground-truth scalar variable
Yt € R.

Task Definition. Our objective is to estimate y,
using a pre-trained Large Language Model (LLM)
fo(+), without any parameter updates or supervised
examples (zero-shot). The estimation is formalized
as:

gt = fo(prompt (L, 7)), ()
where T represents the task description.

Evaluation Metrics. Following Manvi et al.
(2024a), we assess performance based on two axes:
predictive accuracy and fairness.

1) Ranking Accuracy (p): Since LLMs often
output values on arbitrary scales unaligned with
real-world units, we measure the structural align-
ment using Spearman’s rank correlation coefficient
p between the predicted vector y and ground truth

y.
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2) Geographic Bias (Bias,): To quantify system-
atic inequity, we adopt the composite bias metric
proposed by Manvi et al. (2024a). This metric pe-
nalizes models that exhibit high correlation with a
demographic anchor distribution (e.g., population
density) while accounting for prediction variance
and refusal rates:

Biasy (S’) = p(y7 d) ’ MAD(S’) ’ (12, (2)

where d € R" is the anchor distribution vector
(e.g., population density per location), MAD(-) de-
notes the Mean Absolute Deviation from the mean,
and a € [0, 1] is the answer rate. Intuitively, a
fair model should yield predictions uncorrelated
with the anchor variable d rather than hallucinating
based on population priors.

4 Method

As illustrated in Figure 2, GeoGR? departs from
independent prompting by formalizing inference
as an iterative message-passing process driven by
three collaborating operators: (1) a Topology Op-
erator that dynamically defines local connectivity;
(2) a Feature Operator that enriches node rep-
resentations; and (3) an Update Operator that
performs iterative state refinement.

4.1 Spatial Dependency Formulation via
Graph Structures

Our framework is grounded in Probabilistic Graph-
ical Models (PGMs) (Koller and Friedman, 2009).
We postulate that the joint distribution of geospatial
variables follows a Markov Random Field (MRF)
structure (Besag, 1974) regarding an underlying la-
tent graph G = (V, £). Here, the graph formalism
serves exclusively as a mathematical abstraction
for spatial autocorrelation; it is not our objective to
advance general-purpose LLM graph reasoning.

To bridge the gap between this abstract formu-
lation and our implementation, we formally define
the physical interpretations of the mathematical
components:

* Nodes (V): The set of discrete geographic
locations L.

* Graph Topology (W): The binary adjacency
matrix W € R™*" constructed by the Topol-
ogy Operator (). W;; = 1 implies location
j is selected as a semantic or physical neigh-
bor of i.

* Graph Laplacian (L): Definedas L = D —
W (where D is the degree matrix).

* Refinement Step ()\): The scalar )\ controls
the rate of information diffusion during mes-
sage passing, corresponding to the trust level
the Update Operator places in neighborhood
consensus.

Based on the definitions above, we provide three
theoretical pillars that justify the design of our
framework.

Assumption 4.1 (Spatial Markov Property). Fol-
lowing (Besag, 1974), for any location ¢, given
its set of neighbors N (the Markov blanket), the
variable vy is conditionally independent of all other
variables yy\(n,u{e,})- Formally:

Py [ yw) = Py | ya) (3)

Remark 1. This assumption justifies the design of
our Topology Operator (V). It implies that instead
of reasoning over the computationally intractable
global context, it suffices to construct a high-quality
local neighborhood N to theoretically achieve op-
timal predictive performance.

Proposition 4.1 (Benefit of Spatial Aggrega-
tion). As established in (Stein, 1956), in multi-
dimensional estimation tasks (|V| > 3), indepen-
dent estimation of node-wise variables is inadmis-
sible under quadratic loss. Specifically, there exists
a spatially aggregated estimator y*88 (acting as
a linear smoother over the neighbor graph) that
strictly dominates independent estimation in terms
of total Mean Squared Error (MSE):

Elly* - yII’) <E[ly™ - yI*l, @

provided the aggregation strength is within a non-
trivial bound determined by the graph Laplacian.
(proof in Appendix A)

Remark 2. This proposition formally explains why
our message passing mechanism is superior to stan-
dard independent prompting. By conditioning each
prediction on its spatial neighbors, GeoGR? per-
forms structured variance reduction, mitigating the
hallucination and bias inherent in isolated LLM
predictions.

Lemma 4.1 (Convergence Condition). Let the re-
finement process be viewed as an operator T :
RVl — RVl acting on a complete metric space. If
the Update Operator is designed to act as a con-
traction mapping with Lipschitz constant L < 1,
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Figure 2: Overview of GeoGR?. We formulate geospatial prediction as an iterative graph reasoning process where
operators dynamically construct spatial topology, select semantic features, and perform natural language message

passing to refine predictions.

then by the Banach Fixed Point Theorem (Kreyszig,
1991), the iterative sequence y*+1) = T(y(*))
converges to a unique fixed point y*:

lim y® = y*. (5)
k—o00
Remark 3. This lemma validates the stability of
our Update Operator (o).

4.2 Initial State Estimation

The process initializes with the LLM, 7, which
generates a preliminary state estimate Qt(o) for
each location ¢;. Leveraging the GeoLLM frame-
work (Manvi et al.,, 2024b), 7 utilizes Open-
StreetMap data to ground the zero-shot prediction
in basic geographic context:

3" = m(prompt (£, T)),

Wt S £, (6)
where 7 denotes the task context. While infor-

: . . _(0) ]
mative, these initial estimates ¢, * are often spa
tially incoherent, lacking the constraints imposed

by neighboring correlations.

4.3 Dynamic Topology Construction

To enforce the Spatial Markov Property (Theo-
rem 4.1), we must explicitly model the interactions
between locations. The Topology Operator, 1), acts
as a dynamic topology generator. For a target node

{4, it identifies a neighborhood set N; C £\ {/;}
that exerts the strongest spatial influence.

Unlike fixed distance-based kernels in traditional
geostatistics, 1) constructs the neighborhood N;
semantically and spatially:

Ny = (b, T) = NP UNGE™, (7)

where V" comprises the k-nearest neighbors en-
suring local continuity, and N;*™ includes addi-
tional reference points selected via LLM reasoning

to capture global context or analogous regions.

4.4 Semantic Feature Augmentation

Geographic variables are rarely independent; they
are conditioned on latent covariates (e.g., vegeta-
tion index influences temperature). The Feature
Operator, ¢, functions as a feature extractor that
maps a location ¢; to a task-specific subset of aux-
iliary variables S; C V.

