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Abstract001

Bikeability assessment is essential for advanc-002
ing sustainable urban transportation and creat-003
ing cyclist-friendly cities, and it requires incor-004
porating users’ perceptions of safety and com-005
fort. Yet existing perception-based bikeabil-006
ity assessment approaches face key limitations007
in capturing the complexity of road environ-008
ments and adequately accounting for hetero-009
geneity in subjective user perceptions. This pa-010
per proposes a persona-aware Vision-Language011
Model framework for bikeability assessment012
with three novel contributions: (i) theory-013
grounded persona conditioning based on estab-014
lished cyclist typology that generates persona-015
specific explanations via chain-of-thought rea-016
soning; (ii) multi-granularity supervised fine-017
tuning that combines scarce expert-annotated018
reasoning with abundant user ratings for joint019
prediction and explainable assessment; and (iii)020
AI-enabled data augmentation that creates con-021
trolled paired data to isolate infrastructure vari-022
able impacts. To test and validate this frame-023
work, we developed a panoramic image-based024
crowdsourcing system and collected 12,400025
persona-conditioned assessments from 427 cy-026
clists. Experiment results show that the pro-027
posed framework offers competitive bikeability028
rating prediction while uniquely enabling ex-029
plainable factor attribution.030

1 Introduction031

Bikeability assessment, which refers to the system-032

atic evaluation of roadway infrastructure to sup-033

port cycling, is crucial for advancing sustainable034

urban transportation and creating cyclist-friendly035

cities. While traditional approaches focus on objec-036

tive infrastructure measures such as traffic capac-037

ity and geometric design (Dowling and Reinke,038

2008; Manual, 2000), growing evidence shows039

that people’s willingness to cycle at a location de-040

pends more by how they perceive the environment041

than by these objectively measured features (Guo042
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Figure 1: Overview of our persona-aware explainable
bikeability assessment framework.

and He, 2021; Ma et al., 2014). Meanwhile, peo- 043

ple’s perceived safety at a given location can pre- 044

dict underlying safety risks, often identifying haz- 045

ardous conditions before incidents occur (Prajap- 046

ati and Tiwari, 2013; von Stülpnagel et al., 2022). 047

Hence, there has been a growing call to incor- 048

porate users’ perceptions of safety and comfort 049

into bikeability assessment (Kellstedt et al., 2021; 050

Gössling and McRae, 2022; Rodriguez-Valencia 051

et al., 2022; Griswold et al., 2018). However, ex- 052

isting perception-based assessment approaches are 053

limited in two key aspects: (i) comprehensively 054

measuring complex road environments with multi- 055

dimensional attributes and interacting factors that 056

affect bikeability; (ii) properly accounting for cy- 057

clist heterogeneity as cyclists with varying expe- 058

riences, preferences, and attitudes may perceive 059

identical environment differently. 060

Recent advances in Vision-Language Models 061
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(VLMs) offer new opportunities for perception-062

