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Abstract

Aerial Vision-and-Language Navigation (VLN) requires
UAVs to locate language-specified goals in large-scale ur-
ban environments, where objects often appear small and vi-
sually ambiguous from high-altitude viewpoints. Existing
methods largely follow a reactive paradigm common in in-
door VLN, repeatedly updating navigation states from local
observations while underutilizing the geospatial structure
that remains stable during navigation. As a result, visu-
ally similar distractors can cause a reactive goal search
to repeatedly reinforce locally plausible goal hypotheses
based on passively accumulated evidence, leading to un-
reliable localization. To address this, we propose GeoRea-
soner, a robust framework that shifts the paradigm of Aerial
VLN from reactive trial-and-error to geospatial-guided ac-
tive reasoning. Specifically, GeoReasoner first performs
pre-search geospatial reasoning to derive region-level pri-
ors and constrain the goal hypothesis space. Building on
these, it further conducts hypothesis-driven exploration to
actively acquire discriminative evidence and refine com-
peting goal hypotheses. Finally, consistency-aware goal
verification adversarially assesses complementary evidence
sources before stopping, hence reducing premature or erro-
neous goal confirmations. Experiments on the real-world
CityNav benchmark demonstrate that GeoReasoner sets a
new SOTA among zero-shot Aerial VLN methods while com-
peting favorably with supervised approaches.

1. Introduction

Aerial Vision-and-Language Navigation (Aerial VLN) [16,
19] is an emerging embodied navigation task that aims
to guide unmanned aerial vehicles (UAVs) to language-
specified goals in large-scale outdoor environments. To

reach the goal, the UAV must understand geospatial descrip-
tions from an aerial perspective and reason about relations
among landmarks, roads, regions, and surrounding contex-
tual objects. This capability is essential for practical UAV
applications, including logistics, emergency response, and
traffic monitoring [9, 13, 25].

Despite recent progress, existing Aerial VLN meth-
ods [3, 10, 16, 19, 30] still largely follow a reactive goal-
search paradigm commonly adopted in indoor VLN [1,
15]: the UAV agent first observes the current scene, updates
its internal navigation state or spatial memory from newly
acquired visual evidence, and then selects the next action or
waypoint. This paradigm is reasonable in indoor environ-
ments, where the navigable space is limited, external spatial
priors are often unavailable, and target locations are largely
inferred from local observations. However, city-scale aerial
scenes are much larger and more open-ended, while high-
altitude views make local visual observations more ambigu-
ous. In such settings, the relatively stable geographic struc-
ture of urban environments tends to provide more reliable
relational cues for goal localization.

Yet reactive navigation driven primarily by local evi-
dence underutilizes these geospatial cues, leaving multi-
ple candidates locally plausible from partial observations
and causing goal localization to degenerate into trial-and-
error. More importantly, this reactive paradigm relies on
evidence passively accumulated along the navigation trajec-
tory, rather than actively exploiting geospatial cues to con-
strain and compare competing hypotheses. As a result, the
agent may become trapped by a locally plausible distrac-
tor as seemingly supportive evidence continues to accumu-
late and reinforce the wrong hypothesis. Such reinforce-
ment can persist even when the hypothesis conflicts with
the broader geospatial relations implied by the instruction,
eventually leading to premature or erroneous stopping.
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Figure 1. Overview of our framework. Unlike conventional reac-
tive Aerial VLN methods that search for the goal through trial-and-
error from passively acquired observations, GeoReasoner exploits
geospatial knowledge as a prior before search to constrain the goal
hypothesis space, actively acquires discriminative evidence to re-
solve competing goal hypotheses, and verifies multi-source con-
sistency before stopping.

To address these issues, we propose a shift from re-
active trial-and-error to geospatial-guided active reason-
ing for Aerial VLN, as shown in Figure 1. The key idea
is to treat geospatial knowledge as an actionable prior
that constrains the goal hypothesis space before search-
ing, guides informative evidence acquisition during navi-
gation, and supports reliable goal verification before stop-
ping. Based on this idea, we introduce GeoReasoner,
a geospatial-guided active reasoning framework that orga-
nizes goal search in Aerial VLN into three stages: Pre-
search Geospatial Reasoning, Hypothesis-Driven Active
Exploration, and Consistency-Aware Goal Verification.

