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Abstract. Visual geo-localization requires extensive geographic knowl-
edge and sophisticated reasoning to determine image locations with-
out GPS metadata. Traditional retrieval methods are constrained by
database coverage and quality. Recent Large Vision-Language Models
(LVLMs) enable direct location reasoning from image content, yet in-
dividual models struggle with diverse geographic regions and complex
scenes. Existing multi-agent systems improve performance through model
collaboration but treat all agent interactions uniformly. They lack mech-
anisms to handle conflicting predictions effectively. We propose Graph-
Geo, a multi-agent debate framework using heterogeneous graph neural
networks for visual geo-localization. Our approach models diverse debate
relationships through typed edges, distinguishing supportive collabora-
tion, competitive argumentation, and knowledge transfer. We introduce a
dual-level debate mechanism combining node-level refinement and edge-
level argumentation modeling. A cross-level topology refinement strat-
egy enables co-evolution between graph structure and agent represen-
tations. Experiments on multiple benchmarks demonstrate GraphGeo
significantly outperforms state-of-the-art methods. Our framework trans-
forms cognitive conflicts between agents into enhanced geo-localization
accuracy through structured debate.

Keywords: Large Visual Geo-localization · Multi-agent · Debate · Het-
erogeneous Graph Neural Networks · Large Vision-Language Models.

1 Introduction

Visual geo-localization involves identifying the geographic location of an image
without relying on metadata like GPS tags. This task serves an important role
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Fig. 1: Comparison of multi-agent collaboration frameworks for visual geo-
localization. (a) LLM-Blender: agents independently predict and aggregate
through simple voting, lacking conflict resolution. (b) PHP: sequential collab-
oration with fixed order, prone to error propagation. (c) Reflexion: parallel self-
reflection without inter-agent debate. These methods treat agent interactions
uniformly and cannot effectively resolve conflicting predictions through struc-
tured argumentation.

in various applications, including analyzing historical human mobility, assist-
ing autonomous navigation, and providing location-aware recommendation ser-
vices [14, 4]. Traditional methods tackle this problem by retrieving similar images
from large geo-tagged databases [3, 26]. However, their performance is limited
by database scope, update frequency, and record accuracy. Recent progress in
Large Vision-Language Models offers new opportunities by enabling direct loca-
tion reasoning through image content [32, 11]. These models excel in interpreting
complex visual information and incorporate extensive geospatial knowledge from
pre-training on diverse multi-modal data.

Despite their impressive capabilities, individual LVLMs encounter challenges
in complex geo-localization scenarios [11]. A single model may struggle with
fine-grained features across culturally diverse regions and show preference for
well-represented training locations. These models produce inconsistent predic-
tions when facing ambiguous visual cues or specialized geographic scenes. Re-
searchers have developed multi-agent collaboration frameworks combining multi-
ple LVLMs with complementary strengths [38, 15, 20]. Current systems typically
employ independent exploration with simple result aggregation or sequential
collaboration with predetermined interaction orders [11]. While these strategies
leverage model diversity for improved performance, they lack robust mecha-
nisms for resolving conflicting predictions. Simple aggregation cannot determine
prediction reliability or synthesize competing interpretations effectively. These
approaches miss opportunities for structured argumentation to expose reasoning
flaws and refine predictions through iterative feedback [20].

The core challenge lies in recognizing the heterogeneous nature of agent inter-
actions in multi-agent systems. Different agents analyzing the same image form
distinct relationships based on their prediction consistency and confidence levels.
Agents with similar predictions benefit from supportive collaboration to consoli-
date shared understanding and strengthen correct reasoning. In contrast, agents
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producing conflicting predictions require competitive argumentation to challenge
assumptions and identify errors through critical examination. Real-world geo-
localization often presents such conflicts. Architectural features might indicate
one region, yet natural landscape elements suggest another location entirely. Sim-
ple aggregation methods like majority voting or confidence-weighted averaging
fail to determine the reliability of different predictions or recognize when appar-
ent conflicts actually reveal complementary evidence. Knowledge should flow di-
rectionally from high-confidence agents to uncertain ones for guided refinement.
Human experts resolve disagreements by articulating their reasoning, presenting
supporting evidence, challenging alternative hypotheses, and progressively build-
ing consensus through structured debate. This process exposes reasoning flaws
and synthesizes diverse perspectives into comprehensive understanding. Tradi-
tional graph neural networks assume homogeneous connectivity and apply iden-
tical message passing functions across all edges. This approach misrepresents the
semantic diversity of multi-agent interactions. Supportive consolidation, compet-
itive critique, and unidirectional knowledge transfer require different treatment
to enable appropriate information exchange. Current systems cannot leverage
the complementary benefits of cooperation and competition without explicitly
distinguishing these interaction types.