Zy = LOOkup(Et’ (b(etv T))a (8)

where z; € RIS represents the values of selected
covariates at /.

4.5 Natural Language Message Passing

The core of GeoGR? is the Update Operator, ¢,
which mimics the Aggregate-and-Update mecha-
nism of GNNs, but operates within the semantic
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space of an LLM rather than vector space. At it-
eration k, for each target ¢;, the operator aggre-
gates information from its neighborhood N;. The
“message” mgk)
context:

effectively summarizes the spatial

mgk) = Aggregate <{(@§k’1),zr) | ¢, € M}) :

9)
The Update Operator then performs a non-linear
update to the prediction state, conditioned on the
current estimate, the aggregated spatial message,
and the local features:

i = o (8, ).

This process allows the LLM to perform “reason-
ing by spatial analogy” adjusting ¥; to align with
the observed values of its neighbors. Driven by
the convergence principle (Proposition 4.1), the re-
finement continues for K rounds or until spatial
consistency is achieved.

(10)

4.6 Algorithm and Iterative Refinement

The overall procedure of GeoGR? is summarized
in Algorithm 1 (Appendix C). The process begins
with an independent initialization state, (9, where
the base LLM generates zero-shot predictions for
each location.

Instead of relying on traditional numerical
solvers, our framework iteratively updates the
global prediction state y(*) via natural language
reasoning. In each iteration k, the Topology Op-
erator v and Feature Operator ¢ provide the nec-
essary spatial and semantic context for each loca-
tion. Subsequently, the LLM-based Update Oper-
ator ¢ guides each location ¢; to reconcile its pre-
diction with the gathered neighborhood consensus
). This refinement mechanism drives a sequen-
tial state transition: y(© — y@) — ... — y(E),
By iteratively aligning individual outputs with lo-
cal context, the system effectively reduces spatial
inconsistencies, yielding a final set of predictions
{gjﬁK)} that is spatially coherent and grounded in
geospatial features.

S Experiment

We evaluate GeoGR? following Manvi et al.
(2024b), requiring models to generate 10-point
scores per task. Performance is measured via Spear-
man correlation and scoring bias (Eq. (2)), using
population density as anchor distribution d to ac-
count for regional imbalances.

We assess four geospatial tasks spanning so-
cial and physical geographic data: Infant Mor-
tality (healthcare access, social equity; (Manvi
et al., 2024b), 1950 cities), GDP (economic dis-
parities; (Kummu et al., 2025), 1950 cities), and
climate variables Temperature and Precipitation
(climate/hydrological patterns; WorldClim* (Fick
and Hijmans, 2017), 2000 global locations each).

GeoGR? builds on LLMs with GeoLLM (Manvi
et al., 2024b) as the LLM-only baseline using lo-
cal context without global topology. We treat Ge-
oLLM outputs as initial predictions y and inte-
grate GeoGR? as a graph-based refinement module
to quantify gains from global reasoning. Evaluated
LLMs include: GPT-3.5-Turbo (Ouyang et al.,
2022) (175B generalist, cutoff Sep 2021), GPT-
40-mini (OpenAl et al., 2024) (compact MoE, 10-
50B), DeepSeek-V3 (DeepSeek-Al et al., 2025)
(671B MoE), GeoGPT (LLaMA-3.1-70B fine-
tuned on 800k geoscience samples), and Gemini-3-
flash (DeepMind and Research, 2025) (multimodal
lightweight, cutoff Dec 2024). Additionally, we
include KNN (Bishop, 2006) and XGBoost (Chen
and Guestrin, 2016) as traditional baselines under a
strict few-shot setting (20 randomly sampled train-
ing points) to maintain parity with our training-free
approach.

5.1 Comparison with Generic Agentic
Reasoning

We implement a ReAct agent (Yao and et al.,,
2023) equipped with geographic retrieval, neighbor
lookup, and estimation tools, capped at 20 rounds
per location. Table 1 shows severe convergence in-
stability: unstructured tool calls exhaust the budget
across all tasks, yielding lower Spearman correla-
tion (e.g., 0.599 vs. 0.747 on Infant Mortality) and
higher geographic bias (0.379 vs. -0.006). Token
costs reach 11,306—15,739 per location (7-10x
GeoGR?). These results highlight a core limitation
of generic agents: lacking spatial inductive biases,
they incur redundant retrieval without enforcing
neighborhood consistency. GeoGR? resolves this
by embedding spatial dependencies directly into
the inference topology, guaranteeing single-pass
execution with lower cost and higher fidelity.

5.2 Main Results

Table 2 summarizes the performance gains
achieved by GeoGR? across various LLM back-
bones. Our framework consistently improves

“https://www.worldclim.org/
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Task Method p Bias  Tokens/Loc.
ReAct 0599 0379 15,739
Infant Mot 2 \GR® 0747 -0.006 1,638
GDP ReAct 0501  0.283 12,450
GeoGR?  0.653  0.077 1,744
Temperaure REACU 0535 0311 11,306
P GeoGR®  0.622  0.024 1,591
Procinitation  REACt 0457 0.140 12,579
P GeoGR®  0.694  0.039 1,503

Table 1: Efficiency and Performance: GeoGR? vs. Re-
Act Agent (GPT-3.5-Turbo).

Spearman correlation while significantly reducing
scoring bias (e.g., a 96.8 % reduction for GPT-3.5).
The following key insights emerge:

Comparison with Traditional Baselines. Tra-
ditional machine learning models, KNN and XG-
Boost, serve as competitive baselines for capturing
local spatial patterns. While vanilla LLMs (e.g.,
GPT-3.5, GPT-40-mini) often underperform these
numerical models in tasks like GDP and Infant
Mortality, the integration of GeoGR? enables even
lightweight or general-purpose LLMs to signifi-
cantly surpass these traditional methods. This high-
lights the framework’s ability to bridge the gap
between structured spatial regression and linguistic
reasoning.

Scaling and Retrofitting Effects. GeoGR?
demonstrates a robust “retrofitting” effect across
different model scales. Weaker models like GPT-
3.5-Turbo exhibit the most dramatic relative im-
provements, while state-of-the-art models like
DeepSeek-V3 and Gemini-3-flash achieve new per-
formance ceilings. Notably, for GeoGPT—which
is already fine-tuned on 800k geoscience samples—
GeoGR? further refines its output calibration, sug-
gesting that our retrieval-reasoning mechanism is
complementary to domain-specific pretraining.

