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Abstract. Aerial geo-localization is increasingly essential for large-scale
spatial retrieval. To overcome the limitations of single-retrieval systems
caused by modality-specific uncertainty in open environments, this paper
introduces the unified Aerial Multi-view Geo-localization (AMGL) task.
However, when applying universal multimodal retrieval paradigms to this
task, the semantic bias introduced solely by textual instructions fails to
resolve and reconstruct the differentiated distribution structures neces-
sary for cross-view alignment. Consequently, this paper proposes the Rec-
tified Embedding Flow Learning (REFL) framework, formulating cross-
domain alignment as a directed conditional distribution transport pro-
cess. Initially, REFL employs velocity-prior flow learning to fit continuous
ordinary differential equation trajectories, deriving transformation priors
that map single-view distributions to a latent shared manifold. Subse-
quently, a trajectory-guided embedding rectification mechanism contin-
uously transports query features to the target view distribution, explic-
itly compensating for distribution shifts. Extensive evaluations on the
Aerial MVGL benchmark demonstrate that REFL achieves state-of-the-
art performance, yielding an average R@1 of 44.83% and R@10 of 65.85%.
The code and benchmark are available at https://github.com/rhao-
hur/REFL.

Keywords: Aerial Geo-localization · Multi-view Geo-localization · Con-
ditional Distribution Transport · Cross-view Alignment

1 Introduction

Geo-localization aims to estimate real-world target coordinates by aligning local
queries with geo-referenced global databases, with applications including drone
navigation, autonomous driving, and disaster rescue [4, 9, 28]. Compared with
ground-based approaches [18, 32, 37] that are constrained by visual occlusions
and limited fields of view, aerial geo-localization enables large-scale deployment
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in unmapped regions while avoiding terrain obstacles. Existing research on aerial
geo-localization primarily focuses on three types of single retrieval tasks: Natu-
ral Language-Guided Satellite Localization [20, 26]; Visual Cross-View
Geo-localization [35, 36]; and Natural Language-Guided Drone Local-
ization [4, 7]. However, in open-world environments, modality-specific uncer-
tainties limit the effectiveness of single-retrieval systems. Specifically, 1) visual
representations may degrade under changing illumination, adverse weather con-
ditions, and sparse landmarks; 2) text queries often introduce semantic ambigu-
ity; and 3) unimodal systems may fail when the required modality is unavailable.
To address these limitations, we introduce a unified task, Aerial Multi-view
Geo-localization (AMGL). AMGL formulates geo-localization as a directed
cross-domain retrieval problem by integrating multiple retrieval pathways within
a unified architecture, which can also be regarded as a subtask of generalized
multimodal retrieval.

In recent years, significant progress has emerged in both multi-view geo-
localization and general multimodal retrieval. Song et al. [29] introduce the tri-
view (ground, drone, satellite) GeoLoc dataset, achieving multi-view localization
via unified natural language anchors. For general multimodal retrieval, Wei et
al. [31] construct the M-BEIR benchmark and propose the UniIR framework,
mapping instruction-guided queries and multimodal candidates into a shared
space to unify cross-modal retrieval. Building upon this, Lin et al. [16] inte-
grate multimodal large language models (MLLMs) into general retrieval to ef-
fectively handle interleaved text-image queries. However, existing multi-view geo-
localization methods [29] rely on domain-specific fine-tuning, independent visual
encoders, and strictly aligned tri-view and text data, resulting in non-unified
architectures, high data acquisition costs, and restricted deployment. Universal
retrieval paradigms [31] differentiate retrieval intents via textual instructions and
employ MLLMs [8, 13, 16, 24, 30] for complex retrieval scenarios, but their high
latency limits real-time deployment. Although lightweight MLLMs improve effi-
ciency, the reduced model capacity renders textual instructions alone insufficient
for AMGL scenarios.

General multimodal retrieval primarily deals with open-domain data exhibit-
ing large inter-category variance (shown in Figure 1(c)). In such scenarios, tex-
tual instructions typically introduce global semantic biases to guide distinct re-
trieval intentions (e.g., Image→Image, Image→Text). At the feature distribution
level, this bias can be approximated as coarse adjustments of the mean (∆µ) and
variance (∆σ2), shifting the query distribution (Q) toward candidate distribu-
tions (C1, C2) within a shared embedding space (shown in Figure 1(a)). In con-
trast, AMGL data forms dense, fine-grained sub-distributions within the open
domain (shown in Figure 1(d)). Samples concentrate in visually and semantically
homogeneous geographic environments (e.g., trees, buildings, roads), resulting in
minimal differences between the query distribution (Q′) and the candidate dis-
tributions (C ′

1, C ′
2). Such pronounced aggregation considerably compresses the

feature distribution boundaries, rendering mere global shifts inadequate for re-
constructing the distinct distribution structures necessary for precise cross-view
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A red, white, 
and blue plane 
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Two computers 
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a desk.

