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Abstract001

Hierarchical Text Classification (HTC) aims to002
categorize documents into specific paths within003
a label taxonomy. Most existing works for004
this task are fully supervised methods, which005
demand substantial time and effort from do-006
main experts for data annotation. On the other007
hand, only a handful of studies have focused on008
HTC with severely constrained supervision sig-009
nals. They usually adopt a top-down strategy010
to identify document-relevant classes, yet risk011
missing some truly essential candidates. And012
they often adopt a flat classifier architectures,013
which probably produce predictions violating014
hierarchical constraint. To address these limi-015
tations, we propose a novel weakly-supervised016
HTC framework called PaCoClass. Specifi-017
cally, PaCoClass first introduces a Bidirectional018
Path Consistency Scoring mechanism to quan-019
tify document-label path semantic alignment020
by combining bottom-up candidates retrieval021
with top-down consistency constraints. Subse-022
quently, PaCoClass designs an LLM-Enhanced023
Path Refinement strategy, which introduces024
Large Language Models (LLMs) to further025
refine high scoring paths. Thirdly, a condi-026
tional classifier architecture is introduced in-027
stead of flat classifiers, which inherently en-028
forces hierarchical constraints and captures029
intrinsic label dependencies. Finally, experi-030
ments demonstrate that our framework consis-031
tently outperforms several well-known compet-032
ing HTC methods at all stages.033

1 Introduction034

Hierarchical Text Classification (HTC) (Sun and035

Lim, 2001) aims to assign a set of classes from a036

label taxonomy to documents. These classes cover037

concepts ranging from broad to specific and are038

linked by parent-child relationships, forming paths039

that lead from a root node to specific class. For in-040

stance, in Amazon product review classification, a041

document might be assigned to the path “Beauty →042

Hair Care → Shampoo”, where each level provides043

progressively finer-grained semantic distinctions. 044

Compared to flat text classification, which treats 045

all categories as independent labels, HTC explic- 046

itly models the hierarchical relationships among 047

classes, enabling more precise categorization and 048

more effective organization of large-scale docu- 049

ment collections (Zangari et al., 2024). This ca- 050

pability makes HTC indispensable in numerous 051

real-world applications, including scientific litera- 052

ture indexing (Zhang et al., 2023) and e-commerce 053

product categorization. Meanwhile, hierarchically 054

structured text (Huang et al., 2025; Jiao et al., 2025) 055

also plays an important role in retrieval-augmented 056

generation for Large Language Models (LLMs). 057

Most existing HTC methods adopt fully super- 058

vised learning paradigms (Im et al., 2023; Kim 059

et al., 2024), which depend on large-scale human- 060

annotated data for model training. Despite their 061

success, applying these methods to real-world sce- 062

narios remains challenging (Wang et al., 2023) due 063

to costly, time-consuming manual annotation—an 064

issue especially critical for HTC, as its hierarchical 065

taxonomy demands far greater annotation efforts 066

from domain experts. 067

To alleviate the annotation burden, weakly- 068

supervised hierarchical text classification (WHTC) 069

methods have been explored. For instance, Meng 070

et al. (Meng et al., 2019) utilize a small set of key- 071

words or labeled documents for each class to train 072

a text classifier. To further minimize supervision, 073

TaxoClass (Shen et al., 2021) pioneers the min- 074

imal supervision paradigm by relying solely on 075

class names to identify "core classes" (i.e., fine- 076

grained classes that most accurately describe the 077

documents) via textual entailment model. Building 078

upon this, TELEClass (Zhang et al., 2025) further 079

enhances the supervision signal by enriching the 080

taxonomy with class-indicative terms derived from 081

both LLMs and the corpus. 082

In addition to these WHTC methods, some re- 083

search explores the strict zero-shot setting. For 084
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instance, Bongiovanni et al. (2023) and Paletto085

