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Abstract001

LLMs have become foundational across many002
NLP applications, driving a shift from an003
algorithm-centric to a context-centric paradigm.004
As an important task in text mining, the land-005
scape of topic modeling (TM) is similarly006
being reshaped by a growing body of LLM-007
driven research. We review recent TM de-008
velopments and categorize existing methods009
into three groups: Classical Algorithm-Centric,010
LLM-Assisted, and LLM-Centric. For tradi-011
tional algorithm-centric methods, we refine012
prior taxonomies and highlight recent advances.013
For the LLM-Assisted and LLM-Centric set-014
tings, we introduce a new taxonomy that em-015
phasizes the role of LLMs and the design016
of end-to-end workflows, respectively. We017
examine the transformative impact of LLM-018
Centric TM, characterized by several key de-019
velopments: broadened and more inclusive task020
scope across multiple dimensions, a conceptual021
move away from conventional distributions to-022
ward entropy-focused metrics for evaluating023
topic prominence and keyword focus. We also024
propose a future roadmap for more optimized025
LLM-Centric TMs and identify critical ongo-026
ing challenges. We aim for this survey to spur027
closer integration between TM and LLMs and028
to further drive the progress of modern TM.1029

1 Introduction030

Topic modeling (TM), as a classic unsupervised031

learning task in the field of Natural Language Pro-032

cessing (NLP), aims to reduce high-dimensional033

text data to a low-dimensional topic space, auto-034

matically extracting topic information and parsing035

topic structures from a massive number of docu-036

ments. With the rapid advancement of powerful037

large language models (LLMs) transforming NLP,038

the field of TM has increasingly been reshaped by039

1A curated list of papers and resources related to this sur-
vey is available at https://anonymous.4open.science/r/
Topic-Models-LLM-3C54

a growing body of LLM-driven research, includ- 040

ing studies that integrate LLMs with traditional 041

algorithm-centric models, as well as those that em- 042

ploy LLMs exclusively as the core of solutions. 043

Prior surveys (Abdelrazek et al., 2023; Wu et al., 044

2024a; Hankar et al., 2025) have detailed a wide 045

range of techniques—such as probabilistic gener- 046

ative modeling (Blei et al., 2003), autoencoding 047

variational inference (Srivastava and Sutton, 2017), 048

and clustering algorithms (Sia et al., 2020), along 049

with mature toolkits like LDA (Yut et al., 2017), 050

Top2Vec (Angelov, 2020), and neural topic mod- 051

els (NTMs) (Wu et al., 2024c). They have also 052

covered NTMs optimized for specific scenarios 053

and requirements, including short-text settings, hi- 054

erarchical topics, and multilingual or multimodal 055

contexts. However, most prior reviews emphasize 056

algorithm-centric methods and do not focus on the 057

involvement of LLMs. Beyond recent enhance- 058

ments to the classical TM algorithm, the increasing 059

number of recent studies on both LLM and TM 060

is not recognized standalone. We reviewed the re- 061

cent fieldwork and present new taxonomies and our 062

view of this paradigm shift. 063

Algorithm-Centric TM denotes relatively 064

lightweight methods with clearly defined struc- 065

tures, such as probabilistic graphical models 066

(LDA) and neural variational models (ProdLDA, 067

VAE-style LDA variants). When LLM are incor- 068

porated into a particular step of a conventional 069

topic modeling pipeline to boost performance, but 070

the overall framework is still driven by traditional 071

algorithms, we categorize the approach as LLM- 072

Assisted. In LLM-assisted settings, LLMs inject 073

rich semantic priors into topic modeling across 074

data augmentation, representation, inference, and 075

evaluation. LLM-Centered topic analysis methods 076

treat LLMs as the primary engine, shifting the 077

research emphasis to prompt or instruction design, 078

alignment, reasoning capabilities, and integration 079

with external tools. 080
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Methods

Prior Surveies Abdelrazek et al. (2023); Wu et al. (2024a); Hankar et al. (2025).

Classical TM and
Recent Advances

(§2)

Latent Dirichlet Allocation LDA(Blei et al., 2003); LDA as a benchmark method(Griffiths and Steyvers, 2004);
LDA*(Yut et al., 2017); hLDA(Chen et al., 2018).

Embedding-based TM

Static Word embeddings ETM(Dieng et al., 2020); EmTM (Rashid et al., 2023b);
WeTe(Wang et al., 2022); Another approach(Sia et al., 2020).

LLM-based Contextual Embeddings BERTopic(Grootendorst, 2022); DeTiME(Xu et al., 2023a);
FASTopic(Wu et al., 2024b); C-Top2Vec(Angelov and Inkpen, 2024a); MTM(S et al., 2025).

Other Embeddings HyperMiner(Xu et al., 2022); DiffETM(Shao et al., 2025).

Variational Autoencoder
and improved variants

Prior Distribution S2WTM(Adhya and Sanyal, 2025); Gaussian mixture priors with
nonlinear structural modeling(Chen et al., 2023).

Contrastive Learning Multi-objective contrastive variational topic modeling(Nguyen et al., 2025);
NTM-ACL(Wang et al., 2023); ContraTopic(Gao et al., 2024).

Optimal Transport The Neural Topic Model via OT(Zhao et al., 2020b); NeuroMax(Pham et al., 2024b);
TraCo(Wu et al., 2024d); EnCOT(Vu et al., 2025).

Integrated Methods Prior Distribution + OT: vONTSS(Xu et al., 2023b); Prior Distribution + OT: DBN and its extension D2BN (Zhang and Lauw, 2024);
Embedding-based Topic Model + OT: FASTopic(Wu et al., 2024b); CL + OT: HiCOT (Vuong et al., 2025).

Other Adaptations for
Special Scenarios

low-resource and short-text settings: kNNTM (Lin et al., 2024); dynamic scenarios: DSNTM (Miyamoto et al., 2023); hierarchical modeling:
NSEM-GMHTM (Chen et al., 2023); cross-application contexts: BERTDetect (Ranaweera et al., 2025); CTM-MM (Rashid et al., 2023a).

LLM-Assisted TM
(§3)

Data Preprocessing AugmentTopic (Akash and Chang, 2024); LimTopic (Azher et al., 2025); the semi-supervised LiSA framework (Liu et al., 2025).

LLM-derived Embeddings DeTiME(Xu et al., 2023a); DisCTM(Wang et al., 2025); FinBERT2(Xu et al., 2025b).

Post-hoc Refinement BERTopic (Grootendorst, 2022); AgenTopic (pariskang, 2025); LLM-ITL(Yang et al., 2025b).

Evaluation and Analyzing LLM-based evaluations (Stammbach et al., 2023); WALM(Yang et al., 2025a); FinBERT2(Xu et al., 2025b); ProxAnn(Hoyle et al., 2025).

LLM-Centric TM
(§4)

Prompt-based TM
One-Round TM Prompting can replace traditional topic models(Mu et al., 2024; Xu et al., 2025a);

Refine preliminary topics through tailored prompt designs(Kappei, 2024; Doi et al., 2024).

Two-Round TM TopicGPT (Pham et al., 2024a); TopicGen (van Wanrooij and Manhar, 2024); CHIME pipeline(Hsu et al., 2024).

Agentic TM and
Similar Systems

Coordinated multi-prompt or multi-agent workflows (Weng, 2023); Aella Explorer (Kuzco and Hogan, 2025);
BettaFish (Jiang and Contributors, 2025); automated survey pipelines (Liang et al., 2025).

Figure 1: Taxonomy of diverse approaches.

More importantly, the topic analysis paradigm081

shift brought about by LLMs, along with their082

prospective development trajectories and associ-083

ated challenges, warrants deeper examination and084

discussion. We also present a rich set of perspec-085

tives and analyzes. Our main contributions are086

summarized as follows:087

1. Updated review on TM in the LLM era: We088

survey TM through the lens of LLM involvement089

and categorize methods into Classical Algorithm-090

Centric, LLM-Assisted, and LLM-Centric. For091

Classical Algorithm-Centric TM, we refine prior092

taxonomies with a special focus on advances from093

the past three years.094

2. Systematic taxonomies for LLM-Assisted095

and LLM-Centric TM: We propose classification096

frameworks that clarify LLM roles (e.g., prior in-097

jection, supervision, constraint/feedback) and em-098

phasize end-to-end workflow design.099

3. Insightful discussions about paradigm100

evolution and method selection: We articulate101

how LLM-Centric TM broadens the task space102

along multiple dimensions and advocate a shift103

from conventional distributional assumptions to-104

ward entropy-focused metrics. We also provide105

a contemporary comparative analysis for method106

selection.107

4. Roadmap and open challenges for opti-108

mized LLM-Centric TM: We present a forward-109

looking roadmap for engineering more efficient110

and effective LLM-Centric TMs, and we enumer-111

ate critical ongoing challenges to catalyze tighter 112

integration between TM and LLMs and accelerate 113

progress in modern TM. 114

2 Classical Algorithm-Centric TM and 115

Recent Advances (Appendix B.1) 116

2.1 Latent Dirichlet Allocation (Tables 4) 117

Classical topic modeling originated with Latent 118

Dirichlet Allocation (LDA) (Blei et al., 2003), 119

which represents documents as mixtures of latent 120

topics and models each topic as a probability distri- 121

bution over words. Owing to its mature theoretical 122

foundation, LDA has long served as a benchmark 123

method in topic modeling research (Griffiths and 124

Steyvers, 2004). Additionally, large-scale imple- 125

mentations like LDA* (Yut et al., 2017) enable 126

robust, efficient distributed inference on massive 127

corpora. Hierarchical variants, e.g., hLDA (Chen 128

et al., 2018), use the nested Chinese Restaurant 129

Process to model topic hierarchies and have been 130

scaled to industrial datasets. However, LDA’s bag- 131

of-words assumption overlooks long-range depen- 132

dencies, hurting performance on unstructured/noisy 133

data; as probabilistic generative models, LDA vari- 134

ants also struggle with sparse short texts and rely 135

heavily on manual preprocessing. 136

2.2 Embedding-based Topic Model (Tables 5) 137

Embedding-based topic models map words, docu- 138

ments, and topics into a continuous vector space, 139

use pretrained word/sentence embeddings (e.g., 140
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Word2Vec (Mikolov et al., 2013), GloVe (Penning-141

