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Abstract001

Many applications of LLM-based text regres-002
sion require predicting a full conditional dis-003
tribution rather than a single point value. We004
study distributional regression under empirical-005
quantile supervision, where each input is paired006
with multiple observed quantile outcomes, and007
the target distribution is represented by a dense008
grid of quantiles. We address two key limita-009
tions of current approaches: the lack of local010
grounding for distribution estimates, and the re-011
liance on shared representations that create an012
indirect bottleneck between inputs and quantile013
outputs. In this paper, we introduce Quantile014
Token Regression, which, to our knowledge,015
is the first work to insert dedicated quantile016
tokens into the input sequence, enabling di-017
rect input-output pathways for each quantile018
through self-attention. We further augment019
these quantile tokens with retrieval, incorporat-020
ing semantically similar neighbor instances and021
their empirical distributions to ground predic-022
tions with local evidence from similar instances.023
We also provide the first theoretical analysis of024
loss functions for quantile regression, clarify-025
ing which distributional objectives each opti-026
mizes. Experiments on the Inside Airbnb and027
StackSample benchmark datasets with LLMs028
ranging from 1.7B to 14B parameters show029
that quantile tokens with neighbors consistently030
outperform baselines (∼4 points lower MAPE031
and 2× narrower prediction), with especially032
large gains on smaller and more challenging033
datasets where quantile tokens produce substan-034
tially sharper and more accurate distributions.035

1 Introduction036

Large Language Models (LLMs) have shown re-037

markable capabilities beyond text generation, ex-038

tending to structured prediction tasks such as time039

series forecasting (Gruver et al., 2023) and regres-040

sion (Vacareanu et al., 2024; Jacobs et al., 2024).041

Recent work has shown that LLMs can approx-042

imate numerical mappings with strong accuracy043

when fine-tuned or prompted with in-context ex- 044

amples, making them attractive for text regression 045

tasks where crucial information lies in unstructured 046

text (Bitvai and Cohn, 2015; Chen and Si, 2024). 047

While most LLM-based regression work focuses 048

on point estimation, many real-world use cases re- 049

quire predicting full probability distributions rather 050

than single values. Price prediction, demand fore- 051

casting, and risk assessment all benefit from under- 052

standing not just central tendencies but also disper- 053

sion and tail behavior (Arora et al., 2023; Kneib 054

et al., 2023). Quantile regression (Koenker and 055

Bassett, 1978) provides a natural framework for 056

distribution prediction by estimating conditional 057

quantiles at different probability levels, offering 058

robustness to outliers and the ability to capture het- 059

erogeneous effects across the distribution. 060

Recent work by Vedula et al. (2025) takes an im- 061

portant first step towards LLM-based distributional 062

prediction by attaching multiple linear regression 063

heads to a shared final hidden state, each predict- 064

ing a different quantile. However, this architecture 065

has three key limitations. First, all quantile predic- 066

tions derive from the same representation bottle- 067

neck, creating only an indirect connection between 068

input features and quantile-specific outputs. The 069

model must compress everything relevant about the 070

distribution into a single vector, from which sep- 071

arate heads attempt to extract different quantiles. 072

Second, the method predicts distributions based 073

only on the query text, which may contain limited 074

information about the target distribution. This con- 075

trasts with how humans reason about distributions, 076

which naturally relies on comparison with simi- 077

lar instances. For example, when estimating the 078

price of a query product, one searches for similar 079

products and builds an understanding by compar- 080

ing features and observed price ranges. The model 081

can benefit from a richer local context obtained by 082

finding semantically similar items to inform the dis- 083

tribution estimate, but it does not have explicit ac- 084
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INPUT

Query Text

"Cozy 2BR apartment in
downtown Seattle..."

Retrieved Neighbors

"Modern studio downtown"

$85 — $120 — $165

"Spacious 2BR near park"

$95 — $140 — $190

"Charming flat, city view"

$90 — $130 — $175

ARCHITECTURE COMPARISON

Baseline (Vedula et al.)

Transformer

Encoder/Decoder

[x1, ..., xn]

Shared h
(bottleneck)

W1 W50 Wk... ...

q1 q50 qτ

Indirect: shared repr → K heads

Quantile Tokens

Transformer

with Self-Attention

[x1, ..., xn, Q1, ..., Qτ]

each Qτ attends to input

h1 h50 hτ

Shared W

q1 q50 qτ

Direct: input → Qτ → quantile

OUTPUT

Predicted Distribution

Price

95 135 185

Full distribution via 99 quantiles

• Central tendency

• Dispersion / spread

• Tail behavior / risk

DATASETS Inside Airbnb 768k, Listing prices across 55 cities StackSample 46k, Stack Overflow Q&A response time Models Qwen3: 1.7B to 14B Findings ↓4pt MAPE, 2× narrower distribution

Figure 1: Overview of our approach. Left: Input includes query text and retrieved neighbors with their full empirical
distributions (as quantiles). Center: The baseline (Vedula et al., 2025) uses only query text without neighbors
and computes all quantiles from a shared hidden state via separate linear heads. Our Quantile Token approach
augments the input with neighbors and inserts dedicated ⟨Qτ ⟩ tokens that attend directly to the input, creating direct
input-output pathways for each quantile. Right: Output is a complete predicted distribution via τ quantiles. Bottom:
We evaluate on two diverse datasets (Airbnb, Stack Overflow) with Qwen3 1.7B–14B models.

cess to such relevant reference points. Third, prior085

retrieval-augmented method (Wang et al., 2025)086

rely on training with single point labels for each087

instance, which provides limited distributional su-088

pervision compared to training with full empirical089

distributions.090

We address these limitations with a quantile to-091

ken architecture augmented by neighbor context092

(Figure 1). Our approach makes two key contribu-093

tions:094

Quantile Token Regression. We propose a095

novel architecture that inserts learnable quantile096

tokens (⟨Qτ1⟩, . . . , ⟨QτK ⟩) directly into the input097

sequence, which allows each quantile token to at-098

tend to different parts of the input and accumulate099

quantile-specific information. This creates a direct100

input-output pathway for each quantile level, rather101

than relying on separate linear heads over a shared102

representation. The architecture enables more co-103

herent quantile predictions since all quantile tokens104

are produced jointly within the same attention com-105

putation, and offers interpretability by revealing106

which input features each quantile attends to.107

Retrieval-Augmented Distribution Estimation.108

We augment quantile regression with retrieved109

neighbor instances, which are semantically sim-110

ilar examples from a candidate pool. Crucially,111

while prior retrieval-augmented approaches attach112

only a single point label to each neighbor (Wang113

et al., 2025) and only predict a single price output, 114

we equip each neighbor with its full empirical dis- 115

tribution represented as quantiles. This provides 116

the model with richer supervision. By grounding 117

predictions in distributional evidence from neigh- 118

bors, the model can better estimate not only central 119

tendency but also dispersion and tail behavior of 120

the target distribution. 121

To evaluate our approach, we construct two text- 122

to-distribution datasets from Inside Airbnb (In- 123

side Airbnb, 2025) and StackSample (Stack Over- 124

flow, 2019, 2025). Experiments with Qwen3 mod- 125

els (Yang et al., 2025) spanning 1.7B–14B parame- 126

ters show that (1) retrieval-augmented inputs con- 127

sistently improve quantile regression across model 128

scales (8% relative reduction in avg MAPE on 129

Airbnb, 63% on StackSample), (2) quantile to- 130

kens outperform the shared-representation baseline 131

(14% relative reduction in avg MAPE on StackSam- 132

ple, 6× narrower intervals), and (3) the combina- 133

tion of both techniques yields the best performance. 134

We also provide a mathematical analysis of differ- 135

ent loss functions for quantile regression, clarifying 136

the distributional objectives each optimizes. 137

2 Related Work 138

LLM-Based Regression. LLMs have been ap- 139

plied to regression through three main paradigms. 140

First, in-context learning performs regression with- 141
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out fine-tuning by providing numeric examples in142

