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Abstract

Visual geo-localization for drones faces critical degradation under weather per-
turbations, e.g., rain and fog, where existing methods struggle with two inherent
limitations: 1) Heavy reliance on limited weather categories that constrain general-
ization, and 2) Suboptimal disentanglement of entangled scene-weather features
through pseudo weather categories. We present WeatherPrompt, a multi-modality
learning paradigm that establishes weather-invariant representations through fusing
the image embedding with the text context. Our framework introduces two key
contributions: First, a Training-free Weather Reasoning mechanism that employs
off-the-shelf large multi-modality models to synthesize multi-weather textual de-
scriptions through human-like reasoning. It improves the scalability to unseen or
complex weather, and could reflect different weather strength. Second, to better dis-
entangle the scene and weather features, we propose a multi-modality framework
with the dynamic gating mechanism driven by the text embedding to adaptively
reweight and fuse visual features across modalities. The framework is further
optimized by the cross-modal objectives, including image-text contrastive learning
and image-text matching, which maps the same scene with different weather condi-
tions closer in the representation space. Extensive experiments validate that, under
diverse weather conditions, our method achieves competitive recall rates compared
to state-of-the-art drone geo-localization methods. Notably, it improves Recall@ 1
by 13.37% under night conditions and by 18.69% under fog and snow conditions.
Our code is available at https://github.com/Jahawn-Wen/WeatherPrompt.

1 Introduction

Drone visual geo-localization aims to match drone-view image with corresponding satellite views,
supporting critical applications such as disaster response, urban surveillance, search-and-rescue, and
environmental monitoring |1} 2| 3| 4] |5, |6]. However, variable weather conditions such as rain, fog
and snow introduce noise, occlusions and low visibility, which severely distort image features [/7} |8}
9] and leading conventional localization methods to suffer drastic performance degradation under
extreme weather. Recent advances in cross-modal retrieval show that integrating natural language
descriptions can substantially enhance the discrimination power of vision models, allowing better
generalization in complex or ambiguous scenarios [[10} 11} 12} 13]]. Despite this progress, leveraging
textual guidance for cross-weather drone geo-localization remains largely underexplored, especially
considering the nuanced and dynamic nature of weather conditions encountered in the field. The
ability of text to capture complex semantics and fine-grained details [14} |15] offers a promising
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Figure 1: Example of the proposed Chain-of-Thought description and matching. Our framework
generates structured weather and spatial Text Description via stepwise reasoning. We leverage Off-
the-shelf Visual Grounding Model (VGM), i.e., XVLM [16] to extract local region cues, which are
integrated to further refine the matching process. Finally, we match images using weather description,
global scene layout, and local region semantics to retrieve the corresponding satellite-view image.

avenue for cross-weather generalization. Addressing the all-weather visual geo-localization task
presents two primary challenges: (1) Limited Weather Labeling. Existing approaches typically
perform domain-specific fine-tuning on a limited set of predefined weather labels (e.g., sunny, rainy).
This closed-set paradigm fails to capture the continuous and combinatorial nature of real-world
weather, thereby limiting model generalization to unseen or mixed conditions and preventing the
exploitation of richer weather semantics. (2) Scene—Weather Feature Entanglement. Existing methods
directly inject coarse pseudo-weather labels (e.g., rain, fog) into visual representations during training,
leading to a severe entanglement between scene semantics and weather disturbances. Consequently,
the model learns suboptimal representations under mixed or unseen weather conditions, fails to
disentangle scene content from weather noise, and is severely limited in cross-weather generalization.

For the first limitation, we propose a training-free weather reasoning mechanism leveraging off-the-
shelf large multimodal models [[17]] (see Fig.[T). Specifically, we employ chain-of-thought (CoT) [I8]]
prompting to automatically generate rich, step-by-step natural language weather descriptions for each
geographical scene using a single randomly sampled drone-view image. This strategy circumvents
manual description and expert controlled, enabling large-scale collection of high-quality and diverse
multimodal samples at significantly reduced costs. Moreover, the stepwise reasoning introduced by
the CoT prompts ensures semantic accuracy and formatting consistency across generated captions,
further enhancing the reliability and usability of descriptions. This ultimately leads to improved
generalization for complex and unseen weather conditions. To address the second challenge, we
propose a multimodal framework equipped with a text embedding-driven dynamic gating mechanism
to adaptively reweight and fuse visual features, effectively disentangling scene and weather attributes.
Specifically, during training, the framework jointly optimizes multimodal objectives including image-
text contrastive (ITC) loss and image-text matching (ITM) loss, aligning drone images with generated
weather-aware captions. Additionally, a localized alignment loss is introduced to explicitly enforce
consistency between annotated visual regions and textual descriptions across multiple granularities,
encouraging the visual encoder to learn robust and weather-invariant scene representations. At infer-
ence, visual and textual embeddings are extracted in parallel, and the textual embeddings dynamically
modulate visual features via the gating mechanism. The resulting multimodal representation is
directly fed into a classification head for localization prediction, avoiding any additional online fine-
tuning or dedicated parameter sets for different weather conditions. This design significantly reduces
structural complexity and improves the deployment efficiency on resource-constrained platforms.
The main contributions are as follows:

e Training-Free Weather Reasoning: We pioneer automatic weather semantics extraction through
Large Vision Language Models (LVLMs) with chain-of-thought prompting, eliminating manual
descriptions. Our hierarchical reasoning mechanism integrates continuous weather priors with
spatial-object analysis, enabling weather-adaptive caption generation and scalable dataset construc-
tion.

