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Abstract

Recent advances in Vision-Language Models (VLMs) have signif-
icantly improved image geo-localization, yet existing models re-
main susceptible to landmark bias, causing them to overlook
geographical cues or form spurious correlations, ultimately result-
ing in inaccurate localization. To systematically investigate this
issue, we first design two quantitative metrics, Bias Intensity
(BI) and Bias Harmfulness (BH), to characterize the impact of
landmarks exerted on model reasoning, and establish a compre-
hensive benchmark, LandmarkBias-3K. To mitigate landmark
bias, we further propose an evidence-driven reasoning framework,
HoloGeo, to improve the reliability of geo-localization. HoloGeo
is supported by a high-quality dataset, BF-30k, annotated with
structured multi-evidence bias-free reasoning chains. By incorpo-
rating multi-dimensional rewards, HoloGeo explicitly encourages
balanced attention over diverse visual cues and achieves evidence-
driven joint reasoning. Extensive experiments demonstrate that
HoloGeo not only maintains excellent performance on IM2GPS3K
and YFCC4k but also significantly outperforms existing VLMs on
LandmarkBias-3K, validating its effectiveness for robust geospatial
reasoning. Project page: https://hologeo.github.io/.
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1 Introduction

Image geo-localization aims to infer geographic coordinates or spe-
cific shooting locations from visual content, and plays a crucial role
in a wide range of applications such as autonomous navigation, so-
cial media geotagging, and crisis response [5, 16, 51, 53]. Compared
to traditional classification- or retrieval-based methods that rely on
fixed grid partitioning or large-scale reference databases [25, 31, 42],
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Figure 1: Illustration of landmark bias in geospatial reason-
ing. Existing models over-rely on salient landmarks (e.g.,
Eiffel Tower-like structure, Loch Ness Monster statue) and
ignore complementary cues, leading to erroneous localiza-
tion (actual locations: Las Vegas, USA; Newport, USA).

Large Vision-Language Models (VLMs) [2, 7] have shown remark-
able progress in geo-localization by leveraging strong cross-modal
understanding and integrated world knowledge. Beyond predicting
final locations, emerging systems [28, 33, 57, 67] further attempt to
generate interpretable reasoning trajectories, typically by identi-
fying salient landmarks (e.g., iconic buildings) and then mapping
them to geographic hypotheses, moving from black-box prediction
toward explainable decision-making.

Despite progress, existing VLM-based methods still face a criti-
cal challenge: landmark bias, in which models may over-rely on
visually salient landmark-like cues and become over-confident even
when such cues are ambiguous, replicated, or weakly informative.
This bias is amplified by the strong saliency and spurious corre-
lations learned from web-scale data, causing the model to treat a
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single landmark as sufficient evidence while under-utilizing com-
plementary geographic cues, as the Eiffel Tower or the Loch Ness
in Figure 1. Importantly, recent reasoning-oriented approaches [31,
33, 67] still lack explicit evidence reliability calibration and mecha-
nisms to discourage single-cue dominance; consequently, generated
rationales may be fluent yet weakly grounded, failing to guarantee
reliable localization. Moreover, conventional evaluations largely fo-
cus on top-line accuracy, leaving it unclear how strongly landmarks
dominate the reasoning process and how harmful this dominance
becomes under landmark ambiguity. This highlights the need for
more fine-grained diagnostic tools to systematically analyze and
address landmark bias.

To enable systematic investigation of landmark bias, we first
formalize this phenomenon from a reasoning perspective. Formally,
landmark bias refers to the tendency of models to over-rely on
visually salient landmark cues during geospatial reasoning by as-
signing disproportionate weight to such cues at the expense of
underutilizing complementary geographic features, thereby lead-
ing to over-confident yet erroneous predictions when landmarks
are ambiguous, replicated, or misleading. Grounded in this formula-
tion, we propose two quantitative metrics, Bias Intensity (BI) and
Bias Harmfulness (BH), to measure the dominance of landmark
evidence and its adverse impact under ambiguity. Bl measures the
degree to which landmarks anchor model predictions by evaluat-
ing the confidence shift between original and landmark-occluded
images; BH measures the extent to which landmarks mislead the
model’s preference for the ground truth. To facilitate fine-grained
evaluation, we introduce LandmarkBias-3K, a challenging bench-
mark specifically curated with scenarios where landmark cues are
insufficient or deceptive, thereby exposing the inherent vulnerabili-
ties in biased reasoning behaviors.

To mitigate landmark bias, we further propose HoloGeo, a novel
evidence-driven framework that explicitly enforces holistic multi-
cue aggregation for geo-localization rather than landmark-centric
shortcuts. Firstly, we construct a high-quality multi-evidence rea-
soning dataset, BF-30K, by decomposing images into semantically
meaningful regions, organizing geographically grounded analyses
into structured multi-evidence reasoning chains, and further refin-
ing it through cross-model verification and manual inspection to
reduce reasoning errors and hallucinated explanations [18, 24, 73].
Building on this dataset, HoloGeo incorporates multi-dimensional
rewards over prediction correctness and evidence coverage, explicitly
encouraging balanced attention across heterogeneous geographic
cues. Through this design, the model learns to jointly evaluate di-
verse evidence, align intermediate reasoning with final predictions,
and avoid over-reliance on isolated landmark cues.

Extensive experiments on standard benchmarks and custom bias
benchmarks verify the effectiveness of the proposed method. Ex-
isting general-purpose vision-language models and mainstream
geo-localization methods perform poorly on LandmarkBias-3K,
with most achieving below 20% city-level accuracy; even the state-
of-the-art domain-specific model only reaches 23.57%. In contrast,
our proposed HoloGeo attains 27.27% city-level accuracy on this
dataset while maintaining strong performance on conventional geo-
localization benchmarks including IM2GPS [22], IM2GPS3K [55],
and YFCC4K [55], which fully demonstrates its effectiveness. Through
saliency map visualization, we find that existing models suffer from

Pengcheng Zhou, Xuanyu Liu, Yanchen Yin, Bobo Li, Shengqiong Wu, Mong-Li Lee, and Wynne Hsu

landmark bias due to over-reliance on salient landmarks and ne-
glect of broader geographic context, while HoloGeo mitigates this
issue via balanced attention distribution. Finally, this validates its
capability to effectively mitigate landmark bias while enhancing
the robustness of geospatial reasoning.

In all, our contribution can be summarized in threefold:

e We present the first systematic study on landmark bias in
geospatial reasoning, along with a quantitative metric suite
(BI and BH) for fine-grained analysis.

e We introduce LandmarkBias-3K and BF-30K, the first bench-
mark and training dataset specifically designed to evaluate
and mitigate landmark bias with structured multi-evidence
reasoning for geo-localization tasks.

e We propose HoloGeo, an evidence-driven framework, which
encourages balanced multi-cue reasoning through multi-
dimensional reward design, effectively reducing landmark
bias while preserving strong geo-localization performance.

2 Related Work

Image Geo-localization. Image geo-localization aims to predict
the geographic location of a given image and has been widely stud-
ied in urban analysis [28, 68, 72], individual trajectories [9], and
geospatial data mining [17, 35, 46, 64]. Early approaches primarily
rely on retrieval-based methods [19, 20, 53, 58, 66, 69, 77], which
match query images against large-scale reference databases, and
classification-based methods [13, 42, 48, 50, 62], which discretize
the earth into predefined regions [22, 61]. While effective, some
research [25, 31, 75] has demonstrated that retrieval-based meth-
ods require a large reference database, and classification-based
approaches are limited by coarse spatial granularity. To overcome
these limitations, recent works explore generation-based approach-
es [15, 25, 75] that directly predict geographic coordinates or lo-
cation descriptions, improving flexibility and scalability. With the
emergence of large vision-language models (VLMs) [1, 2, 76], geo-
localization has further benefited from strong cross-modal under-
standing and embedded world knowledge, enabling more gener-
alizable and semantically rich predictions [28, 39]. More recently,
researchers [8, 31, 41] have focused on enhancing the reasoning ca-
pabilities of VLM-based geo-localization systems. Techniques such
as chain-of-thought prompting [32, 57, 70], agent-based reason-
ing [4, 21], and reinforcement learning [33, 67, 72] have been intro-
duced to generate interpretable reasoning trajectories and improve
decision quality. However, despite improved reasoning interpretabil-
ity, existing methods still lack mechanisms to ensure balanced and
reliable evidence utilization. In particular, they tend to over-rely
on visually salient landmark cues while under-utilizing comple-
mentary geographic signals, leading to biased and over-confident
predictions. This limitation motivates our work on systematically
analyzing and mitigating landmark bias in geo-localization.

Bias and Robustness in VLMs. Recent studies have revealed that
VLMs are prone to various forms of bias and unreliable reasoning be-
haviors [54]. In particular, models often rely on spurious correlations
or dataset-specific shortcuts, leading to overconfident predictions
that are not well grounded in visual evidence. Such issues have
been extensively studied in the context of hallucination [37, 47],
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Figure 2: Pipeline for constructing LandmarkBias-3K. For each image, landmark regions are first extracted to derive landmark-
only and landmark-removed views. Model probabilities under the three views are then used to compute Bias Intensity (BI) and
Bias Harmfulness (BH), measuring the strength of landmark influence and its harmful effect on the ground-truth prediction,
respectively. Samples with BI and BH above predefined thresholds are retained to form LandmarkBias-3K. The rightmost
sub-figure shows the landmark category distribution of the benchmark.

shortcut learning [3, 11], and visual bias [54], where models gener-
ate plausible yet incorrect outputs due to over-reliance on partial
or misleading cues. Several works [6, 30, 65] have attempted to im-
prove robustness by encouraging better alignment between visual
inputs and generated outputs, for example, through improved train-
ing objectives, data curation, or reasoning supervision. However,
these approaches primarily focus on general-purpose robustness
or hallucination mitigation, without explicitly modeling how dif-
ferent types of visual evidence contribute to the final decision. In
the context of geo-localization, this limitation becomes particu-
larly critical. Existing VLM-based approaches often rely heavily on
salient landmark cues during reasoning, yet the dominance of such
cues and their potential to mislead predictions under ambiguity
have not been systematically studied. Moreover, prior work lacks
quantitative metrics to measure the extent of such bias, as well as
dedicated benchmarks to evaluate its impact on reasoning reliabil-
ity. In contrast, we provide a principled formulation and introduce
quantitative metrics to measure both the strength and harmfulness
of landmark-induced bias, along with a dedicated benchmark and
mitigation framework.

3 Landmark-Bias Benchmark

Our goal is to characterize not only whether landmark cues in-
fluence model predictions, but more importantly, whether such
influence leads to harmful geospatial reasoning errors. However,
not all salient landmark attraction is detrimental. Thus, a key chal-
lenge lies in distinguishing between benign reliance on informative
cues and biased over-reliance that misleads prediction. To address
this, we design two complementary metrics that capture both the
strength of landmark influence and its adverse impact on predic-
tion correctness. Based on the two metrics, we further construct a
challenging benchmark that focuses on cases where landmark cues
are highly dominant but unreliable.

3.1 OQuantitation Metrics

Given an input raw image x, we first detect its landmark region r us-
ing GroundingDINO [38]. We then construct a landmark-removed

image x, by masking out the detected landmark region. To quantify
the influence of landmark cues on geo-localization, we evaluate the
model under three complementary input conditions.