based bikeability assessments by facilitating the063

generation of high-fidelity user safety and comfort064

perception data at scale. VLMs have demonstrated065

strong capabilities in capturing and mimicking hu-066

man perceptions and cognitive processes, enabling067

various applications such as environmental assess-068

ment (Ito and Biljecki, 2021), street design visu-069

alization (Wang et al., 2025a), and human percep-070

tion modeling (Danish et al., 2025). These models071

can process multi-modal inputs combining visual072

and structured data, and generate natural language073

outputs that facilitate interpretability. Meanwhile,074

persona-based methods have shown promise in cap-075

turing diverse user behaviors through LLM condi-076

tioning (Wang et al., 2024; Chen et al., 2024).077

However, applying VLMs for perception-based078

bikeability assessment face several key technical079

challenges. First, VLMs can exhibit issues such080

as hallucinations and unstable predictions, which081

limit their reliability and generalizability. Second,082

Effective training of VLMs that balances high in-083

ference accuracy with strong interpretability neces-084

sitates large-scale data on bikeability ratings from085

diverse users, alongside high-quality “reasoning086

chain” data capturing the rationale for each rating.087

Yet acquiring both types of data at scale is costly088

and often infeasible. Third, real-world environmen-089

tal factors are highly correlated (e.g., roads with090

bike lanes often have better greenery), which can091

limit a VLM’s reasoning capabilities if calibration092

relies solely on observational data, making it diffi-093

cult to isolate the perceptual impact of individual094

infrastructure variables.095

This paper proposes a persona-aware bikeability096

assessment framework (Figure 1) that addresses097

these three challenges with the following novel ap-098

proaches: (i) a theory-grounded persona condition-099

ing approach that first classifies cyclists based on100

established typology (Kim and Mokhtarian, 2023;101

Dill and McNeil, 2013) and generates persona-102

specific explanations through chain-of-thought rea-103

soning; (ii) a multi-granularity supervised fine-104

tuning strategy that combines data of varying an-105

notation depth to jointly achieve rating prediction,106

factor identification, and interpretable reasoning107

generation; and (iii) an AI-enabled data augmenta-108

tion method that elicits distinct user responses un-109

der various bicycle facility design scenarios, hence110

enabling the model to more effectively isolate the111

perceptual impact of individual infrastructure vari-112

ables on bikeability ratings. To test and validate113

this framework, we developed a panoramic image- 114

based crowdsourcing survey system to collect hun- 115

dreds of cyclists’ bikeability ratings for multiple 116

road segments across diverse road environments in 117

Washington DC. 118

2 Related Work 119

2.1 Bikeability Assessment 120

Bikeability assessment requires evaluation of mul- 121

tidimensional attributes of the cycling environ- 122

ment while accounting for subjective user percep- 123

tions (Kellstedt et al., 2021; Gössling and McRae, 124

2022). Early approaches include the Level of 125

Traffic Stress (LTS) framework (Dill and McNeil, 126

2016; Mekuria et al., 2012), though it oversimpli- 127

fies user heterogeneity (Damant-Sirois et al., 2014). 128

Traditional statistical models prioritize causal re- 129

lationships over prediction accuracy (Breiman, 130

2001; Shmueli, 2010; Zhao et al., 2020). Re- 131

cent data-driven methods leverage diverse sources: 132

Paranga and Oda (Paranga and Oda, 2025) ap- 133

plied PCA/CFA on survey indicators, Zhang et 134

al. (Zhang et al., 2025) combined COPRAS with 135

machine learning, Ito and Biljecki (Ito and Biljecki, 136

2021) trained LightGBM on CV features, Zeng et 137

al. (Zeng et al., 2024) used Random Forest, and Au- 138

toLTS (Lin et al., 2024) employed contrastive learn- 139

ing. However, these approaches either treat cyclists 140

as homogeneous or rely on expert-predetermined 141

weights that may not reflect actual user priorities, 142

and vision-based methods typically require multi- 143

stage pipelines limiting generalizability. 144

2.2 Vision-Language Models for Urban 145

Analysis 146

Multi-modal approaches integrating street-view im- 147

agery, remote sensing, and geospatial data have 148

enabled diverse urban analyses (Gebru et al., 149

2017; Dai et al., 2025; Zhao et al., 2023; Danish 150

et al., 2025; Suel et al., 2021; Albert et al., 2017; 151

Cao et al., 2020). Open-source VLMs such as 152

Qwen-VL (Yang et al., 2025a) and LLaVA (Liu 153

et al., 2024) now provide strong visual understand- 154

ing with parameter-efficient fine-tuning capabili- 155

ties (Hu et al., 2021), enabling domain adaptation 156

for specialized tasks. These models advance urban 157

analysis through CoT reasoning (Wei et al., 2022; 158

Kong et al., 2024) and multi-granularity instruction 159

tuning (Liu et al., 2024; Deng et al., 2025; Wang 160

et al., 2022; Sanh et al., 2021; Chung et al., 2024), 161

showing promise in navigation (Wang et al., 2025b; 162
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Wu et al., 2025), infrastructure assessment (Ito163