e Semantic Disentanglement via Language Guidance: We devise a text-driven framework achiev-
ing scene-weather disentanglement through: (1) Multi-granularity alignment of visual features with
continuous textual weather embeddings, (2) Region-level semantic consistency enforcement, (3)
Dynamic textual gating for weather-invariant representations.



o State-of-the-Art Generalization: The proposed method has achieved average 87.72% Recall@1
on University-1652 and 83.1% on SUS-200 over 10 different weather conditions. For unseen weather
combinations (i.e., Dark+Rain+Fog), ours still arrives at 72.15% AP, validating unprecedented cross-
domain generalization.

2 Related Work

Cross-view Geolocalization. Cross-view geo-localization aims to match images captured from
different viewpoints with their corresponding geographic locations [[1,{19} 20, |21f]. Early approaches
relied on hand-crafted local features such as SIFT [22] and SURF [23]], as well as global descriptors
like VLAD [24] and Fisher Vector [25]], often combined with RANSAC [26] for geometric verification;
however, they remain brittle under large viewpoint and illumination changes [27} 28|]. With the advent
of deep learning, deep metric learning frameworks based on global or part-based contrastive objectives
have become dominant [29} 30} |31} |32} |33 [34]]. These approaches employ triplet or InfoNCE losses
to train end-to-end embeddings and integrate global pooling with spatial attention or multi-region
partitioning strategies [35}36]. Representative examples include the multi-part partitioning scheme et
al. [2], the keypoint attention module [3]], the content-aligned Transformer architecture [37]], self-
attention positional encoding by Yang et al. [35]], the dual-path fusion network [36]], and Bird’s Eye
View (BEV) [38]], all of which substantially enhance cross-view feature alignment. Recent research
has begun to address the impact of image degradations such as low-light, motion blur, and synthetic
fog, often by using data augmentation, domain adaptation, or cross-modal transformers [39} 40, |41}
42| 43| 44]. However, most existing methods still depend on a limited set of discrete weather labels,
restricting generalization to unseen or complex conditions. In contrast, our approach introduces
a training-free, all-weather text-guided representation learning framework that leverages open-set
weather descriptions to overcome these limitations.

Multi-modality Alignment. In this work, we address weather-aware text-guided representation
learning, where the goal is to retrieve drone-view images based on fine-grained weather-related textual
cues. Recent advances in vision—language alignment, such as CLIP [45], BLIP [46], and XVLM [16],
have established powerful contrastive pre-training and cross-modal attention mechanisms, but previ-
ous studies mainly target static semantics or rigid spatial relations [47|48| |49]]. Additional efforts on
adaptive fusion and region-word alignment 50} 51, |52} 53] have improved retrieval, but remain lim-
ited by closed vocabularies and overlook dynamic, fine-grained weather semantics. To address these
gaps, we propose a framework that generates open-set weather descriptions via Chain-of-Thought
prompting and applies text-driven dynamic gating for adaptive feature modulation, achieving robust
cross-modal alignment under diverse weather conditions.

Large Vision Language Models for Vision via Prompting. Large Vision Language Models
(LVLMs) such as GPT-3/4 [54} |55]] and Qwen [17] have recently been applied to vision tasks
using prompt engineering. Approaches like VisualGPT [56]] and MM-CoT [57] leverage Chain-of-
Thought (CoT) prompts [18] to elicit stepwise reasoning for visual question answering and captioning.
However, scaling LVLMs to cross-view, multi-weather geo-localization remains challenging: free-
form text often suffers from hallucinations and lacks semantic or structural consistency [58 |59,
60]). Prior works also overlook prompt design tailored for robust, multi-weather, multi-scale cross-
modal alignment. To address this, we introduce the first CoT-driven description pipeline for multi-
weather drone-to-satellite geo-localization. Our structured prompts regularize LVLMs’ outputs,
enabling scalable generation of high-quality, open-set weather descriptions to advance large-scale
vision—language alignment.

3 Method

3.1 Open-Weather Description

As shown in Fig. 2] we present an overview of our multi-weather drone-view image captioning
pipeline. To minimize description redundancy and mitigate overfitting, our approach begins by
randomly sampling a single representative drone-view image from each geographical region, forming
concise yet diverse image—text pairs. Notably, Large Vision Language Models (LVLMs) typically
generate weather labels or captions intuitively, which may omit critical visual cues and exhibit
semantic inconsistency. To address this limitation, we explicitly divide the captioning process into
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Figure 2: The proposed training-free weather reasoning mechanism. We synthesize drone-
view images with diverse weather conditions based on the University-1652 and SUES-200 datasets,
covering complex scenarios such as fog, rain, snow, and nighttime. For each synthesized image,
we first employ stepwise Chain-of-Thought prompting to generate open-set weather descriptions,
including global assessment, local detail analysis, and weather inference. Guided by the inferred
weather prior, we then sequentially reason about the scene’s macro layout, structural elements, and
topological relationships, ultimately producing high-quality, structured image—text pairs.

two sequential phases: a weather estimation phase and a spatial semantics phase, guided by carefully
designed Chain-of-Thought (CoT) prompts. Inspired by human hierarchical visual reasoning, our
CoT prompting strategy enforces a rigorous three-step reasoning procedure: global perception, local
analysis, and comprehensive synthesis.

