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Abstract

Generative artificial intelligence (GenAl)
models are increasingly used for scientific
data generation, yet their alignment with em-
pirical knowledge in urban science remains
unclear. We therefore ask whether generated
urban data reproduce empirical regularities
and support repeatable experiments. We in-
troduce AI4US, a framework for evaluating
data synthesis and conditional intervention
across text and image modalities. Four cases
spanning urban systems, within-city struc-
ture, neighbourhood vitality and streetscape
perception are evaluated against published
parameters, observed urban data and human
judgements. Generated outputs recovered
recognizable scaling and distance-decay pat-
terns and yielded measurable associations be-
tween neighbourhood morphology indicators
and pedestrian activity, while model judge-
ments showed positive agreement with sam-
pled human choices. Controlled changes to
urban conditions produced repeatable out-
put responses across all four cases. How-
ever, generated data often compressed empir-
ical numerical coverage, local variation and
visual diversity. In an inspectable GenAl
model, intermediate activations linearly dis-
tinguished some urban relationships, while
activation edits changed only selected out-
put scores. AI4US provides an empirically
grounded approach for assessing GenAl as
the virtual urban laboratory in urban data
synthesis and controlled model experiments,
while revealing its tendency to simplify em-
pirical complexity.
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1. Introduction

Urban science has long sought to decipher the com-
plex behaviours of cities, from early demographic sur-
veys to computational modelling[1-3]. Remote sens-
ing, sensor networks and digital platforms have greatly
expanded the scope of urban observation[3], while mak-
ing representation, governance and accountability part
of urban research design[4]. Systematic comparative
studies now examine many cities within common an-
alytical designs[5]. Yet a city cannot be replicated in
the manner of a laboratory specimen, and spatial, in-
stitutional, social and technological conditions often
change together. Urban science therefore needs com-
plementary settings in which urban conditions can be
generated, varied repeatedly and evaluated against ob-
servations of real places.

Historically, wurban experimentation has evolved
through several paradigms. Early approaches treated
the city as a living laboratory and used observation,
policy trials and natural experiments to compare ur-
ban conditions[2,6]. Physical and analogue models
offered controllable surrogates, and the subsequent
rise of cellular automata, land-use and transport mod-
els, and agent-based simulations introduced rule-based
digital experimentation[7]. Such models make their
assumptions inspectable, but researchers must spec-
ify the variables, interactions and parameters in ad-
vance. Models trained on large corpora may offer an-
other experimental medium alongside observation and
rule-based simulation because they can generate ur-
ban data and respond to altered conditions without a
task-specific urban simulator.

Advances in generative artificial intelligence (GenAl)
are opening new approaches to data-driven scientific
discovery[8-12]. Large language models learn statisti-
cal regularities from text and structured data, while
multimodal models extend the same interface to im-
ages. In biology and materials science, related sys-
tems have supported protein-structure prediction and
the search for novel materials[10,11]. Urban science
presents a different but complementary test. GenAl
can generate numerical city records, spatial profiles
and streetscape scenes, and it can respond when fea-
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tures of those outputs are changed. Plausible output
alone is not sufficient for scientific use: generated rela-
tionships, parameter values and data variation must be
compared with empirical observations, and responses
to changed conditions must be measured under repeat-
able designs.

Initial studies have shown promise, using GenAl mod-
els to generate synthetic mobility data, simulate resi-
dents’ daily behaviours, or assess urban systems[13—
15]. A recent dataset of 1,260 standardized urban-
experience narratives across 21 cities, four actor pro-
files and three language models enables controlled com-
parisons of contextual consistency, model variation
and representational bias[16]. Geographic evaluations
also reveal systematic bias and inconsistent factual ac-
curacy across locations and models[17,18]. This work
demonstrates the reach of large models but leaves a
broader evaluation problem: whether generated urban
data reproduce established relationships, whether their
parameters and variation resemble empirical observa-
tions, and whether the generated data can support con-
trolled experiments.

Our case selection began with a systematic review
of data-driven urban research in 57 journals, which
identified recurring work on transport, spatial qual-
ity, vitality, urban form and perception[3]. We se-
lected four established cases that each provide a mea-
surable relationship or outcome, an empirical refer-
ence, an object that can be generated and a condition
that can be varied. Urban Scaling tests power-law
relationships between Population and Road or GDP
across cities, together with the rank-size distribution
of Population[19-21]. Distance Decay tests the inverse-
S change in land density with distance from a city
centre[22-25]. Jacobs-informed Vitality tests associ-
ations between five neighbourhood morphology indi-
cators and observed Pedestrian Activity[26,27]. Place
Pulse Perception uses the six human-judgement dimen-
sions defined in Place Pulse[28]. Together, the cases
span urban systems, within-city structure, neighbour-
hoods and streetscapes. The three numerical cases use
text-only prompts to generate urban tables or profiles,
whereas the Perception case uses streetscape images to-
gether with text instructions to evaluate visual judge-
ments.

A reproduced pattern may reflect familiar city facts,
a relation stated in the prompt or computations per-
formed for the current task. Recent work has shown
that spatial, temporal and geographic attributes can
be decoded from language-model states and that ac-
tivation edits can alter selected outputs[29-32]. We
therefore designed a focused open-model analysis to

test whether selected relation distinctions are readable
from intermediate activations and whether targeted
changes to those activations shift the corresponding
output.

Here, we introduce AI4US as a common design for
Data Synthesis and Conditional Intervention. Data
Synthesis generates urban data, estimates their rela-
tionships and variation, and compares them with pub-
lished parameters, city data, neighbourhood observa-
tions or human judgements. Baseline prompts de-
fine the requested variables, units and output format;
Blueprint prompts add empirically informed value cov-
erage, spatial organization or heterogeneity. Condi-
tional Intervention varies an urban condition within
a fixed setting and measures the model response.
GPT-40 performs the numerical tasks and image scor-
ing, gpt-image-2 generates and edits streetscapes, and
Qwen2.5-VL-72B provides the open-model follow-up.
AT4US separates three questions that plausible output
alone cannot answer: whether a recognizable relation-
ship is present, whether its parameter values and varia-
tion resemble empirical observations, and whether the
model responds consistently when an urban condition
is changed.

2. Results

2.1. GenAl-based data synthesis supports controlled
experiments in virtual urban settings

AT4US evaluates GenAl at the scales of urban
systems, within-city structure, neighbourhoods and
streetscapes (Fig. 1). The three text-modality
cases generate numerical tables or profiles to ex-
amine cross-city scaling between Population and
Road/GDP, within-city land-density profiles across
distance from the city centre, and relationships be-
tween five neighbourhood-morphology indicators and
Pedestrian Activity. The image-modality case uses
streetscape images and text instructions to examine
six Place Pulse judgements. Each case has an exter-
nal empirical reference in the form of published pa-
rameters, urban data, neighbourhood observations or
human labels.

The study first synthesizes urban data and estimates
relationships, then compares generated data with em-
pirical observations, and finally changes urban condi-
tions within fixed settings. In the three numerical
cases, the changed condition is specified as a value
in the text input; in Perception, matched image ed-
its alter the same base streetscape before scoring. The
Baseline prompt supplies the definitions required to
perform each task. The Blueprint prompt adds case-
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specific information about numerical coverage, spatial
organization or heterogeneity. The open-model anal-
ysis follows these experiments: it compares response
patterns with GPT-40, tests whether selected relation
types can be read from hidden states and measures
whether targeted activation edits shift relative answer
scores.

Across these four scales, the shared sequence treats
recognizable generated structure as the initial observa-
tion, empirical magnitude and variation as the calibra-
tion test, and the response to one controlled change
as the experimental test. Together, these steps dis-
tinguish plausible pattern reproduction from empirical
correspondence and repeatable model behaviour.

2.2. GenAl reproduces recognizable urban regularities

The four cases produced measurable urban relation-
ships and perceptual judgements (Fig. 2). Both
Urban Scaling prompts produced consistently es-
timable power-law relationships. Under Baseline and
Blueprint, the mean Road scaling exponents were
0.887 [0.862, 0.910] and 0.850 [0.820, 0.881], close
to the empirical estimate of 0.849 for US metropoli-
tan areas. The corresponding GDP exponents were
1.044 [1.015, 1.072] and 1.013 [0.987, 1.039], below
the empirical estimate of 1.126[19]. The rank-size
slope shifted from —0.477 [—0.499, —0.455] to —1.531
[—1.591, —1.470], closer to our estimate of —1.115 from
FHWA data. Blueprint improved the rank—size slope,
whereas the Road and GDP exponents did not move
closer to their empirical estimates.

The median fitted land-density profile declined with
distance from the city centre under both Distance De-
cay prompt conditions. Median inverse-S R? was 0.997
under Baseline and 0.995 under Blueprint. Median
steepness « increased from 1.430 to 1.691, peripheral
density ¢ from 0.010 to 0.016, and spatial scale D from
22.892 to 37.114 km. Across 150 empirical city-period
curves from 50 cities, the corresponding medians were
a = 3.210, ¢ = 0.070 and D = 15.750km|[25]. Median
fitted steepness was lower in both generated conditions
than in the empirical profiles.

Jacobs-informed Vitality tables had positive mean co-
efficients for Residential Density, Functional Mix and
Short Blocks: 0.599, 0.171 and 0.136 under Baseline,
and 0.699, 0.081 and 0.157 under Blueprint. Mean co-
efficients for Aged Buildings and Tall Buildings were
weakly negative. At the 52 Melbourne sites, Residen-
tial Density, Functional Mix and Aged Buildings were
positive, Short Blocks was negative and Tall Buildings
was close to zero. Short Blocks and Aged Buildings
therefore had opposite signs in the generated and em-

pirical models. Using only the five morphology indica-
tors, GPT-4o ranked 0.603 [0.515, 0.681] of empirical
site pairs in the observed Pedestrian Activity order.

GPT-40 showed positive agreement with sampled
human choices across all six Place Pulse dimen-
sions. Each dimension used 1,000 pairwise compar-
ison records, and each task retained one sampled
Place Pulse vote rather than a pairwise majority la-
bel. Across all 6,000 tasks, three-class accuracy was
0.550 [0.537, 0.562] and Cohen’s x was 0.210 [0.190,
0.230]. Dimension-specific k£ was higher for Beautiful,
Wealthy and Safe than for Depressing, Lively and Bor-
ing. This comparison provides an independent human-
judgement reference for the subsequent scoring of gen-
erated streetscapes[28].

Taken together, the models reproduced recognizable
relationship forms and showed positive but modest
agreement with human choices. Comparison with the
empirical references gave a more specific result: Road
scaling was close to its reference, GDP scaling was shal-
lower, land-density decline was more gradual, and two
Vitality coefficients reversed sign relative to observa-
tions. Thus, recognizing urban structure in generated
outputs is distinct from matching its observed magni-
tude and direction.

Variable definitions, empirical-data construction and
sensitivity analyses are described in Methods 4.3-4.4
and the Supplementary Methods and Results.

2.3. GenAl-generated data show less variation than
empirical observations

Generated data preserved readily estimable patterns
while compressing or redistributing empirical variation
(Fig. 3). In a separate generic-city Urban Scaling
cohort, Blueprint reduced the Wasserstein distances
from generated Population, total Road length and
city GDP to an empirical reference of 3,525 Chinese
physical-city polygons from 0.626, 0.626 and 0.804 to
0.193, 0.338 and 0.388. The corresponding within-
table magnitude ranges were 2.665, 2.008 and 2.512
orders of magnitude, below the empirical ranges of
3.858, 3.806 and 4.316. Blueprint expanded numerical
coverage and brought the three marginal distributions
closer to this empirical reference in that cohort.

For Distance Decay, the main differences concerned lo-
cal variation. Empirical profiles had a median unique-
value fraction of 0.32, a normalized second difference
of 0.0177 and a median of 19 outward density rever-
sals. Median reversals were zero under both Baseline
and Blueprint. Blueprint increased value resolution
and local curvature, while a minority of profiles still
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Figure 1. AI4US links generated and empirical urban data across four urban-science cases. a, Conceptual view of GenAl
within urban science. GenAl outputs and observations of real cities provide generated and empirical data. For urban
objects (X), (F_G(X)) and (F_R(X)) denote relationships estimated from generated and real-city data, respectively.
Comparing these relationships supports data synthesis, controlled intervention and the evaluation of urban-science hy-
potheses; the path from classic to new theories represents a prospective cycle of hypothesis development. b, The four
cases span city systems, within-city structure, neighbourhoods and streetscapes: Urban Scaling, Distance Decay, Jacob’s
Vitality and Place Pulse Perception. The first three use text data, whereas Place Pulse Perception uses image data.
The boxes above the case sequence name the corresponding GenAl-generated data products, and those below name the
real-city data objects used as empirical references. c, Data Synthesis prompts the model to generate an urban output,
estimates its relationship, compares it with an empirical reference and assesses the result. Conditional Intervention holds
a setting fixed, changes one condition, observes the model responses and assesses their consistency. The open-model
analysis uses Qwen2.5-VL-72B as the primary example to compare matched responses with GPT-40, probe selected rela-
tionship distinctions in intermediate activations and test targeted state interventions.

contained outward reversals. and Aged Buildings and Tall Buildings were 0.87 and
1.22 times the empirical values. Dispersion therefore

For Vitality, Blueprint standard deviations for Resi- changed differently across variables.

dential Density, Short Blocks and Pedestrian Activ-
ity approached those across the 52 sites. Functional Blueprint increased CLIP[33] distances among gener-
Mix was 1.79 times the empirical standard deviation, ated streetscapes, while reducing nearest-neighbour
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Figure 2. Generated urban relationships and an external human-judgement reference. a, Urban Scaling. Thin lines show
table-level base-10 log—log fits and thick lines show the mean fit. Points summarize condition means and horizontal ranges
span the 2.5th—97.5th percentiles across fitted tables; blue dashed lines mark the empirical slopes. The Rank-size, Road
and GDP slope distributions use independent x-axis ranges, with row-specific tick values shown on all three axes. b,
Distance Decay. Curves show median annular land density and shading shows interquartile ranges. The adjacent panels
report medians and interquartile ranges for inverse-S steepness «, peripheral density ¢, and radial scale D in kilometres;
for f(r) =c+ (1 —c¢)/[1 + exp{a(2r/D — 1)}], the transition midpoint is = D/2. The empirical parameter distribution
contains 150 city-period curves from 50 cities. c, Jacob’s Vitality. Points show mean standardized coefficients from
five-variable regressions. Generated ranges span the 2.5th-97.5th percentiles across tables, whereas empirical bars are
HC3 95% confidence intervals across 52 sites. d, Place Pulse Perception evaluator. The aligned axes show three-class
accuracy and Cohen’s k between GPT-40 choices and one sampled human vote for 1,000 image pairs per dimension; bars
are task-bootstrap 95% confidence intervals. Accuracy is the raw share of identical LEFT, RIGHT or EQUAL labels; s
adjusts for agreement expected from the human and model marginal class distributions. Across all 6,000 pairs, accuracy
was 0.550 [0.537, 0.562] and « was 0.210 [0.190, 0.230]. Grey, orange and blue denote Baseline, Blueprint and empirical
references in a—c. Road denotes public-road lane-miles and GDP denotes Gross Metropolitan Product.

similarity to Place Pulse images in both directions and in nearest-neighbour similarity, whereas the ResNet-
increasing the centroid distance between the two sets. 50 change was near zero. Under the primary CLIP
Sensitivity analyses used DINOv2[34] and ResNet-  analysis, Blueprint therefore combined greater disper-
50[35]; DINOv2 showed the same directional change sion within the generated set with lower proximity to



GenAl Models Capture Urban Science

the Place Pulse distribution.

Blueprint broadened several generated distributions,
while numerical range, local spatial irregularity and
proximity to the empirical image distribution changed
by different amounts and sometimes in different di-
rections. The relevant test of generated-data quality
therefore depends on the form of variation needed for
the urban question, not on overall dispersion alone.

The comparison metrics and empirical sampling proce-
dures are defined in Methods 4.5 and the Supplemen-
tary Methods and Results.