Concretely, GeoReasoner first parses language-derived

spatial constraints and transforms them into region-level
geospatial priors, allowing the UAV to constrain the goal
hypothesis space before goal-directed exploration. Dur-
ing navigation, rather than passively evaluating local can-
didates, the agent performs hypothesis-driven active explo-
ration: it reasons over candidate goal regions, actively seeks
discriminative evidence to assess and refine competing hy-
potheses under geospatial constraints, then progressively lo-
calizes the goal through iterative observation and reasoning.
Before stopping, GeoReasoner employs an adversarial de-
bate mechanism to verify whether the predicted goal is con-
sistently supported by the instruction, geospatial structure,
visual observations, and navigation history. The resulting
assessment further informs whether additional exploration
or re-planning is necessary. In this way, GeoReasoner es-
tablishes a geospatial-guided active reasoning paradigm for

Aerial VLN, resolving ambiguous goal hypotheses while

improving the reliability of goal localization in complex ur-

ban environments.
In summary, our contributions include:

* We introduce GeoReasoner, a geospatial-guided active
reasoning framework that recasts Aerial VLN from reac-
tive trial-and-error into active goal disambiguation, mak-
ing geospatial knowledge actionable through navigation.

* We develop the Pre-search Geospatial Reasoning and
Hypothesis-Driven Active Exploration schemes, which
transform geospatial constraints into competing goal hy-
potheses and shift goal localization from passive observa-
tion accumulation to hypothesis-driven evidence seeking.

* We introduce a Consistency-Aware Goal Verification
mechanism based on adversarial debate that allows stop-
ping when the predicted goal is sufficiently supported by
multiple complementary evidence sources, encouraging
decisions based on consistent evidence rather than iso-
lated cues.

» Extensive evaluations on CityNav show that GeoRea-
soner achieves SOTA zero-shot performance, consis-
tently improving navigation success and localization ro-
bustness while narrowing the gap to supervised methods.

2. Related Work

Vision-and-Language Navigation (VLN). In this task, em-
bodied agents are required to ground natural-language in-
structions in visual observations and navigate toward spec-
ified goals [1]. Existing methods have progressively im-
proved long-horizon navigation through historical context
and structured spatial representations, such as HAMT [5]
and DUET [6]. Recent approaches further leverage large
vision-language models to enhance semantic understanding
and instruction-guided decision making in navigation [11,
28, 31]. These advances have substantially strengthened
instruction grounding, spatial reasoning, and long-horizon
decision making in VLN, providing a solid foundation for



extending language-guided navigation to aerial platforms.

Aerial Vision-and-Language Navigation. Different from
conventional VLN, Aerial VLN operates from high-altitude
viewpoints over large-scale urban environments, where tar-
gets are often visually ambiguous while instructions involve
broader geographic relations. Aerial VLN [19] first estab-
lishes the task in continuous 3D urban environments, while
CityNav [16] further advances toward real-world city-scale
navigation, where goals are often described through land-
marks and geographic relations. Building on them, subse-
quent methods progressively strengthen planning and rea-
soning capabilities. CityNavAgent [30] and HTNav [10]
strengthen long-horizon planning through hierarchical sub-
goals and multi-level decision making, respectively. Flight-
GPT [3] enhances semantic reasoning with vision-language
models, and HETT [8] incorporates historical context into
coarse-to-fine navigation. Despite advances, most Aerial
VLN methods still inherit the observation-driven paradigm
of indoor VLN, making limited use of relatively sta-
ble geospatial information and localizing goals from pas-
sively acquired observations. More recent efforts have
moved toward exploiting such spatial cues more explicitly:
GeoNav [27] incorporates geographic priors for coarse-to-
fine navigation, while LookasideVLN [22] leverages direc-
tional relations for more informed path planning. However,
their spatial reasoning mainly determines where to navigate,
while evidence is obtained as a consequence of navigation
rather than deliberately acquired to distinguish competing
goal hypotheses. This passive acquisition can expose the
UAV agent to accumulated distractors or ambiguous ob-
servations, making goal search error-prone. Our proposed
GeoReasoner also exploits geospatial priors, but goes be-
yond navigation assistance by using them to form compet-
ing goal hypotheses, identify what evidence is needed and
decide where to acquire it.