In the weather estimation phase, the LVLMs first assesses global visibility to quantify observable
range, subsequently identifies localized atmospheric indicators such as rain-streak reflections or fog
diffusion patterns, and finally integrates these global and local cues to assign an accurate weather
category. This structured inference process significantly alleviates the ambiguity inherent to single-
shot captioning methods, establishing a reliable weather-conditioned prior for the following stage.

In the subsequent spatial semantics phase, conditioned explicitly on the inferred weather semantic,
the model rapidly identifies macro-level layout features, including the spatial distribution of buildings,
orientations of roads, and proportion of open spaces. Then, it captures micro-level structural details
such as object counts, shapes, and local spatial arrangements. Ultimately, the pipeline synthesizes
these cues by reasoning about relative positions and topological relationships to generate a structured
textual description. This final output aligns comprehensively with weather semantics, spatial structure,
and detailed scene attributes, ensuring robust, consistent, and high-quality multimodal descriptions.

Single-image Sampling. Since existing benchmarks (e.g., University-1652) are partitioned by
geographic regions, we randomly select only one drone-view image per region as a representative to
avoid redundancy. Given the prohibitive cost of obtaining real drone-view imagery across diverse
weather conditions, we utilize the imgaug library to synthesize realistic weather variations. By
parametrically adjusting visibility and occlusion effects such as rain, fog, and snow, we generate
high-fidelity, diverse meteorological scenarios that closely resemble real-world conditions.

Weather Estimation Phase. Given a drone-view image with synthetically generated weather, we
apply a pretrained large multimodal model for automatic weather description. To mitigate
hallucinations, vague phrasing, and inconsistent terminology typical of single-shot captioning, we
adopt a Chain-of-Thought prompting strategy inspired by human visual perception. Specifically, we
first quantify global visibility, then identify local meteorological cues such as rain-streak reflections
or fog diffusion, and finally integrate global and local evidence to determine a reliable weather
label. Any description that lacks explicit visibility information, meteorological cues, or contains
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Figure 3: The proposed multimodal alignment framework. Our model extracts global and local
features from drone images and multi-step weather captions, performs multi-granular image-text
alignment, and dynamically fuses modalities via weather-driven gating for robust geo-localization.

uncertain terminology (e.g., “possibly” or “uncertain”) is automatically rejected and regenerated.
This three-step reasoning pipeline ensures accurate, consistent, and reliable weather descriptions,
thus providing a robust prior for the subsequent spatial semantics phase.

Spatial Semantics Phase. Conditioned on the inferred weather prior, we further generate detailed,
scene-level textual descriptions essential for precise vision—language alignment. Initially, the model
conducts a global scan to capture macro-level structures, including building distributions, road
orientations, and proportions of open areas. Subsequently, it enumerates fine-grained elements,
accurately counting structural entities, describing shapes, and detailing local spatial arrangements.
Lastly, it synthesizes macro-layout and micro-level information to explicitly infer relative positions
and topological relationships, producing structured, natural-language scene descriptions. These
descriptions serve as fine-grained semantic supervision for downstream multimodal alignment.

Discussion. Existing cross-view geo-localization methods primarily rely on image-based retrieval.
While some recent studies [21}/62] integrate textual descriptions, these approaches remain limited to
coarse, scene-level labels and largely neglect weather semantics, resulting in compromised robustness
under diverse weather conditions. In contrast, we introduce a training-free, CoT-driven pipeline
for automatically generating multi-weather semantic descriptions. By employing large multimodal
models guided by Chain-of-Thought prompting, we move beyond predefined discrete weather
categories and achieve robust generalization to unseen and complex meteorological conditions.
Furthermore, our framework systematically annotates both macro-level spatial layouts and micro-
level structural attributes, embedding essential spatial cues into the image—text pairs. Relying solely
on pretrained multimodal models without manual description, our approach efficiently produces large-
scale, semantically consistent multimodal data, significantly facilitating downstream cross-weather
multimodal representation learning.

3.2 Multimodal Alignment Model

We introduce a training-free, all-weather text-guided representation learning framework (see Fig. [3)
that aligns weather semantics injected via text prompts with visual features to produce consistent,
discriminative cross-view embeddings across diverse meteorological conditions. The framework
consists of a pretrained visual encoder, a text encoder, and a cross-modal fusion module, capped
by a lightweight classification head. During inference, the text embedding parametrizes a gating
mechanism that adaptively modulates the visual feature channels; the fused multimodal representation
is then passed through a single-layer MLP to predict the geographic location.

