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Abstract

In this paper, we propose a training-free method001
for unsupervised short text clustering that re-002
lies less on careful selection of embedders than003
other methods. In customer-facing chatbots,004
companies are dealing with large amounts of005
user utterances that need to be clustered accord-006
ing to their intent. In these settings, no labeled007
data is typically available, and the number of008
clusters is not known. Recent approaches to009
short-text clustering in label-free settings incor-010
porate LLM output to refine existing embed-011
dings. While LLMs can identify similar texts012
effectively, the resulting similarities may not be013
directly represented by distances in the dense014
vector space, as they depend on the original015
embedding. We therefore propose a method016
for transforming LLM judgments directly into017
a bag-of-texts representation in which texts018
are initialized to be equidistant, without as-019
suming any prior distance relationships. Our020
method achieves comparable or superior re-021
sults to state-of-the-art methods, but without022
embeddings optimization or assuming prior023
knowledge of clusters or labels. Experiments024
on diverse datasets and smaller LLMs show025
that our method is model agnostic and can026
be applied to any embedder, with relatively027
small LLMs, and different clustering methods.028
We also show how our method scales to large029
datasets, reducing the computational cost of030
the LLM use. The flexibility and scalability031
of our method make it more aligned with real-032
world training-free scenarios than existing clus-033
tering methods. Our source code is available034
here: https://anonymous.4open.science/035
r/BoT_vector-2E0C/README.md036

1 Introduction037

Short text clustering is an NLP task that automat-038

ically groups unlabeled data into clusters and is039

widely used in practical applications for text clas-040

sification and new category detection. For exam-041

ple, in conversational understanding, user intents042

Figure 1: illustration of our proposed method. Left:
traditional approach using the LLM output to refine the
embeddings space. Right: our approach using the LLM
output to directly construct a bag-of-texts space.

in real-world scenarios are dynamic and continu- 043

ously evolving (Liang et al., 2024c), and relying 044

on expert labeling can be costly. The short-text 045

clustering task enables companies to efficiently or- 046

ganize tens of thousands of client requests in real 047

time. Other downstream tasks, such as mining top- 048

ics and opinions from online platforms, also rely 049

on effective clustering (Wu et al., 2024). 050

The short-text clustering task is often ap- 051

proached as a Generalized Category Discovery 052

(GCD) scenario (Vaze et al., 2022), where lim- 053

ited labeled data and substantial unlabeled data are 054

used to cluster all unlabeled samples, which include 055

both known and unknown classes. Recently, other 056

studies have explored an emerging data scenario, 057

where no labels are provided at all (De Raedt et al., 058

2023; Viswanathan et al., 2024b; Zhang et al., 2023; 059

Lin et al., 2025). This scenario reduces reliance on 060

human annotation and shows greater flexibility. 061

Regardless the setting, the classic approach is to 062

train an embedder with contrastive learning (Zhang 063
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et al., 2021). In recent years, most methods have064

been designed to use LLMs to guide the optimiza-065

tion (Zhang et al., 2023; Zou et al., 2025b). Many066

LLM-guided training-free approaches have been067

proposed as well to enable easier domain adapta-068

tion and reduce the need for fine-tuning (De Raedt069

et al., 2023; Viswanathan et al., 2024b; Lin et al.,070

2025). Although these training-free approaches071

lead to substantial improvement, they only par-072

tially capture LLM-derived similarities and remain073

heavily dependent on the original embeddings.074

The resulting representation may still not reflect075

LLM preference, despite this being a strong signal.076

Hence our objective: to construct text represen-077

tations that directly incorporate LLM similarity078

estimations into the vector space.079

The core idea of our method (Figure 1) is to080

construct new representations (referred to as bag-081

of-texts vectors) such that texts belonging to the082

same cluster get more similar representations. Our083

method consists of two stages: we first construct084

bag-of-texts (BoT) representations based on repre-085

sentative texts, and then iteratively refine them by086

LLM guidance. In summary, the contributions of087

our method are as follows:088

• A Strategy for Encoding LLM Preferences089

Unlike prior work that refines existing em-090

beddings, we introduce a Bag-of-Texts (BoT)091

representation for encoding LLM outputs.092

• Flexible: Our method can be added to any093

embedder and does not require fine-tuning,094

enabling easier adaptation to new domains.095

• Low-resource: Our method reduces the need096

for human labeling, can be implemented us-097

ing relatively small, zero-shot models, and098

achieves results competitive with labeled or099

fine-tuned approaches.100

2 Related Work101

Short text clustering Generalized Category Dis-102

covery (GCD) is often studied for this task (Liang103

et al., 2024b; Liang and Liao, 2023; Zou et al.,104

2025b). These works use limited labeled text and105

substantial unlabeled text to learn clustering repre-106

sentations. However, these studies use train–test107

splits within a single dataset, which implicitly as-108

sumes that new categories are similar to the known109

ones. In practice, emerging data may show topic110

drift. Recently, with the advancement of LLMs,111

many studies have explored the emerging data sce-112

nario (Zhang et al., 2023; Lin et al., 2025), where113

no labels are available. We follow this unsuper- 114

vised scenario to support real world applications. 115

LLM-Guided Contrastive Learning for Short 116

Text Clustering With the advancement of LLM, 117

recent work has begun to incorporate LLM feed- 118

back into the optimization process. Zhang et al. 119

(2023) use LLMs to construct hard triplets to de- 120

rive training pairs. Liang et al. (2024b) identify 121

samples in ambiguous regions and use LLMs to 122

reassign them to new clusters, which are then used 123

as training data. Zou et al. (2025b) proposed a uni- 124

fied framework that actively learns from diverse 125

and quality-enhanced LLM feedback, including 126

instance-level, category description, and uncertain- 127

instance alignment. However, these methods either 128

rely on knowing the number of clusters, proprietary 129

models, or fine-tuning. Our method does not have 130

these requirements. 131

LLM-Guided Training-Free Approaches for 132

Short Text Clustering Training-free approaches 133

use a frozen pre-trained embedder and use LLMs 134

in two ways. The first category is input text enrich- 135

ment: De Raedt et al. (2023) select prototypical 136

utterances and then use an LLM to generate a set 137

of descriptive utterance labels for these prototypes. 138

Viswanathan et al. (2024a) use LLMs for few-shot 139

in-context learning to improve texts by generating 140

key phrases for each text. The second category 141

is embedding post-processing: Lin et al. (2025) 142

use LLMs for selection rather than text enrichment. 143

They first encode all of the texts, and then use the 144

LLM to select similar pairs for each text. Each text 145

embedding is then obtained by average pooling its 146

similar pairs. These methods have in common that 147

they refine original embeddings. In contrast, we 148

construct a new vector using LLM feedback. 149

3 Bag-of-Texts Theoretical Justification 150

3.1 Problem Definition 151

The task is to partition Dtest into K clusters. K is 152

treated as prior knowledge in most existing work 153

(De Raedt et al., 2023; Zhang et al., 2023; Feng 154

et al., 2024; Zou et al., 2025b), and many ap- 155

proaches incorporate K when refining embeddings. 156

Our proposed method does not make any assump- 157

tion on the knowledge of K thus can be imple- 158

mented without knowing the number of clusters. 159

For evaluation, however, we incorporate K for fair 160

comparison to previous methods. 161
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In line with prior work, we address two scenar-162