For a location label y, we first define

h(y) =Py lx), L@y =Pylx), Ly =Pylr, 1)

where I; (y) is the model’s predicted probability for label y given
the full image, I;(y) is the probability given the landmark-removed
image, and I5(y) is the probability given only the landmark region.
This formulation allows us to isolate the contribution of landmark
cues from the remaining contextual evidence. Then, we define y,
as the ground-truth location label, and y, as the landmark-induced
label prediction obtained from the landmark region alone:

y, = argmax I3(y) = argmax P(y|r), (2)
y y

Building on these definitions, we quantify landmark-induced bias
from two complementary perspectives: intensity and harmlessness.
The corresponding metrics are defined as follows:

Bias Intensity (BI). Bias intensity measures how strongly the
presence of the landmark increases the model’s preference for the
landmark-induced label y,:

BI =log I, (y,) — log I (y»)- )

A positive BI indicates that the landmark increases the model’s
confidence in y,, suggesting a strong anchoring effect. Values close
to zero imply limited influence, while BI < 0 indicates that the
landmark suppresses support for y,.

Bias Harmfulness (BH). Bias harmfulness measures whether the
landmark shifts the model away from the ground-truth label y; and
toward the landmark-induced label y,:

BH = (log I (y:) —log I(yr)) — (log Ii (y;) = log I (y,)) .~ (4)

where log I (y;) — log I (y,) reflects the relative advantage of the
true label over the landmark-induced label when the full image is
observed, while log I,(y;) — log I (y,) measures the same advan-
tage after removing the landmark. A positive BH means that the
landmark reduces the model’s relative preference for the true label
and therefore has a more harmful effect on correct geo-localization.
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To ensure a stable probability estimation, Qwen2.5-VL-72B [2]
is adopted for all probability estimates of 1 (-), I,(-), and 5(+). Ad-
ditionally, we employ InternVL3-78B [76] for cross-validation to
alleviate potential biases inherent in a single large vision-language
model. The results are analyzed in the appendix G.

3.2 Benchmark Construction

Built upon the proposed metrics, we systematically select instances
from two large-scale geo-localization datasets, MP-16 [29] and
GLDv2 [61], to construct a dedicated benchmark that explicitly
targets landmark-induced bias in real-world scenarios. As shown in
Figure 2, for each image, we first detect its landmark region and con-
struct the landmark-only and landmark-removed views. Then, we
compute the corresponding BI and BH scores, and retain samples
with positive BI and BH values that exceed predefined thresholds.
The detailed threshold settings and selection criteria are provided
in Appendix B. Finally, this procedure yields 3,000 images span-
ning diverse landmark types (e.g., landform, architecture, climate,
and sings), forming the proposed LandmarkBias-3K benchmark.
Additional dataset statistics are provided in Appendix B.

4 Methodology: HoloGeo

To mitigate landmark bias and enhance localization robustness,
we propose HoloGeo, a unified evidence-driven reasoning frame-
work. Technically, we construct the high-quality multi-evidence
reasoning-driven dataset, BF-30k, and adopt a two-stage learn-
ing paradigm (Figure 3) to guide the model in learning geospatial
reasoning patterns, encouraging balanced attention across diverse
visual cues and reducing over-reliance on misleading landmarks.

4.1 BF-30K Dataset Construction

Recent works [33, 67, 72] have explored annotating intermediate
reasoning processes to improve model interpretability and per-
formance. However, despite considering multiple aspects of an
image (e.g., textual cues or scene attributes), the reasoning process
may be implicitly anchored to initially salient but potentially mis-
leading cues, introducing early-stage bias and leading to incorrect
predictions. To address this issue, we argue that geospatial rea-
soning should be grounded in region-level evidence decomposition
followed by global aggregation [50, 62]. Instead of centering reason-
ing around a single dominant cue, we propose to construct struc-
tured multi-evidence reasoning chains, where diverse geographic
elements are first analyzed independently and then integrated into
a coherent global inference, establishing a complete logical pathway
from local visual cues to final localization. To this end, we design
a rigorous construction pipeline, shown in Figure 3, consisting of
three stages: data filtering, multi-VLM reasoning annotation, and
multi-dimensional validation.

Data Filtering. Large-scale web-crawled datasets provide diverse
visual data for geo-localization but often suffer from significant
noise [34, 59, 60], such as close-up views with insufficient con-
text, generic objects without discriminative localization cues, and
images dominated by repetitive or uninformative patterns. To en-
sure high-quality training data, we design a filtering pipeline to
retain samples with reliable geographic signals while preserving
diverse landmark bias scenarios. Following the previous work [4],
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we first adopt GeoCLIP [53] to filter out geographically indistin-
guishable images from the MP-16 [29] dataset, ensuring that all
selected samples contain valid geographic cues for geolocation. For
GLDv2 [61], we extract the GPS coordinates of each sample via
the Wikimedia API [63]. We then leverage the geocoder Python
library to reversely map these coordinates to the corresponding city
and country information. We then categorize the filtered samples
into three groups: landmark-biased, landmark-containing, and non-
landmark. For landmark-containing images, we further compute BI
and BH scores to identify instances exhibiting strong landmark bias
characteristics. This results in a balanced dataset covering diverse
visual conditions and bias scenarios.

Multi-VLM Reasoning Annotation. At this stage, we employ
GroundingDINO[38] to detect visual elements in pre-filtered im-
ages, automatically identifying bounding boxes for discriminative
key regions, thereby providing precise localization for subsequent
fine-grained reasoning. We then use Qwen2.5-VL-72B[2] to filter the
detected boxes, describing and analyzing each box independently
with contextual information to ensure only highly localization-
relevant boxes are retained. Furthermore, to improve the reliability
of geographic element analysis, inspired by recent visual reasoning
studies [10, 40, 71], we feed both the original image and cropped
patches of filtered bounding boxes into VLMs for fine-grained an-
notation, where Qwen2.5-VL-72B and ChatGPT-o03 [45] serve as
our annotation models. Specifically, we guide the model to com-
plete annotation through a standardized reasoning process: in the
<Analyze> stage, the model is required to independently parse
the geographic visual content within each valid bounding box for
fine-grained feature analysis. In the <Think> stage, the model ag-
gregates feature information from all bounding boxes, resolves
potential ambiguities and contradictions, thereby constructing a
unified geographic feature evidence system. Based on this evidence
chain, the model performs hierarchical reasoning, gradually narrow-
ing the scope from continent and country to the target city. Finally,
it outputs the final result in the <Answer> stage, forming a coherent
logical connection from local visual cues to global geographic local-
ization. This design enforces structured multi-evidence reasoning
and mitigates over-reliance on single salient cues, providing reliable
supervision for geo-localization.

Multi-Dimensional Validation. To ensure data quality, mitigate
reasoning trajectory errors, and prevent bias propagation from a
single model[18, 56], we design a multi-dimensional validation pro-
cess. We leverage InternVL3-78B [76] as an independent reviewer
to perform cross-model verification of the annotated data. By en-
forcing visual-semantic consistency across different models, we
filter out samples exhibiting hallucinations or logical inconsisten-
cies, thereby improving the reliability of the reasoning chains. In
addition, we conduct manual spot checks to further identify and
remove samples with annotation errors or reasoning contradictions.
More details are provided in Appendix C. The resulting dataset is
thus carefully curated to support robust and trustworthy training.

4.2 Warm-up with SFT

To equip the model with preliminary structured geospatial reason-
ing ability, avoid cold-start issues, and establish a solid foundation
for the subsequent reinforcement learning stage [12, 18, 74], we
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Figure 3: Overview of the proposed HoloGeo. Stage I constructs the BF-30K dataset by filtering samples from MP-16 [29] and
GLDv2 [61], annotating structured multi-evidence reasoning chains, and validating them via cross-model visual-semantic
consistency and manual checks. In Stage II, built upon Qwen2.5-VL-7B [2], HoloGeo adopts a two-stage learning paradigm: a
warm-up phase with SFT, followed by GRPO-based reinforcement learning with rewards for geo-location accuracy (Ry.,), visual
evidence grounding (Rp,y), and comprehensive logical reasoning Ry ).

perform SFT using the LoRA strategy [23] for model warm-up.
Specifically, we randomly sample 1.5K instances from the BF-30k
dataset and fine-tune the pre-trained Qwen2.5-VL-7B model.

4.3 Scaffolding with GRPO

Drawing inspiration from [18], we apply GRPO-based RL opti-
mization to further empower geospatial reasoning capability and
enhance its generalization [12]. The pivot part of this stage lies in
the design of reward functions, which guide the model toward bal-
anced and reliable reasoning. Beyond standard format Reormat and
accuracy-based rewards Rgeo, We introduce additional objectives
to address landmark bias. Specifically, to discourage overreliance
on salient regions and encourage broader evidence utilization, we
design a visual evidence grounding reward Ry,ox. In addition, to en-
sure the correctness of the reasoning process itself, we introduce
a comprehensive logical reasoning reward Rcrr that evaluates the
consistency and validity of the generated reasoning chains.
Geo-localization Accuracy Reward Rgc,. This reward evaluates
the matching degree between the model’s predicted result §; =
(é;, £;) and the ground-truth geographic location g; = (c;, t;), where
c; and t; denote the country and city, respectively. To account for the
hierarchical structure of geographic labels, we adopt a hierarchical
scoring scheme defined as:

Reeo(Gingi) =116 =ci] - (a - I[f; = ;] + (1 — a)) (5
where I[-] is the indicator function and a € [0, 1] controls the
weight of city-level accuracy. The reward is 0 if the country pre-
diction is incorrect. If the country is correct but the city is not, a

partial reward of 1 — « is assigned. The full reward of 1.0 is ob-
tained only when both country and city predictions are correct.

This design encourages the model to first capture coarse-grained
geographic information before refining fine-grained localization.
In our experiments, we set a = 0.8.

Format Reward R¢ormat. This reward ensures the model’s output
contains the <Analyze>, <Think>, and <Answer> structure: a score
of 1.0 is awarded for compliance, and 0 otherwise.

Visual Evidence Grounding Reward Ry,oy. This reward measures
how well the model grounds its reasoning in relevant visual evi-
dence by evaluating the alignment between predicted and ground-
truth bounding boxes, so as to encourage the model to cover diverse
geographic cues rather than over-relying on a single salient region.
For the i-th sample, let B; denote the set of predicted bounding
boxes parsed by the model from its generation module, and B;
denote the set of ground-truth annotated boxes for key regions cor-
responding to the image. We adopt an IoU-based matching criterion
with threshold 71,y Specifically, for each ground-truth box by € B;,
we compute its maximum overlap with predicted boxes. A ground-
truth box is considered successfully covered if the maximum IoU
exceeds 1iy. The reward is defined as:

1
Rpox = — E I'{ max IoU(b;, br) = tou |, (6)
|Bi| bicB: b;eB;
k €Bi J

where [(+) is the indicator function. This reward score is positively
correlated with the ratio of successfully matched ground-truth
boxes, encouraging the model to accurately locate and cover key
geographic regions in images.

Comprehensive Logical Reasoning Reward Rcir. This reward
evaluates the validity and reliability of the model’s reasoning pro-
cess, encouraging consistent, well-grounded, and multi-evidence
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Table 1: Comparison with existing geo-localization models. Evaluation on IM2GPS, IM2GPS3k, and YFCC4k benchmarks.

Values indicate accuracy (%) at different distance thresholds.

