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Abstract

Hierarchical text classification (HTC) assigns
documents to multiple levels of a pre-defined
taxonomy. Automated patent subject classifi-
cation represents one of the hardest HTC sce-
narios because of professional difficulties and
extensive labels. Prior approaches only output a
flat label set, which offers little insight into the
reason behind predictions. Therefore, we pro-
pose Reasoning for Hierarchical Classification
(RHC), a novel framework that reformulates
HTC as a step-by-step reasoning task to sequen-
tially deduce hierarchical labels. RHC trains
large language models (LLMs) in two stages: a
cold-start stage that aligns outputs with chain-
of-thought (CoT) reasoning format and a rein-
forcement learning (RL) stage to enhance multi-
step reasoning ability. RHC demonstrates four
advantages in our experiments. (1) Effective-
ness: RHC surpasses previous baselines and
outperforms the supervised fine-tuning coun-
terparts by approximately 3% in accuracy and
macro F1. (2) Explainability: RHC produces
natural-language justifications before predic-
tion to facilitate human inspection. (3) Scala-
bility: RHC scales favorably with model size
with larger gains compared to standard fine-
tuning. (4) Applicability: Beyond patents, we
further demonstrate that RHC achieves state-
of-the-art performance on other widely used
HTC benchmarks, which highlights its broad
applicability. 1

1 Introduction

Hierarchical text classification (HTC) is a funda-
mental problem in natural language processing
(NLP), where the goal is to assign documents to
multiple levels of a predefined taxonomy (Silla Jr
and Freitas, 2011; Kowsari et al., 2017; Mao et al.,
2019; Plaud et al., 2024; Zangari et al., 2024). Au-
tomated patent subject classification is one of the
most challenging HTC applications, which requires

1https://github.com/scylj1/RHC

predicting hierarchical categories based on patent
content such as titles, abstracts, and claims (Lee
and Hsiang, 2020; Pujari et al., 2021; Chikkamath
et al., 2022; Suzgun et al., 2023). This task is par-
ticularly difficult for two reasons. First, patent doc-
uments are long, highly technical, and written in le-
gal and domain-specific language (Jiang and Goetz,
2025). The domain gap between general-purpose
pre-trained large language models (LLMs) and
patent corpora exacerbates the difficulty (Chikka-
math et al., 2022; Bekamiri et al., 2024). Second,
as shown in Table 1, the International Patent Clas-
sification (IPC) taxonomy comprises thousands of
categories organized across multiple levels (WIPO,
2025), which turns the extreme label space into a
major obstacle.

Accurate patent classification is critical for infor-
mation retrieval, prior art search, and technology
trend analysis, yet it remains a formidable chal-
lenge for existing approaches (Jiang and Goetz,
2025). Most prior methods formulate the task as
flat label prediction using pre-trained models with
task-specific classification heads (Lee and Hsiang,
2020; Haghighian Roudsari et al., 2022; Chikka-
math et al., 2022; Bekamiri et al., 2024). For in-
stance, Lee and Hsiang (2020) fine-tuned BERT
(Devlin et al., 2019) for patent classification and
demonstrated substantial gains over traditional ma-
chine learning baselines. Moreover, Chikkamath
et al. (2022) applied domain-adaptive pre-training
for patent-specific models to further improve clas-
sification performance.

While effective to some extent, these approaches
suffer from a key limitation: the lack of inter-
pretability. The model outputs labels without pro-
viding explanations, which leaves human exam-
iners with little insight into why a prediction is
made. This shortcoming is especially problematic
in high-stakes domains such as patent classification,
where examiners rely on both the decision and the
supporting evidence to assess reliability.
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Hierarchical Level #Labels Example Label Example Label Description

Section 8 A Human necessities
Class 129 A01 Agriculture; forestry; animal husbandry; hunting; trapping; fishing
Subclass 639 A01C Planting; sowing; fertilising
Group 7,314 A01C 3 Treating manure; manuring
Subgroup 61,397 A01C 3/06 Manure distributors, e.g., dung distributors

Table 1: Example of International Patent Classification (IPC) scheme (WIPO, 2025).

Recent advances in LLMs offer a promising av-
enue to fill this gap (OpenAI, 2023; Guo et al.,
2025). LLMs exhibit strong reasoning abilities
that can be leveraged to deduce hierarchical labels
step by step while simultaneously producing brief
justifications. A central technique to unlock such
reasoning capabilities is Chain-of-Thought (CoT)
prompting, which encourages models to decom-
pose complex problems into intermediate steps be-
fore arriving at a final answer (Wei et al., 2022;
Kojima et al., 2022; Wang et al., 2023; Zhang
et al., 2023). By aligning hierarchical classification
with CoT-style reasoning, we can better capture the
dependency structure across taxonomy levels and
make the prediction process transparent.

Building on this insight, we propose Reason-
ing for Hierarchical Classification (RHC), a novel
framework that reformulates HTC as a step-by-
step reasoning task. Inspired by recent reasoning-
oriented training methods such as DeepSeek-R1
(Guo et al., 2025), RHC consists of two training
stages: (1) a cold-start stage that aligns model out-
puts with structured CoT reasoning format (Wei
et al., 2022), and (2) a reinforcement learning with
verifiable rewards (RLVR) stage that further en-
hances multi-step reasoning ability (Lambert et al.,
2024). This design enables the model to predict la-
bels progressively from top to bottom and simulta-
neously provide human-interpretable justifications.

Overall, the main contributions of this work are
summarized as follows:

– We propose Reasoning for Hierarchical Clas-
sification (RHC), a framework that formulates
HTC as a step-by-step reasoning process that
produces interpretable justifications at each hier-
archy level, rather than merely generating labels.

– We design a two-stage training procedure for
HTC: a cold-start initialization stage for CoT
format alignment, followed by an RL stage to
further enhance reasoning ability.

– We conduct extensive experiments and illustrate
that RHC outperforms supervised fine-tuning

(SFT) counterparts and strong baselines in terms
of effectiveness, explainability, and scalability.
RHC also shows broad applicability with state-
of-the-art performance on other commonly used
HTC benchmarks.