ios: (i) the emerging data scenario and (ii) the Gen-163

eralized Category Discovery (GCD) scenario. In164

the emerging data scenario (Zhang et al., 2023;165

Lin et al., 2025), the only available resource is166

a collection of unlabeled texts Dtest ≜ {xi}Ni=1,167

where each xi ∈ Dtest corresponds to a short text168

and N is the size of the test dataset. The dataset169

is used as a whole for clustering and evaluation,170

without any train-test split. In contrast, the GCD171

scenario typically has access to additional data,172

typically including some labeled examples (Liang173

et al., 2024b; Zou et al., 2025b). As opposed to174

prior work, to align the GCD scenario with the175

objective of low-resource settings, we restrict the176

availability of additional data to only an unlabeled177

dataset Du ≜ {xi}Nu
i=1.178

For notation convenience, we define the full179

dataset as D ≜ Dtest∪Du to simplify the explana-180

tion of our proposed method. Note that D = Dtest181

in the emerging data scenario.182

3.2 Embedding Refinement via Bag-of-Texts183

Existing LLM-guided short-text clustering ap-184

proaches often refine embeddings either directly185

using contrastive learning (Zhang et al., 2023), in-186

directly by text enrichment (De Raedt et al., 2023;187

Viswanathan et al., 2024b), or through embedding188

post-processing (Lin et al., 2025). While con-189

trastive optimization enforces inequality through190

gradient updates, it requires training on new sam-191

ples, which makes it impractical for low-resource192

settings. Text enrichment approaches, on the other193

hand, can perform for low-resource scenarios but194

lack explicit guarantees for pulling similar texts195

closer and pushing dissimilar ones apart. Embed-196

ding post-processing approaches heavily depend197

on the embedder used.198

Our novel bag-of-texts representation combines199

the strengths of these approaches and directly en-200

forces inequality through text-based LLM out-201

puts, without requiring training data or expensive202

gradient-based updates of embedders. Our ap-203

proach mimics contrastive learning by reconstruct-204

ing the vector space using a bag-of-texts represen-205

tation and updating this representation using LLM206

guidance. Using bag-of-texts representation, all207

texts start with equivalent distances in the vector208

space, and LLM output about similarity of texts to209

each other is directly translated to the vector rep-210

resentation, moving each text toward the correct211

region of the space; see Figure 1 for illustration. 212

Formally, for a text x, let lx,x+ and lx,x− denote 213

similarities between x and a positive and negative 214

example, and l
′

x,x+ and l
′

x,x− be the corresponding 215

similarities after embedding refinement. The posi- 216

tive and negative examples are identified by a func- 217

tion (e.g., an LLM or a human), which determines 218

whether the text x belongs to the same cluster as 219

example x+ (positive) or to a different cluster from 220

the example x− (negative). Ideally, our refinement 221

approach should satisfy l
′

x,x+ > l
′

x,x− . Below, we 222

formally explain how our bag-of-texts representa- 223

tion achieves this goal. 224

Assumption 1. We assume that a function (e.g., an 225

LLM or a human) makes a selection based on the 226

following rules. 227

• Similarity: For any texts xi and xj with i ̸= j, 228

xi and xj are similar if they belong to the 229

same cluster Sk, and not similar if they belong 230

to different clusters Sk and Sh with k ̸= h. 231

• Distinct Clusters: Each text is assigned to 232

exactly one cluster S ∈ S. 233

Note that S in Assumption 1 refers to the clusters 234

defined by the function; there is no knowledge of 235

a ground truth. We assume distinct clusters as is 236

conventional in prior work (An et al., 2024; Lin 237

et al., 2025). 238

Definition 1 (Bag-of-Texts). Let g(x,D) be a func- 239

tion that takes a text x and a set of texts D, and 240

outputs a bag-of-text representation z ∈ R|D|. In 241

this representation, the entry corresponding to each 242

text in D that belongs to the same cluster as x is 243

assigned a value of 1, while all other entries are 0. 244

Proposition 1. Given Assumption 1, for any 245

xi, xj ∈ D and their corresponding bag-of-texts 246

representation zi, zj , the function g(x,D) guaran- 247

tees that l
′

x,x+ > l
′

x,x− . 248

The proof of the proposition builds on Defini- 249

tion 1 that if two texts xi, xj ∈ D belong to the 250

same cluster, their bag-of-texts representations zi 251

and zj are identical. Considering cosine similarity 252

as an example similarity function, cosine(zi, zj) = 253

1 if they are identical, and cosine(zi, zj) = 0 if 254

they are dissimilar. 255

3.3 Adaptation to Real-world Practice 256

Although the proposition holds in the idealized 257

setting, in practice the similarity between texts is 258

typically determined using LLMs, which may in- 259

troduce errors, and scanning the entire dataset for 260
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each x is computationally expensive. We outline261

the modifications needed for practical implementa-262

tion. The detailed analysis is in appendix A.263

Memory constraints. Large datasets lead to264

high-dimensional bag-of-text vectors. To address265

these issues, we construct bag-of-texts vectors us-266

ing a representative subset Dr ⊆ D with |Dr| ≜ d ,267

rather than all texts. This dimensionality reduction268

is possible because it relies on the assumption that269

texts within the same cluster are similar; therefore,270

it is not necessary to use all texts in D to represent271

bag-of-texts vectors. Instead, the bag-of-texts vec-272

tors of the remaining texts can be represented via273

the vectors of the selected representatives.274

Computation constraints. Selecting similar275

texts requires scanning the entire dataset for each276

text, which is computationally expensive with an277

LLM. To reduce computation, we use a pre-trained278

embedder to retrieve a small set of m candidate279

texts that are likely to be similar, as supported by280

prior work (Lin et al., 2025; Zou et al., 2025a).281

Selection uncertainty. During automatic selec-282

tion (e.g., by LLM) inconsistent preferences can283

occur and violate Assumption 1. For example,284

(xi, xj) may be identified as belonging to the same285

cluster, (xi, xl) as different, yet (xj , xl) as the286

same. Also, in practice, each selection is made287

with some inherent confidence. To reduce these288

inconsistencies, we perform iterative update and289

assign the mean of the selected bag-of-texts vectors290

rather than a fixed value of 1.291

4 Computational Method292

Our method aims to construct Bag-of-Texts (BoT)293

vectors that capture the similarity of texts within294

the same cluster. It consists of two stages. First,295

we select representative texts, which are then used296

to construct a BoT vector for each text. Second,297

we iteratively update each text’s BoT vector by298

considering its similar texts until convergence.299

4.1 Initial stage: construction of BoT300

representation301

We first encode all texts D with a pre-trained em-302

bedder to obtain embeddings X. To select initial303

representative texts Dr, we perform agglomerative304

clustering (Murtagh and Legendre, 2014) to parti-305

tion them into d clusters, d being a trivially large306

number (see Section 5.3). The medoid of each clus-307

ter is chosen as a representative and converted into308

Algorithm 1 Select Representative Texts
Require: D, X, representative texts size d
Ensure: Dr , Zr ∈ Rd×d

1: C = {C1, · · · , Cd} ← Agg(X, d), Cj ⊆ X
2: Dr ← ∅
3: for j = 1, . . . , d do
4: xr

j = argminx∈Cj

∑
y∈Cj

∥x− y∥2
5: Dr ← Dr ∪ {xi ∈ D : xi = xr

j}
6: end for
7: Initialize Zr ← Id {one-hot vectors for Dr}
8: return Initial Representative Texts Dr , Zr

Algorithm 2 Construct Bag-of-Texts Vectors
Require: D \Dr , X, Dr , Zr , candidate size m, LLM
Ensure: Bag-of-texts vectors Z ∈ RN×(d+d∗)

