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Abstract

Hierarchical multi-label text classification
(HMTC) aims to assign documents with multi-
ple labels organized in a predefined hierarchy,
posing challenges for modeling both the hi-
erarchical structure and the fine-grained label
semantics. Existing approaches often rely on
hierarchy-specific prediction architectures or
hard consistency constraints, which can limit
flexibility and robustness, especially for deep
and imbalanced hierarchies. In this work, we
propose a hierarchy-aware representation learn-
ing framework that reformulates HMTC as a
path-level semantic alignment problem. We
introduce PathSimNCE, a hierarchy-aware con-
trastive objective that aligns text with hierar-
chical paths using structure-based similarity,
and incorporate an auxiliary description align-
ment objective using natural-language path
descriptions generated offline by a large lan-
guage model, without introducing inference-
time overhead. Extensive experiments on three
benchmark datasets show that our approach
achieves competitive or state-of-the-art perfor-
mance using a standard RoBERTa encoder and
a unified classifier. Further ablation and depth-
wise analyses show that hierarchy-aware and se-
mantic supervision play complementary roles,
significantly improving performance on fine-
grained and rare labels.

1 Introduction

Hierarchical multi-label text classification (HMTC)
aims to assign multiple labels to a document, where
the labels are organized within a predefined hier-
archy (Liu et al., 2023a) (Figure 1). This setting
commonly arises in real-world applications, such
as news topic classification (Kowsari et al., 2019),
categorization of scientific publications (Chen et al.,
2024a), and book genre annotation, where labels
exhibit rich semantic and structural dependencies
(Zhou et al., 2020). Unlike flat multi-label clas-
sification, HMTC requires models to capture not

Text: The Tokyo Stock Exchange plans to upgrade its
computers and renovate its building to provide more
seats for foreign brokerage firms by next May. Foreign
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Tokyo market.
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Figure 1: An example of HMTC. Labels are organized
in a top-down hierarchy from coarse to fine. Labels
sharing the same color correspond to nodes along the
same hierarchical label path.

only label co-occurrence patterns and hierarchical
relations, but also to effectively align textual repre-
sentations with labels across different levels of se-
mantic granularity (Kumar and Toshniwal, 2024).
The hierarchical structure of HMTC poses sev-
eral fundamental challenges (Zhou et al., 2020).
First, real-world label hierarchies are often deep
and highly imbalanced, with many fine-grained
labels appearing infrequently in the training data
(Zhang et al., 2024b,a). As a result, models tend
to perform well on coarse-grained categories but
struggle to predict rare labels at deeper levels of the
hierarchy (Chalkidis et al., 2020). Second, hierar-
chical relationships encode rich structural informa-
tion, such as parent—child and sibling relationships,
which are not explicitly captured by standard label-
wise objectives (Zhu et al., 2023). Finally, label
semantics are often insufficiently specified by label
names alone, especially for fine-grained categories,



making it difficult for models to generalize beyond
superficial lexical cues (Chen et al., 2021).

Existing HMTC approaches can be broadly
grouped into constraint-based and representation-
based approaches (Giunchiglia and Lukasiewicz,
2020; Jiang et al., 2022). Constraint-based methods
augment flat multi-label classifiers by incorporating
hierarchical consistency constraints, either through
structured inference or hierarchy-regularized loss
functions, to enforce parent-child dependencies
during prediction (Kim et al., 2024; Vaswani et al.,
2025). In contrast, representation-based methods
learn continuous label embeddings and explicitly
encode hierarchical information, often via graph
encoders, hierarchy-aware attention, or top-down
decoding strategies, to capture parent—child depen-
dencies and reduce the effective search space (Sa-
dat and Caragea, 2022; Zhu et al., 2024). To ad-
dress the long-tail issue, many studies further adopt
re-weighting, sampling, or metric-learning strate-
gies to improve performance on rare, fine-grained
labels (Cao et al., 2019; Huang et al., 2021). De-
spite these advances, effectively aligning document
representations with labels across multiple levels
of semantic granularity remains challenging, par-
ticularly when labels are treated as discrete iden-
tifiers or when hierarchy modeling is tightly cou-
pled to specific prediction architectures (Sadat and
Caragea, 2022; Shen et al., 2021).