MLLM-based Spatial Reasoning. Recently, MLLMs
have progressively evolved from visual understanding to-
ward explicit spatial reasoning. To enhance 3D spatial per-
ception, ShapeLLM [23] and SpatialLLM [21] introduce
geometry-aware representations and spatially informed de-
signs. Building on this capability, Thinking in Space [29]
and Liu et al. [17] further strengthen spatial reasoning
through explicit cognitive maps and cross-view correspon-
dences. Moving beyond spatial understanding, RingMo-
Agent [12] extends MLLM reasoning to embodied deci-
sion making and long-horizon navigation. Despite these ad-
vances, existing benchmarks still reveal limitations in com-
plex spatial relations and orientation [7, 26], highlighting
the need for more explicit and reliable spatial reasoning.

3. Method

3.1. Overview

Problem formulation. We follow the standard Aerial
VLN setting of CityNav [16]. Given a natural-language
instruction Z, a UAV is required to localize the re-
ferred goal in a large-scale urban environment. At
each timestep ¢, the agent receives a top-down RGB-D
observation O, = {O{” O} and its current pose
p: = (x4, Y, 2¢,04,11), where (z¢,y:,2;) denotes the
3D position and (6¢,v;) denote the pitch and yaw an-
gles. The agent selects an action a; € A, where A =
{forward, left,right,ascend,descend, stop}.
Additionally, the agent has access to lightweight geospatial
information such as geographic entity names and their
spatial contours. Since the absolute goal location is unavail-
able, the agent must infer it from the instruction, geospatial
structure, and sequential observations. An episode is
considered successful when the agent issues stop within
the prescribed distance threshold of the ground-truth goal.
GeoReasoner framework. As illustrated in Figure 2, Geo-
Reasoner formulates goal search as a three-stage geospatial-
guided active reasoning process. First, Pre-search Geospa-
tial Reasoning (Section 3.2) extracts fine-grained spatial
constraints from the instruction and grounds them using
the available geospatial information to construct region-
level goal hypotheses, before initiating goal-directed ex-
ploration. Second, Hypothesis-Driven Active Exploration
(Section 3.3) verifies these regions in ascending plausibil-
ity order, instantiates representative object-level hypotheses
within feasible regions, and actively acquires discriminative
evidence for unresolved candidates. Finally, Consistency-
Aware Goal Verification (Section 3.4) jointly evaluates lin-
guistic, geospatial, visual, and historical evidence to deter-
mine whether to stop, trigger targeted exploration when ev-
idence remains insufficient, or reject conflicting hypotheses
and initiate re-planning.

3.2. Pre-search Geospatial Reasoning

Navigation instructions often intertwine geographic land-
marks with fine-grained contextual cues surrounding the
goal. However, these cues differ in spatial granularity,
and treating them as a single unit may introduce ambiguity
rather than improve goal localization. To address this, Geo-
Reasoner establishes geospatial priors before visual search
while preserving contextual cues for subsequent verifica-
tion. The resulting feasible regions are organized into com-
peting region-level hypotheses to guide active exploration.
Fine-grained Constraint Disentanglement. To distin-
guish geographic constraints and visually grounded contex-
tual relations, we first employ the LLM to decompose the
navigation instruction Z into

P = (g7£u678g78l)a (l)
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Figure 2. Detailed workflow of our framework. GeoReasoner progressively constrains, refines, and verifies goal hypotheses through
three stages: (1) Pre-search Geospatial Reasoning disentangles geographic constraints and contextual cues to generate region-level
goal hypotheses. (2) Hypothesis-Driven Active Exploration instantiates object-level hypotheses through initial waypoint exploration and
actively seeks discriminative evidence to refine competing hypotheses when necessary. (3) Consistency-Aware Goal Verification employs
adversarial reasoning to assess multi-source evidence and guide navigation decisions.

where g denotes the goal description, £ represents geo-
graphic landmarks, and C = {c¢; }jvgl contains individual
contextual entities surrounding the goal. We explicitly pre-
serve the goal—context relations as

Sy ={(g:m5 )15y 5 2

where 7; denotes the spatial relation between the goal and
contextual entity c;. The remaining landmark-related spa-
tial constraints are represented by

Sy = { (g, i, vi) L 3)

Here, u; and v, denote the entities involved in the k-th
landmark-related constraint, r; specifies their spatial rela-
tion, and K is the number of such constraints.
Region-level Hypothesis Generation. We then ascend di-
rectly from the starting point to altitude h; to obtain a high-
altitude overview of the surrounding layout, grounding the
extracted landmarks in the available geospatial informa-
tion and translating their spatial relationships into geomet-
ric constraints. For instance, at-corner-of restricts feasible
locations to the vicinity of a specified street intersection,
while relations such as near, next-to, in-front-of, and op-
posite further constrain proximity or relative position when
their reference entities are geographically grounded. To re-
duce incorrect pruning caused by ambiguous instructions or
imprecise geospatial contours, the LLM further reviews and
refines the resulting search regions.