IM2GPS IM2GPS3k YFCC4k
Model
City Region Country City Region Country City Region Country
o Traditional Domain-Specific Model
PlaNet [62] 24.5 37.6 53.6 24.8 34.3 48.4 - - -
CPlaNet [50] 37.1 46.4 62.0 26.5 34.6 48.6 - - -
ISNs[42] 43.0 51.9 66.7 28.0 36.6 49.7 - - -
TransLocator[48] 48.1 64.6 75.6 31.1 46.7 58.9 18.6 27.0 41.1
GeoCLIP [53] 41.8 60.8 77.2 34.5 50.7 69.7 - - -
GeoDecoder [13] 50.2 69.0 80.0 335 45.9 61.0 - - -
PIGEON [20] 40.9 63.3 82.3 36.7 53.8 72.4 - - -
o General VLM Model
InternVL2-8B [7] 0.8 3.0 3.8 4.2 6.8 9.4 0.4 0.9 2.0
LLaVA-Next-Mistral-7B [36] 7.6 8.4 11.4 4.1 5.1 7.4 2.0 2.7 4.7
Qwen2.5-VL-7B [2] 35.0 46.8 59.1 27.9 38.9 49.9 11.5 16.6 24.1
o VLM-based Domain-Specific Model
GeoReasoner [31] 24.9 48.1 65.8 26.5 40.4 57.7 6.3 10.4 17.3
GaGA [14] 38.8 54.8 75.1 33.0 48.0 67.1 - - -
GAEA [4] 43.0 57.4 77.2 36.9 56.0 73.2 - - -
Geo-R1 [67] 42.2 59.5 77.2 35.4 52.3 69.7 17.0 29.0 48.9
GeoChat [28] 38.8 59.1 76.8 34.7 51.7 69.4 17.0 29.2 49.8
GLOBE [33] 44.3 59.4 76.3 40.2 56.2 71.5 18.0 30.7 50.6
" "HoloGeo-SFT(Ours) ~ ~ =~ 409~ 565 T 7347 7 7 7369 0 523 7 T 7 708 0 181 ©  27.00 T T 4450

HoloGeo(Ours) 47.3 60.3 76.8 38.5 53.7 70.8 18.9 31.7 51.5

reasoning. We employ Qwen3.5-35B-A3B [49] as a reward model to
score each sample pair (I;, 7;), where I; is the input image and 7; is
the generated reasoning trajectory. Specifically, the reward model
evaluates the reasoning according to the structured three-stage
process. 1) <Analyze> Visual Factuality: The described visual
attributes must be consistent with the content of the correspond-
ing bounding box regions. 2) <Think> Logical Consistency: The
reasoning process should be coherent and avoid over-reliance on
a single geographic cue, unless no other informative evidence is
available. 3) <Answer> Answer Specificity: The predicted location
should be expressed as specific country and city names, without
vague or ambiguous descriptions. The reward model outputs the
probabilities of yes (valid reasoning) and no (invalid reasoning). We
define the reward as the normalized probability of valid reasoning:
Rerg = AP(YES | Iis 7i; Oreason) _ , )
P(yes | I, i; Oreason) + P(n0 | L, 15 Oreason)
where Oreason denotes the predictive distribution of the reward
model, the numerator is the probability that the reasoning is valid,
and the denominator is the sum of the probabilities of validity and
invalidity. This score serves not only as a soft metric for reason-
ing validity, but also guides the model to realize visual fact-based
multi-element geographic reasoning.
Finally, the total reward is:

ri = Rformat + Aleeo + A2Rbox + A3Rctr, (®)

where we set the reward weights to A; = 1.2, A; = 0.3, and A3 = 0.5.
GRPO-based Reinforcement Learning. Based on the reward sig-
nals defined above, we adopt the GRPO [18] to fine-tune the model
7g optimized via supervised fine-tuning in Section 4.2 on the BF-
30K (D,;) dataset. GRPO introduces an intra-group normalization
mechanism that optimizes the relative preferences A; among candi-
date outputs O = {o;} for each input sample I, thereby enhancing

robustness against fluctuations in reward scales. A KL-divergence
regularization term Dy, is introduced to prevent the optimized
policy 7y from diverging excessively from the reference model 7f:

Z min(———— 79 (0i )

max B(1py (0118, ~rp(0ID) 704 (0i )

)
7g(0;)

T0o1a (Oi) '

where €, f§ are the hyper-parameters.

clip( 1-¢€1+€)A;) — fDxe(mollmer) |,

5 Experiments
5.1 Setups

Datasets. We evaluate all models on four geo-localization bench-
marks: IM2GPS [22], IM2GPS3K, [55] YFCC4K [55], and our pro-
posed Landmark-Bias-3K Benchmark. IM2GPS and IM2GPS3K
are widely used benchmarks that primarily consist of landmark-
centric images, while YFCC4K contains more diverse scenes. In
contrast, the Landmark-Bias-3K benchmark is explicitly curated to
highlight landmark-induced bias.

Benchmark Models. We evaluate a diverse set of geo-localization
models, including (i) classical image-based geo-localization meth-
ods, (ii) recent vision language models, and (iii) reasoning-oriented
geo-localization models. For classical methods, we include PlaNet[62],
CPlaNet[50], ISNs[42], TransLocator[48] and so on. For vision-
language models, we evaluate InternVL2-8B[7], LLaVA-Next-Mistral-
7B[36] and Qwen2.5-VL-7B[2] using their official checkpoints and
inference protocols. We further include several reasoning-oriented
models, including GeoReasoner [31], GeoChat [28], and Geo-R1 [67],
among others, which explicitly incorporate structured or multi-step
geographic reasoning.
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Table 2: Evaluation results on LandmarkBias-3K. + indicates
gains over backbone Qwen2.5-VL-7B [2].

City Region Country
Model (@5km)  (200km) (750 km)
o General VLM Model
GPT-40-mini [43] 19.47 35.77 59.00
GPT-4o [44] 30.53 47.50 67.83
T Qwen25-VL-7B[2]7 ~ ~ © T T 1683 ~ ~ 28,67 = 4457 =
InternVL2-8B [7] 5.77 11.54 32.40
LLaVA-Next-Mistral-7B [36] 0.74 1.59 5.10
o Domain-Specific Model
TransLocator [48] 18.60 27.00 41.10
GeoCLIP [53] 17.96 30.45 60.88
GeoDecoder [13] 18.23 34.27 59.60
GeoChat [28] 19.67 38.77 63.37
GeoReasoner [31] 10.67 22.77 47.13
GLOBE [33] 23.27 44.27 63.90
Geoagent [27] 23.57 45.27 67.07
" HoloGeo-SFT~ =~ =~~~ =~ 7 7 2003 =~ 3033 6405
HoloGeo-SFT+RL 27.27 47.07 68.20,
(+10.44) (+18.40) (+23.63)

Evaluation Metrics. For geo-localization benchmarks, we follow
previous work [26, 31, 67] and report the percentage of predictions
whose geographic distance to the ground-truth coordinate falls
within fixed thresholds of 25 km, 200 km, and 750 km. Some
models output discrete place names; we convert these predictions
into their corresponding geographic center coordinates using ex-
ternal geocoding tools for distance-based evaluation. All metrics
are reported as accuracy percentages, and higher values indicate
better geo-localization performance.

Implementations. We adopt Qwen2.5-VL-7B-Instruct as the base
model and perform parameter-efficient fine-tuning using LoRA [23]
with a rank of 64 and an alpha of 128. AdamW optimizer is applied
with a learning rate of 1e-5 for LoRA parameters, a cosine learning
rate scheduler with a warmup ratio of 0.01, a weight decay of 0.1,
and a global batch size of 32. Details are provided in Appendix E.

5.2 Main Results

Results on Existing Benchmarks. Table 1 summarizes the com-
parison with existing geo-localization methods. Our SFT-only model
already exhibits strong and competitive performance across multi-
ple geographic scales, achieving 40.9% (City) on IM2GPS and 18.1%
(City) on YFCC4k with more complex and diverse scenes, surpass-
ing the recent GLOBE model [33]. Although the SFT variant does
not always yield the highest accuracy among all models, its per-
formance remains consistently close to the state-of-the-art level,
indicating that the basic representation and training design are
effective. Notably, further performance improvements are achieved
by introducing GRPO-based reinforcement learning. Specifically,
HoloGeo attains the best accuracy of 47.3% (City) and 60.3% (Re-
gion) on the IM2GPS dataset and achieves state-of-the-art results
across city, region, and country levels on YFCC4k. Although its
performance on IM2GPS3k is slightly inferior to the state-of-the-art,
this is mainly attributed to the severe label distribution redundancy
in this test set and the targeted optimization adopted by competing
methods. In contrast, HoloGeo focuses more on building global gen-
eralization ability, thus exhibiting stronger robustness in diverse
real-world scenarios. These improvements stem from HoloGeo’s
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Table 3: Ablation study on HoloGeo’s training components
and reward configurations. Evaluated on the IM2GPS dataset
with Qwen2.5-VL-7B-Instruct [2] as the base model.

Reward Function

Models SFT City Region
Rgeo Ryox  Rcrr
Qwen2.5-VL-7B - - - - 35.02 46.83
Qwen2.5-VL-7B - - - 40.93 56.54
_HoloGeo (Ful) V' v ¥/ _ 4726 6034

W/0 Ryeo v - v v 41.35 59.49
W/0 Rpox v v - v 43.03 59.07
w/o Rcrr v v v - 45.99 59.49

multi-dimensional reward mechanism and evidence-driven reason-
ing, which explicitly guide the model to focus on and leverage
diverse effective geographic visual elements in images.

Results on Landmark-bias Datasets. Table 2 shows the compari-
son results of various models on our constructed LandmarkBias-3K
benchmark, which is specifically designed to test the reasoning
robustness of models when encountering misleading salient land-
marks. It can be seen that both general VLM models and existing
geo-localization methods are affected by landmark bias, resulting
in low overall accuracy. Among them, models such as InternVL2-8B
achieve less than 10% (City) accuracy. Even the strongest domain-
specific models such as GLOBE and Geoagent only reach 23.27% and
23.57% (City) accuracy, respectively. In contrast, our HoloGeo-SFT
model achieves 20.03% at the city level, demonstrating preliminary
anti-bias ability. After incorporating GRPO-based reinforcement
learning, HoloGeo-SFT+RL further improves the accuracy to 27.27%
(City), while maintaining leading performance on region-level and
country-level metrics. These results fully prove that HoloGeo can
alleviate over-reliance on a single landmark and conduct robust
reasoning by integrating effective geographic visual elements in
challenging scenarios with misleading landmarks.

5.3 Ablation Study

In Table 3, we further investigate the impact of different train-
ing paradigms and reward configurations on the performance of
HoloGeo. Specifically, we compare LoRA SFT with our proposed
GRPO-based reinforcement learning approach. For SFT, the city-
level accuracy is improved from 35.02% to 40.93%, indicating that
structured geographic reasoning supervision can endow the model
with basic geo-localization capabilities. For GRPO, we conduct a
reward ablation study by evaluating different combinations of the
three reward components. It shows that GRPO with the full set of re-
wards achieves the best overall performance of 47.26% in city-level
accuracy. Removing any one of Ryeo, Rpox, and Rerr leads to sig-
nificant performance drops, which underscores the importance of
supervision on both location-level correctness and comprehensive
reasoning over multiple visual elements.

5.4 In-depth Analyses

Why landmark-bias occurs? Landmark-induced bias mainly
arises from models concentrating visual attention on salient land-
marks while ignoring broader geographic context. To this end, we
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Pengcheng Zhou, Xuanyu Liu, Yanchen Yin, Bobo Li, Shengqiong Wu, Mong-Li Lee, and Wynne Hsu
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Figure 4: Comparison of Attention Distributions Across Qwen2.5-VL-7B-Instruct, GLOBE, GeoAgent, GeoReasoner, and HoloGeo.
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Figure 5: Prediction of Qwen2.5-VL-7B and HoloGeo on dif-
ferent landmark types.