the prompt (Garg et al., 2022; Vacareanu et al.,143

2024). Second, LLM embeddings can be used144

as features for conventional regressors (Imperial,145

2021; Tang et al., 2025). Third, fine-tuning di-146

rectly optimizes LLMs for numeric prediction,147

either by treating numbers as text tokens or by148

adding regression heads (Yang et al., 2020; Ja-149

cobs et al., 2024; Song et al., 2024). Recent work150

also explores regression-specific objectives, such151

as decision-theoretic fine-tuning (RAFT) (Lukasik152

et al., 2025) and coupling chain-of-thought with153

regression losses (TRACT) (Chiang et al., 2025).154

Our work follows the fine-tuning paradigm but tar-155

gets distributional rather than point prediction.156

Quantile Regression and Distributional Predic-157

tion. Quantile regression (Koenker and Bassett,158

1978) estimates conditional quantiles via the pin-159

ball loss, enabling nonparametric characterization160

of predictive uncertainty. Distributional predic-161

tion is widely used in applications such as fore-162

casting and risk-sensitive decision making (Arora163

et al., 2023; Gürlek et al., 2024; Gu et al., 2024),164

and recent work has begun integrating these ideas165

with LLMs (Gruver et al., 2023; Gillman et al.,166

2025). LLM-based quantile regression often at-167

taches multiple quantile heads to a shared represen-168

tation (Vedula et al., 2025; Dorka, 2024), which can169

create a bottleneck between the input and quantile-170

specific outputs. In contrast, our quantile token171

architecture inserts dedicated tokens that partici-172

pate in attention throughout the transformer, yield-173

ing more direct input–output pathways for each174

quantile.175

Retrieval-Augmented Prediction. Retrieval176

augmentation has been effective for grounding177

LLM outputs in external evidence (Lewis et al.,178

2020; Asai et al., 2023). For regression, retrieved179

neighbors can provide context that improves180

calibration; for example, retrieval-augmented181

pricing leverages similar items to support numeric182

estimates (Wang et al., 2025). Existing work183

largely targets point prediction. We extend184

retrieval augmentation to distributional prediction,185

leveraging the intuition that similar instances often186

exhibit similar outcome distributions, which is187

informative for estimating dispersion and tail188

behavior.189

Text Regression Applications. Text regression190

maps unstructured language to numeric targets in191

domains including finance, real estate, product pric- 192

ing, and content scoring (Gu et al., 2024; Chen and 193

Si, 2024; Vedula et al., 2025; Wang et al., 2025; 194

Chiang et al., 2025). A common challenge is that 195

key signals are embedded in free-form text and are 196

difficult to capture with manual features. We for- 197

mulate text-to-distribution prediction as a general 198

problem and evaluate across multiple domains (e.g., 199

Airbnb listings and community Q&A) to demon- 200

strate breadth beyond pricing-centric settings. 201

3 Method 202

3.1 Quantile Distribution Regression Task 203

Let X denote an input instance, where 204

each input X(i) is a text sequence 205

X(i) = (x
(i)
1 , x

(i)
2 , . . . , x

(i)
ni ), and let Y ∈ R 206

be a continuous outcome. The objective is to learn 207

a model that maps an input X to a conditional 208

distribution FY |X(· | X), represented via its condi- 209

tional quantiles. Specifically, for a set of quantile 210

levels τ = (τ1, . . . , τQ) ∈ (0, 1)Q, we predict the 211

quantile vector qτ (X) =
(
qτ1(X), . . . , qτQ(X)

)
, 212

where qτ (X) is the τ -th quantile of FY |X(· | X). 213

This formulation follows the standard view of 214

quantile regression as distribution learning through 215

conditional quantiles. 216

Empirical Quantile Supervision. Each input 217

Xi is paired with multiple observed outcomes 218

Yi = {yi1, . . . , yiMi}, which we treat as realiza- 219

tions of Y | Xi. We construct the empirical CDF 220

F̂i(t) = 1
Mi

∑Mi
m=1 1[yim ≤ t] with empirical 221

quantile function Q̂i(τ) = F̂−1
i (τ). Since each 222

instance has a variable number of outcomes Mi, 223

we interpolate Q̂i to a fixed grid of Q = 99 quan- 224

tile levels τ = {0.01, 0.02, . . . , 0.99} via linear 225

interpolation (Appendix B), producing target vec- 226

tors q̂i ∈ R99. 227

Learning Objective. Given a dataset D = 228

{(Xi,Yi)}Ni=1, we train a model fθ to predict q̂i 229

from Xi, i.e., fθ(Xi) ≈ q̂i. This turns text-to- 230

distribution prediction into structured regression 231

over quantile levels, where the model learns not 232

only a central tendency but also dispersion and tail 233

behavior. 234

3.2 Quantile Token Regression 235

We introduce Quantile Token Regression, a sim- 236

ple architectural change that makes each quan- 237

tile prediction depend on a dedicated repre- 238

sentation. Given an input sequence X = 239
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Quantile Tokens Specialize by Quantile Level

Stack Overflow Question

"How to handle nested asyncio exceptions?"

Tags: python asyncio exception

I'm building a web scraper with multiple concurrent

tasks. When one fails, I need to propagate the exception

while cleaning up other running tasks...

TaskGroup context manager...

async with asyncio.TaskGroup() as tg:

task = tg.create_task(fetch(url))

Asked 2 min ago · Views: 3 · No answers yet

Key features for prediction:

Popular → Fast answers Niche/Complex → Slower answers

Quantile Token Attention

Input sequence with quantile tokens:

python asyncio ... complex ...

Q10 Q50 Q90

Attention Map
Tags Title Body

python asyncio How to handle ... I'm building ... complex ...

Q10

Q50

Q90

Low High

Each quantile token learns specialized

representations via differential attention

Predicted Distribution

Fast Slow

Q10

15 min

Q50

2.5 hrs

Q90

11 hrs

Interpretation:

"10% chance within 15min, median ~2.5hrs"

Figure 2: Quantile tokens enable specialized representations and direct input-output pathways for each quantile
level. For a Stack Overflow question about asyncio exception handling, different features signal different response
times: the popular “python” tag suggests fast answers, while the niche “asyncio” topic and code complexity suggest
slower responses. Center: Each quantile token (Q10, Q50, Q90) learns to attend to the features most predictive of
its target quantile—Q10 focuses on popularity signals while Q90 focuses on complexity indicators. Right: The
resulting time-to-answer distribution captures both the possibility of a quick response (10% within 15 minutes) and
the long tail (90% within 18 hours).