Although geographic constraints narrow the search
space, multiple regions may remain plausible due to incom-
plete or ambiguous spatial relations. Rather than selecting

a single region, GeoReasoner maintains competing region-
level hypotheses. Specifically, the LLM assesses each re-
tained region against the grounded landmarks and spatial
constraints, estimating its geospatial plausibility while iden-
tifying supporting evidence and unresolved relations. This
yields the region-level hypothesis set
= (] = (251 @
where €); denotes the j-th feasible region, sf represents
its geospatial plausibility score, and Ny is the number of
retained regions, bounded by K,. The exploration order
jointly considers geospatial plausibility and visiting effi-
ciency. Since coarse geospatial priors may be misleading,
GeoReasoner prioritizes less plausible regions to challenge
competing hypotheses and avoid premature confirmation.
At the same time, the UAV agent initializes a global
memory to retain the supporting evidence and unresolved
constraints from &;, together with goal-context relations
from S, requiring visual verification. The initial memory
is defined as
Nr
Jj=1’

Minie = {(7, €], U} (5)

where SJR contains the geographic evidence supporting €2;,
and UJR records its unresolved spatial constraints and goal—
context relations requiring further verification.

3.3. Hypothesis-Driven Active Exploration

While region-level hypotheses identify plausible goal ar-
eas, precise localization requires visual grounding and fur-
ther spatial reasoning. Therefore, within each hypothesis



region, GeoReasoner first visits planned waypoints to in-
stantiate object-level goal hypotheses, then employs MLLM
reasoning to assess the acquired evidence, identify unre-
solved cues, and actively guide targeted observations when
necessary for hypothesis disambiguation and refinement.
Coarse-to-Fine Candidate Instantiation. Within each
feasible hypothesis region €2;, we descend to altitude ho
for detailed observation and employ the MLLM (Qwen3.8-
Flash [24]) to reason over the geographic configuration,
instruction-derived spatial constraints, and UAV camera
coverage to select a small number of waypoints for initial
observation. The UAV then visits these waypoints to ac-
quire visual observations and corresponding poses for sub-
sequent candidate localization.

Afterwards, SAM 3 [4] is utilized to extract object masks
as proposals from the acquired visual observations, which
are further filtered by the MLLM based on the goal appear-
ance described in g. The retained proposals are localized
using the corresponding observations and UAV poses, and
spatially redundant detections are merged into representa-
tive candidates using a radius 7merge. Each candidate is then
associated with its parent region and relevant instruction-
derived spatial constraints, preserving unresolved relations
for subsequent active disambiguation. The resulting object-
level hypothesis set is defined as

He ={H) = (hivousi)}fi’ﬁ, (6)

where h; = (g,S;) denotes the semantic-spatial hypothe-
sis, with S; representing the goal-context relations requir-
ing verification for candidate . o; and s; denote its esti-
mated geographic location and initial plausibility, respec-
tively. Each hypothesis inherits the geographic constraints
of its parent region. Up to K}, representative hypotheses are
prioritized for initial detailed inspection, while the remain-
ing candidates are retained.

Discriminative Evidence Seeking. Initial observations
from a limited number of waypoints may lack sufficient vi-
sual and contextual details to distinguish competing goal
hypotheses, leaving multiple plausible object-level hy-
potheses H° after initial filtering. To address this ambi-
guity, we apply the MLLM to evaluate these hypotheses
against the full instruction, the initial observations, and evi-
dence accumulated in the global agent memory M. Candi-
dates with explicit contradictions are eliminated, while the
remaining hypotheses are compared to identify unresolved
visual and contextual cues that can distinguish them.