2.4. GenAl shows repeatable responses to controlled
changes in urban conditions

Across all four cases, changing an urban condition
within a fixed setting produced directional and repeat-
able GenAl responses (Fig. 4). When Population was
increased across five levels in 100 fictional metropoli-
tan settings, the mean GDP scaling exponent was
1.034 [1.008, 1.061] and the Road exponent was 0.682
[0.655, 0.707]. Their mean difference was 0.352 [0.314,
0.392], and GDP responses were stronger in 99 of 100
settings. GDP therefore increased superlinearly and
Road sublinearly with Population.

Predicted land density generally declined as Distance
from centre increased. Of 1,000 prespecified near—far
comparisons, 0.816 [0.772, 0.858] had the expected or-
dering. Among the 67 complete five-band profiles, the
adjacent-band decline rate was 0.899. Forty-one of the
100 city settings produced strictly decreasing profiles.

For each of 38 neighbourhood settings, we kept the
other four morphology indicators fixed and set Func-
tional Mix to locally plausible low, middle and high
values, defined as the qip, g50 and ¢g9 among the
eight most similar observed sites. Thirty-one set-
tings produced the complete High-Mid-Low ordering
in Pedestrian Activity, for a fixed-denominator rate of
0.816 [0.666, 0.908]. The three pairwise ordering rates
ranged from 0.816 to 0.842.

Streetscape editing produced the complete 3 x 6
perception-effect matrix. Natural increased Beautiful,
Lively, Safe and Wealthy and reduced Depressing and
Boring. Traffic increased Lively and reduced Beau-
tiful. Built primarily increased Wealthy and reduced
Depressing. Each theme effect was measured against a
same-scene editing control. To create this control, the
same baseline scene passed through the same image-
editing process with an instruction to make no inten-
tional visible change. The inferential unit was the
scene (n = 12).

Across the numerical and image tasks, changing one
urban condition while holding the rest fixed yielded
an explicit directional comparison. These compar-
isons turn qualitative urban propositions into repeat-
able tests of GenAl responses that can be evaluated
against empirical data or human judgements.

The intervention estimands, fixed denominators and
uncertainty procedures are defined in Methods 4.6 and
the Supplementary Methods and Results.

2.5. Response profiling, linear probing and activation
intervention test selected state—output links

Because GPT-40 does not expose internal activations,
we used Qwen2.5-VL-72B as the primary inspectable
model. The analysis had three stages: response profil-
ing, linear probing and activation intervention (Profile
- Probe - Intervene). Response profiling compared
matching Road, GDP, land-density, activity and Per-
ception responses from GPT-40 and Qwen2.5-VL-72B
under the same task descriptions and output templates.
Linear probing tested whether intermediate states dis-
tinguished each expected relationship from its reverse.
Activation intervention then changed candidate states
while holding the prompt fixed and measured shifts
in relative answer scores. This final stage differs from
Conditional Intervention, which changes an urban con-
dition in the input rather than the model state.

In the entry-by-entry comparison of the paired tables,
GPT-40 and Qwen2.5-VL-72B were correlated at 0.932
[0.900, 0.963] for Urban Scaling, 0.977 [0.970, 0.991]
for Distance Decay and 0.998 [0.998, 0.998] for Vi-
tality. Figure 5 shows the corresponding mean re-
sponse curves, obtained by averaging matching entries
at each tested Population value, distance or Functional
Mix value across the metropolitan, city or neighbour-
hood examples; their correlations were 0.975, 0.997
and 0.998. The complete 3 x 6 Perception pattern was
correlated at 0.929 [0.862, 0.940]. These comparisons
provide the behavioural basis for the Qwen internal-
state analyses below.

We summarized the difference between expected and
reversed prompts as one direction in the model’s in-
termediate states. AUC measures how often the ex-
pected prompt ranks above its reversed counterpart,
with 0.5 indicating chance and 1 perfect separation.
On independent confirmation prompts, AUC was 0.944
for Urban Scaling and 1.000 for Vitality, exceeding the
prespecified 0.90 criterion, and 0.750 for Distance De-
cay. Because Urban Scaling and Vitality exceeded this
threshold, their directions were also tested during gen-
eration of new numerical tables. In all six held-out ta-
bles for each task, the prespecified summary statistic
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Figure 3. Variation in generated data relative to empirical observations. a, Urban Scaling distribution cohort. Distribu-
tion gap is the one-dimensional Wasserstein distance between generated and empirical log,,(z/ > z) within-table share
distributions for Population, total Road length and GDP, using an empirical reference of 3,525 Chinese physical-city
polygons; lower values indicate closer distributions. Baseline and Blueprint error bars are percentile 95% confidence
intervals from 10,000 resamples of complete 100-city tables, and empirical bars span the 2.5th—97.5th percentiles across
100 independent 100-city resamples. Log-value span is log;,(maxz/ minz), so values of 1 and 2 correspond to 10-fold
and 100-fold spans. This cohort is separate from the source-matched coefficient experiment in Fig. 2a. b, Distance Decay.
After every annular-density profile was rounded to two decimal places, distinct-value share was the number of distinct
values divided by the number of distance bands; local curvature was the mean absolute second difference divided by
the profile range (denominator 1 for a constant profile); and outward reversals counted adjacent outward steps in which
density increased. Local curvature is therefore a normalized second-difference measure, not fitted geometric curvature.
Boxplots summarize profile distributions and points show individual profiles. ¢, Jacob’s Vitality. Points show each vari-
able’s generated within-table standard deviation relative to the corresponding standard deviation across 52 empirical sites
after the analysis transformation; the empirical reference is one and bars span the 2.5th—97.5th percentiles. d, Place Pulse
Perception. Within-set diversity is mean pairwise CLIP cosine distance among generated images. Place Pulse coverage
averages, over empirical images, the maximum cosine similarity to the generated set; generated-scene similarity averages
the reverse nearest-neighbour direction over generated images; centroid shift is the cosine distance between the two set
centroids. Empirical references use split halves of a 3,840-image Place Pulse set from 16 cities. Grey, orange and blue
denote Baseline, Blueprint and empirical references, respectively.

was unchanged. Separate prespecified short-answer ex-  experiments. Adding or subtracting the Scaling direc-
periments used directions selected specifically for those tion, which we call activation editing, shifted the Road



GenAl Models Capture Urban Science

a Urban Scaling | Population b Distance Decay | Distance
1.0
-8~ Road Inner density > outer density
15 GDP 0.816 [0.772, 0.858]
o 0.8
2]
c
2 2z
g 10 1 206 1
2 3
e E 0.4
= 0.5 A1 @ 0.4 7
5 -
Q
o
0.0 A 0.2 A
Mean slope: Road = 0.68
Mean slope: GDP = 1.03 00
0.05 0.1 0.2 0.4 0.8 0 10 20 30 40 50 60
Population (million) Distance from centre (km)
C Jacob's Vitality | Functional Mix d Perception | Theme edits
H/M/L=local Goo / Gso / q i i i i
90 / gs0/ d10 Beautiful 4 Natural L ou : | Built tor
Complete H>M > L A X ——— 31/38 i | !
Depressing - HO- i * : E -o-ui X
] 1 1
4 ——O— 32/3§ ! | 1 !
H>M x Lively - ey i - [
] 1 1
i i |
H>L - X ————O— 32/38 Safe 1 1o ! | o
] 1 1
Wealthy - i Lol I : - i o] g
] 1 1
M>L 1 o Observed X ———0— 31/38 ) i i i |
X Random order Boring o : i ?
0.2 0.4 0.6 0.8 1.0 -3 0 3 -3 0 3 -3 0 3
h f neigh h . o
Share of neighbourhood settings Theme - editing control *BH q<0.05

Figure 4. GenAl responses to controlled changes in urban conditions. a, Population was varied from 0.05 to 0.8 million in
100 fictional metropolitan settings. “Relative log response” is log;,[Ys(p)/Ys(0.05 million)], calculated separately for Road
and GDP. Thin lines show setting-level responses; thick lines are pointwise medians and shading spans the 2.5th—97.5th
percentiles across settings; these are descriptive ranges, not confidence intervals. Annotations give the mean setting-level
log—log slopes. b, Model-reported annular land-density fraction was estimated at five 1-km distance bands in 100 fictional
city settings. The annotation is the share of all 1,000 prespecified near—far comparisons in which inner density exceeded
outer density; missing or invalid comparisons contribute zero. Thin curves show 67 complete profiles; the thick curve
and shading are defined as in a. Brackets give the 95% setting-bootstrap confidence interval. c, For Jacob’s Vitality,
Functional Mix was set to local low (L), middle (M) and high (H) values in 38 neighbourhood settings while the other
four morphology indicators were fixed. H, M and L are the local qoo, gs0 and gio among eight similar observed sites.
The square shows the complete H > M > L Pedestrian Activity ordering and circles its three pairwise components; bars
are Wilson 95% confidence intervals and labels report hits/38. Crosses show random-order probabilities (1/6 complete;
1/2 pairwise). d, Natural, Traffic and Built edits were compared with same-scene editing controls across 12 street scenes.
Points show mean theme-minus-control differences on six 0—10 perception scales; positive values favour the theme edit.
Bars are scene-bootstrap 95% confidence intervals; asterisks denote Benjamini-Hochberg ¢ < 0.05 from exact paired
sign-flip tests across the 3 x 6 matrix.

and GDP answer logits; logits are the model’s pre-
softmax scores for the answers. Dose and erasure edits
of the Vitality direction shifted the Pedestrian Activity
answer logits without changing the final answer cate-
gory. The separately selected short-answer directions
therefore shifted answer scores, whereas the directions
tested during table generation did not change the pre-
specified table statistic.

For Perception, the 18 GPT-4o differences between

theme images and their editing controls defined the
comparison pattern. We then copied the image-token
states produced by each same-scene editing control
into the corresponding positions for its theme-edited
image. To summarize the change, each of the 18 Qwen
effects was weighted by the size of the corresponding
GPT-40 difference, and its sign set the expected direc-
tion. Replacing all theme-image token states produced
a reduction of 3.712 [3.084, 4.312] logit units, exceed-
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ing an equal-norm random perturbation at the same
positions. Replacing the quarter of image-token posi-
tions with the largest mean absolute RGB differences
produced a reduction of 1.473 [1.203, 1.745], exceed-
ing random and low-change image-position controls.
An equal-total-norm text-token perturbation caused a
larger change; this comparison therefore does not es-
tablish modality specificity.

Together, response profiling, linear probing and acti-
vation intervention separate three levels of evidence:
whether GPT-40 and Qwen produce similar response
patterns, whether Qwen intermediate states distin-
guish the task relation, and whether changing those
Qwen states changes an answer. These stages did not
always yield the same result: selected state changes
shifted short-answer scores and Perception effects, but
the state changes tested during table generation did
not alter the prespecified table statistic. This separa-
tion identifies more precisely when task-related infor-
mation is detectable in model states and when chang-
ing those states affects an output.

Probe selection, held-out confirmation and activation-
edit estimands are described in Methods 4.7 and Sup-
plementary Results, “Open-model analyses of selected
output regularities”.

3. Discussion

AT4US connects text-based numerical tasks and image-
based perception tasks within a common experimen-
tal design. Generated outputs recovered recogniz-
able urban regularities and responded repeatably to
controlled changes. Comparing them with empiri-
cal parameters, neighbourhood observations, human
judgements and observed variation then showed which
properties were recovered, compressed or redistributed.
This connects two questions that are often examined
separately: what structure generated urban data con-
tain and how the model responds when a condition in
those data is varied. Their scientific value depends on
both the relationships they contain and the extent to
which their parameters and variation match the phe-
nomenon under study.

The numerical tasks often produced strong, readily es-
timable trends while compressing numerical ranges, lo-
cal fluctuations or differences between settings. The
Vitality comparison further showed that a regular
generated coefficient pattern may differ in sign and
strength from neighbourhood observations. In the im-
age task, Blueprint increased dispersion within the gen-
erated set but reduced its proximity to Place Pulse.
Blueprint therefore changed different properties of the

outputs in different directions. Prompt design should
be evaluated against the property required by a study:
relationship magnitude, numerical coverage, local spa-
tial variation or coverage of an empirical image distri-
bution.

The empirical comparisons also clarify what it means
to reproduce an urban regularity. Scaling exponents
depend on city definitions, sample composition and
fitting choices[20,21]. Radial density parameters de-
pend on the definition of the centre and the spatial
extent examined[22-25]. The neighbourhood activity
reference is specific to the 52 Melbourne sites. Place
Pulse records the judgements of a particular partici-
pant population and image collection[28]. The values
used here are empirical reference points rather than
universal constants. Reporting generated parameter
distributions beside these references separates recov-
ery of a relationship form, agreement with its observed
magnitude and recovery of the underlying data varia-
tion.

Conditional Intervention gives the generated data an
experimental role. Changing an urban condition
within an otherwise fixed synthetic setting produced
directional model responses in all four cases. These
response profiles quantify model sensitivity to alterna-
tive urban inputs and provide hypotheses for subse-
quent tests with field data, policy evaluations or hu-
man participants. In this role, AI4US complements
mechanistic urban simulations such as agent-based
models or cellular automata, which represent urban
dynamics through explicit rules.

The two human-scale cases show how empirical com-
parison changes interpretation. Pedestrian Activity
was measured independently at 52 Melbourne sites:
the external coefficient pattern differed from the gen-
erated tables, while morphology-only ranking achieved
a pairwise accuracy of 0.603. Place Pulse choices
provide an external reference for the image evalua-
tor, while the theme interventions estimate GPT-4o-
predicted changes in controlled synthetic scenes. Nat-
ural edits shifted the complete six-dimensional profile
in a favourable direction, Traffic increased predicted
liveliness while reducing predicted beauty, and Built
edits produced more selective changes. These model-
predicted changes define a complete set of hypotheses
for subsequent human evaluation.

The open-model experiments linked selected responses
to task-related intermediate states. Following related
representation and model-editing studies[29-32], we
used linear readouts and activation edits to exam-
ine selected model responses. Similar responses for
named and anonymous cities, together with adapta-
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Figure 5. Matched open-model responses, relation probes and state editing. a, Mean GPT-40 and Qwen2.5-VL-72B
response profiles for Urban Scaling, Distance Decay, Jacob’s Vitality and the 3 x 6 Perception pattern. Numerical
points average matching table positions across examples; r is the Pearson correlation and error bars are bootstrap 95%
confidence intervals. b, Confirmation-set AUC for separating expected from reversed relation prompts across model layers
(0.5, chance; 1, perfect separation). Filled diamonds mark layers selected on development data, open circles show other
candidates and the dashed line is the prespecified 0.90 threshold. c, Short-answer state-editing effects for Scaling (Road
and GDP) and Jacob’s Vitality (Pedestrian Activity), expressed as changes in restricted pre-softmax answer scores in logit
units. Theory edit is the dose-response slope along the selected task-relation direction. Scaling contrasts subtract the
absolute slopes of the named Population, non-urban or random controls. For Jacob’s Vitality, Theory — controls subtracts
the mean absolute slope across the Functional Mix input, irrelevant-number and three norm-matched random directions.
Direction removed neutralizes the selected direction at the development-set midpoint; Direction reversed reflects it across
that midpoint; Removal — controls subtracts matched control changes. Points are means and bars are bootstrap 95%
confidence intervals across held-out examples. d, Perception answer-score patterns before state editing, after replacing
theme-image-token states with matched same-scene control states and after an equal-norm random perturbation. Heatmap
cells average scene-level theme-minus-control answer scores; positive values favour the theme image. Be, De, Li, Sa, We and
Bo denote Beautiful, Depressing, Lively, Safe, Wealthy and Boring. The forest plot reports the GPT-4o-reference-weighted
clean-minus-edited reduction in the 18-cell Qwen pattern. All image states uses every image-token position; High-change
states uses the top quartile ranked by outcome-blind mean absolute RGB difference. The three “vs” rows subtract
matched random-image, low-change-image and random-text control effects. Bars are scene-bootstrap 95% confidence
intervals; positive values favour targeted image-state replacement. The negative random-text contrast means that this
comparison does not establish modality specificity. Panels b-d use Qwen2.5-VL-72B.

tion to deliberately reversed rules, show that current direct city-name retrieval or repetition of one invari-
task instructions and relation cues contribute beyond ant formula. Training-example memory and interpola-
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tion among learned statistical patterns may also con-
tribute, and the present controls do not separate them.
In Qwen2.5-VL-72B, selected relation types were lin-
early decodable from intermediate activations. Edit-
ing those activations shifted short-answer logits for
Scaling and Vitality, and replacing theme-image states
weakened the Perception effect profile. The prespeci-
fied statistics calculated from newly generated tables
were unchanged under the numerical state edits, sep-
arating short-answer sensitivity from table-generation
outcomes. In Qwen2.5-VL-7B, the external Percep-
tion profile recurred, but targeted state replacement
did not outperform an equal-norm random perturba-
tion; the 72B replacement result therefore did not ex-
tend to the tested smaller checkpoint (Supplementary
Results).