ton et al., 2014), BERT (Devlin et al., 2019)) to142

capture semantic similarity, and discover topics via143

clustering or probabilistic modeling in that space.144

Static Word embeddings. This line of work builds145

topic models on static embeddings (e.g., Word2Vec,146

GloVe). ETM (Dieng et al., 2020) jointly embeds147

texts and topics in a shared latent space, improving148

semantic similarity over bag-of-words. Clustering-149

based approaches (Sia et al., 2020) group pre-150

trained word vectors with document-level cues to151

re-rank keywords. Subsequent variants enhance152

this paradigm: EmTM (Rashid et al., 2023b) clus-153

ters Word2Vec embeddings to mitigate short-text154

sparsity and improve interpretability, and WeTe155

(Wang et al., 2022) models documents as mixtures156

of word embeddings and topics as distributions of157

topic embeddings to learn fine-grained topics.158

LLM-based Contextual Embeddings. Trans-159

former models (e.g., BERT) provide contextual160

embeddings that support clustering-based topic dis-161

covery. BERTopic (Grootendorst, 2022) combines162

BERT document embeddings, HDBSCAN, and163

class-based TF–IDF for interpretable topics. De-164

TiME (Xu et al., 2023a) augments encoder–decoder165

LLM embeddings with diffusion to improve cluster-166

ing and enable topic-aware generation. FASTopic167

(Wu et al., 2024b) aligns documents with learn-168

able topic/word embeddings via Dual Semantic169

Reconstruction for efficient discovery. C-Top2Vec170

(Angelov and Inkpen, 2024a) leverages contextual171

token embeddings for hierarchies, in-document172

spans, and phrase labels, while MTM (S et al.,173

2025) uses multi-view contextual embeddings with174

clustering regularization to improve stability and175

diversity.176

Other Embeddings. Beyond Euclidean spaces,177

HyperMiner (Xu et al., 2022) employs hyperbolic178

embeddings to capture hierarchical semantics in179

topic taxonomies. DiffETM (Shao et al., 2025)180

injects document semantics into latent variables181

via diffusion-regularized enhancement, gradually182

adding noise that conforms to a normal distribution.183

2.3 Variational Autoencoder (Tables 6-7)184

Neural Topic Models (NTMs) emerged by fusing185

probabilistic topic modeling with deep neural net-186

works—especially variational autoencoders (VAE)187

and neural decoders—to overcome bag-of-words188

and linear prior limits in classical models like LDA;189

they retain latent variables for document–topic and190

topic–word structure while using neural networks191

for amortized inference and generation. A typical 192

representative is ProdLDA (Srivastava and Sutton, 193

2017), which reformulates Latent Dirichlet Alloca- 194

tion as a VAE by using an encoder-decoder struc- 195

ture, where the encoder approximates the posterior 196

over topic proportions and the decoder generates 197

word distributions. Building on this paradigm, sub- 198

sequent research has advanced along several direc- 199

tions. 200

Prior Distribution. A key line of research 201

refines the VAE prior to alleviate posterior col- 202

lapse and strengthen latent topic representations. 203

Chen et al. (2023) integrate Gaussian mixture pri- 204

ors with nonlinear structural modeling to induce 205

more semantically meaningful topics and to orga- 206

nize them into coherent hierarchies. S2WTM (Ad- 207

hya and Sanyal, 2025) adapts the latent space to a 208

hyperspherical geometry and employ the Spheri- 209

cal Sliced-Wasserstein distance to better align the 210

aggregated posterior with the prior. 211

Contrastive Learning. CL has been integrated 212

into VAEs to improve topic coherence, diversity, 213

and downstream performance. NTM-ACL (Wang 214

et al., 2023) injects contrastive signals via cycle 215

adversarial training; ContraTopic (Gao et al., 2024) 216

adds topic-wise contrastive regularization guided 217

by corpus statistics to boost intra-topic coherence 218

and inter-topic diversity. Nguyen et al. (2025) 219

formulates set-oriented CL with gradient-based 220

multi-objective optimization to balance the ELBO 221

and contrastive objectives at Pareto-stationary solu- 222

tions. 223

Optimal Transport. OT aligns latent distribu- 224

tions to enhance interpretability in NTMs. The 225

OT-based NTM (Zhao et al., 2020b) models docu- 226

ment–topic relations more accurately; NeuroMax 227

(Pham et al., 2024b) maximizes mutual informa- 228

tion and adds group-level OT regularization to im- 229

prove topic informativeness and separation. For 230

hierarchies, TraCo (Wu et al., 2024d) uses sparse 231

balanced transport plans to encode parent–child 232

structure while preserving sibling diversity. For 233

short texts, EnCOT (Vu et al., 2025) dual-aligns 234

documents/clusters and topics/clusters to mitigate 235

sparsity and sharpen separation. OT-based objec- 236

tives have also been explored to help LLMs main- 237

tain semantic and structural consistency over long 238

contexts. 239

2.4 Integrated Methods (Tables 8) 240

Some methods combine multiple strategies. (Prior 241

+ OT) vONTSS (Xu et al., 2023b) uses a vMF 242
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prior with an OT-based semi-supervised loss to243

align topic–word relations to external knowledge.244

(Prior + OT) DBN and D2BN (Zhang and Lauw,245

2024) couple Dirichlet priors with OT barycenters246

and GNNs, balancing semantic interpretability and247

structure. (Embeddings + OT) FASTopic (Wu248

et al., 2024b) unifies Transformer-based document249

embeddings with learnable topic/word embeddings250

via OT and Dual Semantic Reconstruction for effi-251

cient topic discovery. (CL + OT) HiCOT (Vuong252

et al., 2025) integrates OT with hierarchical cluster-253

ing and contrastive objectives to improve coherence254

and diversity.255

2.5 Other Adaptations for Special Scenarios256

(Tables 9)257

Advances target sparsity, dynamics, hierarchy, and258

multimodality. In low-resource/short-text set-259

tings, kNNTM (Lin et al., 2024) augments doc-260

uments with nearest neighbors to stabilize VAE261

training and enrich reconstruction. For dynamic262

corpora, DSNTM (Miyamoto et al., 2023) embeds263

self-attention in a VAE and adds citation-based264

regularization to track evolving themes. For hi-265

erarchies, NSEM-GMHTM (Chen et al., 2023)266

employs a Gaussian-mixture prior with nonlinear267

structural equations to represent hierarchical and268

symmetric dependencies. In cross-application269

contexts, BERTDetect (Ranaweera et al., 2025) and270

CTM-MM (Rashid et al., 2023a) adapt VAE-style271

topic models to Android malware and multimodal272

social media, improving coherence under domain273

constraints.274

3 LLM-Assisted TM (Appendix B.2)275

LLM-assisted means that the LLM serves an auxil-276

iary role for specific subtasks, while the core infer-277

ence over topics and document–topic distributions278

is performed by traditional algorithms such as LDA279

or NTM.280

3.1 Data Preprocessing (Tables 10)281

LLMs facilitate corpus preprocessing via summa-282

rization, expansion, rewriting/cleaning, and label283

generation, improving quality and adding weak su-284

pervision for topic modeling. Akash and Chang285

(2024) combines LLM-based context expansion286

with prefix-tuned VAEs for short texts. More ad-287

vanced methods—LimTopic (Azher et al., 2025)288

and LiSA (Liu et al., 2025)—use LLMs to propose289

candidate topic words to guide unsupervised clus-290

tering models with semantic-aware clustering, ad-291

dressing prior limitations in capturing fine-grained 292

document semantics. 293

3.2 LLM-derived Embeddings (Tables 11) 294

LLM-derived embeddings replace bag-of-words 295

with stronger priors/initializations and overlap 296

with Embedding-based Topic Model in Section 297

2.2 (e.g., BERTopic, FASTopic). Refinements 298

target efficiency and domain adaptation via ad- 299

vanced architectures, disentanglement, and adap- 300

tation. DeTiME (Xu et al., 2023a) integrates en- 301

coder–decoder embeddings with diffusion augmen- 302

tation to improve clustering and enable topic-aware 303

generation. DisCTM (Wang et al., 2025) intro- 304

duces topic disentanglement for domain-specific 305

short texts, and Fin-Topicmodel in FinBERT2 (Xu 306

et al., 2025b) uses fine-tuned financial embeddings 307

for more efficient representations. 308

3.3 Post-hoc Refinement (Tables 12) 309

LLMs post-process topic word lists via rewriting, 310

correction, and merging to improve coherence, di- 311

versity, and readability. BERTopic (Grootendorst, 312

2022) already supports custom prompts for regen- 313

erating topics. AgenTopic (pariskang, 2025) inte- 314

grates GPT-4 with caching for iterative refinement, 315

reducing redundancy and assignment errors; LLM- 316

ITL (Yang et al., 2025b) couples NTMs (learning 317

global topics) with LLM-based OT alignment that 318

adapts to LLM confidence. 319

3.4 Evaluation and Analyzing (Tables 13) 320

LLM-based evaluation correlates well with humans 321

and aids analysis. Stammbach et al. (2023) reports 322

stronger correlations than traditional metrics and 323

provides guidance on topic number. WALM (Yang 324

et al., 2025a) jointly assesses document represen- 325

tations and topic quality; FinBERT2 (Xu et al., 326

2025b) prompts for coherence, conciseness, and in- 327

formativeness. ProxAnn (Hoyle et al., 2025) shows 328

that LLM proxy annotations can match human 329

labels. Nonetheless, LLMs can produce generic 330

themes and miss domain-specific topics in large 331

corpora (Li et al., 2025); Moreover, limited context 332

windows also induce hallucinations and scalability 333

issues. 334

4 LLM-Centric TM (Appendix B.3) 335

LLM-centric means that the LLM serves as the pri- 336

mary inference mechanism for discovering topics, 337

generating topic assignments and topic descriptions 338

via prompting and other LLM reasoning methods. 339
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Figure 2: Illustration of Two Types of Prompt-based TMs and Advanced LLM-Centric TM in Future