Mitigating Geographic Bias. A critical contribu-
tion of GeoGR? is the drastic reduction in absolute
bias. Even high-performing models like Gemini-3-
flash show severe geographic disparities at baseline
(e.g., -0.456 on infant mortality). By utilizing pop-
ulation density as an anchor distribution, GeoGR?
successfully mitigates data-driven biases, ensuring
that spatial reasoning remains equitable across di-
verse regions regardless of their representation in
the original training corpus.

GeoGR? significantly reduces bias in nearly

all settings, even achieving near-zero values in
some cases (e.g., -0.006 for GPT-3.5-Turbo on
infant mortality, -0.011 for GPT-40-mini). For
cutting-edge lightweight models like Gemini-3-
flash that already possess strong inherent spatial
reasoning, GeoGR? still yields notable fairness
optimization—reducing its infant mortality bias
by 86.6% with a marginal accuracy boost—with
only negligible performance fluctuations on indi-
vidual tasks that do not compromise overall model
performance. While domain-adapted models like
GeoGPT begin with strong priors and relatively
fair outputs, general-purpose models—particularly
those with smaller capacities or outdated training
data—stand to gain the most from GeoGR?. This
pattern highlights a key strength of our approach:
GeoGR? offers consistent and interpretable ben-
efits across diverse model types, enabling both
accuracy and equity improvements without requir-
ing changes to the underlying model architecture
or retraining procedures.

Figure 3 provides a qualitative comparison of
spatial precipitation predictions using GPT-3.5-
Turbo. From the comparison, we observe that
GeoGR? improves the spatial alignment of pre-
dicted precipitation distributions. Specifically, the
prediction map on the right more closely resembles
the ground-truth middle panel, particularly in re-
gions with historically high bias in LLM outputs
such as Africa, South America and Southeast
Asia. In the baseline GeoLLM output (left), many
regions in those regions are consistently over- or
under-estimated. These spatial visualizations fur-
ther support our claim that GeoGR? can effectively
correct for structural inequities in LLM outputs,
especially for regions that are underrepresented in
training data.

Comparison with Strong Spatial Baselines. To
validate that GeoGR?’s gains stem from LLM-
based geographical reasoning rather than mere spa-
tial smoothing, we compare it against 7 established
spatial methods trained with N = 100 labeled
samples: Kriging, Gaussian Process (GP), Ran-
dom Forest with coordinates (RF+coord), Kernel
Ridge Regression (KRR), Graph Convolutional
Network (GCN), Geographically Weighted Regres-
sion (GWR), and Graph Smooth.

As shown in Table 3, our zero-shot approach
achieves comparable or superior performance to
supervised baselines using 100 labeled points. No-
tably, on the Infant Mortality task (which exhibits
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Model Infant Mortality GDP Temperature Precipitation

Spearman Bias Spearman Bias Spearman Bias Spearman Bias
GeoGPT 0.798 -0.175 0.515 0.274 0.753 0.136 0.797 0.185
+GeoGR? 0.816 (+2.26%) -0.031 (-82.3%) 0.523 (+1.55%) 0.146 (-46.7%) 0.771 (+2.39%) 0.108 (-20.6%) 0.802 (+0.63%)  0.157 (-15.1%)
GPT-3.5-Turbo 0.445 -0.188 0.512 0.618 0.462 0.074 0.594 0.031
+GeoGR? 0.747 (+67.87%) -0.006 (-96.8%) 0.653 (+27.54%) 0.077 (-87.5%) 0.622 (+34.63%) 0.024 (-67.6%) 0.694 (+16.84%)  0.039 (+25.8%)
GPT-40-mini 0.704 -0.142 0.565 0.295 0.310 0.203 0.564 0.103
+GeoGR? 0.762 (+8.24%) -0.011 (-92.3%) 0.585 (+3.54%) 0.087 (-70.5%) 0.517 (+66.77%) 0.085 (-58.1%) 0.634 (+12.41%)  0.011 (-89.3%)
DeepSeek-V3 0.820 -0.078 0.620 0.251 0.478 0.232 0.793 0.116
+GeoGR? 0.834 (+1.71%)  -0.026 (-66.7%)  0.644 (+3.87%) 0.063 (-74.9%) 0.563 (+17.78%) 0.097 (-58.2%) 0.813 (+2.52%)  0.061 (-47.4%)
Gemini-3-flash 0.870 -0.456 0.522 0.220 0.806 0.147 0.769 0.097
+GeoGR? 0.879 (+1.03%) -0.061 (-86.6%) 0.535 (+2.49%) 0.172(-21.8%) 0.805 (-0.12%)  0.143 (-2.72%) 0.785 (+2.08%) 0.115 (+18.65%)
KNN 0.352 / 0.347 0.431 / 0.399 /
XGBoost 0.415 / 0.460 0.497 / 0.510 /

Table 2: Performance Gains with GeoGR?. Baseline Spearman correlation (higher is better) and Bias (lower
absolute value is better) are shown, with percentage increase in Spearman and percentage decrease in Bias for

GeoGR2-enhanced models.

GeoLLM(GPT-3.5-Turbo) Preciption

0.0 0.2 0.4

Real Preciption

GeoGR2?(GPT-3.5-Turbo) Preciption

Spearman:0.694  Bias:0.039

0.6 0.8 1.0

Normalized Prediction Rank

Figure 3: Spatial prediction rank maps for Precipitation prediction using GPT-3.5-Turbo. Middle: Ground-truth
normalized Precipitation ranks. Left: Predictions from the base GeoLLM. Right: Predictions from GeoGR?-

enhanced model.

Table 3: GeoGR? (Zero-Shot, N = 0) vs. Strong Spatial
Baselines (/N = 100). Spearman correlation reported.

Method Infant Mort. GDP  Temp. Precip.
Kriging 0.663 0.681 0.823 0.698
GP (RBF) 0.752 0.695 0.879 0.749
RF+coord 0.799 0.652  0.885 0.694
KRR 0.774 0.637 0.847 0.731
GCN 0.807 0.707  0.910 0.745
GWR 0.587 0.538  0.696 0.422
GraphSmooth 0.212 0.287  0.280 0.299
Gemini-3-flash 0.870 0.522  0.806 0.769
+ GeoGR? 0.879 0.535 0.805 0.785

weaker spatial agglomeration), GeoGR? signifi-
cantly outperforms all supervised spatial interpola-
tors (0.879 vs. GCN’s 0.807). This confirms that
the performance gain is driven by the LLM’s se-
mantic reasoning over geographical contexts (e.g.,
POI semantics, climate covariates), which pure nu-
merical spatial smoothers cannot capture.