AT4US is most useful for urban questions with a mea-
surable empirical reference and a clearly defined con-
dition that can be varied. It can compare models and
prompting strategies, identify where generated data
compress numerical ranges, local variation or image
distributions, and formulate hypotheses for subsequent
field data, policy evaluation or human studies. Ex-
tending the framework to additional model families,
geographic contexts and longitudinal observations will
test the stability of these patterns. In this way, AI4US
connects urban-data generation with empirically refer-
enced model experiments while keeping final tests of
urban hypotheses anchored in urban observations and
human experience.

4. Methods

4.1. Study design and case selection

Data Synthesis estimates relationships in generated
data and compares their parameters and variation
with empirical references. Conditional Intervention
changes a case-specific urban condition within a fixed
setting and measures the corresponding model outputs.
The open-model analysis tests whether selected rela-
tion distinctions are linearly decodable from hidden
states and whether activation edits shift selected out-
put logits.

A systematic review of urban spatial big-data research
in 57 representative journals provided the field-level
literature landscape for case selection[3]. The four
cases examined here each have a measurable relation-
ship or outcome, an external empirical reference, a gen-
eratable object and a condition that can be changed
within a fixed setting. Urban Scaling, Distance De-
cay and Jacobs-informed Vitality generate numerical
data through text prompts. Place Pulse Perception
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generates and edits images, with human judgements
providing the empirical reference.

4.2. Models and prompt conditions

GPT-40 was used for numerical data synthesis,
numerical interventions, empirical-site ranking and
streetscape perception scoring. Streetscape genera-
tion and editing used the image-generation interface
identified as gpt-image-2 at the time of use. Hidden-
state experiments primarily used Qwen2.5-VL-72B-
Instruct-AWQ[36]. A within-family Perception follow-
up used Qwen2.5-VL-7B-Instruct[37]; full methods
and results are reported in the Supplementary Infor-
mation. The three numerical tasks provided text in-
put only, whereas Perception used image—text input.
GPT-40 temperature was 0 for Scaling, Decay, inter-
vention and perception scoring, and 0.7 for Vitality
data synthesis. Model identifiers, access dates and
other decoding settings are reported in Supplementary
Methods; Supplementary Data 1 identifies the open-
model checkpoints.

Each synthesis task compared Baseline and Blueprint
prompts. Baseline specified the object, variables, units
and output format. Blueprint additionally specified
case-specific value coverage, spatial or system organi-
zation, or heterogeneity. All reported relationship pa-
rameters were estimated from the returned data. Some
conditions, most explicitly Distance Decay, used em-
pirical value envelopes and directional spatial organiza-
tion. The Supplementary Information lists these com-
ponents, identifies which quantities came from empiri-
cal sources, and reports factorial ablations and format-
sensitivity analyses.

The primary numerical synthesis tasks requested all
tested values and their outputs together in one ta-
ble. A matched format-sensitivity analysis found that
requesting one row at a time preserved the Scaling
and Vitality relationships less reliably (Supplementary
Methods, “Joint and separate generation”).

4.3. Empirical references

Urban Scaling parameters use Bettencourt’s estimates
for 2006 US Metropolitan Statistical Areas[19]. Road
denotes public-road lane-miles and GDP denotes
Gross Metropolitan Product. The empirical exponents
are 0.849 £ 0.038 for Road and 1.126 £ 0.023 for GDP.
We estimated a rank—size slope of —1.115 from Popu-
lation values for 448 urbanized areas in FHWA High-
way Statistics 2006[38]; metropolitan GDP provenance
follows BEA[39]. Distribution comparisons use 3,525
Chinese physical-city polygons with complete positive
Population, Road and GDP values. GDP was aggre-
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gated from a 2019 1-km revised real-GDP grid[40],
Population from PopSE 2020[41], and Road from a
2019 Amap layer. Construction of this 3,525-city ref-
erence and its inclusion criteria are detailed in Sup-
plementary Results, “Urban Scaling”, and Supplemen-
tary Data 2.

Distance Decay combines land-density profiles calcu-
lated in 1-km concentric distance bands for 50 cities
in China, the United States and Europe. Three pe-
riods per city provide 150 city-period parameter esti-
mates[25], whereas profile comparisons use 2019 GISA
1.0 impervious-surface data[42]. The inverse-S func-
tion follows published urban-density work[22-25]. City
selection, source rasters and processing are reported in
Supplementary Results, “Distance Decay”.

The Vitality reference links City of Melbourne pedes-
trian counts and sensor locations[43,44] with CLUE
blocks and associated land-use and building at-
tributes[45]. Five morphology indicators were summa-
rized within 400-m buffers around the sensors. Func-
tional Mix was normalized land-use entropy, M
— fo:l pglogpy/log K, over K = 9 land-use groups.
An eligibility procedure that did not use Pedestrian
Activity outcomes retained 52 sites; variable construc-
tion is reported in Supplementary Results, “Jacobs-
informed Vitality”.

Place Pulse 2.0 contains 110,988 streetscape images
from 56 cities and 1,169,078 human pairwise compar-
isons across six dimensions[28]. The model-human
comparison sampled 1,000 comparison records per di-
mension. The representation-distribution comparison
used 3,840 images from 16 cities that did not appear
in the generation prompts; sampling and city compo-
sition are reported in Supplementary Results, “Place
Pulse Perception”[46].

4.4. Data synthesis and relationship estimation

Urban Scaling. Each request jointly generated Popu-
lation, Road and GDP for 100 fictional metropolitan
areas, which were ranked by Population. The rank-—
size relation was

log,o(Population,) = log,qaz + Bz log,y i +ez,. (1)

Road and GDP were fitted as

logyg ay + By log,o(Population,)
+ 5y,i7
y € {Road, GDP}.

logy yi

(2)
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Here ¢ indexes a metropolitan area after descending
Population order, and r; is its dimensionless rank, with
rank 1 assigned to the largest Population. The posi-
tive quantities az and a, are scale constants, 3z and
By are dimensionless log-log slopes, and €z ; and ¢y ;
are residuals on the base-10 log scale. Before trans-
formation, Population is measured in persons, Road
in public-road lane-miles and GDP as annual Gross
Metropolitan Product in billions of 2006 US dollars;
the numerical values of the scale constants therefore
depend on these units.

Equations (1) and (2) were estimated by ordinary
least squares on the log-transformed values, match-
ing the slope definition used for the metropolitan ref-
erence[19]. Heteroskedasticity-consistent standard er-
rors were used within tables[47]. Each prompt condi-
tion was queried 100 times. One response per condi-
tion could not be fitted, leaving 99 fitted tables and 98
matched Baseline—Blueprint pairs. Two Baseline and
one Blueprint response contained exactly 100 rows; the
fitted responses contained means of 90.5 and 90.3 valid
rows, respectively, all of which entered the analysis.
Percentile 95% confidence intervals were obtained from
10,000 resamples of the fitted tables. As fitting sensi-
tivities, equation (2) was re-estimated with the Theil-
Sen median-slope estimator[48] and after removing the
single largest generated metropolitan area; both re-
tained the mean Road-sublinear and GDP-superlinear
directions (Supplementary Table 7).

Distance Decay. Each fictional city contained 100 con-
centric 1-km bands. The proportion of impervious ur-
ban land at distance r was fitted by

1—c¢

fr) = l1+exp|a(% -

+c.

i @

Here f(r) is the dimensionless proportion of a dis-
tance band occupied by impervious urban land, r is
radial distance from the city centre in kilometres, «
is a dimensionless steepness parameter, c is the di-
mensionless peripheral background density, and D is
the characteristic radial distance in kilometres. The
inflection point occurs at » = D/2. Baseline and
Blueprint yielded 94 and 95 estimable curves, includ-
ing 90 matched pairs. Profile-level summaries used
10,000 resamples of complete city profiles.

Jacobs-informed Vitality. Each request jointly gener-
ated 100 neighbourhoods. Let Y; denote Pedestrian
Activity, P; Residential Density, M; Functional Mix,
B; Mean Block Area, A; Aged Buildings and 7} Tall
Buildings. Short Blocks was represented as —log B;.
Each table fitted



GenAl Models Capture Urban Science

z[log(1 4+ Y;)] = Bo + Bpz[log(1 + P;)]
+ B z(M;) + Bsz|—log Bj]
+ 5AZ(AJ) + 6TZ(7}) + €j.

(4)

Here j indexes neighbourhoods, z[ -] denotes standard-
ization within each table, and log denotes the natural
logarithm. Yj is the outcome, whereas P;, M;, Bj,
A; and T; are the five morphology predictors. By is
the intercept; Bp, Bm, Bs, B4 and B are the par-
tial standardized coefficients for Residential Density,
Functional Mix, Short Blocks, Aged Buildings and Tall
Buildings, respectively; and e; is the residual on the
standardized outcome scale. All transformed predic-
tors and the outcome were standardized within each
table, so the coefficients in equation (4) are dimen-
sionless. Each prompt condition completed 100 in-
dependent tables. HC3 heteroskedasticity-consistent
standard errors were calculated within tables[47], and
table-level summaries used 10,000 resamples of com-
plete generated tables. Equation (4) was also fitted
to the 52-site empirical table using the same transfor-
mations and standardization; HC3 intervals describe
the empirical coefficients, with an eight-spatial-group
bootstrap retained as a dependence-sensitive uncer-
tainty check. Separately, GPT-40 ranked anonymous
pairs of sites from the five morphology indicators alone.
Observed Pedestrian Activity supplied the indepen-
dent reference order used to evaluate those rankings.

Place Pulse Perception. Image synthesis used a 2x2x2
factorial design comprising explicit scene components,
spatial coordination, and regional or scene heterogene-
ity. Eight conditions each planned 100 images; 797
images were available for analysis. GPT-40 indepen-
dently judged 1,000 Place Pulse pairs for each per-
ception dimension. Rows were sampled without re-
placement with random state 42, reinitialized within
each dimension. Each task compared the model choice
with the winner label from one sampled human vote,
with all three labels £ = {LEFT,RIGHT, EQUAL}
retained. LEFT means that the left image was judged
higher on the named dimension, RIGHT means the
same for the right image, and EQUAL denotes a tie. If
ng is the number of tasks assigned human label k and
model label [, then N = %", . %", . ny is the num-
ber of tasks, pif = 3, ngt/N is the human marginal
probability of label k, and pf = Y her Mhk/N is the
model marginal probability of the same label. Chance-
corrected agreement was
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1
Po = N Z Nkk,
kel
Pe=Y_pi'n, (5)
kel
_P,—P.
T 1-P

Here P, is the observed proportion of exact human—
model label matches, P. is the agreement expected
from the human and model marginal label distribu-
tions, and x is Cohen’s chance-corrected agreement
coefficient. P,, P. and k are dimensionless.

The task pair was the analysis unit within each per-
ception dimension, and percentile 95% confidence in-
tervals used 2,000 task-pair resamples. The image-
synthesis factorial analysis likewise used 2,000 image
resamples.

4.5. Generated—empirical variation

For Urban Scaling variable z, values in each 100-city
table were converted to shares ¢; = x;/ >, x; and log
shares ¢; = log,y¢;.- If F4 and Fp are the empirical
distribution functions of two log-share samples, distri-
bution distance and numerical coverage were

oo

|[Fa(u) — Fp(u)|du,

FEach generated table’s W; was averaged across 100
independent 100-city resamples from the 3,525-city
empirical dataset. = The empirical reference com-
pared each empirical resample with the other empir-
ical resamples, excluding self-comparisons. This dis-
tributional comparison used a separate generic-city
prompt-component experiment, in which the variables
were Population, total Road length and city GDP
rather than the source-matched lane-mile and Gross
Metropolitan Product definitions used for the coeffi-
cient experiment in Section 4.4. It contained 91 com-
plete Baseline tables and 58 complete Blueprint tables.
The complete 100-city table was the analysis unit, and
percentile 95% confidence intervals used 10,000 table
resamples. Its results describe marginal coverage and
numerical range within that prompt family; they are
not used to estimate the coefficients in Fig. 2a.

MMBF[M

(6)

max; Ty

Rio(z) = logyg (

mini ZT;

For a Distance Decay profile y1,...,y, ordered out-
wards from the centre, value resolution, normalized
local curvature and outward reversals were
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1
Z [Yite = 2yit1 + vil,

O, &

(7)
n—1

Ri(y) = Zﬂ(yiﬂ > Yi).
i=1

where s, = max;y; — min; y; and was set to one for
a constant profile. Empirical and generated profiles
were rounded to two decimal places before these three
local-detail statistics were calculated. The city profile,
not an individual distance-band value, was the analysis
unit; interval estimates used 10,000 profile resamples.

For Vitality variable v, let g,(-) denote the same trans-
formation used in the relationship model: log(1l 4 x)
for Residential Density and Pedestrian Activity, log B
for Mean Block Area, and the identity transformation
for the remaining variables. The dispersion ratio for
generated table b was

py = Slgo(@o0)}
1 Sde{gv(xe,v)} ’

where the denominator was calculated across the 52
empirical sites. Each generated table was one analysis
unit, and interval estimates used 10,000 table resam-
ples.

(8)

Image comparisons used 3,840 Place Pulse images.
Embeddings were normalized to unit vectors z;. Mean
within-set cosine distance was

2
= e Z (1- z)z;). (9)

1<j

Dwithin (G)

For generated set G and empirical set FE, empirical cov-
erage by generated images, generated-image proximity
to the empirical support, and centroid displacement
were

ZLZp

Dccntroid(G7 E) =1—- —FF—.
Iz¢2]1Zell2

(11)

The two nearest-neighbour directions answer differ-
ent questions: Sg_,g asks whether empirical images
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are covered by the generated set, whereas Sg_, g asks
whether generated images remain near the empirical
support. Each image set was the analysis unit. Em-
pirical references used repeated size-matched, disjoint
splits of the Place Pulse set, and percentile 95% confi-
dence intervals used 2,000 image resamples. The pri-
mary encoder was OpenAl CLIP ViT-L/14[33], with
RGB conversion, bicubic resizing and centre crop-
ping to 224 pixels, and the published CLIP chan-
nel normalization. Sensitivity analyses used DINOv2
ViT-L/14[34], with bicubic resizing to 256 pixels fol-
lowed by a 224-pixel centre crop, and ResNet-50 Im-
ageNet1K_V2[35], with bilinear resizing to 232 pixels
followed by a 224-pixel centre crop. The two sensi-
tivity encoders used ImageNet channel normalization,
and all encoder outputs were /5-normalized before co-
sine calculations. Supplementary Methods and Sup-
plementary Data 1 identify the encoder checkpoints
and their preprocessing settings.

4.6. Conditional interventions

Each numerical intervention began with a fictional
metropolitan-system, city or neighbourhood descrip-
tion. Within that description, one urban condition
changed while every other stated detail stayed fixed.
We refer to one such description as a setting and denote
it by b; ¢ denotes the changed condition and x; . the
remaining details. The response between two tested
values was

AYb(cl, Co) = Y(Cl, Xb,—c) — Y(Co, Xb,—c)~ (12)
Urban Scaling varied Population from 50,000 to
800,000 across five levels in 100 fictional metropoli-
tan settings and recorded Road and GDP. The plot-
ted response was Uy i = log1o(Ypk/yp1) against P =
logyo(Px/P1). Equation (2) was fitted separately
within each setting; the setting-level exponents Bb,Road
and Bb)GDp were the estimands. Percentile 95% confi-
dence intervals used 10,000 resamples of the fictional
metropolitan settings.