@ HoloGeo
"Box": [628, 429, 1700, 825], "Analysis": "The building in the background has a classical |
architectural style, featuring columns, arches, and a prominent dome-like structure at the
top. This style is often associated with European architecture. " "Box” ......
1. Core Evidence Synthesis: Architectural Style: The classical architecture with columns
and arches is characteristic of European design. Geographic Feature Correlation: Classical
Architecture: The architectural style strongly suggests a European location, narrowing
down the possibilities to countries like Romania, Italy, or Greece.
2. Logical Reasoning Chain: The classical architecture points to a European country. The
‘modern and maintained environment suggest a developed country within Europe. The
specific architectural style, combined with the landscaping and statue, is most consistent
with Romanian cities. particularly Bucharest.
3. Conflict ion: There are no conflicting visual information across the boxes,
Geo-R1 Moldova, Chisingu | # Conclusion Justification: The combination of classical European architecture and well-
- ‘maintained public spaces strongly suggests that the image is from Romania. Bucharest.
Country:\ City:\
The background building features a symmetrical, classical European design—likely
influenced by neoclassical or Beaux-Arts elements such as the prominent circular
window—while the seated statue of a formally dressed historical figure suggests a
commemorative monument typical of culturally significant cities. The manicured greenery
and lawn further indicate this is a public park or square in an urban center, but without any
visible signage or text, the evidence only supports a broad European setting rather than a

Romania, Bucharest Romania, Bucharest

The building's architectural style resembles —
neoclassicism, with its white stone facade and | §yl Qwen2.5-VL-7B-Instruct
central rotunda. The statue seems to depict a
significant figure, possibly Ton Creanga or
Mihai Eminescu, given the classical attire. The
surrounding park and layout suggest it could
be the Mihai Eminescu National Theatre. This
kind of arrangement is especially characteristic}
of Moldova, where literary commemorations
|_and neoclassical facades frequently co-occur.

specific country or city

Figure 6: Case study: Reasoning comparison of three differ-
ent models on the same input image. Reliable geographic
information identified by the models is annotated in the text.

employ gradient-based saliency analysis to generate saliency maps
of the original images, which intuitively visualize the key visual re-
gions that models focus on during geographic reasoning. As shown
in Figure 4, for Qwen2.5-VL-7B-Instruct and other VLM-based ge-
olocation models, the saliency maps are highly concentrated on
a few visually prominent landmarks (e.g., iconic statues, distinc-
tive buildings, or aircraft), while most surrounding regions of the
scene receive little to no attention. Such a landmark-centered atten-
tion pattern causes models to overemphasize globally recognizable
objects and neglect complementary geographic cues, including
environmental context. Consequently, model predictions become
strongly anchored to the landmarks themselves, leading to a signif-
icantly higher risk of confusion when similar landmarks appear in

different locations. In contrast, HoloGeo fully considers both land-
mark and non-landmark regions such as surrounding architecture
and environmental details, exhibiting a more balanced attention
distribution. This holistic attention pattern enables HoloGeo to inte-
grate diverse geographic evidence and reduce over-reliance on any
single visual cue. As a result, landmark bias is effectively mitigated,
leading to more robust and reliable geolocation performance.
How does landmark bias vary across landmark types? Fig-
ure 5 analyzes how landmark-induced bias varies across landmark
types by reporting geo-localization accuracy at the city, region,
and country levels. The key observation is that the severity of bias
depends on how specific and misleading a cue is for localization.
For Qwen2.5-VL-7B, Architecture and Language Signs show rela-
tively low city-level accuracy but noticeably higher country-level
accuracy, suggesting that the model often locks onto globally rec-
ognizable styles or text patterns that provide a coarse geographic
prior but are not distinctive enough to pin down the exact city, lead-
ing to plausible yet incorrect fine-grained predictions. In contrast,
Climate yields comparatively higher accuracy, which we attribute
to climate cues being less shortcut-like: climate-related evidence
typically constrains the scene to broad latitudinal or regional bands
rather than pointing to a single iconic place, so it induces a milder
form of bias and is less likely to anchor the model to a specific
wrong location. Finally, weak or transferable cues such as Vegeta-
tion, Landform, and Cultural Cues result in low accuracy across
granularities because these signals are often shared across many
regions and require careful integration with surrounding context;
when the model’s attention is dominated by any salient element,
it struggles to accumulate sufficient discriminative evidence for
reliable localization.

Case Study. Figure 6 presents a representative case of landmark-
induced bias, where salient landmarks lead baseline models to
rely on superficial similarity and produce incorrect predictions.
In contrast, HoloGeo mitigates this effect by integrating comple-
mentary contextual cues beyond the landmark, enabling correct
geo-localization. We further provide additional case studies in Ap-
pendix F.3 to qualitatively illustrate how biased landmarks influence
model behavior and decision-making.



HoloGeo: Mitigating Landmark Bias in Geo-localization via Evidence-Driven Reasoning

6 Conclusion

This paper addresses the landmark bias issue in image geolocaliza-
tion by proposing a holistic reasoning-driven framework, HoloGeo.
On the one hand, we introduce two quantitative metrics, Bias Inten-
sity (BI) and Bias Harmfulness (BH), to systematically characterize
the impact of landmark cues on model decisions, and construct both
a diagnostic evaluation benchmark (LandmarkBias-3K) and a high-
quality training dataset (BF-30K) with structured multi-evidence
reasoning chains. On the other hand, to mitigate landmark bias,
HoloGeo integrates supervised fine-tuning with GRPO-based re-
inforcement learning, guided by a multi-dimensional reward de-
sign that promotes visual evidence grounding and logical reason-
ing consistency. This framework encourages models to shift from
over-reliance on single salient landmarks to balanced reasoning
over diverse geographic cues. Extensive experiments on IM2GPS,
IM2GPS3K, YFCC4K, and LandmarkBias-3K demonstrate that Holo-
Geo improves both robustness under landmark ambiguity and over-
all geo-localization performance. In future work, we plan to explore
tool-augmented and agent-based reasoning to incorporate exter-
nal geographic knowledge, as well as more data-efficient learning
paradigms such as few-shot and zero-shot generalization.
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A Detailed Landmark-Bias Quantitation Metrics
A.1 Distribution of BI and BH

In this appendix, we provide further analysis of the proposed bias
metrics. We first examine the empirical distributions of Bias Inten-
sity (BI) and Bias Harmfulness (BH) on LandmarkBias-3K, and then
discuss a small set of counterintuitive cases with negative BI values.

Figure 7 illustrates the distributions of BI and BH. Both exhibit
clear right-skewed patterns, with most samples concentrated in low-
to-moderate positive ranges and a long tail extending toward higher
values. This suggests that while many samples exhibit moderate
landmark-induced bias, a substantial portion involves stronger and
more harmful effects. The median values of BI and BH are 2.37 and
0.28, respectively, indicating that the benchmark predominantly
consists of samples with positive landmark influence and non-trivial
harmfulness. Importantly, the distribution is not dominated by
extreme cases, but instead spans a wide range of bias levels. Overall,
these results demonstrate that LandmarkBias-3K provides a diverse
and challenging evaluation set, enabling robust assessment of geo-
localization models under misleading landmark cues.

B LandmarkBias-3K Benchmark

In this appendix, we provide additional details on the construc-
tion of the proposed LandmarkBias-3K benchmark, a diagnostic
dataset designed to evaluate the robustness of geo-localization mod-
els under misleading landmark cues.

B.1 Source Data

We construct LandmarkBias-3K from two large-scale geo-localization
datasets, MP-16 [29] and GLDv2 [61], which offer broad geo-

graphic coverage and diverse real-world scenes. For each image,

we use GroundingDINO [38] to detect the prominent landmark

region r. Based on this region, we construct two auxiliary inputs:

the landmark-removed image x,, obtained by masking out r, and

the landmark-only crop r, which isolates the detected landmark.
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B.2 Threshold Selection

For each image, we perform three forward passes using the full
image x, the landmark-removed image x,, and the landmark-only
region r. Following the definitions in the main text, we obtain
the corresponding prediction probabilities I;(-), (-), and I3(-),
and compute the two bias metrics, Bias Intensity (BI) and Bias
Harmfulness (BH). These metrics capture complementary aspects
of landmark-induced bias. A positive Bl indicates that the landmark
increases the model’s confidence in the landmark-induced label,
while a positive BH indicates that such influence is harmful, as it
reduces the model’s relative preference for the ground-truth label.
We therefore retain only samples satisfying:

BI >0, BH >0, (10)
ensuring that the selected images exhibit both positive and harmful
landmark-induced bias. We further remove geographically ambigu-
ous samples through manual verification. The resulting benchmark
contains 3,000 images, forming the LandmarkBias-3K.

B.3 More Examples

Figure 8 presents representative cases with different BI/BH sign
combinations, illustrating that landmark cues can influence geo-
localization models in qualitatively different ways.

e (a) BI > 0, BH > 0: Harmful Landmark Bias. This case
represents the primary failure mode targeted by LandmarkBias-
3K. In the first example, the image contains a structure re-
sembling the Eiffel Tower, which strongly anchors the model
to France when focusing on the landmark alone, while the
true location is Hangzhou, China. As a result, the landmark
exerts a strong positive pull toward the landmark-induced
hypothesis, yielding a positive BI, and simultaneously weak-
ens the model’s relative preference for the ground truth,
leading to a positive BH. A similar phenomenon appears in
the second example from the United States, where a highly
salient landmark cue again dominates the prediction and
drives the model toward an incorrect but visually plausible
location hypothesis. Together, these cases illustrate the stan-
dard harmful landmark-bias pattern: the landmark is visually
prominent enough to attract the model, but this attraction is
misleading and overrides broader contextual evidence.

e (b) BI > 0, BH < 0: Strong but Beneficial Landmark In-
fluence. In the first example, the landmark is the Merlion, a
highly distinctive symbol of Singapore. The model therefore
assigns strong confidence to the landmark-induced label, pro-
ducing a large positive BI; however, because this landmark
cue is genuinely reliable and consistent with the full scene, it
supports rather than harms the correct prediction, yielding
a negative BH. The second example from Japan shows the
same pattern: highly discriminative visual cues strongly in-
fluence the model, but this influence remains aligned with the
ground-truth location. These cases demonstrate that strong
landmark influence is not inherently harmful. Instead, when
the landmark is trustworthy and geographically discrimi-
native, it can facilitate correct localization. They also high-
light the complementary roles of BI and BH: BI measures
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the strength of landmark influence, while BH determines
whether that influence is actually detrimental.

(c) BI < 0, BH < 0: Contextual Reinterpretation. In
the first example, the model predicts Russia when observing
either the landmark alone or the landmark-removed image,
while the ground truth is Ukraine. However, once the full
image is provided, the model shifts away from the landmark-

being placed back into the full scene. These cases suggest
that the meaning of an isolated landmark can be reinter-
preted in the context of the entire image: rather than simply
reinforcing the landmark-only hypothesis, the global scene
can reshape or partially override it. In this sense, landmark
influence is not always additive, but can depend strongly on
its interaction with surrounding contextual evidence.