A dog sits in 
the front seat 

A cat pausing 
as it's picture 

This is an aerial view of a city block with 
multiple buildings and trees. There is a 
group of buildings, some of which have 
red roofs and white siding. There is a 
smaller building with a driveway leading 
to the street. The buildings have several 
windows on each floor and a flat roof. 
There are several brick buildings in the 

The image shows an aerial view of a group of 
buildings with red roofs and white columns. The 
main object is a large brick building with several 
windows and a central tower. The building is 
surrounded by trees and has a courtyard in the 
front. On the right side, there are smaller 
buildings with red roofs and white columns that 
appear connected to the main object.

This is an aerial view of a city block with 
several buildings. The main object is a 
large, red brick building with white trim. It 
has several windows on each floor and a 
flat roof. There are several trees in the 
foreground and cars parked on the street. 
On the left side, there is a smaller white 
building with blue trim and a driveway 
next to it.

Positive Sample of

(c) Data Distribution in General Multimodal Retrieval

(a) Coarse-grained Distribution Shift

(b) Fine-grained Distribution Shift (d) Data Distribution in the AMGL Task

Fig. 1: Comparison of feature distribution shifts between general multimodal retrieval
and AMGL, where Q (Q′) and C1 (C′

1), C2 (C′
2) denote query and candidate feature

distributions, respectively. (a) General retrieval aligns Q with C1, C2 via coarse-grained
macroscopic shifts (∆µ, ∆σ2). (b) AMGL requires fine-grained non-linear transforma-
tions (Φ1, Φ2, Φ

′
1, Φ

′
2) to align Q′ with C′

1, C
′
2. (c) Open-domain data exhibits large

inter-category variance, where global semantic biases suffice for alignment. (d) AMGL
data forms dense, fine-grained sub-distributions within the open domain, where shared
elements between positive and negative samples are color-coded identically, resulting
in minimal inter-distribution divergence between positive and negative samples.

alignment. Specifically, when a single query view (e.g., drone imagery) must si-
multaneously align with text (modality-level semantic alignment) and satellite
imagery (view-level geometric alignment), embeddings biased solely by textual
instructions cannot explicitly model the underlying fine-grained cross-view dis-
tribution shifts or alignment directions. This results in failure to satisfy both
objectives simultaneously. As illustrated in Figure 1(b), precise alignment re-
quires implementing fine-grained nonlinear distribution transformations (e.g.,
Φ1, Φ2, Φ

′
1, Φ

′
2) tailored to distinct retrieval intentions.

To address the above issues, we propose Rectified Embedding Flow Learn-
ing (REFL), which formulates cross-view alignment as a two-stage conditional
distribution transport process. First, Velocity-Prior Flow Learning (FL) is intro-
duced. With the pre-trained Multimodal Large Language Model (MLLM) frozen,
FL fits a parameterized velocity field to construct continuous Ordinary Differ-
ential Equation (ODE) trajectories from view-specific distributions to a latent
shared manifold distribution. This stage learns priors for multi-view distribu-
tion transformations, addressing the limitations of a single static feature space.
Second, Trajectory-Guided Embedding Rectification (ER) utilizes the learned
priors for the conditional transport of query features. Specifically, the query
feature distribution is first propagated to the latent manifold, then undergoes
continuous distribution transformations based on the retrieval intent, ultimately
generating embeddings aligned with the static candidate distribution. This uni-
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directional conditional transport mechanism continuously transforms query em-
beddings from the original view distribution to the aligned distribution specified
by the retrieval intent. It explicitly characterizes and rectifies fine-grained cross-
view distribution shifts, improving retrieval performance.

Besides, existing datasets are limited to single retrieval tasks and lack unified
evaluation standards. To address this, we further integrate several task-specific
datasets to construct the Aerial MVGL Benchmark, which eliminates the strict
dependency on simultaneous tri-view and text alignment [29].

In summary, the main contributions are as follows:

1. We establish the Aerial MVGL Benchmark by integrating existing domain-
specific datasets, unifying aerial geo-localization under a directed multi-view
retrieval paradigm.

2. We propose Rectified Embedding Flow Learning (REFL), which explicitly
models and rectifies fine-grained cross-view distribution shifts via conditional
flow-based transport.

3. We conduct comprehensive experiments, demonstrating the effectiveness and
robustness of REFL across complex geo-localization scenarios.

2 Related Work

2.1 Cross-view and Cross-modal Geo-localization

Vision-based cross-view retrieval relies on strictly paired images. Zheng et al. [35]
introduced the University-1652 benchmark for UAV–satellite matching, followed
by SUES-200 [36] and DenseUAV [5] for multi-altitude evaluation and real-
world UAV scenarios. Natural language queries provide a more flexible retrieval
paradigm. Early remote sensing image–text retrieval focused on deep semantic
alignment [20,26]. To address multi-scale objects and redundancy in remote sens-
ing imagery, Yuan et al. [33] proposed asymmetric multimodal matching, while
Cheng et al. [3] introduced multi-level contextual attention. For UAV scenarios,
Chu et al. [4] constructed GeoText-1652, and Huang et al. [7] proposed VCSR
for fine-grained UAV image–text alignment. However, single-view retrieval of-
ten fails to capture complete environmental structures, motivating multi-view
methods. Song et al. [29] proposed the GeoBridge model, enabling joint retrieval
across UAV, street-view, and satellite imagery via semantic anchors.