In this work, we take a different perspective and
argue that hierarchical structure can be more ef-
fectively exploited during representation learning
rather than at the prediction stage. We propose a
hierarchy-aware representation learning framework
that reformulates HMTC as a path-level semantic
alignment problem. Instead of treating labels as in-
dependent nodes, we model each label as a root-to-
node path in the hierarchy and align document rep-
resentations with these paths in a shared embedding
space. To this end, we introduce PathSimNCE,
a hierarchy-aware contrastive learning objective
that aligns text embeddings with their correspond-
ing hierarchical paths while propagating supervi-
sion to structurally related paths through hierarchy-
based similarity. This soft, structure-aware super-
vision encourages the model to learn representa-
tions that respect hierarchical relationships with-
out requiring specialized decoders. In addition,
we incorporate semantic description alignment by
leveraging natural-language path descriptions gen-
erated offline using a large language model (LLM).
These descriptions provide complementary seman-

tic grounding during training, particularly for rare
and fine-grained labels, without incurring any addi-
tional cost at inference time.

Our contributions are summarized as follows:

1. We propose a hierarchy-aware representa-
tion learning framework that injects hierarchi-
cal structure during training while remaining
decoder-agnostic at inference time.

2. We introduce PathSimNCE, a path-level con-
trastive objective that leverages hierarchy-
based similarity to provide soft, structure-
aware supervision.

3. We incorporate semantic description align-
ment using natural-language path descriptions
generated offline, enabling richer supervision
without inference overhead.

4. We conduct comprehensive empirical analy-
sis, including ablation studies and depth-wise
evaluation, demonstrating the effectiveness
and robustness of the proposed framework
across diverse hierarchical settings.

2 Related Work

We review prior work on HMTC, focusing on
constraint-based methods, representation-based hi-
erarchical modeling, and hierarchy-aware con-
trastive learning.

Constraint-based approaches enforce hierar-
chical consistency by incorporating parent—child
dependencies into prediction. These methods typi-
cally extend flat multi-label classifiers with struc-
tured inference or hierarchy-regularized losses, or
adopt local strategies that train level- or node-
specific classifiers and perform top-down or node-
wise prediction (Kowsari et al., 2017a; Shimura
et al., 2018). To reduce complexity, some variants
partition the hierarchy by level, parent, or node
(Stein et al., 2019; Peng et al., 2018; Krendzelak
and Jakab, 2021). While these methods are con-
ceptually simple, they are prone to error propaga-
tion, as mistakes at higher levels can cascade to
downstream decisions. Moreover, hard hierarchi-
cal constraints often require task-specific inference
procedures, which can be brittle in deep or noisy hi-
erarchies. To alleviate these issues, several studies
reformulate hierarchical classification as a sequen-
tial decision problem (Mao et al., 2019; Im et al.,
2023). Despite their effectiveness, such approaches
further entangle hierarchy modeling with special-
ized prediction architectures.

Representation-based methods instead encode



hierarchical structure directly into learned represen-
tations, avoiding explicit constraints at inference
time. A common strategy is to learn label em-
beddings and propagate hierarchical information
through graph-based encoders, hierarchy-aware at-
tention, or structured message passing. For in-
stance, Zhou et al. (2020) encode hierarchical rela-
tionships as structured constraints within a unified
classifier, while Chen et al. (2021) formulate hier-
archical classification as a text-to-label semantic
matching problem. Other studies incorporate exter-
nal knowledge or specialized geometric spaces to
enhance hierarchical representation learning. Liu
et al. (2023b) enrich label semantics with knowl-
edge graphs and label attention, whereas Kumar
and Toshniwal (2025) model instance-specific hi-
erarchies in hyperbolic space, which naturally cap-
tures tree-like structures. Similarly, Zhu et al.
(2023) employ hierarchy-aware tree isomorphic
networks to represent complex hierarchical topolo-
gies. While these methods improve global con-
sistency, they often rely on architecture-specific
designs and remain sensitive to label imbalance.