et al. (2024) compute the similarity between the086

document and all classes. They utilize the la-087

bel taxonomy through Upward Score Propagation088

(UP), which bottom-up propagates scores from089

child nodes to their parents to improve the clas-090

sification performance for upper-level categories.091

However, such bottom-up strategy risks validating092

parent nodes solely based on high-scoring children,093

ignoring the potential semantic mismatch between094

the parent nodes and the document, as illustrated095

in Figure 1-(b).096

Although the aforementioned methods have suc-097

cessfully reduced the dependency on supervision098

signals, they still exhibit the following limitations:099

(1) Core class selection dilemma: Most WHTC100

methods employ a top-down strategy that traverses101

from coarse to fine-grained levels to select candi-102

date core class, risking premature pruning where103

correct fine-grained classes are excluded if their104

ancestors fail to attain high scores (as illustrated105

in Figure 1-(a)). (2) Underutilization of LLMs’106

classification capability: Existing methods primar-107

ily utilize LLMs for data augmentation or taxon-108

omy enrichment, overlooking their potential to re-109

fine predictions. (3) Classifier architectural mis-110

match: Most WHTC methods adopt flat, hierarchy-111

agnostic architectures that fail to enforce structural112

constraints. This often results in logically incon-113

sistent predictions, such as a child node having a114

higher probability than its parent.115

To address these limitations, we propose PaCo-116

Class (Path Selection and Conditional Classifiers),117

a progressive framework that integrates path-based118

pseudo-labeling with parent-conditioned classifier119

training for HTC with minimal supervision, relying120

solely on class names. Our main contributions are121

as follows.122

• Contrary to existing WHTC methods with top-123

down strategy, we propose a Bidirectional124

Path Consistency Scoring (BPCS) mecha-125

nism in HTC task. It first identifies highly rele-126

vant fine-grained classes via a bottom-up strat-127

egy, then utilizes top-down hierarchical con-128

sistency constraints to filter out paths lacking129

ancestral semantic support, effectively resolv-130

ing the pruning errors common in top-down131

strategy.132

• We design an LLM-Enhanced Path Refine-133

ment strategy that constructs a high-quality134

candidate set via BPCS-generated paths and135
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Figure 1: Two strategies for a sample document: (a) Top-
Down Selection; (b) Bottom-Up Score Update. Arrows
indicate selection order. The dashed line represents the
direction of score updates.

lexical matches for LLM reasoning, thereby 136

enabling LLMs to effectively refine paths. 137

• Contrary to flat classifier used in HTC task, 138

we design the Hierarchy-Aware Condi- 139

tional Classifier (HACC) that decomposes 140

the global classification problem into recur- 141

sive local predictions conditioned on parent 142

nodes. Through dynamic parent-guided atten- 143

tion and local bilinear matching, HACC fo- 144

cuses computational resources on distinguish- 145

ing hard negatives (i.e., semantically similar 146

siblings Chen et al. (2024)) while inherently 147

enforcing structural consistency across the tax- 148

onomy. 149

• In terms of the above three technical com- 150

ponents, a progressive WHTC framework is 151

proposed. That is, it can employ BPCS alone 152

for zero-shot scenarios, incorporate LLM re- 153

finement for enhanced accuracy, or train the 154

HACC when unlabeled corpora are available. 155

Finally, experiments conducted on two bench- 156

mark HTC datasets demonstrate that PaCo- 157

Class achieves state-of-the-art performance 158

at each stage compared to well-known HTC 159

methods under the same supervision setting. 160

2 Related Work 161

To alleviate the annotation burden in HTC task, 162

some WHTC methods have been proposed. For 163

instance, Meng et al. (Meng et al., 2019) propose 164

WeSHClass, which utilizes a small set of keywords 165

or labeled documents for each class to train a hierar- 166

chical neural text classifier. By generating pseudo 167
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documents from weak supervision signals and em-168