1: Initialize zj ← 0 for all xj ∈ D \Dr

2: for each xj ∈ D \Dr do
3: Mj ← {xj1, . . . , xjm} ∈ Dr from X as the top-m

by cosine similarity to xj

4: Oj ← LLM(Mj) ∈ P(Mj) ∪ {∅} {# P(.): power
set}

5: if Oj ̸= ∅ then
6: zj ← MeanPooling{zk : xk ∈ Oj}
7: zj ← zj

∥zj∥2
8: end if
9: end for

10: Dr∗ ← {xj : zj = 0} {# new reps. |Dr∗ | = d∗}
11: Dr ← Dr ∪Dr∗ {# |Dr| = d+ d∗}
12: Let P← {zj : zj = 0}; one-hot encode each zj ∈ P in

new dimensions, and pad the first d columns with zeros.
13: Let Q ← {zj : zj ̸= 0}; pad Q and Zr with d∗ zero

columns
14: return Z← Stack(Zr,P,Q), rows ordered according

to D

a one-hot vector with initially equal spacing. See 309

Algorithm 1 for specification. 310

The remaining texts are positioned based on 311

LLM preference. Specifically, for each text xj ∈ 312

D \Dr, we retrieve the top m representative texts 313

from the pretrained embeddings X that are closest 314

based on cosine similarity. An LLM is then used 315

to select which representative(s) are similar. The 316

bag-of-texts vector for each text is computed by 317

averaging the vectors of its selected representatives. 318

After processing all texts, those with no selected 319

representatives are promoted to new representatives 320

and added to Dr (so that |Dr| = d+ d∗, where d∗ 321

is the number of such new representatives), and the 322

dimensionality of the BoT vectors is expanded to 323

match. See Algorithm 2 for specification. 324

This procedure ensures that the initial BoT vec- 325

tors are evenly spaced for the representative texts, 326

while the vectors for the remaining texts encode 327

LLM-informed relationships, avoiding the need to 328

use the full dimensionality of all texts. 329
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Emerging data scenario K |Dtest| |Du|
Bank77 77 3,080 -
Clinc150 150 4,500 -
Mtop 102 4,386 -
Massive 59 2,974 -
GoEmo 27 5,940 -
GCD scenario K |Dtest| |Du|
Bank77 77 3,080 2,700
Clinc150 150 2,250 5,400
Stackoverflow 20 1,000 5,400

Table 1: Dataset Statistics in two scenarios. Emerging
data scenario: we use the same settings as Zhang et al.
(2023); Lin et al. (2025). GCD scenario: for fair com-
parison, we evaluate on the same test sets as De Raedt
et al. (2023); Liang et al. (2024a); Zou et al. (2025b),
but we only use 30% of the original unlabeled training
set. Further details are provided in Appendix C.

4.2 Iterative stage: bag-of-texts vectors330

refinements331

After constructing the initial positions for all texts,332

we iteratively update the BoT vectors to better align333

their relative distances with LLM preferences. The334

update procedure follows the same approach as in335

Algorithm 2, with three key modifications. First,336

the update uses all texts as the pool for subset selec-337

tion, since each text has a BoT vector. Second, for338

each text, we select a subset of m candidates based339

on the concatenation of its pre-trained embedding340

and BoT vector, Ut ≜ Xj ⊕ Zt
j . This ensures341

that the pre-trained embedding initially guides the342

BoT vectors, which carry minimal information at343

the start. Third, the update is performed iteratively344

rather than just once, allowing the candidate set to345

vary dynamically as the BoT vectors are refined.346

The update for a text stops when its BoT vector347

changes negligibly, as measured by a cosine sim-348

ilarity greater than 0.99. We set m = 30 and cap349

the maximum number of iterations at T = 10 as350

budget. See Algorithm 3 in Appendix B for spec-351

ification. Note that the pretrained embeddings X352

are used only for updating the Bot vectors; only the353

final BoT vectors ZT will be used for clustering.354

5 Experimental Settings355

5.1 Datasets356

We use a variety of datasets to benchmark our357

method: the intent datasets Bank77 (Casanueva358

et al., 2020), CLINC150 (Larson et al., 2019),359

Mtop (Li et al., 2020), and Massive (Fitzgerald360

et al., 2023); the emotion dataset GoEmo (Dem-361

szky et al., 2020), and the community QA dataset362

Stackoverflow (Xu et al., 2015). Statistics are pro-363

vided in Table 1. Among these, MTOP, Massive, 364

and GoEmo have highly imbalanced clusters. 365

5.2 Models 366

To see how sensitive our approach is to the choice 367

of embedder, we design experiments that incor- 368

porate multiple models. We experiment in the 369

emerging data scenario using TF–IDF, bert-base- 370

uncased (Devlin et al., 2018), all-MiniLM-L6-v2 371

(Reimers and Gurevych, 2019), and e5-large (Wang 372

et al., 2022). To see how far our method is from 373

semi-supervised approaches and the effect with 374

additional data, in the GCD scenario, we use all- 375

MiniLM-L6-v2 (22.7M parameters) as the embed- 376

der following prior work (Rodriguez et al., 2024). 377

For the LLM experiments, the main results are ob- 378

tained using gemma-2-9b-it (Rivière et al., 2024). 379

An A100 GPU or an H100 GPU were used through- 380

out the experiments. 381

Prompts used The prompts we used for the 382

LLM are shown in Appendix E. Following prior 383

work (Zhang et al., 2023; De Raedt et al., 2023; 384

Viswanathan et al., 2024a; Lin et al., 2025; Zou 385

et al., 2025b), we keep the prompts simple, as is 386

standard practice, to ensure a fair comparison and 387

generalizability between models. 388

5.3 Hyperparameter setting 389

The main hyperparameter in our approach is the ini- 390

tial dimension d (number of initial representatives). 391

Although we can simply set the number of d equal 392

to the total number of examples N , this becomes 393

memory-intensive when N is extremely large. Fol- 394

lowing the approach in (Feng et al., 2024; Lin et al., 395

2025), we determine hyperparameters using exter- 396

nal datasets to avoid biasing evaluation on the test 397

sets. The search space starts from 512, setting a 398

sufficiently large minimum to ensure that d to in- 399

clude at least one representative from each cluster. 400

We fix the BoT vector dimension to 1,024, based 401

on validation results from two external datasets, in- 402

cluding ArxivS2S and Reddit (Muennighoff et al., 403

2023). Empirically, we find that performance re- 404

mains very similar between different values of d 405

(see Appendix D). 406

5.4 Evaluation 407

The Bag-of-Text vectors are evaluated under K- 408

means. K-means clustering is a widely adopted 409

evaluation practice in short text clustering (Zhang 410

et al., 2023; De Raedt et al., 2023; Viswanathan 411
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Unsup LLM FT K

LeBoT (Ours) ✓ Gemma

IDAS (De Raedt et al., 2023) ✓ Gemma ✓ ✓∗

ClusterLLM (Zhang et al., 2023) ✓ GPT-* ✓ ✓
IntentGPT (Rodriguez et al., 2024) ✓∗ GPT-*

ALUP (Liang et al., 2024b) GPT-* ✓ ✓
LOOP (An et al., 2024) GPT-* ✓ ✓
SPILL (Lin et al., 2025) ✓ Gemma

Glean (Zou et al., 2025b) GPT-* ✓ ✓

Table 2: LLM-based representation learning for short-
text clustering. Unsup: No access to labels. IntentGPT
can be semi-supervised as well. LLM: Model used
in the main results (Gemma = Gemma2-9b-it; GPT-*
= GPT variants with unknown parameters). FT: Fine-
tuning. K: Incorporates the number of clusters K into
embedding refinement. IDAS can be applied either with-
out knowing K or knowing K

et al., 2024b; Liang et al., 2024b; Lin et al., 2025;412

Zou et al., 2025b). Following convention, the num-413

ber of clusters for K-means is set to match the414

number of ground-truth cluster number K during415

evaluation. K-means is run over 5 different seeds416

and averaged. After we derive the clusters, we417

apply standard clustering metrics for evaluation.418

These metrics include normalized mutual informa-419

tion (NMI) and clustering accuracy (Acc) (Rand,420

1971; Meilă, 2007; Huang et al., 2014; Gung et al.,421

2023).422

5.5 Baselines423

We compare our method with SOTA representa-424

tion learning baselines for text clustering. Table 2425

summarizes these methods. For the emerging data426

scenario, we compare against IDAS (De Raedt427

et al., 2023), ClusterLLM (Zhang et al., 2023),428

and SPILL (Lin et al., 2025). For the GCD Sce-429

nario we compare against IntentGPT (Rodriguez430

et al., 2024). We also include comparisons with431

methods that require some labeled data, includ-432

ing LOOP (An et al., 2024), ALUP (Liang et al.,433

2024b) and Glean (Zou et al., 2025b) to measure434

how far our method is from the performance of435

these semi-supervised approaches.436

6 Results437

6.1 Main results438

Emerging data scenario Table 3 reports the K-439

means results. Our approach consistently outper-440

forms pretrained embeddings and on average per-441

forms better than all other baselines, including442

those that require fine-tuning (ClusterLLM). Fur-443

thermore, our approach maintains consistent perfor-444

Figure 2: ACC and NMI across all test datasets (Emerg-
ing Data and GCD scenarios) for different d. 4, 096
means min{4096, N} since some datasets are smaller.