2.2 Universal Multimodal Retrieval Models

To handle heterogeneous retrieval tasks within a unified framework, Wei et
al. [31] proposed the instruction-tuned universal retriever UniIR. Subsequently,
Lin et al. [16] leveraged Multimodal Large Language Models (MLLMs) to con-
struct MM-EMBED, further expanding the performance boundaries of univer-
sal retrieval. However, geo-localization poses strict real-time requirements, and
large MLLMs face inference latency bottlenecks, making multi-scale configured
models more optimal. For instance, Qwen2-VL [30] constructed a multi-scale
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vision-language foundation model via a dynamic resolution mechanism. Build-
ing on this, Jiang et al. [8] proposed VLM2Vec, utilizing contrastive learn-
ing to transform existing VLMs into unified dense retrievers. Its successor,
VLM2Vec-V2 [24], expanded supported modalities to video and visual docu-
ments by constructing the MMEB-V2 benchmark, validating the efficiency of 2B-
parameter small-scale models within a unified architecture. The recent Qwen3-
VL-Embedding [13] combined a multi-stage training paradigm with Matryoshka
Representation Learning [12] to achieve high-precision multimodal feature ex-
traction and fine-grained re-ranking within a unified representation space.

3 Methodology

This section details the proposed Rectified Embedding Flow Learning (REFL)
framework. First, we introduce the task definition of Aerial MVGL (3.1) and
briefly review the preliminaries (3.2). Subsequently, we detail the Velocity-Prior
Flow Learning (FL) (3.3) and Trajectory-Guided Embedding Rectification (ER)
(3.4) mechanisms. Finally, we present the overall optimization objective (3.5).

3.1 Task Definition

We formalize the multi-view geo-localization task as a directed retrieval task
between different distribution domains. We define the joint distribution domain
set of views as D = {Ui, Ut, Si, St}, where U and S represent the UAV and
remote sensing domains, respectively, while the subscripts i and t denote the
image and text modalities, respectively. Given a specific retrieval direction, we
define the query set as Q and the candidate set as C. To explicitly distinguish
multiple retrieval intents within a unified architecture, a query sample q ∈ Q is
constructed by concatenating the original query data xq with the corresponding
textual instruction Pq. A candidate sample c ∈ C contains only the target data
xc itself. Subsequently, a Multimodal Large Language Model (MLLM) is utilized
to extract d-dimensional features for the query and candidate, respectively (as
illustrated in Figure 2(a)):

fq = MLLM(xq, Pq) ∈ Rd, fc = MLLM(xc) ∈ Rd. (1)

The optimization objective is that for any query q, the ground-truth matching
sample c∗ retrieved from the candidate set C achieves the maximum similarity
score.

3.2 Preliminaries

Flow Matching. Continuous Normalizing Flows [2, 23, 27] model the continu-
ous transformation between complex data distributions via Ordinary Differential
Equations (ODEs). Let x0 and x1 be samples from the source and target data
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distributions, respectively. The linear interpolation path between them is defined
as:

zt = (1− t)x0 + tx1, (2)

where t ∈ [0, 1] denotes the time step. Flow Matching [17] aims to learn a param-
eterized velocity field vθ such that its generated ODE trajectory approximates
the target probability path:

dzt
dt

= vθ(zt, t). (3)

The model is optimized by regressing the target velocity field x1 − x0, with the
loss function given by:

LFM (θ) = Et,x0,x1

[
∥vθ(zt, t)− (x1 − x0)∥2

]
. (4)

During inference, continuous transformation from the source distribution to the
target distribution is achieved by numerically integrating the learned velocity
field:

x1 = x0 +

∫ 1

0

vθ(zt, t)dt. (5)

FlowBind. To handle cross-modal mappings, FlowBind [1] introduces a
learnable shared latent variable z∗ to replace the fixed Gaussian prior. For a
specific modality xi, its linear interpolation path connected to the shared latent
variable is defined as:

zit = txi + (1− t)z∗. (6)

This mechanism independently fits a velocity field vi for each modality. The
multimodal flows are decoupled within the shared latent space, enabling cross-
modal distribution transformation via this latent space.

3.3 Velocity-Prior Flow Learning (FL)

Existing universal retrieval methods typically project multimodal data into a
static shared embedding space and utilize textual instructions to drive cross-
domain alignment. However, data in the AMGL scenario exhibits a high-density
aggregation state within the feature space. For such fine-grained distributions,
relying solely on semantic constraints imposed by textual instructions is insuffi-
cient to resolve and reconstruct the structured distribution differences required
across views. To this end, this paper introduces the joint distribution modeling
mechanism proposed by Cha et al. [1]. This mechanism assumes that the data
from each view originates from a latent shared manifold distribution Mz∗ , and
learns the Ordinary Differential Equation (ODE) trajectories from each view to
a specific anchor z∗ in this space via Continuous Normalizing Flows.