(x1, . . . , xn)
1, we append Q special quantile to-240

kens ⟨Qτ1⟩, . . . , ⟨QτQ⟩ to the end of the sequence.241

The resulting sequence is242

X̃ = (x1, . . . , xn, ⟨Qτ1⟩, . . . , ⟨QτQ⟩). (1)243

We feed X̃ into a pretrained transformer gθ and244

obtain final-layer hidden states H = gθ(X̃). Let245

hτk ∈ Rd denote the hidden state at the position246

of token ⟨Qτk⟩. We then predict the k-th quan-247

tile using a shared linear regressor applied to the248

corresponding quantile-token representation.249

q̂τk (X) = w⊤hτk + b. (2)250

Quantile token regression architecture has two251

advantages. First, it creates a direct input-output252

relation for each quantile level by allowing ⟨Qτk⟩253

to collect information across all transformer layers,254

rather than relying on separate linear heads over255

a shared final representation. This improves the256

alignment between the conditioning evidence and257

quantile-specific predictions, which pays more at-258

tention to extreme quantiles. Figure 2 illustrates259

this mechanism on a Stack Overflow question,260

where the range of response time to a question is261

predicted. The ⟨Q10⟩ token learns to attend to pop-262

ularity signals (e.g., “python” tag) that predict fast263

answers, while ⟨Q90⟩ attends to complexity indica-264

tors that predict slower responses. Second, quantile265

tokens result in more coherent quantile representa-266

tions, since all quantile tokens are produced jointly267

1Including the query text and any retrieved neighbor con-
text.

within the same attention computation, and they 268

enable interpretability by inspecting which parts of 269

the input each ⟨Qτk⟩ attends to when forming its 270

estimate. 271

3.3 Retrieval-based Quantile Regression 272

Semantically similar inputs tend to exhibit similar 273

outcome distributions. For example, similar prod- 274

uct descriptions yield similar price distributions, 275

and similar questions receive similar response-time 276

distributions. When conditioning only on the query 277

text, the model must implicitly learn these distribu- 278

tional patterns from the training data, which can be 279

challenging. We therefore augment quantile regres- 280

sion with neighbors, semantically similar, label- 281

bearing instances retrieved from a candidate pool, 282

to explicitly provide the model with distributional 283

evidence from similar instances. 284

Given an input text sequence X , we retrieve 285

the top-K semantically similar neighbors from a 286

candidate pool using dense embedding similarity. 287

Each retrieved neighbor is provided to the model 288

along with its empirical distribution represented as 289

a small set of quantiles. Implementation details, 290

including the choice of embedding model, retrieval 291

features, input formatting, and which quantiles are 292

selected for neighbors, are described in Section 4.1. 293

3.4 Loss Functions and Theoretical Analysis 294

A critical design choice in distribution learning is 295

the objective used to align the predicted quantile 296

vector q̂τ (X) =
(
q̂τ1(X), . . . , q̂τQ(X)

)
with the 297
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supervision derived from the outcome set Yi =298

{yi1, . . . , yiMi}. Standard quantile regression ap-299

plies the pinball loss to raw outcomes y. In contrast,300

our training targets Q̂i(τ) are empirical quantile es-301

timators computed from a finite sample Yi and then302

interpolated to a fixed grid. We therefore analyze303

losses that are appropriate for quantile supervision,304

and clarify what each objective targets in popula-305

tion.306

ℓ1 and ℓ2 losses on empirical quantiles (Wasser-307

stein matching). We treat the interpolated empir-308

ical quantiles Q̂i(τk) as noisy measurements of the309

latent population quantiles Q∗(Xi, τk) and mini-310

mize an element-wise ℓp loss:311

Lℓ1(θ) =
1

NQ

N∑
i=1

Q∑
k=1

∣∣∣Q̂i(τk)− q̂τk (Xi)
∣∣∣ , (3)312

Lℓ2(θ) =
1

NQ

N∑
i=1

Q∑
k=1

(
Q̂i(τk)− q̂τk (Xi)

)2

. (4)313

In one dimension, the p-Wasserstein distance314

admits the quantile representation W p
p (F,G) =315 ∫ 1

0 |QF (u) − QG(u)|p du (Villani, 2009). When316

τ is a dense, approximately uniform grid, Lℓ1 and317

Lℓ2 can be interpreted as discrete approximations318

to W1(F̂i, F̂θ(· | Xi)) and W 2
2 (F̂i, F̂θ(· | Xi)), re-319

spectively, where F̂θ is the distribution implied by320

the predicted quantiles. Here we assume the pre-321

dicted quantiles are monotonic in τ (or are mono-322

tonized by sorting) so they define F̂θ.323

Mismatched pinball on empirical quantiles324

(Pinball-Q). A seemingly natural alternative is325

to apply the standard pinball loss to the empirical326

quantile targets:327

LPinball-Q(θ) =
1

NQ

N∑
i=1

Q∑
k=1

ρτk

(
Q̂i(τk)− q̂τk (Xi)

)
, (5)328

where ρτ (u) = u
(
τ − I[u < 0]

