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Problem: High-level urban design intent has no direct geometric operator
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Prior Approaches:
§ Manual/CAD approaches

- Time consuming and expertise-intensive

§ (AI-based) layout generation
- Generates plausible layouts, but offers limited control over editing existing 

layouts

Observation:
§ A natural-language interface can request complex edits without requiring 

users to specify low-level geometric operations

Our Solution:
§ 1. interpret intent from natural language
§ 2. structure into measurable targets
§ 3. produce valid polygonal geometry of edited urban layouts



URBANE: Urban Reasoning and Block Adjustment via Natural-Language Editing
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Example (input) Request Level Result (output)
“Make the bottom-left building larger.” Building-level Scale one polygon

“Make the distance between buildings 
smaller compared to other blocks.” Geometric Block-level The entire layout moves toward a 

geometric target

“Make the block like higher-income areas.” Semantic Block-level Geometry moves toward real blocks 
associated with the requested attribute

Input

Output
(output is geometry, not pixels)



URBANE has three main modules
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112,182 real-world city blocks ground contextual editing

12 U.S. cities spanning diverse urban forms
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Data layers
§ OpenStreetMap: Block 

boundaries and spatial context
§ Microsoft Building Footprints: 

Building polygons
§ Climate and Economic Justice 

Screening Tool (CEJST): 
Socioeconomic and 
environmental indicators

Feature groups
§ Geometry: area, spacing, orientation, medial-axis distance
§ Context: city, county, parcel count, layout category
§ Socio-environmental: income, education, employment, flood/fire risk, pollution



QAA: Question Analysis Agent
1. Setup problem
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§ Receive user request in natural language 𝑟
§ Receive urban block layout ℒ = 𝐵, 𝑏! !"#$ , 𝑀
• 𝐵: block-boundary polygon
• 𝑏!: building polygons

• 𝑀: medial axis used for spatial reasoning

2. Classify request
§ Building-level
• “Rotate the top-right building by 45 degrees”

• 𝑟, ℒ → 𝜙bldg → execution + visual veri7ication → ℒ′

§ Block-level
• “Make the buildings farther apart compared to other blocks”

• 𝑟 → 𝑇 → 𝜙7ilter 𝐷 → ℬ → optimization → ℒ′

ü Buildings remain inside 
the boundary

ü Buildings do not overlap

ü Topological consistency 
is preserved

3. Feature Tuple Extractor (for block-level)
§ Extract relevant property fields
§ Determine the requested value or direction for each property



CGA: Code Generation Agent
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§ Outputs:
• Natural-language subquery 𝑞
• Relevant feature set ℎ!
• Python predicate 𝜙$ilter

3. Retrieve examples for block-level requests
§ ℬ = 𝐿? ∈ 𝐷 ∣ 𝜙(ilter 𝐿? = True

§ Examples:
• 𝑞: “blocks with large average inter-building distance”
• ℎ! : mean pairwise building distance
• 𝜙$ilter: select blocks above a chosen percentile

2. Block-level request

§ Output:
• Executable geometry-editing 

function 𝜙"#$%

§ Example:
• 𝜙"#$%: directly edits the specified building or buildings

1. Building-level request



CGA, Part 2: Verification Agent (VEA)

Building-level verification
1. Execute 𝜙bldg
2. Check that code returns a valid layout
3. Render original and edited layouts 

side by side
4. A multimodal LLM (MLLM) judges 

whether the visual change satisfies 
the request

5. Failed result returns diagnostic 
feedback to CGA
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Block-level verification
1. Test on 10% random sample 𝟎. 𝟏𝑵

1-minute timeout
↓

2. Error checking
execution validity
result-set bounds
valid block identifiers
↓

3. Full database execution

4. Maximum 5 iterations; fresh 
conversation after repeated failure

5. Full-database fallback when sampling 
repeatedly returns no examples



BGA: Block Generation Agent
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Block-level four-stage process
1. Shape parameterization: Fit each 

building to its best I, L, T, U, H
representation using Intersection-
over-Union (IoU)

2. Preprocessing: Repair or remove 
overlaps and buildings extending 
beyond the block boundary

3. Layout typing: Classify as one of 
four organized types or “other”

4. Optimization:
a. Building-count adjustment: Add or 

remove buildings to match target 
density

b. Geometric optimization: Use CMA-
ES (Covariance Matrix Adaptation 
Evolution Strategy) to optimize width, 
height, position, and rotation

§ 𝐹: layout features
§ 𝜇, Σ: example-set mean and covariance
§ Δ: edit parameters

§ Mahalanobis distance: accounts for 
covariance among layout features
• 𝐷! 𝑥, 𝜇 = 𝑥 − 𝜇 "Σ#$ 𝑥 − 𝜇

§ Objective function
• 𝒥 Δ = 𝐷! ℱ ℒ′ Δ , 𝜇



Evaluation

CGA metric
§ Bldg: The edit is correctly applied 

after validation by the VEA
§ Geo, SemE, SemH: the retrieved 

set must shift the target property in 
the requested direction

§ 𝑝̅ ℬ > 𝑝̅ 𝐷 or 𝑝̅ ℬ < 𝑝̅ 𝐷
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Category Count Example

Bldg — building-level 5 Rotate the top-right building 45°

Geo — geometric block-level 10 Make buildings farther apart

SemE — directly relevant features available 7 Support higher employment

SemH — directly relevant features removed 7 Same semantic requests, but 
directly relevant columns removed

29 total 
questions

BGA metric (Block-level questions only)
§ Higher is better; percentage normalization 

accounts for differing initial distances
§ D@ABC: distance from the input to the 

example-set distribution
§ DDEBF: distance from the edited layout to 

the example-set distribution
§ 100× G%&'(HG)*'+

G%&'(



CGA Results: Success Rate by Request Category
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Main CGA Results



QAA and VEA Results: Measured by Ablation 
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Ablation Studies



BGA Results: quantified over Geo, SemE, and SemH
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Method Geo SemE SemH

BGA 49.95 53.74 54.47

LayoutDM 33.33 27.48 28.50

Pure LLM editing 1.79 1.14 1.43

LLM given target statistics, without BGA 4.62 2.46 2.83

• BGA exceeds the strongest comparison by 16.62-26.26 percentage points

• Overall, BGA helps by 49.95 to 54.47%

• Metric used: percent reduction in Mahalanobis distance to the example-set distribution



Qualitative Examples: Building-Level
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Qualitative Comparison: Block-Level Edits
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Dataset Composition and Schema
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Public dataset

doi:10.5281/zenodo.19931111



Geometric evaluation prompts
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Building-level evaluation prompts
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Semantic evaluation prompts
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§ SemE: directly relevant database features available
SemH: the same prompts with those features removed



URBANE: THREE TAKEAWAYS
1. Decompose intent

QAA and CGA transform natural language into executable edits or data-grounded target 
sets.

2. Verify and optimize
VEA catches failures; BGA returns valid polygonal layouts that move toward the retrieved 
examples.

3. Strong empirical results
CGA success: 68.97–99.33%, depending on request difficulty
BGA improvement: 49.95–54.47% reduction in distance to the target example set

Current scope: 2D building footprints and twelve U.S. cities
Future work: vegetation, transportation infrastructure, 3D buildings, and broader geographic 
coverage

9/1/26 22

Questions?