Prompts of each method mentioned in this section340

are summarized in Appendix B.3.341

4.1 Level 1: Prompt-based TM342

At this level, core steps such as topic genera-343

tion and refinement are accomplished with one344

or two rounds of LLM calls, relying on minimal345

external tools; in practice, this level translates to346

prompt/template engineering and simple, shallow347

pipelines (often a single pass with optional minor348

refinement).349

One-Round Prompt-based TM One-Round350

Prompt-based TMs is a paradigm where the entire351

corpus is processed by an LLM in a single inference352

pass to produce the topic structure (often labels or353

hierarchies). Any subsequent steps that do not in-354

voke additional LLM inference—such as keyword355

matching, clustering, or other non-LLM postpro-356

cessing—are allowed. Reasoning over, summariz-357

ing, or reorganizing the collected output within that358

same pass is still considered one round.359

Prior work shows that vanilla prompts in one360

pass inference can replace traditional topic models,361

yielding human-aligned topics (Mu et al., 2024;362

Xu et al., 2025a), while tailored prompt designs363

improve coherence/diversity and reduce hallucina-364

tions, especially on small or short-text corpora (Doi365

et al., 2024; Kappei, 2024). However, one-round366

processing may lead to problems such as a lack of367

complete topic assignment and incomplete topic 368

coverage. The existing research focuses on short 369

texts or small corpora. 370

Two-Round Prompt-based TM The Two- 371

Round setup uses two LLM inference passes over 372

the corpus. The first pass typically proposes or or- 373

ganizes candidate topics (labels, hierarchies). The 374

second pass focuses on assigning documents to top- 375

ics or refining the mapping between documents and 376

topics. Two-Round Prompt-based TMs are com- 377

monly utilized to handle large corpora, compensate 378

for the current limitations of LLMs, and satisfy 379

higher accuracy demands. 380

Representative systems generate and consolidate 381

topics, then classify them with evidence (TopicGPT 382

(Pham et al., 2024a); TopicGen (van Wanrooij and 383

Manhar, 2024)); hierarchical organization for liter- 384

ature reviews follows a similar spirit (CHIME (Hsu 385

et al., 2024)). Although some add preprocessing or 386

constraints, they fit the two-round paradigm. 387

4.2 Level 2: Agentic TM and Similar Systems 388

Rather than relying on just one or two passes of text 389

generation over a corpus, this level employs more 390

sophisticated workflows that use diverse prompts 391

for distinct functions, or coordinated agentic sys- 392

tems (Weng, 2023) that are integrated with knowl- 393

edge bases, retrieval mechanisms, and iterative 394

evaluation loops to enable autonomous task solv- 395
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Layer Module Primary Responsibilities

Control Coordinator / Planner Task decomposition; stage orchestration; merge/split/refine/stop policies; param-
eter auto-adaptation

Execution
Preprocessing & Context
engineering

Cleaning; chunking; summarization; retrieval; top-level classification

Topic Generation Topic discovery and refinement (merge/split/prune)
Postprocessing & Output Document assignment; quality evaluation/alignment; reporting/visualization

Memory
Short-term Memory Incomplete/validated topics from current run; key instructions; intermediate

human feedback
Long-term Memory Domain topic knowledge; accumulated topic library; glossary; evaluation

records; user preferences

Tools
Knowledge Bases Support with structured and unstructured knowledge
Models & Ops Tools NER/classification; lightweight inference; graph read/write; embeddings and

clustering
Evaluation & Alignment Metric computation; human/LLM feedback to drive iteration

Table 1: A structured framework for advanced topical analysis agents, founded on the four-component agent
paradigm.

ing. Agentic TM and related systems converge396

on a unified collect/retrieve/aggregate → mea-397

sure/induce/analyze → visualize/report pipeline398

that goes beyond topic analysis. Practically, they399

combine short/long-term memory with multi-tool400

collaboration (RAG, graphs, NER/clustering),401

forming a tool-augmented, system-integrated work-402

flow.403

Aella Explorer maps large scientific corpora via404

SPECTER2 embeddings, UMAP, and K-Means,405

with LLM-curated labels for interpretability and406

interaction (Kuzco and Hogan, 2025). Be-407

yond semantics, systems add reasoning over sen-408

timent, stance, and insight: BettaFish fuses409

multi-source news/comments via multi-agent RAG410

into topic–sentiment–viewpoint structures and411

reusable report IRs (Jiang and Contributors, 2025);412

automated survey pipelines use multi-round re-413

trieval, clustering, and AttributeTree distillation to414

drive RAG-based outlines and drafting, yielding au-415

ditable evidence-to-text outputs (Liang et al., 2025).416

Collectively, LLMs plus retrieval and graph/visual417

analytics elevate topics into interpretable, evolv-418

able, decision-oriented units.419

5 Discussions420

5.1 Future Roadmap for More Optimized421

LLM-Centric TM422

Future LLM-centric topic models can be optimized423

along several axes: not only through generalizable424

pre-/post-processing tricks tailored to different sce-425

narios but also via training/reasoning methods that426

enhance the model’s generative ability—and, more 427

importantly, through agentic system blueprints that 428

integrate tools, knowledge bases, and LLM capa- 429

bilities. These improvements jointly aim to balance 430

computational efficiency, thematic accuracy, and 431

interpretability. 432

General Tricks. Preprocessing plays a crucial 433

role in adapting diverse text corpora to LLM ca- 434

pabilities. Long documents can be summarized to 435

fit model context limits, while short texts can be 436

expanded to alleviate sparsity. Moreover, enforcing 437

strict format and quality constraints—such as fix- 438

ing the number of documents per topic or keywords 439

per topic—ensures consistency and interpretabil- 440

ity. For large-scale corpora, efficient sampling or 441

chunking strategies can be applied: topics are in- 442

ferred from selected subsets, and remaining docu- 443

ments are assigned using lightweight clustering or 444

C-TF-IDF methods, thereby reducing costs without 445

sacrificing overall structural quality. 446

LLM-Specific improvements. Prompt de- 447

sign can enhance the quality of topic genera- 448

tion. Incorporating seed topics, few-shot exem- 449

plars, or user-specified granularity helps LLMs 450

generate more accurate and coherent topic repre- 451

sentations. Dynamic retrieval-based context load- 452

ing—selecting clusters of documents around an an- 453

chor text—can further improve token efficiency and 454

promote fine-grained topic discovery in diverse cor- 455

pora. Finally, fine-tuning LLMs with task-specific 456

datasets—through instruction tuning or reinforce- 457

ment learning from human feedback (RLHF)—can 458

enhance instruction-following ability and mitigate 459
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Task Input Output Topic Representation Supervision Computation LLM Applicability
TC Single doc, predefined topics Topic label Short phrase Sup. Low Well-suited
TD Doc. collection Topic set Keywords/phrases Unsup. Med. Partial
TE Single doc Keywords Phrases Unsup. Med. Suitable
TS Long doc Segments + labels Phrases/sentences Weak/Unsup. Med. Suitable
TM Doc. collection Topic list + assignment Word dist. Unsup. High Somewhat
DOA Doc. collection Tree/graph catalog Multi-dim. repr. Opt. High Partial

Table 2: Comparison of different topic-related tasks and their characteristics. The table summarizes common tasks
in topic modeling and organization, showing their input/output forms, topic representations, level of supervision,
computational requirements, and the applicability of LLMs. Abbreviation: Sup. = Supervised, Unsup. = Unsuper-
vised, Med. = Medium, Hier. = Hierarchical, Repr. = Representation.