)
. While pin-329

ball is proper for learning Q∗(X, τ) from raw out-330

comes, here the “outcome” fed to pinball is itself331

a random quantile estimator. As a result, (5) gen-332

erally targets the τ -th quantile of the estimator dis-333

tribution Q̂i(τ) | Xi, not the underlying parameter334

Q∗(Xi, τ) (Appendix A). This yields a systematic335

“inflation/deflation” effect away from τ = 0.5.336

Scalarized pinball on a single statistic (Pinball-337

Med). Prior LLM regression work often asso-338

ciates each input with a single scalar label and339

trains all quantile heads against that scalar us-340

ing pinball. To mirror this setting under distribu-341

tion supervision, we define a scalar pseudo-target 342

yi := Q̂i(0.5) (the sample median)2 and optimize 343

LPinball-Med(θ) =
1

NQ

N∑
i=1

Q∑
k=1

ρτk (yi − q̂τk (Xi)) . (6) 344

Appendix A shows that (6) is generally inconsis- 345

tent for learning the full conditional distribution 346

when Mi > 1: it learns the conditional distribu- 347

tion of the statistic yi (which concentrates around 348

Q∗(Xi, 0.5) as Mi grows), causing the predicted 349

quantile function to collapse. 350

Theoretical implications and empirical ordering. 351

Under the latent-sample model in Appendix A, for 352

each fixed (X, τ) the empirical quantile obeys an 353

asymptotic expansion Q̂i(τ) = Q∗(Xi, τ) + εi,τ 354

where εi,τ is approximately centered and symmet- 355

ric with variance scaling as Var(εi,τ | Xi) ∝ 356

τ(1− τ)/Mi (up to density factors). Consequently, 357

Lℓ1 (median) and Lℓ2 (mean) are Fisher-consistent 358

for Q∗ in the large-Mi regime (with ℓ1 offering 359

additional robustness under heavy tails or outliers). 360

In contrast, LPinball-Q introduces a bias of order 361

M
−1/2
i whose magnitude increases toward extreme 362

quantiles, while LPinball-Med discards distributional 363

shape and collapses toward the median. This analy- 364

sis predicts the empirical ordering observed in our 365

experiments: Lℓ1 performs best overall, LPinball-Q 366

is competitive but biased, and LPinball-Med underper- 367

forms due to systematic loss of tail information. 368

The same theory suggests variance-aware 369

weighting by (Mi, τk) (and density factors) to 370

downweight noisy tail quantiles when Mi is 371

small; we leave this extension to future work (Ap- 372

pendix A). 373

4 Experiments 374

4.1 Datasets 375

We experiment upon two publicly available diverse 376

text-to-distribution datasets: Inside Airbnb (In- 377

side Airbnb, 2025) and StackSample (Stack Over- 378

flow, 2019, 2025). For both datasets, we construct 379

ground-truth distributions from multiple observed 380

outcomes per instance, keeping only instances with 381

at least 4 observations (an empirical threshold cho- 382

sen to balance label quality with dataset size). We 383

use stratified sampling for train/val/test splits. For 384

retrieval, we compute dense embeddings using 385

Qwen/Qwen3-Embedding-8B3 over the full text of 386

2If an application only provides a subset of quantiles, one
can analogously set yi to the median of the available reported
quantiles.

3
https://huggingface.co/Qwen/Qwen3-Embedding-8B
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Dataset Split # Samples Avg. # Tokens

Inside Airbnb
train 768,001 385
val 50,000 354
test 50,000 355
test_la (OOD) 61,551 385

StackSample
train 46,544 320
val 5,818 322
test 5,819 324

Table 1: Dataset split statistics. We report number of
samples and average number of tokens per sample.

each instance, and attach nine representative quan-387

tiles 4 of each neighbor’s empirical distribution388

spanning extremes to quartiles to the model input.389

Full statistics are in Table 1. See Appendix C for390

full construction details.391

Airbnb. The task is to predict the price distri-392

bution for an Airbnb listing given its textual de-393

scription and metadata. We construct the dataset394

from Inside Airbnb (Inside Airbnb, 2025), collect-395

ing all available cities from 2024-09 to 2025-08396

(119 cities) and converting prices to U.S. dollars.397

Each listing is represented by its title, description,398

amenities, location, and property type. We con-399

struct the ground-truth price distribution from ob-400

served monthly prices across time snapshots, yield-401

ing ∼840k samples from 55 cities after filtering.402

We hold out Los Angeles to form an out-of-domain403

(OOD) test set.404

StackSample. The task is to predict the distribu-405

tion of response times (time from question posting406

to receiving an answer) for a Stack Overflow ques-407

tion given its text. We use StackSample (Stack408

Overflow, 2019, 2025), a Kaggle-hosted subset of409

Stack Overflow Q&A. Each question is represented410

by its title, body, and tags. We construct the ground-411

truth response-time distribution from observed an-412

swer response times. Following prior work (Vedula413

et al., 2025), we apply log transformation to handle414

the wide range of response times (from minutes to415

hours).416

4.2 Experimental Setup417

We fine-tune Qwen3 models (1.7B–14B param-418

eters) (Yang et al., 2025) with LoRA (Hu et al.,419

2022), predicting Q=99 uniformly spaced quan-420

tiles. We compare QRK=0 (baseline quantile re-421

gression (Vedula et al., 2025)), QRK=8 (QR with422

41, 5, 10, 25, 50, 75, 90, 95, and 99 percentiles.

K=8 retrieved neighbors), and QTK=8 (quantile 423

tokens with K=8 neighbors). We evaluate using 424

average MAPE (Mean Absolute Percentage Error), 425

wMAPE, sMAPE for point accuracy, and CRPSS 426

(Continuous Ranked Probability Skill Score) and 427

RCIW (Relative Coverage Interval Width) for dis- 428

tributional quality, mostly following Vedula et al. 429

(2025). Full details on dataset construction, experi- 430

mental setup, hyperparameters, and metric defini- 431

tions are in Appendix D, G, and E. 432

4.3 Experimental Results 433

Our Quantile Tokens Regression approach (QT) 434

consistently outperforms the quantile regression 435

(QR) baseline across both datasets and all model 436

sizes (Tables 2 and 3). The method ranking is sta- 437

ble: QTK=8 outperforms QRK=8, which in turn 438

outperforms QRK=0 on all reported metrics. Com- 439

pared to retrieval-augmented QR, QT improves 440

both accuracy and sharpness, consistently reducing 441

average MAPE and producing markedly narrower 442

prediction intervals, with RCIW reduced by multi- 443

ple factors in both datasets. The advantage of QT is 444

especially pronounced on StackSample, the smaller 445

and more challenging dataset with response times 446

spanning from 1.01 mins to 12 hrs. The QRK=0 447

baseline produces extremely poor distributions 448

with very wide confidence intervals (RCIW@99 449

of 4.55× 104), while QTK=8 converges more reli- 450

ably. Comparing QTK=8 to the baseline QRK=0, 451

QTK=8 reduces average MAPE from 266.65 to 452

84.305 (68% reduction) and shrinks RCIW@99 453

from 4.55× 104 to 346.90 (131× reduction). Even 454

compared to retrieval-augmented QRK=8, QTK=8 455

achieves 14% lower average MAPE (84.30 vs 456

98.56) and 6× narrower intervals. 457

Neighbor retrieval provides substantial gains 458

across all configurations, with particularly large im- 459

pact when training data are limited. On StackSam- 460

ple, retrieval yields dramatic improvements: for the 461

QR baseline, average MAPE drops from 266.65 to 462

98.56 (63% reduction) when moving from K=0 463

to K=8. On Airbnb, retrieval also consistently 464

improves average MAPE for QR across all model 465

sizes: for Qwen3-4B, average MAPE drops from 466

30.31 to 27.78 (8% reduction), and similar gains 467

hold at other scales. These substantial improve- 468

ments empirically validate the hypothesis (Sec- 469

tion 3.3) that semantically similar inputs exhibit 470

5The absolute MAPE on StackSample remains high due to
the limited dataset size and the inherently high uncertainty in
response-time prediction compared to price prediction.
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Model Method K avg MAPE↓ wMAPE↓ sMAPE↓ CRPSS↑ RCIW@90↓ RCIW@95↓ RCIW@99↓

Qwen3-1.7B
Quantile Regression 0 32.60 53.60 32.09 0.4408 12.72 16.29 19.06
Quantile Regression 8 29.27 52.12 29.43 0.4588 16.73 22.80 29.84
Quantile Token 8 27.18 50.18 27.39 0.4677 3.91 5.45 7.58

Qwen3-4B
Quantile Regression 0 30.31 52.06 30.28 0.4536 9.58 12.30 14.66
Quantile Regression 8 27.78 50.75 27.95 0.4700 11.77 15.08 17.94
Quantile Token 8 26.89 49.99 27.14 0.4700 5.12 7.17 9.64

Qwen3-8B Quantile Regression 0 29.02 51.18 29.05 0.4616 7.61 9.69 11.34
Quantile Regression 8 26.64 49.88 27.07 0.4800 7.38 9.48 11.27
Quantile Token 8 26.56 49.63 26.75 0.4700 3.89 5.44 6.96

Qwen3-14B Quantile Regression 0 30.23 51.85 29.91 0.4575 10.89 14.25 16.87
Quantile Regression 8 27.96 50.63 27.83 0.4754 17.46 22.98 27.51
Quantile Token 8 26.40 49.67 26.67 0.4741 4.61 7.39 11.10

Table 2: Results on the Airbnb test set with various model sizes. QR denotes quantile regression, QT denotes
quantile token regression, and K is the number of anchors. Best value per metric column is in bold.