Hierarchy-aware contrastive learning has re-
cently emerged as an effective paradigm for HMTC,
aligning texts and labels in a shared embedding
space. Prior work explores how to construct
hierarchy-aware positive and negative samples for
contrastive objectives. For example, Zhou et al.
(2025) propose hierarchy-aware negative sampling
strategies, while Wang et al. (2022) inject hierar-
chical information into the text encoder and show
improved text—label alignment. U et al. (2023)
jointly model texts and labels while accounting
for hierarchical structure. To address label imbal-
ance, some studies introduce hierarchical margin
constraints or rebalancing strategies within metric
learning frameworks (Kim et al., 2024; Zhang et al.,
2024b). Related efforts also explore alternative for-
mulations, such as sequence generation (Jain et al.,
2024), lightweight hierarchy-aware modules (Chen
et al., 2024b), and combining label-wise attention
with hierarchical constraints (Zhang et al., 2022).
Additionally, Cai et al. (2024) demonstrate that in-
corporating named entity information can further
enrich hierarchical representations.

In contrast to hierarchy-aware contrastive ap-
proaches that operate at the instance level or align
texts with individual labels, our method performs
contrastive learning at the path level, explicitly
modeling each label as a root-to-node path in the
hierarchy. Moreover, instead of using hard posi-

tive—negative assignments, we introduce hierarchy-
aware soft targets derived from path—path similarity,
allowing supervision to be smoothly propagated to
structurally related paths. This formulation enables
finer-grained and more flexible hierarchy model-
ing during representation learning, particularly for
deep and imbalanced taxonomies.

3 Methodology

We propose a hierarchy-aware representation learn-
ing framework that reformulates HMTC as a path-
level semantic alignment task, achieving strong
performance without specialized hierarchical de-
coders (Figure 2). The framework encodes both
texts and hierarchical paths into a shared represen-
tation space, and leverages LLM—generated path
descriptions as auxiliary semantic supervision. We
introduce a hierarchy-aware in-batch contrastive
learning objective that aligns texts with their corre-
sponding paths while explicitly modeling hierarchi-
cal similarity among paths. This contrastive objec-
tive is jointly optimized with a standard multi-label
classification loss and a description alignment loss,
allowing the model to integrate label-wise predic-
tion, hierarchical structure, and semantic grounding
in an end-to-end manner.

3.1 Task Formulation

We reformulate HMTC as a path-level prediction
problem over a label hierarchy. Let ) denote a set
of labels organized in a rooted hierarchical struc-
ture, where each label admits one or more root-to-
node paths. In this work, we focus on hierarchies
that can be represented as rooted trees or directed
acyclic graphs (DAGs) with well-defined root-to-
node paths.Given an input text z, the goal is to pre-
dict a set of labels Y, C ), potentially spanning
multiple depths of the hierarchy. Each label y; € Y
is associated with one or more hierarchical paths,
defined as ordered sequences p = (y1, Y2, ..., YL)s
where y; is the root and yy, the target label. Un-
der this formulation, the model identifies a set of
paths P, = {p1, p2, ..., px } for input z, such that
the terminal nodes of these paths correspond to
the ground-truth labels in Y,. By operating at the
path level, this formulation explicitly encodes hier-
archical structure while remaining compatible with
standard multi-label classification objectives.

3.2 Path and Text Representations

We encode both input texts and hierarchical paths
into a shared representation space. Given an input



v —
v=
v=
v =

g

Ground-truth labels *====ssssssssssannaaadpy paths

@ RoBERTa | ©-v Embedding s~
- Encoder ]
Input Text “ L » BCE

Text Embedding

Enumerate
aII nodes @ g

(a) Overall Framework

Label Tree

--------------- » Path Descriptions
0 .

N Description
Description (e Alignment
(Training only)

’ .

