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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

*Corresponding author.

39th Conference on Neural Information Processing Systems (NeurIPS 2025).



Local Regions

Query — Matching
Text Description
H '
jeather] :
E

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:

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.

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.



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
combinationsi(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 locatidbns [1, 19, 20, 21]. 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 veri cation;
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, 86]. Representative examples include the multi-part partitioning stheme

al. [2], the keypoint attention modulg|[3], the content-aligned Transformer architecture [37], self-
attention positional encoding by Yaeg al. [35], the dual-path fusion network [B36], 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 ne-grained weather-related textual
cues. Recent advances in vision-language alignment, such as[CLIP [45], BLIP [46], and XV|LM [16],
have established powerful contrastive pre-training and cross-modal attention mechanisms, but previ-
ous studies mainly target static semantics or rigid spatial relafions [4/7, 148, 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, ne-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 GP13/4 [54,/55] and Qwen [17] have recently been applied to vision tasks
using prompt engineering. Approaches like VisualGPT [56] and-K&T [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 consistenc¢y [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 rst 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 over tting, 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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