mance across backbones, unlike SPILL and IDAS, 445

which degrade more when the embedder changes. 446

We also observe that with the stronger E5 embed- 447

der, which has the highest zero-shot performance, 448

the gap between methods narrows. This is likely be- 449

cause E5 provides richer semantic representations 450

and better separation in the embedding space, mak- 451

ing it easier for both text-enrichment approaches 452

(IDAS) and embedding post-processing methods 453

(SPILL) to perform well. See Appendix F for de- 454

tailed embedder analysis. 455

GCD scenario Table 4 shows the results for 456

GCD. The goal is to examine how increasing the 457

amount of data affects performance and to see the 458

gap between our approach and semi-supervised 459

learning. Our method achieves the best perfor- 460

mance on all benchmarks in the fully unlabeled 461

setting. It even outperforms baselines that know 462

10% of the categories, and is comparable to other 463

baselines that know 25% of the categories (or up to 464

75% in the case of IntentGPT). These strong results 465

suggest that our approach can substantially reduce 466

the need for human labeling. 467

6.2 Further analysis 468

Dimensionality of the bag-of-text representa- 469

tions We observe that the increase in dimension- 470

ality by d∗ is negligible: for most runs, the values 471

fall between 0 and 20, and the maximum increase 472

across all runs, datasets, and backbone embedders 473

is only 44. Since we start with a relatively large ini- 474

tial dimension of d = 1, 024, this increase is very 475

limited. This is expected, as each text is more likely 476

to identify similar counterparts when the pool of 477

candidate texts is large. We also tested other initial 478

dimensions, and Figure 2 shows that the results 479

remain robust across different initial settings. 480

6



Bank 77 Clinc150 Mtop Massive GoEmo Average
NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc

TF-IDF
Plain 59.76 (0.31) 36.73 (0.99) 58.05 (0.43) 33.44 (1.11) 50.77 (0.84) 30.98 (1.19) 45.24 (1.55) 28.35 (1.61) 18.49 (1.65) 19.64 (1.25) 46.46 29.83
IDAS 72.62 (0.28) 51.96 (0.78) 76.37 (0.68) 54.44 (1.04) 63.95 (0.11) 39.47 (2.90) 58.07 (1.08) 40.82 (1.27) 19.49 (0.18) 21.04 (0.47) 58.10 41.55
IDAS† 72.68 (0.20) 52.11 (0.60) 85.12 (0.14) 69.72 (0.29) 65.58 (0.24) 38.33 (0.45) 65.14 (0.32) 46.77 (0.85) 23.39 (0.36) 22.48 (0.45) 62.38 45.88
SPILL 63.73 (0.67) 42.36 (1.14) 59.72 (1.05) 36.74 (0.92) 49.54 (1.41) 28.26 (0.94) 43.26 (0.85) 28.06 (1.28) 9.51 (0.44) 13.48 (0.20) 45.15 29.78
LeBot (Ours) 80.26 (0.28) 65.45 (1.43) 88.97 (0.11) 77.70 (1.03) 70.15 (0.23) 40.00 (1.30) 69.60 (0.06) 54.52 (0.69) 27.89 (0.30) 25.82 (0.34) 67.37 52.70
Bert
Plain 50.72 (0.42) 29.07 (0.85) 72.90 (0.60) 49.48 (0.83) 62.24 (0.46) 26.78 (0.32) 49.12 (0.64) 30.49 (1.00) 10.77 (0.46) 12.90 (0.37) 49.15 29.75
IDAS 70.30 (0.32) 49.85 (0.49) 87.97 (0.27) 71.57 (1.02) 68.90 (0.29) 33.08 (0.69) 65.24 (0.32) 49.06 (0.59) 14.10 (0.52) 15.22 (0.73) 61.30 43.76
IDAS† 72.73 (0.26) 53.45 (0.82) 88.70 (0.18) 74.99 (0.61) 69.52 (0.21) 33.19 (0.87) 66.41 (0.44) 50.04 (0.94) 14.89 (0.26) 16.50 (0.52) 62.45 45.63
SPILL 65.67 (0.49) 43.44 (1.02) 86.91 (0.28) 71.39 (1.28) 69.50 (0.28) 32.49 (0.40) 62.67 (0.29) 43.64 (0.81) 12.30 (0.32) 13.86 (0.44) 59.41 40.96
LeBoT (Ours) 76.86 (0.24) 60.95 (1.11) 92.90 (0.05) 84.47 (0.46) 72.28 (0.24) 38.69 (1.46) 73.16 (0.27) 61.02 (0.82) 19.25 (0.19) 18.77 (0.14) 66.89 52.78
MiniLM
Plain 79.08 (0.80) 61.27 (1.36) 89.46 (0.19) 73.73 (0.95) 67.41 (0.53) 31.40 (1.62) 70.37 (0.62) 54.04 (1.28) 10.84 (0.16) 13.89 (0.63) 63.43 46.87
IDAS 83.01 (0.19) 65.96 (1.19) 92.82 (0.22) 80.05 (0.21) 70.46 (0.46) 35.55 (1.33) 75.67 (0.47) 59.52 (2.12) 22.27 (0.16) 27.22 (0.37) 68.85 53.66
IDAS† 84.88 (0.19) 72.77 (0.59) 93.41 (0.06) 85.52 (0.33) 70.88 (0.22) 36.46 (1.46) 75.93 (0.17) 57.75 (0.57) 21.25 (0.25) 25.67 (0.45) 69.27 55.63
SPILL 81.92 (0.16) 66.22 (0.46) 90.78 (0.22) 77.76 (0.07) 70.48 (0.41) 37.95 (1.27) 72.59 (0.31) 58.05 (1.40) 15.54 (0.31) 17.22 (0.75) 66.26 51.44
LeBoT (Ours) 85.44 (0.18) 73.12 (1.10) 94.45 (0.08) 87.58 (0.70) 72.18 (0.29) 39.40 (0.83) 76.74 (0.24) 66.84 (0.67) 21.77 (0.12) 25.22 (0.74) 70.12 58.43
E5
Plain 77.86 (0.35) 60.88 (0.89) 91.09 (0.17) 75.70 (0.36) 71.17 (0.28) 33.04 (0.74) 71.70 (0.84) 53.97 (2.00) 21.13 (0.44) 21.93 (0.60) 66.59 49.10
IDAS 83.91 (0.24) 68.78 (1.11) 93.53 (0.26) 82.20 (1.22) 73.58 (0.37) 38.87 (1.04) 76.70 (0.89) 59.61 (3.25) 26.30 (0.17) 29.56 (0.64) 70.80 55.80
IDAS† 83.37 (0.14) 70.01 (0.59) 94.07 (0.09) 85.38 (0.35) 73.09 (0.45) 39.84 (1.24) 77.29 (0.15) 63.64 (0.80) 25.99 (0.09) 28.72 (1.08) 70.76 57.52
SPILL 83.56 (0.47) 70.25 (1.56) 92.93 (0.08) 83.18 (0.78) 71.77 (0.35) 36.83 (1.10) 75.40 (0.51) 60.28 (1.81) 25.14 (0.36) 24.82 (0.86) 69.76 55.07
ClusterLLM† 84.16 (0.36) 70.13 (1.34) 92.92 (0.29) 80.48 (0.93) 74.46 (0.11) 37.22 (1.18) 74.39 (0.21) 56.08 (1.01) 22.23 (0.17) 22.22 (1.15) 69.63 53.23
LeBoT (Ours) 85.34 (0.06) 73.86 (0.76) 93.63 (0.06) 85.65 (0.46) 72.51 (0.32) 40.53 (1.64) 76.16 (0.17) 62.75 (0.67) 26.70 (0.04) 33.70 (0.26) 70.87 59.30

Table 3: Five-benchmark results (emerging data scenario). Averages over 5 runs (±SD). Gemma is used in LeBoT,
SPILL and IDAS. Plain: direct embedding clustering. Bold numbers: best within the embedder. ClusterLLM cited
directly from prior work. † is with access to information of known K during representation refinements.

