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Background and motivation

Language-guided understanding of large urban scenes

Urban 3D maps contain rich geometry over large areas.
A language query must connect local appearance with distant spatial context.

The grounding challenge

Find one target among many 
similar objects.

Preserve small-object details.

Use streets and named 
landmarks to identify the right 
region.
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Background and motivation

3D grounding in urban environments

Vehicle view Aerial view Robot view

• Applications include language-guided navigation and urban inspection
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Background and motivation

Grounding at city scale: input and computation

City-scale point cloud: 94.7 million points

Query
The small white building with a flat roof situated just north of 
the Widney Alumni House, distinguishing it from the red-
roofed buildings to the west and the large gray complex to the 
east.

DownSampling Model Result
A small target in a large spatial context

Input scene and query Existing approaches

Indoor 3D grounding [1]

Only
50k points

Score: 0.98 Score: 0.93 Score: 0.88

Score every
candidate

(~1.3k)

Candidate ranking [2]
[1] Wu, Yanmin, et al. "Eda: Explicit text-decoupling and dense alignment for 3d visual grounding." CVPR. 2023.
[2] Li, Jinpeng, et al. "CityAnchor: City-scale 3D Visual Grounding with Multi-modality LLMs." ICLR. 2025.
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Background and motivation

Active perception for large visual inputs

Acquire the visual evidence needed for the 
current decision

[1] Liu, Ruixun, et al. “ZoomEarth: Active Perception for Ultra-High-Resolution Geospatial Vision-Language Tasks.”  CVPR 2026 Highlight.

Tool-guided image inspection [1]

A fixed global view loses local detail

A search policy can choose which region to inspect next.

Zooming retrieves detail from the original high-resolution 
scene.

Multiple views provide complementary evidence before 
the agent commits a prediction.
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Background and motivation

Urbex formulates grounding as active spatial search

Urbex predicts a free-form box. Candidate boxes are not inputs at inference.
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Datasets and method

CityRefer training and STPLS3D-Refer evaluation

Dataset Role Data used

CityRefer Training and in-domain tests 12 urban scenes

STPLS3D-Refer Zero-shot transfer 445 expressions, 2 scenes

Benchmark construction

1. Extract and verify instances
2. Register landmarks
3. Generate descriptions
4. Filter and manually inspect

Sources: CityRefer (NeurIPS 2023), SensatUrban (CVPR 2021), STPLS3D (BMVC 2022), final paper Appendix B.
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Datasets and method

An interactive multi-view environment and a learned policy

The environment maps a predicted box from a BEV-aligned view to world coordinates.
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Datasets and method

City-aware tools

Landmarks in the query

Landmark features in prior work

Landmark
Query Zoom-in

Oblique
Rendering

Side-view evidence

for verification
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Datasets and method

Tool interface

Tool Input Returned evidence

Landmark Query Landmark name and source view World position and projection into the 
requested view

Zoom-in Source view and normalized crop 
box

High-resolution local BEV, new view ID, 
coordinate transform

Oblique Rendering Candidate region and viewing 
direction

Oblique image for shape, height and spatial 
verification

Final answer: a box in a BEV-aligned view
The environment projects it to world coordinates. Oblique views support verification.

Source: final paper, Table 5.
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Datasets and method

Observation, tool use and final prediction

Policy input

The referring expression
The current visual observations
Previous tool calls and feedback
View IDs and coordinate conventions

Policy output

A reasoning trace followed by a tool call,
or a final box in a known BEV view

Example query

“The blue car between an empty parking 
space and a red car in the parking lot at 
Buckingham Room.”

Search step

Resolve Buckingham Room in the global 
view, then inspect the nearby parking area at 
higher resolution.

Source: final paper, Section 3.2 and Figure 8.
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Datasets and method

Reinforcement learning for active spatial search

Terminal
reward

Tool 
reward

GRPO 
training

Training configuration

Base model: Qwen3-VL-4B-Instruct

GRPO, without supervised trajectories

8 sampled trajectories per group
300 optimization steps

At most 8 assistant turns

The reward combines box overlap, 
center distance and tool-level shaping.
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Experiments and analysis

Comparison methods

Prompted VLMs with the same tools
GPT-5.4 and Qwen3.6-plus use the same visual interface, action format and turn budget.

Indoor 3D grounding
EDA processes a downsampled 40k-point scene. InstanceRefer ranks provided instances.

City-scale candidate ranking
CityRefer and CityAnchor score candidate instances. We retrain both on the CityRefer split.

References: EDA, CVPR 2023; InstanceRefer, ICCV 2021; CityRefer, NeurIPS 2023; CityAnchor, ICLR 2025.
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Experiments and analysis

Evaluation protocol

Split Queries Purpose

CityRefer train / validation 2,744 / 549 Policy learning / validation

CityRefer ND / NO 1,098 / 1,396 Novel descriptions / held-out scenes

STPLS3D-Refer 445 Zero-shot transfer

With GT candidates

Report Hit@1, Hit@3 and Hit@5.
Urbex predicts freely, then matches its box to 
candidates only for evaluation.

Without GT candidates

Report 2D IoU, 3D IoU and point F1.
Methods must output a spatial prediction 
without ground-truth boxes.