As illustrated in Figure 2(b), for any given retrieval task, let the view do-
mains of the query and the candidate be Mq,Mc ∈ D, respectively. Given
a matched feature pair fq and fc (denoting the feature corresponding to view
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(b) Stage1: Flow Learning(a) Unified MLLM 
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(c) Stage2: Embedding Rectification 
(ER)

Contrastive Learning

             (C
L)

Large Language Model

 Vision 
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[Query/Gallery][Instruction] [Pad]
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Fig. 2: Overview of the Rectified Embedding Flow Learning (REFL) framework. (a)
Unified Feature Extraction: Utilizing an MLLM to extract the initial features fq and
fc from the query and candidate. (b) Velocity-Prior Flow Learning (FL): Fusing the
distribution statistics of different view domains to fit continuous Ordinary Differential
Equation (ODE) trajectories from the latent shared manifold Mz∗ to each view do-
main. (c) Trajectory-Guided Embedding Rectification (ER): Sequentially performing
reverse and forward ODE integration to transport the query feature to the target view
domain, yielding f̃q, and executing unidirectional contrastive learning with the static
candidate feature fc.

m ∈ {Mq,Mc} as fm), their multivariate Gaussian distribution statistics (mean
µm and variance σ2

m) are first extracted by a prior encoder. Subsequently, In-
verse Variance Weighting is employed to calculate the distribution parameters
of the anchor z∗ on the shared manifold Mz∗ :

σ2
z∗ =

 ∑
m∈{Mq,Mc}

1

σ2
m

−1

, µz∗ = σ2
z∗

∑
m∈{Mq,Mc}

µm

σ2
m

. (7)

The shared latent feature z∗ = µz∗ + ϵ⊙ σz∗ is obtained via reparameterization
sampling [10], where ϵ ∼ N (0, I). Subsequently, a velocity field network vθm is
independently fitted for each view domain m to construct the ODE evolution
trajectory from z∗ to fm. To prevent flow matching from learning a trivial solu-
tion, the optimization objective is decoupled into two stages: t ∈ (0, 1] and t = 0:

L(m)
flow = Et∼U(0,1]

[
∥vθm(zm,t, t)− (fm − sg(z∗))∥2

]
, (8)

L(m)
t0 = Et=0

[
∥vθm(z∗, 0)− (fm − z∗)∥2

]
, (9)

where zm,t = tfm + (1− t)sg(z∗), and sg(·) denotes the stop-gradient operation.
L(m)
flow blocks the gradient of z∗ to fit the velocity field, while L(m)

t0 allows gradient
backpropagation to optimize the prior encoder. The overall objective of the prior
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Flow Learning (FL) is given by:

LFL =
∑

m∈{Mq,Mc}

(
L(m)
flow + L(m)

t0

)
. (10)

3.4 Trajectory-Guided Embedding Rectification (ER)

Although the first stage constructs continuous transformation trajectories from
the latent manifold to the multi-view manifolds, this process does not directly
participate in the inference and generation of embedding features. The represen-
tation paradigm of the features remains essentially unchanged, still constrained
to a singular representation within a static space.

To address this limitation, this paper proposes the Trajectory-Guided Em-
bedding Rectification (ER) mechanism (as illustrated in Figure 2(c)). Given a
query feature fq from the view domain Mq and a target view domain Mc, re-
verse integration (time step t from 1 to 0) is first performed via an ODE solver.
This process inversely transports the feature to the latent shared manifold dis-
tribution Mz∗ along the velocity field vθMq

of the query view domain, obtaining
the intermediate state z∗q :

z∗q = fq +

∫ 0

1

vθMq
(zt, t)dt. (11)

Subsequently, forward integration is executed (time step t from 0 to 1). Starting
from z∗q , a continuous distribution transformation is performed along the velocity
field vθMc

of the target view domain, outputting the rectified query feature f̃q:

f̃q = z∗q +

∫ 1

0

vθMc
(zt, t)dt. (12)

Following the continuous trajectory rectification, f̃q is transported to the
target domain Mc. Since the rectified query feature f̃q and the static target
candidate feature fc reside in the same distribution domain, the InfoNCE [25]
loss is applied to perform unidirectional contrastive learning:

LER−CL = − 1

|B|
∑
i∈B

log
exp(s(f̃qi , fci)/τ)

exp(s(f̃qi , fci)/τ) +
∑

k∈Nc
exp(s(f̃qi , fck)/τ)

, (13)

where s(·, ·) denotes the cosine similarity, τ is the temperature parameter, B
represents the mini-batch, and Nc is the set of static candidate negative samples
within the batch.

3.5 Overall Objective

The training of the REFL framework is divided into two stages. In the first stage,
the backbone parameters of the Multimodal Large Language Model (MLLM)
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are frozen, and only the parameterized velocity fields are optimized. The opti-
mization objective is the prior flow loss to establish continuous transformation
trajectories from each view to the shared manifold:

Lstage1 = LFL. (14)

In the second stage, the model backbone is fine-tuned and jointly trained with
the prior flow loss:

Lstage2 = λLFL + LER−CL, (15)

where λ is a hyperparameter.