ploying self-training, WeSHClass reduces the de-169

pendency on large-scale annotations. However,170

compiling keyword lists for hundreds of classes171

and securing representative documents for niche172

subcategories still demand significant human ef-173

forts.174

To further minimize supervision, Taxo-175

Class (Shen et al., 2021) and TELEClass (Zhang176

et al., 2025) tackle HTC using only class names.177

Both methods centered around the concept of178

core classes based on the observation of human179

cognitive processes: experts usually first identify180

the most essential classes relevant to a document181

as core classes, and then incorporate the ancestor182

classes of these core classes. However, despite183

this motivation, TaxoClass employs a top-down184

strategy to reduce the search space of core classes,185

which may inevitably filter out correct labels due186

to the semantic gap between coarse-grained parent187

classes and specific document content.188

Regarding classifier architectures, WeSH-189

Class (Meng et al., 2019) constructs multiple190

local classifiers at each hierarchical node. How-191

ever, this approach requires training a large192

number of independent classifiers. In contrast,193

TaxoClass and TELEClass adopt fundamentally194

flat, hierarchy-agnostic classifier architectures.195

Using a standard log-bilinear matching network196

optimized with Binary Cross-Entropy (BCE) loss,197

they treat each taxonomy node as an independent198

binary classification task. While this flat design199

simplifies training, it cannot ensure that a child200

class’s probability does not exceed its parent’s,201

thus placing the entire burden of learning structural202

dependencies on pseudo-labeled data distributions203

instead of embedding inductive biases into the204

model.205

Beyond the aforementioned training-based206

weakly supervised methods, Zero-Shot Classifica-207

tion (ZSC) is particularly valuable when unlabeled208

corpora are unavailable or training resources are209

limited. ZSC methods utilize only pre-trained lan-210

guage models and the label taxonomy for classifi-211

cation. One primary approach frames the ZSC212

problem as a 1-Nearest Neighbor classification213

task based on label embeddings serving as pro-214

totypes or centroids. In this vein, Bongiovanni215

et al. (2023) introduced an algorithm termed Up-216

ward Score Propagation (UP), which first computes217

prior relevance scores between documents and la-218

bels using pre-trained language models and then219

re-calibrates parental scores by leveraging strong 220

relevance signals from their corresponding children 221

nodes. Building upon this, Paletto et al. (2024) pro- 222

posed Hierarchical Label Augmentation (HiLA) to 223

mitigate the issue of low semantic specificity at the 224

leaf level. By leveraging LLMs to generate fine- 225

grained child nodes for existing leaves, HiLA suc- 226

cessfully extends the UP mechanism to the deepest 227

level of the original taxonomy, achieving state-of- 228

the-art performance in zero-shot HTC. 229

However, we identify fundamental limitations 230

inherent to the UP algorithm mentioned above. 231

Specifically, its update rule operates in a unidirec- 232

tional reinforcement manner, that is, parent node 233

scores are only enhanced or replaced by stronger 234

signals from child nodes. As a result, if a major 235

high-scoring error appears at lower levels, it will 236

spread upward without any restriction. On the con- 237

trary, our method to be proposed in this paper will 238

fix the above issues. 239

3 Method 240

3.1 Problem Formulation 241

Given a corpus D = {d1, d2, . . . , dN} with N doc- 242

uments and a label taxonomy T , the taxonomy is 243

a tree-structured hierarchy with maximum depth 244

L and label set C. Each label clj ∈ C is indexed 245

by its level l ∈ {0, . . . , L} and position j within 246

that level, we use cl or c to denote a label at level 247

l or a generic class, where c0 denoting the root 248

node. Following the notations in HiLA (Paletto 249

et al., 2024), we use ↑ clj and ⇑ clj to denote the 250

parent and ancestor set of clj , and ↓ clj and ⇓ clj for 251

its children and descendants. 252

The HTC task aims to assign a subset of rel- 253

evant labels Y ⊂ C to each document d ∈ D, 254

subject to the hierarchy constraint: if a label is 255

assigned, all its ancestors must also be assigned. 256

The output can thus be represented as label path 257

y = (y1, y2, . . . , yL), where each yl belongs to 258

level l of the taxonomy. 259

As shown in Figure 2, we propose a novel 260

WHTC framework composed of three technical 261

components, including Bidirectional Path Con- 262

sistency Scoring (BPCS) in Section 3.2, LLM- 263

Enhanced Path Refinement in Section 3.3, and 264

Hierarchy-Aware Conditional Classifier (HACC) 265

in Section 3.4. The first two components are im- 266

plemented using only the label taxonomy T and 267

individual documents d, producing pseudo-labels 268

for an unlabeled corpus D. The last component 269
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Figure 2: The overall framework of PaCoClass. The upper part illustrates the pseudo-label generation process via
Bidirectional Path Consistency Scoring (BPCS) and LLM-Enhanced Path Refinement. The lower part shows the
prediction process of the Hierarchy-Aware Conditional Classifier (HACC) at a specific layer.

then leverages these pseudo-labeled documents to270

train the conditional classifier. Technical details271

are as follows.272

3.2 Bidirectional Path Consistency Scoring273

To effectively integrate fine-grained semantic274

matching with global taxonomy constraints, we275

propose the BPCS mechanism. Unlike traditional276

methods that rely on unidirectional traversal, BPCS277

treats the document-label alignment as a bidirec-278

tional verification process. Specifically, it first em-279

ploys a Bottom-Up strategy to identify all candi-280

date core classes, ensuring that the true core classes281

are not prematurely pruned. Subsequently, it ex-282

amines the semantic similarity between ancestor283

nodes and the document in a top-down manner, ef-284

fectively filtering out spurious candidates that lack285

ancestral semantic support. Before detailing the286

scoring mechanism, we first introduce the neces- 287

sary preparations, including taxonomy enrichment 288

and encoding. 289

Taxonomy Enrichment To bridge the seman- 290

tic gap between abstract class names and specific 291

document content, we first leverage LLMs to en- 292

rich the taxonomy by generating finer-grained child 293

nodes ↓ cLj for each leaf node cLj . The specific 294

prompt templates are provided in Appendix B.1. 295

Encoding We employ a pre-trained language 296

model to map the input document d and each label 297

clj into the same semantic vector space. For the 298

document, we obtain the sequence of token embed- 299

dings H = [h1, . . . ,hn] ∈ Rn×dh and the global 300

representation hd ∈ Rdh . For labels, we obtain 301

their representations v
(l)
j ∈ Rdh . The prior rele- 302

vance score is computed via cosine similarity as 303
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S(clj) = cos(hd,v
(l)
j ).304