Weather-Driven Channel Gating. Let f; € R®*P and fr € RE*P represent the normalized visual
and textual embeddings for a batch of B samples. We utilize text embeddings to generate an adaptive



channel-wise gating vector g € (0, 1)5*P:
2z = ReLU(frW (o) T 4 p{0t9)) ¢ REXD/r g = o (zWeate)T 4 p{0e)) ¢ (0,1)B*P,
(1)
where Wl(gate), WQ(g ate) b§9 ate) bégate) are learnable parameters, and r is the reduction ratio. The
fused multimodal feature is computed by

ffuse:g®f1+(1_g)®fT 6RBXD7 (2)

followed by a classification head for geo-localization. By dynamically modulating visual channels
conditioned on textual weather semantics, our approach yields discriminative and weather-robust
embeddings with minimal computational overhead.

Image-Text Contrastive. Given paired samples {(I;,T;)}2 ;, we compute the similarity matrix

T ; . . . .
Sij = 115 € RE*B between normalized visual embeddings ; and textual embeddings 7}, where
T is a learnable temperature parameter. We then convert the diagonal entries into retrieval probabilities
by applying softmax over rows and columns:

exp(Sii) (%) exp(Sii)

, P =5 - < 3)
2 oexp(Sy) T 2 exp(S5)

pyLT = >

The contrastive loss is defined as:

B
1 ; i

Lire = —35 O [logplr +logpil), . )

i=1

enforcing global semantic alignment between the visual and textual modalities.

Image-Text Matching. To further enhance fine-grained discriminability, we introduce an image-
text matching loss utilizing hard negatives. Given the similarity matrix S, for each image I; and
its paired textual T;), we select the highest non—diagonal similarity entry as its hard negative:
T, = argmax;z; Sij,I; = argmax;; Sj;. This forms 2B hard negative pairs (I;,7; ) and
(I;,T;), and B positive pairs (I;, T;), resulting in 3B pairs in total. Each pair is passed through the
cross-modal encoder, and we extract the CLS embedding hj which is fed to a binary classifier fmach-
The matching probability is py = o( fmatch(hk)), where o is the sigmoid function. Denoting the
ground-truth label y;, = 1 for positive pairs and y; = O for negatives, the matching loss is defined as

3B

1
Lirs = o5 O [y log e + (1= ) log(1 = )] 5)

k=1
which guides the model to hear subtle semantic distinctions between closely related pairs.
Localized Alignment Module. To enable text-driven fine-grained visual localization, the model

responds to both global descriptions 7" and the region hints 77,75, T5. For the j-th concept , we

extract its [CLS] embedding mzls € R%. from the cross-encoder, which is projected to normalized
coordinate vector via a dedicated two-layer MLP:

= oWy GELUW ) 27 +{°?) + b)) € [0,1]* (6)

cls

where Wl(loc) € R2dxd WQ(ZOC) € R4x2d b(lloc) e R4, bgl“) € R*. The resulting vector I/ =

(éz, ¢y, W, h) encodes the region center and size in normalized coordinates. The localized alignment
loss supervises both overlap and regression accuracy:

Lia =B gy |1 = 00U, D) + |0 =] ], 7
—— —— —_———
Overlap Loss L1 Loss

where I/ = (c;, ¢y, w, h) is the ground-truth region, [7 its prediction, and IoU(-,-) computes the
Intersection-over-Union.

Classification Module. After multimodal fusion, we employ a single-layer MLP classification head
to predict the geographic location. Let the fused feature for sample b be z, € R, and classifier



Method Normal o Rain Snow Fog+Ramn FogSnow | RaintSnow, Dark Over-exp Wind Mean
R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP
Drone — Satellite
Zheng eral[L[ackbone] [ 6783 7174 [ 6097 6523 | 6029 6461 [ 5558 6009 [ 5475 5940 | 4485 4978 [ 5761 6203 | 3970 44.65 | 5T85 5675 | 5828 6283 3517 97T
ResNet-101[68] [backbone] | 70.07 73.04 | 63.87 6822 | 6334 6759 | 5975 6415 | 5745 6212 [ 4831 5328 | 60.25 64.68 | 46.12 5102 | 5634 6123 | 62.13 66.63 58.76 63.29
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Swin-T [64] [ ic 6927 7318 | 6646 70.52 | 6544 69.60 | 61.79 6623 | 63.96 6821 | 5644 61.07 | 62.68 67.02 | 5027 55.18 | 55.46 6029 | 6381 68.17 61.56 65.95
IBN-Net 1 /0] [b: 1 7235 7585 | 66.68 70.64 | 67.95 71.73 | 62.77 66.85 | 62.64 66.84 | 51.09 5579 | 64.07 68.13 | 50.72 5553 | 57.97 6252 | 66.73 70.68 62.30 66.46
LPN [2] [TCSVT21] 7433 7760 | 69.31 7295 | 6796 71.72 | 6490 68.85 | 64.51 68.52 | 54.16 5873 | 6538 6929 | 53.68 58.10 | 6090 6527 | 66.46 7035 64.16 68.14
SampledGeo” [71][ICCV'23] | 92.70 93.85 | 88.70 90.55 | 62.44 66.17 | 52.76 57.24 | 5270 56.77 | 19.79 23.16 | 38.19 4233 | 46.34 4991 | 75.77 7890 | 81.54 87.34 61.10 64.32
Safe-Net” |72 TTIP'24] 86.98 88.85 | 82.12 86.10 | 67.13 68.90 | 60.50 63.01 | 54.80 58.73 | 32.12 39.77 | 25.83 2640 | 41.10 44.13 | 69.87 7115 | 7432 76.58 60.48 63.36
CCR" [73]TTCSVT24) 9254 93.78 | 85.57 87.13 | 6746 6882 | 5516 59.14 | 63.11 60.97 | 27.74 3148 | 23.06 4685 | S1.I0 5419 | 7590 79.16 | 8131 87.22 62.30 66.87
MuSe-Net™ 29/[PR™24] 7448 77.83 | 69.47 7324 | 70.55 74.14 | 65.72 69.70 | 65.59 69.64 | 54.69 59.24 | 66.64 70.55 | 53.85 58.49 | 61.05 6551 | 69.45 7322 65.15 69.16
Ours 8278 8518 | 8146 8403 | 8034 83.11 77.60 80.67 7875 8169 7338 7694 7841 8140 6722 7106 7420 7763 7726 8027 T7.14(+11.99) 80.20 (+11.04)
Satellite  Drone