hallucination. Such targeted adaptation can make460

LLM-centric topic modeling pipelines more robust,461

controllable, and generalizable across domains.462

System-level Developments. From an agent463

systems engineering (Weng, 2023) perspective, we464

portray a holistic blueprint for agentic topic models,465

integrating memory, tools, and knowledge bases,466

along with clear design guidelines and practical467

development paths. A summary table of the added468

content is provided in Table 1.469

5.2 The Paradigm Shift Brought by470

LLM-Centric TM471

5.2.1 Expanded and more Inclusive Task472

Scope across Multiple Dimensions473

Clarifying Task Boundaries We distinguish con-474

cept of traditional topic modeling from adjacent475

tasks (classification, discovery, extraction, seg-476

mentation, hierarchies, and corpus organization).477

Brief task definitions appear in Appendix C, with478

a summary in Table 2. However, in the LLM-479

centric paradigm, multi-task abilities blur bound-480

aries: topic modeling becomes a compositional481

process (e.g., “discover → classify → organize”),482

and more complicated tasks such as corpus orga-483

nization emerge as an iterative extension of topic484

modeling. This unification reflects a paradigm shift485

rather than mere tooling.486

Input Granularity and Length Choices Tradi-487

tional TM favors long documents and large corpora488

due to BoW co-occurrence needs and struggles489

with short texts; LLM-centric workflows mitigate490

sparsity via generation and compression, aligning491

the core challenge to title/abstract-level semantics.492

In particular, topic modeling for long documents493

can first be transformed into short-text generation494

by summarization, title generation, and key-entity495

extraction. This process converts content at dif-496

ferent granularities (titles, abstracts, full texts, and497

entire collections) into compact, comparable units,498

thereby improving the use of context and the adap-499

tation of capabilities. 500

Flexibility Across Modalities, Languages, and 501

Scenarios Traditional NTMs rely on in-domain 502

training data and degrade under shifts. LLM- 503

centric TM not only natively supports multilingual 504

and multimodal inputs but also produce tailored 505

topic representations for various scenarios involv- 506

ing distribution shifts. In engineering practice, the 507

LLM-centric TM is implemented through well- 508

designed prompts or pipelines (retrieval, memory, 509

tools) that allow various scenarios to be applied 510

appropriately. 511

5.2.2 Conceptual Shifting from Standard 512

Distributions to Semantic Entropy 513

In traditional topic modeling methods such as LDA, 514

the latent semantic structure of a document collec- 515

tion is characterized by document-topic distribution 516

and topic-word distribution:{θi}, {βk}: 517

θi ∈ R1×K , i = 1, . . . , N

which represents the probability distribution of 518

document Xi over K topics. 519

βk ∈ R1×V , k = 1, . . . ,K

which represents the probability distribution of 520

topic zk over the vocabulary of size V . 521

Semantic Entropy of Topics Given Document 522

Context. Given a document (or corpus) context 523

X , let P (zk | X) denote the normalized distri- 524

bution over candidate topics {zk}Kk=1 induced by 525

the language model. We define the entropy of the 526

context-conditioned topic distribution as 527

Htopic|X = −
K∑
k=1

P (zk | X) logP (zk | X), 528

which quantifies the model’s uncertainty about 529

which topics are salient under the given context. 530

Lower entropy indicates a few dominant topics 531
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Dimension Traditional TM (e.g., LDA,
NMF, NTM)

LLM-Assisted TM (tradi-
tional core + LLM)

LLM-centric (Prompt-based /
Agentic TM)

Topic quality Moderate; risks redundancy;
BoW limits abstraction; im-
proves with tuning

Moderate–good; LLM aids nam-
ing and merge/prune

Good–excellent; strong abstrac-
tion; rationales and evidence

I/O flexibility Low; heavy preprocessing;
word-list outputs

Medium; LLM sum-
maries/embeddings support
richer inputs and topic outputs

High; robust inputs; instruction-
controlled outputs (labels, sum-
maries, evidence)

Cost & latency Low–medium; CPU-friendly;
low latency

Low–medium; sparse LLM
calls

Medium–high; token costs and
orchestration introduce latency

Scalability &
engineering

High; online/SVI; mature
ecosystem

High; integrates easily; moder-
ate engineering effort

Medium; token costs and no ma-
ture ecosystem; agentic setups
add memory/tools/orchestration

Privacy & com-
pliance

Strong; easy on-prem Deployment dependent; on-
prem strong

Weaker by default (API-based);
on-prem feasible but costly

Transfer & mul-
tilingual

Medium; limited without spe-
cial preparation

Good; multilingual embed-
dings/labels help

Strong; performs well across
domains and languages

Table 3: A contemporary comparative analysis of different TM paradigms for method selection.

(clear topical focus), while higher entropy suggests532

diffuse or mixed topical signals.533

Entropy of Keyword Distribution Given a534

Topic. For a given topic zk, let Pk(w) denote the535

normalized salience distribution over representa-536

tive keywords w ∈ V . We define the entropy of the537

topic–word distribution as538

Hword|zk = −
∑
w∈V

Pk(w) logPk(w),539

which measures how concentrated the keywords are540

under topic zk. Lower entropy reflects a sharper,541

more coherent set of core terms; higher entropy542

indicates a more diffuse or ambiguous keyword543

profile.544

5.3 Challenges of LLM-Centric TM and545

Comparative Analysis across 3 Paradigms546

Although we outline the overarching vision of an547

LLM-centric TM, it remains at an early, immature548

stage and is confronted with the following chal-549

lenges:550

long-context Reasoning needs Global Atten-551

tion and high Costs LLM-Centric TM is a typical552

“long-input + long-output” task: it requires pro-553

cessing ultra-long inputs and generating extensive554

topics and others. To achieve this, LLMs need to555

aggregate global information across thousands of556

documents and generate topic structures, which in557

turn demands robust long-range attention and re-558

sults in an inference cost that grows quadratically.559

It must avoid over-attending to early contiguous560

segments and aggregate cross-document evidence561

in ultra-long contexts—ensuring balanced cover-562

age, de-duplication, and a consistent global topic 563

set hierarchy. 564

Challenges of Qualified Benchmarks and 565

Faithful Generations. Assessing traditional topic 566

models (TM) remains an incomplete and unre- 567

solved challenge, and evaluation within the LLM- 568

centric TM framework is likewise difficult. As 569

a text generation problem, there is currently no 570

widely recognized benchmark suite for the LLM- 571

centric TM task. Beyond traditional metrics such 572

as coherence/diversity, evaluation should assess 573

interpretability, structural consistency (including 574

hierarchies), coverage, and faithfulness to sources. 575

Outputs should provide consistent long-form sum- 576

maries and document–topic assignments with de- 577

duplication, coverage control, balanced granular- 578

ity/distinctness, and traceable evidence. 579

Given that LLM-centric TM is still relatively un- 580

derexplored, and that traditional lightweight meth- 581

ods already show clear benefits for certain tasks, 582

we perform a qualitative examination of the effi- 583

ciency–effectiveness trade-off in LLM-based topic 584

modeling, as summarized in Table 3. 585

6 Limitations 586

In this survey, several limitations remain. First, the 587

categorization partly relies on subjective judgments 588

of involvement/coupling depth, making boundary 589

cases debatable. Second, our coverage is largely 590

restricted to the past three years, limiting longer- 591

term historical perspective. Third, some claims 592

may overestimate the impact of integrating LLMs 593

on TM while underemphasizing foundational prob- 594

abilistic modeling and its theoretical depth. 595
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B Appendix 986

B.1 Summaries of Classical Topic Models and Recent Advances 987

Table 4: Summaries of Topic Models based on Latent Dirichlet Allocation

Method Name Dataset Evaluation Metric Methods Major Contribution

LDA
(Blei et al., 2003)

20Newsgroups,
TREC, NIPS
Corpus

Perplexity, Topic Coher-
ence, Classification Ac-
curacy

1. Proposes the LDA model, a probabilistic
generative model that represents each docu-
ment as a mixture of latent topics.
2. Defines each topic as a multinomial dis-
tribution over words, governed by Dirichlet
priors α and β.
3. Employs variational inference and col-
lapsed Gibbs sampling for approximate pos-
terior estimation.

1. Establishes the theoretical foundation for
probabilistic topic modeling and remains the
benchmark for later variants.
2. Enables interpretable topic discovery and di-
mensionality reduction in large text corpora.
3. Inspires numerous extensions, including hier-
archical (hLDA), supervised (sLDA), and scal-
able (LDA*) models.

LDA*
(Yut et al., 2017)

Massive text
corpora (e.g.,
Wikipedia,
ClueWeb)

Inference Efficiency,
Scalability, Topic Co-
herence

1. Extends classical Latent Dirichlet Alloca-
tion (LDA) to a robust distributed system
for large-scale probabilistic inference.
2. Implements data and model parallelism
to handle billions of tokens efficiently.
3. Optimizes memory allocation and syn-
chronization for distributed Gibbs sampling.

1. Enables efficient, fault-tolerant topic model-
ing on industrial-scale corpora.
2. Addresses scalability bottlenecks in tradi-
tional LDA while maintaining topic quality and
stability across massive datasets.

Hierarchical LDA
(hLDA)
(Chen et al., 2018)

20Newsgroups,
Wikipedia, News
Datasets

Perplexity, Topic Coher-
ence, Tree Depth Qual-
ity

1. Models hierarchical topic structures us-
ing the nested Chinese Restaurant Process
(nCRP) to capture multiple abstraction lev-
els.
2. Represents documents as paths along
topic trees, allowing parent–child semantic
relationships.
3. Employs collapsed Gibbs sampling for
level and path inference.

1. Provides a probabilistic foundation for hier-
archical topic modeling, enabling interpretable
multi-level topic structures.
2. Serves as the basis for scalable variants such
as hLDA-c and distributed HTMs, though lim-
ited by sampling efficiency and local optima.

Table 5: Summaries of Embedding-based Topic Models

Method Name Dataset / Do-
main

Evaluation Metrics Core Methodology Major Contribution

EmTM
(Rashid et al., 2023b)

Web Snippets
(10k), News
Titles (12k)

Classification Accuracy,
PMI-based Topic Coher-
ence

1. Uses Word2Vec embeddings to represent
words in dense vector space.
2. Applies PCA for dimensionality reduc-
tion and HDBSCAN for hierarchical cluster-
ing.
3. Constructs probabilistic document–topic
and word–topic associations post-clustering.

1. Addresses data sparsity in short-text topic
modeling through semantic embeddings.
2. Outperforms LDA, SATM, and PDMM on
both coherence and accuracy.
3. Demonstrates scalability and interpretability
in real-world short-text datasets.