Distance Decay queried five annular bands r < --- <
rs: 0-1, 56, 15-16, 30-31 and 60-61 km in each of
B =100 fictional city settings. The fixed-denominator
near—far score was

= S U ) > Vi)

()5

rrD 1 Z D
AP = EZHb .
b=1

HY =
(13)
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A missing or invalid comparison contributed zero.
The adjacent-band score A} %Z?:l KYy(r:) >
Yy(ri41)} and  strict-decline indicator CP
H?:l]l{Yb(m) > Yy(riz1)} were auxiliary sum-
maries; AbD was reported only for profiles with all five
valid bands. The city setting was the inferential unit,
and percentile 95% confidence intervals used 10,000
setting resamples.

Vitality varied Functional Mix in B = 38 neighbour-
hood settings while holding the other four morphol-
ogy variables fixed. For each setting, low, intermedi-
ate and high were the local q19, g50 and g9p among
its eight nearest observed neighbourhoods in the fixed
morphology space. Settings were retained only when
all three counterfactual profiles fell within the prespec-
ified leave-one-out empirical support threshold. The
pairwise and complete-order scores were

HY = - [1(Yon > You) + 1Yo > Y1)
+ 1Yy > Ya1)],

CY =1(Yor >Yorr A Your > Y1)

1
3
(14)

Each pairwise rate and the complete-order rate used
all 38 settings as the denominator; a missing output
counted as a failure. Wilson 95% confidence intervals
summarized binomial rates at the setting level.

Perception used 12 baseline scenes. For each scene,
the image-editing process produced Natural, Traffic
and Built theme edits and one editing control that
requested no intentional visible change. GPT-4o0 in-
dependently scored the 12 baseline images, 36 theme-
edited images and 12 editing controls on six 0-10 scales.
The control-adjusted effect for perception dimension p
and theme ¢ was

Ne

1
(Sp,i,c -

ASpJ; - ﬁ

€ =1

Sl)yi,control), Nc = 12.

(15)

Here Spicontrol i the score of the same-scene edit-
ing control. Because the theme image and its con-
trol originate from the same baseline scene, subtract-
ing their scores is equivalent to subtracting the con-
trol’s baseline-relative change from the theme image’s
baseline-relative change. The scene was the inferential
unit. Percentile 95% confidence intervals used 10,000
scene resamples; exact paired sign-flip tests were ad-
justed by Holm’s method for three prespecified rela-
tionships and by the Benjamini—-Hochberg procedure
for the complete 3 x 6 matrix.
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4.7. Open-model hidden-state analysis

Because GPT-40 does not expose internal activations,
the selected tasks were repeated with Qwen2.5-VL-
72B, whose intermediate states can be inspected and
edited. We first established that the two models gave
similarly shaped outputs from the same task descrip-
tions. In Urban Scaling, each model filled a table
showing Road and GDP as Population changed. In
Distance Decay, each filled a table showing land den-
sity as distance from the city centre changed. In Vi-
tality, each filled a table showing Pedestrian Activity
as Functional Mix changed. Each numerical task used
several fictional metropolitan, city or neighbourhood
examples. Within one example, the surrounding de-
tails stayed fixed and one table contained all tested
Population, distance or Functional Mix values.

GPT-40 and Qwen received the same description and
table template for each example. We paired corre-
sponding Road, GDP, land-density or activity values
in the two returned tables. For the curves in Fig.
5a, matching values at the same Population, distance
or Functional Mix position were averaged across the
fictional examples. In the notation below, b identi-
fies one pair of tables, k identifies one corresponding
analysed value in those tables, t identifies the task
and m identifies the model. For Scaling, k spans
both Road and GDP changes. Thus yﬁ:)k is the
value extracted from model m at one corresponding
table position, and gjt(j,';) is that value averaged across
the paired tables. The entry-by-entry correlation and
mean-response-curve correlation were

,rfntry = COITp k. (yi’(giT%O)a yt(%f]:en)) )
GPTH4 (16)
7Atcurve — corry, (gg,k o)’ gt%wcn)> )

For Perception, each model produced 18 mean ef-
fects from three themes and six perception dimensions
across 12 scenes. Correlation intervals used 30,000 re-
samples of the fictional examples or scenes, recalculat-
ing the corresponding table values or mean response
curves in each resample.

We next asked whether intermediate activations distin-
guished the expected numerical relationship from its
reverse. Each pair of prompts described the same task
with opposite relationship directions. Hidden states
were extracted from separate development, confirma-
tion and held-out fictional examples. For task ¢, h;
and I_1t7_ are the mean hidden states for the expected
and reversed prompts. Their normalized difference de-
fines the task direction d;. Projecting a hidden state
h; onto this direction gives its scalar readout s; ;:
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By — By

dy = D
[he,+ —hy |2

Sit = h;rdt (17)

This readout follows related work that decodes spatial,
temporal and geographic information from model acti-
vations[29,32].

Decoder blocks were selected on development prompts
using prespecified task-specific rules; confirmation
prompts played no role in selection. On the indepen-
dent confirmation split, AUC is the probability that an
expected-relationship prompt receives a higher read-
out score than its reversed counterpart, with ties re-
ceiving half weight. AUC is 0.5 at chance and 1 under
perfect separation:

AUCt = Pr(s+,t > S,’t) + %Pf(8+7t = Sf,t). (].8)
For table-generation edits, a confirmation AUC of at
least 0.90 was required. Scaling and Vitality met this
criterion, whereas Distance Decay did not. The short-
answer tests in Fig. 5c were separate theory-specific
experiments with predefined prompt pairs, decoder
blocks and confirmation rules. The Supplementary In-
formation gives the selection rules and selected hidden-
state indices.

In the separate short-answer experiments, activation
editing added or subtracted the selected task direc-
tion from the hidden state while leaving the prompt
unchanged. Scaling and Vitality used doses \ €
{-1,-0.5,0,0.5,1}. Let ms+(A) be the pre-softmax
score for the expected answer minus that for the re-
versed answer, reoriented so that a positive value sup-
ports the expected relationship. The dose effect for
each fictional example was the ordinary-least-squares
slope

Vo, t = Slope/\{mb,t()\) - mb,t(o)}7

Specy sP°(C) = Yot — 1CI7" D I wels
ceC
B3 = my o (0) = mi,
Specyt™® = Eg —C[71 ) fmie — mu 1 (0)],
ceC
Bt =y (0) — mysfect

(19)

For Scaling, C was reported separately for the Popu-
lation and non-urban directions and as the mean over
five equal-norm random directions. For Vitality, slope
specificity averaged the predefined controls; erasure
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specificity used matched equal-norm control changes.
Reflection moved the edited hidden state’s projec-
tion across the development-set midpoint. The table-
generation experiment instead used the task-relation
directions selected by the common three-task screen
together with matched controls. Table-generation edit-
ing was evaluated for Scaling and Vitality, which met
both the 0.90 confirmation-AUC criterion and the
baseline-table criteria; Distance Decay was excluded
because its confirmation AUC was 0.750. For each
qualifying task, one dose unit u; was the median pos-
itive projection gap between paired expected and re-
versed development prompts at the selected hidden-
state index. During greedy generation with key—value
caching, the edit Au;d; was added at the selected de-
coder block to the last active sequence position on ev-
ery autoregressive step: the final prompt position on
the first pass and the current generated position there-
after. The task-relation direction and matched focal-
input, non-urban and seeded equal-norm random di-
rections were each tested at A = —1 and +1 for every
held-out fictional example. For the task-relation direc-
tion, let Qp+(A) be the statistic in the generated table:
Bapp — PRoad for Scaling and log(1+Yy) —log(1+Y7)
for Vitality, where Yy and Y}, are the generated ac-
tivities at the high and low Functional Mix endpoints.
The symmetric task-relation effect was

By, = Qb,t(Jrl) g Qb,t(*l).

(20)

The fictional example was the analysis unit for both
short-answer and table-generation analyses.  Per-
centile 95% confidence intervals used 30,000 resam-
ples of these examples. Adding, removing or replacing
candidate states follows related function-vector and
activation-editing methods[30,31,49].

Finally, Perception tested whether the Qwen response
used information carried by the edited image. The
model received a theme image and its same-scene edit-
ing control and selected LEFT, RIGHT or EQUAL for
a named perception dimension. If the theme appeared
on the left, its signed score was s = f grT — RIGHT;
if it appeared on the right, s = friguT — lLErT. Here
¢ is the model’s pre-softmax score for an answer. The
EQUAL score was retained but did not enter this
signed contrast. Averaging across scenes produced
18 signed effects, one for each combination of three
themes and six dimensions. These effects were com-
pared with the corresponding GPT-40 comparison pat-
tern using equation (16).

We then copied the image-token states produced by
the same-scene editing control into the corresponding
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theme-image positions at the selected decoder layer.
At that decoder layer, no other state positions were
replaced. Let 7 be the prespecified GPT-40 compar-
ison effect for theme-dimension combination k, and
let Sffkfore and s, be the Qwen score before and after
state replacement ¢ for scene b. The reduction in the
18-effect pattern, weighted by the GPT-40 comparison
effects, was

18 before
k=1 rk{sb,k

A (q) =
(a) SN
Specy, (¢, 90) = Ab(q) — |Ab(qo)|-

Controls used equal-norm random image perturba-
tions and equal-total-norm text-token perturbations.
For spatial localization, the theme image and editing
control were resized to the same arrangement as the
image tokens. We then compared token positions with
high, low and random mean absolute RGB differences.
The scene was the analysis unit, and A is measured in
model-logit units. Percentile 95% confidence intervals
used 30,000 scene resamples.

The follow-up Qwen2.5-VL-7B Perception check used
restricted next-token scores over LEFT, RIGHT and
EQUAL and compared editing-control state replace-
ment with an equal-norm random replacement at the
same positions. The 7B follow-up protocol was speci-
fied after the 72B result but before the 7B run. Sup-
plementary Methods and Results report the check-
point, hardware, image-processing, denominator and
inference details; Supplementary Data 1 identifies the
checkpoint.

- Sg,k}
’ (21)

Data availability

Published empirical sources are cited in Methods and
the Supplementary Information. Numerical data un-
derlying Figs. 2-5 and Supplementary Figs. 1-12 are
provided in Source Data. Prompt templates and in-
ference settings are provided in Supplementary Data
1, empirical-source, inclusion and city-centre informa-
tion in Supplementary Data 2, and the parsed model
outputs used in the analyses, including the deidenti-
fied Place Pulse task index and 7B Perception follow-
up, in Supplementary Data 3. Third-party rasters,
street-view images, raw Place Pulse votes and City of
Melbourne records remain available from their cited
sources and are not redistributed.

Code availability

Code and source tables for the reported analyses are
available in the accompanying code archive and in the
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public repository at https://github.com/24kchengY
e/Al4UrbanScience. Third-party model weights and
restricted or non-redistributable raw inputs are avail-
able from their cited providers or sources and are not
redistributed.
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. Supplementary Information

GenAl Models Capture Urban Science but Oversimplify Complexity

. Supplementary Methods

. Cases and empirical references

AT4US evaluates two experimental tasks across four cases: synthesizing urban datasets and testing how model outputs
respond when an urban condition changes. Urban Scaling examines cross-metropolitan relationships among Population,
public-road lane-miles (Road) and Gross Metropolitan Product (GDP). Distance Decay examines land density across dis-
tances from the city centre. Jacobs-informed Vitality examines five neighbourhood-morphology indicators and Pedestrian
Activity. Place Pulse Perception examines six human-labelled streetscape judgements. The first three cases use text-only
prompts to generate numerical tables; the fourth generates and edits streetscape images and evaluates them through
image—text inputs, with Place Pulse judgements as the empirical reference.

Each case has an external empirical reference. Scaling parameters are compared with published estimates for United
States metropolitan systems and empirical road-network data. Distance Decay parameters are compared with 150 city-
period curves from 50 cities. Vitality is compared with morphology and pedestrian-count observations at 52 Melbourne
sites. Perception judgements are compared with Place Pulse 2.0 human votes. The archived Chinese physical-city polygon
data are used only for the distributional comparison of Population, Road and GDP.

An earlier systematic review of 1,425 articles from 57 journals on urban spatial big-data research identified recurring
themes in urban transport, spatial quality, vitality, form and perception[1]. The four selected cases each have a measurable
relationship or outcome, an external empirical reference, an object that can be generated and an urban condition that
can be varied experimentally (Supplementary Table 1).

Data Synthesis uses two prompt conditions. The Baseline prompt defines the requested variables, physical units and output
format. The Blueprint prompt adds case-specific information about plausible numerical coverage, spatial organization
and heterogeneity. Intervention experiments change one urban condition while keeping the remaining details of the
same fictional urban description fixed. Scaling, Decay and Vitality specify that condition numerically in the text input;
Perception uses matched edits to change the visual content of the same base streetscape before scoring. Open-model
analyses then examine intermediate activations in Qwen2.5-VL-72B-Instruct-AWQ; Perception additionally includes a
Qwen2.5-VL-7B-Instruct within-family follow-up whose plan was fixed after the 72B result and before the 7B run.

Supplementary Table 1 | Cases, generated objects and empirical references.

Case Generated object Focal relationship Empirical reference Main intervention
Urban Scaling Metropolitan tables Population-Road and Published US Population
Population-GDP metropolitan
power laws exponents and FHWA
data
Distance Decay Radial density profiles Land density—Distance 150 curves from 50 Distance from centre
from centre cities
Jacobs-informed Neighbourhood tables Five morphology 52 Melbourne sites Functional Mix
Vitality indicators—Pedestrian
Activity
Place Pulse Perception Streetscape images Streetscape Place Pulse 2.0 human Natural, Traffic and
and six scores image—perception votes and images Built themes
judgement

. Theoretical quantities and empirical targets

Scaling laws are a fundamental concept in complex systems, describing how certain quantities change with system size,
typically following a power-law relationship. In the context of urban systems, urban scaling laws serve as functional
models for understanding cities as complex systems.

Urban Scaling uses three relationships[2—4]. After metropolitan areas are ordered from largest to smallest Population, i
indexes an area and r; is its dimensionless rank. The rank—size relationship is

log,(Population;) = log,, az + Bz log,y i + £2z,i-

Here az is a positive scale constant, 8z is the dimensionless rank-size slope and €z; is a residual on the base-10 log
scale. Road and GDP follow y; = ayPopulationfy for y € {Road, GDP}, estimated as a linear relationship in base-10 log
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space. The published 2006 US metropolitan references are Sroaa = 0.849£0.038 and Bgpp = 1.126 +0.023; the empirical
rank—size slope used here is 8z = —1.115. Population is measured in persons, Road in public-road lane-miles and GDP
as annual Gross Metropolitan Product in billions of 2006 US dollars, although the shorter labels are used in figures.

Distance decay describes a decline in a measured quantity as distance increases. Here we examine the inverse-S decline
of land density with distance from the city centre.

Distance Decay uses Jiao’s inverse-S land-density function[5—6]

_ 1—c¢
1+exp [a(F —1)]

f(r) +c.

where f(r) is the dimensionless proportion of a distance band occupied by impervious urban surface, r is radial distance
from the city centre in kilometres, « is a dimensionless steepness parameter, ¢ is the dimensionless peripheral background
density, and D is the characteristic radial distance in kilometres. The inflection point occurs at » = D/2. Exponential
and power-law functions are fitted to the same curves as alternatives.

Jacobs-informed Vitality operationalizes density, mixed use, short blocks and aged buildings from Jacobs’ account of
street life[7,8]. Tall Buildings was added as a locally measurable intensity indicator. Pedestrian Activity is the outcome.

GenAl perceptual judgements were benchmarked against sampled human choices from the MIT Place Pulse dataset.
Cohen’s kappa measures chance-corrected agreement between GPT-40 choices and one sampled Place Pulse human vote
per task.