Path-| path similarity
weight metrics

(b) Description Alignment (Zoom-in)

v[ Path A Desc: "..." (Semantic info) ]

Anchor
Text

h[ Path B Desc: "..." (Semantic info) ]

Embedding
‘[ Path C Desc: "..." (Semantic info) ]
._ 1 Path D Desc: "..." (Semantic info) ]
Auxiliary semantic supervision via
» U— path descriptions
Multi-Label

Classifier Hierarchy-aware contrastive
learning over in-batch paths

Positive Paths

-PathPZ I I
I || Il

Text-Path

similarity
Anchor Text
Path N1
Embedding e
’ path N2 Soft Target
Path-Path at Distribution
similarity Negative Paths

(c) PathSimNCE (Zoom-in)

Figure 2: Overview of the proposed hierarchy-aware representation learning framework. (a) Texts are encoded using
a shared RoBERTa encoder and jointly optimized with three objectives: BCE classification loss, PathSimNCE, and
description alignment. Hierarchical labels are represented as root-to-node paths rather than independent nodes. (b)
Description alignment aligns text embeddings with natural-language path descriptions, providing auxiliary semantic
supervision during training without affecting inference. (c) PathSimNCE performs hierarchy-aware contrastive
learning over in-batch paths by using both text—path and path—path similarities to construct soft targets.

text x, we obtain a contextualized text representa-
tion using RoOBERTa (Liu et al., 2019):

h, = RoBERTa(z), (1)

where h, € R? denotes the pooled representation.
We then apply a projection head to map h,, into the
path-alignment space:

€; = fproj (hx) . (2)

Each hierarchical path p is represented by a learn-
able embedding e, € R, which serves as a struc-
tural anchor in the shared embedding space. These
path embeddings are jointly optimized with the
text encoder and are used to capture hierarchical
relations among labels.

To incorporate semantic information beyond dis-
crete path identifiers, we additionally generate a
natural-language description d,, for each path using
an LLM. These descriptions encode the hierarchi-
cal semantics of the paths and are used only during
training. Each description is encoded using the
same RoBERTa encoder and projection head:

= foroj(ROBERTa(d,)). 3)

These resulting representations provide auxiliary
semantic supervision, encouraging alignment be-
tween input texts and the semantic content of their
corresponding hierarchical paths.

3.3 PathSimNCE: Path Similarity-Aware
InfoNCE

We propose PathSimNCE, a hierarchy-aware in-
batch contrastive objective that uses text—path sim-
ilarities for prediction and path—path similarities
to construct soft contrastive targets. Given a mini-
batch of input texts {x;}2 | and their associated
ground-truth path sets {P,, }2.,, we construct an
candidate set C as the union of all ground-truth
paths appearing in the batch. This set serves as a
shared contrastive label space for all examples in
the batch. For each text-path pair, we compute the
text—path similarity using scaled cosine similarity:

T
€,.€p

Simtext(xivp) = 4)
Th
where 7, is a temperature hyperparameter. The
similarities are normalized with a softmax over C
to obtain a predicted distribution over candidate
paths for each input text.

To encode hierarchical structure, we define the
structural distance between two paths p and p based
on their lowest common ancestor (LCA):

dist(p, p) = |p| + |p| — 2|[LCA(p, p), (5)

where | - | represents the path length. This distance



is converted into a path-path similarity via an expo-
nential decay:

Simpath(p)ﬁ) = eXp (_)\ : dlSt(p7ﬁ)) ) (6)

where A controls the decay rate.

For each input z;, we then construct a soft target
distribution over the candidate set C;. Specifically,
for a candidate path p € C;, we first compute an
unnormalized score by aggregating its similarity to
the ground-truth paths P,,;:

q~z(p) = Z Simpath(pap/)v

p'€Px;

(N

and then normalize these scores to obtain a proba-
bility distribution:

a(p) = > gi(p) ®)

' €C; (jl (p”) .
This soft target assigns higher probability mass to
paths that are structurally closer to the ground-truth
paths, enabling smooth propagation of hierarchical
supervision.