Model Method K avg MAPE↓ wMAPE↓ sMAPE↓ CRPSS↑ RCIW@90↓ RCIW@95↓ RCIW@99↓

Qwen3-4B Quantile Regression 0 266.65 75.00 67.41 0.0668 3900.57 6949.75 45480.31
Qwen3-4B Quantile Regression 8 98.56 74.97 67.19 0.3001 545.50 1025.38 2110.01
Qwen3-4B Quantile Token 8 84.30 73.02 64.86 0.3375 274.20 315.40 346.90

Table 3: Results on the StackSample dataset.

similar outcome distributions, as retrieved neigh-471

bors’ distributions provide informative context for472

predictions. This contrast aligns with dataset scale:473

Airbnb is much larger, with ∼840k listings across474

55 cities, while StackSample contains ∼58k ques-475

tions. Therefore, retrieval has greater impact when476

training data are more limited, offering explicit477

distributional evidence from similar instances that478

helps ground predictions.479

Model scaling shows diminishing returns at480

larger sizes on Airbnb. Moving from 1.7B to 4B pa-481

rameters reduces average MAPE by 7% for QTK=8482

(from 27.18 to 26.89), while moving from 8B to483

14B yields only 1% improvement (from 26.56 to484

26.40). This aligns with empirical scaling laws485

(Kaplan et al., 2020) but shows that gains saturate486

in our settings. Notably, distributional metrics do487

not monotonically improve with size: for example,488

QRK=8 shows wider intervals at 14B than at 8B489

(RCIW@99 increases from 11.27 to 27.51). Since490

we tune hyperparameters per model, this suggests491

that larger backbones can be more sensitive to op-492

timization and regularization choices, and better493

point accuracy does not necessarily translate into494

sharper confidence intervals.495

To summarize, these results suggest that re-496

trieval augmentation and quantile tokens are es-497

pecially critical for harder, higher-uncertainty text-498

to-distribution tasks rather than providing only in-499

cremental gains. We further evaluate generalization500

by holding out Los Angeles in the Airbnb dataset 501

during training and OOD testing on its listings, 502

with full results in Appendix F. 503

4.4 Ablation Studies 504

4.4.1 Loss Functions 505

Table 4 validates the theoretical comparison in Sec- 506

tion 3.4 and Appendix A by contrasting Wasser- 507

stein losses with pinball variants under empirical- 508

quantile supervision. 509

Loss avg MAPE↓ CRPSS↑ RCIW@95↓

Pinball-Med 32.80 0.5331 151.78
Pinball-Q 32.66 0.5332 151.27
ℓ1 Wasserstein 26.55 0.4682 3.55
ℓ2 Wasserstein 26.64 0.4737 4.15

Table 4: Ablation on loss functions on Airbnb dev set
using Qwen3-4B with K=8 neighbors.

The two Wasserstein objectives, which are 510

Fisher-consistent for the target quantiles as the 511

number of labels per instance increases, achieve 512

the best practical accuracy and sharpness. In par- 513

ticular, ℓ1 Wasserstein yields the lowest average 514

MAPE and the tightest confidence intervals, while 515

ℓ2 Wasserstein is competitive but slightly worse 516

on both average MAPE and RCIW@95. In con- 517

trast, the pinball-based objectives perform poorly 518

for distribution learning in our setting: PINBALL- 519

Q applies pinball loss to the empirical quantile 520
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targets, and PINBALL-MED uses only the em-521

pirical median as supervision. Both incur much522

larger average MAPE and extremely wide intervals,523

consistent with the predicted bias of PINBALL-Q524

and the loss of distributional information under525

PINBALL-MED. Although the pinball losses at-526

tain higher CRPSS than Wasserstein, this primarily527

reflects a sharpness–calibration tradeoff: they pro-528

duce overly conservative forecasts with inflated dis-529

persion, which can improve skill relative to the ref-530

erence while yielding uncertainty estimates that are531

too unsharp to be useful in practice, as indicated by532

RCIW@95 above 150 versus 3–4 for Wasserstein.533

Overall, these results support using Wasserstein ob-534

jectives for empirical-quantile supervision, with ℓ1535

Wasserstein providing the best accuracy–sharpness536

tradeoff in our experiments.537

4.4.2 Number of Neighbor538

Table 5 studies number of retrieved items K on the539

Airbnb dev set using Qwen3-4B with QT and ℓ1540

Wasserstein loss, applying postprocess monotonic-541

ity (described in Section 4.4.3).542

# Neighbors avg MAPE↓ CRPSS↑ RCIW@95↓

0 29.54 0.4509 4.90
2 27.02 0.4625 4.45
4 26.64 0.4676 4.34
8 26.55 0.4682 3.55

16 25.85 0.4735 3.47

Table 5: Ablation on the number of retrieved neighbors
on Airbnb dev set using Qwen3-4B.

Increasing K consistently improves average543

MAPE and CRPSS while tightening intervals. The544

improvement is most pronounced when neighbors545

are first introduced, especially from K=0 to K=2,546

and exhibits diminishing returns as K increases.547

Using K=16 performs best overall, reducing aver-548

age MAPE from 29.54 to 25.85 and improving549

CRPSS from 0.4509 to 0.4735, while lowering550

RCIW@95 from 4.90 to 3.47. However, larger551

K increases the number of input tokens, which552

raises memory usage and training cost (e.g., K=16553

requires approximately 2× memory per sample and554

1.4× total training time compared to K=8)..555

4.4.3 Monotonicity556

Our proposed Quantile Token regression approach557

provides no guarantee that the predicted quantiles558

will satisfy the monotonicity constraint, which can559

cause issues like the 90th percentile prediction be-560

ing lower than the 80th percentile. Table 6 therefore561

compares three approaches to ensure monotonicity 562

on the Airbnb dev set using Qwen3-4B with QT, ℓ1 563

Wasserstein loss, and K=8 neighbors. 564

Method avg MAPE↓ CRPSS↑ RCIW@95↓

BASELINE 26.55 0.4682 3.55
CUMSUM 26.51 0.4749 7.16
POSTPROCESS 26.35 0.4701 3.55

Table 6: Ablation on monotonicity method on Airbnb
dev set using Qwen3-4B with K=8 neighbors.