Beyond recognizing the heterogeneous nature of interactions, another critical
challenge emerges from the dynamic evolution of debate relationships. Multi-
agent geo-localization demands modeling collaboration as diverse debate rather
than uniform information exchange. Agent interactions serve three distinct pur-
poses requiring different computational mechanisms. When predictions align,
agents should engage in supportive collaboration to consolidate shared under-
standing by reinforcing consistent evidence. When predictions conflict, agents
need competitive argumentation to challenge hypotheses and expose reasoning
gaps. When confidence levels differ substantially, knowledgeable agents should
transfer expertise to uncertain agents through guided reasoning. Existing graph-
based multi-agent systems apply identical message passing functions across all
connections. This uniform treatment fails to capture the semantic richness of
these fundamentally different interaction modes. Furthermore, debate relation-
ships shift dynamically as discussions progress. Two agents initially disagreeing
may converge toward consensus through sustained argumentation. Conversely,
initially aligned agents may discover subtle differences requiring deeper exami-
nation. Standard graph neural networks update node representations yet leave
edge relationships static or only implicitly modified through node state changes.
This design cannot explicitly track how argumentation dynamics between spe-
cific agent pairs evolve across debate rounds. The interaction history between
agents carries valuable signals about argument strength, persuasiveness, and re-
liability. Capturing this temporal evolution of pairwise debate states requires
explicit modeling beyond node-level representation updates.

To address these challenges, we propose GraphGeo, a multi-agent debate
framework for visual geo-localization based on heterogeneous graph neural net-
works. Our framework transforms cognitive conflicts into valuable resources
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through structured debate mechanisms. GraphGeo models agent collaboration
as structured debate over a heterogeneous graph with nodes representing LVLM
agents and edges encoding different debate relationships. We design three edge
types: agreement edges for knowledge consolidation through mutual reinforce-
ment, conflict edges for competitive argumentation through critical feedback, and
transfer edges for guided knowledge sharing from confident to uncertain agents.
We introduce a dual-level debate mechanism. At the node level, agents refine
representations by aggregating relation-specific messages through tailored mes-
sage passing. At the edge level, learnable edge representations explicitly model
pairwise argumentation states and capture debate dynamics. These edge states
evolve via recurrent updates and influence subsequent node reasoning. Further-
more, we develop cross-level topology refinement enabling bidirectional influence
between graph structure and node representations. In summary, our contribu-
tions are as follows:

• We identify that existing multi-agent geo-localization systems treat agent
interactions homogeneously, overlooking the diverse nature of debate rela-
tionships and limiting effective conflict resolution among agents.

• We propose GraphGeo, a novel framework using heterogeneous graph neu-
ral networks with a dual-level debate mechanism and cross-level topology
refinement, enabling structured argumentation and adaptive collaboration
patterns.

• Extensive experiments demonstrate GraphGeo achieves substantial improve-
ments over state-of-the-art methods, with ablation studies validating each
component’s effectiveness.

2 Related Works

2.1 Visual Geo-localization Methods

Visual geo-localization aims to determine the geographic location of an image
using only visual content without relying on GPS metadata [14]. Traditional ap-
proaches tackle this problem through large-scale image retrieval from geo-tagged
databases [39, 29]. NetVLAD [3] pioneered end-to-end trainable architectures by
introducing a generalized VLAD layer inspired by Vector of Locally Aggregated
Descriptors. Recent methods like CosPlace [6] reformulate the task as classifi-
cation to enable training on larger datasets, while two-stage strategies such as
Patch-NetVLAD [13] combine global descriptors for initial ranking with local
patch-level matching for refinement. However, retrieval-based systems remain
constrained by database coverage and quality, with their applicability often lim-
ited by available knowledge and regional data protection laws. Recent progress in
Vision-Language Models has introduced a new paradigm enabling direct location
reasoning from images [28, 18]. Models like CLIP [28] and GeoCLIP [32] incor-
porate semantic reasoning into feature representations, while generative VLMs
such as GPT-4V [22] and Gemini [31] demonstrate the ability to infer geographic
locations directly. GeoReasoner [12] addresses data scarcity by creating highly
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locatable street-view datasets and integrating human inference knowledge from
real geo-localization games. However, existing evaluations remain limited with
most work examining only a handful of models, leaving critical factors such as
model family, scale, and failure cases underexplored. Single LVLM approaches
encounter challenges with fine-grained features across culturally diverse regions
and produce inconsistent predictions when facing ambiguous visual cues or spe-
cialized geographic scenes [11].