WeTe
(Wang et al., 2022)

20NG, DBpedia,
Web Snippets

Topic Coherence, Di-
versity, Specificity (TS),
Clustering Purity, NMI

1. Models documents as mixtures of word
embeddings and topics as embeddings in the
same space.
2. Learns topic distributions via Conditional
Transport (CT) loss combining semantic dis-
tance and topic proportion.
3. Supports pretrained or learned embed-
dings (e.g., GloVe).

1. Reinterprets topic modeling as a distribution
alignment problem in embedding space.
2. Achieves state-of-the-art topic and clustering
quality on short texts.
3. Avoids approximate inference, enabling effi-
cient large-scale optimization.

Meta-CETM
(Xu et al., 2023c)

20NG, Yahoo An-
swers, Amazon
Reviews

Perplexity (PPL), Topic
Coherence, Topic Diver-
sity, Few-shot Classifi-
cation Accuracy

1. Constructs task-specific semantic graphs
using dependency parsing.
2. Employs Variational Graph Autoencoder
(VGAE) to generate context-adaptive word
embeddings.
3. Introduces Gaussian Mixture prior in la-
tent space for clustering-based topic infer-
ence.

1. First to integrate semantic graph encoding
and GMM priors for few-shot topic modeling.
2. Outperforms baselines (LDA, ETM, Com-
binedTM) in low-resource scenarios.
3. Demonstrates strong adaptability and inter-
pretability across heterogeneous tasks.

HyperMiner
(Xu et al., 2022)

20NG, TMN,
Wiki, RCV2

Topic Coherence
(NPMI), Topic Diver-
sity, Clustering Purity,
NMI

1. Employs hyperbolic (Poincaré/Lorentz)
embeddings to capture hierarchical seman-
tics.
2. Models topic–word relations via hy-
perbolic distance and integrates contrastive
learning with WordNet priors.
3. Jointly optimizes ELBO and hierarchical
contrastive loss.

1. Introduces hyperbolic geometry to model tree-
like topic hierarchies.
2. Incorporates external knowledge graphs for
structure-preserving supervision.
3. Achieves superior coherence and diversity
while reducing embedding dimensionality.

C-Top2Vec
(Angelov and Inkpen,
2024b)

20 Newsgroups,
Yahoo Answers

CNPMI, CSBERT,
AMI, ARI

1. Uses SBERT embeddings with sliding
window for multi-vector document represen-
tation.
2. UMAP + HDBSCAN for topic discovery.
3. Phrase-based topic labeling; BERTScore
evaluation.

1. Supports document-level topic segmentation.
2. Short-phrase topic labels; improved coher-
ence and representativeness.
3. Efficient runtime.

BERTopic
(Grootendorst, 2022)

20 NewsGroups,
BBC News,
Trump Tweets,
UNGA

NPMI, Topic Diversity,
Runtime

1. Sentence-BERT embeddings + UMAP +
HDBSCAN clustering.
2. Class-based TF-IDF (c-TF-IDF) for topic
representation.
3. Supports dynamic topic modeling.

1. Flexible embedding usage; robust across
datasets.
2. High topic coherence and diversity; supports
evolving topics.

MTM
(S et al., 2025)

20NG, BBC
News, AG News,
NYT, DBpedia

NPMI, Topic Diversity,
NMI

1. Multi-view embeddings (Word2Vec,
GloVe, BERT, RoBERTa, XLNet).
2. Optimal Transport regularization for
topic-word alignment.
3. Dynamic attention to weight embeddings.

1. Mitigates embedding dependency; produces
stable document-topic separation.
2. Improves interpretability and topic coherence.
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Table 6: Summaries of Recent Advances of VAE-based Topic Models following the Optimization Direction of Prior
Distribution and Contrastive Learning

Method Name Dataset Evaluation Metric Methods Major Contribution

S2WTM
(Adhya and Sanyal,
2025)

20Newsgroups,
Reuters-21578,
NYTimes

Perplexity, Topic Coher-
ence, NPMI

1. Introduces Spherical Sliced-Wasserstein
Autoencoder for topic modeling.
2. Replaces KL divergence with SSW dis-
tance to align aggregated posterior with
prior.
3. Employs spherical latent space with vMF
and MvMF priors to prevent posterior col-
lapse.

1. Effectively alleviates posterior collapse in
VAE-based topic models.
2. Improves coherence and diversity across mul-
tiple datasets.
3. Achieves higher NPMI and lower perplexity
than standard Neural Topic Models (NTMs).

NSEM-GMHTM
(Chen et al., 2023)

WikiText-103,
NYTimes,
20Newsgroups

Topic Coherence, Clus-
tering Accuracy, Per-
plexity

1. Proposes Neural Semantic Entropy
Maximization for hierarchical topic model-
ing.
2. Combines Gaussian Mixture priors with
hierarchical latent structure.
3. Uses entropy regularization to enhance
topic distinctiveness.

1. Achieves better hierarchical interpretability
with fine-grained subtopics.
2. Reduces redundancy and improves semantic
separation between topics.
3. Demonstrates strong scalability on large cor-
pora.

Diversity-Aware Co-
herence Loss (DCL)
(Li et al., 2023)

20Newsgroups,
Reuters, Wiki-
Text

Topic Coherence
(NPMI), Topic Diver-
sity

1. Introduces a diversity-aware coherence
loss for neural topic models.
2. Jointly optimizes topic coherence and
diversity via contrastive learning.
3. Applies differentiable mutual exclusivity
regularization among topics.

1. Significantly enhances diversity without sac-
rificing coherence.
2. Avoids mode collapse in neural topic genera-
tion.
3. Outperforms ETM and ProdLDA in
coherence-diversity tradeoff.

NeuroMax
(Pham et al., 2024b)

ArXiv, DBLP,
ACL Anthology

Perplexity, NPMI, Re-
construction Error

1. Develops a maximum-entropy con-
strained neural topic model.
2. Uses mutual information maximization to
maintain latent informativeness.
3. Employs adaptive reparameterization to
prevent over-regularization.

1. Retains fine-grained semantic features while
improving model stability.
2. Achieves lower reconstruction error and im-
proved topic diversity.
3. Demonstrates better convergence than VAE-
based baselines.

Multi-Objective Con-
trastive Topic Model-
ing
(Nguyen et al., 2025)

20NG, IMDb,
Wiki, AG News

NPMI, Topic Diversity,
F1 Score for Classifica-
tion

1. Introduces Setwise Contrastive Learn-
ing to capture shared semantic information
across document sets.
2. Reformulates topic modeling as a multi-
objective optimization problem balancing
ELBO and contrastive loss.
3. Uses KKT-derived Pareto gradient adjust-
ment to dynamically balance objectives.

1. Improves topic coherence and diversity simul-
taneously.
2. Avoids interference from low-level document
statistics.
3. Demonstrates higher F1 in downstream clas-
sification compared to baselines.

NTM-ACL
(Wang et al., 2023)

NYT, GRL, DBP,
20NG

C_A (Average Topic
Consistency), C_P
(Pointwise PMI), NPMI

1. Combines Cycle-Adversarial Training
with contrastive learning to enhance theme-
word generation.
2. Introduces RMR (Reconstruct Minimal
Replacement) data augmentation for topic
distributions.
3. Designs dual contrastive losses: self-
supervised (generator) and discriminative
(classifier).

1. Overcomes VAE limitations by applying con-
trastive learning to generative process.
2. Produces higher topic consistency and im-
proved topic-word alignment.
3. Demonstrates superior performance when
combining adversarial cycle training with con-
trastive learning.

ContraTopic
(Gao et al., 2024)

20NG, Yahoo An-
swers, NYTimes

Topic Coherence (Avg
NPMI), Topic Diversity,
Purity & NMI for Docu-
ment Clustering

1. Introduces a topic-wise contrastive
learning framework for enhancing inter-
pretability.
2. Uses Gumbel-Softmax sampling to effi-
ciently generate positive/negative word pairs
for contrastive regularization.
3. Optimizes a combined loss: reconstruc-
tion + KL divergence + contrastive regular-
ization.

1. Enhances both intra-topic coherence and inter-
topic distinction.
2. Generates semantically coherent and diverse
topics outperforming multiple baselines.
3. Provides thorough ablation studies validating
contribution of contrastive components.
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Table 7: Summaries of Recent Advances of NTM following the Optimization Direction of Optimal Transport

Method Name Dataset Evaluation Metric Methods Major Contribution

NSTM
(Zhao et al., 2020a)

20NG, WS, TMN,
Reuters, RCV2

Topic Coherence (TC,
NPMI), Topic Diversity,
Purity, NMI

1. Represents documents with both word
distributions and dense topic embeddings.
2. Minimizes Optimal Transport (OT) dis-
tance between word and topic distributions.
3. Uses Sinkhorn algorithm for efficient OT
computation.

1. Introduces OT framework for topic modeling,
improving topic coherence/diversity.
2. Embedding-based approach enhances seman-
tic modeling, especially for short texts.
3. Simplifies training compared to VAE-based
NTMs.

ANTM
(Rahimi et al., 2024)

20NG, IMDB, Ya-
hoo

Purity, NMI, ARI,
Label-Topic Alignment

1. Chain graphical model: y → z → x, label-
conditioned prior p(z|y).
2. Soft indicator and variational inference
ensure label-specific topic activation.
3. Label-topic relations modeled as entropy-
regularized OT transport plan with pseudo-
documents.

1. Explicitly aligns discovered topics with la-
bels.
2. Uses OT in embedding space to capture struc-
tured label-topic relations.
3. Enhances clustering and interpretability in
supervised scenarios.

