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Abstract001

Large language models (LLMs) are increas-002
ingly deployed on edge devices under strict003
computation, memory, and quantization con-004
straints. In such settings, extracting or distilling005
knowledge from heavily quantized on-device006
LLMs poses a fundamentally different chal-007
lenge from conventional cloud-based distilla-008
tion, due to limited query budgets and ampli-009
fied quantization noise. We propose CLIQ010
(Clustered Instruction Querying), a query-011
efficient distillation framework designed for ex-012
tracting knowledge from quantized on-device013
LLMs. CLIQ explicitly models the semantic014
structure of the instruction space by clustering015
queries and generating a compact set of cluster-016
aware, representative instructions, thereby im-017
proving semantic coverage while reducing re-018
dundancy. Extensive experiments on quantized019
Qwen-family models under INT8 and INT4020
settings show that, under identical query bud-021
gets, CLIQ consistently outperforms original022
query sampling across BERTScore, BLEU, and023
ROUGE metrics. Our results demonstrate that024
structured, semantically representative supervi-025
sion is critical for effective distillation of edge-026
oriented language models.027

1 Introduction028

Large language models (LLMs) have demonstrated029

strong instruction-following capabilities across a030

wide range of tasks.Driven by demands for privacy031

preservation, low latency, and offline availability,032

LLMs are increasingly being deployed directly on033

edge devices such as mobile phones, personal as-034

sistants, and embedded systems.This rapid expan-035

sion of edge-side LLM deployment significantly036

broadens the attack surface of modern language037

models and raises new security concerns, including038

unauthorized model extraction and misuse. (Zheng039

et al., 2025; Li et al., 2024).040

Despite their practical advantages, edge-041

deployed LLMs raise new and urgent security con-042

cerns (Miranda et al., 2025). Unlike cloud-hosted 043

models, edge-side LLMs are directly accessible to 044

adversaries through on-device inference APIs, mak- 045

ing them particularly vulnerable to model extrac- 046

tion and misuse. Protecting the intellectual prop- 047

erty and safety of these models therefore becomes 048

a critical challenge as their real-world deployment 049

scales. To meet strict constraints on computation, 050

memory, and energy consumption, edge-side LLMs 051

are typically small in capacity and heavily quan- 052

tized (e.g., INT8 or INT4). While quantization 053

enables efficient deployment, it substantially re- 054

duces model expressivity and amplifies sensitivity 055

to noisy or redundant supervision signals (Dettmers 056

et al., 2023; Nagel et al., 2021). These charac- 057

teristics fundamentally differentiate edge-oriented 058

LLMs from their full-precision cloud counterparts 059

and render many existing attack and extraction tech- 060

niques ineffective or inefficient. 061

Most prior model extraction and knowledge dis- 062

tillation approaches were originally developed for 063

full-precision deep neural networks or cloud-based 064

LLMs, where querying a powerful teacher model is 065

relatively inexpensive (Hinton et al., 2015; Zhang 066

et al., 2024). In such settings, increasing the num- 067

ber of queries is often sufficient to recover high- 068

quality student models. However, this assumption 069

breaks down in edge-oriented scenarios: each query 070

requires costly on-device inference from a quan- 071

tized teacher, and naive increases in query quantity 072

not only become infeasible but may also degrade 073

performance due to discretization noise. 074

In this work, we argue that query construction 075

is the central bottleneck for model extraction and 076

distillation under edge and quantization constraints. 077

When both the teacher and the student are heavily 078

quantized and the query budget is strictly limited, 079

randomly sampled or heuristically designed instruc- 080

tion queries are often semantically redundant or 081

overly complex. Such queries waste valuable query 082

budgets, introduce noisy supervision, and destabi- 083
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Figure 1: Motivation for cluster-aware query design under quantized, resource-constrained settings. In high-
performance environments (server or data center), full-precision teachers can benefit from a large number of queries
due to abundant memory and computation, leading to broader coverage and strong distillation signals. In contrast,
under edge-oriented settings with quantized teachers (e.g., INT4), limited memory, accumulated quantization
error, and restricted computation make distillation highly sensitive to redundant or poorly structured queries. This
motivates the use of fewer but carefully designed, semantically representative queries to reduce noise and improve
the effectiveness of student training under strict resource and query budgets.

lize quantized teachers (Kim et al., 2024; Yue et al.,084

2024; Liu et al., 2024). As a result, increasing the085

number of queries does not necessarily translate086

into better student performance.087

Our key insight is that, in edge-oriented and088

quantization-constrained settings, the structure089

of the query pool fundamentally determines the090

learning dynamics of low-capacity student models.091

Rather than proposing new clustering algorithms092

or instruction generation techniques (Tang et al.,093

2019; Zhou and Chiam, 2023), we focus on how094

queries are organized and allocated. By explicitly095

modeling the semantic organization of instruction096

queries and enforcing balanced coverage across se-097

mantic clusters, structured query construction acts098

as an implicit regularizer that mitigates redundancy,099

reduces supervision noise, and better aligns with100

the limited representational capacity of quantized101

models.102

Based on this perspective, we propose CLIQ103

(Clustered Instruction Querying), a query-efficient104

distillation framework tailored for edge-oriented105

LLM extraction. CLIQ clusters candidate instruc-106

tions in a semantic embedding space and con-107

structs a compact set of cluster-aware, represen-108

tative queries that maximize semantic coverage 109

per query while avoiding redundancy. This de- 110

sign enables more robust and efficient supervision 111

from quantized edge teachers and is fully compati- 112

ble with common quantization techniques such as 113

QLoRA (Dettmers et al., 2023). 114

Empirically, we demonstrate that under identical 115

query budgets, CLIQ consistently outperforms ran- 116

dom and heuristic query sampling strategies across 117

multiple student architectures, quantization levels, 118

and evaluation metrics. In our experiments, we 119

restrict the query budget to 100–1000 instructions 120

and keep both teacher and student models heav- 121

ily quantized (INT8/INT4 GPTQ) (Frantar et al., 122

2022), faithfully reflecting the constraints of real- 123

world edge deployment—even when evaluated on 124

server hardware. 125

In summary, this work makes the following con- 126

tributions: 127

(I) We formulate an edge-oriented model extrac- 128

tion problem in which the teacher is a quan- 129

tized on-device LLM and query inference is 130

strictly budgeted. 131

(II) We identify query construction, rather than 132
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query quantity, as the dominant bottleneck for133