2 Related Work

2.1 Patent Subject Classification

Patent subject classification is a long-standing prob-
lem in intellectual property management, which is
essential for other related tasks, such as prior art
search and technology trend analysis. The aim
is to predict patents’ specific categories based on
patent documents. Jiang and Goetz (2025) summa-
rized mainstream techniques for patent classifica-
tion and categorized them into three types, includ-
ing feature extraction and classification, fine-tuning
transformer-based language models, and hybrid
methods.

Early approaches relied on rule-based systems
and feature engineering with classifiers for predic-
tion based on the features (Shalaby et al., 2018;
Hu et al., 2018; Abdelgawad et al., 2019; Zhu
et al., 2020). More recently, transformer-based
language models have shown better effectiveness
than traditional text embedding. For example, Lee
and Hsiang (2020) fine-tuned the BERT model for
patent classification. Moreover, Haghighian Roud-
sari et al. (2022) compared multiple transformer-
based models, such as BERT, XLNet, and ELEC-
TRA, which indicate that XLNet performed the
best. In addition, Chikkamath et al. (2022) and
Bekamiri et al. (2024) integrated domain-adaptive
pre-training to construct patent-specific models to
improve the performance of related tasks.

Hybrid methods refer to the combination of dif-
ferent approaches to make predictions, such as mul-
timodal methods (Jiang et al., 2022), multi-view
learning (Zhang et al., 2022), and ensemble meth-
ods (Kamateri et al., 2023). We do not compare
hybrid methods because the purpose is to explore
the classification ability of a single model without
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Figure 1: Overview of our Reasoning for Hierarchical Classification (RHC) method compared to traditional method.
While traditional methods only predict labels, RHC deduces labels at each level with justifications.

depending on extra information.

2.2 Reinforcement Learning for LLMs

Reinforcement learning has been widely adopted
for aligning LLMs with human preferences (Ope-
nAI, 2023). Reinforcement learning with human
feedback (RLHF) has proven effective for general-
purpose alignment (Ouyang et al., 2022), but hu-
man annotation is costly and subjective. To solve
the problem of human feedback, recent work has
investigated reinforcement learning with verifiable
rewards (RLVR) (Lambert et al., 2024; Guo et al.,
2025), where outputs’ correctness can be automat-
ically checked based on strict rules. Specifically,
LLM acts as a policy that generates a CoT as a se-
quence of actions and receives feedback on answer
correctness from deterministic verifiers. Examples
include mathematical reasoning, code generation,
and logical problem-solving (Lightman et al., 2023;
Wang et al., 2024), where intermediate steps or fi-
nal answers are verifiable. These domains provide
objective reward signals that eliminate annotation
noise. However, training reasoning LLMs with
RLVR from scratch can lead to problems such as
poor readability and language mixing (Guo et al.,
2025). To overcome these limitations, DeepSeek-
R1 applies a cold-start-stage prior to RL, where a
small set of long CoT data is used for supervised
fine-tuning to initialize the RL policy (Guo et al.,
2025). This initialization offers a more stable ac-

tor, upon which subsequent RL produces reasoning
models with stronger usability and robustness.

3 Methods

3.1 Overview
As illustrated in Figure 1, we propose Reasoning
for Hierarchical Classification (RHC), a two-stage
training framework designed to improve accuracy,
interpretability, and scalability on hierarchical text
classification (HTC) tasks. Inspired by DeepSeek-
R1 (Guo et al., 2025), RHC consists of two train-
ing stages: a cold-start phase and a reinforcement
learning (RL) phase, which starts from a base SFT
model trained with traditional methods.

3.2 Cold Start
Our approach first uses a strong teacher model
(GPT-52) to generate synthetic reasoning paths.
Given the input text (e.g., patent claims) and the
gold hierarchical label (e.g., Section, Class, Sub-
class), GPT-5 produces step-by-step justifications
and decisions at each taxonomy level. This pro-
vides verifiable intermediate signals that transform
the original single-label classification problem into
a structured reasoning task. We manually inspected
the synthetic reasoning paths from two perspec-
tives: (1) whether the explanation for each hier-
archical code is correct, and (2) whether the ex-

2https://platform.openai.com/docs/models/
gpt-5
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planation cites evidence that is present in the in-
put text. Examples satisfying both criteria were
retained for training. After manually filtering cor-
rected data for the cold-start stage, we perform
supervised fine-tuning on input texts and the syn-
thetic reasoning paths. This initialization step is
essential as it teaches the model how to output the
reasoning in the desired structured format.

3.3 Reinforcement Learning
We adopt reinforcement learning with verifiable
reward (RLVR) (Lambert et al., 2024; Guo et al.,
2025) for training, where LLMs are treated as poli-
cies that generate reasoning paths as sequences of
actions and receive correctness feedback from de-
terministic verifiers. Unlike approaches that rely on
subjective human feedback (Ouyang et al., 2022),
RLVR leverages automatically checkable rewards,
which support scalable and noise-free RL.
Main Reward. In hierarchical classification tasks,
a label consists of L components of increasing gran-
ularity (e.g., Section, Class, Subclass). To provide
fine-grained evaluation, we assign partial credit
when some components are correctly predicted.
The step reward is given by

R
Step
Main =

L∑

i=1

wi · 1[component i is correct], (1)

which produces a normalized score in [0, 1]. The
weight of the i-th component is defined as

wi =
logKi∑L
j=1 logKj

, i = 1, . . . , L, (2)

where Ki is the number of categories at level i.
This logarithmic scaling reflects the information
content of each level and prevents extreme imbal-
ance between components. Our design follows two
principles: (1) Lower hierarchical levels are more
difficult (e.g., Section has 8 classes, whereas Class
and Subclass have 117 and more than 500 classes).
Fine-grained correct predictions therefore receive
higher reward weights. (2) A wrong Section pre-
diction already produces a large implicit penalty,
because it typically leads to incorrect predictions
at all subsequent levels, which prevents the model
from receiving other rewards.