Finally, the PathSimInfoNCE is defined as the
cross-entropy between the soft target distribution
¢; and the predicted distribution induced by the
text—path similarities:

exp(simeext (i, p))

B
1

L =—— i(p) lo i ’

HCL B Z Z 4i(p) log Zp”ec exp(simgext (x4, p"))

i1=1 peC

(C)

This objective encourages each text representa-

tion to align most strongly with its ground-truth

paths, while smoothly distributing probability mass

to hierarchically related paths in proportion to their
structural similarity.

3.4 Description Alignment

While PathSimNCE captures hierarchical structure
through path-level supervision, it does not explic-
itly enforce alignment with the semantic meanings
of the hierarchical paths. To address this limitation,
we introduce a description alignment objective
as auxiliary supervision, which aligns text repre-
sentations with the natural-language descriptions
associated with their ground-truth paths.

Given an input text ; and its corresponding path
set P,,, we treat the descriptions associated with
these paths as positive semantic views. The descrip-
tion alignment loss is defined as a multi-positive
contrastive objective:

L __1 XB: L Z log exp(e;ed/Tdesc)
pESCe B = IDi deD; S exp(el eq /Tgese)

(10)
where D; denote the set of descriptions associated
with x;, and Tgesc 1S @ temperature hyperparameter.
By averaging the contrastive loss over all positive
descriptions, this objective encourages each text
representation to align consistently with the seman-
tic content of its associated paths.

The description alignment loss serves as an aux-
iliary regularizer and is jointly optimized with the
hierarchy-aware contrastive objective and the label-
wise classification loss.

3.5 Joint Learning

We jointly optimize all proposed objectives end-to-
end. Given an input text z;, the model predicts la-
bel probabilities using a standard multi-label classi-
fier, which is trained with the binary cross-entropy
(BCE) loss:

1 ) .
LBCE =Ty D [yz- logyﬁ(lfyi)log(lfyi)], (11)
VI &,

where y; € {0,1}! represents the ground-truth
indicator for z;, and g; is the predicted probability
for label .

The overall training objective jointly combines
the label-wise classification loss, PathSimNCE, and
the description alignment loss:

L = LpcE + B LucL + Baese Loesc,  (12)
where 3 and B4esc control the contributions of the
hierarchy-aware contrastive objective and the de-
scription alignment objective, respectively.

The classification loss provides direct supervi-
sion for label prediction, PathSimNCE encodes hi-
erarchical structure by aligning texts with relevant
paths, and the description alignment loss supplies
semantic grounding. All components are optimized
jointly during training. Importantly, label descrip-
tions are only used during training; at inference,
the model requires only the text encoder and label
classifier, introducing no additional computational
overhead or auxiliary inputs.

4 Experimental settings

We evaluate our method on three HMTC bench-
marks (Table 1). The New York Times Annotated



# Labels Depth Avg#label Avg # length
BGC 146 4 3.01 162.88
NYT 166 8 7.58 605.90
WOS 141 2 2.00 207.62

Table 1: Statistics of the datasets. For each dataset, we
report the number of labels, hierarchy depth, average
number of labels per document, and average document
length.

Corpus (NYT) (Sandhaus) consists of news arti-
cles labeled with topics organized in an 8-level hi-
erarchy, making it a challenging benchmark due to
its deep hierarchical structure. The Blurb Genre
Collection (BGC) (Aly et al., 2019) comprises
English book blurbs annotated with multiple gen-
res arranged in a 4-level hierarchy, and exhibits
substantial label imbalance. WOS-46985 (WOS)
(Kowsari et al., 2017b) includes scientific abstracts
from the Web of Science, with labels organized in
a relatively shallow 2-level hierarchy of research
areas and sub-areas.

We implement our model in PyTorch (Paszke
et al., 2019) and train on a single NVIDIA H100
80G GPU. Models are trained using the AdamW
optimizer with a learning rate of 3.5¢~° for the en-
coder and 1e* for task-specific parameters. The
batch size is set to 32 and training runs for up to
50 epochs with early stopping based on validation
micro-F1, using a patience of 3 epochs. The temper-
ature for contrastive objectives is set to 7 = 0.07.
The hierarchy-aware contrastive loss weight 3 is set
to 1.0, and the description alignment weight Besc
is set to 0.1. To provide semantic supervision for hi-
erarchical paths, we generate natural-language path
descriptions offline using GPT-40 (OpenAl, 2024).
Details on the prompting strategy and generation
settings are provided in Appendix A.1.