and Biljecki, 2021), street design (Wang et al.,164

2025a), and decision-making (Chen et al., 2025).165

Meanwhile, recent advances in image generation166

models (Yang et al., 2025b) have enabled high-167

fidelity synthetic data creation, offering new possi-168

bilities for controlled data augmentation in domains169

where paired observations are scarce. However, do-170

main applications require interpretability for stake-171

holder validation (Arrieta et al., 2019; Javed et al.,172

2023; Dong et al., 2025), and existing approaches173

focus on synthetic or web-scale data rather than174

domain-specific settings where expert annotations175

are scarce. For such subjective perception tasks,176

aligning model outputs with human preferences177

is critical, as ground truth reflects individual judg-178

ments rather than objective labels. Preference op-179

timization methods such as RLHF (Ouyang et al.,180

2022) and DPO (Rafailov et al., 2024; Bai et al.,181

2022; Meng et al., 2024; Xiao et al., 2025) provide182

effective mechanisms for this alignment.183

2.3 Persona-aware Modeling184

User heterogeneity is fundamental to perception-185

based assessment, as expert-derived standards often186

deviate from actual user experiences (Gössling and187

McRae, 2022). The “Four Types of Cyclists” typol-188

ogy (Dill and McNeil, 2013, 2016) confirms sig-189

nificant differences in infrastructure needs across190

cyclist types. Persona-conditioning enhances LLM191

behavioral simulation (Wang et al., 2024; Li et al.,192

2024; Chen et al., 2024; Sun et al., 2025), yet ex-193

isting methods rely on predefined categories or194

aggregated data (Chuang et al., 2024; Park et al.,195

2024), lacking mechanisms to model differentiated196

visual interpretations of streetscapes (Ito and Bil-197

jecki, 2021).198

3 Method199

We propose a persona-aware bikeability assess-200

ment framework that addresses both the complexity201

of objective road environment assessment and the202

heterogeneity of subjective user perceptions. Fig-203

ure 2 illustrates our pipeline, which consists of204

three stages: (1) Multi-source Data Collection: We205

gather persona-specific bikeability ratings and influ-206

encing factors through crowdsourcing surveys cov-207

ering diverse Washington DC road environments,208

with AI-based image augmentation for controlled209

infrastructure variations. (2) Multi-Granularity210

Supervised Fine-tuning: We create three types211

of training data (expert-annotated full reasoning 212

chains, user-provided structured factor-rating pairs, 213

and direct ratings) and jointly train on all three with 214

fixed sampling ratios, enabling the model to learn 215

interpretable reasoning while maintaining robust 216

prediction. (3) Preference-based Reasoning Refine- 217

ment: We refine reasoning outputs through Direct 218

Preference Optimization (DPO) based on human 219

feedback. 220

3.1 Data Collection and Preprocessing 221

3.1.1 Study Design and Sampling 222

We randomly sampled 200 road segments from 223

Washington DC’s road network, prioritizing spatial 224

dispersion to ensure diverse cycling environments. 225

The selected segments encompass varying motor 226

vehicle lane configurations, cycling infrastructure 227

types (from absent to fully protected), and urban 228

contexts. We integrated GSV panoramic API into 229

our survey system, enabling participants to conduct 230

detailed 360-degree observations rather than being 231

limited to static 2D images. 232

3.1.2 Image Augmentation Pipeline 233

During our road segment sampling process, we 234

found that natural road networks rarely provide 235

ideal paired comparisons where segments differ 236

in only a minimal number of infrastructure at- 237

tributes, even adjacent roads typically vary across 238

multiple dimensions simultaneously. This makes 239

it challenging for models to learn fine-grained at- 240

tribute importance from limited survey data. To 241

address this, we developed an AI-based image edit- 242

ing pipeline using GPT-image-1. This pipeline 243

systematically modifies objectively defined in- 244

frastructure variables without introducing subjec- 245

tive developer judgments, including: Bike Lane 246

Presence, Lane Width (Narrow/Standard/Wide), 247

Lane Color (Green/No Paint), Buffer Type (No 248

Buffer/Standard/Bollards/Armadillo), and Buffer 249

Location (Adjacent to Moving Cars/Adjacent to 250

Parked Cars). By altering these variables while pre- 251

serving all other environmental factors, the pipeline 252

enables valid paired comparisons for isolating in- 253

frastructure impacts. The original image sample 254

and image editing result is shown in Figure 3. 255

3.1.3 Crowdsourcing survey 256

Our survey collects the following information: 257

Demographics: Gender, age group, 258

race/ethnicity, and education level to ensure 259

diverse representation. 260
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Figure 2: Three-stage model architecture: (1) Multi-source data collection with crowdsourced survey and AI-based
image augmentation, (2) Multi-granularity supervised fine-tuning with three data types (Type 1: full reasoning,
Type 2: factor-rating pairs, Type 3: rating-only), and (3) Preference-based reasoning refinement with DPO.
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Figure 3: AI-based image augmentation: original street-
view images (left) and systematically modified versions
with controlled infrastructure changes (right).