Cases with BI < 0 and BH > 0 are relatively rare in our analysis.
Overall, these examples show that landmark cues can be harmful,
beneficial, or contextually corrected depending on their interac-
tion with the surrounding visual context, which further highlights

induced prediction, resulting in a negative BI. At the same
time, this shift moves the prediction relatively closer to the
ground truth, yielding a negative BH. A similar effect is ob-
served in the second example from the United Kingdom,
where the landmark-only interpretation is weakened after
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Reasoning Prompt Template

GroundingDINO Prompt Template

Any object, including buildings, people, characters, animals, flags,
landscapes.

The confirmed geographical location corresponding to the ori ountry': {country {city}. Your final task is to
INDEPENDENTLY determine the country and city where the original image is located based solely on visual evidence. Please structure your
ing in three distinct parts: <Analyze> (geographic clue analysis), <Think> (comprehensive reasoning), and <Answer> (final conclusion).

Box Filtering Prompt Template
[

You are an expert in geographic information filtering. To ensure the
diversity, variety, and representativeness of the selected box elements,
you need to remove boxes that represent similar geographical and
cultural symbols, contain excessive content, or correspond to
panoramic images.

Please carefully read the image areas corresponding to the multiple
boxes entered and think carefully.

Please output the results strictly in the following format, retaining
only boxes that meet the criteria. The format is:

"geo_boxes": [
{"Box": [x0, y0, x1, y1], "Object description": "...Here is your
brief description of the content contained in Box. "Reason": "...this
is the brief reasons why you chose to keep this Box..."},

]

All analyses must be based on visual evidence. In <Analyze> part, DO NOT mention the country and city of the final answer, only conduct analysis.
Please output strictly in the following format:
<Analyze>

{"Box": [x0, y0, x1, y1], "Analysis" etailed analysis(20-50 words) of the association between the content of this area and the geographical
location under the original image context."},

1

</Analyze>

<Think>

Provide a detailed, step-by-step breakdown of your comprehensive reasoning process to infer the most likely country and city. Strictly follow these
requirements for your thinking:

1. Core evidence synthesis: Synthesize and aggregate the unique visual features and geographic association clues from ALL boxes in <Analyze>
(avoid repeating single-box details; focus on integrating overlapping/ complementary/ key features into a set of core evidence points). List each core
evidence point with specific, consolidated details (e.g., landscape types, architectural styles, man-made facilities, vegetation, climate-related traits).
2. Geographic feature correlation: For each synthesized core evidence point, explicitly link it to the specific geographic, climatic, cultural or
infrastructural characteristics of a certain region/country (explain why this feature is typical of the region, not just a general trait).

3. Logical reasoning chain: Connect the correlated geographic features step by step to narrow down the scope from "continent/hemisphere" to
"country", then to "specific city/coastal town". Clearly demonstrate how the combination of core evidence points excludes other possible regions
and uniquely points to the target location.

4. Conflict resolution (skip this part if no conflicts exist): If there is any conflicting or ambiguous visual information across different Box analyses,
resolve it with sufficient geographic and logical reasoning.

5. Conclusion justification: Conclude with the most likely country and city, and summarize how the synergy of all synthesized core evidence

MM ’26, November 1014, 2026, Rio de Janeiro, Brazil

</Think>

List of Boxes to be filtered: P

[List of candidate bounding boxes]

</Answer>

} matches the known geographical characteristics of this location.

"country": "{country}", "city": "{city}"

Figure 9: The prompt template used in BF-30K annotation.

the need to jointly consider BI and BH when analyzing landmark-
induced bias in geo-localization.

Figure 10 also provides representative cases from different land-
mark categories, such as landform, climate, vegetation, cultural
cues, architecture, and language signs. This categorization shows
that landmark-induced bias can originate from a diverse range of vi-
sual cues rather than only iconic landmarks, further complementing
the BI/BH-based analysis above.

C Detailed BF-30K Annotation

Here, we detail the annotation process of the BF-30K training
dataset, which consists of region proposal, semantic filtering, struc-
tured reasoning annotation, and multi-dimensional validation.
Region Proposal. We employ GroundingDINO-SwinT-OGC [38]
as an open-vocabulary object detector to identify candidate visual
regions. To maximize the recall of geographically relevant cues,
we adopt a low-threshold strategy, setting both the box confidence
threshold and the text—visual alignment threshold to 0.06. This
encourages the detection of a broad set of potential geographic
elements. We then remove low-confidence boxes and eliminate
duplicate detections using an IoU threshold of 0.75, reducing re-
dundancy while preserving spatial coverage and semantic diversity.
The corresponding prompt is shown in Figure 9.

Semantic Filtering. We further refine the candidate regions us-
ing Qwen2.5-VL-72B-Instruct [2] as a geographic semantic filter.
Leveraging its visual reasoning capability, the model selects regions
that contain informative geographic, cultural, or environmental
cues. The prompt used in this stage is illustrated in Figure 9, where
the list of candidate boxes is dynamically appended for each in-
stance. This step yields a set of representative regions covering
diverse geosemantic elements, including architectural structures,
landmarks, vegetation, landforms, and cultural symbols.
Structured Reasoning Annotation. Based on the selected re-
gions, we perform fine-grained geographic analysis and structured
reasoning annotation. We use Qwen2.5-VL-72B [2] and ChatGPT-
03 [45] as reasoning models. The input consists of the full image
and cropped patches corresponding to each region. Models are

13

required to generate reasoning outputs under a strictly defined
format, including regional analysis, multi-step reasoning, and fi-
nal location prediction. To ensure faithful reasoning, the prompt
(Figure 9) explicitly restricts the model to rely solely on visual evi-
dence, without access to ground-truth location labels. This process
produces structured annotations that are both interpretable and
logically consistent. Examples of the resulting training data are
shown in Figure 11.

Multi-dimensional Validation. In this process, we employ the
InternVL3-78B [76] as an independent verification model to conduct
cross-model consistency checks on the reasoning annotations. The
prompt used for the model is illustrated in Figure 12, whose core task
is to judge whether the geolocation reasoning process is logically
self-consistent and aligned with visual content based on the image,
and output only "Yes" or "No" as the decision result. After automated
validation, samples identified as contradictory or inconsistent are
filtered out. In addition, we perform manual spot checks on the
entire annotated dataset with a sampling ratio of 5% to further
correct annotation errors, place name errors, logical conflicts, and
hallucinations that may be missed by model-based verification.

D Training Prompt Template

To ensure input consistency between fine-tuning and testing, we
design and employ a unified prompt template for vision-language
model, as illustrated on the left side of Figure 13, which guarantees
a fair comparison of model performance. Meanwhile, the prompt
template for the Comprehensive Logical Reasoning Reward (Rcrr)
is shown on the right side of Figure 13.

E Detailed Experimental Settings
E.1 Detailed Evaluation Benchmarks

We evaluate our method on four geo-localization benchmarks with
different data sources and visual characteristics.

IM2GPS [22] is a classical geo-localization benchmark. Its stan-
dard test set contains 237 images drawn from a large Flickr-based
geo-tagged image collection. Despite its relatively small size, many
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LanguageSigns  Architecturelh CulturalCuesll Vegetation@ Climate Landformlg?

Figure 10: Representative cases of landmark categories in LandmarkBias-3K.

samples are visually distinctive and suitable for geographic reason- exhibits greater diversity in scene types, including landmarks, urban
ing, making it a widely used baseline for early evaluation. environments, and natural landscapes.

IM2GPS3K is a larger benchmark introduced by Vo et al. [55] YFCC4K [55] consists of 4,000 randomly sampled images from
to enable more robust evaluation. It contains 3,000 images sampled the YFCC-100M dataset [52], a large-scale Flickr-based multimedia
from the original IM2GPS collection, providing a broader and more collection. As a general-purpose dataset, YFCC4K is visually diverse

challenging test set. Compared to the standard IM2GPS split, it
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<Analyze>
{"Box": , "Analysis": "Whitewashed rough-plaster facade with small, deep-set timber windows, an arched doorway and a painted devotional image are
typical of traditional Alpine farmhouses rather than Mediterranean or northern European townhouses."},

{"Box": , "Analysis": "Fresco of Madonna and Child placed on the outside wall: popular roadside-house blessing practice in strongly Catholic Alpine
areas such as Tyrol and the Dolomites; less common elsewhere in Europe."},

{"Box": , "Analysis": "Close-up confirms hand-painted folk-style religious fresco framed by coloured limewash—an architectural folk art known locally
as Liiftimalerei or Haussegen in German-speaking Alpine culture."},

{"Box": , "Analysis": "Cluster of tall yellow late-summer perennials and cascading potted plants in a sheltered courtyard indicates a cool mountain

climate where such cottage-garden flowers thrive."},

{"Box": , "Analysis": "Galvanised metal watering can on balcony wall: common utilitarian garden object, but its placement on a narrow wooden
coping is common on small Alpine balconies and stubes."},

{"Box": , "Analysis": "Wrought-iron lantern with simple peaked cap fixed to wall: classic South Tyrolean/Bavarian rustic exterior lighting,
contrasting with more ornate Mediterranean lanterns."},

{"Box": , "Analysis": "Dark, heavy wooden door under a deep stucco arch, decorated with a straw harvest wreath—an alpine harvest blessing custom
(Erntedank) widespread in Tyrolean vill 'Y
{"Box": , "Analysis": "Above the doorway faintly visible Germanic lettering and house number plaque reinforce a German-speaking cultural zone
despite being south of the Alps."}
</Analyze>
<Think>
1. Core evidence synthesis: a. Exterior whitewashed, thick-walled farmhouse with deep timber windows and arched wooden door. b. Outdoor Madonna-and-Child fresco framed in coloured limewash (Alpine
Liiftlmalerei/Haussegen tradition). c. Germanic lettering plus Catholic iconography — German-speaking yet strongly Catholic region. d. Harvest wreath, wrought-iron lantern, metal watering can and cottage
flowers — rural mountain village lifestyle. e. Climate-appropriate vegetation and sunlit courtyard suggest sunny yet cool alpine setting (southern side of Alps).
2. Geographic feature correlation: a. Liiftimalerei on domestic facades is concentrated in Upper Bavaria, Austrian Tyrol and Italy’s South Tyrol; rare elsewhere. b. Strong Catholic imagery with German
1 narrows to Tyrol/South Tyrol (Austrian Vorarlberg and Bavaria have it, but South Tyrol adds Italian ho ber plaques). c. Whi hed render with small timber windows is signature of
Dolomite villages like Castelrotto, Ortisei, etc., less common in Bavarian Liiftl houses which display large colourful murals and green shutters. d. Harvest wreath on door is a Tyrolean village custom especially
in South Tyrol’s farming hamlets. e. South Tyrol villages often combine German folk culture with Italian civic elements (ceramic number plate seen here).
3. Logical reasoning chain: « Europe — Alpine arc due to fagade style and vegetation. « Within Alps — Catholic Germanic sectors (Bavaria, Tyrol, South Tyrol) because of Madonna fresco and Germanic text.

« Presence of Italian-style civic detail (small white number tile), lack of Bavarian shutters, and Dolomite bright light point toward South Tyrol rather than Bavaria/Austria. * Among South Tyrolean villages,

courtyards with flowers, matching this scene.

Castelrotto (Kastelruth) is particularly renowned for farmhouses sporting modest devotional frescoes and straw wreaths; it is also one of the most photographed villages where such facades face sunny

4. Conflict resolution: No major conflicts; every feature coherently aligns with a German-speaking yet Italian administrative area.
5. Conclusion justification: The combination of Tyrolean folk house architecture, outdoor Madonna fresco, German text, Italian civic plate, harvest wreath and Dolomite garden climate uniquely fits South

Tyrol. Castelrotto is the quintessential South Tyrolean village famed for exactly these house characteristics, thus it is the most plausible specific location.
</Think>

<Answer>

"country": "Ttaly", "city": "Castelrotto"

</Answer>

Figure 11: Visualization of an example of the training dataset.