Building upon these preparations, the BPCS305

mechanism is executed through two stages, as elab-306

orated in the subsequent sections.307

3.2.1 Bottom-Up Candidate Generation308

For each leaf node cLj in the taxonomy, we first309

define its leaf cluster C(cLj ) = {cLj }∪ ↓ cLj , which310

contains cLj itself and all its LLM-generated child311

nodes ↓ cLj (see Taxonomy Enrichment in Section312

3.2). From the leaf cluster onwards, we identify313

as core classes those classes whose prior relevance314

score S(·) is higher than the statistical threshold α,315

defined as the top percentile of the score distribu-316

tion fitted on a large background corpus of random317

irrelevant documents.318

Ccore(cLj ) = {c ∈ C(cLj ) | S(c) > αc}
Acore(c

L
j ) = {c ∈⇑ cLj | S(c) > αc}

(1)319

Based on the above sets, we determine the core320

classes ĉ below.321

ĉ =


argmax
c∈Ccore(cLj )

S(c) if Ccore(c
L
j ) ̸= ∅

argmax
c∈Acore(cLj )

level(c) else if Acore(c
L
j ) ̸= ∅

None otherwise
(2)322

We prioritize core classes in the leaf clus-323

ter C(cLj ) for their specific semantic distinctions;324

failing that, we select the deepest qualifying ances-325

tor from Acore(c
L
j ). This bottom-up strategy avoids326

the top-down filtering pitfalls where semantically327

fine-grained core classes may be prematurely ex-328

cluded due to their coarse-grained parents failing329

to meet relevance thresholds. Furthermore, this ap-330

proach better aligns with the fundamental principle331

of core class identification, namely selecting the332

fine-grained classes that most accurately describe333

the documents.334

3.2.2 Top-Down Consistency Constraint335

To filter out spurious candidates lacking ancestral336

support, we introduce a path scoring mechanism337

that incorporates global structural consistency. For338

a candidate core class ĉ and its path p, the final339

score S(p) combines the bottom-up relevance S(ĉ)340

with a top-down hierarchy consistency factor C(p):341

S(p) = S(ĉ)× C(p) (3)342

C(p) aggregates the validity of all ancestor nodes343

⇑ ĉ. We define the validation weight wci for each344

ancestor ci as: 345

wci = σ(k · (S(ci)− αci)) (4) 346

where σ(·) is the sigmoid function and k regulates 347

sensitivity. wci approaches 1 when the ancestor is 348

relevant (S(ci) > αci) and 0 otherwise. We com- 349

pute C(p) as the geometric mean of these weights: 350

C(p) =

 ∏
ci∈⇑ĉ

wci

 1
|⇑ĉ|

(5) 351

This geometric mean ensures that if any ancestor 352

is irrelevant (wci ≈ 0), the entire path score is 353

suppressed, effectively enforcing hierarchical con- 354

sistency. 355

3.3 LLM-Enhanced Path Refinement 356

Although the BPCS mechanism proposed in Sec- 357

tion 3.2 outperforms prior zero-shot methods, it es- 358

sentially relies on Pre-trained Embedding Models. 359

This reliance limits its capacity to capture complex 360

contextual logic and distinguish subtle semantic 361

nuances (Liu et al., 2025), which are areas where 362

current state-of-the-art LLMs excel. 363

To introduce the powerful capabilities of LLMs, 364

especially to correct potential noise in BPCS 365

pseudo-labels, we adopt a "Recall-Rerank" two- 366

stage architecture below. We first construct a high- 367

quality path candidate set containing potential cor- 368

rect answers via two complementary strategies, and 369

then use an LLM for screening. Specifically, we 370

select the Top-K highest-scoring paths from BPCS 371

as the candidate set Pknn, serving as a high-quality 372

candidate pool. To complement the limited exact- 373

matching capability of semantic retrieval, we also 374

retrieve class names that appear in the document. 375

Since labels have been enriched by LLMs through 376

the Taxonomy Enrichment step, they form a key- 377

word set containing finer-grained labels and rele- 378

vant instances. All matched label paths are aggre- 379

gated into Pkey. 380

The above two strategies form an effective com- 381

plement: Semantic Retrieval focuses on evaluat- 382

ing the overall implicit similarity of the document, 383

fully utilizing the pseudo-labeling knowledge of 384

BPCS. While Lexical Matching captures explicit 385

lexical features in the text. We take the union of 386

the results of both to form the final candidate path 387

set Pgen = Pknn ∪ Pkey. 388

In the final Reranking stage, we use an LLM to 389

select the optimal path from Pgen. We construct 390

5



a structured Prompt, inputting the full text of the391

document together with Pgen into the LLM. The392

specific prompt template is detailed in Appendix393

B.2. In this way, we successfully deeply integrate394