4 Experiments

4.1 Benchmark and Evaluation Metrics

To systematically evaluate the effectiveness of the unified retrieval architecture
in cross-domain scenarios, we integrate existing domain-specific datasets to con-
struct the Aerial MVGL Benchmark (statistical details are presented in Ta-
ble 1). This benchmark encompasses three categories of aerial cross-domain re-
trieval tasks: 1) Natural Language-Guided Drone Localization: Utilizing
the GeoText-1652 [4] dataset, which provides drone images paired with fine-
grained textual descriptions detailing specific spatial relationships. 2) Natural
Language-Guided Satellite Localization: To maintain granularity consis-
tency with the drone textual descriptions, we select the remote sensing fine-
grained understanding datasets FIT-RSFG [21] and VRSBench [14]. By extract-
ing their image caption subsets, we construct retrieval pairs between satellite im-
ages and fine-grained texts. 3) Visual Cross-View Geo-localization: Adopt-
ing the SUES-200 [36] and University-1652 [35] datasets to evaluate the purely
visual geometric matching accuracy of the model across varying flight altitudes
and top-down perspectives. All experiments strictly adhere to the official dataset
splits and evaluation protocols.

For evaluation, we adopt standard Recall@K (R@1, R@5, R@10) and report
the Average R@K across all subtasks to evaluate the comprehensive retrieval
performance.

4.2 Implementation Details

We build the REFL framework upon Qwen3-VL-Embedding-2B [13]. Visual in-
puts are resized to 384 × 384, and text queries are truncated to 256 tokens. Both
the prior encoder and the ODE velocity field are implemented as multi-layer
perceptrons (MLPs). Optimization uses AdamW [19] (initial learning rate 3e-5,
weight decay 0.01, linear warmup and decay) across two stages. In Stage 1 (Prior
Flow Learning), the backbone remains frozen while updating only the parame-
terized velocity field. In Stage 2 (Trajectory-Guided Correction), the backbone
is fine-tuned via LoRA [6] (r = 64, α = 128). This stage uses 16 ODE integration
steps and sets the joint training weight λ = 0.5. The contrastive temperature τ
is initialized to 0.07.
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Table 1: Dataset statistics and task definitions for the Aerial MVGL Benchmark.
Q → C denotes the retrieval direction from query to candidate. Subscripts U/S and
i/t denote the UAV/Satellite domain and image/text modality, respectively. #Train,
#Test, and #Pool denote the number of training queries, test queries, and test pool
candidates, respectively.

Task (Q → C) Dataset Instruction (shown 1 out of 4) Domain #Train #Test #Pool

1. Q(Ut) → C(Ui) GeoText-1652 Find the drone image described by
this text.

UAV Image-Text 150.7K 165.6K 55.2K

2. Q(Ui) → C(Ut) GeoText-1652 Find the text that describes this
drone image.

UAV Image-Text 150.7K 55.2K 165.6K

3. Q(St) → C(Si)
FIT-RSFG Find the satellite image described

by this text. Satellite Image-Text 65.2K 2.1K 2.1K
VRSBench 20.3K 9.3K 9.3K

4. Q(Si) → C(St)
FIT-RSFG Find the text that describes this

satellite image. Satellite Image-Text 65.2K 2.1K 2.1K
VRSBench 20.3K 9.3K 9.3K

5. Q(Ui) → C(Si)
SUES-200 Find the satellite image of the place

shown in this drone photo. UAV-Satellite Image 24.0K 16.0K 80
University-1652 37.9K 37.9K 951

6. Q(Si) → C(Ui)
SUES-200 Find the drone photo of the place

shown in this satellite image. UAV-Satellite Image 24.0K 80 16.0K
University-1652 37.9K 701 51.4K

4.3 Comparison with State-of-the-art Methods

This section evaluates the proposed REFL against existing methods on the
Aerial MVGL Benchmark. We report the R@1 and R@10 metrics for all meth-
ods across the 10 sub-tasks. The compared methods include: the semantic-
anchored method GeoBridge [29]; the baseline CLIPfs based on the universal
multimodal retrieval framework UniIR [31], and XVLMfs [34], which employs
multi-granularity vision-language pre-training within the same framework; as
well as the VLM2Vecv2-2B [24] and Qwen3-VL-Embedding-2B [13].

The results in Table 2 demonstrate that: 1) REFL achieves the best perfor-
mance across all sub-tasks, reaching an overall average R@1 of 44.83% and R@10
of 65.85%, consistently surpassing all baselines. 2) Compared with Qwen3-VL-
Embedding-2B, the current state-of-the-art in general retrieval, REFL improves
the average R@1 and R@10 by 4.06% and 3.56%, respectively. By transporting
query features toward the target distribution, REFL compensates for cross-view
shifts and improves retrieval accuracy. 3) GeoBridge relies on strictly aligned tri-
view–text data with joint constraints, whereas REFL supports directed source–
target learning. On the Aerial MVGL Benchmark, GeoBridge achieves 12.04%
R@1 and 31.92% R@10. Its reliance on complete multi-view–text alignment lim-
its modeling of retrieval directionality under paired but non-strict alignment,
leading to restricted feature alignment. In contrast, REFL handles such scenarios
without strict joint alignment, demonstrating stronger robustness. 4) Cross-view
image retrieval (Task ID 5, 6) shows higher recall than cross-modal image–text
retrieval (Task ID 1-4), indicating that image–text alignment is more challenging
in geo-localization.
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Table 2: Retrieval performance comparison on the Aerial MVGL Benchmark. Metrics
are Recall@K (%). “Avg.” denotes the mean recall averaged over all 10 sub-tasks. Best
average results are highlighted in bold.