2.2 Multi-agent Framework for LLM/LVLMs

Large language models have evolved from single-agent systems to collaborative
multi-agent frameworks for complex task solving [24, 17]. Multi-agent systems
deploy specialized agents with complementary capabilities to overcome limita-
tions of individual models [38]. AutoGen [38] provides a high-level interface for
orchestrating conversations between multiple agents through specified prompts
and tool access. MetaGPT [15] integrates human workflows into multi-agent
collaborations by incorporating standardized operating procedures to reduce er-
rors. Multi-agent debate frameworks leverage structured argumentation to im-
prove reasoning quality beyond single-agent approaches [9, 20]. MAD [20] intro-
duces tit-for-tat debate states to encourage divergent thinking and correct dis-
torted reasoning among agents. Agent4Debate [40] employs specialized agents
for searching, analyzing, writing, and reviewing throughout competitive debate
processes. Graph neural networks provide natural representations for multi-
agent interactions by modeling agents as nodes and relationships as edges [16, 1].
MAGEC [10] combines GNNs with multi-agent reinforcement learning to capture
complex cooperative and competitive dynamics. Heterogeneous graph attention
mechanisms enable agents to adaptively weight information from different neigh-
bor types [37, 30]. Graph-based MARL achieves scalability for large-scale systems
through message-passing and neighbor sampling strategies [19, 35]. Swarm intel-
ligence frameworks smileGeo [11] aggregate multiple LVLM agents for improved
geo-localization through collaborative reasoning. Current systems typically em-
ploy independent exploration with simple result aggregation or sequential col-
laboration with predetermined orders. These approaches lack explicit modeling
of heterogeneous interaction types and fail to distinguish between supportive
collaboration, competitive argumentation, and knowledge transfer relationships
among agents.

3 Preliminary

3.1 Problem Formulation

Visual geo-localization aims to predict the geographic location Y of a given image
X without relying on GPS metadata. We formulate this task within a multi-agent
framework where N large vision-language models serve as collaborative agents
V = {v1, v2, . . . , vN}. Each agent vi generates location predictions Yvi with con-
fidence scores cvi ∈ [0, 1]. The collaborative prediction process can be modeled
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Fig. 2: The framework overview of GraphGeo. It contains a dual-level debate
mechanism and cross-level topology refinement for visual geo-localization. The
first part constructs a heterogeneous graph with three edge types to model di-
verse agent interactions. The second part employs node-level and edge-level de-
bate to refine predictions through structured argumentation. The third part
optimizes graph topology by evaluating edge utility and adjusting connections
during multi-round debates.

as a graph G = (V, E) where nodes represent agents and edges E encode their in-
teraction patterns. The optimal prediction Y∗ emerges from aggregating diverse
agent perspectives weighted by their expertise and mutual influence within the
graph structure.

3.2 Graph Neural Networks for Agent Collaboration

Graph neural networks provide a principled framework for learning representa-
tions through iterative message passing. Given the agent collaboration graph G,
each agent vi maintains a hidden state h(l)

i ∈ Rd at layer l. The standard message
passing mechanism updates node representations by aggregating neighborhood
information through

h
(l+1)
i = UPDATE(l)

(
h
(l)
i ,AGGREGATE(l)

(
{m(l)

ji | vj ∈ N (vi)}
))

, (1)

where N (vi) denotes the neighbors of agent vi and m
(l)
ji represents the message

from agent vj to vi at layer l. However, this homogeneous treatment of agent in-
teractions fails to capture the competitive and collaborative dynamics essential
for effective geo-localization. Agents may produce conflicting predictions that
require resolution through argumentation rather than simple averaging, and dif-
ferent images demand different collaboration patterns among agents.
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4 Methodology