the reasoning capability of the LLM with the hierar-395

chical text classification task, further improving the396

classification performance based on BPCS pseudo-397

labeling.398

3.4 Hierarchy-Aware Conditional Classifier399

(HACC)400

Most existing WHTC methods employ flat classi-401

fier architectures that predict all label scores simul-402

taneously. However, such architectures face two403

major limitations. Specifically, they often ignore404

hierarchical dependencies, which leads to logically405

invalid paths where child node probabilities exceed406

those of their parents. Furthermore, global opti-407

mization in these models is frequently hindered by408

numerous easy negatives from unrelated branches,409

diluting the focus on hard negatives and resulting410

in insufficient fine-grained feature learning.411

To address these limitations, we propose the412

Hierarchy-Aware Conditional Classifier (HACC).413

HACC decomposes the global classification task414

into a sequence of local predictions, where each415

step is conditioned on the identified parent node.416

This architecture inherently enforces hierarchical417

constraints and directs the model to focus on distin-418

guishing hard negatives among sibling classes.419

3.4.1 Model Architecture420

Building upon the encoding defined in Section 3.2,421

HACC introduces two key components as follows.422

Parent-Guided Attention We extract hierarchy-423

specific semantic features from the document. For424

the first level (l = 1), we directly use the global425

document representation hd as the level-specific426

representation c1. For deeper levels (l > 1), we427

employ a parent-guided attention mechanism. Let428

yl−1 be the parent node. We compute a query vec-429

tor ql by projecting the parent embedding vyl−1
:430

ql = WQvyl−1
(6)431

This query is used to compute attention weights432

ai over the document tokens H to obtain the level-433

specific representation cl:434

ai =
exp(q⊤

l hi/
√
dh)∑n

k=1 exp(q
⊤
l hk/

√
dh)

cl =

n∑
i=1

aihi

(7)435

By focusing on semantic segments relevant to the 436

current parent category, this mechanism generates 437

a level-specific representation cl to facilitate more 438

accurate local classification. 439

Local Bilinear Matching We strictly limit the 440

prediction scope to the valid child node set ↓ 441

yl−1 = {cl1, cl2, . . . , clm}, where m is the number of 442

children. We compute the matching score between 443

cl and the k-th candidate child node clk ∈↓ yl−1 444

through a bilinear transformation: 445

s(clk|yl−1, d) = c⊤l Wintv
(l)
k + b

(l)
k (8) 446

where Wint ∈ Rdh×dh is a learnable interaction 447

matrix, and b
(l)
k is a category-specific bias term. 448

This local matching design naturally concentrates 449

the optimization focus on semantically similar sib- 450

ling nodes (hard negatives), avoiding the problem 451

of gradient directions being dominated by a large 452

number of irrelevant categories (easy negatives) in 453

the early stages of training with global classifiers. 454

3.4.2 Model Training 455

We train HACC using the pseudo-label paths ob- 456

tained from the LLM-Enhanced Path Refinement 457

stage (Section 3.3) with a Teacher Forcing strategy. 458

By decomposing the global optimization into lo- 459

cal sub-problems within ↓ yl−1, HACC eliminates 460

easy negatives and focuses on distinguishing hard 461

negatives (sibling nodes). This design also inher- 462

ently enforces structural consistency, as child nodes 463

are only predicted conditional on their parents. 464

We minimize the Local Cross-Entropy Loss: 465

Llocal(l) = − log
exp(s(yl|yl−1, d))∑

clk∈↓yl−1
exp(s(clk|yl−1, d))

(9) 466

For a pseudo-labeled path of depth k for document 467

d, we define the document-level total loss as the 468

sum of local losses: 469

Ltotal(d) =

k∑
l=1

Llocal(l). (10) 470

4 Experimental Setup 471

Datasets We evaluate our methods on two 472

benchmark datasets: Amazon-531(McAuley and 473

Leskovec, 2013), containing product reviews from 474

Amazon, and DBPedia-298(Lehmann et al., 2015), 475

built from Wikipedia articles. Table 4 summarizes 476

their statistics. Following standard practice, we 477

perform pseudo-labeling and classifier training on 478
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Supervision Method Amazon-531 DBPedia-298

L. 1 L. 2 L. 3 L. 1 L. 2 L. 3

Zero-Shot

UP 0.7060 0.3347 0.1766 0.7846 0.6618 0.6034
HiLA 0.7790 0.3668 0.2459 0.8064 0.6349 0.5695
BPCS 0.8068 0.3935 0.2570 0.8490 0.7007 0.6215
LLM+BPCS 0.9006 0.5737 0.3755 0.9502 0.8487 0.8378

Table 1: Strict Zero-shot performance comparison. Best scores in bold.