Zheng et al [T [hackbonc] | 8345 6794 [ 79.60 61.12 [ 77.60 59.73 | 73.18 5507 | 7589 5445 [ 70.76 4326 [ 7475 5644 | 6947 3925 | 7218 5101 | 7646 5759 7533 5268
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Ours 89.16 8180 | 88.73 B80.58 | 88.06 79.87 87.59 77.25 8845 7820 8673 7323 8859 75.14 8659 6520 8531 7325 8788 7633 8772(:3.00) 7639 (11061

Table 1: Performance (R@1(%) and AP(%)) on University-1652 for Drone — Satellite and
Satellite — Drone tasks. In both tasks, drone-view images are stylized 10 different weather conditions,
and the satellite-view images are constant. Best results are highlighted in bold. * denotes the use of
official pretrained weights.

output logits 0, = Weiezp + ber € RY, where Wy € RE*P and by € RC. Given the ground-truth
location label y;, € {1,...,C}, the softmax cross-entropy loss is:

Lon— L3 10 _SP(0m) ©
B b=1 25:1 eXP(Ob,c)

Optimization Objectives. Our total 10ss L;.:q; 1s defined as:

Liotat = Lirc + Lirm +Lra+ Lek. 9)

This unified objective enables the model to learn fine-grained, weather-invariant representations,
substantially improving cross-weather generalization.

4 Experiment

Implementation Details. We adopt XVLM [16] as the backbone, which is pre-trained on 4M
image—caption pairs, integrates BERT [63]] as the text encoder and Swin Transformer [64] as the
image encoder. The model is optimized using stochastic gradient descent (SGD) [|65] with momentum
0.9 and weight decay 0.0005. Training 210 epochs, with the learning rate reduced by 0.1 at epoch
120 and by 0.01 at epoch 180. We resize input images to 384 x 384 pixels and divide them into
32 x 32 patches. During training, satellite-view images are augmented via random cropping and
horizontal flipping, for drone-view images, we first apply style transformations using the imgaug [61]
library and then perform the same random crop and flip augmentations. At test time, we compute the
Euclidean distance between query and candidate embeddings to measure similarity. All experiments
have been implemented in PyTorch [66] and conducted on a single NVIDIA RTX A6000 GPU, with
an average inference time of 0.024s per query.

Dateset. University-1652 [1]] is a large-scale cross-view geo-localization dataset comprising images
from 1,652 university locations. Each location is represented by satellite, drone, and ground-level
images, with 54 drone-view and 1 satellite-view images per building, as well as street-view imagery.
The dataset is split into 701 training and 951 test buildings, with no overlap between train and test
sets. SUES-200 [67]] contains multi-view drone and satellite images from 200 locations in Shanghai,
encompassing diverse urban scenes, parks, lakes, and public buildings. Drone images are captured
from multiple altitudes (150-300m) to simulate varied real-world conditions.

4.1 Comparison with Competitive Methods

The experimental results on the University-1652 dataset are shown in Tab We compare the
proposed WeatherPrompt with several competitive cross-view geo-localization methods. In the Drone
— Satellite task, WeatherPrompt achieves a mean Recall@1 (R@1) accuracy of 77.14% (+11.99%)
and a mean Average Precision (AP) of 80.20% (+11.04%), outperforming existing state-of-the-art
methods for multi-weather geo-localization. Similarly, in the Satellite — Drone task, WeatherPrompt