effective distillation under edge and quantiza-134

tion constraints.135

(III) We propose CLIQ, a clustered instruction136

querying framework that constructs compact137

yet informative query sets via semantic clus-138

tering and cluster-aware generation.139

(IV) We empirically show that CLIQ enables more140

efficient and robust distillation than random141

or heuristic query sampling methods, particu-142

larly under limited query budgets.143

2 Related Work144

2.1 Knowledge Distillation for Language145

Models146

Knowledge distillation has been widely studied147

as a means of transferring knowledge from large148

teacher models to smaller student models. Early149

work focused on distillation for classification (Hin-150

ton et al., 2015) and sequence modeling (Kim151

and Rush, 2016), while more recent studies ex-152

plore instruction-level (Honovich et al., 2023) and153

response-level distillation (Gu et al., 2024) for154

large language models. These approaches typically155

rely on large collections of queries or instructions156

to supervise the student, implicitly assuming that157

teacher inference is inexpensive and that increasing158

the number of queries reliably improves supervi-159

sion quality.Recent studies also explore data-free160

or API-based distillation settings, where student161

models are trained using black-box teacher access162

without ground-truth annotations. However, these163

approaches generally assume either abundant query164

access or high-fidelity teacher responses, which165

may not hold in edge deployment scenarios where166

both computation and model precision are con-167

strained.168

2.2 Data-efficient and Query-efficient169

Distillation170

Several recent works investigate data-efficient or171

query-efficient distillation strategies, including172

uncertainty-based sampling (Du et al., 2025) and173

synthetic data generation (Honovich et al., 2023;174

Wang et al., 2023). These methods aim to reduce175

annotation or inference costs by selecting infor-176

mative queries or generating compact supervision177

sets.178

However, existing query-efficient and active dis-179

tillation methods typically share a common un-180

derlying assumption: the teacher model is high- 181

precision, relatively noise-free, and capable of pro- 182

viding stable and informative responses across a 183

wide range of queries. Under this assumption, 184

query efficiency primarily concerns which queries 185

to select, while the structure of the query pool plays 186

a secondary role. 187

2.3 Edge-oriented and Quantized Language 188

Models 189

Deploying language models on edge devices has 190

motivated extensive research on model compres- 191

sion, quantization, and efficient fine-tuning tech- 192

niques such as GPTQ and QLoRA (Frantar et al., 193

2022; Dettmers et al., 2023). These methods sig- 194

nificantly reduce memory and computation require- 195

ments, but often introduce expressivity loss and 196

increased sensitivity to noisy supervision. 197

3 Method 198

3.1 Overview 199

We study the problem of query-efficient knowledge 200

distillation from quantized large language models 201

deployed on edge devices. Edge-side models, such 202

as on-device LLMs used in mobile or embedded 203

systems, operate under strict computational and 204

memory constraints, which often require aggressive 205

weight quantization and reduced model capacity. 206

While quantization significantly lowers storage and 207

inference costs, it often reduces effective model 208

expressivity, which can make naive query-based 209

distillation inefficient and unstable (Dettmers et al., 210

2023; Frantar et al., 2022) 211

To address these challenges, we propose CLIQ 212

(Clustered Instruction Querying), a structured 213

query construction framework for extracting high- 214

quality supervision from quantized edge teachers 215

under strict query budgets.As illustrated in Figure 2, 216

CLIQ decomposes edge-oriented knowledge ex- 217

traction into three stages: (i) offline query analysis 218

and construction, (ii) budgeted on-device querying 219

of a quantized teacher, and (iii) student distilla- 220

tion for edge deployment. Importantly, the expen- 221

sive on-device inference is only performed on a 222

compact, carefully constructed query set, while 223

all computationally intensive query analysis and 224

generation are conducted offline using a strong 225

model.Specifically, CLIQ is designed to minimize 226

the number of inference queries issued to the edge- 227

side teacher, select semantically representative and 228

diverse instruction queries through clustering, and 229
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Figure 2: Overview of the CLIQ pipeline for cluster-aware query design and distillation under edge-oriented
constraints. Given a large, unstructured query pool with mixed intents and styles, CLIQ first discovers latent
semantic structure via clustering and selects a small set of representative, cluster-conditioned queries. These queries
are designed offline by a strong LLM and issued to a quantized teacher model under strict query and computation
budgets. The resulting teacher responses provide compact yet informative supervision for training a small, quantized
student model. By explicitly controlling semantic coverage and redundancy at the query level, CLIQ mitigates the
sensitivity of quantized models to noisy or repetitive supervision and enables effective on-device distillation with
limited resources.

improve robustness to quantization-induced noise230

by avoiding redundant or overly complex instruc-231

tions.This design explicitly shifts the focus from232

query quantity to query structure, which is critical233

for effective distillation in edge-oriented settings.234

3.2 Problem Formulation235

Let Tθ denote a quantized teacher model deployed236

on an edge device, parameterized by θ. Given a237

task distribution D, our goal is to train a compact238

student model Sϕ such that it approximates the239

behavior of Tθ under a limited query budget.240

Formally, the student is trained by minimizing:241

min
ϕ

Ex∈Q [L(Sϕ(x), Tθ(x))] , (1)242

where Q denotes the set of instruction queries sent243

to the teacher, and L is a task-dependent loss func-244

tion (e.g., cross-entropy or mean squared error).245

CLIQ focuses on optimizing the construction246

of Q under these constraints. The construction247

of Q is subject to two constraints: (i) Query248

budget: |Q| must be small due to limited infer-249

ence capacity on edge hardware.(ii) Information:250

Queries should maximize semantic coverage of the 251

teacher’s knowledge while minimizing redundancy. 252

3.3 Quantization-Induced Noise and 253

Sensitivity 254

Quantization reduces the effective expressivity 255

of large language models and introduces non- 256

negligible quantization-induced errors. Prior stud- 257

ies have shown that quantization inevitably pro- 258

duces approximation errors, which can degrade 259

model performance in downstream tasks (Nagel 260

et al., 2021; Li et al., 2026). In the context of large 261

language models, aggressive low-bit quantization 262

has been observed to cause significant performance 263

degradation on complex reasoning benchmarks (Li 264

et al., 2025). Following this understanding, we 265

model the behavior of a quantized teacher as: 266

T
quant
θ (x) = T full

θ (x) + ϵ(x), (2) 267

where ϵ(x) denotes the quantization-induced per- 268

turbation on model outputs. 269

Empirically, we observe that highly quantized 270

models (e.g., 4-bit or 8-bit) exhibit increased out- 271

put variance even for semantically similar queries. 272
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While approaches such as QLoRA (Dettmers et al.,273