BASELINE applies no monotonicity constraint 565

and uses the raw predicted quantiles as-is. CUM- 566

SUM enforces monotonicity during both training 567

and inference by predicting non-negative gaps be- 568

tween adjacent quantiles and cumulatively sum- 569

ming them to form ordered quantiles. POST- 570

PROCESS keeps training unchanged and enforces 571

monotonicity only at inference time by sorting 572

the predicted quantiles. Empirically, CUMSUM 573

slightly improves average MAPE and yields the 574

best CRPSS, but substantially widens intervals. In 575

contrast, POSTPROCESS achieves the lowest aver- 576

age MAPE, while maintaining comparable CRPSS 577

and intervals. 578

5 Conclusion 579

We studied text-to-distribution prediction under 580

empirical-quantile supervision, where each input 581

has multiple observed outcomes and the target dis- 582

tribution is represented by a dense quantile grid. 583

We introduced a retrieval-augmented approach 584

that grounds distribution estimates with retrieved 585

neighbor instances and their empirical distribu- 586

tions, and Quantile Token Regression, which pre- 587

dicts each quantile from a dedicated token repre- 588

sentation formed through self-attention. Across 589

Inside Airbnb and StackSample, both methods im- 590

prove accuracy and yield sharper predictive inter- 591

vals, with especially large gains on the smaller, 592

more challenging StackSample dataset. We also 593

analyzed training objectives, showing that Wasser- 594

stein matching better fits quantile-target supervi- 595

sion than pinball variants and offers a stronger 596

accuracy–sharpness tradeoff in practice. Overall, 597

combining retrieval-based grounding with quantile- 598

specific representations is a simple, effective ap- 599

proach for scalable text-to-distribution prediction, 600

motivating future work on variance-aware weight- 601

ing, calibration under sharpness constraints, and 602

broader applications. 603

8



Limitations604

Our evaluation relies on empirical quantiles con-605

structed from multiple observed outcomes per in-606

put and interpolated to a fixed quantile grid; since607

ground-truth values at every quantile level are typi-608

cally unavailable, this interpolation can introduce609

approximation error, especially when each instance610

has only a few labels, and the resulting distribu-611

tions may not fully reflect real-world conditional612

outcome distributions. We also evaluate only the613

Qwen3 model family, so the observed gains from614

retrieval augmentation and quantile tokens may de-615

pend on the backbone and should be validated on616

additional LLM families. In addition, we report617

point estimates for all metrics but do not provide618

uncertainty quantification such as bootstrap con-619

fidence intervals, which would strengthen statis-620

tical reliability when comparing close configura-621

tions. Finally, we do not study text-generation-622

based quantile prediction; prior work found that623

generation underperforms regression-style decod-624

ing for point estimation (Vedula et al., 2025), so625

we focus on regression-based quantile outputs and626

leave generative methods for distribution prediction627

to future work.628
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789

Appendix 790

A Theoretical Analysis of Quantile Supervision 791

This appendix formalizes the behavior of different objectives when training labels are empirical quantiles 792

computed from finite samples. We justify the empirical ordering observed in our experiments: Lℓ1 793

performs best, LPinball-Q is slightly worse but better than LPinball-Med, and pinball-style objectives are 794

appropriate only in the extremely sparse supervision regime. 795

A.1 Latent sample model and quantile-label noise 796

Fix an input instance X = x. Let F ∗(· | x) denote the true conditional distribution of Y | X = x with 797

(left-continuous) quantile function 798

Q∗(x, τ) := inf{t ∈ R : F ∗(t | x) ≥ τ}, τ ∈ (0, 1). 799

For simpliticity, here we assume Mi are equal to M . In our data, each input Xi is paired with a multiset 800

of outcomes Yi = {yi1, . . . , yiM}, which we model as 801

yi1, . . . , yiM
i.i.d.∼ F ∗(· | Xi), 802

with a variable sample size M across instances. From Yi we construct the empirical CDF F̂i(t) = 803
1
M

∑M
m=1 I[yim ≤ t], and define the empirical quantile estimator (with the same interpolation rule as in 804

the main text) 805

Q̂i(τ) := F̂−1
i (τ). 806

For theoretical analysis, we treat Q̂i(τ) as a standard sample quantile estimator; the additional linear 807

interpolation changes the estimator by at most O(1/M) when f(Q) > 0 that does not change the 808

asymptotics in large M regime. 809

Regularity assumption. We assume that for the quantile levels of interest τ ∈ [τmin, 1 − τmin]: (i) 810

F ∗(· | x) is continuously differentiable in a neighborhood of Q∗(x, τ); (ii) the conditional density 811

f∗(t | x) = ∂tF
∗(t | x) exists and satisfies f∗(Q∗(x, τ) | x) > 0. 812

Under these conditions, sample quantiles admit a Bahadur-type expansion and a central limit theorem 813

(e.g., “Bahadur representation”, (Bahadur, 1966)): 814

Q̂i(τ) = Q∗(Xi, τ) +
τ − F̂i(Q

∗(Xi, τ))

f∗(Q∗(Xi, τ) | Xi)
+ ri,τ , ri,τ = op(M

−1/2). (7) 815

As a consequence, 816

√
M

(
Q̂i(τ)−Q∗(Xi, τ)

)
⇒ N

(
0,

τ(1− τ)

f∗(Q∗(Xi, τ) | Xi)2

)
. (8) 817

Thus Q̂i(τ) can be viewed as a noisy measurement of Q∗(Xi, τ) with heteroskedastic noise that is 818

(asymptotically) centered and symmetric. While the vector (Q̂i(τ1), . . . , Q̂i(τQ)) is correlated across τ 819

(since all quantiles are computed from the same sample Yi), our population minimizer statements below 820

are pointwise in τ and rely only on the marginal distribution in (8). 821

A.2 Population minimizers for ℓ1 and ℓ2 losses 822

Fix x and τ and define the random label Z := Q̂i(τ) | (Xi = x). Consider a scalar prediction a ∈ R. 823

Proposition 1. The conditional risk minimizers satisfy: 824

argmin
a∈R

E
[
(Z−a)2 | X = x

]
= E[Z | X = x], argmin

a∈R
E
[
|Z−a| | X = x

]
∈ Median(Z | X = x). 825
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Proof. Both losses are convex in a. For squared loss, differentiate the conditional risk and set to zero. For826

absolute loss, the subdifferential of a → E|Z − a| is827

∂ =

[
P(Z < a|x)− 1

2
,P(Z ≤ a|x)− 1

2

]
828

so 0 ∈ ∂ if and only iff P(Z < a|x) ≤ 1
2 ≤ P(Z ≤ a|x). This yields the median characterization.829

Proposition 2 (Asymptotic Fisher consistency of Lℓ1 and Lℓ2). Under the latent sample model and830

regularity assumptions above, for each fixed (x, τ) ∈ X × [τmin, 1− τmin], the population targets of Lℓ1831

and Lℓ2 converge to the true quantile:832

E
[
Q̂i(τ) | Xi = x

]
= Q∗(x, τ) +O(M−1), Median

(
Q̂i(τ) | Xi = x

)
= Q∗(x, τ) + o(M−1/2).833

In particular, as M → ∞, both losses are Fisher-consistent for Q∗(x, τ).834

Proof sketch. Equation (8) implies that Q̂i(τ) is asymptotically normal and hence asymptotically sym-835

metric about Q∗(x, τ), yielding median consistency. Finite-sample bias of sample quantiles is typically836