Place Pulse Perception uses the six dimensions Safe, Beautiful, Wealthy, Lively, Boring and Depressing defined by the
human pairwise-comparison dataset[9].
. Empirical-data construction

Supplementary Table 2 | Empirical datasets and their roles in the study.

Reference use Source and spatial unit Final analysis sample Role in the study

Scaling parameters 2006 US metropolitan and  Published metropolitan estimates; Scaling-parameter
urbanized-area statistics; 448 urbanized-area populations for comparison
FHWA public-road the rank—size reference

lane-miles and BEA Gross
Metropolitan Product

Scaling distributions 2019 1-km GDP[10], 2020 3,675 entities; 3,525 positive Population, Road and
PopSE population[11] and complete records GDP distribution
a locally archived 2019 comparison

Amap road layer
aggregated to the Chinese
physical-city polygon

dataset

Scaling boundary Chinese municipal 681 units; 676 positive complete Sensitivity to the urban

sensitivity administrative units records spatial unit

Distance parameters 28 Chinese and 22 150 city-period inverse-S parameter Empirical range of «, ¢
US/European cities, three sets and D
periods each|[6]

Distance local detail GISA 1.0 2019 50 radial profiles R?, value resolution, local
impervious-surface curvature and outward
raster[12], 1-km annuli reversals

around uniform
GeoNames centres[13]

Vitality City of Melbourne CLUE 52 eligible sensor sites with 400-m Coefficients, spatial
blocks/buildings/ morphology buffers holdout and empirical-site
dwellings/land use and ranking

Pedestrian Counting
System[14-16]

Perception judgements Place Pulse 2.0 pairwise 1,000 sampled comparison records Human-judgement
human choices[9,17] per dimension agreement

Perception image Place Pulse images from 3,840 distinct images Image-representation

distribution 16 held-out cities[17] distribution comparison
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The physical-city dataset contained 3,675 polygons, of which 3,525 had finite positive Population, Road and GDP values
and entered the distribution analysis. Road is the length of the locally archived 2019 Amap road layer summarized within
each polygon. Supplementary Data 2 describes the data sources and inclusion criteria and identifies third-party or locally
archived raw inputs that are not redistributed.

For each Place Pulse dimension, 1,000 rows were sampled without replacement from the archived final data.csv table
using pandas.DataFrame.sample(n=1000, random__state=42), with the random state reinitialized for each dimension. The
six samples were concatenated in the order Safe, Beautiful, Lively, Wealthy, Boring and Depressing. The winner field in
each sampled row supplied the primary reference label; a same-pair plurality label was evaluated as a sensitivity analysis.
A deidentified index of the 6,000 analysed tasks is supplied in Supplementary Data 3 under the Place Pulse CC BY 4.0
licence[17].

. Generation design

Models and inference conditions Numerical synthesis, intervention and empirical-site ranking used GPT-40 through
the MindCraft OpenAl-compatible HTTPS chat-completions service. Calls analysed here ran from 25 July to 14 August
2026, and both requests and responses identified the model as gpt-4o. Intervention, ranking and Perception scoring used
temperature 0, whereas Vitality synthesis used 0.7. Generated and edited streetscapes were scored separately without
condition labels. The Place Pulse comparison uses GPT-40 choices obtained on 17 September 2025 with the corresponding
task specification; Supplementary Data 1 gives the available model label, date and settings for this analysis.

Baseline streetscapes and their theme or cue edits were produced from 27 July to 3 August 2026 through an OpenAl image-
generation interface that identified itself as gpt-image-2. A contemporary-model sensitivity used the gpt-5.6 gateway alias
through the OpenAl-compatible sub2api HTTPS chat-completions service on 26 July 2026 from 09:57 to 13:59 UTC,;
requests and responses identified the same alias. Distance Decay used temperature 0.7 and the other replicated numerical
tasks used temperature 0. The gpt-5.6 and GPT-4o0 sensitivity analyses used the same task wording and requested values
of Population, distance or Functional Mix.

Hidden-state analyses used Qwen2.5-VL-72B-Instruct-AWQ on three RTX 4090 GPUs. Numerical tasks used text-only
inputs and Perception used image-text inputs. The within-family Perception follow-up used Qwen/Qwen2.5-VL-7B-
Instruct, float16 with SDPA on one 24-GB NVIDIA GeForce RTX 4090, and restricted next-token logits over LEFT,
RIGHT and EQUAL. Supplementary Data 1 identifies the open-model checkpoints.

Supplementary Data 1 provides the complete prompt text, model identifiers and inference settings, and Supplementary
Data 3 provides parsed outputs.
Blueprint composition Three prompt components were varied in a 2 X 2 X 2 design. Each numerical condition used

100 independent generations; each image condition planned 100 generated images.

Supplementary Table 3 | Blueprint components and principal readouts.

Case Prompt components Basis of added information  Principal readouts

Urban Scaling Metropolitan-system FHWA and BEA sources Power-law fits, parameter
organization; Population define plausible Population, error and marginal
coverage; differences in Road Road and GDP coverage. distributions
and GDP among similarly The Blueprint also describes
sized metropolitan areas variation among similarly

sized metropolitan areas;
power-law exponents are
estimated from the returned

tables.

Distance Decay Centre—transition—periphery The published 50-city Inverse-S parameters, value
organization; wide density ~ profiles[5-6] inform the resolution and local variation
coverage; between-city and  density envelope and radial
local variation organization. Inverse-S

parameters are fitted to the
returned profiles.

Vitality Neighbourhood-type The 52 Melbourne sites Five regression coefficients,
organization; ranges for define the variable ranges. empirical activity ranking
morphology and activity; Neighbourhood organization and variable coverage
between-neighbourhood and heterogeneity structure
heterogeneity the generated tables, from

which the five coefficient
estimates are obtained.
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Case Prompt components Basis of added information  Principal readouts

Perception Spatial scene components; The Blueprint specifies Within-set representation
component co-occurrence; spatial components, their diversity and location
regional and scene co-occurrence and variation relative to Place Pulse
heterogeneity across regions and scenes.

Place Pulse images enter
later as the external
representation reference.

The Baseline prompts define the generated object, variables, physical units and output schema. The complete Blueprint
adds the three components in the table above, while relationship parameters are estimated from the generated outputs.
Supplementary Data 1 provides the Baseline, component, complete Blueprint, intervention, editing-control and other
control prompts. The editing control passes the same baseline scene through the same image-editing process with an
instruction to make no intentional visible change. “Blueprint” in the main article refers to the complete three-component
condition.

Generation scale The main numerical synthesis tasks jointly generated 100 metropolitan areas, 100 distance bands or
100 neighbourhoods per response. Sensitivity analyses requested 20, 50, 100, 200 or 300 rows for Scaling and Vitality.
Distance Decay varied the number and width of physical distance bands. Perception varied the number of image pairs
judged in a single request.

Longer requests reduced complete-return rates. Scaling returned complete tables in 100%, 90%, 91%, 56% and 5%
of generations at 20, 50, 100, 200 and 300 cities, respectively. These Scaling size tests used the earlier generic-city
prompt family used for the distribution analysis in Fig. 3a, not the source-matched metropolitan prompt used for the
coefficient estimates in Fig. 2a. Vitality returned complete tables in 98%, 98%, 100%, 88% and 22% of generations at
the corresponding neighbourhood counts. The main relationship directions were retained across the tested sizes. Within
these size-sensitivity cohorts, the 100-row condition yielded 91/100 complete Scaling tables and 100/100 complete Vitality
tables; the source-matched Scaling coefficient experiment is reported separately in the main text.

Supplementary Table 4 | Generation-size sensitivity in the generic-city Scaling cohort and the Vitality synthesis.

Scaling complete Vitality complete Vitality mean

Requested rows tables Scaling Broad Scaling Bapp tables valid rows
20 100/100 0.828 1.010 98/100 19.60

50 90/100 0.851 1.025 98,/100 49.00

100 91/100 0.840 1.052 100/100 100.00

200 56,/100 0.793 0.967 88,/100 188.21

300 5/100 0.796 1.049 22/100 148.93

This table summarizes the generic-city generation-size experiment; the source-matched Baseline-Blueprint estimates in
Supplementary Table 5 provide the main Scaling coefficient comparison. At 200 and 300 rows, estimates use all valid
returned rows because few responses met the requested length.

Joint and separate generation Joint generation asks the model to return all tested values and their outputs together in
one table. Separate generation asks for the output at one tested value per request. The surrounding fictional description,
the tested Population or Functional Mix values and the requested output variables were identical in the two formats.
Across 12 Scaling examples, joint tables produced mean Road and GDP exponents of 0.920 and 1.231, and all 12 retained
a sublinear Road and superlinear GDP relationship. Separate requests produced mean exponents of 3.008 and 2.430, with
GDP exceeding Road in 4 of 12 examples. In Vitality, the joint-table endpoint contrast between Functional Mix 0.90 and
0.10 was 1.244 [1.194, 1.294] log units, compared with —0.006 [—0.280, 0.221] for separate requests. Joint generation was
therefore retained for the main synthesis tasks.

. Statistical definitions

Scaling and Decay The Scaling relationship follows the main-text definition

log,q yi = log,q ay + By log,,(Population,) + €y .4, y € {Road, GDP}.

where 4 indexes metropolitan areas, a, is the positive outcome-specific scale constant, S, is the dimensionless log—log
slope and €y,; is the residual on the base-10 log scale. The corresponding rank-size symbols are r;, az, Sz and €z, as
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in Article equation (1). Distance Decay uses the inverse-S model defined in the main text. Competing exponential and
power-law models were fitted to the same set of physical distance bands.

The Scaling slopes were estimated by ordinary least squares on log-transformed values. HC3 standard errors account for
heteroskedastic residual variance within a generated table[18]. Fitting sensitivity replaced ordinary least squares with the
Theil-Sen median of pairwise slopes[19], or removed the single largest Population value before refitting. These alternatives
changed neither the mean Road-sublinear nor the mean GDP-superlinear direction (Supplementary Table 7).

The alternatives were f(r) = Aexp(—kr) + ¢ and f(r) = Ar~° + ¢, with parameters estimated by nonlinear least squares
under the same bounds and retained annuli. Model selection used the small-sample corrected Akaike information criterion,

AICc = nlog(RSS/n) + 2k + %,

where n is the number of retained annuli and k the number of fitted parameters. Inverse-S R? is reported independently
of that selection outcome.

For a generated radial profile f = (f1,..., fm) with m annuli, the Article’s general local-detail definitions specialize as
follows. Numerical resolution was

U(f) — Hfﬁ;:l )
Normalized local curvature was
1 m—2
Cao(f) = (m—2)s; 2 Z |[fit2 — 2fix1 + fil,

where sy = max; f; — min; f; and was set to one for a constant profile, matching equation (7) in the Article.

The number of outward reversals was

Z fz+1 >fz

Vitality relationships and empirical ranking For generated table g, the standardized multivariable relationship was

zgllog(1 + Yj,g)] = Bo,g + Br,g2gllog(l + Pjg)] + Bar,gzg(Mj,g) + Bs,g24[— log Bj,g]
+ Bagzg(Ajg) + Br,gzg(Thg) + €jg-

This is Article equation (4) applied within generated table g. Here g indexes generated tables, j indexes neighbourhoods,
zg[ -] denotes standardization within table g, and log denotes the natural logarithm. Y is Pedestrian Activity; P, M, B,
A and T denote Residential Density, Functional Mix, Mean Block Area, Aged Buildings and Tall Buildings, respectively,
with Short Blocks represented as —log B. o4 is the table-specific intercept; Bp,g, Bu.g, Bs,g, Ba,g and Br,g are the
five partial standardized coefficients; and e; 4 is the residual on the standardized outcome scale. Residential Density
was transformed as zg[log(1l + P)J; the remaining predictors were standardized after their operational transformations.
HC3 heteroskedasticity-consistent standard errors were used within generated tables, and five-fold cross-validation esti-
mated held-out prediction. Primary empirical coefficient intervals also used HC3; eight spatial groups were used for the
dependence-sensitive bootstrap and held-out prediction.

For an empirical site pair (z,j) with observed activity order o;; € {—1,1} and model ranking 6;;, pairwise accuracy was

1 R
Apair = IPT Z I(6i5 = 045)-

(4,9)€P

Spatial-group bootstrap resampled the eight groups and retained all eligible cross-site comparisons represented in each
resample.
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Perception agreement and theme effects For Place Pulse pairwise judgements, observed agreement was P, and chance
agreement from the human and model marginal choice frequencies was P., using the definitions in Article equation (5).
Cohen’s kappa was

o e
R=————=.

1-P.
For perception dimension p and theme ¢ across N. = 12 scenes, the control-adjusted effect was

N,
1 C
ASp,c - ﬁc Z (SPKL',C - Sp,i,control) 3 Nc =12.

=1

Here Spicontrol is the same-scene editing-control score. Because the theme image and editing control share the same
baseline scene, each scene term is algebraically identical to {Sp,i,c — Sp,i,base} — {Sp,i,control — Sp,i,base }- Percentile inter-
vals use 10,000 scene-level bootstrap resamples. Exact two-sided paired sign-flip tests operate on the 12 scene effects;
Holm correction applies to three prespecified relationships and Benjamini—-Hochberg correction to all 18 theme—dimension
combinations.

Intervention estimands For fictional example s with ordered tested values x1 < --- < z1 and output ys¢, numerical
interventions report the within-example slope from ys, on z, and a directional-order score

Qs = ﬁ D U@k = 2;)(ysk — ys5) > 0}

i<k

For Decay, the expected direction is reversed because density should decline with distance. Vitality additionally reports
the complete-order rate Pr(PAy > PAy > PAp) and the three pairwise order rates. The fixed denominator is 38
settings; an unparseable or incomplete response contributes zero to the corresponding order rate.

The Article’s task-specific pairwise-order statistics H and Hy are the Distance Decay and Vitality specializations of Qs,

respectively; the different symbol is retained here because @5 is the general intervention definition across tasks.

Distributional comparison One-dimensional Wasserstein distance compares samples A and B through their empirical
cumulative distribution functions F4 and Fg:

Wi(A, B) = /m |Fau) — Fa(u)| du.

Jensen—Shannon divergence was computed after applying the same fixed bins to the two distributions:

JSD(P,Q) = %KL(PHM) + %KL(QHM)’ wor er Q

JSD is zero when the two binned distributions are identical and increases as their probability mass separates; it compares
distribution shape rather than only the observed value range.

Within-table magnitude coverage was Rio(z) = log;,(max; x;/ min; z;) for positive values, using the notation of Article
equation (6).

Distribution overlap was the shared probability mass under common fixed bins, O(P, Q) = >, min(ps, g5). Interquartile
range used the 75th minus the 25th percentile. Shannon entropy was H(P) = — >, pylogpy, on the same bins. Gini
coefficients and top-decile shares were calculated directly from the positive values. The quantities are reported separately
because they describe distinct aspects of data variation.

Image-representation comparison Let z; be the unit-normalized embedding of image i and d(z:,2;) = 1 — z, z; its
cosine distance. Within-set diversity for image set A was

Dyithin (4) = m Z (1 — zisz) .

i<j
Nearest-neighbour similarity from set A to set B was
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1 T
Sap = — g max z; z;.
|A| &~ jeB
i€EA

The two directions answer different questions: Sg—, g measures how close each generated image is to some empirical image,
whereas Sg_.c measures how well the generated set covers empirical images. Centroid distance was

Z\Zp

Dcentroid(A7 B) =1- =1 n=_1 -
[Zall2l|z5 |2

These are general set definitions. Article equations (9)—(11) use A = G for generated images and B = E for empirical
images, giving Dywithin (G), Sc¢—E, SE—¢ and Deentroid (G, E') without changing the estimands.