InternVL3-78B reviewer Prompt Template

You are an expert reviewer specializing in geographic knowledge.

Given an image and its geolocation reasoning process, judge
whether the reasoning logic is consistent and reasonable.

Output only Yes or No.

Figure 12: The prompt template used in the InternVL3-78B
reviewer for multi-dimensional validation.

and less biased toward iconic landmarks, making it a complemen-
tary benchmark for evaluating generalization beyond landmark-
centric scenarios.

Landmark-Bias-3K Benchmark is our proposed diagnostic
benchmark for evaluating landmark-induced bias. It contains 3,000
images explicitly curated to assessing whether models over-rely on
dominant landmark evidence.

E.2 Detailed Implementation

We conduct SFT as the first stage of model training, with GRPO-
based post-training. We adopt Qwen2.5-VL-7B-Instruct as the base
model and perform parameter-efficient fine-tuning using LoRA
with a rank of 64. During SFT, we train the model for 1 epoch using
the AdamW optimizer with an initial learning rate of 1 X 1074, a
warmup ratio of 0.05. Training is deployed on 4x NVIDIA H100
GPUs with DeepSpeed Zero-3 for memory optimization, yielding
a global batch size of 32. For GRPO-based reinforcement learning,
we use a smaller learning rate of 1 X 1077, a warmup ratio of 0.01,
and set weight decay to 0.1. We keep the LoRA configuration con-
sistent across both training stages. We employ a cosine learning
rate scheduler in both training phases. We summarize the key hy-
perparameters used for SFT and GRPO in our training setup in

15

Table 4. These settings are chosen based on standard practices for
fine-tuning large vision-language models and further adjusted via
preliminary ablation studies conducted on a held-out validation set.
Unless stated otherwise, the same configuration is adopted across
all experiments to ensure comparability and reproducibility.
Additionally, Figure 14 presents an example of the proposed
Reir, illustrating how Qwen3.5-35B-A3B evaluates a generated ge-
ographic reasoning chain. The reward model performs structured
assessment across the three reasoning stages (<Analyze>, <Think>,
and <Answer>), jointly considering visual grounding accuracy, log-
ical consistency, and answer specificity. By explicitly verifying
whether the reasoning is supported by localized visual evidence
and whether multiple cues are coherently integrated, the model can
effectively identify flawed or over-simplified reasoning patterns.
Moreover, the probabilistic scoring mechanism provides a soft and
stable measure of reasoning validity, enabling fine-grained opti-
mization during reinforcement learning. This design allows Rcrr
to serve as a reliable signal for guiding the model toward factually
grounded and logically consistent multi-evidence reasoning.

F Extended Experiments
F.1 Analysis of Landmark Bias

Figure 16 presents another representative example of landmark-
induced bias in image geo-localization. The scene contains several
visually salient yet geographically ambiguous cues, including a
medieval fortress, green-domed Orthodox architecture, and a river-
front landscape, which collectively evoke a broad Eastern European
visual prior. As shown, both Geo-R1 and GeoChat are attracted by
these dominant but insufficient landmark cues and prematurely
commit to Moldova, producing plausible yet incorrect hypotheses
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You are a geography expert. Your goal is to identify the city and country where the image is located. Please analyze in detail and think step by step. All your
analyses must be based on visual evidence from the image and its boxed regions. You must provide a specific answer and infer the most plausible one if unsure.
Output strictly in the following three-part format:

<Analyze>

it
"Box": [x0, y0, x1, y1],
"Analysis": "Detailed analysis of the association between the content of this area and the geographical location under the original image context."

]

</Analyze>

<Think>

Provide a detailed, step-by-step breakdown of your comprehensive reasoning process to infer the most likely country and city. Strictly follow these requirements
for your thinking.

1. Core evidence synthesis: Synthesize and aggregate the unique visual features and geographic association clues from ALL boxes in <Analyze> (avoid repeating
single-box details; focus on integrating overlapping/ complementary/ key features into a set of core evidence points). List each core evidence point with specific,
consolidated details (e.g., landscape types, architectural styles, man-made facilities, vegetation, climate-related traits).

2. Geographic feature correlation: For each synthesized core evidence point, explicitly link it to the specific geographic, climatic, cultural or infrastructural
characteristics of a certain region/country (explain why this feature is typical of the region, not just a general trait).

3. Logical reasoning chain: Connect the correlated geographic features step by step to narrow down the scope from "continent/hemisphere" to "country", then to
"specific city/coastal town". Clearly demonstrate how the combination of core evidence points excludes other possible regions and uniquely points to the target
location.

4.Conflict resolution (skip this part if no conflicts exist): If there is any conflicting or ambiguous visual information across different Box analyses, resolve it with
sufficient geographic and logical reasoning.

5. Conclusion justification: Conclude with the most likely country and city, and summarize how the synergy of all synthesized core evidence matches the known
geographical characteristics of this location.

Pengcheng Zhou, Xuanyu Liu, Yanchen Yin, Bobo Li, Shengqiong Wu, Mong-Li Lee, and Wynne Hsu

Given an input image and its corresponding
geographic location reasoning output, please
judge whether the entire reasoning process is
valid.

Criteria for 'yes':

1. In the <Analyze> section: All described
visual features are consistent with the actual
content in the image.

2. In the <Think> section: The reasoning logic
is coherent, and does not rely solely on a single
geographic feature unless no other identifiable
objects or visual clues exist in the image.

3. In the <Answer> section: The country and
city fields are filled with specific, concrete place
names, and do NOT contain 'Not specified',
'Unknown’, or other vague expressions.

Criteria for 'no":

If ANY of the above three conditions is not met,
output 'no'.

</Think> Note: Only output 'yes' or 'no' directly, without

<Answer> any additional text. Do NOT judge whether the
"country": "", "city": " final city/country is factually correct.

\</Answer> VAN J

Figure 13: Prompts in SFT and GRPO.

@ HoloGeo

-
%7 Qwen3.5-35B-A3B

<Think>
1. Core evidence synthesis: The visual features point towards a historical
urban 'y Georgian architecture, Gothic Revival

| <Aaie>
‘The architecture of

[['yes', 0.6722], ['n
"The', 0!

0.3175], ['Yes', 0.0040],

[Based, 0.0011]] Final score: [0.6805]
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s indicative of Brit }
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appears to be ina
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0, 152( 140,
vesidential buildings and a ch
which is renowned for its Ge
</Analyze>

19], "Analysi: image's setting
videnced by the bare

, "Analysis": "The combination of
h reflects the urban layout of Bath,
) architecture.”}

religious structures, and British urban design elements such as the rec
telephone box. These features collectively suggest a location within the

\n 2. Geographic feature correlation: The architectural
ings aligns with the Georgian period prevalent in cities like
Bath, England. The Gothic Revival style of the church is typical of M
era construction, common in British churches. The red hone box
distinctively British feature. \n 3. Logical reasoning chain: The combination
of these architectural and infrastructural clues uniquely points to Barh,
England, as the most probable location. Thns exclusmnary process Tules out
other cities due to the specific
that are uniquely associated with Bath. \n 4. Cnnﬂlctresalutmn There are no
conflicting visual information points as all core evidence points converge
towards the same geographical location without contradiction. \n 5.
Conclusion justification: The synergy of all synthesized core evidence

of Bath, its rich

matches the known
historical and architectural heritage.

</Think>
<Answer> \n"country": "United Kingdom", "city": "Bath"\n</Answer>

1. In the <Analyze> section: The analysis cuneclly identifies key visual
elements present in the image: the Georgian-style building, the Gothic
Revival church tower, the red telephone box and the hare trees lndl(a(mg
winter. These descriptions are factually consistent with the provided
image content.
2.In the <Think> section: The logic Iol]ows a coherem chain. It

izes multiple i clues
climate) to narrow down the location from "UK" (0 n ath." It exphcl(ly
avoids relying on a single feature by combining evidence. However, many
UK cities have Georgian architecture and red phone boxes. The text states,
"This exclusionary process rules out other cities,” which is a weak
argument given that the visual evidence could apply to Bristol, York, or
London.
3. In the <Answer> section: The output format is perfect. It provides
specific country ("United Kingdom") and city ("Bath") names. It strictly
adheres to the constraint of not using vague expressions like "Unknown.”

Figure 14: A case of Rcir.
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Figure 15: Comparison of the BI and BH distribu-
tions between Qwen2.5-VL-7B-Instruct and HoloGeo on
LandmarkBias-3K.

based on coarse landmark-level similarity rather than robust geo-
graphic evidence. In contrast, our model remains less susceptible
to such dominant visual bias: instead of over-relying on a single
prominent structure or stylistic cue, it integrates more holistic scene
context, aggregating complementary evidence from settlement lay-
out, architectural composition, and surrounding landscape, which
leads to the correct localization in Khotyn, Ukraine.

F.2 BI and BH Distribution Analysis
To further assess whether HoloGeo mitigates landmark bias at the
model-behavior level, we compute BI and BH for Qwen2.5-VL-7B-

Instruct and HoloGeo on LandmarkBias-3K. As shown in Figure 15,
compared with Qwen2.5-VL-7B-Instruct, HoloGeo exhibits BI and
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BH distributions that are more concentrated in lower-value regions,
with markedly shorter high-value tails. This indicates that HoloGeo
reduces excessive landmark anchoring and mitigates the harmful
influence of misleading landmarks on accurate localization, further
validating its effectiveness in alleviating landmark bias.

F.3 More Case Examples

Figures 18 and 19 present additional successful examples of Holo-
Geo on LandmarkBias-3K and IM2GPS, respectively. Across these
cases, the model does not rely solely on a single salient landmark
or iconic structure. Instead, it integrates broader scene evidence,
such as architectural style, urban or settlement layout, surround-
ing vegetation, traffic patterns, textual signs, and environmental
context, and then combines these complementary cues to infer the
correct location. This further supports our main claim that Holo-
Geo is able to mitigate over-reliance on dominant landmark cues
and make more robust geo-localization decisions through evidence-
driven reasoning. Figure 20 shows several failure cases on IM2GPS.
A common pattern is that these examples come from relatively
uncommon or underrepresented countries or regions, where the
visual evidence is less frequently observed during training. In such
cases, although the model can still capture some coarse regional
characteristics, its geographic knowledge is insufficient to reliably
distinguish rare locations from more familiar visually similar ones,
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Table 4: The values of each hyperparameter.

Symbol Description Value
Supervised Fine-Tuning (SFT) Configuration
I Initial learning rate 1x107*
Tora LoRA rank 64
Mora LoRA alpha 128
Plora LoRA dropout 0.05
birain Per-device training batch size 1
Linax Maximum sequence length 8192
Fwarm Warmup ratio 0.05

GRPO Reinforcement Learning Configuration

Ln Initial learning rate 1x107°
G Group size 8
t Sampling temperature 0.7
B KL divergence coefficient 0.001
Tora,rl LoRA rank 64
Qoraxl LoRA alpha 128
Ploraxl LoRA dropout 0.05
Limaxrl Maximum sequence length 8192
Leomp Maximum completion length 1024
T'warm,l Warmup ratio 0.01
A Weight of Rgeo 1.2
A Weight of Rpox 0.3
A3 Weight of Rerr 0.5
Afmt Welght of Rformat 1.0
a City-level weight in Rgeo 0.8
TioU IoU threshold in Ry 0.6
LLM Fudge Configuration
budge Sampling temperature 0.2
Liaxjudge Maximum generation tokens 5
Lorob Return log probabilities True
ktop Number of top logprobs 5

which leads to incorrect predictions. These results indicate that,
beyond reducing landmark bias, further improvement also requires
broader and more fine-grained geographic knowledge coverage for
long-tail locations.