O(1/M) under smoothness, yielding the stated mean expansion. Applying Proposition 1 completes the837

argument.838

A.3 Bias of mismatched pinball on empirical quantiles (Pinball-Q)839

Proposition 3. Let ρτ (u) = u(τ − I[u < 0]). For any scalar random variable Z,840

argmin
a∈R

E
[
ρτ (Z − a)

]
∈ Quantileτ (Z),841

i.e., pinball loss targets the τ -th quantile of the label distribution.842

Proof. Similar as the above proof for ℓ1, the subdifferential of a 7→ E[ρτ (Z − a)] is843

∂ = [P(Z < a|x)− τ,P(Z ≤ a|x)− τ ]844

so the optimality condition is P(Z < a|x) ≤ τ ≤ P(Z ≤ a|x).845

Proposition 4 (Bias of LPinball-Q). Fix (x, τ) and write the empirical quantile label as846

Q̂i(τ) = Q∗(x, τ) + εi,τ , εi,τ := Q̂i(τ)−Q∗(x, τ).847

The population minimizer of LPinball-Q at level τ satisfies848

q∗Pinball-Q(x, τ) = Q∗(x, τ) + Quantileτ
(
εi,τ | Xi = x

)
.849

Under the normal approximation in (8), the resulting inflation/deflation bias is approximately850

q∗Pinball-Q(x, τ) ≈ Q∗(x, τ) + Φ−1(τ)

√
τ(1− τ)

M

1

f∗(Q∗(x, τ) | x)
. (9)851

Proof. By Proposition 3, LPinball-Q targets the τ -quantile of the random label Q̂i(τ) | Xi = x. Quantiles852

are translation-equivariant, giving the first display. Under (8), εi,τ is approximately normal with standard853

deviation
√
τ(1− τ)/(

√
M f∗(Q∗ | x)), and the τ -quantile of a centered normal is Φ−1(τ) times its854

standard deviation.855

Equation (9) shows that the leading O(M−1/2) inflation term vanishes at τ = 0.5, but Pinball-Q856

systematically inflates upper quantiles (τ > 0.5) and deflates lower quantiles (τ < 0.5). The magnitude of857

this mismatch is O(M−1/2) and grows away from τ = 0.5 over typical interior grids and can be further858

amplified when f∗ is small (often in tails).859
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A.4 Scalarized pinball is inconsistent for distribution learning (Pinball-Med) 860

Define the scalar pseudo-target 861

yi := Q̂i(0.5), 862

and recall the scalarized objective LPinball-Med(θ) =
1

NQ

∑
i,k ρτk(yi − q̂τk(Xi)). 863

Proposition 5 (What LPinball-Med learns). For each τ ∈ (0, 1) and fixed x, the population minimizer of 864

LPinball-Med at level τ satisfies 865

q∗Pinball-Med(x, τ) ∈ Quantileτ
(
yi | Xi = x

)
. 866

Consequently, LPinball-Med is proper for the conditional distribution of the statistic yi = Q̂i(0.5), not for 867

Y | X . 868

Proof. Fix (x, τ) and view yi as the random label. Applying Proposition 3 to Z = yi | Xi = x yields the 869

claim. 870

Proposition 6 (Collapse in the large-M regime). Assume M → ∞ and the regularity conditions above. 871

Then yi = Q̂i(0.5) → Q∗(x, 0.5) in probability, and hence 872

q∗Pinball-Med(x, τ) → Q∗(x, 0.5) for all τ ∈ (0, 1). 873

If F ∗(· | x) is non-degenerate, this implies a non-vanishing distributional error; for example, 874

W1

(
F ∗(· | x), δQ∗(x,0.5)

)
=

∫ 1

0

∣∣Q∗(x, u)−Q∗(x, 0.5)
∣∣ du > 0. 875

Proof sketch. Consistency of the sample median follows from standard quantile consistency. As yi 876

concentrates, the conditional distribution of yi | Xi = x converges to a point mass at Q∗(x, 0.5), whose 877

τ -quantile equals the same point for every τ . The W1 identity is standard in one dimension. 878

A.5 Why LPinball-Q can outperform LPinball-Med 879

Propositions 4-6 formalize a bias-information trade-off. Compared to Pinball-Med, Pinball-Q uses the 880

full set of empirical quantiles {Q̂i(τk)}Qk=1, preserving supervision about distributional shape. Although 881

Pinball-Q incurs an O(M−1/2) bias away from τ = 0.5, Pinball-Med introduces a structural error by 882

collapsing the predicted quantile function toward the median when M > 1. In intermediate regimes where 883

M is small but greater than one, the error from losing tail/shape information can dominate the mismatch 884

inflation term, making LPinball-Q empirically stronger than LPinball-Med. Finally, ℓ1 on empirical quantiles 885

combines the shape information of Pinball-Q with asymptotic Fisher consistency, explaining the empirical 886

ordering Lℓ1 ≻ LPinball-Q ≻ LPinball-Med observed in our experiments. 887

A.6 Towards a variance-aware weighting 888

Equation (8) implies heteroskedastic noise across (M, τ). A variance-aware extension replaces the 889

unweighted losses with weights proportional to the inverse asymptotic variance, 890

wi,k ∝ M f∗(Q∗(Xi, τk) | Xi)
2

τk(1− τk)
, 891

yielding a quasi-likelihood weighted least squares objective. In practice, the unknown density factor can 892

be estimated from the predicted quantile slope via f∗(Q∗(x, τ) | x) = 1/∂τQ
∗(x, τ) (when the quantile 893

function is differentiable and strictly increasing), suggesting a fully data-adaptive weighting scheme. We 894

leave a systematic study of these weights to future work. 895
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B Quantile Interpolation896

Each instance is associated with a variable-size set of observed outcomes Yi = {yi1, . . . , yiMi}, where897

Mi can differ across instances. We sort them to obtain order statistics yi(1) ≤ · · · ≤ yi(Mi) and898

treat these samples as defining an empirical quantile function. To obtain a fixed-dimensional training899

target, we interpolate the empirical quantile function to a dense grid of Q = 99 quantile levels τ =900

{0.01, 0.02, . . . , 0.99}, producing901

q̂i =
(
Q̂i(0.01), . . . , Q̂i(0.99)