Method Normal € Rain Snow FogtRain | Fog+Snow | Rain+Snow Dark Over-exp Wind Mean
R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP R@1 AP
Drone — Satellite
Zheng ef al, ST70 5830 [ 4863 4961 | S3AT 5272 [AL78 4347 [ 3717 3744 | 4422 46.18 [ 4060 4063 [ 2381 2545 [ 49.79 5064 [ 4TAZ 4831 7433 7512
IBN-Net 6534 6378 | 56.03 56.57 | 55.73 58.55 | 47.80 49.53 | 4345 44.98 | 50.04 5100 | 4551 4592 | 29.61 3093 | 5601 5696 | 5736 58.10 50.69 51.63
SampledGeo 7493 7876 | 7258 7644 | 34.60 4156 [ 2895 3502|3510 4147 [ 1295 17.90 | 2005 2595 | 34.18 3899 | 3840 43.68 | 67.80 7241 41.95 122
Safe-Net 24 7631 7535 | 73.53 7344 | 54.15 5505 | 4894 50.10 | 45.12 47.92 | 4005 40.18 | 2595 26.12 | 29.74 31.48 | 54.86 58.68 | 58.10 5895 50.68 51.63
CCR' [73][TCSVT24] 7322 7453 | 7095 7304 | 6014 6495 | 5031 S53.12 | 4587 49.14 | 4580 47.87 | 3125 3294 | 31.03 3436 | 5997 6107 | 5202 5333 52.06 5346
MuSe-Net [PR"24] 66.07 67.02 | 5849 59.65 | 5894 60.14 | 54.85 56.12 | 4431 4582 | 49.81 51.26 | 49.42 50.87 | 29.34 31.03 | 55.02 56.36 | 59.97 61.05 35 5333
Ours 7672 7551 | 6849 68.87 | 7077 7120 5995 60.62 5824 5883 64.36 6627 5849 5889 4042 5575 6157 7170 6519 67.00 62.52(+10.46) 6326 (+9.80)
Satellitc — Drone
Zheng er al1 7020 5798 [ 63.77 4690 6872 5085 [ 6172 39.70 | 6210 32.75 | 71.70 4039 [ 59.72 3755 [ 4549 2528 | 5211 4340 | 5662 4531 6121 7201
IBN. \Ielﬁ" e] 73.68 6291 | 6741 5575 | 7230 56.44 | 64.07 47.69 | 6698 39.54 | 71.10 4732 | 68.46 4595 | 54.72 31.53 | 65.64 53.77 | 73.48 57.03 67.79 49.79
SampledGeo' [71 Iccv 23] | 8750 79.57 | 8375 7114 | 4250 2524 4000 21.59 | 3875 2322 |30.00 1058 | 2625 1644 | 5625 2975 | 5875 3038 | 8375 69.66 5475 37.76
Safe-Net [72] 8831 8035 | 8133 68.60 [ 4021 4104 | 3643 37.50 | 3312 3545 [ 2478 27.65 | 4112 3231 | 5388 27.01 | 5419 57.82 | 79.36 57.09 5327 46.48
CCRY . SVT Z4| 90.59 80.45 | 8299 70.62 | 43.39 4590 | 39.81 40.88 | 42.63 39.46 | 2032 30.65 | 25.89 26.94 | 26.01 30.40 | 58.01 59.13 | 83.09 61.05 5217 48.55
MuSe-Net' [29] [PR'24] 7656 6602 | 7219 57.87 | 7219 S8.01 | 68.38 5122 | 66.56  42.25 | 69.06 46.80 | 6938 4779 | 53.75 2794 | 70.00 5267 | 7625 60.74 69.43 114
Ours 90.61 8124 | 86.14 7115 | 8394 7380 7103 60.19 8441 5849 79.16 6493 7728 0.5 5675 4785 8165 74.04 8030 6938 8073 (1 1130) 66.12( 1105

Table 2: Performance (R@1(%) and AP(%)) on SUES-200 for Drone — Satellite and Satellite
— Drone tasks. In both tasks, drone-view images are stylized in 10 weather conditions, while
satellite-view images remain constant. Best results are highlighted in bold. * denotes the use of
official pretrained weights. T denotes the use of official pretrained weights on University-1652.

Normal Drone —— Satellite

Satellite — Drone Fog+Rain

uery image

Sample4GEO |

MuSeNet

Ours

Figure 4: Qualitative comparison under varying weather. While existing methods perform reliably
under clear weather, their accuracy drops markedly in adverse conditions. Our approach maintains
superior localization performance, especially when drone images are severely affected by weather.
Green boxes indicate correct matches, while images in red boxes represent incorrect matches.

attains a mean R@1 accuracy of 87.72% (+3.04%) and a mean AP of 76.39% (+10.64%). Our method
validates competitive performance when handling drone view images under different conditions,
especially in terms of cross-view geo-localization in challenging weather scenarios (e.g., Dark,
Fog+Snow, and Rain+Snow). In addition to quantitative comparisons, we present qualitative retrieval
results in Figure ] While existing methods can retrieve plausible matches in clear conditions, they
suffer a substantial performance drop when encountering adverse weather conditions. In contrast, our
approach consistently retrieves more accurate matches among the top-ranked candidates even in the
presence of severe weather, highlighting its robustness and generalization capability. In the real-world
captured SUES-200 dataset, we combine drone-view images captured at four altitudes (150m, 200m,
250m, and 300m) to simulate diverse operational heights in practical drone applications, enabling
a comprehensive evaluation of our method. As shown in Tab [2| compared to the state-of-the-art
multi-weather geolocalization method MuSe-Net, our method shows significant improvements in
several metrics. Specifically, Ours improves mean R@1 accuracy in the Drone — Satellite task from
52.02% to 61.20% (+9.18%) and mean AP from 53.33% to 63.26% (+9.80%). In the Satellite —
Drone task, our method increases mean R@1 accuracy from 69.43% to 80.73% (+11.30%) and mean
AP from 51.14% to 66.12% (+14.98%).