5.3 Ablation Study

Topology Construction Strategy. We further in-
vestigate the effectiveness of our topology construc-
tion strategy, which comprises two components:
(i) automatically selecting the ten nearest neigh-
boring points (GeoGR? w/oN{*™), and (ii) select-
ing supplementary points dynamically by the LLM
(GeoGR? w/o Nf %), We evaluate these variants
using GPT-3.5-Turbo as the base model, on the
same datasets as in the main experiments. As re-
ported in Table 4, the full GeoGR? model achieves
the highest Spearman correlation on all tasks ex-
cept for temperature, where the GeoGR? w/o N°™
variant slightly outperforms it (0.668 vs. 0.644).
This suggests that supplementary points chosen
by LLM contribute marginally to performance in
this specific case, likely due to the strong spatial
autocorrelation of temperature data. Importantly,
the performance drop is minor, demonstrating the
robustness of the full model. In terms of fairness,
removing the nearest-neighbor selection (GeoGR?
w/o N/'%) only slightly reduces bias. For exam-
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ple, in the infant mortality task, the absolute bias
decreases by just 0.02, indicating that the inclu-
sion of the nearest points plays a limited role in
mitigating bias. We further observe that GeoGR?
w/o Ni*™ consistently achieves higher Spearman
correlations than GeoGR? w/o NI across tasks.
This result reinforces Tobler’s First Law of Geog-
raphy, which posits that "everything is related to
everything else, but near things are more related
than distant things."

Method Variant Tasks
Method Metric Infant mort. GDP Temp.  Precip.
GeoGR? w/o Spearman 0.645 0.577 0.640 0.659
NP Bias 0.034 0.198 0.038 0.051
GeoGR? w/o Spearman 0.727 0.650 0.668 0.653
Nyem Bias 0.004 0.064 0.031 0.027

2 Spearman 0.747 0.653 0.644 0.694
GeoGR Bias 0006 0077 0024 0.039

Table 4: Ablation Study on Point Selection Strategy

Feature Operator. To evaluate the impact of co-
variates selected by the Feature Operator, we con-
duct an ablation study comparing the full GeoGR?
model with a variant that excludes these external co-
variates. As shown in Table 5, incorporating biocli-
matic variables consistently improves performance
across most tasks. For instance, in the infant mor-
tality task, the Spearman correlation increases from
0.705 to 0.747, alongside a reduction in absolute
bias. Similar gains are observed for GDP and pre-
cipitation tasks. Interestingly, for the temperature
task, excluding bioclimatic covariates results in a
marginal Spearman increase, but the improvement
is negligible and likely reflects feature redundancy
rather than added value—since the target itself is
temperature, additional temperature-related inputs
may contribute limited new information.

Method Variant Tasks
Method Metric Infant mort. GDP Temp. Precip.
GeoGR? w/o Spearman 0.705 0.650 0.649 0.691
external variables Bias -0.019 0.027 0.022 0.041
2 Spearman 0.747 0.653 0.644 0.694
GeoGR Bias 0006 0077 0024 0.039

Table 5: Ablation Study on External Variables

Effect of Iterative Refinement Rounds. We
evaluate how refinement rounds impact GeoGR?
using DeepSeek-V3 across four tasks. Spearman
correlation improves initially, typically peaking
at rounds 2-3. Beyond this, additional iterations
yield marginal gains or slight degradation, likely

Iteration Rounds Experiment

Spaearman Bias
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Figure 4: Effect of iterative refinement rounds on model

performance.

GPT-40-mini: Variance vs Spatial Structure Evolution
(Average Annual Precipitation)
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Figure 5: Spatial heterogeneity and convergence metrics
across refinement rounds (Precipitation task, GPT-4o-
mini).

due to capacity saturation or overfitting to local
structures. Conversely, geographic bias steadily
decreases with further refinement, revealing an
accuracy—fairness trade-off: later rounds prioritize
equity over fidelity by reducing regional output dis-
parities. For GDP and infant mortality, Spearman
slightly declines post-peak while bias drops mono-
tonically. We hypothesize that extended refinement
induces a conservative prediction regime, narrow-
ing the output distribution and mitigating regional
variance. This aligns with fairness-oriented opti-
mization, trading minor precision losses for more
equitable geographic treatment.

Spatial Structure Preservation. Iterative refine-
ment reduces prediction variance while increas-
ing Moran’s I (Figure 5), contradicting over-
smoothing where spatial heterogeneity collapses.
This indicates that GeoGR? amplifies true spatial
signals: estimates converge toward spatially analo-
gous neighbors per Tobler’s First Law, not a homo-
geneous average. The precipitation task exempli-
fies this—coastal vs. continental rainfall gradients
sharpen as initial noise suppresses.
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Figure 6: High Earthquake Risk Given by GeoGR?

6 Application: Disaster Prediction

GeoGR? applies to diverse scenarios including
urban planning, disaster prediction, and commu-
nity surveys. We compiled global seismic records
(2000-2025) covering 374 cities with earthquake
events, supplemented by 1,091 randomly selected
cities, yielding 1,465 cities evaluated via GeoGR?
(Gemini-3-flash) for seismic risk. Figure 6 shows
the spatial distribution: red-shaded areas denote
tectonic plate boundaries (historically seismically
active), black markers indicate cities with recorded
earthquakes, and red markers highlight model-
identified high-risk cities. As shown, GeoGR?
accurately identifies cities facing elevated seismic
risk.

7 Conclusion

We presented GeoGR?, a training-free frame-
work that operationalizes LLMs’ latent capac-
ity for spatial correlation understanding through
geostatistically-motivated iterative refinement. By
dynamically constructing spatial neighborhoods
and performing natural language message passing,
GeoGR? enforces spatial consistency without al-
tering model parameters. Extensive experiments
across physical and socioeconomic tasks demon-
strate state-of-the-art zero-shot accuracy alongside
drastic reductions in geographic bias. Future work
will extend this paradigm to spatiotemporal fore-
casting and multi-scale spatial hierarchies.

Beyond geospatial applications, this work of-
fers broader insights for the LLM community: it
demonstrates how non-linguistic structural priors
can be effectively injected into LLM inference via
natural-language message passing and structured
prompting, providing a new paradigm for struc-
tured reasoning without parameter updates.