EnCOT
(Vu et al., 2025)

GoogleNews,
SearchSnippets,
StackOverflow,
Biomedical

Topic Coherence, Topic
Diversity, Purity, NMI

1. Applies OT to align documents with clus-
ter centers (LOTDG) and topics with cluster
centers (LOTTG).
2. Integrates with GloCOM embeddings and
global clustering for representation enhance-
ment.

1. Solves short text sparsity and topic/document
separation issues.
2. OT-based dual alignment improves clustering
and topic quality.
3. Demonstrates robustness to hyperparameters
and large topic numbers.

FASTopic
(Wu et al., 2024b)

20NG, WoS, NYT Topic Coherence, Topic
Diversity, Purity, NMI,
Classification Accuracy

1. Dual Semantic Relation (DSR) frame-
work reconstructs document-topic-word re-
lations.
2. Embedding Transport Plan (ETP) ensures
correct document-topic and topic-word as-
signments.
3. Pretrained Transformer for document em-
beddings, Sinkhorn for ETP optimization.

1. Achieves high efficiency and stability in topic
modeling.
2. Reduces bias in topic embeddings and im-
proves downstream clustering/classification.
3. Supports transfer across datasets and scales
to large corpora.

TraCo
(Wu et al., 2024d)

NeurIPS, Arxiv,
20NG, ACM,
DBLP

Topic Coherence, Topic
Diversity, Parent-Child
Correlation (PCC), Sib-
ling Diversity (SD)

1. Transport Plan Dependency (TPD) mod-
els hierarchical dependencies via sparse OT
plan.
2. Context-aware decoders (CDD) ensure se-
mantic granularity separation across layers.

1. First to apply OT theory to hierarchical topic
modeling.
2. Improves parent-child affinity, sibling diver-
sity, and hierarchical rationality.
3. Enhances downstream text classification and
retrieval performance.

Table 8: Summaries of Recent NTM Advances with Integrated Methods

Method Name Dataset Evaluation Metric Methods Major Contribution

DBN / D²BN(Zhang
and Lauw, 2024)

Cora (DS, ML, PL),
Aminer, Web

Micro/Macro F1, NMI,
AUC, Topic Coherence,
Topic Diversity

1. Combines GNN embeddings with OT-
based topic modeling.
2. Uses Dirichlet prior via rejection sam-
pling as OT prior.
3. D²BN employs double OT barycenter to
model semantic and structural spaces.
4. Loss combines OT distance, log-
likelihood, KL divergence.

1. Unified framework modeling document con-
tent and network structure.
2. OT barycenter approach preserves semantic
interpretability and network info.
3. Dirichlet OT prior improves topic quality and
diversity.
4. Achieves SOTA in classification, clustering,
link prediction, and topic metrics.

vONTSS(Xu et al.,
2023b)

AgNews, 20News,
DBLP

Km-Purity, Km-NMI,
Top-Purity, Top-NMI

1. Uses von Mises-Fisher (vMF) distribution
instead of Gaussian as latent prior.
2. Introduces temperature function and
learnable concentration parameter .
3. Semi-supervised OT loss (LOT) aligns
keywords with topics.
4. Two-stage training strategy for stability.

1. vMF prior alleviates latent space collapse and
enhances clustering.
2. OT loss ensures keywords semantically match
topics; equivalent to cross-entropy at global op-
timum.
3. Achieves high accuracy and diversity in semi-
supervised settings.
4. Demonstrates stable and efficient perfor-
mance across datasets.

HiCOT(Vuong et al.,
2025)

20NG, AGNews,
IMDB, SearchSnip-
pets, GoogleNews

Topic Coherence
(CV15), Topic Diversity
(TD15), Purity, NMI

1. Document embeddings projected to topic
space via MLP and OT alignment.
2. Hierarchical Agglomerative Clustering
(HAC) of topics.
3. Contrastive learning: intra-cluster (CLT)
and inter-cluster (CLC) losses.
4. Two-stage training: optimize base TM +
OT loss, then hierarchical clustering + con-
trastive loss.

1. Integrates OT, hierarchical clustering, and
contrastive learning for enhanced topic quality.
2. Improves document-topic alignment and clus-
tering metrics.
3. Efficient inference, reducing reliance on large
PLMs.
4. Produces stable and interpretable topic em-
beddings, validated via visualization and LLM
evaluation.
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Table 9: Summaries of Other Adaptations for Special Scenarios

Method Name Dataset Target Challenge Methods Major Contribution

kNNTM
(Lin et al., 2024)

20Newsgroups, AG
News, TweetEval

Low-resource / Short-
text sparsity

1. Augments each document with nearest
neighbors to expand contextual representa-
tion.
2. Incorporates neighbor information into
the ELBO reconstruction objective.
3. Stabilizes VAE training and enhances
topic consistency under sparse supervision.

1. Effectively mitigates label sparsity and data
insufficiency.
2. Achieves higher topic coherence on short-text
datasets.
3. Provides a general strategy for low-resource
topic modeling.

DSNTM (Dynamic
Self-Attention Neural
Topic Model)
(Miyamoto et al., 2023)

ACL Anthology,
ArXiv Abstracts,
DBLP Corpus

Temporal topic evolu-
tion

1. Introduces self-attention into the VAE
framework to capture temporal dependen-
cies.
2. Uses citation-based regularization to align
evolving topics over time.
3. Models inter-temporal dynamics among
latent topics.

1. Captures topic transitions more accurately in
evolving corpora.
2. Improves continuity and interpretability of
temporal topic evolution.
3. Extends VAE-based topic models to longitu-
dinal data.

NSEM-GMHTM
(Chen et al., 2023)

Wikipedia, Scientific
Abstracts, News Com-
mentary

Hierarchical topic struc-
ture

1. Extends the prior distribution to a Gaus-
sian Mixture model.
2. Integrates nonlinear structural equation
modeling (SEM) into the topic hierarchy.
3. Learns both symmetric and hierarchical
dependencies among latent topics.

1. Enhances representation of multi-level and
non-linear topic relations.
2. Improves coherence and diversity under
sparse corpus conditions.
3. Demonstrates interpretability for hierarchical
thematic structures.

BERTDetect
(Ranaweera et al., 2025)

Drebin, AndroZoo,
MalGenome (Android
Malware)

Cross-domain applica-
tion (Security)

1. Adapts VAE-style neural topic modeling
for malware detection.
2. Utilizes contextualized BERT embed-
dings for semantic representation.
3. Detects latent threat-related topics in code
and text features.

1. Bridges topic modeling with cybersecurity
applications.
2. Demonstrates domain adaptability of VAE-
based topic models.
3. Improves interpretability and detection per-
formance in malware datasets.

CTM-MM
(Rashid et al., 2023a)

Twitter, Instagram,
YouTube Captions

Multimodal topic mod-
eling

1. Extends contextualized topic modeling
(CTM) to multimodal inputs (text + images).
2. Uses shared latent spaces for multimodal
alignment within the VAE framework.
3. Jointly optimizes textual and visual se-
mantics for topic inference.

1. Enhances topic coherence across heteroge-
neous modalities.
2. Enables joint analysis of text–image corpora.
3. Demonstrates flexibility of neural topic mod-
eling beyond text-only inputs.
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B.2 Summaries of LLM-Assisted Topic Models 988

Table 10: LLM-Assisted Topic Modeling Frameworks for Data Preprocessing

Method Name Dataset Evaluation Metric Methods Major Contribution

LLM-Centric Context
Expansion + Prefix-
tuned VAE
(Akash and Chang,
2024)

Short-text datasets (e.g.,
StackOverflow, Tweets,
News Titles)

Topic Coherence, Diver-
sity, NPMI, Perplexity

1. Proposes a hybrid framework that inte-
grates LLM-based context expansion with
a prefix-tuned variational autoencoder
(VAE).
2. Uses LLMs to enrich short-text inputs
by generating semantic context before VAE
encoding.
3. Employs prefix tuning to adapt pretrained
VAEs without full fine-tuning.

1. Significantly enhances topic coherence for
short texts by mitigating sparsity.
2. Demonstrates that context expansion effec-
tively bridges LLM knowledge with probabilis-
tic topic models.
3. Provides an interpretable, resource-efficient
alternative to large-scale retraining.

LimTopic
(Azher et al., 2025)

20 Newsgroups, AG
News, Reddit, ArXiv
Abstracts

Topic Coherence, Topic
Diversity, Clustering
Accuracy

1. Introduces LimTopic, an LLM-based
topic modeling framework with semantic
limiting mechanisms.
2. Uses LLMs to propose candidate topic
words and filters them via semantic similar-
ity constraints.
3. Clusters document embeddings based on
semantic-aware topic anchors.

1. Balances coherence and diversity by con-
straining topic boundaries using LLM-derived
semantics.
2. Addresses redundancy and overlap in tradi-
tional unsupervised topic extraction.
3. Provides controllable topic generation with
minimal supervision.

LiSA: LLM-guided
Semantic-Aware Clus-
tering Framework
(Liu et al., 2025)

Wikipedia Subset,
News Articles, Re-
search Abstracts

Silhouette Score, Topic
Coherence, Human
Evaluation

1. Proposes a semi-supervised topic
modeling framework that integrates LLM-
generated topic words with semantic-aware
clustering.
2. LLMs generate candidate topic terms and
weak labels, guiding unsupervised clustering
models.
3. Incorporates human feedback through
selective refinement loops.

1. Achieves fine-grained topic separation by
aligning LLM-generated semantics with cluster
formation.
2. Bridges the gap between zero-shot LLM in-
ference and structured clustering.
3. Demonstrates robust performance under both
labeled and unlabeled corpus settings.