Cycling preferences: Comfort ratings (5-point261

scale: 1=Very Uncomfortable to 5=Very Comfort-262

able) for eight infrastructure types using reference263

images: (1) no bike lanes, (2) roadway shoulders,264

(3) off-street multi-use paths, (4) shared lanes with265

sharrows, (5) sidewalks, (6) striped bike lanes, (7)266

buffered bike lanes, and (8) protected bike lanes.267

These ratings enable cyclist persona identification,268

capturing individual risk tolerance and comfort269

thresholds.270

Segment evaluations: For 15 locations (20 af-271

ter augmentation) randomly assigned to each re-272

spondent, we collected: (1) Safety rating and (2) 273

Comfort rating on 4-point Likert scales (1=Strongly 274

Disagree to 4=Strongly Agree); (3) Cycling willing- 275

ness on a 4-point scale (1=Never to 4=Absolutely); 276

and (4) Influencing factors via a multi-select tag 277

interface with predefined options (bike lane condi- 278

tions, traffic, separation, environment) and open- 279

ended fields. 280

3.1.4 Persona Classification 281

Our survey collected responses from 427 partic- 282

ipants. Each participant first provided comfort 283

ratings (1-5 scale) for eight infrastructure types, 284

then rated a minimum of 20 street-view images 285

for bikeability assessment, resulting in 12,400 to- 286

tal persona-conditioned assessments (mean: 29.0 287

images per participant). 288

To validate the necessity of persona-aware mod- 289

eling, we analyzed within-participant rating vari- 290

ance. Figure 4 reveals substantial inter-participant 291

heterogeneity: variance in street segment ratings 292

ranges from 0 to 2.17 (median = 0.872), and is 293

orthogonal to mean rating levels (r = −0.10), con- 294

firming genuine individual differences rather than 295

scale-use artifacts. 296

We classified participants into four cyclist per- 297

sonas following the “Four Types of Cyclists” ty- 298

pology (Dill and McNeil, 2016). We computed 299

mean comfort ratings under three protection lev- 300
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Figure 4: Within-participant rating variance distribution
across 427 participants. (a) Histogram shows substantial
heterogeneity (median = 0.872, range: 0–2.17). (b)
Scatter plot confirms variance is orthogonal to mean
rating (r = −0.10).

els: low (no bike lanes, shared lanes), medium301

(striped lanes, shoulders, off-street paths), and high302

(buffered/protected lanes), plus the gradient from303

low to high protection. Clustering on these indi-304

cators reveals four groups: participants with low305

overall comfort and minimal gradient emerge as306

No Way No How (NWNH); those with high com-307

fort and flat gradients cluster as Strong & Fearless308

(S&F); individuals with steep gradients form the309

Interested but Concerned (IbC) group; while those310

with moderate comfort and gradients constitute En-311

thused & Confident (E&C). Table 1 presents the312

distribution.313

Table 1: Persona distribution and infrastructure prefer-
ence characteristics (N=427). Mean and Grad (gradient)
are computed from comfort ratings (1-5 scale) for eight
infrastructure types.

Persona Pct. Mean Grad.

IbC 59.3% 2.97 2.73
E&C 27.6% 3.45 1.57
S&F 8.2% 3.80 0.13
NWNH 4.9% 2.02 0.50

3.2 Task Definition314

We formulate persona-aware bikeability assess-315

ment as a conditional generation task where VLM316

generates subjective evaluations based on cyclist317

personas and multi-modal inputs. By combining318

visual street-level observations with structured in-319

frastructure attributes as input, we ensure compre-320

hensive coverage while avoiding human selection321

bias in feature engineering.322

Formally, given a cyclist persona P , the model323

generates a subjective evaluation text X =324

{x1, x2, ..., xS} consisting of S words that de-325

scribe the bikeability assessment from the perspec- 326

tive of that persona type. The model takes as input: 327

• A cyclist persona P from four types: S&F, 328

E&C, IbC, or NWNH 329

• O: A street-view image capturing the first- 330

person cyclist perspective, providing rich vi- 331

sual context 332

• A = {a1, a2, ..., aI}: A set of I infrastruc- 333

ture attributes from OpenStreetMap (e.g., road 334

type, lane configuration), ensuring compre- 335

hensive coverage of non-visual factors 336

Given the ground truth user evaluation X∗ from 337

our survey data, we optimize the model parame- 338

ters θ to maximize the conditional probability of 339

generating the correct evaluation: 340

θ∗ = argmax
θ

log p(X∗|P,O,A; θ) (1) 341

Following established transportation theory (Dill 342

and McNeil, 2016; Winters et al., 2011) and our 343

empirical validation of systematic inter-participant 344

heterogeneity (Section 3.1.4, Figure 4), we treat 345

persona-specific assessment as a fundamental de- 346

sign requirement rather than an optional feature. 347

3.2.1 Multi-format Training Data 348

Since manually annotated complete Chain-of- 349

Thought (CoT) reasoning is scarce and labor- 350

intensive, we design three training data for- 351

mats with varying supervision granularity. Our 352

multi-granularity strategy leverages complemen- 353

tary strengths: Type 1 enables interpretable rea- 354

soning generation, Type 2 develops factor identi- 355

fication skills, and Type 3 ensures robust rating 356

prediction. By jointly training on all three types 357

with fixed sampling ratios (Section 4.1), the model 358

learns a unified representation supporting multi- 359

ple output formats while maintaining consistency 360

across explanation depths. All three formats share 361

identical multi-modal inputs (P,O,A) but differ in 362

their prompt instructions and supervision signals. 363

Type 1: Full CoT Reasoning. This format 364

trains the model to generate interpretable natural 365

language reasoning. However, obtaining complete 366

reasoning chains directly from crowdsourced sur- 367

veys is challenging due to: (i) cognitive burden 368

leading to lower completion rates (Krosnick, 1991; 369

Deutskens et al., 2004); (ii) expression heterogene- 370

ity creating noise that complicates training; and 371
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(iii) implicit reasoning where perceptual judgments372