4.1 Heterogeneous Graph Construction with Debate Edges

We construct a heterogeneous agent collaboration graph that explicitly models
diverse interaction types through typed edges. The graph G = (V, E ,R) incorpo-
rates a set of relation types R = {ragree, rconflict, rtransfer} to distinguish between
different debate mechanisms. For each image X , agent nodes vi ∈ V have fea-
tures x

(0)
i that concatenate the VAE-encoded image representation with learn-

able agent embeddings ei ∈ Rde . The edge set E is dynamically constructed based
on initial agent predictions. We compute the geodesic distance dgeo(Yvi ,Yvj ) be-
tween predicted locations and assign relation types through

rij =


ragree if dgeo(Yvi ,Yvj ) < τagree

rconflict if dgeo(Yvi ,Yvj ) > τconflict

rtransfer if cvi − cvj > τconf

, (2)

where τagree, τconflict, and τconf are threshold hyperparameters. Agreement edges
connect agents with consistent predictions to facilitate knowledge consolidation,
conflict edges link agents with divergent views to enable competitive debate, and
transfer edges direct information flow from high-confidence to low-confidence
agents.

4.2 Competitive Message Passing with Node-level Debate

At each layer l, we replace standard message aggregation with a competitive
debate mechanism. For each agent vi, we partition its neighbors N (vi) according
to edge types as Nr(vi) = {vj | (vj , vi, r) ∈ E} for r ∈ R. The node-level
debate generates relation-specific messages tailored to the interaction type. For
agreement edges, agent vj generates supportive messages that reinforce shared
understanding through

magree
ji = Wagree · σ(h(l)

j ⊙ h
(l)
i ), (3)

where Wagree ∈ Rd×d is a learnable weight matrix and ⊙ represents element-
wise multiplication. For conflict edges, agent vj generates critical messages that
challenge the current hypothesis through

mconflict
ji = Wconflict · ReLU(h

(l)
j − h

(l)
i ) (4)

Transfer edges employ an attention-based mechanism where high-confidence
agent vj selectively transfers relevant knowledge through

mtransfer
ji = αjiWtransferh

(l)
j , αji =

exp(cvj · h
(l)⊤
j Wattnh

(l)
i )∑

vk∈Ntransfer(vi)
exp(cvk · h(l)⊤

k Wattnh
(l)
i )

,

(5)
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where αji weights the transfer by both confidence cvj and semantic relevance.
The agent vi then aggregates these heterogeneous messages through relation-
aware pooling

m
(l)
i =

⊕
r∈R

POOL
(
{mr

ji | vj ∈ Nr(vi)}
)
, (6)

where
⊕

denotes a learnable combination operator that balances different debate
mechanisms.

4.3 Edge-level Debate through Cross-agent Interaction

Beyond node-level refinement, we introduce edge-level debate that explicitly
models pairwise interactions to capture fine-grained argumentation dynamics.
For each edge (vi, vj , r) ∈ E , we construct a debate representation d

(l)
ij that

encodes the interaction state between agents. This edge representation evolves
through

d
(l)
ij = Wr

edge · [h
(l)
i ⊕ h

(l)
j ⊕∆Yij ], d

(l+1)
ij = GRU

(
d
(l)
ij ,h

(l+1)
i + h

(l+1)
j

)
, (7)

where Wr
edge ∈ Rde×3d is a relation-specific projection matrix and GRU main-

tains debate history while incorporating updated node states. The edge repre-
sentations subsequently influence node updates through edge-to-node message
passing

m
edge,(l)
i =

∑
vj∈N (vi)

βijd
(l)
ij , βij = softmaxj(d

(l)⊤
ij Wattendh

(l)
i ) (8)

The final node update integrates both node-level and edge-level messages through
a gated fusion mechanism

h
(l+1)
i = GRU

(
h
(l)
i , γim

(l)
i + (1− γi)m

edge,(l)
i

)
, (9)

where the gate γi = σ(w⊤
γ [h

(l)
i ⊕m

(l)
i ⊕m

edge,(l)
i ]) adaptively balances the two

information sources.

