
Unlocking Zero-Shot Geospatial Reasoning via Indirect Rewards
Chenhui Xu1, Fuxun Yu2, Michael J. Bianco2, Jacob Kovarskiy2, Raphael Tang2, Qi Zhang2, Zirui Xu2, Will LeVine2, Brandon Dubbs2, Heming Liao2,

Cassandra Burgess2, Suvam Bag2, Jay Patravali2, Rupanjali Kukal2, Mikael Figueroa2, Rishi Madhok2, Nikolaos Karianakis2, Jinjun Xiong1

1 University at Buffalo, 2 Microsoft

TL;DR: Our Geo-R1 demonstrates that indirect metadata rewards can unlock zero-shot geospatial reasoning in VLMs without task-specific supervision.

Background and Motivation

• Geospatial VLMs suffer from scarcity of direct 
annotated training data.

• Raw imagery is abundant, but high-quality 
reasoning labels are hard to access.

• Metadata such as GPS coordinates and timestamps 
are scalable but can not direct supervise the training 
of autoregressive VLMs.

Key Question: How can we train reasoning geospatial
vision language models using massive amounts of 
unlabeled ground and aerial imagery?

Core Idea
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Verifiable Correspondence
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Specific Vehicle Type Counting

Qwen2.5VL: 22%
vs

Geo-R1: 52%

Q: Identify and count all sedans 
visible in this area.
A. 8.    B. 12     C. 6     D. 9.    E. 10

Aircraft Type Classification

Qwen2.5VL: 47%
vs

Geo-R1: 71%

A. Military Transport/Utility/AWAC 
B. Large Civil Transport/Utility 
C.  Military Fighter/Interceptor/Attack 
D. Small Civil Transport/Utility
E. Medium Civil Transport/Utility

Q:What type of 
aircraft is visible in 
this image?

Sptatial Relation Classification

Q: What is the relation 
between object in 
green box and object in 
red box in this image?

Qwen2.5VL: 62%
vs

Geo-R1: 74%

A. A small vehicle is driving by the bridge. 
B. A helicopter is parked on the helipad. 
C. A small vehicle is parked near the a ship. 
D. A small vehicle is far from the airport. 
E. A large vehicle is parked at the airport.

Street-View Open VQA

Qwen2.5VL: 5.5%
vs

Geo-R1: 67% …(25+)

Q: What language(s) are most 
likely spoken at this place?

Deutsch

Cross-View Reinforcement Learning

Zero-shot generalize

Cross-view Alignment between ground-view and 
aerial-view images provides scalable indirect rewards 
for the reinforcement learning that try to reason out 
this correspondence. This RL process enhances the 
model’s basic geospatial element understanding, and 
as a result, can generalize to multiple geospatial tasks.

• Use metadata correspondence as a verifiable reward.

• Train the model to bridge ground-to-air evidence

• Achieve strong out-of-task generalization 

Base Model

Question: From Canada or US side was 
this picture for Rainbow Bridge taken?

QwenVL, IntenVL, LLaVa etc:

Geo-R1 Training

Answer: The image shows the Niagara 
Falls area, which includes the Skylon 
Tower and Rainbow Bridge connecting 
Canada and US. The Skylon Tower is 
located on the Canadian Side of the 
Niagara River. This support that this 
photo is taken from the Canadian Side.

Geo-R1 Model
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Supervised 
Fine-tuning

“Teaching models to 
scaffold advanced 
reasoning mindsets”
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<think> Visual Cues: … </think>
<think> Geo Knowledge: … </think>
<answer> city, lat, lon … </answer>

Identify which is 
the corresponding 
satellite image.

Cross-View 
Pairing Data

!
Policy 
Model

<think>…</think>
<answer>…</answer>

Outcome and Text Rewards

Geo-Thinking Paradigm Engine

<think>…</think>
<answer>…</answer>

<think>…</think>
<answer>…</answer>

…
…
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!Update

<think> Looking at the image, I can see 
the Sheraton Niagara Falls Hotel on 
the left side of the frame. </think>
<think> I am looking at the American 
side, where the Rainbow Bridge and 
crow’s nest is visible. The Sheraton 
Niagara Falls Hotel on the opposite 
shore is located on the Canadian side 
of Niagara Falls. ……</think>
<answer> It looks like the photo was 
taken from the US side of Niagara 
Falls.  ……  </answer>

OOD Reasoning

“Elevating Reasoning Quality”

Geo-R1 Framework

Geospatial CoT Data Engine Cross-view Pairing via GRPO
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Thinking
Paradigm

<think> Curved grass island with inner driveway — a planted island bordered by a 
tight curve appears to the right in the panorama and as the same curved loop in 
the courtyard of the aerial. <\think>
<think> Red brick-paved driveway/courtyard — the street view shows red pavers 
under the vehicles; the aerial shows the same reddish paved circulation loop inside 
the block. <\think>
              ……
<think> Red-and-white HDB slab blocks — mid/high-rise residential blocks with red 
lower façades and white horizontal bands, typical style of Singapore. <\think>

CVCities Dataset
12.6K Image Pairs

16 Cities, 4 Scenes

Thinking 
Considerations

Visual Cues

Cross-View Linkage

Geo-Knowledge

① Collecting Advanced Reasoning Inference Trajectory  (OpenAI-o3)

②Making Conclusion
<answer> {1: (1.3405, 103.8440)} {"city": "Singapore"} They are paired 
since... <\answer>

③Fact-based Inference Self-Refinement
Final 

Answer

Fact Check Engine
City, Lat, Lon

Question: Identify 
the lat, lon, and 
city of given image 
pair, and explain 
why they are the 
same place.

Reward +1 Reward -0.8 Reward -0.8 Reward -0.8 Reward -0.8

<think> Let me analyze what is included in the 
image: Red high-rise apartment buildings: Multiple 
buildings of similar architecture, typical of public 
housing (e.g., HDB blocks in Singapore). …………<\think>
<think> This image appears to be a 360-degree 
panoramic view of a residential area, possibly in a 
public housing estate, common in places like Singapore. 
………<\think>
……………………

<answer>                       <\answer> 

! Find the location shown in this image 
within satellite images given. "

CV-Cities 
Dataset

Same City

…

RL Advantages 16K Instances 
1 Pano : 5 Sat

Experimental Results

GeoBench-VLM-CLS

IMAGEO (dataset GSS)
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Cross-view Pairing

MP-16 Reason (Global Geolocalization)
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