Supervision Method Amazon-531 DBPedia-298

Example-F1 P@1 P@3 MRR Example-F1 P@1 P@3 MRR

Weakly-Supervised

WeSHClass† 0.2458 0.5773 0.2517 — 0.3047 0.5359 0.3048 —
TaxoClass-NoST† 0.5431 0.7918 0.5414 0.5911 0.7712 0.8621 0.7712 0.8221
TaxoClass† 0.5934 0.8120 0.5894 0.6332 0.8156 0.8942 0.8156 0.8762
TELEClass† 0.6483 0.8505 0.6421 0.6865 0.8633 0.9351 0.8633 0.8864
PaCoClass 0.7115 0.8862 0.7848 — 0.9311 0.9809 0.9311 —

Table 2: Weakly-supervised performance comparison. Best scores in bold. † indicates results reported in prior
work. Note that WeSHClass and PaCoClass cannot generate MRR metrics because they only output predictions
corresponding to the specified levels.

the training set, and evaluate model performance479

on the test set.480

Competing Methods We compare PaCoClass481

with the following state-of-the-art baselines. For482

zero-shot settings, we include UP (Bongiovanni483

et al., 2023), which propagates relevance scores484

from children to parents, and HiLA (Paletto et al.,485

2024), which augments leaf nodes with LLM-486

generated children. For weakly-supervised set-487

tings, we compare against: WeSHClass (Meng488

et al., 2019), which generates pseudo-documents489

for classifier training; TaxoClass (Shen et al.,490

2021), which identifies core classes via textual en-491

tailment; and TELEClass (Zhang et al., 2025),492

which enriches the taxonomy with class-indicative493

terms.494

Implementation Details We use Sentence495

Transformer (Reimers and Gurevych, 2019)496

all-mpnet-base-v2 as the encoder for the sim-497

ilarity measure in Section 3.2 and 3.3. For the clas-498

sifier training, we use BERT-base-uncased(Devlin499

et al., 2019) to ensure a fair comparison with base-500

lines. For the LLM-Enhanced Path Refinement501

stage, we employ GPT-3.5-turbo as the reasoning502

model.503

5 Experimental Results504

We evaluate PaCoClass across its three progressive505

stages and compare against state-of-the-art base-506

lines in both zero-shot and weakly-supervised set-507

tings. For the zero-shot setting, we report Micro-F1508

scores at each hierarchy level following Bongio- 509

vanni et al. (2023). For the weakly-supervised set- 510

ting, we adopt Example-F1, Precision at k (P@k) 511

where k ∈ {1, 3}, and Mean Reciprocal Rank 512

(MRR) as evaluation metrics, consistent with prior 513

work (Shen et al., 2021). 514

Zero-Shot Performance Table 1 presents the 515

zero-shot classification results. Our BPCS method 516

outperforms the UP and HiLA baselines across 517

all hierarchy levels on both datasets, with more 518

substantial improvements at higher levels (L. 1, L. 519

2). This validates our bidirectional path consis- 520

tency scoring mechanism: via the consistency fac- 521

tor C(p), BPCS suppresses spurious high-scoring 522

leaf nodes lacking ancestral semantic support. It 523

effectively combines bottom-up specificity with 524

bidirectional consistency checks. 525

The integration of LLMs (LLM+BPCS) yields a 526

dramatic performance boost, significantly outpac- 527

ing standalone BPCS: on DBPedia-298 alone, the 528

gains escalate to +14.80 at L. 2 and +21.63 at L. 3. 529

This trend demonstrates that LLMs excel at disam- 530

biguating fine-grained semantic distinctions when 531

provided with a constrained, high-quality candidate 532

set generated by BPCS, effectively addressing both 533

context window limitations and attention dilution 534

issues inherent in applying LLMs to large-scale 535

taxonomies. 536

Weakly-Supervised Performance Table 2 com- 537

pares PaCoClass against weakly-supervised base- 538
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Method
Amazon-531 DBPedia-298

Example-F1 P@1 P@3 MRR Example-F1 P@1 P@3 MRR

w/o LLM Enhanced 0.5997 0.8250 0.5942 — 0.8367 0.9357 0.8367 —
w/o HACC 0.6349 0.8265 0.6294 0.6661 0.8927 0.9481 0.8927 0.9090
PaCoClass 0.7115 0.8862 0.7848 — 0.9311 0.9809 0.9311 —

Table 3: Performance of PaCoClass and its ablations. The best score is boldfaced.