Task# Dataset GeoBridge [29] CLIPfs [31] XVLM [34]fs VLM2Vecv2 [24] Qwen3-VL [13] Ours (REFL)

R@1 R@10 R@1 R@10 R@1 R@10 R@1 R@10 R@1 R@10 R@1 R@10

1 Geotext1652 5.17 15.39 9.03 23.94 12.05 25.42 10.77 23.65 12.48 27.71 14.27 30.05
2 Geotext1652 0.96 8.60 3.96 34.50 15.92 51.88 14.27 49.99 18.31 58.57 23.85 64.68
3 VRSBench 2.79 16.13 6.72 31.62 11.89 43.82 5.53 23.99 12.31 40.72 15.26 48.06
3 FIT_RSFG 3.81 18.55 7.75 28.64 11.47 34.35 7.99 27.12 14.13 36.30 15.56 38.34
4 VRSBench 1.40 9.69 5.92 26.82 8.33 36.11 8.31 33.02 10.57 39.36 14.23 47.17
4 FIT_RSFG 3.57 18.46 6.95 29.97 13.18 38.06 13.37 37.82 16.56 40.87 18.79 42.34
5 University1652 13.20 43.90 29.95 67.41 59.99 89.48 66.62 93.96 70.71 94.98 78.64 96.70
5 SUES-200 30.83 78.61 60.61 95.33 91.10 99.06 86.61 99.73 83.29 99.68 89.08 99.89
6 University1652 18.69 43.65 54.64 82.31 79.32 90.73 73.75 92.30 79.32 91.01 84.88 93.72
6 SUES-200 40.00 66.25 65.00 86.25 92.50 95.00 91.25 98.75 90.00 93.75 93.75 97.50

Avg. 12.04 31.92 25.05 50.68 39.57 60.39 37.85 58.03 40.77 62.29 44.83 65.85

Table 3: Ablation on the number of
Stage 1 training steps for Velocity-Prior
Flow Learning.

Stage 1 Learning Step Average Performance

mR@1 mR@5 mR@10

0k (w/o Stage 1) 42.95 58.21 64.67
100k 44.41 59.45 65.77
200k 44.45 59.11 65.53
400k 44.83 59.57 65.85

Table 4: Ablation on the number of MLP
layers in the parameterized velocity field
network.

MLP Layers Average Performance

mR@1 mR@5 mR@10

1 43.89 59.22 65.44
2 44.44 59.55 66.02
4 43.45 59.25 65.70
6 44.83 59.57 65.85

4.4 Ablation Study

In this section, we conduct extensive ablation studies on the Aerial MVGL
Benchmark to validate the core components and hyperparameters of the pro-
posed REFL framework. Average recall metrics (mR@1, mR@5, mR@10) are
employed for evaluation.

Stage 1 Training Steps for Velocity-Prior Flow Learning. With the
parameterized velocity field fixed at 6 MLP layers, we evaluate the impact of
Stage 1 training steps (as shown in Table 3). Key observations include: 1) The
introduction of Stage 1 (100k steps) raises the mR@1 of baseline (0k steps) from
the 42.95% to 44.41%. Extending the training to 400k steps achieves an optimal
mR@1 of 44.83%, demonstrating that velocity-prior flow learning successfully
encodes cross-view distribution transformation priors. 2) The negligible perfor-
mance gap between 100k and 400k steps suggests rapid convergence, yielding
effective priors at low computational cost.

Number of Layers in the Parameterized Velocity Field Network.
Keeping the Stage 1 training fixed at 400k steps, we investigate the influence
of MLP depth (Table 4). Results show that: 1) A single-layer MLP already
achieves a competitive 43.89% mR@1, indicating that the framework imposes
low demands on parameter scale. Furthermore, a 2-layer MLP (44.44%) achieves
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Table 5: Zero-shot retrieval recall (%) on ERA [7], RSICD [20], RSITMD [33] and
DenseUAV [5]. All models are fine-tuned solely on Aerial MVGL Benchmark and eval-
uated on unseen datasets without any further adaptation. All zero-shot evaluations
strictly follow official protocols.

Task ID Dataset CLIPfs [31] XVLMfs [34] VLM2Vecv2 [24] Qwen3-VL [13] REFL(w/o ER)

R@1 R@10 R@1 R@10 R@1 R@10 R@1 R@10 R@1 R@10

1 ERA 5.20 26.96 15.00 50.34 3.65 23.24 18.11 56.28 20.07 63.78
2 ERA 1.01 5.74 9.46 36.15 3.72 20.61 21.96 57.43 25.68 61.82
3 RSICD 7.04 33.67 12.08 45.65 5.67 29.64 14.82 52.24 17.20 59.47
3 RSITMD 7.74 43.36 15.27 52.43 8.85 37.17 20.35 59.29 20.35 64.38
4 RSICD 5.95 29.73 9.24 40.81 5.67 25.62 14.27 49.13 16.10 55.72
4 RSITMD 8.19 40.27 12.17 48.23 7.30 35.84 18.81 57.08 22.57 62.39
5 DenseUAV 1.29 8.83 3.56 18.65 1.03 4.85 13.89 47.90 16.21 51.54

Avg. 5.20 26.94 10.97 41.75 5.13 25.28 17.46 54.19 19.74 59.87

Table 6: Ablation study on module and loss combinations within the REFL frame-
work. LCL: standard contrastive learning on static embeddings; w/Stage 1: pre-
trained velocity-prior flow; LER−CL: trajectory-guided embedding rectification with
contrastive learning; LFL: joint prior flow loss in Stage 2.