For comparison, we also consider a final reward
variant that only checks the finest-grained compo-
nent (e.g., Subclass):

RFinal
Main = 1[component L is correct]. (3)

Format/Length Reward. To further encour-
age interpretable outputs (Guo et al., 2025; Xin
et al., 2025; Yeo et al., 2025), we add a shaping
term RForm(y) that rewards responses whose to-
ken length falls within a target interval [l0, h0] and
softly penalises overly short or long responses per





−ω l0−T (y)
l0

, T (y) < l0,

β, l0 ≤ T (y) ≤ h0,

−ω min(T (y),hmax)−h0

hmax−h0
, T (y) > h0,

(4)

where T (y) is the token length of output y and
hmax is the hard limit of the maximum token length.
We set ω to 1, β to 0, l0 to 128, h0 to 384, and
hmax to 512. This reward controls the informa-
tion density of outputs, which prevents short or
unnecessarily long responses.
Total Reward. The total reward used by RL com-
bines the main reward and the format reward as

R = RMain + λRForm, (5)

where RMain can be either step reward or final re-
ward. We set the weighting factor λ = 0.1 to
ensure the format reward does not dominate the
main reward.
RL Algorithm. For policy optimization, we use
the Group Relative Policy Optimization (GRPO)
algorithm (Shao et al., 2024; Guo et al., 2025). Sim-
ilar to Proximal Policy Optimization (PPO) (Schul-
man et al., 2017), GRPO maximizes a clipped sur-
rogate objective to maintain training stability, but
introduces a group-based baseline to better esti-
mate advantages when multiple candidate outputs
are scored simultaneously. This formulation en-
sures that only outputs that outperform their group
average receive positive advantages, which reduces
variance and further stabilizes training.

4 Experiments

4.1 Datasets
Existing work on hierarchical patent classifica-
tion has been evaluated on heterogeneous bench-
marks that differ in corpus subsets and classifica-
tion levels, such as USPTO-2M (Li et al., 2018) and
HUPD (Suzgun et al., 2023). The absence of a uni-
fied benchmark hinders a fair comparison between
methods (Jiang and Goetz, 2025). To solve this
problem, we constructed a new benchmark, PCD-
BD, for patent classification with two key advan-
tages: (1) balanced training and test sets for more
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Dataset Split Source Year #Section #Class #Subclass #Docs Text Type

US Patents (Train) USPTO 2011–2017 8 117 500 22,500 Claims
US Patents (Test) USPTO 2011–2017 8 117 500 2,500 Claims
EU Patents (Test) EPO 2024 8 115 437 2,845 Claims

Table 2: Statistics of our PCD-BD dataset for patent classification.

reliable performance assessment and (2) an out-
of-distribution (OOD) test set to evaluate model
generalization ability.

We built upon the HUPD corpus (Suzgun et al.,
2023), which collected patent documents from
the United States Patent and Trademark Office
(USPTO) filed between 2011 and 2017. To ensure
label correctness, we only included patent appli-
cations tagged Accepted, for which International
Patent Classification (IPC) codes were finalized.
Following prior work (Li et al., 2018; Suzgun et al.,
2023), we focused on classification at the Subclass
level and used the main IPC label for prediction.
This choice was motivated by two factors: (1) con-
sistency with previous studies and (2) a practical
trade-off between maintaining a manageable label
space and preserving classification difficulty.

To construct a balanced benchmark, we filtered
subclasses with at least 50 instances and obtained
500 subclasses in total. From each subclass, we
randomly sampled 50 documents. We allocated
10% of these (5 per subclass) to the test set (2,500
documents), while the remaining 90% (45 per sub-
class) formed the training set (22,500 documents).
This design ensured balance across 500 subclasses,
which enabled more reliable model evaluation.

In addition, we constructed an OOD test set
based on a recently released European patent
dataset (Jiang et al., 2025), which contained patents
granted by the European Patent Office (EPO) from
2024. To ensure comparability, we retained only
subclasses that overlap with the training set. For
each subclass, we sampled up to ten documents and
kept all if fewer are available. Consequently, the
OOD test set introduced three types of distribution
shift: a source shift (EPO vs. USPTO), a temporal
shift (2024 vs. 2011–2017), and a label distribution
shift. This design enabled a rigorous evaluation of
whether models can generalize to OOD conditions
without access to additional information.

4.2 Models

We selected Llama-3.1-8B (Dubey et al., 2024)
and Qwen-2.5-7B (Yang et al., 2024) as base mod-
els because of their proven capabilities, suitable

sizes, and public availability for training. To in-
vestigate the effect of model sizes, we also tested
with Qwen-2.5-0.5B and Qwen-2.5-3B. Appendix
B reports model versions and experimental details.
We denote Qwen-2.5-7B-SFT as the SFT model,
Qwen-2.5-7B-RHC as the model trained with step-
level rewards, and Qwen-2.5-7B-RHC (Final) as
the model trained with final rewards. The same
naming convention is used consistently for Llama
and other model sizes.

4.3 Baselines

We compared our method against widely used base-
lines for patent classification.

Lee and Hsiang (2020) fine-tuned a general
BERT (Devlin et al., 2019) on patent text and es-
tablished strong results on patent subclass classi-
fication. Haghighian Roudsari et al. (2022) com-
pared several transformer-based models, including
BERT, XLNet (Yang et al., 2019), and ELECTRA
(Clark et al., 2020), and found XLNet performed
best. BERT-for-Patent (Chikkamath et al., 2022)
extended BERT with domain-adaptive pre-training
on patent corpora and improved IPC subclass clas-
sification. Suzgun et al. (2023) demonstrated
that fine-tuning DistilBERT (Sanh et al., 2019),
a compressed variant of BERT, outperformed both
traditional neural models (e.g., CNNs) and even
larger architectures such as RoBERTa (Liu et al.,
2019) on their dataset. PatentSBERTa (Bekamiri
et al., 2024) adapted Sentence-BERT (Reimers and
Gurevych, 2019) to patents via in-domain super-
vised fine-tuning, which produced sentence-level
embeddings for similarity and classification tasks.

Since these baselines were originally tested on
different datasets, their reported results are not di-
rectly comparable. For consistency, we reproduced
each baseline by fine-tuning it on our training split
with a task-specific classification head. All mod-
els were evaluated under the same pre-processing
and label schema as our method. Detailed model
versions and experimental settings are reported in
Appendix B.