Statistics Amazon-531 DBPedia-298

Hierarchy Levels 3 3
# Classes (L. 1/L. 2/L. 3) 6/64/510 9/70/219
# Training Samples 29,487 196,665
# Test Samples 19,685 49,167

Table 4: Dataset statistics.

lines. PaCoClass consistently achieves the best per-539

formance across all metrics on both datasets. We540

attribute this superiority to two key factors. First,541

our BPCS mechanism combined with LLM refine-542

ment generates higher-quality pseudo-labels than543

previous methods. Second, HACC, which focuses544

on sibling discrimination, effectively learns fine-545

grained distinctions and thus yields more accurate546

predictions.547

Ablation Study Table 3 validates the contribu-548

tion of each component in PaCoClass. Specifically,549

w/o LLM Enhanced directly utilizes the pseudo-550

labels obtained from Section 3.2, and w/o HACC551

employs the flat classifier from TaxoClass (Shen552

et al., 2021). Removing LLM-enhanced refinement553

(w/o LLM Enhanced) causes substantial drops554

across both datasets, where Example-F1 decreases555

by 11.18 points on Amazon-531 and 9.44 points556

on DBPedia-298, confirming that LLM verifica-557

tion effectively corrects embedding-based retrieval558

errors and filters noisy pseudo-labels. Removing559

the conditional classifier (w/o HACC) while retain-560

ing LLM refinement still results in 7.66-point and561

3.84-point drops respectively, demonstrating that562

HACC’s parent-conditioned local prediction pro-563

vide additional gains. Notably, the relative contri-564

bution of HACC is smaller on DBPedia-298, likely565

because its simpler taxonomy structure reduces566

the complexity of hierarchical decision-making.567

These ablations confirm that both LLM refinement568

and HACC’s architectural design are essential for569

achieving state-of-the-art performance, with their570

benefits amplifying as taxonomy scale and depth571

increase.572

These results demonstrate two key strengths 573

of our approach. First, our BPCS-based pseudo- 574

labeling provides higher-quality training signals. 575

Second, our HACC architecture decomposes 576

the global classification task into parent-context- 577

conditioned local decisions, thereby focusing opti- 578

mization on distinguishing sibling nodes. 579

6 Conclusions 580

In this paper, we proposed PaCoClass, a progres- 581

sive framework designed to tackle the challenges 582

of hierarchical text classification with minimal su- 583

pervision. By identifying and addressing the limi- 584

tations of existing methods, namely the candidate 585

pruning error in top-down strategy and the struc- 586

tural inconsistency in flat classifiers, PaCoClass in- 587

troduces a robust pipeline comprising Bidirectional 588

Path Consistency Scoring (BPCS), LLM-Enhanced 589

Path Refinement, and a Hierarchy-Aware Condi- 590

tional Classifier (HACC). 591

Our approach effectively combines the semantic 592

specificity of bottom-up retrieval with the struc- 593

tural rigor of top-down constraints, while further 594

leveraging the reasoning power of LLMs to refine 595

predictions. Furthermore, the proposed conditional 596

classifier inherently enforces hierarchical depen- 597

dencies, ensuring logically valid outputs. Extensive 598

experiments on benchmark datasets demonstrate 599

that PaCoClass significantly outperforms state-of- 600

the-art baselines in both zero-shot and weakly- 601

supervised settings. The framework’s modular de- 602

sign allows for flexible adaptation to various re- 603

source constraints, offering a practical solution to 604

real-world HTC applications where human annota- 605

tion is scarce. 606

7 Limitations 607

Despite its effectiveness, our proposed framework 608

still has the following two limitations. First, the 609

BPCS mechanism relies on statistical thresholds 610

(α) derived from a general-purpose background 611

corpus. Consequently, applying PaCoClass to 612

8



highly specialized or technical datasets may neces-613

sitate domain-specific recalibration of these thresh-614

olds to ensure optimal performance in filtering615

spurious paths. Second, the performance of the616

LLM-enhanced path refinement stage is signifi-617

cantly influenced by the capabilities of the under-618

lying large language model. While we utilized619

gpt-3.5-turbo in our experiments for consistency620

and comparison with prior work, we believe the621

proposed method remains effective when integrated622

with various open-source and freely accessible623

models. Further evaluation across a broader range624

of models is left for future work.625
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A Evaluation Metrics744