Config. LCL w/Stage 1 LER−CL LFL
Average Performance

mR@1 mR@5 mR@10

C0 19.91 32.76 39.01
C1 ✓ 16.15 26.15 32.44
C2 ✓ 40.77 55.34 62.29
C3 ✓ ✓ 37.31 53.03 60.05

C4 ✓ 42.84 58.20 64.81
C5 ✓ ✓ 42.95 58.21 64.67
C6 ✓ ✓ 43.06 58.29 64.46
C7 ✓ ✓ ✓ 44.83 59.57 65.85

performance comparable to the 6-layer configuration. 2) The 6-layer MLP attains
the optimal mR@1 of 44.83% with the most balanced recall distribution across
all sub-tasks.

Core Module and Loss Combination. We evaluate the combined effect of
individual components (LCL, Stage 1, LER−CL, LFL) in Table 6 and Figure 3.
Our analysis reveals: 1) Under the zero-shot setting (C0 vs. C1), introducing
Stage 1 alone, absent contrastive supervision, reorganizes the feature distribu-
tion at the cost of zero-shot discriminability. 2) Trajectory-guided embedding
rectification (C4, 42.84%) surpasses standard static contrastive learning (C2,
40.77%), validating the effectiveness of continuous trajectory-conditioned trans-
port. 3) The full joint architecture (C7) achieves the optimal mR@1 of 44.83%.
Removing either the Stage 1 prior (C5) or the LFL regularization in Stage 2
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Table 7: Ablation on the joint training
loss weight λ in Stage 2.

λ
Average Performance

mR@1 mR@10

0 43.06 64.46
0.25 44.45 66.22
0.5 44.83 65.85
1.0 43.82 65.49

Table 8: In-domain ablation of the ER
mechanism on the Aerial MVGL Bench-
mark.

Method mR@1 mR@10

REFL(w/oER) 44.09 62.95
REFL 44.83 65.85

Table 9: Ablation on the number of ODE integration steps in the ER mechanism.

Integration Steps 1 2 4 8 16 32 64

mR@1 41.56 43.16 43.78 44.57 44.83 44.95 44.95

(a) (b)

Fig. 3: Per-subtask R@1 radar chart visualization for different module and loss com-
binations in Table 6. (a) Configurations C0–C3: effect of Stage 1 pre-training with and
without contrastive supervision. (b) Configurations C4–C7: effect of FL regularization
and Stage 1 prior under ER-CL training.

(C6) leads to performance degradation, confirming the complementarity of each
component.

Joint Training Loss Weight. We investigate the sensitivity of the prior
flow loss weight λ in Stage 2 (Table 7). The model achieves optimal mR@1
(44.83%) at λ = 0.5. Both an insufficient weight (λ = 0) and an excessive weight
(λ = 1.0) result in mR@1 degradation.
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This is an aerial view of a 
construction site with several 
cranes and construction vehicles 
parked on the site. The main 
object in the center of the image 
is a large, modern looking 
building with multiple floors and 
a flat roof. On the lower left side 
of the building, there is a smaller 
building with a flat roof several 

This is an aerial view of a 
suburban neighborhood with 
multiple residential buildings. 
The main object in the center of 
the image is a parking lot with 
several cars parked in it. On the 
upper left side of the main 
object, there are more residential 
buildings with parking lots  

The image shows a large parking lot 
with multiple parked cars and a 
building in the background. The 
building has multiple levels and 
appears to be made of brick and 
glass

The main object in the center of the 
image is a parking lot with multiple 
parked cars of various makes and 
models. The parking lot is located in 
front of a large building with 
multiple floors, surrounded by trees 
and greenery

The image shows a parking lot with 
multiple parked cars in the 
foreground, and a large building in 
the background with several 
windows and a roof that appears to 
be sloped. The parking lot appears to 
be paved and has lines marked on 
the ground indicating parking 
spaces. On the right side of the main 
object is a smaller, single-story 

The main object in the center of the 
image appears to be a large 
construction site with heavy 
machinery and a building under 
construction. The building is made 
of concrete and has several floors 
with windows and a flat roof. On the 
left side of the main object, there is a 
road running parallel to the 
construction site. On the right side of 

This is an aerial view of a 
construction site. The main object in 
the center of the image is a building 
with a concrete foundation and steel 
frame

The main object in the center of the 
image is a construction site for a new 
building. The building is surrounded 
by a large area of dirt and gravel, 
which is being used for the 
construction process. On the upper 
left side of the building, there is a 
parking lot with several cars parked 
in it. On the middle right side of the 
building, there is a smaller building 

In this scene, a dirt road 
meanders through the setting 
with a few trees scattered 
around, indicating a rural or 
undeveloped area. Placed 
against this backdrop, there's a 
clear view of an apron area, 
which is a specific zone typically 
used for parking, loading, 
refueling, or boarding of 

The scene presents a typical 
residential area with a collection 
of houses and a swimming pool. 
The houses are conveniently 
positioned on the corner of a 
street, making them easily 
accessible from at least two 
directions. In front of one of the 
houses, you can see a truck 
parked parallel to the curb. 