We also evaluated larger models in a zero-
shot setting, including GPT-5 and DeepSeek-V3
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US Patents EU Patents

Model / Setting Section Class Subclass Section Class Subclass
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Baselines (SFT)
BERT (Lee and Hsiang, 2020) 77.1 76.0 60.8 55.0 45.5 44.1 69.1 66.7 50.8 45.8 36.9 30.8
XLNET (Haghighian Roudsari et al., 2022) 77.8 77.2 62.4 59.4 49.2 48.5 71.8 69.8 55.8 50.7 42.4 37.2
BERT-for-Patent (Chikkamath et al., 2022) 82.1 82.1 68.7 66.7 56.7 56.1 76.1 74.6 61.6 58.0 49.6 43.9
DistillBERT (Suzgun et al., 2023) 76.2 75.9 60.0 57.5 46.3 45.3 69.7 68.3 52.0 46.8 38.9 33.8
PatentSBERT (Bekamiri et al., 2024) 76.1 75.6 60.3 56.5 46.6 45.0 71.2 68.9 54.3 48.8 41.3 35.8

Baselines (Zero-Shot)
GPT-5 79.6 80.4 66.8 60.0 55.1 47.9 78.7 77.0 66.8 62.6 56.1 47.3
DeepSeek-V3 70.7 70.4 58.0 50.0 47.6 40.3 72.1 72.6 59.0 55.4 48.3 40.2

Ours
Llama-3.1-8B (Zero-Shot) 63.6 60.4 31.3 21.3 13.4 8.9 62.9 61.0 32.8 21.5 16.8 8.8
Llama-3.1-8B-SFT 82.1 81.8 69.3 66.4 56.7 55.9 75.0 73.8 60.0 56.1 47.4 42.0
Llama-3.1-8B-RHC 83.1 82.5 70.9 66.0 59.0 57.1 75.5 73.6 61.2 55.9 48.4 41.4
Llama-3.1-8B-RHC (Final) 83.3 82.7 71.2 65.1 59.3 57.1 76.3 74.6 61.2 54.7 48.7 41.9
Qwen-2.5-7B (Zero-Shot) 38.9 37.8 20.1 7.8 10.1 6.2 38.6 39.3 22.2 7.2 12.9 6.3
Qwen-2.5-7B-SFT 81.5 81.2 68.7 65.5 56.5 56.2 74.9 73.3 60.5 56.1 47.6 42.2
Qwen-2.5-7B-RHC 84.1 83.6 71.8 68.5 59.9 59.1 77.4 75.8 63.4 59.0 50.1 44.7
Qwen-2.5-7B-RHC (Final) 83.9 83.3 72.1 69.4 59.7 58.7 77.4 76.0 63.6 59.2 50.7 45.0

Table 3: Patent subject classification performance (Accuracy & Macro F1) of different models on US and EU patent
test sets. The best result of each column is highlighted in bold, while the second-best result is marked underlined.

(DeepSeek-AI, 2024). For a fair comparison, we
used the same prompt as for RHC, which instructs
the model to produce both an explicit reasoning
trace and the final prediction.

4.4 Experimental Setup

For supervised fine-tuning (SFT) baselines, we fol-
lowed prior studies (Suzgun et al., 2023; Jiang et al.,
2025) to use the patent claim as input and the cor-
responding IPC subclass as output. Claims were
chosen over titles or abstracts, as they provided
more specific and informative descriptions of the
invention, which led to better performance (Suzgun
et al., 2023; Jiang and Goetz, 2025).

To enable reasoning-style outputs, we first gen-
erated synthetic chain-of-thought (CoT) data us-
ing GPT-5. Appendix B provides the prompting
template and decoding parameters. In total, we
constructed, filtered, and obtained 6,000 training
examples, each consisting of a claim and a step-
by-step reasoning path with correct labels. For the
cold-start stage, we fine-tuned the previous SFT
model with claims as input and synthetic reasoning
traces as output.

Following the cold-start stage, we further opti-
mized the model using RLVR. Importantly, RLVR
processed the same SFT training data to ensure a
fair comparison. The use of the same training data
guaranteed that the model did not access any addi-
tional data beyond what the baseline was trained on.
The reward design and optimization algorithm fol-
lowed the framework described previous sections.

All models were trained under identical settings
and evaluated with the same pipeline. Appendix B
lists the hyper-parameters and implementation de-
tails for SFT, cold start, and RLVR.

5 Results

5.1 Main Results

Effectiveness. Table 3 reports the patent subject
classification performance on both US and EU test
sets. Among all SFT baselines, the strongest model
is BERT-for-Patent (Chikkamath et al., 2022),
which consistently outperforms general-purpose
models such as BERT (Lee and Hsiang, 2020) and
XLNet (Haghighian Roudsari et al., 2022). The su-
perior performance of BERT-for-Patent advertises
domain-specific training for capturing the structural
and semantic regularities of patent texts.

Our proposed RHC achieves better performance
across both US and EU datasets compared to the
SFT counterparts. RHC demonstrates clear and
consistent gains based on both Qwen and Llama
models. For example, on US subclass classifica-
tion, Qwen-2.5-7B-RHC improves accuracy / F1
by +3.4% / +2.9% over Qwen-2.5-7B-SFT, and
Llama-3.1-8B-RHC improves by +2.3% / +1.2%
over its SFT variant. Additionally, RHC shows
better generalization ability on OOD EU patents.
Qwen-2.5-7B-RHC (Final), for instance, achieves
the best accuracy and F1 of 50.7% and 45.0% on
EU subclass classification. These improvements
demonstrate that reasoning method with RL pro-
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Input Claim: 1. A multi-phase clock signal generator, comprising: a delay-locked loop having a first multi-tap adjustable
delay line configured to delay a reference signal to provide a plurality of clock signals having different phases relative to
the reference clock signal; and a second multi-tap adjustable delay line coupled to the delay-locked loop to receive a delay
control signal and a periodic signal having a 50-percent duty cycle and the same period as the reference clock signal, the
second multi-tap adjustable delay line configured to delay the periodic signal according to the delay control signal from the
delay-locked loop to provide a plurality of clock signals having different phases relative to the periodic signal.
Gold Main Label: H03L
Model Output: Step 1 — Section Brief Justification: The invention concerns electronic signal generation and control
using electronic circuits (delay-locked loop, delay lines). Decision: H. Step 2 — Class Brief Justification: It focuses on
fundamental electronic circuitry for generating and manipulating clock signals, which falls under basic electronic circuit
arrangements. Decision: H03. Step 3 — Subclass Brief Justification: The core is a delay-locked loop with delay lines for
phase control—i.e., automatic control of signal phase/oscillation frequency. Decision: H03L.