Table 11: LLM-Embedding-Enhanced Topic Modeling Frameworks

Method Name Dataset Evaluation Metric Methods Major Contribution

DeTiME
(Xu et al., 2023a)

20Newsgroups, AG
News, ArXiv Abstracts

Topic Coherence, Clus-
tering Accuracy, Diver-
sity

1. Proposes DeTiME, integrating en-
coder–decoder LLM embeddings with a
diffusion-based augmentation process.
2. Enhances topic clustering by generating
smooth latent transitions between document
embeddings.
3. Supports topic-related content generation
through learned diffusion dynamics.

1. Addresses suboptimal performance of neural
topic models (NTMs) by improving embedding
structure and separability.
2. Demonstrates better cluster quality and inter-
pretability across diverse corpora.
3. Bridges embedding learning and generative
modeling for topic discovery.

DisCTM
(Wang et al., 2025)

Short-text corpora
(Tweets, Reddit posts,
News headlines)

Perplexity, Topic Coher-
ence, Sparsity Ratio

1. Introduces a Transformer-based disen-
tanglement mechanism to separate seman-
tic and topical information.
2. Uses LLM-derived embeddings as priors
to initialize Transformer encoders.
3. Employs contrastive learning to enforce
topic diversity and sparsity.

1. Mitigates topic overlap and improves inter-
pretability on sparse short-text datasets.
2. Achieves domain adaptation by incorporating
context-aware fine-tuned embeddings.
3. Outperforms traditional NTMs and
embedding-only baselines under low-resource
conditions.

Fin-Topicmodel (Fin-
BERT2)
(Xu et al., 2025b)

Financial news, SEC fil-
ings, Earnings reports

Topic Coherence, Do-
main Relevance, Cluster
Stability

1. Builds Fin-Topicmodel upon the Fin-
BERT2 architecture with domain-specific
embedding fine-tuning.
2. Uses fine-tuned LLM embeddings as se-
mantic inputs to improve financial topic rep-
resentation.
3. Combines clustering with hierarchical
topic extraction to support financial analysis
tasks.

1. Provides domain-adaptive topic modeling
with enhanced interpretability for finance.
2. Demonstrates that LLM fine-tuning sig-
nificantly boosts topic quality compared with
generic embeddings.
3. Enables application of topic modeling to
downstream finance-oriented analytics and event
prediction.

Table 12: LLM-Assisted Post-Processing for Neural Topic Models

Method Name Dataset Evaluation Metric Methods Major Contribution

BERTopic with LLM
Refinement
(Grootendorst, 2022)

20Newsgroups, Twitter,
Financial Reports,
Wikipedia

Topic Coherence (CV),
Diversity, Readability

1. Extends the BERTopic framework with
optional LLM-based post-processing to re-
fine topic word lists.
2. Allows users to define custom prompts
and call LLM APIs for rewriting and re-
labeling topics.
3. Integrates semantic embeddings (BERT)
with dynamic topic merging and labeling.

1. Improves coherence and interpretability of
discovered topics without retraining models.
2. Demonstrates flexible integration of LLMs
into existing neural topic modeling pipelines.
3. Serves as a widely adopted toolkit for hybrid
embedding–LLM-based topic modeling.

AgenTopic
(pariskang, 2025)

Semantic Scholar,
ArXiv, PubMed

Topic Coherence, Re-
dundancy Reduction, In-
terpretability

1. Combines GPT-4 with caching modules
for iterative topic refinement.
2. Employs LLMs to post-process topic
word lists—rewriting, merging, and correct-
ing incoherent clusters.
3. Integrates citation graphs and metadata to
enhance scientific topic linking.

1. Reduces redundancy and improves inter-
pretability in large-scale academic corpora.
2. Demonstrates that LLM-driven post-
processing can complement symbolic or
embedding-based NTMs.
3. Provides an adaptive topic exploration system
for literature analysis.

LLM-ITL
(Yang et al., 2025b)

20Newsgroups, AG
News, Reddit, Scientific
Abstracts

Topic Coherence, Diver-
sity, Alignment Loss

1. Introduces a LLM-in-the-loop (LLM-
ITL) framework that combines NTMs with
LLM refinement.
2. NTMs generate global topic structures,
while LLMs iteratively adjust topic words
via OT-based alignment.
3. The alignment objective dynamically
adapts according to LLM confidence.

1. Enhances topic coherence and diversity while
maintaining statistical grounding.
2. Bridges unsupervised NTMs with guided se-
mantic alignment via LLM feedback.
3. Offers a flexible interface for integrating
reasoning-based refinement into neural topic
models.
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Table 13: LLM-Based Evaluation and Analysis in Topic Modeling

Method Name Dataset Evaluation Metric Methods Major Contribution

WALM
(Yang et al., 2025a)

20Newsgroups, ArXiv
Abstracts, News
Datasets

Word Agreement Score,
Coherence, Alignment
with Human Evaluation

1. Proposes WALM, an LLM-based evalu-
ation framework assessing document–topic
and word–topic alignment.
2. Computes word agreement by comparing
model-generated topics with LLM contex-
tual likelihoods.
3. Integrates both intrinsic and extrinsic eval-
uation components.

1. Achieves high alignment with human evalu-
ation, complementing existing automated mea-
sures.
2. Provides a unified approach to assessing both
topic coherence and representational quality.
3. Bridges semantic understanding and statisti-
cal consistency in evaluation.

ProxAnn
(Hoyle et al., 2025)

20Newsgroups, Red-
dit, Wikipedia

Proxy Annotation
Agreement, Statistical
Indistinguishability,
Human-Like Evaluation

1. Develops ProxAnn, a framework where
LLM-based proxy annotations emulate hu-
man evaluation.
2. Uses statistical tests to verify indistin-
guishability between LLM and human judg-
ments.
3. Evaluates topic quality and use-oriented
measures via proxy scores.

1. Validates that LLM-based evaluations can
replace human annotations with high reliability.
2. Provides scalable, consistent topic evaluation
without costly human labeling.
3. Lays groundwork for automatic benchmark-
ing pipelines using LLM proxies.

B.3 Summaries of Prompts in LLM-Centric Topic Model989

Stage Core instruction description (keep placeholders in ) Example output
Basic Prompt (Round
1)

Read the text below and list up to 3 topics. Each topic should contain
fewer than 3 words. Ensure you only return the topic and nothing more.
The desired output format: "Topic 1: xxx, Topic 2: xxx, Topic 3: xxx".
{text}

Topic 1: climate policy
Topic 2: carbon pricing
Topic 3: emission targets

Basic Prompt + Seeds
Topic (Another choice
of Round 1)

Consider the previous extracted topics: {existing_topics}. Read the
text below and list up to 3 topics. Each topic should contain fewer
than 3 words. Ensure you only return the topic and nothing more. The
desired output format: "Topic 1: xxx, Topic 2: xxx, Topic 3: xxx".
{text}

Topic 1: vaccine uptake
Topic 2: adverse events
Topic 3: trial design

Prompt for Summa-
rization (merge topics)
(Round 1)

Summarize and merge the following list of topics into {Fixed_Number}
final topics. {List_of_Topics}

Final Topic 1: public health policy
Final Topic 2: vaccine safety
Final Topic 3: clinical trials

Table 14: Structured Summaries of paper (Mu et al., 2024)

Stage Core instruction description (keep placeholders in ) Example output
Simulate topic
modeling
on subsets
(ParTM Round
1)

Write the results of simulating topic modeling for the following documents,
each starting with "#". Assume you will identify K topics and use M top
words for each topic. NOTE: Outputs must always be in the format "Topic
k: word word word word word" and nothing else. Input is a list of short
documents or headlines, one per line, each prefixed by "#".

Topic 1: word1 word2 word3 word4
word5
Topic 2: word1 word2 word3 word4
word5
...
Topic K: word1 word2 word3 word4
word5

Merge topic-
modeling
results across
subsets (ParMg
Round 2)

We aim to identify topics for the entire document set by merging the topic
modeling results for each subset. Write the results of merging the following
topic modeling results for each subset of the document set. Each subset result
starts with "- n" and its topics start with "#". Assume you will finally identify
K topics and use M top words for each topic. Outputs should reflect the topics
before merging as much as possible; include topics that often appear before
merging and avoid ones that do not. NOTE: Outputs must be in the format
"Topic k: word word word word word" only.

- 1 # topic words from subset 1 #
topic words from subset 1 ...
- 11 # topic words from subset 11 ...
Merged result: Topic 1: word1
word2 word3 word4 word5 ... Topic
K: word1 word2 word3 word4
word5

Aother Method
SeqTM: se-
quentially
update topics
using previ-
ously identified
topics (Round
1)

We aim to identify topics for the entire document set by sequentially updating
tentative topics identified from each subset, considering topics identified just
before from another subset. Write the results of simulating topic modeling
for the following documents, each starting with "#". Make the most use of the
following topics previously identified from another set of documents, each
starting with "Topic k:". Assume you will finally identify K topics and use M
top words for each topic; outputs should be the same as the previous topics
as much as possible, changing minimally when the given documents do not
include them much or when a new topic is needed. NOTE: Outputs must be
in the format "Topic k: word word word word word" and nothing else.

Previously identified: Topic 1:
seed1 seed2 seed3 seed4 seed5 ...
Topic K: seed1 seed2 seed3 seed4
seed5
New documents (each line starts
with "#"): # doc line ... # doc line ...
Sequential result: Topic 1: word1
word2 word3 word4 word5 ... Topic
K: word1 word2 word3 word4
word5

Table 15: Structured Summaries of prompts of paralleled and sequential methods in paper (Doi et al., 2024).
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Stage Core instruction description (keep placeholders in ) Example output
Dataset Preprocessing
and Sampling (non-
LLM operation) (Step
1)

Operate topic modeling in a semantic space with appropriate abstrac-
tion. Preprocess input documents via extraction or summarization
to obtain titles/abstracts that meet text-unit length limits. Sample an
appropriate number of text units according to the model’s context win-
dow.