2023) can partially mitigate expressivity loss, quan-274

tized models remain sensitive to noisy or overly275

complex queries.276

These observations motivate a key design princi-277

ple of CLIQ:278

Under a limited query budget, particu-279

larly for quantized edge-deployed teach-280

ers, prioritizing semantic representative-281

ness over query quantity leads to more ef-282

fective knowledge extraction than issuing283

a large number of unstructured queries.284

3.4 Query Construction via Clustered285

Instruction Querying286

CLIQ adopts a two-stage query construction287

strategy: (i) semantic clustering of candidate288

queries, followed by (ii) cluster-aware high-quality289

query generation.290

3.5 Semantic Query Clustering291

Existing distillation approaches often treat instruc-292

tion queries independently, ignoring latent seman-293

tic redundancy. In practice, many user instructions294

are highly similar, and naively sampling them leads295

to redundant teacher inferences and inefficient su-296

pervision.297

Given an initial query pool Q0 = {q1, . . . , qN},298

we first encode each instruction query into a seman-299

tic embedding space using a sentence-level encoder,300

such as Sentence-BERT (Reimers and Gurevych,301

2019) or LLM-based embeddings. We then apply302

unsupervised clustering to partition the query set303

into K clusters:304

Q =

K⋃
k=1

Qk, (3)305

where each cluster Qk groups semantically related306

instructions. Semantic clustering has been widely307

adopted to reduce redundancy and promote diver-308

sity in large-scale instruction collections (Honovich309

et al., 2023).310

Semantic clustering enables CLIQ to reduce re-311

dundancy among instruction queries,ensure diverse312

semantic coverage,provide a structured basis for313

controlled query generation.314

3.6 Cluster-aware Instruction Query315

Generation316

After clustering, CLIQ generates a compact set of317

high-quality instruction queries from each cluster.318

For cluster Qk, we construct a cluster prototype 319

(e.g., via centroid embeddings or representative 320

queries) and design a cluster-aware prompt to guide 321

query generation: 322

Q̃k = LLM(f(Qk)). 323

The cluster-aware prompt is designed to generate 324

queries that are semantically representative of each 325

cluster, sufficiently diverse to reduce redundancy, 326

and constrained in complexity to better match the 327

capacity of low-precision, edge-oriented student 328

models. 329

The final query set is given by Q =
⋃K

k=1 Q̃k, 330

which is compact yet information-rich. Unlike 331

generic instruction generation, CLIQ constrains 332

reasoning depth and linguistic complexity, improv- 333

ing robustness under quantization-induced noise. 334

3.7 Student Training 335

Given the constructed query set Q and correspond- 336

ing teacher outputs {Tθ(x)}, the student model is 337

trained by minimizing the distillation loss: 338

LKD =
1

|Q|
∑
x∈Q

ℓ(Sϕ(x), Tθ(x)). (4) 339

We employ standard distillation techniques, in- 340

cluding temperature scaling and output smoothing, 341

and use a small, quantized student architecture suit- 342

able for edge deployment. 343

3.8 Design Guideline for Cluster-aware Query 344

Construction 345

CLIQ is motivated by a fundamental coverage– 346

redundancy trade-off in query-efficient distillation. 347

Under a fixed query budget, issuing queries inde- 348

pendently from an imbalanced instruction distribu- 349

tion tends to over-sample dense semantic regions 350

while under-covering sparse ones, leading to redun- 351

dant supervision and early performance saturation, 352

especially for quantized edge-oriented models. 353

From both theoretical intuition and empirical 354

evidence, our framework suggests a simple and 355

practical design guideline: for a fixed query bud- 356

get, effective distillation is achieved by allocating 357

queries across a moderate number of semantic clus- 358

ters while ensuring sufficient per-cluster diversity, 359

rather than aggressively increasing either cluster- 360

ing granularity or total query count. 361

This guideline directly informs the design 362

choices in CLIQ. Moderate clustering granularity 363

improves global semantic coverage, while a small 364
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Model BERT-F1 R1 RL BLEU

Qwen2.5-7B (FP16) 84.51 20.93 14.87 2.81
Qwen2.5-7B (GPTQ-INT4) 84.27 20.79 14.69 2.77

Qwen3-1.7B (FP16) 81.24 19.45 13.72 2.49
Qwen3-1.7B (GPTQ-INT4) 80.98 19.27 13.56 2.43

Table 1: Effect of GPTQ-based quantization on teacher
model performance. Quantization introduces only
marginal degradation across all metrics.All scores are
reported in percentage (%).