We evaluate model performance using micro-
F1 and macro-F1, which are standard metrics for
HMTC.

5 Results and Discussion

5.1 Main Results

We first compare our framework with the current
state-of-the-art (SOTA) models (Table 2). Over-
all, our method achieves competitive or SOTA per-
formance across all datasets while using a stan-
dard RoBERTa encoder and remaining decoder-
agnostic.

On WOS, our model achieves the highest re-

ported micro-F1 of 87.83 and a competitive macro-
F1 of 81.88. Despite the shallow two-level hier-
archy, our framework remains effective without
relying on level-wise prediction heads or dataset-
specific architectural assumptions.

On BGC, our approach establishes a new SOTA
with micro-F1 of 82.93 and macro-F1 of 67.44, out-
performing baselines such as HYDRA and HJICL.
The improvement in macro-F1 indicates that path-
level semantic alignment effectively mitigates label
imbalance and improves performance on less fre-
quent genres.

On NYT, which features a deep and fine-grained
hierarchy, our method achieves a new SOTA micro-
F1 of 82.16 and a macro-F1 of 71.88, closely
matching the strongest existing results. Notably,
this performance is obtained using a single unified
classifier, demonstrating that incorporating hierar-
chical structure during representation learning can
match the performance of more complex hierarchy-
aware architectures.

5.2 Ablation Studies

We then evaluate the effectiveness and robustness
of our framework by analyzing the contributions
of its key components. In particular, we conduct
ablation experiments along two dimensions: (1)
the impact of different training objectives, and (2)
the role of semantic label representations in the
description alignment.

Effectiveness of Training Objectives We first
examine the contribution of each loss com-
ponent by comparing three variants: BCE,
BCE+PathSimNCE, and BCE+DESC (Table 3).
On WOS, BCE+DESC improves performance
over BCE (87.01 / 79.03 vs. 86.31 / 78.58),
whereas BCE+PathSimNCE reduces both micro-
and macro-F1 (86.00 / 75.66). This result aligns
with the limited utility of explicit hierarchical regu-
larization in shallow hierarchies and suggests that
semantic supervision provides a more robust auxil-
iary signal in this setting.

On BGC, BCE+DESC achieves the best over-
all performance, improving micro-F1 and macro-
F1 to 80.83 and 65.04, compared to 80.36 / 63.97
for BCE. In contrast, BCE+PathSimNCE yields a
small gain in micro-F1 (80.60) but reduces macro-
F1 (61.99), indicating that hierarchy-aware con-
trastive regularization can trade off overall accu-
racy and tail-label performance on datasets with
substantial label imbalance.



WOS BGC NYT

Model Micro-F1 Macro-F1  Micro-F1 Macro-F1  Micro-F1  Macro-F1
HiMatch (Chen et al., 2021) 86.70 81.06 78.89 63.19 76.79 63.89
BERT+HiAGM (Wang et al., 2022) 86.04 80.19 78.62 62.98 78.64 66.76
HGCLR (Wang et al., 2022) 87.11 81.20 79.36 63.64 78.86 67.96
BERT+HTCInfoMax (Wang et al., 2022) 86.30 79.97 78.47 62.87 78.75 67.31
HYDRA Local (Karl and Scherp, 2025) 86.90 81.14 82.18 66.01 81.87 72.43
HICL (U et al., 2023) - - 81.30 66.77 80.52 70.02
DFG (Liu et al., 2025) 87.42 82.27 81.17 66.13 - -
Seq2Tree (Yu et al., 2022) 87.20 82.50 79.72 63.96 - -
K-HTC (Liu et al., 2023b) 87.29 81.69 80.52 65.99 - -
HILL (Zhu et al., 2024) 87.28 81.77 - - 80.47 69.96
HALB (Zhang et al., 2024b) 87.45 82.04 - - 79.56 69.28
HiSR (Zhou et al., 2025) 87.52 82.04 - - 80.32 70.11
Ours 87.83 81.88 82.93 67.44 82.16 71.88

Table 2: Performance comparison to previous methods across WOS, BGC and NYT datasets. The results of HiMatch
on BGC and NYT datasets come from Yu et al. (2022) and Huang et al. (2022), respectively. The results of HIAGM,
HGCLR and HTCInfoMax on BGC come from Liu et al. (2025). Bold: best scores in each column.