4.2 Ablation Studies and Further Discussion

Impact of Weather-Driven Gating Mechanism. We conduct ablation experiments to quantify
the impact of the weather-driven gating module on multimodal fusion. Table[3a] summarizes three
alternative fusion strategies under identical settings: (1) Concatenation, which concatenates visual
and textual features directly; (2) Static Gate, which fuses modalities using fixed average weights; and
(3) Dynamic Gate (Ours), which adaptively reweights visual channels based on weather semantics.
We find that the dynamic gating mechanism improves mean AP by 2.3% over the no-gate baseline,
with only 0.2M extra parameters and 0.4 ms added latency. This validates that weather-aware,
channel-wise fusion enables more reliable feature integration, especially under adverse weather. The
dynamic gate also reduces degradation from ambiguous weather descriptions, demonstrating its
robustness for cross-weather geo-localization.

Impact of Text-Guided Weather Semantics. We conduct an ablation study to assess how multi-
weather textual supervision affects cross-view geo-localization. Table 3] reports mean Recall@1



D2S S2D

Normal Mean Normal Mean

Method R@1(%) AP(%) R@1(%) AP(%) R@1(%) AP(%) R@1(%) AP(%)

+Concatenation 81.59 84.11 75.73 78.90 88.59 81.76 85.38 73.84
+Static Gate 82.35 84.75 75.26 78.45 88.45 82.25 85.89 74.61
+Dynamic Gate 82.78 85.18 77.14 80.20 89.16 81.80 87.72 76.39

(a) Impact of Weather-Driven Channel Gating on University-1652

D2S S2D Dark+Rain+Fog
R@I(%) R@5(%) R@I0(%) AP(%)
CoT Step Mean R@1(%) Mean AP(%) Mean R@1(%) Mean AP(%) SampledGeo [71] 3.2 6111 7778 31.65
NAN 74.53 78.72 85.17 73.26 D2S  MuSe-Net [29 2222 66.67 83.33 31.70
0 75.10 79.15 85.45 73.65 Ours 44.44 83.33 94.44 64.94
2 75.35 79.10 85.85 74.40 Sample4Geo |71} 3333 61.11 8333 4347
4 76.05 79.80 86.60 75.20 S2D  MuSe-Net [29] 38.89 61.11 88.89 44.34
6 77.14 80.20 87.72 76.39 Ours 66.66 71.78 94.44 72.15
(b) Different CoT Setting on University-1652 (¢) Evaluation on Real World Videos

Table 3: Ablation Studies on University-1652 and Real-World Videos. D2S denotes the Drone —
Satellite and S2D denotes the Satellite — Drone.

and mean Average Precision (AP) across two tasks (Drone — Satellite and Satellite — Drone) on
University-1652, under varying levels of Chain-of-Thought (CoT) guidance. The no-caption baseline
(NAN) removes all text-based components, training the model with only the visual encoder and
classification head. When progressively increasing the CoT prompt steps, we observe consistent
performance gains for both tasks. Compared to the baseline, the best CoT setting (6-step) achieves
improvements of +2.61% mean Recall@1 and +1.48% mean AP in the Drone — Satellite task,
and +2.55% mean Recall@1 and +3.13% mean AP in the Satellite — Drone task. Notably, all
models leveraging text-based weather guidance achieve higher mean Recall@1 and AP compared to
the visual-only baseline, demonstrating that even minimal textual supervision provides substantial
benefits for model robustness and accuracy.

Impact of Prompt Structuring on Multimodal Alignment. To comprehensively assess the impact
of stepwise reasoning in prompt engineering on multimodal alignment, we generate captions using
the same large vision—language model [[17]], varying only the number of reasoning steps prescribed
in the prompt. The zero-step baseline produces a single-turn weather description without explicit
intermediate reasoning. In contrast, the Chain-of-Thought (CoT) variants employ multi-stage reason-
ing prompts, including 2-step, 4-step, and 6-step configurations. The optimal 6-step CoT scheme
decomposes the generation process into two reasoning chains: the first three steps sequentially
estimate global visibility, local atmospheric cues, and fine-grained weather semantics; the latter three
steps, conditioned on the inferred weather prior, successively infer macro scene layout, enumerate
structural elements, and capture fine-grained spatial relationships. This structured decomposition
compels the model to capture both meteorological variations and spatial semantics, yielding captions
that are both semantically rich and consistent in format. As shown in Table model performance
steadily improves as the number of reasoning steps increases, with the 6-step CoT achieving the
best results in terms of both Recall@1 and mAP. These findings show that fine-grained, multi-stage
reasoning significantly enhances cross-weather robustness and discriminative capacity, serving as a
crucial ingredient for high-quality vision—language alignment in challenging multi-weather scenarios.