occur subconsciously (Nisbett and Wilson, 1977;373

Wilson, 2002).374

Given these constraints, we construct full reason-375

ing chains through expert annotation by transporta-376

tion researchers. Critically, this differs from tra-377

ditional expert-driven approaches: rather than pre-378

defining which factors matter, experts receive user-379

provided factors and ratings from survey responses380

and synthesize them into coherent reasoning chains.381

This data-driven approach ensures reasoning pat-382

terns emerge from actual user preferences. The383

model receives:384

[P,O,A; promptreason] (2)385

where promptreason instructs the model to: (i) ana-386

lyze environmental conditions from the image, (ii)387

identify key factors influencing the cyclist’s percep-388

tion, (iii) predict safety and comfort ratings, and389

(iv) synthesize an overall willingness assessment.390

The supervision signal is:391

X∗
reason = Annotate(T ∗, R∗) (3)392

where transportation researchers compose reason-393

ing chains connecting the ground truth factors T ∗394

and ratings R∗ using natural language. While large395

teacher models (e.g., GPT-4) could automate an-396

notation, such approaches introduce hallucination397

risks and inconsistent patterns (Bang et al., 2023;398

Xu et al., 2023). Our expert annotation ensures399

high-quality supervision that faithfully represents400

participant perspectives.401

Type 2: Simplified CoT Prediction. Unlike402

Type 1, this format lacks manually completed rea-403

soning narratives and is derived directly from sur-404

vey responses. The model receives:405

[P,O,A; promptstruct] (4)406

where promptstruct instructs the model to perform a407

simplified CoT process that omits the objective con-408

dition analysis step: (i) identifying key factors that409

most influence the cyclist’s perception, (ii) predict-410

ing safety and comfort ratings, and (iii) providing411

an overall willingness-to-use assessment. The su-412

pervision signals consist of paired annotations from413

participants:414

(T ∗, R∗) (5)415

where T ∗ = {t1, t2, ..., tn} represents the set of416

influencing factors identified by participants , and417

R∗ contains their corresponding three-dimensional418

ratings. This format bridges perception and evalua- 419

tion through explicit factor identification without 420

requiring full explanatory narratives. 421

Type 3: Direct Rating Prediction. This format 422

further simplifies the task by removing the factor 423

identification step, utilizing all available survey 424

ratings for maximum data efficiency. The model 425

receives: 426

[P,O,A; promptrating] (6) 427

where promptrating requests direct rating prediction: 428

the model predicts safety and comfort ratings, fol- 429

lowed by an overall willingness-to-use assessment, 430

without requiring intermediate factor identification 431

or reasoning. The supervision signal consists of the 432

three-dimensional rating vector: 433

R∗ = {rsafety, rcomfort, rwillingness} (7) 434

This format represents basic stimulus-response 435

mapping, providing the most direct supervision 436

signal and ensuring robust end-to-end prediction 437

capabilities. 438

3.2.2 Model Training 439

To efficiently adapt the model given limited survey 440

data and prevent overfitting, we employ parameter- 441

efficient fine-tuning using LoRA (Hu et al., 2021) 442

on the pretrained Qwen3-VL-8B-Instruct base 443

model. 444

Multi-Granularity Instruction Tuning. Since 445

manually annotated complete CoT reasoning (Type 446

1) is scarce and labor-intensive, we adopt a multi- 447

granularity instruction tuning approach following 448

LLaVA-1.5 (Liu et al., 2024). Our training data 449

exhibits natural granularity variation: while all 450

12,400 survey responses provide ratings (Type 3) 451

and user-identified factors (Type 2), only approx- 452

imately 2,000 samples contain expert-annotated 453

reasoning chains (Type 1). This data constraint ne- 454

cessitates multi-granularity training: relying solely 455

on Type 1 would provide insufficient samples for 456

learning robust visual-linguistic representations; 457

conversely, using only Type 3 would sacrifice all in- 458

terpretability. Our multi-granularity strategy lever- 459

ages complementary strengths: Type 1 enables in- 460

terpretable reasoning generation, Type 2 develops 461

factor identification skills, and Type 3 ensures ro- 462

bust rating prediction. By jointly training on all 463

three types with fixed sampling ratios (Section 4.1), 464

the model learns a unified representation support- 465

ing multiple output formats while maintaining con- 466

sistency across explanation depths. 467
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Direct Preference Optimization. Following su-468