When the available evidence is insufficient to resolve
these cues, the MLLM determines appropriate observation
strategies according to the nature of each cue and its spa-
tial context. Fine-grained target details may require closer
or lower-altitude inspection, whereas contextual objects are
sought in areas inferred from their spatial relations to the
candidate, such as the opposite roadside for a car described

as across from the goal. When additional observations are
needed, the MLLM combines these observation require-
ments with the current UAV pose and exploration history to
actively select targeted observation waypoints that can help
distinguish competing hypotheses. When multiple supple-
mentary waypoints are identified, they are organized into an
efficient exploration route by solving a Traveling Salesman
Problem (TSP) [2]. The UAV then executes navigation ac-
tions a; € A toward the selected waypoints, acquiring ad-
ditional observations O;4; and corresponding poses pi41
of the candidate objects or their surrounding areas. Supple-
mentary observation attempts are limited to a total budget
B, per episode.

The MLLM then organizes evidence from the initial and,
when available, supplementary observations into a struc-
tured record for each relevant hypothesis:

Bf = (nﬁvug’cg)v (7
where n! summarizes the evidence assessed at step ¢, u}
records the cues that remain unresolved, and c§ indicates
whether the evidence supports, contradicts, or suggests re-
vising the hypothesis. The resulting record is incorporated
into the global agent memory:

M1 = Update (Mt,Bf) . ()

Based on the updated memory, GeoReasoner refines candi-
date locations using available observations and their corre-
sponding UAV poses when more accurate estimates become
available. The accumulated visual and contextual evidence
further guides hypothesis re-ranking and the elimination of
inconsistent candidates. The refined hypothesis set is repre-
sented as
N,

He = {1g = (hi,0i,5) ) " ©)

=1

where 6; and §; denote the refined location and updated
plausibility, respectively, and N}, is the number of surviving
hypotheses. The refined hypotheses #° and accumulated
agent memory M are subsequently passed to consistency-
aware goal verification for the final navigation decision.

3.4. Consistency-Aware Goal Verification

Even after active evidence seeking and hypothesis refine-
ment, the highest-ranked candidate may lack decisive evi-
dence distinguishing it from competing alternatives. Hence,
we perform a final check to assess its consistency with the
instruction-specified visual attributes and spatial relations,
and determine whether the accumulated evidence is suffi-
cient for goal confirmation.

Adversarial Consistency Verification. Given the refined
hypotheses H° and global agent memory My, we in-
troduce a single-round debate among three role-specific



MLLM agents to verify the leading hypothesis against com-
peting alternatives. Specifically, the proponent constructs a
supporting argument by identifying visual, contextual, and
geospatial evidence consistent with the navigation instruc-
tion. Conversely, the opponent challenges this argument
by identifying potential contradictions and examining al-
ternative hypotheses that could also explain the observed
evidence.

The adjudicator then evaluates both arguments by exam-
ining whether the visual attributes and contextual relations
of each hypothesis are jointly consistent with the instruc-
tion, geographic constraints, and observations accumulated
throughout exploration, while leveraging the navigation his-
tory to identify supporting or contradictory evidence from
previously visited locations. Based on this consistency as-
sessment, it rules out competing hypotheses that contradict
verified evidence while retaining those whose distinguish-
ing cues remain unresolved. This process prevents the lead-
ing hypothesis from being accepted solely on the basis of
its relative plausibility.

For each hypothesis H ;€ #e, the adjudicator summa-
rizes supporting, contradictory, and unresolved evidence in
a structured assessment &;, and assigns a verification state:

y; € {supported,insufficient,conflict},
(10)
where supported indicates sufficient evidence con-
sistency with no substantial competing ambiguity,
insufficient denotes unresolved evidence or viable
alternatives, and conflict indicates an explicit violation
of essential constraints.
Navigation Decision and Execution. The adjudicator’s
verdict directly guides the final navigation decision. A sup-
ported hypothesis is accepted as the goal, while targeted
evidence seeking is resumed only when unresolved cues
could alter the decision. If further informative observations
are infeasible, GeoReasoner performs a budget-constrained
fallback selection among the remaining non-conflicting hy-
potheses, rather than treating insufficient evidence as ver-
ified goal confirmation. When all candidates are rejected,
re-planning is triggered to revisit region-level hypotheses
using accumulated evidence, allowing previously excluded
regions to be reconsidered.