but sufficient number of queries per cluster captures365

dominant intra-cluster variations without introduc-366

ing unnecessary redundancy. As demonstrated in367

Section 4 and Appendix Sections A.2.2 and A.2.3,368

this balance yields robust and sample-efficient dis-369

tillation under aggressive quantization and strict370

edge deployment constraints.371

3.9 Advantages of CLIQ372

CLIQ provides several advantages for distilling373

edge-oriented and quantized language models.374

First, by explicitly modeling the semantic struc-375

ture of the query space, CLIQ substantially reduces376

the number of teacher queries required to achieve377

strong distillation performance, making it highly378

query-efficient under strict inference budgets. Sec-379

ond, the cluster-aware construction process miti-380

gates the impact of noisy or redundant supervision381

signals, which is particularly important for quan-382

tized models that are sensitive to supervision noise383

and precision loss. In addition, CLIQ is inherently384

compatible with edge deployment scenarios, as it385

enables effective knowledge transfer to compact386

student models with limited capacity and aggres-387

sive quantization. Finally, the proposed framework388

is model-agnostic and can be readily combined389

with quantized teachers or parameter-efficient adap-390

tation techniques such as QLoRA, without relying391

on model-specific assumptions.392

4 Experiments393

4.1 Experimental Setup394

Teacher and Student Models. We conduct ex-395

periments using models from the Qwen family396

as both teachers and students. Specifically, we397

consider Qwen2.5-7B (Qwen et al., 2025) as the398

teacher model, and focus on edge-oriented stu-399

dent models with limited capacity (up to 4B pa-400

rameters). To reflect realistic on-device deploy-401

ment scenarios, all student models are evaluated402

under aggressive quantization settings, including403

INT8 and INT4 using GPTQ. 404

Unless otherwise specified, both teacher infer- 405

ence and student training are performed using quan- 406

tized weights, ensuring that our evaluation faith- 407

fully reflects edge deployment constraints.And our 408

main comparison uses a fixed query budget of 1000 409

queries. We additionally report budget ablations 410

(100–400) and training-step analyses under a fixed 411

500-query budget. 412

Query Construction Strategies. We compare 413

two query construction strategies under identical 414

query budgets: 415

• Original Queries (OQ): Instruction queries 416

sampled from the original dataset. 417

• CLIQ (Ours): Cluster-aware generated in- 418

struction queries constructed via semantic 419

clustering and cluster-aware prompting. 420

Importantly, in all settings, training queries 421

are randomly sampled from the corresponding 422

query pool during student training. The only 423

difference lies in how the query pool is constructed. 424

For CLIQ, queries are generated using the Qwen 425

API with explicit constraints on instruction length 426

and reasoning complexity, ensuring compatibility 427

with low-capacity, quantized student models. 428

Evaluation Metrics. We evaluate instruction- 429

following performance using standard automatic 430

metrics, including BERT-F1 (Zhang et al., 2020), 431

BLEU (Papineni et al., 2002), ROUGE-1, ROUGE- 432

2, ROUGE-L, and ROUGE-Lsum (Lin, 2004). All 433

reported results are averaged over held-out valida- 434

tion or test sets. 435

4.2 Teacher Quantization Sanity Check 436

Before evaluating distillation performance, we first 437

examine the impact of quantization on teacher mod- 438

els. Table 1 compares full-precision and GPTQ- 439

quantized versions of Qwen2.5-7B and Qwen3- 440

1.7B (Yang et al., 2025). 441

Across all evaluation metrics, GPTQ-based 442

quantization introduces only marginal performance 443

degradation. For example, Qwen2.5-7B-Instruct- 444

GPTQ-Int4 achieves comparable BERT-F1 and 445

ROUGE scores to its full-precision counterpart. 446

These results confirm that quantized teacher mod- 447

els remain sufficiently expressive for both query 448

generation and supervision, and justify the use of 449

quantized teachers in resource-constrained settings. 450

6



Method BERT-F1 BLEU RLsum

Original Queries 77.97 1.05 13.37
CLIQ (Ours) 84.35 2.77 17.50

Table 2: Main distillation results on INT8-quantized
1.7B student models.All scores are reported in percent-
age (%).

4.3 Main Results451

Table 2 presents the main distillation results on452

quantized student models. Under identical query453

budgets, CLIQ consistently outperforms Origi-454

nal Queries across all evaluation metrics.455

Notably, a 1.7B student model with INT8 quan-456

tization distilled using CLIQ achieves a BERT-F1457

score of 0.8435, matching or even surpassing the458

performance of significantly larger teacher models459

(e.g., 7B). This result demonstrates that carefully460

constructed, semantically representative queries461

can effectively compensate for limited model ca-462

pacity and aggressive quantization.463

Improvements are consistently observed across464

BLEU and ROUGE metrics, indicating that the465

gains stem from improved instruction-following466

quality rather than metric-specific artifacts.467

4.4 Comparison with Original Query Baseline468

To isolate the effect of query construction, we fur-469

ther compare CLIQ with Original Queries under470

identical query budgets and training protocols. As471

shown in Table 3, students trained with CLIQ con-472

sistently outperform those trained with Original473

Queries.474

The performance gap is particularly pronounced475

on ROUGE-1, ROUGE-2, and ROUGE-Lsum, sug-476

gesting that structured query construction yields477

more informative supervision signals. Although478

both settings employ random query sampling dur-479

ing training, CLIQ benefits from a more structured480

and semantically representative query pool.481

4.5 Query Budget and Sample Efficiency482

We analyze the effect of query budget by vary-483

ing the number of generated queries from 100 to484

400. As shown in Figure 3, student performance485

under CLIQ improves rapidly as the query budget486

increases from 100 to 300, after which the gains487

gradually saturate.488

In contrast, models trained with Original Queries489

exhibit slower improvement and reach a perfor-490

mance plateau earlier. This trend is consistent491

Model Query Type BERT-F1 / ROUGE-L

4B, INT4 OQ 77.9 / 10.9
4B, INT4 CLIQ(ours) 82.4 / 12.5

7B, INT4 OQ 79.7 / 11.7
7B, INT4 CLIQ(ours) 83.0 / 12.6

1.7B, INT8 OQ 83.5 / 13.1
1.7B, INT8 CLIQ(ours) 83.9 / 12.4

Note: All results are obtained under identical query budgets
(500 queries).OQ denotes original queries. CLIQ denotes our
cluster-aware generated queries. Full results across different
training steps are reported in Appendix. All scores are
reported in percentage (%).

Table 3: Effect of Query Construction under Identical
Query Budgets.

100 200 300 400

0.78

0.8

0.82

Number of Queries

B
E

R
T-

F1

CLIQ
Original Queries

Figure 3: Effect of query budget on distillation perfor-
mance. CLIQ exhibits rapid gains as the number of
queries increases from 100 to 300, followed by dimin-
ishing returns, while Original Queries show minimal
improvement.

across different teacher–student pairs and evalu- 492

ation metrics, highlighting the superior sample 493

efficiency of CLIQ under strict query budgets. 494

4.6 Effect of Quantization 495

We further investigate how different query construc- 496

tion strategies behave under varying quantization 497

levels using a fixed 1.8B edge-oriented student 498

model. Table 4 reports results under both INT8 499

and INT4 quantization. 500

Across both quantization settings, cluster-aware 501

generated queries consistently outperform Original 502

Queries by a large margin. Under INT4 quanti- 503

zation, CLIQ achieves a BERT-F1 score of 0.829, 504

compared to 0.800 obtained by Original Queries. 505

More importantly, CLIQ demonstrates strong 506

robustness to aggressive quantization. While Orig- 507
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Query Strategy INT8 INT4

OQ 80.08 80.03
CLIQ (ours) 82.74 82.92

Note: BERT-F1 scores are reported. All results are obtained
with a fixed query budget (500 queries) and 500 training steps.
All scores are reported in percentage (%).

Table 4: Effect of quantization on different query con-
struction strategies using a 1.8B edge-oriented student
model.