)
∈ R99. (10)902

For each τk, we compute a fractional rank rik = 1+ (Mi − 1)τk and set Q̂i(τk) by linear interpolation903

between yi(⌊rik⌋) and yi(⌈rik⌉).904

C Dataset Construction Details905

Airbnb. We collect all available cities from Inside Airbnb data snapshots between 2024-09 and 2025-08,906

covering 119 cities. We drop listings with fewer than 4 price observations and remove cities with fewer907

than 10k samples after filtering, yielding ∼840k samples from 55 cities. For retrieval, we build one908

training index per city and restrict retrieved neighbors to the same city. For each retrieved neighbor, we909

append only its title to the model input.910

StackSample. We filter out answers with response time exceeding 12 hours, convert each remaining re-911

sponse time to minutes, then apply log transformation to ensure a manageable range. We perform quantile912

interpolation over the log-transformed response times to create the ground-truth quantile distribution. For913

retrieval, we build an index from training questions only. For each retrieved neighbor question, we append914

only its title to the model input.915

D Experimental Setup Details916

We run all experiments on a single AWS GPU cluster with NVIDIA H100 and H200 GPUs, set Q = 99917

with uniformly spaced quantile levels, and tune hyperparameters (e.g., number of epochs, batch sizes,918

learning rates, and maximum sequence length) across settings, model sizes, and datasets to report the best919

configuration. Unless otherwise specified, we use K = 8 retrieved neighbors. We fine-tune the Qwen3920

model family (Yang et al., 2025) with LoRA (Hu et al., 2022) using the HuggingFace Transformers library921

(Wolf et al., 2020).922

E Evaluation Metrics923

We evaluate quantile predictions on a test set {(xi, yi)}ni=1, where the model outputs q̂τ (xi) for τ ∈924

{τk}Qk=1. Since each sample has a ground-truth distribution, we first compute the Mean Absolute925

Percentage Error (MAPE) at each quantile in a coarse set of target quantiles T = {0.1, 0.2, . . . , 0.9}.926

Then we compute the average over them, which we refer to as averageMAPE:927

MAPE@τ =
100

n

n∑
i=1

∣∣∣∣ q̂τ (xi)− qτ (xi)

qτ (xi)

∣∣∣∣ , (11)928

avgMAPE =
1

|T |
∑
τ∈T

MAPE@τ, (12)929

We additionally report the Weighted Mean Absolute Percentage Error (wMAPE) and the Symmetric930

Mean Absolute Percentage Error (sMAPE) using the median prediction ŷi = q̂0.5(xi). We use yi =931

q0.5(xi) as the benchmark value, which is the median of the ground-truth distribution.932

wMAPE = 100 ·
∑n

i=1 |ŷi − yi|∑n
i=1 |yi|

, (13)933

sMAPE =
200

n

n∑
i=1

|ŷi − yi|
|ŷi|+ |yi|

. (14)934
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Model Method K avg MAPE↓ wMAPE↓ sMAPE↓ CRPSS↑ RCIW@90↓ RCIW@95↓ RCIW@99↓

Qwen3-1.7B
QR 0 32.01 45.93 37.18 0.4706 14.06 17.98 21.05
QR 8 24.95 37.68 25.64 0.5750 15.01 21.57 29.66
QT 8 22.82 34.78 24.16 0.5901 3.72 5.18 7.35

Qwen3-4B
QR 0 32.01 45.64 37.36 0.4680 10.00 12.76 14.92
QR 8 23.54 35.79 24.30 0.5904 9.60 12.37 14.89
QT 8 22.70 34.59 24.13 0.5952 5.10 7.12 9.64

Qwen3-8B
QR 0 30.92 43.31 36.12 0.4950 8.26 10.52 12.29
QR 8 22.56 34.32 23.30 0.6036 6.65 8.48 9.91
QT 8 22.35 33.55 23.51 0.6058 3.76 5.16 6.58

Qwen3-14B
QR 0 29.11 40.53 32.21 0.5332 11.54 14.72 17.20
QR 8 23.33 35.23 24.50 0.6016 13.23 16.88 19.78
QT 8 22.36 33.31 22.95 0.6128 5.38 8.41 11.70

Table 7: Results on the Airbnb OOD test set (Los Angeles).

For the evaluation of distributional quality, we report the Continuous Ranked Probability Skill Score 935

(CRPSS) and Relative Coverage Interval Width (RCIW). CRPSS is 936

CRPSS = 1− CRPSmodel

CRPSref
, (15) 937

where CRPSref is computed from a reference forecast. We report RCIW@c for c ∈ {90, 95, 99}: 938

RCIW@c =
100

n

n∑
i=1

q̂τu(c)(xi)− q̂τℓ(c)(xi)

|q̂0.5(xi)|
, (16) 939

where (τℓ, τu) are chosen to approximate the desired central coverage (for Q=99, we use (0.05, 0.95), 940

(0.02, 0.98), and (0.01, 0.99) for c=90, 95, 99, respectively). 941

F Experiments Results on OOD Dataset 942

As in 7, the LA test set can appear easier than the multi-city test split for two complementary reasons. First, 943

Los Angeles is a large, high-density city in the dataset, so retrieval can find closer and more informative 944

neighbors, leading to stronger grounding for distribution prediction. Second, U.S. cities and listings 945

constitute a substantial portion of our training data, so LA is not far from the dominant training distribution 946

in both language and pricing patterns. As a result, the holdout primarily reflects a city-level split rather 947

than a severe domain shift, which helps explain why OOD performance can be comparable to or even 948

better than the stratified test set. 949

G Hyperparameter Configurations 950

This section provides the hyperparameter configurations used in our experiments. All models were 951

trained using LoRA fine-tuning on the Qwen3 family. Table 8 shows hyperparameters for Inside Airbnb 952

experiments, and Table 9 shows hyperparameters for StackSample experiments. 953
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Model Method K LR Epochs Train BS Eval BS LoRA Rank Max Len

Qwen3-1.7B QR 0 3e-6 5 64 64 384 1024
Qwen3-1.7B QR 8 3e-6 5 64 64 384 2048
Qwen3-1.7B QT 8 3e-6 5 16 8 384 2048

Qwen3-4B QR 0 2e-6 5 32 32 384 1024
Qwen3-4B QR 8 2e-6 5 32 32 384 2048
Qwen3-4B QT 8 2e-6 5 16 16 384 2048

Qwen3-8B QR 0 2e-6 5 16 16 384 1024
Qwen3-8B QR 8 2e-6 5 16 16 384 2048
Qwen3-8B QT 8 2e-6 5 16 16 384 2048

Qwen3-14B QR 0 1e-6 5 32 32 384 1024
Qwen3-14B QR 8 1e-6 5 16 16 384 2048
Qwen3-14B QT 8 1e-6 5 8 8 384 2048

Table 8: Hyperparameters for Inside Airbnb experiments. K = number of neighbors, LR = learning rate, BS = batch
size per device, Max Len = maximum sequence length. All models use weight decay = 0.01, LoRA dropout = 0.1,
and Wasserstein W1 loss.

Model Method K LR Epochs Train BS Eval BS LoRA Rank WD Warmup Max Len

Qwen3-4B QR 0 3e-7 8 32 64 64 0.01 0.0 1280
Qwen3-4B QR 8 3e-7 8 32 32 64 0.01 0.0 2304
Qwen3-4B QT 8 3e-7 5 16 16 192 0.01 0.1 2304

Table 9: Hyperparameters for StackSample experiments. K = number of neighbors, LR = learning rate, BS = batch
size per device, WD = weight decay, Warmup = warmup ratio, Max Len = maximum sequence length. QR models
use LoRA dropout = 0.1, QT model uses LoRA dropout = 0.15. All use Wasserstein W1 loss.
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