4.4 Cross-level Topology Refinement

To enable dynamic adaptation of the debate structure, we introduce a cross-level
topology refinement mechanism. After L layers of message passing, we obtain
final agent representations H = {h(L)

i | vi ∈ V} that encode refined predictions.
These representations feedback to the graph topology through a learned edge
scoring function

sij = MLPscore

(
[h

(L)
i ⊕ h

(L)
j ⊕ d

(L)
ij ⊕∆hij ]

)
, (10)

where ∆hij = h
(L)
i − h

(0)
i captures the representational change induced by de-

bate. Edges with low utility scores are pruned while new edges are added between
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agents whose representations become similar after debate. The topology learning
objective combines task-specific loss with graph regularization

Ltotal = Lgeo + λsparse
∑

(i,j)∈E

sij + λdiverseH(R), (11)

where Lgeo measures the geodesic distance between predicted and ground-truth
locations, the sparsity term penalizes excessive edge connectivity, and H(R)
represents the entropy over relation type distribution. This cross-level interaction
ensures that the topology evolves to support effective collaboration patterns
while node representations adapt to leverage the refined debate structure.

5 Experiments

5.1 Datasets

We evaluate our GraphGeo framework on four widely-adopted geo-localization
benchmarks. The IM2GPS3K dataset [33] contains 3,000 images randomly
sampled from the original IM2GPS collection, providing diverse geographic cov-
erage with images spanning multiple continents and representing various scenes
including urban landscapes, natural environments, and landmarks. Another is
the YFCC4K dataset [33], derived from the Yahoo Flickr Creative Commons
100 Million collection, consists of 4,536 geo-tagged images with broad visual di-
versity and geographic distribution. For comprehensive evaluation, we utilize the
newly constructed GeoGlobe dataset [11], which divides images into two cat-
egories: GeoGlobe (Natural) containing natural attractions and GeoGlobe
(ManMade) featuring man-made landmarks. This dataset addresses limita-
tions of existing benchmarks by filtering out ambiguous images and providing
clearer localization targets, while offering substantial coverage across different
geographic regions and environmental conditions.

5.2 Baselines

We compare GraphGeo against three categories of baselines. First, we evalu-
ate single LVLM agents including both open-source models (Qwen-VL [5],
Qwen2-VL [34], InternVL2 [8], LLaVA series [21], CogVLM [36]) and proprietary
models (Claude-3.5-Sonnet [2], GPT-4 series [23], Gemini series [31]) to estab-
lish individual model performance. Second, we include traditional visual geo-
localization methods such as NetVLAD [3], which pioneered trainable VLAD
pooling, GeM [27] using generalized mean pooling, CosPlace [7] reformulating
the task as classification for scalability, Translocator [25], PIGEON, StreetCLIP,
and GeoCLIP [32] integrating semantic reasoning into features. Third, we com-
pare with smileGeo [11], a swarm intelligence framework aggregating multiple
LVLM agents through collaborative reasoning, representing the current state-of-
the-art in multi-agent geo-localization.
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Table 1: Results of different single LVLM baselines and comparison with base-
lines. Bold indicates the statistically significant improvements over the best base-
line.

Model IM2GPS3K YFCC4K GeoGlobe GeoGlobe
(Natural) (ManMade)

Open-source LVLMs
Infi-MM 14.7000 6.5256 19.2020 21.4145
Qwen-VL 32.4667 14.3959 42.3940 37.4556

Qwen2-VL-7B 36.2333 15.8724 45.6783 52.3142
InternVL2-8B 33.5667 14.9213 40.1256 48.7623
vip-llava-13b 15.7667 6.9885 20.6983 15.4089
vip-llava-7b 38.7000 17.8792 31.9202 56.4994
llava-1.5-7b 30.2000 13.8889 27.1820 47.2145

llava-1.6-7b-mistral 3.1000 1.6314 0.7481 2.1731
llava-1.6-7b-vicuna 9.4667 4.4092 6.9825 15.8831

llava-1.6-13b 17.8333 8.3333 12.2195 28.2497
llava-1.6-34b 44.2667 20.8113 52.8678 77.2027

CogVLM 6.7333 3.0644 7.7307 10.3516
CogVLM2 28.4333 12.5678 35.4521 42.3187

Proprietary LVLMs
Claude-3-Opus 23.8333 12.3457 33.1671 40.6954

Claude-3.5-Sonnet 41.2667 18.6735 55.3214 76.8456
GPT-4V 43.5333 19.2147 58.4672 80.1234
GPT-4o 46.8333 20.4569 64.7823 85.2617