pervised fine-tuning, we apply Direct Preference469

Optimization (DPO) (Rafailov et al., 2024) to Type470

1 outputs to refine reasoning quality. To collect pref-471

erence data, we sample instances from the training472

set and use the SFT model to generate two Type473

1 reasoning explanations per instance with differ-474

ent sampling temperatures. Three transportation475

domain experts independently evaluate both ex-476

planations, selecting the preferred one based on:477

(i) Factual Accuracy, (ii) Logical Coherence, and478

(iii) Persona Consistency. Majority voting deter-479

mines the final preference pairs. Following the480

DPO framework, we directly optimize the policy to481

increase the likelihood of preferred responses with-482

out training a separate reward model. The DPO483

objective uses reference model regularization to484

prevent deviation from the SFT initialization, pre-485

serving performance on Type 2 and Type 3 formats.486

4 Experiments487

4.1 Experimental Setup488

Implementation Details. We conduct all experi-489

ments on one NVIDIA A100 80GB GPU. For su-490

pervised fine-tuning, we employ LoRA with rank491

r = 32 and scaling factor α = 64, targeting492

the query, key, value, and output projection ma-493

trices (q_proj, k_proj, v_proj, o_proj). We use494

AdamW optimizer with an initial learning rate of495

2 × 10−4 and train for 5 epochs with cosine an-496

nealing learning rate schedule. The learning rate497

follows a decay schedule: gentle decay (0.8× per498

epoch) for the first 3 epochs, then rapid decay499

(0.5× per epoch) for the remaining epochs. We500

train with batch size 4 and gradient accumulation501

over 4 steps for an effective batch size of 16. We502

apply gradient checkpointing to manage memory503

usage and use 10% warmup steps. Mixed precision504

training (FP16) is employed for efficiency.505

Multi-Granularity Sampling Ratios. We sam-506

ple training data with fixed ratios across all epochs:507

15% Type 1 (full reasoning), 40% Type 2 (struc-508

tured factor-rating pairs), and 45% Type 3 (rating-509

only). This distribution is consistent with LLaVA-510

1.5’s finding that detailed reasoning samples com-511

prising 15% yields optimal performance (Liu et al.,512

2024). The fixed-ratio design ensures: (i) efficient513

utilization of scarce expert annotations without514

over-sampling (15% yields ∼1,860 Type 1 sam-515

ples per epoch, approaching our full 2,000-sample516

budget), (ii) balanced multi-task learning across517

all supervision levels, and (iii) training stability 518

by avoiding catastrophic forgetting (Kirkpatrick 519

et al., 2017). We enforce strict rating constraints 520

(1-4 scale) through explicit prompt instructions and 521

post-processing corrections. 522

DPO Training Details. For preference data col- 523

lection, we randomly sample 500 instances and gen- 524

erate two explanations per instance with sampling 525

temperatures 0.7 and 1.0, resulting in 500 prefer- 526

ence pairs after expert majority voting. For DPO 527

training, we use regularization coefficient β = 0.1, 528

learning rate 5× 10−6, batch size 8, and train for 3 529

epochs. 530

Baselines. We compare against three base- 531

lines: (1) GPT-4o Zero-shot: prompting GPT-4o 532

with persona descriptions and multi-modal inputs 533

without task-specific training; (2) Kmeans-SMOTE 534

RF (Zeng et al., 2024): To ensure fair compari- 535

son, we replicate Zeng et al.’s preprocessing-based 536

approach by employing YOLOv8 for comprehen- 537

sive detection of observable road infrastructure ele- 538

ments (bike lanes, buffers, traffic signals, street fur- 539

niture, greenery, etc.), combining these computer 540

vision features with OpenStreetMap attributes (mo- 541

tor vehicle lane count, speed limits, bike lane types) 542

and image-derived latent representations (encoded 543

via a pretrained ResNet-50). These multi-source 544

features are then fed into a Random Forest classifier 545

following their Kmeans-SMOTE balancing strat- 546

egy, extended with our LLM-normalized factor tag 547

pool for factor identification; (3) Kmeans-SMOTE 548

RF (Rating-only): same preprocessing and feature 549

extraction pipeline but trained only for rating pre- 550

diction, isolating the contribution of joint tag-rating 551

learning. 552

Evaluation Metrics. For rating prediction, we 553

report metrics averaged across all three dimensions 554

(safety, comfort, willingness-to-use): Mean Abso- 555

lute Error (MAE), Exact Match Rate (EM), Within- 556

One Accuracy (W1, percentage within ±1), and 557

Pearson correlation. For factor identification, we 558

compute Semantic Precision, Recall, and F1-score 559

using sentence embeddings (all-MiniLM-L6-v2) 560

with greedy matching at threshold 0.7. For rea- 561

soning quality, we use GPT-4o as an automatic 562

judge (Zheng et al., 2023) to assess: (1) Factual 563

Accuracy, correct description of infrastructure fea- 564

tures; (2) Logical Coherence, clarity and logical 565

flow; (3) Persona Consistency, alignment with 566

persona-specific concerns. 567
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Table 2: Main experimental results comparing rating prediction and factor identification performance. MAE: Mean
Absolute Error, EM: Exact Match, W1: Within-One Accuracy, Corr: Pearson Correlation, Prec: Precision, Rec:
Recall, F1: F1-score (at threshold=0.7).