H: Electricity
H03: Electronic circuitry
H03L: Automatic control, starting, synchronisation, or stabilisation of generators of electronic oscillations or pulses

Table 4: An example of model input and correct output. The reasoning path is correct and well-aligned with the
gold IPC labels. The explanations are readable, and the justification can help human examiners assess the decisions.

vides stronger alignment with downstream classifi-
cation objectives than SFT alone.

While GPT-5 performs reasonably well and
consistently across both test sets, our RHC mod-
els (7B) outperform GPT-5 on the US test set,
which clearly demonstrates the effectiveness of
our method. We note that our method achieves
a more than 10% absolute improvement in Macro
F1 (59.1% vs. 47.9%) on in-domain subclass classi-
fication compared to the original GPT-5 zero-shot
setting. This result indicates that RHC does not
merely replicate or distil the teacher model’s behav-
ior, but instead brings substantially stronger task
performance through task reformulation and train-
ing strategy. Importantly, although GPT-5 shows
stronger cross-domain generalization on the EU
dataset, our approach still generalizes better than
standard SFT. The performance differences arise
from inherent stylistic and structural distinctions
across patent offices. Therefore, we suggest train-
ing a dedicated model for each patent domain.

We observe that using step-level rewards or final
rewards in RHC leads to comparable outcomes. As
Table 3 illustrates, the performance gap is marginal
(below 0.6%, e.g., Qwen-2.5-7B-RHC vs. RHC-
Final). The insignificant performance variation
indicates that for classification-oriented reasoning
tasks, final reward signals are sufficient, while ad-
ditional step-level supervision brings limited gains.
Explainability. Beyond improved accuracy, our
method also provides a transparent decision pro-
cess. Traditional models only output the final clas-
sification label, which makes it difficult to under-
stand why a specific category is chosen. In contrast,
our method explicitly decomposes the prediction
into hierarchical steps (Section → Class → Sub-

class), each accompanied by a brief justification.
As shown in the example of Table 4, the model first
identifies the general domain of electronic circuits,
then narrows down to clock signal generation, and
finally specifies the use of delay-locked loops for
phase control. This step-by-step reasoning aligns
with the hierarchical structure of patent classifica-
tion, which offers human examiners interpretable
evidence for each decision stage and enhances trust
in the model’s predictions.

Regarding the correctness of explanations, we
conducted a manual evaluation by sampling all cor-
rectly classified outputs and assessing reasoning
correctness at each hierarchical step: (1) whether
the explanation is correct, and (2) whether the ex-
planation cites evidence presented in the input text.
The results are: Step 1 (Section): 94%, Step 2
(Class): 95%, and Step 3 (Sub-class): 95%. This
outcome indicates that the reasoning trace is sig-
nificantly reliable for correctly classified examples.
We also find that most errors were minor inaccu-
racies rather than logically flawed reasoning. For
example, the model sometimes describes A01K as
belonging to a “toys domain”, whereas the correct
justification should refer to “animal husbandry /
animal articles” rather than general toys.
Scalability. Figure 2 illustrates how model perfor-
mance scales with parameter size. We observe that
while both SFT and RHC benefit from larger mod-
els, the performance gap between them consistently
widens as the scale increases. For instance, on US
subclass classification, the accuracy improvement
of RHC over SFT grows from -0.4% at 0.5B param-
eters to +1.3% at 3B, and +3.4% at 7B. A similar
trend holds on EU datasets, where RHC shows
progressive larger gains in both accuracy and F1.
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Figure 2: SFT and RHC results of different Qwen-2.5 model sizes (0.5B, 3B, 7B) on US and EU test sets.
Performance differences between RHC and SFT become larger as model size increases.

These results indicate that our method is more scal-
able than standard supervised fine-tuning.
Applicability. To further examine whether our
method generalizes beyond the patent domain, we
evaluate it on the WOS dataset (Kowsari et al.,
2017), a commonly used benchmark for general
hierarchical text classification. WOS includes
46,985 articles from Web of Science, with 134
sub-categories, and 7 parent domains. As shown in
Table 5, our RHC approach achieves 87.13% Micro
F1 and 83.82% Macro F1, which surpasses the pre-
vious state-of-the-art (SOTA) method HCL-MTC
(86.47% / 81.02%) (Zhang et al., 2025). Notably,
compared with its SFT counterpart, RHC provides
consistent gains (+1.98% Micro F1 and +1.28%
Macro F1). These results demonstrate the broad
applicability of our method to other hierarchical
classification tasks.

5.2 Case Study

We provide examples of accurate model outputs in
Table 4 and failed outputs in Appendix Table 8.
Strength. The model demonstrates clear three-step
reasoning processes (Section → Class → Subclass)
with explanations that clarify its classification logic.
As shown in the example of Table 4, the reason-
ing path is correct and well-aligned with the gold
IPC labels. The explanations are readable, and the
justification can help human examiners assess the
decisions.
Weakness. However, the model’s focus can be
skewed, which sometimes leads to overall misclas-
sification. In Example 1 of Table 8, the model
focuses on DNA constructs but ignores the pres-
ence of plants and seeds in the claims. Thus, the
model finally misclassifies the patent under C12N
instead of A01H. Additionally, the model lacks fine-
grained comparative ability: justifications could
remain at a generic level and fail to capture subtle
boundary conditions in IPC definitions. Therefore,
it is difficult to correctly classify similar labels. For

Model / Setting Micro F1 Macro F1

Previous SOTA
HCL-MTC (Zhang et al., 2025) 86.47 81.02

Ours
Qwen-2.5-7B-SFT 85.15 82.54
Qwen-2.5-7B-RHC 87.13 83.82

Table 5: Results of hierarchical text classification on the
WOS dataset.

example, in Example 2 of Table 8, the model con-
flates a component for piston engines with a full
gas-turbine plant, which leads to an incorrect F02C
assignment instead of F02M.
Improvement. Future improvements include the
curation of higher-quality cold start training data
with human expert annotations and the incorpo-
ration of more fine-grained positive and negative
evidence to better distinguish closely related IPC
categories.