GPT-4o-mini 45.0000 18.3422 62.0948 84.5911
Gemini-1.5-Flash 39.4667 17.2341 54.8912 74.5623
Gemini-1.5-Pro 47.3667 19.9956 62.3441 82.8131

Visual Geo-localization Methods
NetVLAD 16.6303 7.4876 26.5134 28.9955

GeM 14.4907 6.5243 23.1022 25.4175
CosPlace 17.6686 7.9551 28.1688 30.2782

Translocator 31.0978 13.4039 26.1776 34.1971
PIGEON 29.5632 12.8914 35.7891 41.2365

StreetCLIP 33.2145 14.6782 39.5621 44.8912
GeoCLIP 34.4728 15.1719 38.2519 45.9174
smileGeo 47.7667 21.5168 76.0599 85.4603

GraphGeo (Ours) 49.1456 22.1623 77.8217 87.9341

5.3 Metrics

Following standard practice in visual geo-localization, we adopt street-level ac-
curacy as our primary evaluation metric. This metric measures the percentage
of images correctly localized within a given distance threshold from the ground
truth location. Specifically, we report accuracy across multiple granularity levels
ranging from fine-grained street-level (1 km) to coarse-grained continent-level
(2500 km) thresholds. Street-level accuracy directly reflects the practical util-
ity of geo-localization systems in real-world applications such as navigation and
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Fig. 3: Hyperparameter sensitivity analysis. (a) Agreement threshold τagree
shows optimal values vary across datasets due to different geographic distri-
butions, with default at 25km. (b) Conflict threshold τconflict balances critical
debate and noise, where lower values create more conflict edges. (c) Confidence
threshold τconf controls knowledge transfer between agents, balancing informa-
tion flow and over-reliance. (d) Debate rounds show performance gains diminish
after 3 rounds, making L = 3 optimal for accuracy-cost trade-off.

location-aware services. For each dataset, we compute the proportion of test
images whose predicted locations fall within the specified radius of their true ge-
ographic coordinates. This metric provides an intuitive and interpretable assess-
ment of localization performance while enabling fair comparison across different
methods and datasets.

5.4 Implementation Details

We implement GraphGeo all experiments on NVIDIA A100 GPUs. Our multi-
agent system incorporates a diverse set of LVLM agents selected from both
open-source and proprietary models to ensure complementary reasoning capa-
bilities. For graph construction, we initialize the heterogeneous graph with typed
edges based on prediction similarity, setting distance thresholds τagree = 25km,
τconflict = 200km, and τconf = 0.3 for edge type assignment. The dual-level de-
bate mechanism operates through L = 3 layers of message passing with hidden
dimension d = 512. We employ the Adam optimizer with learning rate 1× 10−4

and train for 50 epochs with batch size 32. The cross-level topology refinement
uses hyperparameters λsparse = 0.01 and λdiverse = 0.05 to balance prediction
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Fig. 4: Ablation Study on Edge Types and Debate Mechanism Caption: Ablation
studies on heterogeneous edge types and dual-level debate mechanism. Conflict
edges are most critical, with 6.8% performance drop when removed, highlighting
the essential role of competitive debate in error correction. Node-level aggrega-
tion proves more critical than edge-level modeling, while removing the entire
debate mechanism causes 10.9% performance drop on IM2GPS3K, validating
the core value of iterative multi-agent argumentation.

accuracy with graph structure quality. During inference, we aggregate final agent
predictions through confidence-weighted voting, where each agent’s contribution
is determined by its refined confidence score after multi-round debate.

5.5 Main Result

Table 1 presents our comprehensive evaluation against various baselines includ-
ing open-source LVLMs, proprietary models, traditional geo-localization meth-
ods, and the state-of-the-art multi-agent system smileGeo. GraphGeo achieves
the best performance across all four benchmarks, with street-level accuracy
reaching 49.1% on IM2GPS3K and 87.9% on GeoGlobe ManMade. Our frame-
work outperforms the strongest baseline smileGeo by notable margins on both
IM2GPS3K and GeoGlobe datasets. The core insight of GraphGeo is that agent
interactions are inherently heterogeneous and require differentiated treatment
through typed edges. By modeling collaboration as agreement edges, competition
as conflict edges, and guidance as transfer edges, our framework enables agents to
engage in structured debate rather than simple aggregation. The consistent im-
provements across diverse geographic distributions validate that heterogeneous
graph modeling captures the semantic richness of multi-agent argumentation,
transforming cognitive conflicts into enhanced geo-localization accuracy through
principled debate mechanisms.