Let Houry = {f[f | y; # conflict} denote the sur-
viving hypotheses. When fallback selection is required, the
agent performs evidence voting over the adjudicator’s exist-
ing assessments:

YO _ Vote ({(Hf,ei)}me%m) .an

Let 0, € {0, 1} indicate whether further informative ex-
ploration has been exhausted. The navigation decision fol-

lows the ordered rules:

STOP(H™), di: y; = supported,
REPLAN, Heoure = 0,

dy = (12)
EXPLORE, ne =0,
STOP(H"°*), otherwise,

where H* denotes the hypothesis confirmed by the adjudi-
cator, and STOP(H) denotes navigating to the estimated
location of H before issuing the stop action. The number of
additional re-planning attempts is limited to Ry, ax. If all hy-
potheses remain conflicting after exhausting the re-planning
budget, the episode terminates without a verified goal. By
evaluating competing hypotheses through adversarial rea-
soning and consistency checks, GeoReasoner mitigates pre-
mature goal commitment while preserving the efficiency of
targeted exploration.

4. Experiments

4.1. Experimental Setup

Dataset. We conduct experiments on CityNav [16],
a real-world aerial VLN benchmark containing 32,637
instruction-trajectory pairs for 5,850 target objects across
Cambridge and Birmingham, covering 4.65 km?2. The
dataset comprises 22,002 training, 2,498 validation-seen,
2,826 validation-unseen, and 5,311 test-unseen episodes.
Following [10], we further evaluate navigation performance
across three difficulty levels (Easy, Medium, and Hard)
based on the start-to-goal distance.

Evaluation Metrics. Following CityNav [16], we adopt
four metrics: Navigation Error (NE), Success Rate (SR),
Oracle Success Rate (OSR), and Success weighted by Path
Length (SPL). NE measures the final distance to the goal,
while SR and OSR evaluate whether the UAV reaches
within 20 m of the goal at termination or during navigation,
respectively. SPL further accounts for navigation efficiency
by incorporating path length into task success.
Comparison Methods. We compare GeoReasoner with 11
aerial VLN baselines, including conventional observation-
driven methods (Seq2Seq+GSM [14, 16], CMA+GSM [14,
16], AerialVLN+GSM [16, 19], and MGP [16]), re-
cent learning-based approaches (FlightGPT [3], RingMo-
Agent [12], HETT [8], HTNav [10], and Drone-
Nav [18]), and geographically informed methods (Flight-
GPT+GPOD [3, 20] and GeoNav [27]).

Implementation Details. GeoReasoner operates in a zero-
shot setting, employing Qwen3.8-Flash [24] for multimodal
reasoning and SAM 3 [4] for object proposal generation.
For pre-search stage, we retain at most K; = 6 feasible
regions and perform an initial high-altitude observation at



Table 1. Comparison with state-of-the-art methods on the original CityNav benchmark. NE is measured in meters, while SR, OSR, and
SPL are reported as percentages. Best and second-best results are highlighted in bold and underline, respectively.

Test-Unseen

Val-Unseen Val-Seen

NE| SR} OSRt SPLt NE| SRt OSRT SPLT NE| SRt OSR{ SPLt

279 78.60 5.13 1090 4.65 5850 843 17.31 7.28
405 759 438 929 390 68.0 625 1328 5.40
5.16 7277 635 1524 5.06 56.6 10.16 22.20 7.89
6.08 75.10 5.84 22.19 5.56 59.70 8.69 35.51 &.28
19.24 68.10 14.69 29.33 13.24 66.10 17.57 30.26 15.78
26.85 61.88 24.77 39.14 22.75 61.56 23.86 36.71 21.83

2092 61.6 1699 30.11 16.66 35.7 45.81 57.07 45.59
17.01 62.10 17.48 25.09 14.46 45.20 25.16 48.40 23.01
19.63 59.80 15.85 34.43 13.55 47.20 28.30 47.92 25.07
20.38 63.5 15.06 25.81 13.27 543 18.94 36.65 17.37

Method Learning Setting

Seq2Seq+GSM 98.10 3.81 13.92
CMA+GSM 946 4.68 12.01
Aerial VLN+GSM 85.1 6.72 18.21
MGP 93.80 6.38 26.04
FlightGPT Supervised 76.20 21.20 35.38
FlightGPT+GPOD 54.85 29.15 44.94
RingMo-Agent 64.2 21.15 33.79
HETT 7290 22.97 39.30
HTNav 68.50 22.23 41.02
DroneNav 74.9 2247 30.22
GeoNav Zero-shot 73.5 259 41.6
GeoReasoner 38.97 37.77 59.63

16.0 641 169 355 99 58.6
27.85 49.60 35.14 61.36 26.57 43.07 35.27 62.77 26.93

21.8 399 123

Table 2. Navigation performance across different difficulty levels on the original CityNav Test-Unseen split. Best and second-best results

are highlighted in bold and underline, respectively.