Topics Generation
(Step 2)

Please conduct thematic analysis on the provided text data to generate
independent topics balancing generalization and specificity. IMPOR-
TANT: For "Source Titles", ONLY copy exact titles from input data
(lines like "Title: [actual title]"). Output pure JSON with the structure:
["Topic i": "Summary": "One-sentence topic summary", "Keywords":
["keyword1", ...], "Source Titles": ["Exact title 1", ...]]. Core require-
ments: at least 3 topics; 5–12 keywords per topic; 3–8 exact source
titles per topic; semantic coherence; minimized repetition; no dupli-
cated titles within the same topic.

[ "Topic 1": "Sum-
mary": "Short coherent
description.", "Keywords":
["k1","k2","k3","k4","k5"],
"Source Titles": ["Exact title
1","Exact title 2","Exact title 3"] ,
"Topic 2": ... , "Topic 3": ... ]

Texts Assignment
(non-LLM operation)
(Step 3)

Assign documents to discovered topics by keyword matching. Each
document can map to one or more topics.

Table 16: Structured Summaries of the Methodology of paper (Xu et al., 2025a)

Stage Core instruction description (keep placeholders in ) Example output
Candidate cre-
ation (Round
1)

Your task is to distill a list of topics from multiple documents: DOCUMENT:
{document 1}, DOCUMENT: {document 2}, ..., DOCUMENT: {document
N}. Topics should be neither too general nor too specific (e.g., “food” too
general; “lemon cake” too specific). A topic does not need to appear in multi-
ple documents. Output a JSON exactly in the format: { ’topics’: [’topic1’,
’topic2’, ’topic3’] }.

{ ’topics’: [’topic A’, ’topic B’,
’topic C’] }

Topic reduc-
tion (Round 1)

Your task is to distill a list of core topics from an indexed list: 0: {topic 1},
1: {topic 2}, ..., NCT-1: {topic NCT}. Remove duplicates, merge topics that
are too general, and merge topics that are too specific into an appropriate
generalization. Aim to end with about NT topics. Output JSON exactly as:
"topics": ["topic1", "topic2", "topic3"].

"topics": ["generalized topic A",
"topic B", "topic C"]

Topic reduc-
tion iterative
(Round 1)

Your task is to merge a pair of topics from the indexed list: 0: {topic 1}, 1:
{topic 2}, ..., NCT-1: {topic NCT}. Select the most similar and most granular
pair to merge first. Output JSON: { ’topic_pair’: [idx1, idx2], ’new_topic’:
’new_topic’ }. The new topic should be a simple, generalized common
denominator—not a concatenation like “A and B”.

{ ’topic pair’: [3, 7], ’new topic’:
’broader topic name’ }

Topic assign-
ment (Round
2)

Classify the given document into one of the provided topics. Input: DOCU-
MENT: {document}. Return only the chosen topic label (or ID, if specified
by the task context).

Selected topic: Topic X

Table 17: Structured Summaries of prompts of TopicGen (van Wanrooij and Manhar, 2024).
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Stage Core instruction description (keep placeholders in ) Example output
Generate first-
level/flat topics
(Round 1)

You will receive a document {Document} and a set of existing top-level
topics {Top-level topics}. Identify GENERALIZABLE topics within the
document that can act as top-level topics in the hierarchy. If relevant top-level
topics are missing from the provided set, add them; otherwise return the
existing relevant top-level topics as identified in the document. Topics must
be broad, not document-specific, represent a SINGLE topic, and be able to
accommodate future subtopics. If the document contains no topic, return
"None". Output ONLY relevant or newly added topics at the top level. See
example.

[Top-level topics]
[1] Topic A: Brief description.
[2] Topic B: Brief description.
or
None

Generate
second-level
subtopics
(Round 2)

You will receive a top-level branch {Topic branch} and several documents
{Documents}. Identify GENERALIZABLE second-level topics to act as
subtopics under the provided top-level topic. If relevant subtopics already
exist or the provided top-level topic is sufficiently specific, return the existing
relevant/duplicate topic(s). Each subtopic must reflect a SINGLE coherent
topic, be broad enough for future subtopics, and the number of proposed
subtopics should not exceed the number of documents. ONLY add at the
second level; DO NOT add first- or third-level topics. See example.

[1] TopTopic
[2] Subtopic A (Document: 1,3):
brief description.
[2] Subtopic B (Document: 2): brief
description.

Refine/Merge
same-level
topics (Round
2)

You will receive a list of topics at the same level {Topic List}. Merge topics
that are paraphrases or near-duplicates. Perform as many merges as needed;
if no modification is needed, return "None". When merging, output the level
indicator, the updated label and description, followed by the original topics
being merged. Operate ONLY within the same level; do not introduce new
levels or concepts. See example.

[2] Technology: Discuss technol-
ogy and its impact on society. ([2]
Digital Literacy, [2] Telecommuni-
cations)
or
None

Assign topics
to a document
(Round 3)

You will receive a topic hierarchy tree and a document {Document}. Assign
the document to the most relevant existing topic(s) in the hierarchy. Output
the topic labels, assignment reasoning, and supporting quotes taken directly
from the document. DO NOT invent new topics or quotes. If the assigned
topic is not on the top level, also output the path from the top level to the
assigned topic. See example.

[1] Trade
[2] Tariff: Mentions adjusting taxes
on mixtures containing Fluopyram
("...suspend temporarily the duty on
mixtures containing Fluopyram...")

Table 18: Structured Summaries of prompts of TopicGPT (Pham et al., 2024a).

Stage Core instruction description (keep placeholders in ) Example output
Claim genera-
tion

Title: {title}; Abstract: {abstract}. Task: Conclude new findings and null
findings from the abstract in one sentence in atomic format. Do not separate
new vs. null findings; the single claim must be relevant to the title and contain
no extra information. Definition: A scientific claim is an atomic, verifiable
statement about one aspect of a scientific entity or process that can be verified
from a single source.

One-sentence atomic claim about
the study’s finding that is relevant
to {title}.

Hierarchy pro-
posal (Round
1)

Review Title: {systematic_review_title}. Frequent entities from study ab-
stracts: {freq_entities}. Study Claim List: {claim_list}. Instruction: 1)
Top-Level Aspect Generation: Use entities to identify up to 5 top-level as-
pects from clinical study claims; list as bullets and cite entities; output as
[Response 1]. 2) Hierarchical Faceted Category Generation: For each top-
level aspect in [Response 1], generate hierarchical faceted categories aligned
with claims; keep sibling granularity similar; avoid unrelated info; cite sup-
porting claims; output as [Response 2]. Remember: be precise; include only
relevant data; cite claims as "(Claim i, j, ...)", and output as a numbered nested
list.

[Response 1]: Aspect 1: Name (En-
tity A, Entity B) Aspect 2: Name
(Entity C) ... [Response 2]: As-
pect 1: Name (Claim 0, 2) 1: Sub-
category A (Claim 0) 1.1: Sub-
subcategory (Claim 2) 2: Subcate-
gory B (Claim 3) Aspect 2: Name
(Claim 4, 5) 1: Subcategory ...

Sibling coher-
ence judgment
(Round 1)

Instruction: You will assess whether a given set of sibling categories logically
belong together under their shared parent category (“coherence”). Label
whether ALL siblings are coherent. If all fit well and have similar granular-
ity, reply "[These sibling categories are coherent]"; otherwise reply "[These
sibling categories are NOT coherent]". Base decisions solely on coherence.
Follow format: provide step-by-step reasoning then the final bracketed la-
bel. Inputs: Parent category: {parent_category}; Sibling categories: {sib-
ling_categories}.

Step-by-step reasoning: [analyti-
cal justification] Answer: [These
sibling categories are coherent] or
[These sibling categories are NOT
coherent]

Category
assignment
(Round 2)

Instruction: Assess whether a specific claim belongs to a provided category
and assign a binary label. Choose "The claim belongs to the category" if any
part/aspect of the claim is relevant (including negations/opposites); otherwise
choose "The claim does NOT belong to the category". Only use the requested
output format. Provide step-by-step reasoning before the final label. Inputs:
Claim: {claim}; Category: {category}.

Step-by-step reasoning: [why the
claim is or is not relevant] Answer:
[The claim belongs to the category]
or [The claim does NOT belong to
the category]

Table 19: Structured Summaries of prompts for CHIME (Hsu et al., 2024)
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C Detailed Introduction of Different990

Topic-related Tasks991

Topic Classification (TC): Assigns a document to992

one or more predefined topics. It is essentially a993

supervised text classification problem, where each994

label corresponds to a semantic category.995

Topic Discovery (TD): Identifies latent themes996

from a collection of documents without pre-997

specified topic labels. This unsupervised task aims998

to reveal hidden semantic structures.999

Topic Extraction (TE): Extracts representative1000

keywords or phrases from a single document that1001

summarize its main theme, capturing salient topical1002

cues directly from the text.1003

Topic Segmentation (TS): Divides a long docu-1004

ment into coherent segments, each associated with1005

a topic, in order to capture topic shifts within the1006

same document.1007

Topic Modeling (TM): Learns latent topics1008

from a document collection, representing each1009

topic as a probability distribution over words and1010

each document as a distribution over topics.1011

Document Organization & Analysis (DOA):1012

Organizes a large document collection into more1013

structured thematic catalogs (trees or graphs), com-1014

bining topical semantics with additional analytical1015

dimensions such as sentiment, stance, or temporal1016

patterns.1017
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