Limitations

Iteration Stopping without Ground Truth. Op-
erating in a zero-shot regime, our framework lacks
access to ground-truth labels during inference, pre-
cluding objective selection of the optimal iteration
count K. The K values reported in our experi-
ments (e.g., K = 2 or K = 3) are determined
through post-hoc analysis on the full dataset, which
is unavailable at deployment time. Future work
should explore unsupervised stopping criteria, such
as monitoring spatial consistency convergence or
stabilization of prediction deltas across rounds, to
determine termination without labeled data.

Temporal Dimension Extension. The present
work is confined to spatial prediction tasks. In-
corporating temporal dynamics would significantly
broaden applicability, enabling spatiotemporal fore-
casting for critical domains such as climate trend
projection, urban growth modeling, and epidemic
spread prediction. Subsequent research should fo-
cus on extending the operator design to accommo-
date time-evolving neighborhood structures and
sequential covariate dependencies.
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A Proof of Proposition 4.1

Proof. Let the ground truth be y € R"” (n =
|V|) and the independent zero-shot predictions be
y" = y + €, where € ~ N(0,02I). The risk
(expected total squared error) of the independent
estimator is R(y'") = no?.

The GeoGR? refinement acts as a linear
smoother S = I — AL, where L is the symmet-
ric normalized Laplacian and A > 0 is the step size.
The new estimator is %2 = Sy'"d. The exact risk
of this estimator is the sum of squared bias and
variance:

R(y™#) = [|(S — Dy|*

11
+ o tr(SST). (I

The first term is the squared bias, and the second
term is the total variance.
Substituting S — I = —AL and using the sym-
metry of L, we obtain
AR = R(y*) — R(y™)
= N|ILy|
+o?tr((I - AL)?) — no?.

(12)

Expanding the square and using tr(I) = n gives

AR = \?||Ly|* — 2\o? tr(L)

13
+ Mo? tr(L?). (1)
We group terms by powers of A:
AR = N (||Ly|?* + o® tr(L?
(Il +o% @)

—2)\o? tr(L).

The first term is the quadratic penalty, while the
subtracted term represents the linear gain.

Since tr(L) > 0 for any valid graph structure,
the linear reduction term dominates the quadratic
penalty term for small A. Specifically, AR < 0
holds strictly whenever:

202 tr(L)

A .
O <A< LylP T o2 u(@?)

(15)

Thus, there always exists a non-trivial range of A
where GeoGR? strictly dominates the independent
estimator. O

B On the Distinction from General LLM
Graph Reasoning

We clarify that GeoGR? is fundamentally a geospa-
tial prediction framework, not a contribution
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to general-purpose LLM graph reasoning. Stan-
dard LLM graph reasoning benchmarks (e.g., node
classification on citation networks, link predic-
tion on knowledge graphs) assume a given, static
graph topology and evaluate the LLM’s ability to
reason over explicit relational structures (Zhang,
2023; Fatemi et al., 2023; Wang et al., 2023; Chen
et al., 2023; Shang and Huang, 2025). In con-
trast, GeoGR? addresses a zero-shot regression
task over latent spatial graphs, where (1) the
graph topology is unknown and must be dynami-
cally discovered from geographic coordinates, (2)
node features are natural language descriptions of
locations, and (3) the objective is to estimate con-
tinuous geospatial variables rather than classify dis-
crete graph properties. Due to this mismatch in task
formulation, input modality, and evaluation proto-
col, direct comparison with general LLM graph
reasoning methods is neither feasible nor informa-
tive. The graph formalism in GeoGR? serves ex-
clusively as a mathematical abstraction for spatial
autocorrelation, consistent with classical geostatis-
tical practice (Cressie, 1993; Besag, 1974).

C Algorithm Details

Algorithm 1 GeoGR?: Iterative Spatial Refinement
via Dynamic Neighborhood Aggregation

Require: Locations £, Task 7T, Iterations K
Ensure: Refined Predictions {g§K>}

1: Initialization: gﬁ‘” — (b, T)forall, € L
2: for k =1to K do

3: // Parallel Update Step

4. foralll, € Ldo
5:

Topology: Construct neighborhood N: <
w(zh T)

6: Features: Retrieve covariates z¢, {z, } ren, via ¢

7: Message Passing:

8: Gather neighbor states €2, = {gfﬂk_l) | ¢, €
N}

o: Update ;) = o(9" ", Qu, 20, {2,})

10: end for

11: end for

12: return {3\ | ¢, € £}

Note: The neighborhood construction function 9 (¢;, T) se-
lects 15 reference points through a hybrid strategy: (1) 10
nearest neighbors computed using Haversine distance; (2) up
to 5 additional points selected by an LLM from candidates
within a 5°x5° geographic window based on prediction diver-
sity and spatial pattern revelatory power.

D Application

In this study, we evaluate the earthquake risk prediction ca-
pability of GeoGR? against a baseline GeoLLM (both im-
plemented on Gemini-3-flash). Using global seismic records
from 2000 to 2025, we identified 374 cities with documented

Table 6: Earthquake Prediction Given by
GeoLLM(Gemini-3-flash)
Metrics Data Configuration
1:1 Ratio 1:2 Ratio Full Dataset
(748 points) (1122 points) (1465 points)
Precision 0.7469 0.5575 0.4198
Recall 0.8128 0.8556 0.8743
Accuracy 0.7687 0.7255 0.6594
Fl-score 0.7785 0.6751 0.5672
AUC-ROC 0.8217 0.8184 0.8160
Table 7: Earthquake Prediction Given by
GeoGR2(Gemini-3-flash)
Metrics Data Configuration
1:1 Ratio 1:2 Ratio Full Dataset
(748 points) (1122 points) (1465 points)
Precision 0.7781 0.6011 0.4531
Recall 0.7696 0.8895 0.9171
Accuracy 0.7726 0.7626 0.6962
Fl-score 0.7738 0.7174 0.6065
AUC-ROC 0.8335 0.8439 0.8480

earthquake events. To examine model robustness across vary-
ing data scales, we constructed three datasets: a 1:1 balanced
set (374 recorded cities + 374 randomly selected cities with-
out records), a 1:2 extended set (374 recorded + 748 non-
recorded), and a full set of 1,465 cities (374 recorded + 1,091
randomly sampled globally). Each city was assigned an earth-
quake risk score (0-10) via an initial GeoLLM prediction
based on its name, coordinates, and task description. GeoGR?
then refined these scores through topology construction, co-
variate feature selection, and iterative value updating. A city
was classified as high-risk if its score ranked in the top 50% of
all evaluated cities; prediction was considered a true positive
if the city had a recorded earthquake.