The main Place Pulse comparison used a city-held-out reference design and split-half empirical references for within-
dataset baselines. The primary implementation used the OpenAl CLIP ViT-L/14 encoder[20] and checkpoint ViT-
L-14.pt. Images were converted to RGB, bicubically resized on the shorter side to 224 pixels, centre-cropped
to 224 x 224 pixels and normalized with channel means (0.48145466,0.45782750,0.40821073) and standard devia-
tions (0.26862954,0.26130258,0.27577711). The first sensitivity encoder was DINOv2 ViT-L/14[21], checkpoint di-
nov2_vitll4d_pretrain.pth. Its inputs were converted to RGB, bicubically resized on the shorter side to 256 pixels and
centre-cropped to 224 x 224 pixels. The final class-token representation was retained. The second sensitivity encoder was
ResNet-50 ImageNet1K_V2[22], checkpoint resnet50-0676ba61.pth. Its inputs were converted to RGB, bilinearly resized
on the shorter side to 232 pixels and centre-cropped to 224 x 224 pixels. The classification head was replaced by an identity
mapping to retain the penultimate representation. DINOv2 and ResNet-50 used channel means (0.485,0.456,0.406) and
standard deviations (0.229,0.224,0.225). Outputs from all three encoders were ¢2-normalized before cosine calculations.
Supplementary Data 1 provides checkpoint and preprocessing details.

Hidden-state readout and intervention Each matched prompt pair described the same task twice: once with the
expected relationship and once with that relationship reversed. The symbols + and — label these two prompts. For task
t, let hy + and h; _ be their mean hidden states. Their normalized difference gives the task direction, and projecting the
hidden state of evaluated prompt ¢ onto that direction gives the scalar score

flt’+ — flt’,

dy = = L=
" Jhey — he |2

T
Si,t = hz dt.

Confirmation AUC was AUC; = Pr(s4,¢ > s— ) + 3 Pr(sq,s = s_). It is the probability that an expected-relationship
prompt ranks above its reversed counterpart, with ties receiving half weight; 0.5 denotes chance and 1 perfect separation.
Candidate layers and token positions were selected separately for each task on development prompts only; confirmation
and held-out prompts did not influence selection. For the common three-task screen, the earliest candidate decoder block
within 0.005 of the maximum development AUC was selected: hidden-state index 17 for Scaling, 33 for Distance Decay
and 49 for Vitality. These common-screen directions were tested during table generation for tasks that met the 0.90
confirmation rule. Separate short-answer experiments made their own selections. The Scaling short-answer experiment
fixed index 61 from matched direct-versus-inverse development prompts. The Vitality short-answer experiment selected
the earliest candidate index within 0.005 of its maximum development AUC, then required the lower confidence bound of
confirmation AUC to exceed 0.80 and the default-state projection to be positive; index 49 met both requirements. Thus ¢
indexes the task, not a token position. In the separate short-answer experiments, a dose intervention added or subtracted
the selected task direction, h} = h;+\d:, and estimated the slope of a task-specific answer logit contrast on A. Population,
irrelevant-number, non-urban-relation and equal-norm random directions were matched controls. Full-state replacement
copies the corresponding activation from a paired prompt and estimates the paired change in the same answer contrast.

In the table-generation experiment, only Scaling and Vitality met both the 0.90 confirmation rule and the prespecified
baseline-generation rule: all six baseline tables were complete, at least five statistics were positive and the bootstrap lower
bound for the mean was above zero. For each task, one dose unit u; was the median positive paired projection gap in the
development split (0.2958365 for Scaling and 2.9615555 for Vitality). During greedy generation with key—value caching,
Aurdy was added at the selected decoder block on every autoregressive step, at the final prompt position on the first pass
and the current generated position thereafter. For each of six held-out fictional examples per task, tables were generated
at A = —1 and +1 for the task-relation direction and for matched focal-input, non-urban and seeded equal-norm random
directions. This produced 48 edited generations per task and 96 in total. For the task-relation direction, let Qs :(A) be
the table statistic: Sapp — Broaa for Scaling and log(1+ Y#) —log(1+Y7) for Vitality, where Yy and Y7, are the generated
endpoint activities under high and low Functional Mix. The symmetric task-relation effect was

Byy = Qb1 (+1) ; Qb,t(—l)'
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Here b indexes one fictional metropolitan or neighbourhood example and ¢ indexes the task. This is the same estimand
as Article equation (20).

For Perception, image-state replacement used the same 18 theme-by-dimension effects as the behavioural task. At the
selected decoder layer, the states at the theme-image token positions were replaced by states from the same-scene editing
control. Each Qwen change was weighted by the direction and magnitude of the corresponding GPT-40 theme effect;
specificity subtracts the absolute effect of an equal-norm random perturbation at the same positions. In the 72B local-
ization analysis, the primary 0.01% post-write equal-norm tolerance was met for 57/216 pairs because FP16 rounding
affected the rescaled low-change condition. A 0.05% sensitivity threshold chosen without examining the outcome effects
was met for 216/216 pairs. The text-stream control remained larger under both tolerances.

The 7B within-family follow-up used two images plus text, processor bounds of 3,136 and 1,003,520 pixels, and single-
GPU placement without CPU or disk offload. Phase A contained 216/216 usable image-pair evaluations before state
replacement. Phase B replaced all theme-image-token states at zero-based decoder layer 16 with matched same-scene
editing-control states and contained 216/216 usable editing-control state-replacement evaluations; each was paired with
an equal-norm seeded-random replacement at the same positions. All 216 matched comparisons met the equal-norm
criterion. Statistical inference used 12 scenes, 30,000 scene-bootstrap resamples and exact two-sided paired sign-flip tests.

. Supplementary Results

. Urban Scaling

Main synthesis results and empirical parameters Each prompt condition comprised 100 GPT-4o requests for 100
fictional metropolitan areas. One request in each condition ended without a usable output. Coefficient summaries use the
99 fit-valid tables per condition and 98 matched Baseline-Blueprint pairs. Exact 100-row compliance was 2/100 under
Baseline and 1/100 under Blueprint; the fit-valid responses contained a mean of 90.5 and 90.3 valid rows, respectively.
“Complete” requires exactly 100 valid metropolitan rows.

Supplementary Table 5 | Urban Scaling estimates under Baseline and Blueprint prompts and their empirical references.

Quantity Baseline Complete Blueprint Empirical reference
Rank-size slope [z —0.477 [—0.499, —0.455] —1.531 [—1.591, —1.470] —1.115
Road exponent Sroad 0.887 [0.862, 0.910] 0.850 [0.820, 0.881] 0.849 £+ 0.038
GDP exponent Scpp 1.044 [1.015, 1.072] 1.013 [0.987, 1.039] 1.126 £ 0.023
Mean absolute 0.109 0.123 Not applicable
Road-parameter error

Mean absolute 0.124 0.137 Not applicable
GDP-parameter error

Mean valid 90.5 90.3 Not applicable
metropolitan rows

Complete 100-row 2/100 1/100 Not applicable
tables

The matched Blueprint-minus-Baseline changes in absolute error were +0.014 [—0.010, 0.037] for Road and +0.013 [—0.015,
0.041] for GDP; neither differed from zero after Holm correction (both p = 0.527).

Prompt and scale sensitivity Early prompt-component experiments separately added an empirical-reference descrip-
tion, explicit theory information, or both. These experiments contained ten independent generations per condition and are
retained as prompt sensitivity analyses. In the matched comparison of 98 Baseline-Blueprint pairs, Blueprint expanded
Population coverage, altered rank-size structure and increased residual heterogeneity; the matched changes in Road and
GDP exponent error are reported above.

Supplementary Table 6 | Urban Scaling sensitivity to early prompt components.

Early
prompt
condition Rank-—size slope Rank-size B2 Road exponent Road R?2 GDP exponent GDP R?

Empirical- —0.810 0.956 0.516 0.586 0.816 0.579
reference

description

Theory —0.900 1.000 0.974 0.949 1.019 0.985
information

Both —1.132 0.924 0.862 0.804 0.795 0.886
additions

28



GenAl Models Capture Urban Science

Early
prompt
condition

Rank-size slope Rank-size R?> Road exponent Road R GDP exponent GDP R?

These ten-generation conditions predate the complete Blueprint design and are reported separately from the 100-generation
comparison.

Across joint-generation sizes from 20 to 300 cities, the principal Road-sublinear and GDP-superlinear directions were
retained. Parameter estimates at 200 and 300 cities used all valid returned rows because most requests did not return the
requested length.

The fitted direction was also stable to the estimator and to the largest generated metropolitan area. Ordinary least
squares and Theil-Sen agreed on the expected side of one in 0.960-0.980 of the 99 tables per condition and outcome;
ordinary least squares before and after deleting the largest Population value agreed in 0.970-1.000. Mean slopes are
reported below.

Supplementary Table 7 | Urban Scaling sensitivity to fitting method and the largest Population value.

OLS without largest
Theil-Sen mean 8 [95% Population mean 8 [95%

Condition Outcome OLS mean 3 [95% CI] CI) CI
Baseline Road 0.887 [0.862, 0.910] 0.896 [0.870, 0.920] 0.889 [0.864, 0.914]
Blueprint Road 0.850 [0.820, 0.881] 0.866 [0.833, 0.901] 0.857 [0.826, 0.889]
Baseline GDP 1.044 [1.015, 1.072] 1.045 [1.017, 1.074] 1.046 [1.017, 1.074]
Blueprint GDP 1.013 [0.987, 1.039] 1.022 [0.993, 1.051] 1.018 [0.991, 1.045]

The OLS column repeats the primary intervals in Supplementary Table 5. Sensitivity intervals use 10,000 table-level
bootstrap resamples of the 99 fit-valid tables in each condition.

Generated and empirical distributions in a separate generic-city cohort The distribution analysis used a separate
prompt-component experiment with generic Population, total Road length and city GDP definitions. The empirical
reference contains 3,525 positive complete records from the archived Chinese physical-city polygons. Sensitivity references
requiring effective area above 5 or 20 contained 2,347 and 878 polygons. In all three references, Blueprint reduced the
Wasserstein distance for the three variables jointly. A boundary-definition sensitivity used 676 positive complete municipal
administrative units. The Blueprint—Baseline distance change was +0.136 [0.113, 0.159] for Population, —0.020 [—0.040,
0.002] for Road and 0.000 [—0.033, 0.036] for GDP. These comparisons concern marginal distributions within this generic-
city prompt family; the source-matched US metropolitan experiment remains the basis for the coefficients in Fig. 2a.

The main comparison used 91 complete Baseline tables, 58 complete Blueprint tables and 100 without-replacement
empirical samples of 100 cities. Values were log-transformed within each table before the distributional distance was
calculated.

Supplementary Table 8 | Generated—empirical distribution distances and numerical ranges in the generic-city Scaling
cohort.

Empirical Baseline Blueprint Empirical
Variable Baseline W1 Blueprint Wy  split-sample W, log-range log-range log-range
Population 0.626 [0.614, 0.193 [0.183, 0.180 [0.171, 0.862 [0.801, 2.665 [2.628, 3.858 [3.736,
0.636] 0.206] 0.191] 0.924] 2.712] 3.985]
Road 0.626 [0.617, 0.338 [0.316, 0.204 [0.193, 0.711 [0.658, 2.008 [1.910, 3.806 [3.667,
0.635] 0.359] 0.216] 0.766] 2.104] 3.947]
GDP 0.804 [0.791, 0.388 [0.357, 0.201 [0.191, 0.936 [0.857, 2.512 [2.411, 4.316 [4.234,
0.816] 0.419] 0.211] 1.023] 2.618] 4.397]
Supplementary Table 9 | Additional distribution comparisons under Blueprint relative to Baseline.
Blueprint minus
Baseline Population Road GDP

Wasserstein distance

—0.432 [—0.447, —0.416]
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Blueprint minus

Baseline Population Road GDP
Jensen—Shannon —0.323 [—0.343, —0.304] —0.333 [-0.360, —0.305] —0.320 [—0.343, —0.297]
divergence

Distribution overlap -+0.362 [0.343, 0.380] -+0.324 [0.297, 0.351] -+0.324 [0.301, 0.346]

Population, Road and GDP interventions Population interventions used three equivalent phrasings, repeated condi-
tions and irrelevant-number controls. GDP remained mildly superlinear and Road sublinear under the three phrasings;
repeats and irrelevant numbers produced no stable displacement.

Road and GDP were also varied across five levels in 100 fixed city settings. With Road as input, the mean within-city
slope was 0.618 [0.561, 0.677] for Population and 0.606 [0.560, 0.649] for GDP; both response slopes were positive in 98
of 100 settings. With GDP as input, the corresponding slopes were 0.439 [0.388, 0.488] for Population and 0.351 [0.311,
0.390] for Road; both were positive in 96 of 100 settings.

. Distance Decay

Empirical parameters and prompt comparison The empirical reference contains 28 Chinese and 22 US or European
cities observed at three periods. Across the 150 city-period profiles, median inverse-S parameters were a = 3.210 [5th—-95th
percentile: 1.797-5.126], ¢ = 0.070 [0-0.241] and D = 15.750 km [6.381-51.491 km][6].

The published 50-city collection supplies empirical parameter ranges, and a separate 2019 GISA benchmark for the same
cities supplies curve-level detail. Each GISA profile used a GeoNames populated-place point as a common centre, 1-km
distance bands, cosine-latitude area correction and the fraction of positive impervious-surface cells among all cells in each
band; water cells remained in the denominator. The GISA profiles are used to compare value resolution, local curvature
and outward reversals.

The median GISA 2019 inverse-S fit was R? = 0.981, with a = 2.354, ¢ = 0.048 and D = 22.449 km. Median value
resolution, normalized local curvature and outward reversals were 0.32, 0.0177 and 19, respectively. Generated curves
were rounded to the same two-decimal precision before these local-detail metrics were compared.

Across matched Baseline-Blueprint generations, Blueprint increased « by 0.261 [0.188, 0.334], ¢ by 0.009 [0.006, 0.013],
D by 15.308 km [13.300, 17.316], outward reversals by 0.667 [0.211, 1.244], and normalized local curvature by 0.00172
[0.00143, 0.00200]. The inverse-S selection rate was similar between conditions (difference —0.067 [—0.200, 0.067]).

Supplementary Table 10 | Distance Decay parameters and local-profile statistics.

Published or GISA empirical

Quantity Baseline Complete Blueprint reference

Inverse-S median R> 0.997 0.995 0.981 (GISA 2019)

a 1.430 1.691 3.210 [1.797, 5.126] (published

150 profiles)

c 0.010 0.016 0.070 [0, 0.241] (published 150

profiles)

D (km) 22.892 37.114 15.750 [6.381, 51.491]

(published 150 profiles)

Value resolution 0.40 0.55 0.32 (GISA 2019)

Normalized local 0.0033 0.0048 0.0177 (GISA 2019)
curvature

Outward reversals 0 0 19 (GISA 2019)

Model and distance-band sensitivity On the same 30 Blueprint cities, inverse-S was selected for 22 GPT-40 profiles
and 19 profiles from the gpt-5.6 gateway alias. The latter increased median value resolution from 0.560 to 0.975 and
moved « and ¢ towards the empirical range.

Five synthesis designs varied the number of distance bands, band width and maximum distance. Both designs with 50
bands returned 100 complete curves and selected inverse-S for 92%—-95% of the planned requests. Requests for 150 or 200
bands were frequently incomplete. Median D varied from 25.1 to 49.2 km across the designs, confirming that it describes
decay scale relative to the specified physical support.

Supplementary Table 11 | Distance Decay sensitivity to the tested sets of synthesis distance bands.
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Tested synthesis

design Parseable profiles Inverse-S selected Median R? Median D (km)
50 bands x 1 km; 100/100 95/100 0.997 25.1
maximum 50 km

100 bands x 1 95/100 68/100 0.995 37.1
km; maximum

100 km

150 bands x 1 23/100 11/100 0.992 49.2
km; maximum

150 km

200 bands x 0.5 21/100 19/100 0.995 32.0
km; maximum

100 km

50 bands x 2 km; 100/100 92/100 0.997 43.2

maximum 100 km

Six intervention designs produced near—far direction scores from 0.810 to 0.951, and all complete-profile mean slopes
were negative. A paraphrase changed the primary near—far rate by 0.015 [—0.115, 0.145]. At 15-16 km, repeated and
irrelevant-number controls changed density by —0.019 [—0.077, 0.035] and —0.031 [—0.104, 0.035], respectively.

Supplementary Table 12 | Distance Decay sensitivity to the tested intervention distance bands.