5.3 Ablation Study

We further conduct ablation experiments to ex-
amine the contribution of each component in our
method (Table 6). First, base SFT provides the
model with basic classification ability: the removal
of base SFT leads to a significant drop across all
metrics (e.g., Qwen-2.5-7B, -–9.4% accuracy on
subclass classification of US patents). Base SFT
is particularly important for patent classification,
because it is essential for the model to learn a large
number of classification labels and the mapping of
input texts.

We do not include an ablation study of cold start,
because it is essential for the model to output the de-
sired format. Instead, we investigate the influence
of the number of cold-start data to classification per-
formance in Appendix Figure 3, which shows that
more cold-start data leads to better performance.

Furthermore, GRPO substantially enhances
reasoning-based classification: without GRPO, per-
formance degrades sharply. For example, the ac-
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US Patents EU Patents

Model / Setting Section Class Subclass Section Class Subclass
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Llama-3.1-8B-RHC 83.1 82.5 70.9 66.0 59.0 57.1 75.5 73.6 61.2 55.9 48.4 41.4
w/o Base SFT 81.6 81.3 68.0 61.8 53.5 49.2 76.1 75.0 60.3 53.4 46.9 38.5
w/o Cold Start N/A
w/o GRPO 75.4 74.7 58.5 50.1 45.2 39.4 71.1 70.0 54.2 46.5 40.6 32.1
w/o Format Reward 83.2 82.7 71.5 67.0 59.4 57.7 75.8 74.1 61.9 56.4 49.2 42.1
w/o Human Filtering 82.9 82.2 70.6 65.8 58.7 56.7 75.3 73.5 61.1 55.6 48.1 41.2

Qwen-2.5-7B-RHC 84.1 83.6 71.8 68.5 59.9 59.1 77.4 75.8 63.4 59.0 50.1 44.0
w/o Base SFT 78.9 78.7 64.9 60.3 50.5 47.6 74.2 72.8 58.1 50.5 45.1 38.2
w/o Cold Start N/A
w/o GRPO 77.0 76.1 60.1 55.0 46.4 43.1 71.2 70.1 53.1 45.0 40.8 34.5
w/o Format Reward 84.3 84.0 72.3 69.7 59.7 58.8 76.9 75.2 63.1 59.7 50.1 44.1

Table 6: Ablation study results of patent subject classification on US and EU patents. Base SFT provides the model
with basic classification ability. GRPO substantially enhances reasoning-based classification. The format reward
ensures that the model generates structured reasoning paths rather than bare labels.

curacy of Qwen-2.5-7B on US subclassification
decreases by 13.5% without GRPO. Accordingly,
GRPO is the key driver of the accuracy gains.

Additionally, the format reward ensures that the
model generates structured reasoning paths rather
than bare labels. Although ablating the format re-
ward causes only minor changes in numerical per-
formance, we observe that the model collapses into
outputting only step labels (e.g., “H H03 H03L”)
without intermediate justifications. Therefore, the
format reward is essential for maintaining inter-
pretable reasoning.

Finally, we investigate the role of human-in-the-
loop supervision for CoT data generation. Specifi-
cally, we randomly sample an equal number of syn-
thetic reasoning traces without manual screening
and train the model using the same RHC pipeline.
We observe that the final classification performance
remains largely comparable. Through detailed
checking, we find that the quality of the gener-
ated explanations decreases, with more factual in-
consistencies and mis-grounded justifications. An
explanation is that human verification primarily fil-
ters out samples with incorrect or weakly grounded
reasoning despite correct labels, which improves
the reliability of explanations.

6 Conclusion

This work introduces Reasoning for Hierarchical
Classification (RHC) as a novel framework that
reformulates HTC as a step-by-step reasoning task
to sequentially derive hierarchical labels. RHC in-
cludes a two-stage training paradigm: a cold-start
phase for aligning outputs with CoT reasoning, fol-
lowed by an RL phase that strengthens multi-step

reasoning ability. Extensive experiments demon-
strate that RHC offers four key advantages: (1)
Effectiveness: RHC outperforms prior methods
and improves over supervised fine-tuning counter-
parts; (2) Explainability: RHC generates natural-
language reasoning traces that enable transparent
and interpretable predictions; (3) Scalability: The
performance of RHC grows more favorably with
model size compared to standard fine-tuning; and
(4) Applicability: RHC also achieves state-of-the-
art results on other widely used HTC benchmarks.

Limitations

We acknowledge several limitations of this re-
search. First, due to computational constraints, we
did not explore larger LLMs (e.g., 32B or more pa-
rameters) or scale to more extensive cold-start data.
Instead, we focused on verifying the effectiveness
and scalability of our approach under controllable
resources. Second, the current cold-start data is
synthesized by LLMs. Although efficient, high-
quality human expert annotations may further im-
prove performance, though at a substantially higher
cost. Alternatively, automated methods to generate
higher-quality CoT data are worth investigating in
the future. Furthermore, this work focuses on a
fixed-depth hierarchy shared across all instances.
Tasks with variable depth are also worth exploring.

Ethics Statement

Llama-3 is released under the META LLaMA 3
Community License Agreement and Qwen-2.5 un-
der the Apache License 2.0. GPT-5 is available un-
der a commercial license provided by OpenAI and
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was accessed through its API. The datasets used in
this study were reconstructed from previously re-
leased public resources and remain consistent with
their original access and use conditions. We plan
to release our datasets under the CC-BY-NC-4.0
license. The datasets contain no personal infor-
mation or offensive content, and no ethics review
board was involved. The use of existing artifacts is
consistent with their intended purposes.
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A Additional Results

Table 7 reports detailed numerical results of Qwen-
2.5 models of different sizes (0.5B, 3B, 7B) on
US and EU patents. The performance gap between
RHC and SFT grows larger as model size increases,
which indicates the scalability of RHC. Figure 3
shows the results of Qwen-2.5-7B-RHC with vary-
ing amounts of cold-start data (1k, 3k, 6k), where
performance improves steadily with more data. Ta-
ble 8 provides illustrative examples of model inputs
and failed outputs.