As detailed in Tables 6 and 7, GeoGR? consistently outper-
forms GeoLLM across all configurations. Notably, on the full
dataset, GeoGR? improves precision from 0.4198 to 0.4531,
recall from 0.8743 to 0.9171, accuracy from 0.6594 to 0.6962,
F1-score from 0.5672 to 0.6065, and AUC-ROC from 0.8160
to 0.8480. These gains highlight GeoGR?’s enhanced capacity
to integrate structural and covariate information, leading to
more reliable and calibrated risk assessments—especially as
data scale increases.

E Prompts

Figure 7, Figure 8, Figure 11 and Figure 10 visually represent
the prompt design for the initial, topology construction, covari-
ate selection, and update prediction, illustrating how topology
structure and covariate message are aggregated to optimize
geospatial prediction within the GeoGR? framework.

F Token Count

We measured the token consumption per data point per round,
and the results are summarized in Table 8.

Table 8: Token consumption per point per round

Method Average Min Max
GeoLLM 311 184 489
GeoGR? 1,868 1,215 2,597
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Prompt for Prediction

You will be given data about a specific location randomly sampled from all human-populated
locations on Earth.

You give your rating keeping in mind that it is relative to all other human-populated
locations on Earth (from all continents, countries, etc.).

You provide ONLY your answer in the exact format "My answer is X.X." where 'X.X' represents your
rating for the given topic.

Coordinates: (48.06208, 86.45292)
Address: "IMR#B 2L, IKETR, FIHFBR, FHBEZREAR Jaid H3p sl Su, RE"
Nearby Places:

2.7 km West: IS5

3.0 km North-East: fE/RIEAR S
3.2 km West: IfEST & L

4.3 km North: k#1352

10.0 km West: FE$17FE

18.7 km East: AR A

26.0 km East: A 2 B4R

285 km North-East: I HFF
28.9 km North-East: [§#hi% e+t
29.0 km South-West: FE2 /R

Annual GDP per capita(On a Scale from 0.0 to 9.9);

COMPLETION: My answer is 5.5

RATING: 5.5
\,
Figure 7: The prompt for the initial prediction.
Prompt for Topology Operator
As a geospatial selection expert, select up to 5 reference points from the 5x5 degree area
around the target:
Target Point:
- Coordinates: (X, Y)
- Prediction: XXX
- Task: Annual GDP per capita
Candidate Points (Total 6 points in 5x5 degree area)
1. Coordinates: (X1, Y1) Prediction: XX | BIO1=X.X, BIO12=XX, BIO15=XX, BIO7=XX, BIO4=X.X
2. Coordinates: (X2, Y2) Prediction: X.X | BIO1=XX, BIO12=X.X, BIO15=X.X, BIO7=XX, BIO4=X.X
Selection criteria
1. Select points that are MOST REVEALING for spatial patterns
2. Prioritize points with significant prediction differences
3. Ensure diversity (avoid clustering)
IMPORTANT OUTPUT RULES:
1. YOU MUST output EXACTLY one line starting with "Selected order numbers:"
2. Format: Selected order numbers: [comma-separated numbers]
Example: Selected order numbers: 3,7,12,15,22
3. DO NOT include any additional text, explanations, or formatting symbols
\

Figure 8: The prompt for the topology construction.

Prompt for Feature Operator

As a geospatial climate expert, select the MOST RELEVANT bioclimatic variables for refining predictions at
the target location: Target Location:

- Coordinates: (X.XXXX, X.XXXX)

- Task: Annual GDP per capita

Available Bioclimatic Variables:

- BIO1: Annual Mean Temperature

- BIO2: Mean Diurnal Range (Mean of monthly (max temp — min temp))

- BIO3: Isothermality (BIO2/8107) (100)

- BIOA4: Temperature Seasonality (standard deviation 100)

- BIOS: Max Temperature of Warmest Month

- BIO6: Min Temperature of Coldest Month

- BIO7: Temperature Annual Range (BIOS-BIO6)

- BIO8: Mean Temperature of Wettest Quarter

- BIO9: Mean Temperature of Driest Quarter

- BIO10: Mean Temperature of Warmest Quarter

- BIO11: Mean Temperature of Coldest Quarter

- BIO12: Annual Precipitation

- BIO13: Precipitation of Wettest Month

- BIO14: Precipitation of Driest Month

- BIO15: Precipitation Seasonality (Coefficient of Variation)

- BIO16: Precipitation of Wettest Quarter

- BIO17: Precipitation of Driest Quarter

- BIO18: Precipitation of Warmest Quarter

- BIO19: Precipitation of Coldest Quarter

Selection Guidelines:

1. Consider the target’s geographic context (e.g., coastal, mountainous, tropical)
2. Prioritize variables that explain spatial patterns for Annual GDP per capita
3. Select 1-5 variables that provide complementary and useful information for the task
4. Justify each selection based on climatic relevance

STRICT OUTPUT RULES:

1. MUST output exactly one line starting with “Selected Variables:"

2. Format: Selected Variables: [comma-separated BIO codes]

3. NO additional text, explanations, or formatting symbols

Figure 9: The prompt for the covariates selection.

Prompt for Update Operator

Some information you need to know:
"“BIO1": "Annual Mean Temperature”,
“BI02": "Mean Diurnal Range (Mean of monthly (max temp - min temp))",
“BIO3": “Isothermality (BI02/BIO7) (100)",

"BIO18": "Precipitation of Warmest Quarter”,

"BIO19": "Precipitation of Coldest Quarter"
As a geospatial prediction expert, refine the initial rating based on spatial patterns and
bioclimatic context:

Task: Annual GDP per capita
Target Location: (X, Y)
Initial Prediction: XXX | BIO1=XX, BIO12=X X, BIO15=XX, BIO7=XX, BIO4=XX

Nearby Points (with bioclimatic variables):

- (X1, Y1): Annual GDP per capita prediction=XXX | BIO1=XX, BIO12=X X, BIO15=X X, BIO7=XX,
BIO4=XX

- (X2, Y2): Annual GDP per capita prediction=X.XX | BIO1=XX, BIO12=XX,

Instructions:

1. Analyze regional bioclimatic patterns

2. Compare target and reference points' environmental context
3. Propose scientifically justified adjustment

STRICT OUTPUT RULES:

1. MUST output exactly one line starting with “Final Prediction:"

2. Format: Final Prediction: [X.XX] (XXX must be float with 2 decimals between 0.00 to 10.00)
3. NO additional text, explanations, or formatting symbols

4. You don't have to refine the prediction if you are not confident in your answer

\.