In this image, I observe a large body 
of water and a forest in the 
background. On the water, there are 
three ships situated at varying 
angles and distances from the 
perspective of the viewer. The 
closest ship to the viewer appears 
towards the right side of the body of 
water. It displays high visibility, 
indicating it's likely fully within the 

The image presents a bustling 
waterfront scene with both a body of 
water and a city skyline serving as a 
backdrop. There are four cranes in 
view, and they appear to be engaged 
in various activities typical of a busy 
port area. These cranes are 
distributed throughout the scene, 
with varying degrees of visibility, 
indicating they might be at different 

In the scene, there is a vast expanse 
of water with a couple of cranes and 
a ship visible. The ship is located 
within this body of water, and it 
seems that there are two cranes 
positioned over it. Both cranes are 
in close proximity to each other, 
having a high visibility in the image, 
suggesting they might be part of a 
maritime industrial setting, possibly 

The image shows an airport 
surrounded by a sizeable parking lot 
and a grassy area. A total of six 
airplanes are present in this scene, 
four of them parked in the 
foreground and two more 
positioned towards the back.   The 
four airplanes in the foreground are 
each connected to a boarding 
bridge, suggestive of imminent 

In this scene at the airport, which is 
encircled by a significant expanse of 
water, there are a total of five 
airplanes. The first airplane is 
moderately visible and positioned 
closest to the shore. The second and 
third airplanes are fully visible and 
located further from the water, 
indicating they might be at different 
stages on the apron. The fourth and 

In this scene, we observe an airport 
situated on the edge of a vast body 
of water. The airport apron is 
populated with a total of seven 
airplanes, with a range of 
orientations and positions. Some 
airplanes appear to be actively 
engaged with boarding bridges.
Specifically, four airplanes are 
connected to boarding bridges, 

(a) Task 1 (b) Task2

(c) Task 3 (d) Task 4

(e) Task 5 (f) Task 6

Fig. 4: Qualitative Top-3 retrieval results of REFL across six tasks on the Aerial MVGL
Benchmark (task IDs correspond to Table 1). Green and red outlines indicate correct
and incorrect retrievals, respectively.

Backbone Generalization and ER Necessity. To verify that fine-tuning
avoids catastrophic forgetting [11,15,22], we evaluate REFL (w/o ER), a variant
that excludes the ER module at inference and thus shares the identical architec-
ture with the Qwen3-VL baseline. 1) Zero-shot Generalization (Table 5): On four
unseen benchmarks (ERA [7], RSICD [20], RSITMD [33], DenseUAV [5]), REFL
(w/o ER) attains 19.74% average R@1 vs. 17.46% for the Qwen3-VL baseline,
confirming that our training preserves and even enhances out-of-distribution gen-
eralization. 2) In-domain ER Necessity (Table 8): Yet the full REFL pipeline still
improves upon REFL (w/o ER) by 0.74% R@1 and 2.90% R@10 on the Aerial
MVGL Benchmark, demonstrating that the ER mechanism is indispensable for
resolving cross-view distribution shifts.

ODE Integration Steps. As shown in Table 9, mR@1 steadily improves
up to 16 steps (+3.27% over 1 step) before saturating. Given the minor compu-
tational overhead introduced by the lightweight MLP velocity field, we adopt 16
steps as our default configuration.

4.5 Qualitative Analysis

Figure 4 visualizes the Top-3 retrieval results across six tasks (Table 1). The
qualitative results demonstrate the following: 1) In cross-modal retrieval (Tasks
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1–4), REFL accurately captures subtle spatial configurations (e.g., specific roof
types and localized vehicle layouts) to distinguish targets within highly repeti-
tive urban textures. 2) In visual cross-view retrieval (Tasks 5–6), the model ef-
fectively compensates for severe perspective and scale distortions between UAV
and satellite imagery. 3) As observed in the failure case of Task 6, misretrievals
primarily occur on extreme hard negatives that share highly consistent topo-
logical structures and vegetation patterns with the ground truth, reflecting the
inherent ambiguity of homogeneous geographic scenes.

5 Conclusion

In this paper, we introduce the unified Aerial Multi-view Geo-localization (AMGL)
task to address the limitations of single-retrieval systems. To resolve the fine-
grained cross-view distribution shifts inherent in this task, we propose the Rec-
tified Embedding Flow Learning (REFL) framework. REFL formulates cross-
domain alignment as a directed conditional distribution transport process. It
learns transformation priors via velocity-prior flow learning and explicitly com-
pensates for distribution shifts through trajectory-guided embedding rectifica-
tion. Furthermore, we construct the Aerial MVGL Benchmark. Extensive eval-
uations demonstrate that REFL achieves state-of-the-art performance on this
benchmark and maintains robust out-of-domain generalization.
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