Method Rating Prediction Factor Identification

MAE↓ EM↑ W1↑ Corr↑ Prec↑ Rec↑ F1↑

GPT-4o Zero-shot 1.00 0.30 0.70 0.25 0.12 0.08 0.10
KS-RF (Rating-only) 0.70 0.45 0.85 0.50 - - -
KS-RF 0.80 0.38 0.82 0.45 0.33 0.30 0.31
Ours 0.71 0.41 0.87 0.48 0.52 0.46 0.49

4.2 Main Results568

Table 2 presents our main results. For rating predic-569

tion, our method achieves competitive performance570

(MAE: 0.71, EM: 0.41, Corr: 0.48) closely match-571

ing the specialized regression approach KS-RF572

(Rating-only), while achieving the highest within-573

one accuracy (W1: 0.87).574

For factor identification, our approach achieves575

0.52 precision, 0.46 recall, and 0.49 F1-score, sub-576

stantially outperforming KS-RF (F1: 0.31) and577

GPT-4o zero-shot (F1: 0.10). This demonstrates578

that domain-specific training enables accurate iden-579

tification of bikeability-relevant factors despite580

wording variations between generated and ground-581

truth factors.582

4.3 Human Preference Alignment583

Table 3: Human preference alignment results. Acc.:
Factual Accuracy, Coh.: Logical Coherence, Cons.: Per-
sona Consistency.

Method Acc.↑ Coh.↑ Cons.↑

GPT-4o 0.25 0.694 0.995
Ours (SFT) 0.58 0.580 0.920
Ours+DPO 0.59 0.610 0.950

Increase +1.7% +5.2% +3.3%

Table 3 shows that DPO improves explana-584

tion quality across all dimensions. Our SFT585

model achieves substantially higher factual accu-586

racy (0.58) than GPT-4o (0.25), reflecting domain-587

specific training, while GPT-4o exhibits stronger588

coherence and consistency due to its larger scale.589

DPO narrows this gap, with the largest improve-590

ment in coherence (+5.2%), validating that pref-591

erence optimization refines explanation style and592

logical flow.593

4.4 Ablation Studies594

Multi-Granularity Data Ablation. We evalu-595

ate the contribution of different supervision gran-596

ularities. Training with Type 3 only (rating-only) 597

achieves MAE 0.75 and W1 0.85, but provides 598

no factor identification or explanations. Adding 599

Type 2 (factor-rating pairs) improves prediction to 600

MAE 0.73 and W1 0.86, though reasoning remains 601

absent. 602

Our full approach with Type 1 (CoT reasoning) 603

at 15/40/45 ratios achieves the best accuracy (MAE: 604

0.71, W1: 0.87) while enabling factor identifica- 605

tion (F1: 0.49) and interpretable reasoning. This 606

demonstrates that CoT provides the richest super- 607

visory signal for joint optimization. The fixed-ratio 608

strategy ensures training stability, as aggressive 609

epoch-wise ratio changes led to unstable conver- 610

gence and catastrophic forgetting. 611

5 Conclusion 612

We presented a persona-aware VLM approach for 613

bikeability assessment that addresses infrastructure 614

evaluation complexity and user perception hetero- 615

geneity. Our results demonstrate that interpretabil- 616

ity need not compromise accuracy: our frame- 617

work achieves competitive rating prediction while 618

uniquely enabling factor identification and inter- 619

pretable reasoning, capabilities absent in existing 620

approaches. 621

For researchers, our framework eliminates repet- 622

itive preprocessing pipelines when adapting to new 623

urban contexts. For planners, persona-specific as- 624

sessments reveal diverse community needs beyond 625

the “average” cyclist, informing more inclusive in- 626

frastructure decisions. We hope this work inspires 627

broader VLM adoption in transportation research, 628

supporting human-centered infrastructure assess- 629

ment that accounts for user diversity. 630

6 Limitations 631

Our study has several limitations. First, while the 632

framework is transferable, the model trained on 633

Washington DC data may require fine-tuning for 634

cities with different infrastructure styles. Second, 635
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our four-category cyclist typology is a discrete636

approximation of continuous preference spectra.637

Third, static street-view imagery does not capture638

dynamic factors such as traffic volume, weather,639

or temporal variations. Finally, a gap remains in640

general language capabilities compared to larger641

models like GPT-4o.642
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A Appendix974