B Experimental Details

B.1 Model Versions

Our method is trained on Llama-3.1-8B3, Qwen-
2.5-7B4, Qwen-2.5-0.5B5, and Qwen-2.5-3B6.
The baseline models include BERT7, XLNet8,
BERT for Patents9, DistilBERT10, and PatentS-
BERT11.

B.2 Settings

All experiments were run on NVIDIA A100 GPUs
with a total runtime of about 1,500 GPU hours.
Models were trained on the train split with full-
parameter fine-tuning and evaluated separately on
the test split.

For SFT of baseline models, we use a batch size
of 32, a learning rate of 5× 10−5, weight decay of
0.01, and train for 20 epochs with early stopping of
3 epochs. Inputs are truncated to the context length
supported by each model.

For RHC, inference is conducted using the
vLLM framework12 (Kwon et al., 2023) with
temperature = 0, top_p = 0.95, and
max_tokens = 512. SFT and cold-start train-
ing are carried out with LLaMA-Factory13 (Zheng
et al., 2024), using a batch size of 32, gradient
accumulation steps of 4, learning rate 5 × 10−5,
warmup ratio 0.01, and 3 training epochs.

The GRPO training stage is implemented with
the verl framework14 (Sheng et al., 2024), using
vLLM as the backend. We set input length = 1024,
output length = 512, kl_coef = 0.001, total
epochs = 1, rollout sampling temperature = 1.0,
top-p = 0.95, number of responses = 8, and

3https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

4https://huggingface.co/Qwen/Qwen2.
5-7B-Instruct

5https://huggingface.co/Qwen/Qwen2.5-0.
5B-Instruct

6https://huggingface.co/Qwen/Qwen2.
5-3B-Instruct

7https://huggingface.co/google-bert/
bert-base-uncased

8https://huggingface.co/xlnet/
xlnet-base-cased

9https://huggingface.co/anferico/
bert-for-patents

10https://huggingface.co/distilbert/
distilbert-base-uncased

11https://huggingface.co/AI-Growth-Lab/
PatentSBERTa

12https://github.com/vllm-project/vllm
13https://github.com/hiyouga/LLaMA-Factory
14https://github.com/volcengine/verl
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US Patents EU Patents

Model Section Class Subclass Section Class Subclass
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Qwen-2.5-0.5B-SFT 80.6 80.2 66.5 63.1 53.2 52.4 74.7 72.6 57.6 52.9 44.3 39.1
Qwen-2.5-0.5B-RHC 80.9 80.5 66.4 62.2 52.8 51.1 74.4 72.7 57.9 52.1 45.2 38.4

Qwen-2.5-3B-SFT 81.0 80.6 68.5 65.4 56.0 55.3 74.3 73.2 59.6 54.8 47.6 42.0
Qwen-2.5-3B-RHC 81.8 81.8 69.2 64.5 57.3 56.4 75.6 73.6 60.8 56.1 48.6 42.6

Qwen-2.5-7B-SFT 81.5 81.2 68.7 65.5 56.5 56.2 74.9 73.3 60.5 56.1 47.6 42.2
Qwen-2.5-7B-RHC 84.1 83.6 71.8 68.5 59.9 59.1 77.4 75.8 63.4 59.0 50.1 44.7

Table 7: Results of different Qwen-2.5 model sizes (0.5B, 3B, 7B) on US and EU patents. The best result of each
column is highlighted in bold.
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Figure 3: Qwen-2.5-7B-RHC results of different number of cold start data (1k, 3k, 6k) on US and EU patents.

train_batch_size = 32; other parameters follow
verl defaults.

B.3 Prompts
We include prompts used for hierarchical IPC pre-
diction and CoT data generation in Table 9, and
prompts for WOS prediction and CoT data genera-
tion in Table 10.
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Example 1
Input Claim: 1. An isolated regulatory element that drives transcription in a constitutive manner, wherein the regulatory
element comprises a nucleotide sequence selected from the group consisting of: a) the nucleotide sequence of SEQ ID NO: 1,
2 or 3; and b) a sequence comprising a functional fragment of the nucleotide sequence set forth in a) 2. An expression cassette
comprising a regulatory element operably linked to a nucleotide sequence wherein the regulatory element comprises the
nucleotide sequence of claim 1. 3. A plant stably transformed with an expression cassette of claim 2. 4. The plant of claim 3,
wherein said plant is a monocot. 5. The plant of claim 3, wherein said monocot is maize, wheat, rice, barley, sorghum or rye.
6. Seed of the plant of claim 3 wherein the seed comprises the expression cassette. 7. A method for selectively expressing a
nucleotide sequence in a plant cell, the method comprising: a) transforming a plant cell with an expression cassette, the
expression cassette comprising a regulatory element operably linked to a nucleotide sequence wherein the regulatory element
comprises a nucleotide sequence selected from the group consisting of: i) the nucleotide sequence set forth in SEQ ID NO: 1,
2 or 3; and ii) a functional fragment of i); and b) growing the plant cell to selectively express the nucleotide sequence. 8. The
method of claim 7 wherein the regulatory element initiates expression of the nucleotide sequence in plant tissue. 9. The
method of claim 7 further comprising regenerating a stably transformed plant from the plant cell; wherein expression of the
nucleotide sequence alters the phenotype of a plant. 10. The plant of claim 9, wherein said plant is a monocot. 11. The plant
of claim 9, wherein said monocot is maize, wheat, rice, barley, sorghum or rye. 12. Seed of the plant of claim 9 wherein the
seed comprises the expression cassette.
Gold Main Label: A01H
Model Output: Step 1 — Section Brief Justification: The invention concerns genetic elements (nucleotide sequences,
regulatory elements) used to modify gene expression in plants, which falls under biotechnology and genetic engineering.
Decision: C. Step 2 — Class Brief Justification: It specifically relates to biotechnology and genetic engineering constructs
(expression cassettes, transformed plant cells) used to alter phenotypes. Decision: C12. Step 3 — Subclass Brief
Justification: The core is DNA/RNA sequences and expression constructs (regulatory elements, nucleotide sequences) for
transforming plant cells and obtaining stably transformed plants, including seeds and methods of expression. Decision: C12N.
A: Human necessities
A01: Agriculture; forestry; animal husbandry; hunting; trapping; fishing
A01H: New plants or processes for obtaining them; plant reproduction by tissue culture techniques
C: Chemistry; metallurgy
C12: Biochemistry; beer; spirits; wine; vinegar; microbiology; enzymology; mutation or genetic engineering
C12N: Microorganisms or enzymes; compositions thereof; propagating, preserving, or maintaining microorganisms; mutation
or genetic engineering; culture media