Tested intervention
design

Complete city profiles

Mean slope per km among

Near—far direction score

complete profiles

3 tested distances;
1-km bands

5 tested distances;
1-km bands

7 tested distances;
1-km bands

Maximum distance 100
km

0.5-km bands

2-km bands

80/100
67/100
66/100
92/100

98/100
96/100

0.817 [0.760, 0.870]
0.816 [0.772, 0.858]
0.810 [0.779, 0.840]
0.922 [0.898, 0.945]

0.951 [0.936, 0.964]
0.875 [0.852, 0.896]

—0.0113

—0.0101

—0.0098

—0.0060

—0.0105
—0.0075

. Jacobs-informed Vitality

Variables and empirical sites

Supplementary Table 13 | Vitality variables and operational definitions.

Variable Role Operational definition

Residential Density Predictor Dwellings per hectare within 400 m;
analysed as z[log(1 + z)]

Functional Mix Predictor Normalized land-use entropy within
400 m; standardized for analysis

Short Blocks Predictor Negative log of area-weighted mean
block area within 400 m

Aged Buildings Predictor Proportion of buildings at least 50
years old within 400 m

Tall Buildings Predictor Proportion of buildings at least 10
storeys high within 400 m

Pedestrian Activity Outcome Aggregate of median pedestrian counts

across 11 hourly periods; analysed as

log(1 + x)

The 52-site morphology variables use City of Melbourne 2024 CLUE building, dwelling and land-use data. Pedestrian
Activity uses the Pedestrian Counting System from 2025 through June 2026. In the ranking task, each site was represented
by an anonymous identifier and the five morphology variables; observed Pedestrian Activity defined the reference order

used to score the model ranking.
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Jacobs’ concentration, mixed primary uses, short blocks and mixture of building ages were operationalized as Residential
Density, Functional Mix, Short Blocks and Aged Buildings, respectively. The prespecified Jacobs-informed expectation
was a positive association between each of these four indicators and Pedestrian Activity. Tall Buildings was an additional
exploratory built-intensity indicator and did not carry a Jacobs-derived coefficient sign.

Generated relationships and empirical ranking Each generated table was analysed with a five-predictor standardized
linear regression and heteroskedasticity-consistent standard errors. Across 100 Baseline tables, the median coefficients
were 0.605 for Residential Density, 0.166 for Functional Mix, 0.132 for Short Blocks, —0.061 for Aged Buildings and
—0.026 for Tall Buildings. The median adjusted R? was 0.980 and median five-fold cross-validated R? was 0.978.

The concurrent Baseline-Blueprint comparison used the mean coefficient across 100 independently generated complete
tables in each condition. The empirical intervals in Supplementary Table 14 and Fig. 2c are HC3 95% confidence intervals
from the 52-site model. An eight-spatial-group bootstrap was retained as a dependence-sensitive uncertainty analysis.

Supplementary Table 14 | Vitality relationships under Baseline and Blueprint prompts and at 52 empirical sites.

Quantity Baseline Complete Blueprint 52-site empirical reference
Residential Density 0.599 [0.554, 0.647] 0.699 [0.657, 0.741] 0.287 [—0.020, 0.594]
coefficient
Functional Mix 0.171 [0.137, 0.204] 0.081 [0.055, 0.107] 0.312 [0.068, 0.556]
coefficient
Short Blocks 0.136 [0.097, 0.176] 0.157 [0.117, 0.197] —0.841 [—1.574, —0.109]
coefficient
Aged Buildings —0.048 [—0.085, —0.011] —0.075 [—0.110, —0.039] 1.189 [0.473, 1.905]
coefficient
Tall Buildings —0.045 [—0.081, —0.011] —0.072 [—0.105, —0.039] 0.080 [—0.145, 0.305]
coefficient
Adjusted R? 0.978 [0.976, 0.981] 0.978 [0.976, 0.981] 0.375
Held-out R? 0.975 [0.972, 0.978], random 0.976 [0.973, 0.978], random —0.659, spatial-group held out
five-fold five-fold

The spatial-group bootstrap intervals were [—0.125, 0.852] for Residential Density, [—0.062, 0.642] for Functional Mix,
[—1.188, 0.362] for Short Blocks, [0.091, 1.953] for Aged Buildings and [—0.148, 0.668] for Tall Buildings. Because the
generated and empirical prediction analyses use different holdout units, their held-out R? values are reported separately;
coefficient comparisons use the standardized estimates in Supplementary Table 14.

The model also ranked the 52 empirical sites using only the five morphology variables. Pairwise accuracy was 0.603
[spatial-group bootstrap 95% CI: 0.515, 0.681] for the primary prompt and 0.592 [0.512, 0.667] for a paraphrase. The two
prompts agreed on 0.905 of site-pair directions.

Blueprint, intervention-factor and scale sensitivity The 2 x 2 x 2 prompt design comprised 800 generations; 795
returned valid content, and all 100 full-Blueprint generations returned 100 valid neighbourhoods. Baseline and Blueprint
retained positive mean coefficients for Residential Density, Functional Mix and Short Blocks. Heterogeneity instructions
increased the unique-value fraction for all six generated variables.

The full Blueprint generated positive coefficients in 100/100 tables for Residential Density, 79/100 for Functional Mix,
82/100 for Short Blocks, 29/100 for Aged Buildings and 37/100 for Tall Buildings. Relative to Baseline, the heterogeneity
component increased the unique-value fraction by 0.096 for Residential Density, 0.044 for Functional Mix, 0.044 for Mean
Block Area, 0.077 for Aged Buildings, 0.061 for Tall Buildings and 0.079 for Pedestrian Activity; all six bootstrap intervals
excluded zero.

For each of the 52 observed morphology profiles, three otherwise identical variants were created. Functional Mix took a
locally plausible low, middle or high value, defined as the 10th, 50th and 90th percentiles among the eight most similar
observed sites; all other morphology variables were fixed. Eight pilot profiles were set aside before the main analysis. Of
the remaining profiles, 38 had all three variants within the observed morphology space and entered the experiment. GPT-
40 ranked the three anonymous variants by expected Pedestrian Activity. It returned the complete High>Mid>Low order
in 31/38 profiles, or 0.816 [Wilson 95% CI: 0.666, 0.908]. Pairwise rates were 32/38 for High>Mid, 32/38 for High>Low
and 31/38 for Mid>Low. Six non-ranking responses remained in the denominator.

Residential Density, Short Blocks and Tall Buildings each produced a complete High—Mid—Low Pedestrian Activity order
in 38 of 38 settings. Aged Buildings did so in 32 of 38 settings and was more sensitive to phrasing and order controls.
Functional Mix controls produced complete orderings in 15-16 of 20 settings, with pairwise agreement of 0.979-1.000
among settings with complete paired outputs. The Tall Buildings intervention is reported as an exploratory response test
outside the Jacobs-derived hypotheses.
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Supplementary Table 15 | Vitality sensitivity to the intervened morphology indicator.

Intervened morphology
indicator Complete High—Mid—Low order Wilson 95% interval Prompt-control result

Functional Mix 31/38, 0.816 [0.666, 0.908] 15-16/20 complete
under paraphrase,
alias/order, repeat and
irrelevant-number
controls; paired order
agreement 0.979-1.000

Residential Density 38/38, 1.000 [0.908, 1.000] 16/16 consistent under
each of the four controls

Short Blocks 38/38, 1.000 [0.908, 1.000] 16/16 consistent under
each control

Aged Buildings 32/38, 0.842 [0.696, 0.926] 5/16 paraphrase, 11/16

order, 14/16 repeat and
8/16 irrelevant-number
consistency

Tall Buildings 38/38, 1.000 [0.908, 1.000] 16/16 consistent under
each control

Aged Buildings produced the prespecified High—-Mid-Low order in 32/38 settings, with lower consistency across the four
prompt controls (5-14/16).

Across requested table sizes of 20-300 neighbourhoods, Residential Density, Functional Mix and Short Blocks remained
positive and Aged Buildings remained negative. Tall Buildings became positive at 300 neighbourhoods, where the
complete-return rate was 22%; this scale-dependent result is retained in the sensitivity analysis.

Supplementary Table 16 | Vitality sensitivity to the requested number of neighbourhoods.

Requested
neighbour- Complete Mean valid Residential Functional Aged Tall
hoods tables rows Density Mix Short Blocks Buildings Buildings
20 98/100 19.60 0.612 0.201 0.091 —0.059 —0.046
50 98/100 49.00 0.641 0.200 0.130 —0.075 —0.079
100 100/100 100.00 0.599 0.171 0.136 —0.048 —0.045
200 88/100 188.21 0.608 0.156 0.134 —0.046 —0.036
300 22/100 148.93 0.533 0.190 0.112 —0.040 0.047

. Place Pulse Perception

Human-judgement reference and request size Each of the six dimensions used 1,000 sampled Place Pulse comparison
records and one human vote per record. Dimension-specific accuracy/x was 0.572/0.245 for Safe, 0.594,/0.272 for Beautiful,
0.579/0.251 for Wealthy, 0.528,/0.158 for Lively, 0.501/0.156 for Boring and 0.523/0.187 for Depressing. Overall accuracy
was 0.550 and Cohen’s k was 0.210. A same-pair plurality sensitivity excluded eight tied pluralities and gave x = 0.210
for 5,992 tasks, compared with x = 0.210 for the single-vote labels.

Judging one, two or three image pairs per request produced similar agreement. Accuracy/x was 0.557/0.227, 0.560/0.221
and 0.560/0.233, respectively. Agreement declined at five pairs (0.533/0.188) and ten pairs (0.513/0.163), supporting
independent or short-batch judging.

Image-generation prompt components Scene objects (O), co-occurrence rules (R) and regional/scene heterogeneity
(H) formed eight prompt conditions. Of 800 planned images, 797 entered the analysis. O and H increased within-set
CLIP distance by 0.0419 [0.0320, 0.0513] and 0.0179 [0.0081, 0.0272], respectively. H reduced empirical-to-generated and
generated-to-empirical nearest-neighbour similarity and increased centroid distance. R reduced within-set diversity by
0.0213 [—0.0312, —0.0114] and had small nearest-neighbour effects.

Supplementary Table 17 | Effects of Perception Blueprint components on image-representation statistics.
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Blueprint Within-generated CLIP Place Pulse — Generated — Place

component distance generated similarity Pulse similarity Centroid distance

Scene objects (O) +0.0419 [0.0320, 0.0513] —0.0061 [—0.0132, —0.0280 [—0.0357, +0.0014 [—0.0050,
—0.0008] —0.0208] 0.0083]

Co-occurrence —0.0213 [-0.0312, -+0.0006 [—0.0061, +0.0054 [—0.0011, +0.0073 [0.0005, 0.0141]

rules (R) —0.0114] 0.0066] 0.0117]

Regional/scene +0.0179 [0.0081, 0.0272] —0.0192 [—0.0260, —0.0554 [—0.0630, +0.0232 [0.0168, 0.0302]

heterogeneity (H) —0.0135] —0.0482]

City-held-out image-representation comparison The empirical reference contains 3,840 distinct Place Pulse images
from 16 held-out cities. These cities were reserved for this representation comparison and were not used to define the
image prompts or select prompt components. Embedding metrics use the images only; Place Pulse votes enter the separate
agreement analysis. Intervals jointly resample Place Pulse cities and generated images.

Supplementary Table 18 | CLIP comparison between generated streetscapes and held-out Place Pulse images.

Complete Blueprint (100
CLIP quantity Baseline (99 images) images) Blueprint minus Baseline

Place Pulse — 0.7091 0.6844 —0.0246 [—0.0515, —0.0065]
generated

nearest-neighbour

similarity

Generated — Place 0.7930 0.7119 —0.0811 [—0.0936, —0.0463]
Pulse

nearest-neighbour

similarity

Generated—empirical 0.2009 0.2356 +0.0347 [0.0144, 0.0529]
centroid distance

In an equal-size 99-versus-99 comparison, the two nearest-neighbour differences were —0.0249 [—0.0332, —0.0173] and
—0.0705 [—0.0899, —0.0538], and the centroid-distance difference was +0.0348 [0.0275, 0.0424]. Two independent 99-
image Place Pulse halves yielded approximately 0.876 similarity in both nearest-neighbour directions and a centroid
distance of 0.0040.

Supplementary Table 19 | Sensitivity of the generated—Place Pulse comparison to image representation.

Blueprint minus Baseline DINOv2 ResNet-50
Within-generated mean +0.0943 [0.0267, 0.1647] +0.0151 [0.0019, 0.0277]
distance

Place Pulse — generated —0.0581 [—0.1136, —0.0041] +0.0007 [—0.0059, 0.0085]
similarity

Generated — Place Pulse —0.1204 [—0.2000, —0.0178] —0.0009 [—0.0076, 0.0053]
similarity

Centroid distance +0.0608 [—0.0691, 0.1786] —0.0092 [—0.0207, 0.0036]

All three encoders showed greater within-generated dispersion. CLIP and DINOv2 also showed lower nearest-neighbour
similarity to Place Pulse, whereas the ResNet-50 change was near zero. Image-to-empirical proximity therefore varied
with the representation.

Theme intervention Twelve scenes each contained a baseline image, Natural, Traffic and Built theme edits, and one
same-scene editing control. All 48 pairwise quality checks for the theme edits and editing controls passed identity-
preservation and manipulation checks. Sixty images were scored one at a time by GPT-40 without condition labels, scene
identifiers or study hypotheses. The estimand was the theme score minus the editing-control score in the same scene.
Scene bootstrap intervals and exact paired sign-flip tests used the scene as the inferential unit. Holm correction was
applied to the three prespecified relationships and Benjamini-Hochberg correction to the full 3 x 6 matrix.

Supplementary Table 20 | Editing-control-adjusted Perception effects for the complete theme-by-dimension matrix.
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Theme Dimension Effect [95% CI] Exact sign-flip p BH ¢ across 18 cells
Natural Beautiful 2.233 [1.650, 2.792 0.000488 0.002930
Natural Depressing —2.775 [-3.567, —2.025 0.000488 0.002930
Natural Lively 1.192 [0.733, 1.658 0.001953 0.004395
Natural Safe 1.092 [0.717, 1.433 0.001953 0.004395
Natural Wealthy 1.350 [0.917, 1.850 0.000977 0.003516
Natural Boring —1.192 [-1.500, —0.917 0.000488 0.002930
Traffic Beautiful —0.767 [-1.250, —0.342 0.003906 0.007813
Traffic Depressing 0.083 [—0.300, 0.475 0.757813 0.796875
Traffic Lively 1.458 [0.958, 2.008 0.000977 0.003516
Traffic Safe —0.408 [—0.867, 0.050 0.148438 0.222656
Traffic Wealthy 0.242 [—0.050, 0.508 0.171875 0.231027
Traffic Boring —0.375 [—0.858, 0.083 0.195313 0.234375
Built Beautiful 0.483 [—0.042, 0.983 0.128906 0.210938
Built Depressing —1.067 [-1.775, —0.417 0.015625 0.028125
Built Lively 0.150 [—0.058, 0.375 0.312500 0.351563
Built Safe 0.342 [-0.117, 0.725 0.179688 0.231027
Built Wealthy 0.975 [0.642, 1.292 0.001953 0.004395
Built Boring 0.058 [—0.233, 0.350 0.796875 0.796875

The full 18-cell matrix is reported in Supplementary Table 20. Natural-Beautiful, Natural-Depressing and Traffic—Lively
were prespecified; each had Holm-adjusted p = 0.001465.

Single-cue edits Separate edits increased tree canopy, added visible pedestrian activity or repaired facades, with an
editing control for each scene. Editing-control-adjusted changes were 1.208 [0.666, 1.833] for Tree canopy—Beautiful,
—1.525 [—2.358, —0.667] for Tree canopy—Depressing, 1.042 [0.542, 1.542] for Visible activity—Lively, 0.958 [0.750, 1.167]
for Fagade repair—Safe and 0.942 [0.675, 1.250] for Facade repair—Wealthy.