inal Queries exhibit early saturation and limited508

sensitivity to increased training, the performance509

of CLIQ remains stable when moving from INT8510

to INT4. This suggests that structured and semanti-511

cally representative queries can effectively mitigate512

the noise amplification introduced by low-precision513

weights.514

These results highlight that, for heavily quan-515

tized edge models, the quality and structure of su-516

pervision signals play a more critical role than the517

sheer number of queries or training iterations.518

5 Analysis and Discussion519

In this section, we analyze why cluster-aware query520

construction is particularly effective for distilling521

quantized, edge-oriented language models, and we522

discuss the limitations of our approach.523

5.1 Why Does Query Clustering Help524

Quantized Students?525

Quantized student models suffer from a signif-526

icantly reduced effective capacity due to low-527

precision weights (INT8 / INT4) and smaller pa-528

rameter counts. As a result, such models are more529

sensitive to noisy, redundant, or poorly structured530

supervision signals.531

Query clustering explicitly models the latent532

structure of the query space by grouping semanti-533

cally similar queries. This allows our method to534

reduce redundancy in the query pool and ensures535

that each generated query corresponds to a distinct536

semantic region. For quantized students, such struc-537

tured supervision is crucial: instead of spreading538

their limited capacity across highly correlated in-539

struction patterns, the model can focus on learning540

representative instruction behaviors. It is important541

to note that in all settings, training queries are ran-542

domly sampled; the observed differences therefore543

arise solely from the structure of the query pool.544

This effect is particularly evident under INT4 quan-545

tization, where we observe larger performance gaps 546

between cluster-aware generated queries and orig- 547

inal queries. These results suggest that clustering 548

acts as an implicit regularizer by reducing redun- 549

dancy and constraining the effective supervision 550

space, enabling quantized models to allocate their 551

limited representational capacity more efficiently. 552

5.2 Effect of Cluster-aware Query Generation 553

Beyond clustering, the cluster-aware query gen- 554

eration process plays a critical role in improving 555

distillation quality. Unlike generic instruction gen- 556

eration, our prompts are explicitly designed to be 557

aware of cluster-level semantics and to constrain 558

query complexity, length, and reasoning depth. 559

Such constraints are especially important for 560

edge-oriented models, which often struggle with 561

long-chain reasoning or overly complex instruc- 562

tions. By generating queries that are both semanti- 563

cally representative and appropriately scoped, our 564

method produces supervision signals that are better 565

aligned with the inductive biases of small, quan- 566

tized transformer models. 567

Empirically, this design choice is reflected in 568

consistent improvements in ROUGE-based metrics, 569

indicating better coverage of salient content rather 570

than superficial fluency gains. 571

5.3 Sample Efficiency and Performance 572

Saturation 573

Our experiments show that student performance 574

improves rapidly as the number of cluster-aware 575

generated queries increases from 100 to approxi- 576

mately 300, after which the gains gradually satu- 577

rate. This trend suggests that cluster-aware query 578

generation is highly sample-efficient: a relatively 579

small number of carefully constructed queries is 580

sufficient to cover most of the informative instruc- 581

tion patterns.In contrast, models trained on origi- 582

nal query pools exhibit slower improvement and 583

reach a performance plateau earlier.This indicates 584

that increasing the number of queries alone is in- 585

sufficient; the quality and structure of queries are 586

critical factors for effective distillation under strict 587

query budgets. 588

6 Limitations 589

Despite its effectiveness, our method has several 590

limitations. First, the quality of query clustering 591

depends on the underlying embedding model; poor 592

embeddings may lead to suboptimal cluster assign- 593

ments and reduced query diversity. Second, while 594

8



cluster-aware prompts constrain query complexity595

to better match the capabilities of edge-oriented596

models, they may underrepresent tasks that require597

long-chain reasoning or complex multi-step instruc-598

tions. Finally, our approach assumes access to a599

reasonably consistent and capable teacher model600

via API. In scenarios where teacher responses are601

highly noisy or unstable, the quality of generated602

queries may degrade. We leave the exploration603

of adaptive clustering strategies and robustness to604

noisy teachers as promising directions for future605

work.606

7 Ethical Considerations607

This work studies query-efficient knowledge dis-608

tillation for edge-oriented and heavily quantized609

language models. While our approach is motivated610

by practical deployment constraints, it is impor-611

tant to discuss potential ethical, legal, and societal612

implications.613

7.1 Model Extraction and Misuse Risks614

Our method is related to prior work on model615

distillation and behavioral transfer, which may616

raise concerns about unauthorized model extrac-617

tion. We emphasize that CLIQ does not attempt618

to recover model parameters, internal representa-619

tions, or exact output distributions of the teacher620

model. Instead, it focuses on improving task-621

level instruction-following behavior for signifi-622

cantly smaller and lower-capacity student models623

under strict query budgets.624

All experiments assume standard, rate-limited625

API access and do not exploit vulnerabilities, by-626

pass safeguards, or violate technical protections.627

The resulting student models remain substantially628

less capable than the teacher models, and there-629

fore do not constitute a substitute for the original630

systems.631

7.2 Legal and Compliance Considerations632

Our experiments rely on publicly available in-633

struction datasets and on teacher models accessed634

through research-permitted APIs. We do not claim635

universal legal permissibility across all providers636

or deployment contexts. Rather, our work is in-637

tended for research and development scenarios that638

comply with applicable licenses, terms of service,639

and local regulations.640

We caution against applying the proposed641

method in ways that violate model usage agree-642

ments or applicable laws. We believe that clearly643

characterizing query-efficient distillation behavior 644

can also help model providers better understand 645

and mitigate potential misuse. 646

7.3 Societal Impact and Intended Use 647

The primary motivation of this work is to support 648

efficient deployment of language models on edge 649

devices, where constraints on memory, computa- 650

tion, and energy consumption are critical. Such set- 651

tings include privacy-sensitive applications, offline 652

or low-connectivity environments, and resource- 653

constrained platforms. 654

By improving the sample efficiency and robust- 655

ness of distillation for quantized student models, 656

our approach may reduce the environmental and 657

infrastructural costs associated with large-scale 658

model deployment. At the same time, we acknowl- 659

edge that any technique for behavioral transfer 660

may be misused if applied irresponsibly. We there- 661

fore encourage responsible use aligned with ethical 662

norms and legal requirements. 663

Overall, we believe that the benefits of enabling 664

efficient, privacy-aware, and accessible on-device 665

language models outweigh the potential risks, pro- 666

vided that the method is applied in a responsible 667

and compliant manner. 668
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A Appendix821

A.1 CLIQ Pipeline Details822

A.1.1 Query Representation and Clustering823

Query Pool Construction. Given a raw instruc-824

tion dataset in JSON format, we construct the825

text query for each sample by concatenating the826

instruction field and the optional input field:827

q = instruction⊕ input.828

If input is empty, we use instruction only.829

Sentence Embeddings. Each query830

is encoded using a sentence encoder831

(sentence-transformers/all-MiniLM-L6-v2).832

We apply mean pooling with attention masking833

followed by ℓ2 normalization:834

e(q) = Normalize
(
MeanPool(LM(q))

)
.835

The maximum sequence length is set to 512 with a836

batch size of 64.837

Clustering. All embeddings are clustered using838

MiniBatchKMeans with K = 100 clusters and a839

fixed random seed (42). MiniBatchKMeans (Scul-840

ley, 2010) is adopted for scalability and memory841

efficiency.842

Filtering Small Clusters. Clusters whose size843

falls below a threshold (default: 5) are removed to844

avoid unstable prototypes and overly sparse super-845

vision. Remaining clusters are re-indexed to ensure846

contiguous cluster IDs.847

A.1.2 Cluster-aware Query Generation848

Cluster-conditioned Prompting. For each clus-849

ter, we construct a prompt containing up to M850

in-cluster examples (default: M = 1000) to char-851

acterize the cluster semantics and instruction style.852

In our main experiments, we generate m = 10853

queries per cluster unless otherwise stated, while854

for visualization we report a more query-efficient855

setting with m = 5.856

Teacher API and Decoding. We use a Qwen-857

family teacher accessed via an OpenAI-compatible858

API endpoint. The decoding temperature is set to859

0.7 with a large token budget (max tokens: 16384)860

to reduce truncation.861

Component Setting

Sentence encoder sentence-transformers/all-MiniLM-L6-v2

Max length 512
Embedding batch size 64
Pooling mean pooling w/ attention mask
Normalization ℓ2 normalization
Clustering algorithm MiniBatchKMeans
clusters K 100
Seed 42
MiniBatch size min(1000, |Q|/10)
Cluster size filter min size = 5

Teacher API model Qwen/Qwen3-30B-A3B-Instruct-2507

Temperature 0.7
Max tokens 16384
Timeout 300s
Retries 5 (exponential backoff)
Examples per cluster M 1000
Generated queries/cluster m 10

Table 5: Hyperparameters for clustering and cluster-
aware query generation.