A.1 Recruitment And Payment975

We recruited participants through social media plat-976

forms to complete anonymous surveys evaluating977

bicycle lane quality. A total of 427 participants978

completed the survey. Each survey took approxi-979

mately 5 minutes to complete. To incentivize par-980

ticipation, we implemented a lottery-based com-981

pensation system: every 100th participant received982

a $100 gift card (4 participants total received com-983

pensation). This resulted in an average expected984

compensation of approximately $0.93 per partici-985

pant, or approximately $11.16 per hour based on986

the estimated completion time. Participation was987

voluntary and anonymous, with no personally iden-988

tifiable information collected. with no personally989

identifiable information collected.990

Three graduate students were recruited from a re-991

search university to perform data annotation tasks.992

Annotators were paid $20 per hour for approxi-993

mately 8 hours of annotation work each, totaling994

$160 per annotator. This compensation rate ex-995

ceeds local minimum wage standards and is con-996

sistent with standard research assistant rates at our997

institution.998

A.2 Survey Interface999

Figures 5 and 6 show screenshots from our crowd-1000

sourcing survey platform. Figure 5 displays the im-1001

mersive 360-degree Google Street View interface1002

used for bikeability assessment, allowing partici-1003

pants to explore road environments interactively.1004

Figure 6 shows the infrastructure preference assess-1005

ment interface where participants rate their comfort1006

levels for different cycling facility types.1007

A.3 Prompt Templates1008

We provide the prompt templates used for model1009

inference and baseline evaluation.1010

Figure 5: Survey interface 1: immersive 360-degree
Google Street View for bikeability assessment.

Figure 6: Survey interface 2: rating for augmented
image.

A.3.1 Type 1: Full CoT Reasoning 1011

As a {persona} cyclist ({persona_detailed_desc}),1012

analyze this street image for bikeability. 1013

1014

Provide a brief assessment covering: 1015

- Key observations about the street 1016

- Factors affecting your cycling experience 1017

- Your comfort and safety evaluation 1018

1019

Rate the following on a scale of 1-4: 1020

- Comfortable: How comfortable would you feel 1021

cycling here? 1022

- Safe: How safe would you perceive this road? 1023

- Overall: Your overall willingness to cycle 1024

on this road 1025

1026

End with: 1027

STRUCTURED OUTPUT: 1028

Factors: [list specific factors] 1029

Ratings: comfortable: X, safe: Y, overall: Z 1030

A.3.2 Type 2: Simplified CoT Prediction 1031

As a {persona} cyclist ({persona_brief_desc}), 1032

assess this street for bikeability. 1033

1034

Identify the most important factors affecting 1035

bikeability for someone with your cycling 1036
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preferences, then rate the street.1037

1038

Format your response as:1039

Factors: [list key factors]1040

Ratings: comfortable: X, safe: Y, overall: Z1041

1042

Use a 1-4 scale for ratings.1043

A.3.3 Type 3: Direct Rating1044

As a {persona} cyclist ({persona_brief_desc}),1045

rate this street's bikeability.1046

1047

Provide ratings (1-4 scale):1048

Ratings: comfortable: X, safe: Y, overall: Z1049

A.3.4 GPT-4o Zero-shot Baseline1050

You are an expert in urban cycling infrastructure1051

assessment. Analyze the provided street view image1052

and assess its bikeability from the perspective1053

of a specific cyclist persona.1054

1055

Cyclist Persona: {persona}1056

Persona Description: {persona_desc}1057

{osm_text}1058

1059

Task: Perform a bikeability assessment:1060

1. Analyze the street environment and OSM1061

attributes1062

2. Consider how a "{persona}" cyclist would1063

perceive this environment1064

3. Provide ratings (1-4) for: Comfortable,1065

Safe, Overall1066

4. Output JSON with influencing_factors and1067

ratings1068

A.3.5 Persona Descriptions1069

The four cyclist personas used in prompts:1070

Strong and Fearless: Comfortable with all1071

infrastructure types, showing little preference1072

between protected and unprotected facilities.1073

1074

Enthused and Confident: Regular cyclists who1075

prefer bike lanes but will ride in mixed1076

traffic when necessary.1077

1078

Interested but Concerned: Would cycle more if1079

separated from traffic; requires protected1080

infrastructure to feel safe.1081

1082

No Way No How: Non-cyclists who find cycling1083

too dangerous regardless of infrastructure.1084
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