. Open-model analyses of selected output regularities

Because GPT-40 does not expose internal activations, the selected tasks were repeated with Qwen2.5-VL-72B. The analysis
began by giving both models the exact same task prompts and comparing their answers. Behavioural controls then tested
whether city names or one fixed formula accounted for the response. Linear readouts measured whether selected city
attributes and relation types were distinguishable in intermediate activations. Finally, activation edits tested whether
adding, removing or replacing selected states shifted the answer. In the numerical tasks, the edits shifted short-answer
logits while the prespecified statistics calculated from newly generated tables remained unchanged.

Linear probes follow work showing that spatial and temporal attributes can be decoded from language-model activa-
tions[23]. Separate geospatial work uses spatial autocorrelation and sparse autoencoders to map geographic structure in
model activations[24]. Task-difference directions and activation edits follow function-vector and model-editing studies that
test whether internal-state changes alter outputs[25-26]. Recent medical-domain interpretability work likewise combines
activation mapping, lesioning and activation patching[27].

Behavioural correspondence before hidden-state analysis For each numerical case, we prepared six task descriptions
with different fictional backgrounds. Each description asked the model to fill one table containing all tested Population,
distance or Functional Mix values. GPT-40 and Qwen2.5-VL-72B-Instruct-AWQ received exactly the same descriptions,
values and table templates. We then paired the corresponding Road, GDP, land-density or activity values in their tables.
Figure 5a shows a mean response curve: values at the same table position were averaged across the six pairs of tables. In
Article equation (16), ™" denotes the entry-by-entry correlation and r§"™® the mean-response-curve correlation, where
t indexes the task. These output comparisons provide the behavioural basis for interpreting the Qwen internal-state

analyses.

Supplementary Table 21 | Behavioural correspondence and held-out open-model task results.

Mean-response-curve correlation

Case Corresponding-value correlation in Fig. ba Open-model task result
Urban Scaling ™Y = 0.932 [0.900, 0.963]; 132 r¢"Ve = 0.975; 22 mean In held-out joint tables,
paired quantities = 6 examples quantities = 11 Population Bepp — Proad = 0.550
x11 changes from the smallest of changes x2 outputs [0.373, 0.668]

12 Population inputs x2 outputs,
Road and GDP
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Mean-response-curve correlation

Case Corresponding-value correlation in Fig. ba Open-model task result
Distance Decay r¢™Y = 0.977 [0.970, 0.991]; 60 rg"™ve = 0.997; 10 mean All 6 fictional city
paired densities = 6 fictional city land-density values, one per examples declined; mean
examples x 10 distances distance standardized decay
strength 0.862 [0.808,
0.910]
Vitality ™Y = 0.998 [0.998, 0.998]; 48 r§*™ve = 0.998; 8 mean Endpoint log-activity
paired quantities = 6 log-activity changes contrast 1.294; little
neighbourhood examples X8 residual variation among
changes from the 0.10 reference the six examples
among 9 Functional Mix inputs
Perception Not applicable Complete pattern of 18 Natural, Traffic and

theme-by-dimension effects, Built effects were
r = 0.929 [0.862, 0.940] estimated for all six
dimensions

These correlations are calculated within each task. A paired quantity is a corresponding Road or GDP change, land-density
value or log-activity change derived from matching positions in the two models’ tables. A point on a mean response curve
is that quantity averaged across the six pairs of tables.

Testing city-name and fixed-rule explanations Fifty cities received the same six Population values under named and
anonymous conditions. GDP and Road response slopes were similar across conditions. A separate set of 60 fictional
cities received city-specific rules that deliberately contradicted standard Scaling directions; outputs followed the current
rule, whereas placing the same numbers in irrelevant identifiers did not produce the response. City names retained some
real-attribute ranking information, but city-name facts and repetition of one fixed formula did not account for the full
behaviour.

Readable city attributes and relation types Linear probes were trained on hidden activations elicited by city names
and evaluated on spatially blocked held-out administrative units. Test R? was 0.894 for Population, 0.821 for GDP
and 0.379 for Road. The Population readout also distinguished Population or Residents changes from irrelevant-number
changes in synthetic tasks.

Matched synthetic prompts explicitly specified superlinear, linear or sublinear relationships. A selected hidden state
distinguished superlinear from sublinear prompts with test AUC 0.975 [0.967, 0.983]. This result establishes linear
decodability of the task relation in the tested activation; the activation edits below provide the separate output test.

For the common numerical-task screen, relation-state AUC was 0.944 for Scaling, 0.750 for Decay and 1.000 for Vitality.
Under the prespecified 0.90 rule, state editing during table generation was performed for Scaling and Vitality. Perception
used paired image-state replacement in the full theme task.

Activation editing The full relation-state replacement produced consistent changes, whereas the one-dimensional Popu-
lation probe direction did not. Replacing the selected activation with the full activation from the opposite Scaling relation
changed GDP and Road answer preference by 4.575 [4.208, 4.912] and 3.992 [3.665, 4.294] logit units. A separately se-
lected relation direction was then tested in 12 new fictional city examples, yielding 7,296 intervention measurements. Its
dose slope was 0.113 [0.099, 0.127] for GDP and 0.245 [0.227, 0.261] for Road, exceeding Population, irrelevant-number
and equal-norm random directions.

Scaling and Vitality relations were recognized in hidden states (AUC 0.944 and 1.000) and remained present in held-out
generated tables (Bapp — Broad = 0.550 [0.373, 0.668]; 6/6 Vitality tables positive). In separate short-answer experiments,
activation editing shifted answer preferences. When the common-screen directions were applied during table generation,
the symmetric effects Ep: were zero for both tasks. Under the prespecified 0.90 rule, this table-generation test was
performed for Scaling and Vitality only.

Perception state replacement The Qwen2.5-VL-72B 3 x 6 theme-effect pattern correlated with the GPT-40 comparison
pattern at » = 0.929 [0.862, 0.940]. Replacing theme-image token states with paired same-scene editing-control states
reduced the Qwen pattern by 3.712 [3.084, 4.312] logit units when each Qwen change was weighted by the direction and
magnitude of the corresponding GPT-40 difference. This reduction exceeded an equal-norm random perturbation at the
same positions. Within image tokens, high-change positions produced greater reduction than low-change positions and
random controls. The matched text-token perturbation produced the largest reduction, so the prespecified modality-
specificity gate was not met.

The 7B checkpoint preserved the overall theme pattern (r = 0.847 [0.760, 0.875]) and the three central effect directions.
Theme-to-editing-control replacement reduced the GPT-4o-weighted pattern by 0.272 [0.167, 0.367]; the matched random

36



GenAl Models Capture Urban Science

perturbation produced the larger absolute change in every scene (specificity —0.594 [—0.767, —0.430]). The 72B and 7B
checkpoints therefore shared directional behaviour, while editing-control state-replacement specificity was higher for the
72B checkpoint in this within-family comparison.

. Reproducibility resources and analysis units

Supplementary Data 1 contains the prompt templates and inference settings, Supplementary Data 2 describes the empirical
sources and spatial definitions, Supplementary Data 3 contains parsed outputs, and Source Data provides the values plotted
in the figures. Numerical synthesis uses an independently generated table or fictional example as the resampling unit.
Vitality empirical coefficients use HC3 intervals, with an eight-spatial-group bootstrap as a dependence-sensitive analysis;
Perception intervention inference uses the scene. Requested and valid sample sizes are reported separately when responses
were missing or incomplete.

. Analysis inclusion and technical checks

Analyses used the first usable response for each request; calls that produced no output followed the predefined retry policy.
In an initial technical Vitality ranking run, an output-schema error caused alias placeholders to be repeated in 116/118
responses. The schema was corrected before ranking outcomes were inspected, and the same inputs and estimand were
rerun; only the corrected run is analysed here.

The Perception Blueprint experiment planned 800 images and analysed 797; three requests produced no usable image. All
analysed images were 1672x941 pixels. The theme experiment comprised 36 theme edits, 12 reused Baseline images and
12 editing controls; all 48 edited—control pairs met the identity-preservation and manipulation criteria, and all 60 images
were scored blind. The single-cue experiment comprised 12 Baseline images and 48 predefined edits; all 48 edited—control
pairs met the same criteria, and all 60 images were scored blind.

Completeness used the originally requested row or band count. Responses with fewer valid rows contributed only to anal-

yses defined for all valid rows; completeness and model-selection rates retained the planned requests as the denominator.

. Supplementary Figures

Cases, empirical references and conditional inputs

Generated . Empirical "

Case object Primary readout e Changed input
Urban Metropolitan Population relationships Observed city Pobulation
Scaling table with Road/GDP systems P
Distance Land-density Radial parameters and Observed city Distance from
Decay profile local variation profiles centre

e \fitali Neighbourhood Morphology coefficients 52 Melbourne Morphology
Jacob's Vitality table for activity sites indicator
Place Pulse Street-view Six predicted Human pair .
Perception scene impressions judgements e @ali

Figure S1. Case definitions, empirical references and conditional inputs. The rows identify the generated object, primary
relationship or outcome, empirical reference and changed input for Urban Scaling, Distance Decay, Jacob’s Vitality and
Place Pulse Perception.
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Figure S2. Urban Scaling prompt components, generation size and supplementary inputs. a, Marginal effects of explicit
objects, system organization and heterogeneity on absolute Road and GDP exponent error; error bars are percentile 95%
confidence intervals from 10,000 resamples of matched generated-table replicate indices. b, Complete-table rate from 20
to 300 requested metropolitan areas; shading denotes percentile 95% confidence intervals from 10,000 generation-level
bootstrap resamples. ¢, Mean Road and GDP exponents across generation sizes; points are condition means and no
uncertainty intervals are drawn. d, Paired-output responses when Road or GDP is changed while Population is fixed;
bars denote setting-bootstrap percentile 95% confidence intervals.
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Figure S3. Urban Scaling distributions, empirical-unit sensitivity and supplementary interventions. a,b, Unique-value
fractions and within-table log,,(maximum/minimum) ranges for Baseline, Blueprint and empirical 100-city resamples. c,
Mean empirical range under the administrative-unit reference and three inclusion thresholds within the archived physical-
city polygons. d, Paired-output responses when Road or GDP is changed; bars denote percentile 95% confidence intervals.
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Figure S4. Distance Decay parameters and local profile variation. a—c, Median steepness «, peripheral density ¢ and radial
scale D for Baseline and Blueprint profiles and the 50-city empirical reference. Generated intervals are percentile 95%
confidence intervals; empirical intervals span the 2.5th—97.5th percentiles. d, Median unique-value fraction and normalized

second difference for the same three sources.
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Figure S5. Distance Decay model and distance-band sensitivity. a, Parameters fitted to matched GPT-40 and gpt-5.6
gateway-alias Blueprint profiles; the symlog axis accommodates «, ¢ and D on one scale. b, Complete-profile rate as the
requested number and width of synthesis distance bands change. ¢, Near—far ordering across the six tested intervention
designs, retaining the planned number of city examples as the denominator; bars denote percentile 95% confidence intervals.
d, Strict-decline and non-increase rates among the tested city examples.
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Figure S6. Jacob’s Vitality synthesis and empirical validation. a, Standardized morphology coefficients in Baseline and
Blueprint tables and at 52 Melbourne sites. Baseline and Blueprint points are means; empirical error bars are HC3
95% confidence intervals. b, Pedestrian Activity pair-ranking accuracy from morphology indicators alone for the primary
prompt, its paraphrase and their pooled results; bars are spatial-group-bootstrap percentile 95% confidence intervals. c,
Marginal effects of the three Blueprint components on Pedestrian Activity value resolution; error bars are percentile 95%
confidence intervals from 10,000 resamples of matched generated-table replicate indices.
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Figure S7. Jacob’s Vitality intervention-factor and generation-size sensitivity. a, Complete High—Mid—Low Pedestrian
Activity ordering when each morphology factor is changed in 38 neighbourhood settings; for Functional Mix, these are
locally low, middle and high levels (qio0, gso and goo among similar observed sites). Bars are Wilson 95% confidence
intervals and the dashed line denotes the 1/6 random-order reference. b, Exact-order agreement under prompt controls;
point estimates are shown without intervals. ¢, Complete-table rate from 20 to 300 requested neighbourhoods; shading
denotes percentile 95% confidence intervals from 10,000 generation-level bootstrap resamples. d, Standardized coefficients
for three consistently positive predictors across generation sizes; points are condition means and no uncertainty intervals
are drawn.
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Figure S8. Place Pulse human agreement, image-prompt composition and empirical split-half references. a,b, Three-
class Cohen’s k and accuracy between GPT-40 choices and one sampled human vote for 1,000 pairs per dimension;
bars are task-bootstrap percentile 95% confidence intervals. c, Marginal effects of explicit objects, spatial organization
and heterogeneity on within-generated CLIP distance; error bars are pointwise, unadjusted percentile 95% confidence
intervals from 2,000 image-resampling replicates. d, Place Pulse split-half values for within-set distance, bidirectional
nearest-neighbour similarity and centroid distance; bars span the 2.5th—97.5th percentiles across 2,000 repeated disjoint,
size-matched Place Pulse splits.
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GPT-40 perception matrix; entries show point estimates, with scene-bootstrap confidence intervals and adjusted g values
in Supplementary Table 20. d, Five prespecified single-cue effects; bars are scene-bootstrap percentile 95% confidence

intervals.
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Figure S10. GPT-40 and open-model behavioural correspondence. a—d, Mean response curves from GPT-40 and Qwen2.5-
VL-72B for Urban Scaling, Distance Decay and Jacob’s Vitality, together with the complete Perception theme matrix. For
the numerical tasks, corresponding table values at the same tested value were averaged across fictional examples. Dashed
lines indicate equality. The plotted Pearson correlations summarize these mean curves; primary corresponding-value
correlations are reported in Supplementary Table 21. Absolute response units are not compared across tasks.
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Figure S11. Numerical relation generation, hidden-state readout and state edits during table generation. a, Open-model
relationship statistics in held-out Scaling, Distance Decay and Jacob’s Vitality generations. b, Confirmation AUC across
candidate decoder blocks; the dashed line marks the prespecified 0.90 criterion. ¢, Changes Ejp: in the prespecified
Scaling and Jacob’s Vitality statistics when the selected direction was applied during table generation; both estimates
and confidence intervals were zero. d, Results of the generation, relation-readout and table-generation sequence. Under
the prespecified 0.90 rule, the state edit during table generation was performed for Scaling and Jacob’s Vitality only.
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Figure S12. Perception image-state replacement and localization. a, Signed theme-answer effects before state replacement,
after copying paired same-scene editing-control states into the theme-image positions, and after equal-norm random
replacement. b, Reduction in the Qwen effect pattern, weighted by the corresponding GPT-40 theme differences, for all
image states, high-change image positions and matched image- and text-stream controls; bars are scene-bootstrap 95%
confidence intervals. Within image tokens, high-change positions produced greater reduction than low-change positions;
matched text-token perturbations produced the largest reduction.

. Supplementary Data

The three files organize model inputs, empirical sources and analysis-ready model outputs. Source Data contains the
values plotted in Figs. 2-5 and Supplementary Figs. 1-12; Supplementary Data 3 contains the parsed unit-level outputs
used to calculate these summaries.

Supplementary Data 1 | Prompt templates and inference settings (.xlsx). The workbook contains prompt templates and
fully rendered prompts for the reported analyses across all four cases, organized by task role and condition, together with
model identifiers, decoding settings, output schemas and the configuration of the within-family 7B Perception follow-up.
Its README defines the template notation and maps each analysis to its prompt.

Supplementary Data 2 | Empirical sources and spatial definitions (.xlsx). The workbook identifies the empirical source
and analysis sample for each case, the 50 GeoNames centres used to construct the 1-km Distance Decay bands, the 16
held-out Place Pulse cities and the operational definitions of the Vitality variables. It also identifies third-party or locally
archived raw inputs that are not redistributed.

Supplementary Data 3 | Parsed model outputs (.zip). The archive contains distributable row-, request-, setting- and scene-
level model-output tables, a data dictionary and tables linking each figure panel and the within-family 7B Perception
analyses to the corresponding observations and denominators. It includes the deidentified 6,000-task Place Pulse sample
and the 7B behaviour and state-replacement matrices; source images, location identifiers, raw voter-level records and
identifiers, and raw hidden-state arrays are not included.
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