Bank 77 Clinc150 StackO Average
KCR Method NMI Acc NMI Acc NMI Acc NMI Acc
0%

IntentGPT 81.42 64.22 94.35 83.20 - - - -
LeBoT (Ours) 86.90 74.93 95.32 88.71 81.21 82.54 87.81 82.06

10%
LOOP† 79.14 64.97 93.52 84.89 75.98 80.50 82.88 76.79
GLEAN† 82.23 67.99 95.21 88.71 79.67 82.40 85.70 79.70

25%
ALUP† 84.06 74.61 94.84 88.40 76.58 82.20 85.16 81.74
LOOP† 83.37 71.40 94.38 86.58 79.10 82.20 85.62 80.06
GLEAN† 85.62 76.98 96.27 91.51 80.90 84.10 87.60 84.20

75% IntentGPT 85.94 77.21 96.06 88.76 - - - -

Table 4: Three-benchmark results (GCD scenario). Av-
erages over 5 runs. KCR: Known Categories Ratio.
All-MiniLM-L6-v2 used as in LeBoT. Bold: best. Un-
derline, second best. StackO: StackOverflow dataset.
GLEAN and ALUP cited directly from prior work.
LOOP cited directly from GLEAN. † is with access
to information of known K during representation refine-
ments.

Effect of the Number of subset candidates m and481

Iterative Updates We use m = 30 across all ex-482

periments, but this raises the question of whether483

different values of m would affect performance.484

Figure 3a shows that small size of m = 10 leads485

to lower results because the LLM has too few can-486

didates to choose from. However, once m ≥ 20,487

performance remains largely stable. To investigate488

the effect of iterative updates, Figure 3b shows that489

in subsequent iterations, the results substantially490

improve, especially after the first iteration, but no491

(a)

(b)

Figure 3: Comparison of (a) varying neighbor m and
(b) iterative updates on ACC and NMI across all test
datasets (Emerging Data and GCD). Backbone embed-
der: All-MiniLM-L6-v2.

longer after the or third. Since most BoT vectors 492

converge within 5 iterations, there are only mini- 493

mal changes afterward: We find that most datasets 494

have 90% convergence ratio by the 5th iteration 495

(see Appendix G). 496

Effect of Different LLMs Our main results were 497

obtained with gemma-2-9b-it. For completeness, 498
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Figure 4: ACC and NMI across all test datasets (Emerg-
ing Data and GCD) for three LLMs. Backbone embed-
der: All-MiniLM-L6-v2

Figure 5: ACC and NMI across all test datasets (Emerg-
ing Data and GCD) for HDBSCAN and K-means. Back-
bone embedder: All-MiniLM-L6-v2

we also experimented with alternative LLMs. Im-499

portantly, because our objective is to evaluate500

whether the vectors encode LLM-derived selec-501

tions rather than to benchmark LLM performance,502

these analyses are presented as ancillary robustness503

checks. Figure 4 shows the results obtained with504

three different LLMs. The results between Qwen505

and Gemma are similar. There is a slight drop506

with Llama. This finding is consistent with prior507

work (Lin et al., 2025), as Llama produces more508

incorrect selections (see Appendix H for details).509

Evaluation with different clustering algorithms510

Our approach does not require the number of clus-511

ters K when building the representations. We there-512

fore also evaluate it with HDBSCAN, which esti-513

mates the number of clusters automatically and is514

therefore closer to real-world use. Figure 5 shows515

that performance remains similar, indicating that516

our method is robust across different clustering al-517

gorithms. This confirms its practical applicability.518

Detailed implementation in Appendix I.519

Increasing scalability with distillation Our rep-520

resentation requires on average 3 iterations to reach521

stable results, which can be computationally ex-522

Bank 77 Clinc150
Method NMI Acc NMI Acc
K-means
Plain 76.31 59.41 88.99 73.99
LeBoT (Ours) 81.44 68.99 91.19 83.62
HDBSCAN
Plain 76.15 60.27 84.31 62.84
LeBoT (Ours) 81.35 68.01 91.50 85.28

Table 5: Clustering results on the entire large datasets
using knowledge distillation. Averages over 5 runs for
K-means. Plain: Directly embedding the test dataset
with All-MiniLM-L6-v2.

pensive when the dataset is extremely large. To 523

assess scalability, we additionally explore cluster- 524

ing over the full CLINC (22,500 examples) and 525

Banking (13,083 examples) datasets. The goal is 526

to implement our approach on a subset of the texts 527

(around 20%) and then use a model to generalize 528

to the remaining texts (a form of knowledge dis- 529

tillation), without requiring further LLM selection. 530

Specifically, we train a lightweight MLP (∼10M 531

parameters) to map pre-trained embeddings to BoT 532

vectors. See Appendix J for experiment details. 533

Table 5 shows that our approach still improves the 534

original embeddings by a large margin. During 535

inference, our method with LLM selection took 536

0.7000s (CLINC) and 0.7083s (Banking) per text, 537

while our distilled method with MLP only takes 538

0.0002s per text for both. 539

7 Conclusions 540

We propose LeBoT (LLM-enabled Bag-of-Texts), 541

an intuitive, domain-adaptive, label-free, and 542

training-free method for short text clustering. Com- 543

pared with other SOTA methods, LeBoT is less 544

dependent on careful selection of the embedder 545

and does not assume prior knowledge of clusters 546

or labels, making it more aligned with real-world 547

scenarios. LeBoT achieves better or similar re- 548

sults to state-of-the-art approaches, including meth- 549

ods that require labeled data. Experiments on di- 550

verse datasets shows our method is the most robust 551

across different embedders, and experiments with 552

smaller LLMs show that our method is robust in 553

low-resource settings, while also scalable to large 554

datasets. In the future, we plan to incorporate hu- 555

man feedback into our method pipeline. 556
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Limitations557

Language. Like most of the prior work, we only558

focus on English utterance datasets. This is rel-559

evant because most of benchmark datasets are in560

English. Our method is completely data-driven and561

not dependent on labeled data and it is therefore562

applicable to other languages than English.563

LLM capability. Our method focuses on encod-564

ing preferences through Bag-of-Text vectors. Its565

effectiveness naturally depends on the LLM, and in566

highly specialized domains, some in-context learn-567

ing may be required to improve the selection.568

Embedder capability. Although we construct a569

Bag-of-Text vector that reduces reliance on the ex-570

isting embedder, for computational efficiency we571

still retrieve subset of candidate texts using the572

embedder. This will affect the quality of the con-573

structed vectors if the embedder is very poor. This574

can affect the quality of the constructed vectors575

when the embedder is very weak. However, our576

main results show that this influence is relatively577

small compared with other methods.578

References579

Wenbin An, Wenkai Shi, Feng Tian, Haonan Lin, Qiany-580
ing Wang, Yaqiang Wu, Mingxiang Cai, Luyan Wang,581
Yan Chen, Haiping Zhu, et al. 2024. Generalized cat-582
egory discovery with large language models in the583
loop. In Findings of the Association for Computa-584
tional Linguistics ACL 2024, pages 8653–8665.585

Iñigo Casanueva, Tadas Temcinas, Daniela Gerz,586
Matthew Henderson, and Ivan Vulic. 2020. Ef-587
ficient intent detection with dual sentence en-588
coders. In Proceedings of the 2nd Workshop589
on NLP for ConvAI - ACL 2020. Data avail-590
able at https://github.com/PolyAI-LDN/task-specific-591
datasets.592