On NYT, adding the hierarchy-aware contrastive
loss yields the largest gains, improving micro-F1
from 80.26 to 81.92 and macro-F1 from 67.03 to
71.78. This suggests that explicit hierarchy-aware
supervision is particularly beneficial for deep and
fine-grained hierarchies with many structurally re-
lated and confusable labels. Description alignment
also improves performance (81.32/70.10), but is
less effective than PathSimNCE.

Effectiveness of Semantic Label Representations
We further investigate the impact of different se-
mantic label representations used in the descrip-
tion alignment objective. Specifically, we com-
pare three variants: No Description, Temple De-
scription, and LLM-generated Descriptions (Table
3). No Description disables the description align-
ment objective while retaining hierarchy-aware
contrastive learning. Temple Description uses
a simple template-based description constructed
from the label name (e.g., “This document belongs
to the category: ...”), while LLM-generated De-
scription employs natural-language descriptions
generated offline using GPT-4o.

On WOS, semantic supervision is crucial. No
Description achieves 86.00 in micro-F1 and 75.66
in macro-F1, while Temple Description yields mod-
est improvements (86.38 / 76.20). In contrast, LLM-
generated Description provides substantial gains,
achieving 87.83 in micro-F1 and 81.88 in macro-
F1, indicating that rich semantic descriptions are
effective when hierarchical structure is limited.

On BGC, No Description attains 80.60 in micro-
F1 and 61.99 in macro-F1. Temple Description pro-

vides only marginal improvement (80.57 / 62.10),
whereas LLM-generated Description lead to sig-
nificant improvements, boosting performance to
82.93 in micro-F1 and 67.44 in macro-F1. The pro-
nounced increase in macro-F1 suggests that natural-
language descriptions are especially beneficial for
mitigating label imbalance and improving perfor-
mance on infrequent genres.

On NYT, which has a deep and fine-grained
hierarchy, No Description already yields strong
performance (81.92 in micro-F1, 71.78 in macro-
F1), highlighting the effectiveness of hierarchy-
aware contrastive learning. Template Description,
however, degrades performance (80.83 / 67.66),
likely due to insufficient semantic or noise. LLM-
generated Description slightly improve micro-
F1 to 82.16 and maintain competitive macro-F1
(71.88), indicating that high-quality semantic de-
scriptions can complement structural supervision
without undermining hierarchical learning.

Overall, these ablations show that hierarchy-
aware contrastive learning is most effective for
datasets with deep and fine-grained hierarchies,
while semantic description alignment provides ro-
bust and consistent gains, particularly in macro-F1.
Moreover, the quality of semantic supervision is
crucial: LLM-generated descriptions significantly
outperform template-based ones, and combining
structural and semantic supervision yields the best
overall performance.

5.3 Performance across Hierarchy Depths

While overall macro-F1 provides a summary mea-
sure of performance on rare labels, it does not re-



WOS BGC NYT
Model Micro-F1 Macro-F1 Micro-F1 Macro-F1  Micro-F1  Macro-F1
BCE 86.31 78.58 80.36 63.97 80.26 67.03
BCE+PathSimNCE 86.00 75.66 80.60 61.99 81.92 71.78
BCE+DESC 87.01 79.03 80.83 65.04 81.32 70.10
No Description 86.00 75.66 80.60 61.99 81.92 71.78
Template Description 86.38 76.20 80.57 62.10 80.83 67.66
LLM-generated Description 87.83 81.88 82.93 67.44 82.16 71.88

Table 3: Ablation studies. In the upper block, BCE+DESC uses LLM-generated path descriptions and does
not include PathSimNCE. In the lower block, we fix the structural objective (BCE+PathSimNCE) and vary the
description source (none/template/LLM) for the description alignment loss.

veal how model behavior varies across hierarchical
levels. To better understand the sources of perfor-
mance gains, we analyze macro-F1 as a function of
hierarchy depth on NYT, focusing on the model’s
ability to handle increasingly fine-grained labels
(Figure 3). As expected, performance decreases
with increasing depth for all methods, reflecting
the growing sparsity and semantic specificity of
deeper labels.