Algorithm 1: CLIQ Pipeline
Input: Query poolQ; clusters K; min size s;

examples M ; queries m
Output: Generated query set Q̃
Encode each query q ∈ Q into e(q);
Cluster embeddings into K clusters via

MiniBatchKMeans;
Remove clusters with size < s and re-index;
Q̃ ← ∅;
foreach cluster c do

Sample up to M in-cluster queries;
Construct cluster-conditioned prompt;
Query teacher to generate m new queries;
Parse and repair JSON outputs;
Q̃ ← Q̃∪ generated queries;

return Q̃;

Robust Output Parsing. The teacher is in- 862

structed to output a JSON array of {instruction, 863

input} pairs. We apply a robust parser that extracts 864

JSON content from markdown blocks and repairs 865

truncated outputs by retaining the last complete 866

object and closing the array. 867

A.1.3 Implementation Details and 868

Hyperparameters 869

Table 5 summarizes the key hyperparameters used 870

in clustering and query generation. All settings are 871

fixed across experiments unless otherwise stated. 872

A.2 Additional Quantitative Results 873

A.2.1 Full Model Evaluation 874

Table 6 reports the full evaluation results under a 875

unified teacher–student setup, where Qwen2.5-7B 876

serves as the teacher and Qwen3-1.7B is the stu- 877

dent architecture. We report (i) the teacher under 878

FP16 and Int4, (ii) base (unaligned) students under 879

FP16 and Int8, and (iii) aligned students trained 880
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with either original queries (OQ) or cluster-aware881

generated queries (CLIQ), including validation re-882

sults (“valid”).883

Teacher vs. Base Student. The base student is884

substantially weaker than the teacher across all met-885

rics (e.g., BERT-F1 and ROUGE family), which886

motivates alignment/distillation. Quantization of887

the base student (FP16 vs. INT8) changes perfor-888

mance only slightly, indicating that the base capa-889

bility gap is primarily due to model size rather than890

precision.891

Aligned Students with OQ vs. CLIQ. Align-892

ment using queries consistently improves the stu-893

dent over its base version. Comparing query894

strategies, CLIQ achieves the strongest overall re-895

sults among student settings, improving BERT-F1,896

BLEU, and ROUGE metrics over OQ. This pattern897

supports the central claim that query quality and se-898

mantic coverage, rather than merely the existence899

of alignment, is a key driver of the observed gains.900

Validation Consistency. For both OQ and CLIQ,901

“valid” results are close to the corresponding test902

results, suggesting that the improvements are not903

due to overfitting to the test set but reflect stable904

generalization.905

A.2.2 Training Dynamics Analysis906

Fixed Query Budget. Figure 4 analyzes the train-907

ing dynamics under a fixed query budget of 500908

queries across three edge-oriented student models,909

reporting BERT-F1, BLEU, and ROUGE-L, with910

the 0-step base model included as initialization.911

Across all models and metrics, CLIQ exhibits912

clear and consistent advantages over original913

queries (OQ). For BERT-F1, CLIQ leads to rapid914

performance gains within the first 200 training915

steps for all three students, followed by saturation916

around 200–300 steps, indicating diminishing re-917

turns once the structured supervision signal has918

been fully exploited. In contrast, OQ-trained mod-919

els remain largely insensitive to additional training920

steps, showing near-flat trajectories across all mod-921

els.922

The same qualitative trend is observed for BLEU923

and ROUGE-L, where CLIQ yields substantial im-924

provements over OQ, particularly for the smaller925

and more heavily quantized student models (A and926

B). Notably, under OQ supervision, BLEU and927

ROUGE-L remain almost unchanged throughout928

training, whereas CLIQ enables sustained improve-929

ments as optimization proceeds, highlighting its 930

stronger and less redundant supervision signal. 931

Including the 0-step initialization further reveals 932

that CLIQ consistently outperforms OQ beyond 933

early training, rather than merely accelerating con- 934

vergence. Together, these results demonstrate that 935

under a fixed query budget, performance gains pri- 936

marily arise from improved query quality and se- 937

mantic coverage, rather than from increased opti- 938

mization alone, and that CLIQ fundamentally alters 939

the learning dynamics of quantized student models. 940

Different Quantization Settings. Table 7 further 941

studies training steps under INT4 and INT8 quanti- 942

zation using the same 1.8B student and randomly 943

sampled queries during training; the only differ- 944

ence is the construction of the query pool (Original 945

vs. CLIQ). Two consistent patterns emerge across 946

both quantization settings: (i) with Original queries, 947

performance remains nearly flat from 100 to 500 948

steps, and can even slightly regress, and (ii) with 949

CLIQ, performance improves sharply from 100 to 950

300 steps and then saturates from 300 to 500 steps. 951

This contrast suggests that CLIQ provides a higher- 952

quality query distribution that the student can pro- 953

gressively absorb through optimization, whereas 954

the Original pool contains substantial redundancy 955

that limits the benefit of additional training. 956

A.2.3 Clustering Granularity and Query 957

Allocation 958

Table 8 ablates two key design choices in CLIQ: 959

the number of semantic clusters and the number 960

of generated queries per cluster, evaluated on both 961

Dolly and Alpaca. 962

Clustering Granularity. Across both datasets, 963

moderate granularities (e.g., 25–50 clusters) tend 964

to produce stable and competitive results. Overly 965

fine-grained clustering (e.g., 100 clusters) exhibits 966

higher variance and can lead to performance degra- 967

dation under certain allocations, consistent with 968

the intuition that excessive partitioning may frag- 969

ment supervision into clusters that are too small or 970

semantically narrow. 971

Queries per Cluster and Diminishing Returns. 972

Increasing queries per cluster generally improves 973

performance when moving from 4 to 8 or 10 974

queries, but the gains diminish and are not strictly 975

monotonic across all settings. This indicates that 976

CLIQ benefits primarily from improved semantic 977

coverage and representative supervision rather than 978
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Model Role Quant. Query BERT-F1 BLEU R-1 R-2 R-L R-Lsum

Qwen2.5-7B Teacher
INT4 – 84.22 3.15 21.92 9.58 16.56 18.63
FP16 – 83.69 2.94 22.08 9.36 16.85 18.76

Qwen3-1.7B

Base
INT8 – 81.40 1.73 12.23 4.36 8.70 10.03
FP16 – 81.53 1.70 12.35 4.46 8.92 10.16

Student
FP16→INT8

OQ 83.75 2.50 22.30 9.49 16.68 18.94
OQ (valid) 83.78 2.46 22.24 9.57 16.83 18.96

INT4→INT8
CLIQ 84.35 3.04 23.42 10.60 17.60 19.87
CLIQ (valid) 84.23 2.92 23.07 10.26 17.27 19.53

Table 6: Comprehensive Evaluation Results under Different Model, Quantization, and Query Settings. All scores
are reported in percentage (%).