Maarten De Raedt, Fréderic Godin, Thomas Demeester,593
and Chris Develder. 2023. Idas: Intent discovery594
with abstractive summarization. In Proceedings of595
the 5th Workshop on NLP for Conversational AI596
(NLP4ConvAI 2023), pages 71–88.597

Dorottya Demszky, Dana Movshovitz-Attias, Jeongwoo598
Ko, Alan Cowen, Gaurav Nemade, and Sujith Ravi.599
2020. Goemotions: A dataset of fine-grained emo-600
tions. In Proceedings of the 58th Annual Meeting of601
the Association for Computational Linguistics, pages602
4040–4054.603

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and604
Kristina Toutanova. 2018. BERT: pre-training of605
deep bidirectional transformers for language under-606
standing. CoRR, abs/1810.04805.607

Zijin Feng, Luyang Lin, Lingzhi Wang, Hong Cheng, 608
and Kam-Fai Wong. 2024. Llmedgerefine: Enhanc- 609
ing text clustering with llm-based boundary point 610
refinement. In Proceedings of the 2024 Conference 611
on Empirical Methods in Natural Language Process- 612
ing, pages 18455–18462. 613

Jack Fitzgerald, Christopher Hench, Charith Peris, 614
Scott Mackie, Kay Rottmann, Ana Sanchez, Aaron 615
Nash, Liam Urbach, Vishesh Kakarala, Richa Singh, 616
et al. 2023. Massive: A 1m-example multilin- 617
gual natural language understanding dataset with 618
51 typologically-diverse languages. In Proceedings 619
of the 61st Annual Meeting of the Association for 620
Computational Linguistics (Volume 1: Long Papers), 621
pages 4277–4302. 622

James Gung, Raphael Shu, Emily Moeng, Wesley Rose, 623
Salvatore Romeo, Arshit Gupta, Yassine Benajiba, 624
Saab Mansour, and Yi Zhang. 2023. Intent induction 625
from conversations for task-oriented dialogue track 626
at dstc 11. In Proceedings of The Eleventh Dialog 627
System Technology Challenge, pages 242–259. 628

Peihao Huang, Yan Huang, Wei Wang, and Liang Wang. 629
2014. Deep embedding network for clustering. In 630
2014 22nd International conference on pattern recog- 631
nition, pages 1532–1537. IEEE. 632

Stefan Larson, Anish Mahendran, Joseph J Peper, 633
Christopher Clarke, Andrew Lee, Parker Hill, 634
Jonathan K Kummerfeld, Kevin Leach, Michael A 635
Laurenzano, Lingjia Tang, et al. 2019. An evaluation 636
dataset for intent classification and out-of-scope pre- 637
diction. In Proceedings of the 2019 Conference on 638
Empirical Methods in Natural Language Processing 639
and the 9th International Joint Conference on Natu- 640
ral Language Processing (EMNLP-IJCNLP), pages 641
1311–1316. 642

Haoran Li, Abhinav Arora, Shuohui Chen, Anchit 643
Gupta, Sonal Gupta, and Yashar Mehdad. 2020. 644
Mtop: A comprehensive multilingual task-oriented 645
semantic parsing benchmark. arXiv preprint 646
arXiv:2008.09335. 647

Jinggui Liang and Lizi Liao. 2023. Clusterprompt: Clus- 648
ter semantic enhanced prompt learning for new intent 649
discovery. In Findings of the Association for Com- 650
putational Linguistics: EMNLP 2023, pages 10468– 651
10481. 652

Jinggui Liang, Lizi Liao, Hao Fei, and Jing Jiang. 2024a. 653
Synergizing large language models and pre-trained 654
smaller models for conversational intent discovery. 655
In Findings of the Association for Computational 656
Linguistics ACL 2024, pages 14133–14147. 657

Jinggui Liang, Lizi Liao, Hao Fei, Bobo Li, and Jing 658
Jiang. 2024b. Actively learn from llms with uncer- 659
tainty propagation for generalized category discovery. 660
In Proceedings of the 2024 Conference of the North 661
American Chapter of the Association for Computa- 662
tional Linguistics: Human Language Technologies 663
(Volume 1: Long Papers), pages 7838–7851. 664

9

https://arxiv.org/abs/2003.04807
https://arxiv.org/abs/2003.04807
https://arxiv.org/abs/2003.04807
https://arxiv.org/abs/2003.04807
https://arxiv.org/abs/2003.04807
http://arxiv.org/abs/1810.04805
http://arxiv.org/abs/1810.04805
http://arxiv.org/abs/1810.04805
http://arxiv.org/abs/1810.04805
http://arxiv.org/abs/1810.04805


Jinggui Liang, Yuxia Wu, Yuan Fang, Hao Fei, and Lizi665
Liao. 2024c. A survey of ontology expansion for666
conversational understanding. In Proceedings of the667
2024 Conference on Empirical Methods in Natural668
Language Processing, pages 18111–18127.669

I-Fan Lin, Faegheh Hasibi, and Suzan Verberne. 2025.670
SPILL: Domain-adaptive intent clustering based on671
selection and pooling with large language models.672
In Findings of the Association for Computational673
Linguistics: ACL 2025, pages 15723–15737, Vienna,674
Austria. Association for Computational Linguistics.675

Leland McInnes, John Healy, Steve Astels, et al. 2017.676
HDBScan: Hierarchical density based clustering.677
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A Impact of our computational method768