G Model Cross-Validation

To examine whether the proposed BH and Bl signals are tied to a spe-
cific backbone, we compare the predictions of InternVL3-78B [76]
and Qwen2.5-VL-72B [2] on the full evaluation set (Figure 17). Since
different VLMs may produce scores on different numeric scales, we
assess cross-model consistency at the level of relative trends rather
than raw score values. Specifically, for each metric (BH or BI), we
partition each model’s predictions into three equal-frequency bins
based on its own score distribution, corresponding to low, medium,
and high terciles.

Based on these tercile assignments, we compute two agreement
measures. The exact-match ratio is the proportion of samples as-
signed to the same tercile by both models. The adjacent-or-better
ratio counts samples whose assignments differ by at most one ter-
cile, treating only low-versus-high cases as strong disagreements.
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This formulation captures whether the two models preserve a con-
sistent coarse ordering of samples despite differences in score scale.
As shown in Figure 17, both metrics exhibit substantial cross-model
consistency. For BH, 54.88% of samples fall into the same tercile and
83.62% into the same or an adjacent tercile. For B, the agreement
is even stronger, with 57.46% exact matches and 96.00% adjacent-
or-better consistency. These values are significantly higher than a
random assignment baseline, indicating that the relative ordering
induced by BH and Bl is largely preserved across model families.
The row-normalized confusion matrices further illustrate this be-
havior. Each row corresponds to a tercile assigned by InternVL
and each column to a tercile assigned by Qwen. Diagonal entries
indicate exact agreement, near-diagonal entries reflect mild shifts,
and corner entries correspond to cross-extreme disagreements. The
matrices show that most discrepancies occur between neighboring
bins, while extreme contradictions (low vs. high) are rare, particu-
larly for BL.

Overall, these observations suggest that the BH and BI patterns
capture stable, model-agnostic patterns of landmark-induced bias,
rather than artifacts specific to a particular VLM backbone.

H Limitation

Although our proposed HoloGeo model has achieved excellent
geolocalization performance on multiple public datasets, it still
has certain limitations. First, since the training data mainly comes
from existing datasets such as MP-16 [29] and GLDv2 [61], the
data distribution is somewhat biased, resulting in poor recognition
performance of the model in remote areas, underrepresented land-
forms, and data-sparse regions. Second, the current model still relies
on supervised training with annotated datasets, which incurs cer-
tain training costs. In addition, the social impact of geolocalization
models deserves equal attention. Caution should be exercised in
real-world applications to guard against potential privacy leakage
risks. The usage must be strictly regulated to prevent it from being
used for illegal tracking, facilitating criminal activities, or violating
personal privacy and spatial security.
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Ukraine, Khotyn @ HoloGeo Ukraine, Khotyn

"Box": [0, 724, 3976, 1200], "Analysis": "The rural landscape with scattered houses and fields
indicates a setting that is common in Eastern Europe, particularly Ukraine. " "Box": ......
1. Core Evidence Synthesis: Medieval fortifications, Orthodox religious architecture with green
domes, an Eastern European settlement layout, and a rural landscape typical of Ukraine together
indicate strong Ukrainian cultural heritage.
2. Logical Reasoning Chain: The combination of medieval fortress design, Orthodox religious
architecture, and a rural Eastern European settlement pattern points to Ukraine. Among Ukrainian
landmarks, these features most specifically match Khotyn Fortress, which is well known for its
historical significance and preserved cultural setting.

: 3. Conflict Resolution: There are no conflicting visual information points, as all observed evidence
Geo-R1 Moldova consistently aligns with the geographical and cultural context of Ukraine.
4. Conclusion Justification: The full set of architectural, cultural, and landscape cues strongly
| supports identifying the location as Khotyn Fortress in Ukraine.

The image shows a medieval fortress with

three pointed towers, situated on a hillside /
overlooking a river. The fortress has a stone GeoChat Moldova
wall and a small white church with green

domes nearby. The surrounding area features The image shows a medieval fortress with three pointed towers, situated on a hillside overlooking a

flat farmland and a river, which is typical of river. The fortress has a stone wall and a small white building nearby, possibly a church or museum.

the Dniester River valley in Moldova. The The surrounding area features Moldovan-style houses and farmland, indicating a rural setting. The

architectural style suggests it might be Eastern | | oreen dome-roofed structure resembles Romanian Orthodox churches, suggesting a Moldovan location.
Orthodox, common in Moldova.

Figure 16: Case study: Reasoning comparison of three different models on the same input image. Reliable geographic information
identified by the models is annotated in the text.

Cross-model tercile agreement for BH and BI
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Figure 17: Cross-model validation of BH and BI based on tercile agreement between InternVL3-78B and Qwen2.5-VL-72B. The
confusion matrices show that coarse relative trends are largely consistent across model families.
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Russia, Moscow

@ HoIoGeoQ

U

N

"Box": [68, 107, 169, 520], "Analysis": "The church has a red and white color scheme, onion-shaped domes, and crosses, which are characteristic of
Russian Orthodox architecture." "Box": [188, 135, 414, 472], "Analysis": "This church also shows Russian Orthodox features such as onion-shaped
domes and ornate detailing, reinforcing the same geographic context." "Box": ......
1. Core Evidence Synthesis: Architectural Style: The churches display Russian Orthodox architectural elements, including red and white colors,
onion-shaped domes, and crosses. Urban Context: The coexistence of historical religious structures and modern buildings indicates a contemporary
urban environment. Geographic Feature Correlation: Russian Orthodox Architecture: These features strongly suggest Russia. Mixed Historic and
Modern Skyline: This combination is consistent with Moscow's urban landscape.

2. Logical Reasoning Chain: The church architecture points to a Russian cultural setting. The surrounding modern residential and commercial
buildings indicate a large contemporary city. The combination of historic religious landmarks and modern urban development is most consistent
with Moscow, Russia.
3. Conflict Resolution: There are no conflicting visual cues across the boxes.

4. Conclusion Justification: The consistent Russian Orthodox architectural style and the mixed historic-modern urban setting strongly suggest
Moscow, Russia.

@ HoIoGeoQ

"Box": [0, 0,367, 318], "Analysis": "The image shows a canal with historic buildings featuring brick facades, and Venetian-style
details." "Box": ......

1. Core Evidence Synthesis: Architecture: Brick facades, small windows, and decorative details match Venetian design. Canal Scene:
The canal, boats, and railings indicate a water-adapted setting. Historical Context: Weathered buildings reflect historical heritage.
Geographic Feature Correlation: These features point to Italy, especially Venice.

2. Logical Reasoning Chain: The architecture suggests a historic Italian setting. The canal and boats indicate a city centered on
waterways. Together, these cues are most consistent with Venice, Italy.

3. Conflict Resolution: No conflicting visual cues are present.

4. Conclusion Justification: The canal setting and Venetian-style historic architecture strongly suggest Venice, Italy.

@ HoIoGeoQ

"Box": [67, 139, 138, 317], "Analysis": "The red lettering resembling Japanese characters suggests a Japanese commercial or cultural
setting." "Box": [119, 19, 159, 209], "Analysis": "Kyoto Tower is a prominent landmark in Kyoto, Japan, identifiable by its distinctive
design." "Box": ......

1. Core Evidence Synthesis: Landmark: Kyoto Tower is a strong indicator of Kyoto. Architecture: The surrounding buildings reflect urban
Japanese design. Infrastructure: The bus stop and signage are consistent with Japanese urban infrastructure. Geographic Feature Correlation:
These features point to Japan. specifically Kyoto.

2. Logical Reasoning Chain: Kyoto Tower suggests Kyoto directly. The architectural style and urban infrastructure support a Japanese city
setting. Together, these cues are most consistent with Kyoto, Japan.

3. Conclusion Justification: The presence of Kyoto Tower and the surrounding Japanese urban environment strongly suggest Kyoto, Japan.

Ukraine, Kremenchuk @ HoIoGeoO

"Box": [798, 326, 1420, 2008], "Analysis": "The left tower displays the text 'CJTABCSI VKPATHO' together with the Ukrainian trident symbol,
clearly indicating a connection to Ukraine." "Box": [2035, 348, 2645, 2018], "Analysis": "The right tower banner welcomes visitors to Kremenchuk.
explicitly pointing to a city in Ukraine." "Box": ......

1. Core Evidence Synthesis: Text and Symbols: The Ukrainian-language slogan and the national trident symbol strongly indicate Ukraine. Place
Name: The banner directly mentions Kremenchuk, providing a specific city cue. Scene Context: The bridge entrance and passing vehicles suggest an
active urban transportation route. Geographic Feature Correlation: The national symbols identify the country as Ukraine, while the city name narrows
the location to Kremenchuk.

2. Logical Reasoning Chain: The Ukrainian text and trident symbol establish the national context. The explicit reference to Kremenchuk identifies
the city directly. The bridge setting and traffic further support that this is a real urban location rather than a symbolic display. Together, these cues are
most consistent with Kremenchuk, Ukraine.

3. Conclusion Justification: The combination of Ukrainian national symbols, Ukrainian-language text, and the direct mention of Kremenchuk
strongly supports the conclusion that the image is from Kremenchuk, Ukraine.

France, Les Mathes

@ HoloGeo 0

"Box": [68, 179, 1806, 2368], "Analysis": "The image shows a stone church with Gothic features and a clock tower, consistent with
France." "Box": [2036, 1188, 4024, 2628], "Analysis": "The adjacent building suggests a rural town setting." "Box": ......

1. Core Evidence Synthesis: Architecture: The church’s Gothic style is consistent with French religious architecture. Place Name: The sign
Les Mathes La Palmyre Zoo' directly points to Les Mathes. Scene Context: The surrounding buildings and vehicles suggest a maintained
rural commune. Geographic Feature Correlation: These cues point to France, specifically Les Mathes.

2. Logical Reasoning Chain: The Gothic church suggests a historic French setting. The sign provides a direct location clue. The rural
surroundings further support Les Mathes, France.

3. Conclusion Justification: The French-style church and the direct mention of Les Mathes strongly suggest Les Mathes, France.

@ HoloGeo 0

~

"Box": [498, 0, 1867, 1288], "Analysis": "The pink brickwork and decorative stone facade suggest a Mediterranean architectural style consistent
with Catalonia, Spain." "Box": [0, 0. 560, 2858], "Analysis": "The stone construction and arched entryways reflect medieval European architecture."
"Box":
1. Core Evidence Synthesis: Architecture: The warm-toned brickwork, decorative stone facade, arches, and stone walls suggest a historic
Mediterranean urban setting. Environment: The ivy-covered wall and outdoor dining area add to the impression of a preserved, tourist-friendly
historic town. Geographic Feature Correlation: These features are consistent with Catalan Gothic and other historic architectural styles found in
northeastern Spain, especially Girona.

2. Logical Reasoning Chain: The building materials and facade details point to a Mediterranean historic city. The stone construction and arched
entryways support a medieval European context. The outdoor seating and overall atmosphere fit a well-preserved Spanish old town. Together, these
cues are most consistent with Girona, Spain.

3. Conclusion Justification: The combination of Mediterranean-style architecture, medieval stone elements, and the historic urban atmosphere
strongly suggests Girona, Spain.