Method Learning Setting Easy Medium Hard

NE]/ SRt OSRft SPL1T NE| SRT OSRf SPLtT NE| SRt OSRft SPLt
Seq2Seq 238.80 3.07 14.70 2.64 24650 043 3.87 0.38 253.10 048 438 044
CMA Supervised 260.70 0.49 16.69 044 24120 1.10 7.67 1.09 253.80 096 1.64 0.95
MGP P 9890 6.15 39.89 548 9090 6.29 2147 621 90.00 6.80 12.10 6.78
HTNav 68.90 19.99 45.18 14.94 68.20 20.40 39.44 18.69 68.10 2191 34.14 21.11
GeoNav Zero-shot 66.1 26.1 40.1 152 538 229 396 171 689 167 229 125
GeoReasoner 36.63 39.40 64.27 24.75 39.65 37.84 60.68 29.21 41.43 35.45 52.13 30.59

hy = 100m. For active exploration stage, detailed obser-
vations are conducted at ko = 50 m, with spatially redun-
dant SAM 3 proposals merged within ryerge = 9m. Up
to K, = 9 representative candidates are selected for initial
inspection, and supplementary observations are limited to
B, = 4 attempts per episode. For goal verification stage,
we employ a single-round adversarial debate, allowing at
most R,.x = 2 additional re-planning attempts.

4.2. Experimental Results

Quantitative Comparisons. Table | compares GeoRe-
asoner with supervised and zero-shot methods on City-
Nav. Despite requiring no task-specific training, Geo-
Reasoner outperforms all methods across all metrics on
unseen splits, including supervised ones. On Val-Seen,
GeoReasoner achieves the highest OSR of 62.77%, while
RingMo-Agent leads in the remaining metrics, potentially
benefiting from task-specific training on seen environments.

Compared with reactive navigation methods, rang-

ing from conventional ones (Seq2Seq+GSM, CMA+GSM,
and MGP) to recent reasoning-based methods (Flight-
GPT, FlightGPT+GPOD, HETT, and HTNav), GeoRea-
soner achieves substantial improvements. Across both un-
seen splits, GeoReasoner surpasses the best supervised
methods, reducing NE by up to 15.88 m while improving
SR, OSR, and SPL by up to 10.37, 22.22, and 3.82 points,
respectively. These consistent gains, achieved without task-
specific training, highlight the superiority of geospatial-
guided active reasoning over reactive navigation paradigms.

Compared with the zero-shot GeoNav, which leverages
geospatial priors to guide navigation but still acquires ev-
idence as a consequence of exploration, GeoReasoner re-
duces Test-Unseen NE by 34.53 m while improving SR,
OSR, and SPL by 11.87, 18.03, and 11.85 points, respec-
tively. This substantial improvement highlights the ad-
vantage of shifting from passive exploration to hypothesis-
driven active reasoning, where discriminative observations
are deliberately acquired to resolve competing hypotheses.



Table 3. Navigation results on the Hard subsets of CityNav. Best and second-best results are highlighted in bold and underline, respectively.

Test-Unseen-Hard

Val-Unseen-Hard Val-Seen-Hard

Method Learning Setting

NE| SRT OSRfT SPLT NE| SRt OSRf SPLT NE| SRt OSR?T SPLT
HETT Supervised 45.14 24.00 42.51 21.97 58.84 18.87 32.01 17.04 41.40 27.95 43.74 25.89
FlightGPT P 73.01 23.09 35.51 22.05 69.92 14.99 23.22 14.20 71.97 14.62 25.50 13.90
GeoNav (Qwen3.8-Flash) Zero-shot 59.90 12.16 25.38 10.59 77.87 9.71 21.09 854 71.87 854 19.77 7.00

Ours (Qwen3.8-Flash)

41.43 3545 52.13

30.59 54.32 34.51 55.78 29.79 47.79 33.10 54.74 28.21

Robustness across Navigation Difficulties. We also eval-
uate GeoReasoner’s robustness under increasing navigation
difficulty. As shown in Table 2, GeoReasoner achieves the
best results across all metrics on Easy, Medium, and Hard
episodes. Notably, its SR decreases by only 3.95 points
from Easy to Hard, compared with a 9.40-point drop for
GeoNav. On Hard episodes, GeoReasoner achieves 35.45%
SR and 52.13% OSR, outperforming HTNav by 13.54 and
17.99 points, respectively.