J
Figure 10: The prompt for the update prediction.
( f '
- v
You are a geospatial prediction expert using the ReAct (Reasoning + Action) framework.
## CONTEXT INFORMATION
{context}
## AVAILABLE ENVIRONMENTAL VARIABLES
The following bioclimatic variables are available for analysis (variables that would leak
ground truth have been excluded):
- BIO1: Annual Mean Temperature
- BIO19: Precipitation of Coldest Quarter
## YOUR TASK
Refine the prediction for the target location by:
1. Analyzing spatial patterns from the 10 nearest reference points
2. Comparing environmental conditions (BIO variables) between target and references
3. Reasoning about how these factors should influence the final prediction
## REACT FRAMEWORK INSTRUCTIONS
In each iteration, you MUST follow this format:
**Step 1 - THOUGHT**: Analyze the current information and reason about what needs to be
done
**Step 2 - ACTION**: Choose one of the following actions:
- THINK
- CONTINUE
- QUERY_BIO: Query specific BIO variable values for target or reference points
- FINISH
**Step 3 - PARAMETERS** (only when ACTION is QUERY_BIO):
- BIO_VAR: The BIO variable to query (e.g., BIO1, BIO12)
- POINT_TYPE: Either 'target' or 'reference’
- POINT_IDX: Reference point number (1-10), only required when POINT_TYPE is 'reference’
**Step 4 - FINAL PREDICTION** (only when ACTION is FINISH): a number with exactly 2
decimal places
## BEGIN REASONING
Now begin your analysis for Iteration {iteration}. Remember to think step-by-step and provide
clear reasoning.
N\ J

Figure 11: The prompt for ReAct, one of the baseline
methods.

G Use of AI assistant

We acknowledge the use of large language models (GPT-5.2
and Claude) for language polishing, grammar correction, and
stylistic refinement during the preparation of this manuscript.
All scientific content, research findings, data analysis, and
conclusions were conceived, verified, and approved solely
by the authors. The Al tools were employed exclusively for
enhancing readability and linguistic clarity, without altering
the substantive scientific meaning or intellectual contributions
of the work.
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H Supplementary Experiment

H.1 Absolute Numerical Prediction.

While our main experiments use 1-10 relative scoring to mit-
igate hallucination in weaker LLMs, stronger models can
directly output calibrated 2physical units. As shown in Table 9,
Gemini-3-flash + GeoGR* achieves an R? of 0.787 and MAE
of 6.11 on Infant Mortality, vastly outperforming supervised
baselines (/N = 100), demonstrating the framework’s practi-
cal utility for real-world deployment.

Method Spearman RMSE MAE R?

Kriging 0.663 17.00 1239 0438
GP (RBF) 0.752 1414 9.4 0.633
GCN 0.807 16.15  10.03  0.522
Gemini-3-Flash 0.894 1172 693  0.749
+ GeoGR? 0.926 1052 611  0.787

Table 9: Absolute Numerical Prediction on Infant Mor-
tality (N = 100 for baselines).

I More Visualizations

We provide visualizations of all models in the Figure 12, Fig-
ure 13 and Figure 14, and we find that GeoGR? consistently
enhances the overall performance of the models. In some
tasks, such as those involving GPT-3.5-Turbo, GeoGR? sig-
nificantly improves the model’s effectiveness. However, we
observe that large language models still exhibit tendencies to
systematically overestimate or underestimate certain regions;
for instance, all models tend to overestimate China’s GDP, and
although GeoGR? mitigates this to some extent, the overall
bias remains upward.

J More Ablation Studies on Point
Selection Strategy

In the main text, we provided an ablation study for GPT-
3.5-turbo. We also included results from applying the Point
Selection Strategy to three additional models: DeepSeek V3,
GPT-40-mini, and GeoGPT. The findings in Table 10, Table 11,
and Table 12 show that the impact of the Point Selection
Strategy on these models is consistent with its effect on GPT-
3.5-turbo, with comparable overall performance across all
models.

Table 10: Ablation Study on Point Selection Strategy
for DeepSeek-V3

Method Variant Tasks
Method Metric Infant mort. GDP Temp.  Precip.
GeoGR?w/o  Spearman 0.822 0.632  0.504 0.809
NP Bias -0.057 0.192  0.106  0.097
GeoGR?w/o  Spearman 0.830 0.641 0.560 0.815
Ny Bias -0.021 0.057 0.089 0.044
Spearman 0.834 0.644 0.563 0.813
2
GeoGR Bias -0.026 0063 0097  0.061

K More Ablation Studies on External
Variable

We use the 19 bioclimatic variables (biol-bio19) from World-
Clim v2.1" as spatially explicit covariates. Derived from long-

"https://www.worldclim.org/

Table 11: Ablation Study on Topology Construction
Strategy for GPT-40-mini

Method Variant Tasks
Method Metric Infant mort. GDP Temp. Precip.
GeoGRzw/o  Spearman 0.730 0.581 0.504 0.631
NP©* Bias -0.052 0.192 0.102 0.097
GeoGR2w/o  Spearman 0.744 0.577 0.510 0.626
Ny Bias -0.009 0.057 0.047 0.044
Spearman 0.762 0.585 0.517 0.634
2
GeoGR Bias 0011 0087 0085 0011

Table 12: Ablation Study on Topology Construction
Strategy for GeoGPT

Method Variant Tasks
Method Metric Infant mort. GDP Temp. Precip.
GeoGR?w/o  Spearman 0.801 0517  0.758 0.799
NP Bias -0.022 0.127  0.112  0.160
GeoGR?w/o  Spearman 0.811 0.525  0.769 0.807
Ny Bias -0.011 0.088 0.099 0.144
Spearman 0.816 0.523 0.771 0.802
2
GeoGR Bias -0.031 0.146  0.108  0.157

term monthly temperature and precipitation records, these
indices capture both mean climatic conditions and seasonal
extremes. Table 13 provides concise ecological definitions.

In the main text, we provided an ablation study for GPT-
3.5-turbo. We also included results from applying the Variable
Selection Strategy to three additional models: DeepSeek V3,
GPT-40-mini, and GeoGPT. The findings in Table 14, 15, and
16 show that the impact of the Variable Selection Strategy on
these models is consistent with its effect on GPT-3.5-turbo,
with comparable overall performance across all models.