Quantization Query Pool Steps BERT-F1 BLEU ROUGE-Lsum

INT4

Original
100 80.32 1.55 13.83
300 80.44 1.49 14.12
500 80.03 1.42 13.41

CLIQ
100 78.20 1.08 12.45
300 82.86 2.56 14.22
500 82.92 2.55 14.54

INT8

Original
100 80.14 1.50 13.49
300 80.17 1.41 13.51
500 80.08 1.43 13.49

CLIQ
100 78.18 1.07 12.53
300 82.70 2.44 14.48
500 82.74 2.47 14.51

Table 7: Effect of Training Steps under Different Quantization Settings. All models use a 1.8B student with
randomly sampled queries during training. Differences arise solely from the query pool construction. All scores are
reported in percentage (%).

brute-force increases in query count.979

Interaction Effects. We observe clear interac-980

tions between cluster count and per-cluster query981

allocation. Under finer clustering, insufficient982

queries per cluster can yield sparse and unstable983

supervision, while allocating more queries partially984

mitigates this issue. Overall, these results sug-985

gest that balanced configurations (moderate clus-986

ters with sufficient per-cluster queries) provide the987

best trade-off between semantic coverage and query988

efficiency.989

Theoretical Intuition and Empirical Alignment.990

The observed trends in Table 8 and Figure 3 can be991

understood through a simple coverage–redundancy992

trade-off. Original query sampling corresponds to993

i.i.d. draws from a highly imbalanced mixture of994

latent semantic clusters, where dense clusters dom-995

inate early coverage while sparse clusters require996

substantially larger budgets to be reliably sampled.997

As a result, increasing the query budget under Orig- 998

inal Queries often leads to redundant supervision 999

and early performance saturation. 1000

In contrast, CLIQ enforces a structured allo- 1001

cation by distributing a fixed number of queries 1002

across semantic clusters. Under a fixed budget 1003

B = K ·m, increasing the number of clusters K 1004

improves global semantic coverage, while the num- 1005

ber of queries per cluster m controls intra-cluster 1006

diversity. This explains why moderate clustering 1007

granularities (e.g., K = 25 or 50) combined with a 1008

small but sufficient number of queries per cluster 1009

(e.g., m = 8 or 10) consistently achieve strong 1010

and stable performance in Table 8. When K is too 1011

large relative to the budget, insufficient per-cluster 1012

queries lead to sparse and unstable supervision, 1013

whereas increasing m beyond this range yields di- 1014

minishing returns once dominant cluster modes are 1015

captured. 1016
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Figure 4: Effect of training steps under a fixed query budget (500 queries) across three student models. We report
BERT-F1, BLEU, and ROUGE-L, and include the 0-step base model as initialization. CLIQ (ours) consistently
outperforms OQ and exhibits diminishing returns after ∼200–300 steps.

A.3 Qualitative Analysis of Query Space1017

A.3.1 Cluster-level Coverage and Redundancy1018

Analysis1019

To better understand the mechanisms behind the1020

quantitative gains observed in Appendix A.2, we1021

further analyze how original queries (OQ) and1022

CLIQ-generated queries differ at the semantic clus-1023

ter level.1024

Cluster Coverage under Fixed Query Budgets.1025

Figure 6 reports the number of semantic clusters1026

covered as a function of the query budget. While1027

random sampling from the original query pool can1028

eventually cover most clusters as the budget in-1029

creases, CLIQ consistently achieves higher cover-1030

age under small to moderate budgets. This early-1031

stage advantage provides more informative super- 1032

vision signals during initial training, which helps 1033

explain the faster performance gains and earlier 1034

saturation observed for CLIQ-trained models (Sec- 1035

tion A.2.2). 1036

Intra-cluster Redundancy. Figure 7 analyzes 1037

the average pairwise cosine similarity among 1038

queries within each cluster. Original queries exhibit 1039

substantially higher intra-cluster similarity, indicat- 1040

ing strong redundancy in supervision. In contrast, 1041

CLIQ reduces redundancy by generating more di- 1042

verse queries within each cluster. This observation 1043

explains why OQ-trained models are largely insen- 1044

sitive to additional training steps, whereas CLIQ 1045

continues to yield gains as optimization proceeds. 1046
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Dataset Clusters Queries BERT-F1 BLEU ROUGE-1 ROUGE-2 ROUGE-L ROUGE-Lsum

Dolly

25 4 81.384 2.092 17.905 6.196 12.089 14.402
25 8 82.272 2.325 18.325 6.263 12.397 14.686
25 10 82.267 2.473 18.546 6.258 12.550 15.017
50 4 82.558 2.643 18.335 6.377 12.258 14.825
50 10 82.345 2.608 18.399 6.268 12.500 14.818

100 8 78.707 1.476 16.895 5.895 11.298 13.499
100 10 83.042 2.972 18.831 6.556 12.667 15.138

Alpaca

25 4 81.582 1.861 17.788 5.711 11.650 14.146
25 8 81.451 2.010 17.749 5.873 11.563 14.039
25 10 81.936 2.256 18.177 6.088 11.977 14.508
50 4 80.914 1.885 17.701 6.060 11.669 14.165
50 10 82.518 2.460 18.133 6.084 11.980 14.525

100 4 82.056 2.236 18.379 6.160 12.052 14.617
100 8 78.714 1.307 16.691 5.608 10.928 13.239

Table 8: Additional ablation results on clustering granularity and query budget on a 4B model quantized by int4.
We vary the number of semantic clusters and the number of generated queries per cluster, and report instruction-
following performance on Dolly and Alpaca. All scores are reported in percentage (%).

Figure 5: Histogram of query counts per cluster under a fixed query budget. Random sampling from original queries
results in highly imbalanced cluster coverage, whereas CLIQ produces a near-uniform allocation across clusters,
avoiding over-sampling of dense regions.