We further examine robustness across the three Hard
evaluation splits in Table 3. Our zero-shot method, Geo-
Reasoner, consistently surpasses the supervised HETT and
FlightGPT in SR, OSR, and SPL. Moreover, using the same
MLLM (Qwen3.8-Flash) as the reproduced GeoNav, Geo-
Reasoner still achieves SR improvements of 23.29, 24.80,
and 24.56 points across the three splits, respectively. These
results confirm the robustness of our geospatial-guided ac-
tive reasoning framework under challenging conditions.

Table 4. Ablation results of GeoReasoner on Test-Unseen.

Variant NE] SRf OSR?tT SPLt
Full 38.97 37.77 59.63 27.85
w/o Hypothesis 5421 29.49 4831 19.51

w/o Exploration Memory 4735 33.65 5349 22.57
w/o Consistency Verification 46.13 32.91 55.70 24.36
w/o Active Evidence Seeking 52.68 30.62 49.33 20.37
w/o Adversarial Debate 42.18 35.79 59.33 26.52

Ablation Study. Table 4 evaluates the contributions of
key components in GeoReasoner. Removing geospatial hy-
potheses (w/o Hypothesis) causes the largest degradation,
increasing NE by 15.24 m and reducing SR and SPL by 8.28
and 8.34 points, respectively. This demonstrates the impor-
tance of constraining the search space before exploration.
Without exploration memory (w/o Exploration Mem-
ory), SR and SPL decrease by 4.12 and 5.28 points, high-
lighting the importance of accumulating evidence for in-
formed exploration. Disabling active evidence seeking (w/o
Active Evidence Seeking) leads to substantial drops of 7.15
and 10.30 points in SR and OSR, respectively, demonstrat-
ing the effectiveness of targeted observations in resolving

spatial ambiguity and locating the goal.

For goal verification, replacing adversarial debate with
direct MLLM assessment (w/o Adversarial Debate) reduces
SR by 1.98 points, while removing consistency verification
(w/o Consistency Verification) results in a larger decline of
4.86 points. The latter also decreases OSR by 3.93 points,
highlighting the role of consistency verification in resolving
ambiguous hypotheses and improving goal localization.
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in of the nearby parking lot. There's a red car directly left of it, and there's a yellow hat red car. (birmingham_block_5)
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Instruction | (b) The longest rectangle grass part of the courtyard to the Gonville & Caius College Chapel. (cambridge_block_8)
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Figure 3. Qualitative comparison on CityNav. Recorded trajecto-
ries of GeoReasoner and three other methods in (a) fine-grained
vehicle localization and (b) landmark-guided goal localization.

Qualitative Results. Fig. 3 compares navigation trajecto-
ries in two challenging scenarios involving ambiguous vi-
sual targets and complex spatial relationships. In (a), Geo-
Reasoner leverages road and building layouts to narrow the
search region, then actively distinguishes the target white
car from similar vehicles using spatial relations to nearby



cars (NE: 2.04 m). In (b), identifying the correct rectangular
grass region among similar courtyards is challenging, while
GeoReasoner combines geospatial priors with targeted ex-
ploration and consistency verification to achieve an NE of
11.83 m. Unlike baselines that may follow misleading spa-
tial cues, GeoReasoner effectively resolves spatial ambigu-
ity through active evidence acquisition, enabling more ac-
curate and reliable localization.

5. Conclusion

We present GeoReasoner, which advances aerial VLN be-
yond reactive search through geospatial-guided hypothesis
generation, active evidence seeking, and consistency-aware
verification. Experiments demonstrate superior zero-shot
performance and robustness across navigation difficulties.

LLM Usage Statement

We used Qwen3.8-Flash for multimodal reasoning in our
proposed framework and ChatGPT (OpenAl) for language
polishing and manuscript refinement. All research design,
experimental results, and scientific claims were verified by
the authors.
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