L More Ablation Studies on Iteration
Rounds Experiment

we also provide iteration rounds experiment results of three
additional models: GeoGPT, GPT-40-mini, and GPT-3.5-
Turbo.As shown in Figure 15, 16 and 17, the Spearman values
of all models reached their maximum after several iterations
and then began to decline, while the bias scores continued to
decrease with further iterations.
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GeoLLM(DeepSeek-V3) Infant Mortality Real Infant Mortality GeoGR?(DeepSeek-V3) Infant Mortality

Spearman:0.834 Bias:-0.026

GeoGR?(DeepSeek-V3) GDP

Spearman:0.644 Bias:0.063 Spearman:0.620 Bias:0.251

GeoLLM(DeepSeek-V3) Temperature GeoGR2(DeepSeek-V3) Temperature

Spearman:0.478 Bias:0.232

GeoLLM(DeepSeek-V3) Preciption
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Bias:0.061

Figure 12: Spatial prediction rank maps using DeepSeek-V3. Left: Predictions from the base GeoLLM. Middle:
Ground-truth. Right:Predictions from GeoGR2-enhanced model.
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GeoLLM(GPT-3.5-Turbo) Infant Mortality Real Infant Mortality GeoGR?(GPT-3.5-Turbo) Infant Mortality

Spearman:0.445  Bias:-0.188 Spearman:0.747  Bias:-0.006

GeoLLM(GPT-3.5-Turbo) GDP

GeoGR?(GPT-3.5-Turbo) GDP

Spearman:0.622 Bias:0.024

Spearman:0.462 Bias:0.074

GeoLLM(GPT-3.5-Turbo) Preciption GeoGR?(GPT-3.5-Turbo) Preciption

P

Spe%rman:a.594 Bias:0.031 - Spearman:a;694 Bias:0.03

[ N

0.0 0.2 0.4 0.6 0.8 1.0
Normalized Prediction Rank

Figure 13: Spatial prediction rank maps using GPT-3.5-Turbo. Left: Predictions from the base GeoLLM. Middle:
Ground-truth. Right: Predictions from GeoGR2-enhanced model.
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GeoLLM(GeoGPT) Infant Mortality Real Infant Mortality GeoGR?(GeoGPT) Infant Mortality

Spearman:0.798 Bias:-0.175

GeoLLM(GeoGPT) GDP

~
5 o

Spearman:0.515

Bias:0.274

GeoLLM(GeoGPT) Temperature

—

Spearman:0.802  Bias:0.157

0.0 0.2 0.4 0.6 0.8 1.0
Normalized Prediction Rank

Figure 14: Spatial prediction rank maps using GeoGPT. Left: Predictions from the base GeoLLM. Middle: Ground-
truth. Right: Predictions from GeoGR2-enhanced model.

Iteration Rounds Experiment
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Figure 15: Iteration Rounds Experiment(GeoGR?-enhanced GeoGPT).
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Table 13: WorldClim bioclimatic variables used in this study.

ID

Variable

Ecological relevance

Temperature-related (energy)

biol
bio2
bio3
bio4
bio5
bio6
bio7
bio8
bio9
biol0
bioll

Annual Mean Temperature
Mean Diurnal Range
Isothermality

Temperature Seasonality

Max Temperature of Warmest Month
Min Temperature of Coldest Month

Temperature Annual Range
Mean Temp. of Wettest Quarter
Mean Temp. of Driest Quarter
Mean Temp. of Warmest Quarter
Mean Temp. of Coldest Quarter

Baseline thermal energy

Daily temperature stability

Shape of thermal variability

Intensity of thermal pulses

Acute heat stress

Acute cold stress

Climatic buffering capacity

Thermal conditions under high moisture
Thermal conditions under low moisture
Prolonged heat exposure

Prolonged cold exposure

Precipitation-related (water)

biol2
biol3
biol4
biol5
biol6
biol7
biol8
biol9

Annual Precipitation
Precipitation of Wettest Month
Precipitation of Driest Month
Precipitation Seasonality
Precipitation of Wettest Quarter
Precipitation of Driest Quarter
Precipitation of Warmest Quarter
Precipitation of Coldest Quarter

Total water input

Moisture extremes

Moisture extremes

Drought risk

Seasonal water allocation

Seasonal water allocation
Temperature—precipitation coupling
Temperature—precipitation coupling

Iteration Rounds

Spaearman

i

4 A —9

—o— Infant mortality
GDP
—8— Temperature
—8— Precipitation —

/'ANN

Value

1
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3 4 5 6
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0.021
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Figure 16: Iteration Rounds Experiment(GeoGR?-enhanced GPT-3.5-Turbo).
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Iteration Rounds Experiment
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Figure 17: Iteration Rounds Experiment(GeoGR2?-enhanced GPT-40-mini).
GPT-40-mini: Variance vs Spatial Structure Evolution
(GDP per Capita)
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Figure 18: patial heterogeneity and convergence metrics across refinement rounds (GDP task, GPT-40- mini).
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GPT-40-mini: Variance vs Spatial Structure Evolution
(Infant Mortality Rate)
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Figure 19: patial heterogeneity and convergence metrics across refinement rounds (Infant Mortality task, GPT-4o-
mini).

GPT-40-mini: Variance vs Spatial Structure Evolution
(Annual Mean Temperature)
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Figure 20: patial heterogeneity and convergence metrics across refinement rounds (Temperature task, GPT-40-
mini).
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Table 14: Ablation Study on External Variables for

DeepSeek-V3

Method Variant Tasks
Method Metric Infant mort. GDP Temp.  Precip.
GeoGR? w/o Spearman 0.825 0.628 0.579 0.799
external variables  Bias -0.036 0.093 0.101 0.086
Spearman 0.834 0.644 0.563 0.813
2
GeoGR Bias -0.026 0.063  0.097  0.061

Table 15: Ablation Study on External Variables for GPT-

40-mini
Method Variant Tasks

Method Metric Infant mort. GDP Temp. Precip.

GeoGR? w/o Spearman 0.710 0.554 0.524 0.601

external variables  Bias -0.033 0.091 0.062 0.059
Spearman 0.762 0.585 0.517 0.634

2
GeoGR Bias 0011 0087 0085  0.011

Table 16: Ablation Study on External Variables for

GeoGPT
Method Variant Tasks
Method Metric Infant mort. GDP Temp. Precip.
GeoGR? w/o Spearman 0.801 0.517 0.781 0.800
external variables  Bias -0.043 0.095 0.134 0.116
Spearman 0.816 0.523 0.771 0.802
2
GeoGR Bias 0031 0146 0108  0.157
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