Distance to Cluster Centroids. Figure 8 shows1047

the distribution of cosine distances between queries1048

and their corresponding cluster centroids. CLIQ-1049

generated queries span a wider range of distances,1050

covering both central and peripheral regions of1051

each cluster. This suggests that CLIQ does not1052

collapse queries to cluster prototypes, but instead1053

preserves intra-cluster diversity while maintaining1054

semantic coherence.1055

Cluster-level Query Allocation. Finally, Fig-1056

ure 5 visualizes the number of queries assigned to1057

each cluster under a fixed query budget. Random1058

sampling from original queries results in highly1059

imbalanced cluster coverage, with certain dense1060

clusters receiving disproportionate attention. In1061

contrast, CLIQ produces a near-uniform allocation1062

across clusters, avoiding over-sampling of dense 1063

regions and under-coverage of sparse ones. 1064

Taken together, these analyses provide a unified 1065

explanation for the training dynamics and ablation 1066

results reported in Appendix A.2. CLIQ improves 1067

performance not by increasing the total number of 1068

queries or optimization steps, but by restructuring 1069

the query distribution to achieve balanced cluster- 1070

level coverage, reduced redundancy, and greater 1071

semantic diversity. 1072

A.3.2 Global Query Coverage 1073

Figure 9 visualizes the semantic distribution of 1074

different query pools using UMAP (McInnes and 1075

Healy, 2018) projections of sentence embeddings. 1076

Each point corresponds to a single query, and all 1077

projections are computed using the same embed- 1078
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Figure 6: Cluster hit rate as a function of query budget.
We measure the number of semantic clusters covered by
at least one query under increasing query budgets. Com-
pared with random sampling from the original query
pool (OQ), CLIQ achieves substantially higher cluster
coverage in the low-budget regime and reaches near-
complete coverage with fewer queries. This indicates
that CLIQ allocates queries more efficiently across se-
mantic clusters, particularly when the query budget is
limited.

Figure 7: Intra-cluster redundancy measured by av-
erage pairwise cosine similarity within each seman-
tic cluster. Original queries (OQ) exhibit significantly
higher intra-cluster similarity, indicating strong redun-
dancy and overlapping supervision signals. In contrast,
CLIQ-generated queries reduce redundancy by promot-
ing greater diversity within clusters, which explains
the improved sensitivity of CLIQ-trained models to in-
creased training steps and optimization.

Figure 8: Distribution of cosine distances between
queries and their corresponding cluster centroids. CLIQ-
generated queries span a wider range of distances, cov-
ering both central and peripheral regions of each cluster.
This indicates that CLIQ does not collapse queries to
cluster prototypes, but preserves structured intra-cluster
diversity while maintaining semantic coherence.

ding model for fair comparison. 1079

Original Query Pool. The original query pool 1080

(OQ) forms highly concentrated and dense regions 1081

in the embedding space, with substantial overlap 1082

among queries. This indicates strong semantic re- 1083

dundancy, where many queries occupy similar re- 1084

gions and provide overlapping supervision signals. 1085

Such redundancy offers a qualitative explanation 1086

for the limited sensitivity of OQ-trained models to 1087

increased training steps and query budgets, as ob- 1088

served in the training-dynamics and ablation results 1089

(Section A.2.2). 1090

CLIQ-generated Query Pools. In contrast, 1091

query pools constructed by CLIQ exhibit signif- 1092

icantly more dispersed and uniform distributions. 1093

Across different configurations, CLIQ expands se- 1094

mantic coverage while reducing local redundancy, 1095

enabling a smaller number of queries to span a 1096

broader instruction space. This qualitative pattern 1097

is consistent with the quantitative gains reported 1098

in Table 8, where balanced CLIQ configurations 1099

achieve strong performance with relatively modest 1100

query budgets. 1101

Effect of Clustering and Query Allocation. 1102

Varying the number of clusters and queries per clus- 1103

ter leads to clear and interpretable changes in the 1104

query space structure. Overly fine-grained cluster- 1105

ing combined with insufficient queries per cluster 1106

produces sparse coverage and visible gaps in the 1107

embedding space. These gaps correspond to perfor- 1108

mance degradation in the quantitative ablation (Ta- 1109

ble 8), suggesting that excessive partitioning frag- 1110

ments supervision into clusters that are too small to 1111
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provide stable learning signals. Conversely, mod-1112

erate clustering granularities with sufficient per-1113

cluster queries yield more uniform coverage and1114

stronger downstream performance.1115

Taken together, the UMAP visualization pro-1116

vides a qualitative explanation for the observed1117

trade-offs between semantic coverage and query1118

efficiency in CLIQ, and supports the interpretation1119

that performance gains arise from structured query1120

design rather than brute-force increases in query1121

count.1122

A.3.3 Cluster-conditioned Projections1123

Figure 10 presents cluster-conditioned semantic1124

projections comparing original queries (OQ) and1125

CLIQ-generated queries (GQ). Each subfigure cor-1126

responds to one semantic cluster, where blue points1127

denote original queries and orange points denote1128

generated queries. Only m = 5 generated queries1129

per cluster are shown, highlighting the extreme1130

query-efficiency setting.1131

Despite the large imbalance between OQ and1132

GQ, the generated queries consistently align with1133

high-density semantic regions of their correspond-1134

ing clusters. Rather than collapsing to global cen-1135

troids, GQ samples often concentrate on cluster-1136

internal modes, indicating that cluster-conditioned1137

prompting captures salient semantic patterns spe-1138

cific to each cluster.1139

This observation complements the global UMAP1140

analysis and the quantitative cluster–query abla-1141

tion results. It provides qualitative evidence that1142

CLIQ preserves semantic representativeness within1143

clusters while substantially reducing the number1144

of required queries, thereby explaining why CLIQ1145

achieves strong performance under strict query bud-1146

gets in the main experiments.1147

A.4 Use of AI Assistants1148

AI-assisted tools were used in a limited and sup-1149

portive manner during the preparation of this1150

manuscript. Specifically, large language models1151

(e.g., ChatGPT) were employed to assist with lan-1152

guage polishing, clarity improvement, and struc-1153

tural refinement of the text, as well as minor LaTeX1154

formatting suggestions.1155

The AI tools were not used to generate exper-1156

imental results, derive theoretical claims, design1157

algorithms, conduct data analysis, or produce fig-1158

ures or tables. All technical content, experimental1159

design, analysis, and conclusions were conceived,1160

verified, and finalized by the authors.1161

The authors take full responsibility for the cor- 1162

rectness, originality, and integrity of the content 1163

presented in this paper. 1164
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Figure 9: UMAP visualization of query coverage under different CLIQ configurations. The original query pool
(OQ) exhibits dense and redundant regions, while CLIQ-generated queries maintain broader and more uniform
semantic coverage under fixed query budgets. Different combinations of cluster numbers and queries per cluster
illustrate how CLIQ controls coverage granularity.
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Figure 10: Cluster-conditioned semantic projections of original queries (OQ) and CLIQ-generated queries (GQ).
Each subfigure corresponds to one semantic cluster c. Blue points denote original queries in the cluster, while
orange points denote generated queries. Only m = 5 generated queries per cluster are visualized to illustrate the
query efficiency of CLIQ.
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