Figure 18: More correct cases of HoloGeo on LandmarkBias-3K.
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India, Bangalore @ HoIoGeoQ

"Box": [0, 0, 1036, 756], "Analysis": "The image shows English signage, dense urban traffic, common Indian vehicles,
tropical greenery, and buildings consistent with an Indian cityscape. These features suggest a busy warm-climate urban area
in India." "Box": ......

1. Core Evidence Synthesis: English signage, urban building style, heavy traffic, locally common vehicles, and tropical
vegetation together indicate a dense city environment in India.

2. Logical Reasoning Chain: The English signage suggests a prominently English-using urban setting. The traffic, vehicles,
and architecture point to a large Indian city. The greenery and tropical trees suggest southern India. Together, these cues are
consistent with Bangalore.

3. Conflict Resolution: There are no major conflicting visual cues; the evidence consistently supports an urban Indian
location with a warm climate.

4. Conclusion Justification: The combination of signage, traffic patterns, vehicle types, architecture, and vegetation
supports the conclusion that the image is from India, with Bangalore as the proposed city.

£ "country": "India", "city": "Bangalore"
\ J/

"Box": [0, 0, 756, 917], "Analysis": "The image shows ornate European-style buildings, German signage, a sign for 'Hotel Goldener Hirsch,' and a
mountainous backdrop. These features suggest a historic city center in Austria." "Box": [368, 0, 756, 917], "Analysis": "The right side of the image
shows traditional European-style buildings with ornate signage, typical of historic city centers like Salzburg." "Box": ......

1. Core Evidence Synthesis: The main cues are traditional European facades, German-language signage, the 'Hotel Goldener Hirsch' sign, and
nearby mountains.

2. Logical Reasoning Chain: The architecture and signage point to a historic German-speaking European city. The mountains narrow it toward
Austria. The 'Hotel Goldener Hirsch' sign makes Salzburg a plausible match.

3. Conlflict Resolution: There are no major conflicting visual cues; the architectural, linguistic, and geographic elements support the same
interpretation.

4. Conclusion Justification: The combination of historic European architecture, German signage, and mountainous surroundings supports the
conclusion that the image is from Austria, with Salzburg as the proposed city.

"country": "Austria", "city": "Salzburg"

Bosnia and Herzegovina, Mostar @ HoIoGeoQ

i- "Box": [0, 12, 1036, 644], "Analysis": "The image shows a historic town with a fortress-like structure, stone houses, and a

i minaret. These elements suggest a Balkan setting with strong Ottoman and Islamic architectural influence." "Box": ......

1. Core Evidence Synthesis: The main cues are medieval-style fortifications, traditional stone houses with Balkan features,
and a visible minaret indicating Islamic cultural influence.

2. Logical Reasoning Chain: The fortress and stone residential buildings point to a historic Balkan town. The minaret and
Ottoman-style architecture further narrow it to Bosnia and Herzegovina. Together, these features are consistent with Mostar.
3. Conflict Resolution: There are no major conflicts among the visual clues; the architectural elements support the same
regional interpretation.

4. Conclusion Justification: The combination of historic fortification, Ottoman-influenced buildings, and Islamic religious
architecture supports the conclusion that the image is from Bosnia and Herzegovina, with Mostar as the proposed city.
"country": "Bosnia and Herzegovina", "city": "Mostar"

U J

F w "Box": [0, 52, 934, 667], "Analysis": "The image shows traditional rabelo boats, the Dom Luis I Bridge, and a historic riverside
% : urban landscape. These features strongly indicate Porto, Portugal." "Box": ......
f t---| 1. Core Evidence Synthesis: The main cues are the traditional rabelo boats, the distinctive steel arch of the Dom Luis I Bridge,
and the historic cityscape along the river.
i T H 2. Logical Reasoning Chain: The boats point to the Douro River region and Porto’s wine-transport heritage. The bridge is a
.. strong landmark cue for Porto. The surrounding historic urban landscape further matches the city.

£ 3. Conflict Resolution: There are no major conflicting visual cues; the boats, bridge, and cityscape all support the same
location.
4. Conclusion Justification: The combination of rabelo boats, the Dom Luis I Bridge, and the riverside historic setting
supports the conclusion that the image is from Portugal, with Porto as the proposed city.
L "country": "Portugal", "city": "Porto" )

United Kingdom, London @HoIoGeo Q

"Box": [0, 0, 756, 1036], "Analysis": "The image shows a dense urban street with modern glass buildings, multiple cars, and distinctive taxis.
These features suggest a major city in the United Kingdom, especially London." "Box": [109, 474, 251, 636], "Analysis": "The iconic red taxi seen
in the image is a well-known symbol of London." "Box": [474, 465, 637, 640], "Analysis": "The black cab with the license plate 'LX51 CFCZ' is
another hallmark of London's transportation system." "Box": [0, 0, 756, 559], "Analysis": "The overall urban environment, including the mix of
historical and modern architecture, is typical of central London." "Box":
1. Core Evidence Synthesis: The main cues are the modern urban skyline, busy street traffic, and the presence of iconic taxis associated with
London.

2. Logical Reasoning Chain: The mix of modern architecture and dense traffic points to a major global city. The distinctive taxis strongly narrow
it to London. Together, these features are consistent with central London.

3. Conflict Resolution: There are no major conflicting visual cues; the transportation and cityscape elements support the same interpretation.

4. Conclusion Justification: The combination of recognizable taxis, urban traffic, and London-style architecture supports the conclusion that the
image is from the United Kingdom, with London as the proposed city.

"country": "United Kingdom", "city": "London"

-

"Box": [168, 24, 1036, 281], "Analysis": "The image shows a city street with neoclassical-style buildings, public
transportation, pedestrians, and street vending. These elements suggest a historic European-style urban setting consistent
with Russia." "Box": ......

1. Core Evidence Synthesis: The main cues are the neoclassical architecture, cohesive historic urban layout, presence of
buses, and everyday street activity.

2. Logical Reasoning Chain: The architecture and city layout point to a historic European-style city. The building style is
consistent with Russian urban centers, and the overall scene supports a large Russian city. Together, these features are
consistent with Saint Petersburg.

3. Conflict Resolution: There are no major conflicting visual cues; the architecture, transport, and street scene support the
same interpretation.

4. Conclusion Justification: The combination of neoclassical buildings, urban layout, and street activity supports the
conclusion that the image is from Russia, with Saint Petersburg as the proposed city.

"country": "Russia", "city": "Saint Petersburg"
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Figure 19: More correct cases of HoloGeo on IM2GPS.
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Belize, Cristo Rey @ HoloGeo 3¢
o :

"Box": [0, 0, 867, 756], "Analysis": "The image shows an outdoor market with fresh produce such as bananas, papayas, and
vegetables, suggesting a tropical setting." "Box": [249, 346, 860, 589], "Analysis": "The variety of tropical fruits and vegetables
indicates a warm climate suitable for such produce." "Box": ......

1. Core Evidence Synthesis: Market Scene: The open-air market, wooden stalls, and active commerce suggest a local community
market. Produce: Bananas, papayas, plantains, and vegetables indicate a tropical climate. Environment: The tarpaulin coverings and
informal setup suggest a rural or semi-urban setting with less formal infrastructure. Geographic Feature Correlation: These cues
point broadly to a tropical region and are consistent with informal markets in sub-Saharan Africa.

2. Logical Reasoning Chain: The tropical produce suggests a warm climate. The informal market structure and community-based
commerce are consistent with smaller towns or cities in developing regions. Together, these cues point broadly to sub-Saharan
Africa, with the original reasoning favoring Ghana, specifically Accra.

3. Conclusion Justification: The tropical produce, informal market layout, and overall atmosphere support the original conclusion
of Accra, Ghana, though the evidence is more region-level than city-specific.

Antigua and Barbuda, English Harbour @ HoIoGeox”i

e

~

"Box": [0, 221,416, 997], "Analysis": "The image features an agave plant, which is characteristic of arid and semi-arid environments often found
in warm coastal regions." "Box": [0, 568, 672, 1036], "Analysis": "The rocky terrain and sparse vegetation suggest a dry coastal landscape."
"Box": ......

1. Core Evidence Synthesis: Vegetation: The agave plant is a strong indicator of an arid or semi-arid climate. Landscape: The rocky ground,
sparse vegetation, and cliff-like coastal edge suggest a dry natural environment rather than a dense urban or forested area. Ocean Scene: The deep
blue ocean, waves, and open shoreline reinforce a warm coastal setting. Geographic Feature Correlation: These combined cues are consistent
with volcanic or subtropical coastal regions, and the original reasoning associates them with the Canary Islands, especially Tenerife.

2. Logical Reasoning Chain: The agave and sparse vegetation point to a dry, sunny climate. The rocky terrain and coastal cliffs suggest a volcanic
or island-like shoreline rather than an inland setting. The combination of arid vegetation, ocean views, and rugged coast is consistent with
landscapes found in the Canary Islands. Together, these cues support the original conclusion of Tenerife, Spain, more specifically Santa Cruz de
Tenerife.

3. Conclusion Justification: The agave, rocky coastal terrain, sparse vegetation, and ocean scenery support the original conclusion of Santa Cruz
de Tenerife, Spain, although the evidence is stronger at the regional or island-environment level than at the exact city level.

Dominica, Portsmouth @ HoloGeo$¢

(- ~

"Box": [0, 867, 755, 924], "Analysis": "The image shows a rural settlement with modest houses, suggesting a small town or village in a
tropical region." "Box": [283, 867, 388, 919], "Analysis": "The building style is consistent with warm-climate architecture seen in island
settings." "Box": ......

1. Core Evidence Synthesis: Settlement: The modest houses, open fields, and simple residential structures suggest a rural or semi-rural
community. Environment: The bright sky, tropical vegetation, and lush misty mountains indicate a humid tropical climate. Landscape: The
mountainous terrain suggests an island or coastal highland setting. Geographic Feature Correlation: These combined cues are consistent with
tropical island environments, and the original reasoning associates them with the Caribbean, especially Dominica.

2. Logical Reasoning Chain: The rural housing and warm-climate architecture suggest a small settlement in a tropical region. The lush green
mountains and misty peaks point to a humid island landscape rather than a flat mainland environment. Together, these cues support the
original conclusion of Dominica, more specifically Roseau.

3. Conclusion Justification: The rural settlement, tropical vegetation, and misty mountainous backdrop support the original conclusion of
Roseau, Dominica, though the evidence is stronger at the island or regional level than at the exact city level.

@ HoloGeo

"Box": [448, 67, 819, 596], "Analysis": "The building with arched windows and a balcony reflects Mediterranean architecture."
"Box": [0, 0, 402, 756], "Analysis": "The stone buildings, shutters, and awnings are typical of coastal European towns." "Box": ......
1. Core Evidence Synthesis: Architecture: The arched windows, balconies, stone construction, and pinkish facade suggest a
Mediterranean historic setting with Venetian influence. Environment: The outdoor seating, umbrellas, greenery, and potted plants
indicate a tourist-friendly coastal atmosphere. Geographic Feature Correlation: These features are consistent with the Dalmatian
coast of Croatia, and the original reasoning links them to Hvar.

2. Logical Reasoning Chain: The stone buildings and Mediterranean design suggest a historic coastal town. The outdoor dining
setup and decorative greenery support a popular tourist destination. Together, these cues support the original conclusion of Hvar.
Croatia.

3. Conclusion Justification: The Mediterranean architecture, Venetian-influenced details, and tourist-oriented coastal atmosphere
support the original conclusion of Hvar, Croatia.

Figure 20: Some failure cases of HoloGeo on IM2GPS.
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