However, the rate of degradation differs across
training objectives. Compared to the BCE-only
baseline, PathSimNCE (BCE+PathSimNCE) sub-
stantially slows the performance drop at interme-
diate depths (approximately depths 3—6), indicat-
ing that hierarchy-aware contrastive supervision
helps discriminate among structurally related cate-
gories. Description alignment (BCE+DESC) pro-
vides more uniform gains across depths, though its
improvements are generally smaller at intermediate
levels. The full model, which combines structural
and semantic supervision, exhibits the most robust
behavior at the deepest levels: while several meth-
ods converge at depth 7, the full model achieves
the highest macro-F1 at depth 8, corresponding to
the rarest and most fine-grained labels.

These results complement the ablation analysis
by localizing performance gains within the hierar-
chy and demonstrate that structural and semantic
supervision not only improve overall macro-F1, but
also reduce the rate at which performance degrades
with increases label depth.

6 Conclusion

In this paper, we presented a hierarchy-aware rep-
resentation learning framework for HMTC that
injects hierarchical structure and semantic super-
vision during training while remaining decoder-
agnostic at inference. By reformulating the task
as a path-level semantic alignment problem, we

Macro-F1 vs Hierarchy Depth
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Figure 3: Macro-F1 versus hierarchy depth on NYT.

introduced PathSimNCE, a hierarchy-aware con-
trastive objective that aligns text representations
with hierarchical paths using structure-based simi-
larity. We further incorporated semantic descrip-
tion alignment with natural-language path descrip-
tions generated offline, which provides complemen-
tary supervision without additional inference-time
cost. Extensive experiments on three benchmark
datasets with varying hierarchy depths demonstrate
that the proposed framework achieves competitive
or SOTA performance using a standard encoder
and unified classifier. Ablation studies and depth-
wise analyses show that structural and semantic
supervision play complementary roles. Hierarchy-
aware and semantic supervision is particularly ef-
fective for deep hierarchies, while semantic de-
scriptions provide robust gains for rare and fine-
grained labels. Future work may explore adaptive
or learned hierarchy similarity measures to better
capture task-specific structural relationships, incor-
porating richer semantic supervision or external
knowledge sources to enhance fine-grained label
representations, and integrating the approach with
specialized hierarchical architectures or dynamic
label hierarchies to improve scalability and robust-
ness.



Limitations

While the proposed framework demonstrates strong
empirical performance, it has several limitations.
First, our hierarchy-aware contrastive learning re-
lies on the availability of a well-defined label hier-
archy with meaningful structural relationships. In
scenarios where the hierarchy is noisy, incomplete,
or weakly correlated with label semantics, the ben-
efits of path-level supervision may be reduced.
Second, although semantic description align-
ment improves performance on fine-grained labels,
its effectiveness depends on the quality of the gener-
ated path descriptions. Inaccurate or overly generic
descriptions may introduce noisy supervision and
limit potential gains. Finally, our approach injects
hierarchical and semantic information during train-
ing and does not explicitly enforce hierarchical con-
sistency at inference time, which may still lead to
occasional inconsistencies in predicted label sets.
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A Example Appendix

We used the following prompt to generate the path
descriptions using GPT-40.

A.1 Prompt

Abstract:
"{abstract}”

Hierarchical Label Path:
{label_path_str}

Task:

Generate a detailed description that:

- Defines each label in the hierarchy and their
relationships.

- Explains how the abstract content corresponds
to each label.

- Avoids introducing external or unrelated
information.

- Uses professional and academic language.

- Is approximately 200 words in length.
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