Real-World Performance under Adverse Weather Conditions. To validate real-world robustness,
we collected 54 drone-satellite video pairs from YouTube to evaluate ours under three weather
conditions, including Dark, Rain, and Fog. As shown in Tab our model consistently achieves
superior results in terms of R@1, R@5, R@10, and Average Precision (AP). These results underscore
the strong robustness and generalization capability of our model under challenging real-world
scenarios with poor lighting or inclement weather conditions.

Limitations. Despite of significant advancements in cross-view geo-localization under diverse
weather conditions, several limitations inherited from external components warrant discussion: (1)
Dataset. The evaluation relies on existing datasets, which lack exhaustive geographic and weather
diversity. Their limited scope in representing globally rare or region-specific weather phenomena
may affect generalization to unseen environmental extremes. (2) Language Model Biases. The
weather and spatial captions generated by off-the-shelf vision-language models inherit biases from



their pretraining corpora. Subtle inaccuracies in descriptor granularity, e.g., "haze" vs. "fog", could
propagate into the alignment process. Dataset and LVLM advances will mitigate these limitations.

5 Conclusion

In this paper, we propose a novel training-free, text-guided multi-modality alignment framework for
robust cross-view geo-localization under complex and unseen weather conditions. By leveraging large
vision—language models, we introduce a reasoning pipeline that automatically generates high-fidelity
weather and spatial captions via chain-of-thought prompting, eliminating the need for costly manual
descriptions or expert-controlled. Our multi-modal alignment model incorporates a dynamic channel-
wise gating mechanism that adaptively fuses textual weather semantics with visual representations,
achieving fine-grained disentanglement of scene and weather features. Extensive experiments on
the University-1652 and SUES-200 benchmarks validate that our method consistently outperforms
state-of-the-art approaches, particularly in challenging multi-weather scenarios. Our approach sets a
new paradigm for leveraging language-driven priors in aerial geo-localization and offers a scalable
path toward real-world deployment under diverse environmental conditions.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims in the abstract and introduction accurately reflect the paper’s
core contributions and scope. The paper proposes a training-free weather reasoning approach
for multi-weather geo-localization, introduces a text-guided feature alignment framework
with dynamic gating, and yields consistent improvements on challenging benchmarks. All
major claims are substantiated by method descriptions and experimental results throughout
the paper.
Guidelines:

* The answer NA means that the abstract and introduction do not include the claims

made in the paper.
* The abstract and/or introduction should clearly state the claims made, including the

contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.
2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The limitations of the work are discussed in Section
Guidelines:
* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer:
Justification: The paper does not present formal theorems or proofs.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper provides all necessary details for experimental reproducibility. All
modules, loss functions, and augmentation strategies are specified in the main text. To further
support reproducibility, we will release our code and configuration files upon publication.

Guidelines:

» The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: As stated in the response above, we provided detailed instructions on how to
replicate our experiment results in the main paper and further in the supplementary material.
We will release our code and models upon paper acceptance.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not

including code, unless this is central to the contribution (e.g., for a new open-source

benchmark).

The instructions should contain the exact command and environment needed to run to

reproduce the results. See the NeurIPS code and data submission guidelines (https:

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized

versions (if applicable).

Providing as much information as possible in supplemental material (appended to the

paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provided detailed instructions on replicating the training and evaluation
procedures in Section[d] We did not perform delicate tuning for the hyperparameters.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Error bars or statistical significance metrics are not reported, as our experi-
mental protocol follows standard practice in the cross-view geo-localization field, where
single-run, fixed split results are widely adopted for benchmarking. For direct comparability,
we report results under the same evaluation protocol as prior work. We note that nearly all
published baselines on these benchmarks also omit error bars.

Guidelines:

* The answer NA means that the paper does not include experiments.

17


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

8.

10.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g.negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We described our compute setup as well as the training time and inference
runtime in Section 4l

Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer:[Yes]
Justification: : Authors carefully read the NeurIPS Code of Ethics and preserved anonymity.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consider-
ation due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:
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11.

12.

Justification: Our paper primarily discusses the positive application prospects of the proposed
method, such as urban management and disaster response, in the introduction and application
sections. However, we do not specifically address potential negative societal impacts. While
the method offers promising practical value, we acknowledge that issues such as privacy
protection and ethical risks should be considered during real-world deployment. Future
work may further analyze these aspects.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our study does not involve the release of any data or models with a high risk
of misuse. All data used in this work are either standard public benchmarks or synthetically
generated for research purposes, with no content that requires special safeguards. Addition-
ally, all real-world validation images are collected from publicly available and safe content
on Youtube, ensuring no sensitive or inappropriate material is included.

Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
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13.

14.

15.

Answer: [Yes]

Justification: All assets used in this work, including code, datasets, and models, are properly
credited in the text, with full compliance to their respective licenses and terms of use.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: We explicitly describe the use of a large language model (Qwen2.5-VL-32B)
as a core component of our methodology. The LLM is leveraged to generate multi-step,
chain-of-thought weather and spatial descriptions, which serve as supervisory signals for
vision-language alignment in our framework. Detailed descriptions of the LLM’s role,
prompt design, and integration into the description pipeline are provided in Section [3|of the
paper.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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