Following previous studies (Shen et al., 2021), we745

evaluate the multi-label classification results using746

Example-F1, Precision at k (P@k), and Mean Re-747

ciprocal Rank (MRR). Consistent with the notation748

in Section 3.2, let N be the total number of docu-749

ments and C be the label set. For each document di,750

we denote its ground-truth label set as Y true
i ⊂ C751

and the predicted label set as Y pred
i ⊂ C.752

Macro-F1 calculates the average F1 score across753

all classes:754

Macro-F1 =
1

|C|
∑
c∈C

2 · Pc ·Rc

Pc +Rc
(11)755

where Pc and Rc denote the precision and recall756

for class c ∈ C, respectively.757

Example-F1 calculates the average F1 scores758

for all documents as follows:759

Example-F1 =
1

N

N∑
i=1

2|Y true
i ∩ Y pred

i |
|Y true

i |+ |Y pred
i |

(12)760

where Y true
i and Y pred

i denote the set of true and761

predicted labels for document di, respectively.762

Precision at k (P@k) measures the proportion763

of correct predictions in the top-k predicted labels:764

P@k =
1

N

N∑
i=1

|Y true
i ∩ Y pred

i,1:k |
min(k, |Y true

i |)
(13)765

where Y pred
i,1:k represents the top-k most likely labels766

predicted by the model for document di. We report767

P@1 and P@3 in our experiments.768

Mean Reciprocal Rank (MRR) evaluates the 769

ranking quality of the predicted labels: 770

MRR =
1

N

N∑
i=1

1

|Y true
i |

∑
c∈Y true

i

1

ric
(14) 771

where ric is the rank of the true label c in the 772

model’s predicted list for document di. 773

B Prompt Templates 774

B.1 Prompt for Taxonomy Enrichment 775

Prompt template for taxonomy enrichment on the 776

Amazon-531 dataset as follows. 777

You are ChatGPT, a helpful AI chatbot spe-
cialized in classifying and analyzing Ama-
zon product reviews. Your task is to under-
stand the context of product reviews, catego-
rize them into appropriate topics (e.g., qual-
ity, delivery, customer service), and assist in
extracting useful insights from the reviews.
The Amazon product tags cL−1

j can be clas-
sified into more specific subcategories such
as cLj . Please provide the subcategories in
Python dictionary format, where the keys
are the broader categories: cLj and the values
are lists of 10 more specific subcategories.

778

Prompt template for taxonomy enrichment on 779

the DBPedia-298 dataset as follows. 780

You are ChatGPT, a helpful AI chatbot
specialized in classifying and organizing
Wikipedia article categories. Your task is
to understand the context of these categories.
You will categorize them into appropriate
sub-topics OR provide specific, related in-
stances if sub-topics are not suitable (e.g.,
for ’National Football League Season’, in-
stances like ’AFC’ and ’NFC’ are appropri-
ate). Assist in creating a detailed knowledge
hierarchy. The Wikipedia categories cL−1

j

can be classified into more specific subcate-
gories such as cLj . Please provide the subcat-
egories in Python dictionary format, where
the keys are the broader categories: cLj and
the values are lists of 10 more specific sub-
categories.

781
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B.2 Prompt for Path Refinement782

Prompt template for Path Refinement on the783

Amazon-531 dataset as follows.784

You are a highly precise, single-function
product classification engine. Your SOLE
task is to act as a strict path selector. You
must output EXACTLY one string from the
provided OPTIONS list, and nothing else.
You are strictly forbidden from providing
any text, explanation, quotation marks, or
punctuation besides the chosen path itself.
CLASSIFICATION TASK
- AMAZON PRODUCT REVIEW:
[Document Text]
- OPTIONS: [Pgen]
INSTRUCTIONS
1. Analyze the AMAZON PRODUCT
REVIEW.
2. Select the single MOST RELEVANT
category path from the OPTIONS.
3. Your FINAL OUTPUT MUST BE ONLY
the selected path string. Do not include the
number (e.g., "1.") or any other text.

785

Prompt template for Path Refinement on the786

DBPedia-298 dataset as follows.787

You are a highly precise classification
engine for general knowledge and ontology.
Your SOLE task is to act as a strict path
selector. You must output EXACTLY one
string from the provided OPTIONS list,
and nothing else. You are strictly forbidden
from providing any text, explanation,
quotation marks, or punctuation besides the
chosen path itself.
CLASSIFICATION TASK
- WIKIPEDIA ARTICLE ABSTRACT:
[Document Text]
- OPTIONS: [Pgen]
INSTRUCTIONS
1. Analyze the WIKIPEDIA ARTICLE
ABSTRACT.
2. Select the single MOST RELEVANT
category path from the OPTIONS.
3. Your FINAL OUTPUT MUST BE ONLY
the selected path string. Do not include the
number (e.g., "1.") or any other text.

788
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