on preference preservation769

In this section, we analyze the impact of dimension770

reduction and subset selection on the preservation771

of preference, assuming that the stated Assumption772

1 hold. We do not discuss pooling here, because773

pooling is intended to handle cases where Assump-774

tion 1 is violated, and to account for the estimation775

involved in subset selection.776

Definition 2 (Preservation of Preference). We say777

that a function preserves preferences if lx,x+ >778

lx,x− , where l denotes the cosine similarity, (x, x+)779

is a similar pair, and (x, x−) is a disimilar pair.780

We need a generalized version of g to consider781

the dimension reduction and subset selection.782

Definition 3 (Bag-of-Texts: generalization version783

of g). Let g∗(x, T ,L(x)) be a function that takes:784

• a text x,785

• a set of texts D,786

• a subset of texts T ⊆ D,787

• a subset of texts L(x) ⊆ T , selected based on788

x789

and outputs a BoT representation z ∈ R|T |. In this790

representation, the entry corresponding to each text791

in L(x) that is considered similar to x is assigned792

a value of 1, while all other entries are 0.793

The definition of the generalized function g∗ is794

to consider the reduced dimension of BoT (mem-795

ory constraints) and subset selection (computation796

constraints). Note g∗(x,D,D,D) = g(x,D).797

Proposition 2 (Preservation of Preference on gen-798

eralization function g∗). Let Dr ⊆ D be such that799

for every cluster S ∈ S, there exists at least one800

text y ∈ Dr with y ∈ S.801

Let M∗ = L(x) ⊆ T such that, for every cluster802

S ∈ S, there exists at least one text oS ∈ S that is803

included in M∗ for x ∈ S.804

g∗(x,D,Dr,M∗) is a function that preserves805

the preference under Assumption 1.806

In the preposition 2, the dimensions constructed807

using Dr ensure that each cluster has at least one808

dimension in which a value can be assigned. The809

subset M∗ guarantees that BoT vectors correspond-810

ing to texts within the same cluster share a 1 in at811

least one of these dimensions. As a result, the co-812

sine similarity between vectors of texts from the813

same cluster is strictly positive due to the shared814

dimension(s). Furthermore, the more shared texts815

from the cluster that appear in M∗ for each x, the816

greater the overlap of 1s, and thus the higher the 817

cosine similarity. 818

This proposition 2 implies two key insights. 819

First, instead of turning every text x ∈ D into 820

a dimension of the BoT vector, we may use only a 821

subset, provided that the subset is sufficiently rep- 822

resentative. Second, scanning the entire dataset for 823

every x can be replaced with scanning only such 824

a subset, as long as it contains at least one shared 825

element for each cluster. 826

Remark 1: The proposition 2 is primarily in- 827

tended for conceptual understanding. The shared 828

text oS and subset of texts M∗
j can also include the 829

texts from remaining texts D \ Dr not just those 830

in Dr since these remaining texts are initially con- 831

structed with Dr. This increases the number of 832

shared texts available across clusters, providing 833

more opportunities for matching and potentially 834

improving similarity estimates. 835

Remark 2: As mentioned in the section 3 and 4, 836

in practice, we select a fairly large initial dimension 837

d and use an LLM to include missing representative 838

texts to form Dr. For subset selection, for each xj , 839

we use pre-trained embeddings to select the top m 840

closest texts, denoted Mj , to approximate M∗
j . 841

B Algorithm for Updating the 842

Bag-of-Texts Vectors 843

The BoT vector update largely involves a repetitive 844

process similar to the original construction. See 845

Algorithm 3 for details. 846

C Comparison of Data Splits in GCD 847

scenario: Our Method vs. Prior Work 848

Table 6 shows the train–validation–test splits used 849

in ALUP (Liang et al., 2024b) and GLEAN (Zou 850

et al., 2025b) for the three benchmark datasets. In 851

their setting, a specified ratio of all categories is 852

randomly selected as known categories, referred 853

to as the known category ratio (KCR). For each 854

known category, 10% of the data is chosen to form 855

the labeled dataset1, while the remaining samples 856

constitute the unlabeled dataset. Together, these 857

two subsets form the training dataset. In our ex- 858

periments, we do not use the validation set and use 859

only 30% of the training dataset, restricted to the 860

unlabeled setting with no access to labeled data. 861

Evaluation is conducted on the same test split. 862

1IntentGPT (Rodriguez et al., 2024) mention they use
fewer than 10% for each known category, but they do not
specify the exact percentage.
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Algorithm 3 Update Bag-of-Texts Vectors
Require: D, X, Z, candidates size m, max iterations T ,

LLM
Ensure: Bag-of-texts vectors Z ∈ RN×(d+d∗)

1: Initialize Z0 ← Z
2: for t = 0 to T − 1 do
3: Ut ← X⊕ Zt

4: for each xj ∈ D do
5: if t > 0 and cos(zt−1

j , ztj) > 0.99 then
6: zt+1

j ← ztj {# Skip updating}
7: else
8: M t

j ← {xt
j1, . . . , x

t
jm} from Ut as the top-m

by cosine similarity to xj

9: Ot
j ← LLM(M t

j ) ∈ P(Mj) ∪ {∅} {# P(.):
power set}

10: if Ot
j ̸= ∅ then

11: zt+1
j ← MeanPooling{ztk : xk ∈ Ot

j}

12: zt+1
j ←

zt+1
j

∥zt+1
j ∥2

13: else
14: zt+1

j ← ztj
15: end if
16: end if
17: end for
18: Zt+1 ← {zt+1

j }xj∈D

19: end for
20: return ZT ∈ RN×(d+d∗)

# clusters # train # valid # test # total
Bank77 77 9,003 1,000 3,080 13,083
Clinc150 150 18,000 2,250 2,250 22,500
StackO 20 18,000 1,000 1,000 20,500

Table 6: Train–Validation–Test splits from previous
studies (An et al., 2024; Liang et al., 2024b; Zou et al.,
2025b). ‘StackO’ is the StackOverflow dataset

They train an embedder using the training split863

and optimize it based on the labeled validation set,864

with the test set used solely for evaluation. In con-865

trast, our method performs test-time embedding866

construction, so it requires to access test data, simi-867

lar to IDAS De Raedt et al. (2023) and IntentGPT868

Rodriguez et al. (2024), using all available text data869

(D = Dtest ∪Du) to construct embeddings.870

Since our clustering is unsupervised, no label in-871

formation is used. In practice, clustering methods872

require access to the text to be clustered in order to873

construct representations, and our approach natu-874

rally uses all available texts.875

D Selection of d876

gemma-2-9b-it (as LLM) and All-MiniLM-L6-877

v2 (as embedder) are used in the hyperparameter878

search. Table 7 shows the two datasets that we used879

for selecting the dimensionality of the BoT vector880

d. Figure 6 shows that they all give similar perfor-881

mance. We selected value d = 1024 and used this882

Emerging data K |Dtest|
ArxivS2S 93 3,674
Reddit 50 3,217

Table 7: External datasets used for selecting the dimen-
sionality hyperparameter d

Figure 6: The average ACC and NMI across two
datasets for different d. Results for K-means are av-
eraged over 5 runs. 4096 here means min{4096, N}
because the dataset size can be smaller.

value across all datasets and experiments. 883

E Prompt 884

Table 8 shows the prompts used in our experiment. 885

It consists of three parts: task instruction, answer 886

format, and task. 887

F Effect of Different Embedders 888

Because we use a subset instead of scanning the 889

entire dataset for each text, the quality of the texts 890

selected by the embedder influences the construc- 891

tion of our BoT vector. We report two ratios of the 892

first iteration, averaged across all texts. 893

Embedder Selection Ratio: 894

#{True same-cluster in top m as the text}
m

895

In our experiments, we set m = 30. Note that 896

Embedder here does not refer to the pre-training 897

embeddings alone; it denotes the concatenation of 898

the pre-training embeddings and the BoT vectors. 899

We focus on the first iteration, i.e., U1, since all 900

BoT vectors have not yet converged and they are 901

largely evenly spaced and uninformative in the ini- 902

tial state. As a result, the selection relies mostly on 903

the pre-training embeddings. 904

LLM Selection Ratio (LLM): 905

#{LLM-selected items truly in the same cluster as the text}
#{ items selected by LLM}

906

Table 9 shows that E5 produces the best pool on 907

average. We also observe that the LLM ratio re- 908
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CLINC150, Bank77, Mtop, and Massive
Task Instructions:
Compare each Candidate Utterance to the Target Utterance. Select only
Candidates with the same intent as the Target Utterance. Intent refers to
the request or the purpose the user wants to achieve.
GoEmo
Task Instructions:
Compare each Candidate Utterance to the Target Utterance. Select only
Candidates with the same emotion as the Target Utterance.
Stackoverflow
Task Instructions:
Compare each Candidate Question to the Target Question. Select only
Candidates with the same main programming framework, language, tool,
or concept as the Target Question.
Answer Format:
Only provide the final selection of Candidate Utterances by listing their
numbers if they match the Target Utterance intent or request.
1. If Candidates 3, 4, and 9 match, write: The Candidate utterance

number(s): 3, 4, 9

2. If no Candidates match, write: The Candidate utterance number(s):
none

Note: Stick to the answer format and avoid providing extra explanations.