Accuracy metrics are percentages. ND and NO contain 2,494 test queries in total.
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Experiments and analysis

CityRefer results

Method ND H@1 ND H@3 ND H@5 NO H@1 NO H@3 NO H@5 Time (s)
GPT-5.4 9.3 12.4 15.7 13.1 18.6 20.1 n/a

Qwen3.6-plus 6.4 9.6 11.9 11.5 16.2 16.8 n/a

InstanceRefer 1.6 5.0 10.5 4.9 15.9 24.5 0.6

EDA 0.1 0.1 0.2 0.2 0.3 0.4 3.0

CityRefer 1.6 3.9 4.8 0.6 2.1 3.4 0.7

CityAnchor 23.4 35.3 45.4 14.2 22.4 31.0 32.1

Urbex 25.8 39.2 42.3 23.9 36.9 40.7 3.2

Without ground-truth candidates
Method ND 2D IoU ND 3D IoU ND F1 NO 2D IoU NO 3D IoU NO F1
GPT-5.4 4.4 2.2 9.4 4.6 1.9 10.4

Qwen3.6-plus 3.0 1.8 9.5 4.3 2.1 12.1

EDA 0.2 0.2 0.3 0.5 0.4 0.8

Urbex 15.6 11.0 20.1 14.6 7.7 17.8

Table 1. Main-run results. H@k = Hit@k. Online time includes model generation and tools, excluding offline preparation.
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Experiments and analysis

Zero-shot transfer to STPLS3D-Refer

Method Hit@1 Hit@3 Hit@5 2D IoU 3D IoU Point F1 Time (s)

GPT-5.4 16.3 17.8 19.1 8.0 5.3 12.1 n/a

Qwen3.6-plus 12.0 13.8 14.3 8.1 6.4 12.2 n/a

InstanceRefer 3.8 7.8 12.3 n/a n/a n/a 0.6

EDA 0.0 0.0 0.5 0.4 0.2 0.4 2.9

CityRefer 1.4 2.5 3.8 n/a n/a n/a 1.4

CityAnchor 2.1 4.2 6.0 n/a n/a n/a 47.2

Urbex 27.2 32.1 33.4 13.0 10.0 16.2 4.8

The CityRefer-trained policy leads every reported accuracy metric on the new 
scenes.

Source: final paper, Table 2. No further training on STPLS3D-Refer. Metrics are percentages.
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Experiments and analysis

Qualitative examples on CityRefer
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Experiments and analysis

Qualitative examples on STPLS3D-Refer
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Experiments and analysis

A complete search trajectory
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Experiments and analysis

Tool and reward ablations

Zoom Landmark Oblique Turns Hit@3 2D IoU

No No No 0 10.5 2.1

Yes No No 8 15.5 4.1

Yes Yes No 8 28.2 8.9

Yes Yes Yes 7 34.8 11.0

Yes Yes Yes 8 36.9 14.6

Yes Yes Yes 9 36.8 13.2

Reward Hit@3 2D IoU

IoU only 22.8 6.7

IoU + distance 30.6 10.9

IoU + tools 28.4 9.6

Full reward 36.9 14.6

All tools contribute. Eight turns perform best in this budget comparison.
Distance and tool-level shaping complement the terminal IoU reward.

Source: final paper, Tables 3–4. CityRefer-NO. Metrics are percentages.
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Experiments and analysis

Repeated decoding and learned execution

Dataset Urbex Hit@1, mean ± SD Best comparison

CityRefer-ND 25.62 ± 0.33 23.4, CityAnchor

CityRefer-NO 23.53 ± 0.73 14.2, CityAnchor

STPLS3D-Refer 26.34 ± 0.58 16.3, GPT-5.4

Five decoding runs of one checkpoint. These results measure inference sampling variation, not 
variation across training seeds.

Fixed tool-order diagnostic

Under the same fixed tool sequence, Hit@1 rises from 2.7 for the base model to 10.0 after RL. 
Replaying the tool order alone does not recover the full learned policy.

Source: final paper, Tables 8–9. Fixed-order comparisons also change the prompting context.
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Conclusions and outlook

Inference efficiency and preparation cost

Component Time

Urbex with cached tools 3.2 s/query

CityAnchor online inference 32.1 s/query

Urbex with on-demand oblique views ≈4.4 s/query (estimated)

Optional oblique cache for 12 scenes ≈2.3 hours, one time

The warm online comparison is approximately 10× faster.
On-demand rendering retains an estimated 7.3× speedup.

Table 17. Both online timings exclude offline preparation. Cache construction is not the full deployment cost.
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Conclusions and outlook

Conclusions and limitations

Main conclusions

City-scale grounding can use active spatial 
search with no candidate boxes at 
inference.

The learned tool-use policy improves target 
identification and box overlap.

The same policy transfers to new urban 
scenes without further training.

Current limitations

Calibration and rendering errors can affect 
world-coordinate predictions.

Missing or unreliable landmarks make 
search harder.

BEV-aligned boxes leave room for finer 3D 
segmentation and boundary refinement.

Source: final paper, Sections 4–5 and Appendix E.
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Conclusions and outlook

Future work: active perception in embodied environments

Example sequence Possible action interface

Future direction: extend language-guided visual search to sequential navigation and interaction.
This requires new environments and evaluation beyond the grounding benchmarks in this work.

Code and data: https://github.com/AMAP-ML/Urbex
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