5.6 Model Analysis

Our analysis reveals distinct performance patterns across model categories. Pro-
prietary LVLMs demonstrate strong individual capabilities, while open-source
models show more variability in performance. Traditional geo-localization meth-
ods lag significantly behind vision-language approaches, confirming the value of
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semantic reasoning for this task. The multi-agent baseline smileGeo surpasses
all individual models through collaborative reasoning, yet our GraphGeo frame-
work achieves further improvements. This progression demonstrates a funda-
mental principle that structured argumentation through heterogeneous graph
modeling drives optimal performance. Simple agent ensemble treats all inter-
actions uniformly and cannot resolve conflicts effectively, while our approach
explicitly distinguishes between supportive collaboration, competitive argumen-
tation, and knowledge transfer. The dual-level debate mechanism enables both
coarse-grained message aggregation at the node level and fine-grained interac-
tion modeling at the edge level, allowing agents to internalize diverse perspectives
while maintaining explicit debate dynamics that evolve across multiple rounds
of refinement.

5.7 Hyper-parameter Analysis

Figure 3 examines the sensitivity of key hyperparameters across our four bench-
marks. The agreement threshold shows optimal values vary by dataset, with
25km working best overall as it balances supportive collaboration without over-
connecting dissimilar predictions. The conflict threshold at 200km effectively
separates genuine disagreements from noise. Lower values create excessive con-
flict edges that dilute critical debate signals. The confidence threshold pro-
vides the right balance for knowledge transfer at 0.3, preventing over-reliance
on potentially incorrect predictions while still enabling guidance flow. Debate
rounds show performance gains through three iterations, after which improve-
ments plateau. The dynamic nature of our graph topology allows the framework
to adapt edge connections based on debate effectiveness, with cross-level re-
finement enabling bidirectional influence between structure and representations.
This adaptive mechanism ensures that the most productive debate relationships
strengthen over time while unproductive connections are pruned, creating an ef-
ficient collaboration structure tailored to each specific image and its geographic
ambiguity.

5.8 Ablation Study

Figure 4 systematically evaluates each component’s contribution to our frame-
work. Removing conflict edges causes the largest performance drop of 6.8% on
IM2GPS3K, highlighting that competitive argumentation is essential for error
correction through critical debate. Agreement edges contribute 3.3% and trans-
fer edges add 1.9%, while the homogeneous graph variant loses 4.6% by treating
all interactions uniformly. For debate mechanisms, eliminating all iterative re-
finement causes a dramatic 10.9% performance drop, validating that multi-round
argumentation forms the core value of our approach. The results reveal a key
insight that different agent relationships serve fundamentally different purposes
in collaborative geo-localization. When agents agree, they need mechanisms to
consolidate shared understanding and reinforce correct reasoning. When agents



14 Authors Suppressed Due to Excessive Length

conflict, they require structured channels for challenging assumptions and ex-
posing reasoning flaws. When confidence levels differ, knowledge should flow
directionally from certain to uncertain agents. Our heterogeneous graph design
captures these distinct interaction semantics, enabling agents to leverage both
cooperation and competition for enhanced reasoning quality.

6 Conclusion

This paper introduces GraphGeo, a multi-agent debate framework that trans-
forms visual geo-localization through heterogeneous graph neural networks. By
explicitly modeling diverse agent interactions as typed edges and implement-
ing dual-level debate mechanisms, our framework enables structured argumen-
tation that effectively resolves conflicting predictions. The cross-level topology
refinement strategy allows dynamic adaptation of collaboration patterns, turn-
ing cognitive conflicts into enhanced localization accuracy. GraphGeo advances
beyond simple aggregation approaches, demonstrating that heterogeneous inter-
action modeling and structured debate are crucial for multi-agent systems. This
work opens new directions for applying graph-based reasoning to collaborative
AI tasks requiring consensus under uncertainty.
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