Task:
Target Utterance: {sentence 1}
Candidate Utterances:
1. {sentence 1}
...
m. {sentence m}

Table 8: Task Instructions Prompt. Note: The boldface
used here is for readability; it is not used in the prompt.
If the dataset is Stackoverflow, we use ‘question’ instead
of ‘utterance’ in the Answer format.

mains relatively stable, even when the embedder909

ratio fluctuates substantially.910

G Percentage of Texts Converged at911

Iteration t912

Figure 7 shows ratio of text convergence. It shows913

most datasets have 90% convergence ratio by the914

5th iteration, and by the 7th iteration, all datasets915

achieve a 95% convergence ratio.916

H Results by Different LLMs917

We report the detailed results of all datasets by dif-918

ferent LLMs in Table 10. Qwen and Gemma con-919

sistently outperform LLaMA. We also report the920

LLM selection accuracy (see Appendix F for the921

definition). Table 11 shows that Gemma and Qwen922

have similar capabilities in identifying similar texts,923

outperforming LLaMA. This finding aligns with924

prior work (Lin et al., 2025).925

I HDBSCAN Clustering926

To reflect real-world settings with unknown K, we927

apply HDBSCAN (McInnes et al., 2017) to parti-928

tion Dtest into K̂ clusters. We set min_samples =929

1 to reduce noise. The noise points are assigned to930

the nearest cluster centroid. We perform an incre-931

mental grid search over min_cluster_size values932

Figure 7: Ratio of texts converged at iteration t. All-
MiniLM-L6-v2 (as embedder) and Qwen3-8B (as LLM)
were used.

of 10, 15, . . . , 50, stopping early if the silhouette 933

score does not improve (Rousseeuw, 1987). Us- 934

ing the silhouette score for hyperparameter search 935

follows prior work (Gung et al., 2023). 936

Tables 12 and 13 shows the detailed evaluation 937

result with HDBSCAN clustering. 938

Table 14 and Table 15 show the estimated num- 939

ber of clusters, K̂, for the two scenarios. The re- 940

sults indicate that the refined embeddings produced 941

by our method are generally closer to the ground 942

truth than the pre-trained (Plain) embeddings. Ex- 943

cept for the Bank77 and GoEmo datasets. 944

J Details of the full dataset clustering 945

Datasets Used with LLM Guidance Table 16 946

shows the number of examples we use with the 947

LLM. We re-use the representations derived in the 948

emerging data setting, so the number of examples 949

with LLM guidance remains the same as in Table 950

1, i.e., |Dtest|, and there is no need to re-run all 951

experiments. The examples account for 20.6% to 952

23.5% of datasets. Examples with LLM guidance 953

are used to train the MLP, since their BoT vectors 954

have been derived. The pre-trained embeddings 955

from all-MiniLM-L6-v2 serve as input, and the 956

LLM-generated BoT vectors serve as target output 957

for supervised learning with an MLP. 20% of the 958

examples are used as a validation set to tune the 959

hyperparameters. 960

MLP Architecture and Hyperparameter Search 961

We build an MLP for each dataset. We only tune the 962

hidden layer dimensionality using the validation 963

set, with search over {512, 1024, 2048}. 964
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Bank 77 Clinc150 Mtop Massive GoEmo Average
Emb LLM Emb LLM Emb LLM Emb LLM Emb LLM Emb LLM

TF-IDF 43.26 68.02 49.71 82.60 62.93 78.55 45.28 70.21 30.85 36.32 46.41 67.14
Bert 38.08 63.41 56.12 86.49 69.72 82.48 50.48 73.61 20.02 25.90 46.88 66.38
MiniLM 62.03 75.55 69.76 89.09 70.88 81.27 61.58 76.14 22.33 27.79 57.32 69.97
E5 58.64 73.25 67.80 88.48 72.00 81.53 61.66 76.33 27.97 32.02 57.61 70.32

Table 9: Selection Accuracy By Embedders at 1st iteration (%)(emerging data scenario). Bold numbers: best.
LLM is Gemma.

Bank 77 Clinc150 Mtop Massive GoEmo Bank 77GCD Clinc150GCD StackOGCD Average
NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc

Gemma 85.44 73.12 94.45 87.58 72.18 39.40 76.74 66.84 21.77 25.22 86.90 74.93 95.32 88.71 81.21 82.54 76.75 67.29
Qwen 85.01 71.63 93.79 87.12 73.29 37.45 74.24 61.47 21.61 25.83 86.53 74.31 95.61 89.41 82.15 83.42 76.53 66.33
Llama 81.75 66.18 91.66 83.12 70.12 35.79 73.26 60.40 18.91 20.81 83.16 68.16 94.00 85.66 77.42 80.10 73.78 62.53

Table 10: Further analysis of results using different LLMs.

Clustering of the entire dataset with MLP out-965

put We first encode all examples into pre-trained966

embeddings using all-MiniLM-L6-v2, then use the967

trained MLP to derive BoT versions of these em-968

beddings. These BoT vectors are used to cluster all969

examples.970

Dataset K Total LLM No-LLM LLM ratio
Bank77 77 13,083 3,080 10,003 23.5%
Clinc150 150 22,500 4,500 18,000 20%

Table 16: Dataset Statistics.

Evaluation For HDBSCAN, we set971

min_samples = 1 to reduce noise. The972

noise points are assigned to the nearest cluster973

centroid. We perform an incremental grid974

search over min_cluster_size values of975

50, 75, 100, 125, . . . , 250 – five times the original976

range – stopping early if the silhouette score does977

not improve. For K-means, we set the number of978

clusters equal to the ground-truth cluster count K.979
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Bank 77 Clinc150 Mtop Massive GoEmo Average
Emb LLM Emb LLM Emb LLM Emb LLM Emb LLM Emb LLM

Gemma 62.03 75.55 69.76 89.09 70.88 81.27 61.58 76.14 22.33 27.79 57.32 69.97
Qwen 61.08 75.32 70.16 90.14 72.44 84.19 60.88 76.62 22.27 28.91 57.36 71.04
Llama 56.15 64.57 64.05 78.95 67.99 75.16 58.17 67.74 19.96 23.43 53.26 61.97

Table 11: Selection Accuracy By LLMs at 1st iteration(%)(emerging data scenario). Bold numbers: best. All-
MiniLM-L6-v2 used as backbone embedder.

Bank 77 Clinc150 Mtop Massive GoEmo Average
NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc

TF-IDF
Plain 53.06 33.34 56.55 32.64 39.79 22.83 41.26 26.09 11.56 16.10 40.44 26.20
LeBoT (Ours) 79.92 65.23 89.29 79.58 71.14 46.62 69.81 56.46 30.93 24.47 68.22 54.47
Bert
Plain 0.84 1.69 73.03 50.87 63.95 40.97 2.86 8.18 1.35 12.05 28.41 22.75
LeBoT (Ours) 76.12 57.40 93.07 85.62 75.94 51.64 73.71 63.97 20.78 15.68 67.92 54.86
MiniLM
Plain 78.78 60.39 86.79 67.71 67.30 55.91 62.55 48.15 11.31 18.62 61.35 50.16
LeBoT (Ours) 85.13 71.85 94.52 87.58 76.83 59.51 76.88 67.78 23.18 21.92 71.31 61.73
E5
Plain 78.68 62.18 87.57 65.62 63.45 53.79 1.15 7.74 15.43 17.70 49.26 41.41
LeBoT (Ours) 85.03 70.65 93.82 85.80 75.38 53.17 76.33 62.59 28.07 29.59 71.73 60.36

Table 12: Five-benchmark results (emerging data scenario, HDBSCAN). Gemma is used in LeBoT. Plain: direct
embedding clustering. Bold numbers: best within the embedder.

Bank 77 Clinc150 StackO Average
Method NMI Acc NMI Acc NMI Acc NMI Acc
Plain 78.78 60.39 83.02 51.82 66.26 57.20 76.02 56.47
LeBoT 86.75 74.64 95.24 88.36 81.43 83.50 87.81 82.17

Table 13: Three-benchmark results (GCD scenario,
HDBSCAN) Gemma is used in LeBoT. Bold numbers:
best. All-MiniLM-L6-v2 used as backbone embedder.
Plain: direct embedding clustering.

Bank 77 Clinc150 Mtop Massive GoEmo
Bert
Plain 2 111 62 2 2
LeBoT 69 144 77 61 51
MiniLM
Plain 78 139 17 27 11
LeBoT 66 145 67 56 53
E5
Plain 73 134 9 2 3
LeBoT 68 147 64 63 60

Table 14: Emerging scenario: Estimated Number of
Clusters K̂ by HDBSCAN. gemma-2-9b-it used in
LeBoT.

Bank 77 Clinc150 Stackoverflow
Plain 78 82 13
LeBoT 80 139 19
True K 77 150 20

Table 15: GCD scenario: Estimated Number of Clusters
K̂ by HDBSCAN. All-MiniLM-L6-v2 used as back-
bone embedder. gemma-2-9b-it was used in LeBoT.
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