Example 2
Input Claim: 1. An exhaust-gas turbocharger (1) comprising: a compressor (2); a turbine (5) having a turbine wheel (6)
with a radial flow region (11) and a semi-axial flow region (12) and a turbine housing (7) which has a spiral arrangement
(9), surrounding the turbine wheel (6) at its outer circumference (8), for supplied exhaust gas; and a guide grate (10) for
supplying exhaust gas to the turbine wheel (6), wherein the guide grate (10) has a guide ring (13), which is axially movable in
the charger axial direction (L) and which is assigned to the radial flow region (11), and a closure sleeve (14), which is axially
movable in the charger axial direction (L) and which is assigned to the semi-axial flow region (12). 2. The exhaust-gas
turbocharger as claimed in claim 1, wherein the guide ring (13) has a multiplicity of guide blades (15) which delimit flow
slots (16). 3. The exhaust-gas turbocharger as claimed in claim 2, wherein the guide blades (15) have a streamlined profile
(17). 4. The exhaust-gas turbocharger as claimed in claim 1, wherein the guide ring (13) has an end-side flow guiding
surface (18). 5. The exhaust-gas turbocharger as claimed in claim 1, wherein the closure sleeve (14) has an end-side flow
guiding surface (19). 6. The exhaust-gas turbocharger as claimed in claim 1, wherein the spiral arrangement (9) has a
spiral-shaped gas duct (92̆032). 7. The exhaust-gas turbocharger as claimed in claim 1, wherein the spiral arrangement (9)
has two spiral-shaped gas ducts arranged adjacent to one another.
Gold Main Label: F02M
Model Output: Step 1 — Section Brief Justification: The invention concerns a mechanical engine component (a
turbocharger) handling exhaust gases, involving mechanical structures like compressor, turbine, guide ring, and flow passages.
Decision: F. Step 2 — Class Brief Justification: It relates to an engine-driven compressor/turbine assembly for exhaust
gases, i.e., a combustion engine plant component rather than a standalone pump or general machine. Decision: F02. Step 3
— Subclass Brief Justification: The core of the invention is a turbine (with turbine wheel, guide ring, closure sleeve, spiral
flow duct) for exhaust gas, i.e., a gas-turbine plant configuration. Decision: F02C.
F: Mechanical engineering; lighting; heating; weapons; blasting
F02: Combustion engines; hot-gas or combustion-product engine plants
F02M: Supplying combustion engines in general with combustible mixtures or constituents thereof
F02C: Gas-turbine plants; air intakes for jet-propulsion plants; controlling fuel supply in air-breathing jet-propulsion plants

Table 8: Examples of model inputs and failed outputs.
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CoT Prompt:
You are an expert patent classification specialist. Your task is to predict a patent’s main IPC (International Patent
Classification) code step by step, based on patent claims.

- Reason through each hierarchical level: Section → Class → Subclass.
- Output exactly one decision per level.
- Wrap the code of each level in \box{}.
- Provide a brief justification before predicting the code at each step.
- Stop at the Subclass level (4 digits, e.g., \box{G06F}).

Expected Output Format:
Step 1 — Section
Brief Justification:
Decision: \box{}

Step 2 — Class
Brief Justification:
Decision: \box{}

Step 3 — Subclass
Brief Justification:
Decision: \box{}

Normal Prompt:
You are an expert patent classification specialist. Your task is to predict patent’s main IPC (International Patent Classifica-
tion) code at the subclass level step by step, based on patent claims. You must reason through each hierarchical level:
Section → Class → Subclass. Output only the final 4-digit answer in the format of \box{}.

Prompt to Generate Synthetic CoT Data
You are an expert patent classification specialist.

You will be given:
- the claims of a patent; and
- the gold IPC Subclass (4-character code, e.g., G06F).

Your job is to RECONSTRUCT the reasoning path that leads to the given gold code, step by step through the IPC hierarchy:
Section → Class → Subclass.

Rules:
- For each level, give a brief justification grounded in the abstract.
- Do NOT propose alternative codes. Treat the gold code as final.

Expected Output Format:
Step 1 — Section
Brief Justification:
Decision: \box{}

Step 2 — Class
Brief Justification:
Decision: \box{}

Step 3 — Subclass
Brief Justification:
Decision: \box{}

Table 9: Prompts used for hierarchical IPC prediction and CoT data generation.
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CoT Prompt:
You are an expert scientific topic classification specialist (Web of Science style).

Your task is to predict Level-1 field and Level-2 subfield labels step by step, based on abstracts. You must reason through
each hierarchical level: field → subfield.

Instructions:
- Output exactly one decision per level.
- Wrap the label of each level in \box{}.
- Provide a brief justification before predicting the label at each step.

Expected Output Format:
Step 1 — Level 1 (Field)
Brief Justification:
Decision: \box{}

Step 2 — Level 2 (Subfield)
Brief Justification:
Decision: \box{}

Normal Prompt:
You are an expert scientific topic classification specialist (Web of Science style). Your task is to predict Level-1 field and
Level-2 subfield labels step by step, based on abstracts. You must reason through each hierarchical level: field → subfield.
Output only the field and subfield label in the format of "Field: \box{} Subfield: \box{}".

Prompt to Generate Synthetic CoT Data:
You are an expert scientific topic classification specialist (Web of Science style).

You will be given:
- the abstract of a scientific paper; and
- the gold Level-1 field and Level-2 subfield labels.

Your job is to RECONSTRUCT the reasoning path that leads to the given gold labels, step by step through the hierarchy.

Rules:
- For each level, give a brief justification grounded in the text.
- Do NOT propose alternative labels. Treat the gold labels as final.

Expected Output Format:
Step 1 — Level 1 (Field)
Brief Justification:
Decision: \box{}

Step 2 — Level 2 (Subfield)
Brief Justification:
Decision: \box{}

Table 10: Prompts used for WOS prediction and CoT data generation.
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