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Abstract

Hierarchical semantic classification is essen-
tial for taxonomy-driven applications, yet ex-
isting classifiers often optimize flat label like-
lihoods and therefore weakly control parent–
child validity, semantic error severity, coarse-
to-fine coherence, and out-of-scope rejection.
This paper aims to align LLM-based classi-
fiers with the full structured utility of hierar-
chical prediction rather than treating taxon-
omy labels as independent targets. We pro-
pose TAXOAGENT, a utility-aligned policy op-
timization framework that formulates taxon-
omy prediction as a verified parent-to-child
decision trajectory. Given an input, TAXOA-
GENT first predicts coarse parent labels, ex-
pands them into fine-grained child decisions,
and verifies the resulting trajectory with a com-
posite utility that jointly measures outcome cor-
rectness, hierarchy consistency, semantic prox-
imity, and trajectory coherence; group-relative
policy optimization then reinforces high-utility
trajectories over low-utility alternatives. Across
IOS-APP-ZH, Google-APP-EN, RCV1, WOS,
and CLINC150, TAXOAGENT consistently im-
proves Micro-F1 and Macro-F1, reduces hier-
archy inconsistency, strengthens long-tail clas-
sification, and improves OOS-F1 by up to 3.68
points over the strongest prior baseline. These
results show that treating taxonomies as struc-
tured decision spaces offers a practical and ex-
tensible path toward more reliable, adaptable,
and utility-aware semantic classifiers.

1 Introduction

Hierarchical semantic classification is a fundamen-
tal problem in many real-world taxonomy systems,
including news categorization, scientific document
indexing, intent understanding, and mobile appli-
cation classification (Golde et al., 2026). Unlike
flat classification, it requires models to assign la-
bels that are not only individually correct but also

structurally consistent under parent–child depen-
dencies. This setting is practically important be-
cause taxonomy errors often propagate to down-
stream search, recommendation, moderation, and
analytics systems, where confusing a fine-grained
category across branches can be substantially more
costly than making a local sibling-level mistake.
Beyond taxonomy-driven applications, automated
classification and risk assessment are also central
to security-sensitive settings, including explainable
network-traffic anomaly detection and large-scale
cloud vulnerability prioritization (Shao, 2026a,b).

Existing research has made substantial progress
by incorporating taxonomy information into hi-
erarchical classifiers and text–label representa-
tions. Neural HTC models capture parent–
child dependencies through local–global predic-
tion (Wehrmann et al., 2018), hierarchy-aware
graph modeling (Zhou et al., 2020), information
maximization (Deng et al., 2021), label seman-
tic matching (Chen et al., 2021), hierarchy-aware
prompting (Wang et al., 2022b), and sub-hierarchy
sequence generation (Im et al., 2023). Complemen-
tary contrastive methods further shape the repre-
sentation space by pulling hierarchically related
samples or labels closer (Wang et al., 2022a; Zhu
et al., 2024; Guo et al., 2025). While these meth-
ods confirm the value of taxonomic structure and
semantic label relations, they mainly treat hierar-
chy as an auxiliary representation, architectural
bias, decoding format, or contrastive signal. Con-
sequently, their objectives remain only partially
aligned with the real utility of hierarchical predic-
tion, where label correctness, parent–child validity,
semantic error severity, and coarse-to-fine decision
consistency must be evaluated jointly.

Large language models offer a promising alter-
native because they can interpret label names, de-
scriptions, and task instructions using broad seman-
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Figure 1: Prior methods score labels independently in
the embedding space, which can produce semantically
plausible but hierarchy-invalid predictions. In contrast,
TAXOAGENT formulates hierarchical classification as
a verified parent-to-child decision path, optimizing a
structurally valid and semantically coherent trajectory.

tic knowledge. Recent LLM-based classification
methods enrich taxonomies with generated class-
indicative features (Zhang et al., 2025b) or im-
prove zero-shot hierarchical classification through
prompt ensembling (Xia et al., 2025). However,
prompting alone provides limited control over hier-
archy consistency, fine-grained decision calibration,
and rejection behavior. This limitation is especially
visible in open-set or out-of-scope scenarios, where
the model must decide not only which known la-
bel to assign but also whether the input belongs to
the taxonomy at all. Existing OOS intent detec-
tion methods improve rejection boundaries through
benchmark design, boundary augmentation, con-
trastive feedback, or small–large model collabora-
tion (Larson et al., 2019; Sahu et al., 2023; Zhang
et al., 2025a; Chen and Wang, 2025), but they are
usually studied outside hierarchical taxonomies and
do not directly address the coupling between rejec-
tion and parent–child validity.

These observations reveal a central gap: hierar-
chical semantic classification should be viewed not
merely as label scoring, representation learning, or
prompt-based prediction, but as a structured deci-
sion problem whose utility is non-decomposable.
The core challenge is to align model behavior with
the actual desiderata of taxonomy prediction: se-
lecting semantically appropriate labels, respecting
hierarchy constraints, maintaining coarse-to-fine

decision coherence, and rejecting inputs that fall
outside the known taxonomy. This paper there-
fore asks: How can an LLM-based classifier be
aligned with the full structured utility of hierarchi-
cal semantic classification rather than with isolated
label likelihoods?

To answer this question, we propose TAXOA-
GENT, a utility-aligned policy optimization frame-
work for hierarchical semantic classification. As
shown in Fig. 1, TAXOAGENT converts taxonomy
prediction into an explicit coarse-to-fine decision
process and optimizes the model according to ver-
ifiable structured utility rather than ordinary flat
supervision. By aligning the policy with both se-
mantic and structural aspects of taxonomy predic-
tion, TAXOAGENT improves not only exact clas-
sification accuracy but also hierarchy consistency,
long-tail robustness, and out-of-scope rejection.

Our contributions are summarized as follows:
(i) We identify a mismatch between conventional

HTC objectives and the true utility of taxonomy
prediction, where correctness, hierarchy validity,
semantic severity, and decision coherence must be
evaluated jointly.

(ii) We introduce TAXOAGENT, which formu-
lates hierarchical prediction as a coarse-to-fine de-
cision process and optimizes the policy using verifi-
able utility signals tailored to hierarchical semantic
classification.

(iii) Experiments on app-domain taxonomies,
standard HTC benchmarks, and OOS intent de-
tection show that TAXOAGENT consistently im-
proves Micro-F1, Macro-F1, hierarchy consistency,
long-tail label performance, and out-of-scope re-
jection over strong hierarchical, contrastive, and
LLM-based baselines.

2 Related Work

Taxonomy-constrained hierarchical classifica-
tion. Hierarchical text classification predicts labels
under parent–child dependencies, with RCV1 and
Web of Science as widely used benchmarks (Lewis
et al., 2004; Kowsari et al., 2017) and pretrained
encoders such as BERT providing strong represen-
tations (Devlin et al., 2019). Prior methods incorpo-
rate hierarchy through architectures or objectives,
including local–global classifiers (Wehrmann et al.,
2018), hierarchy-aware graph modeling (Zhou
et al., 2020), text–label information maximiza-
tion (Deng et al., 2021), and label-semantic match-
ing (Chen et al., 2021). Recent work further ex-
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plores hierarchy-aware prompting, sub-hierarchy
generation, and tree-isomorphism encoding (Wang
et al., 2022b; Im et al., 2023; Zhu et al., 2023).
Although these methods improve structural aware-
ness, they mostly treat taxonomies as auxiliary rep-
resentations, decoding constraints, or supervised
regularizers. In contrast, TAXOAGENT treats the
taxonomy as the decision space itself and optimizes
a parent-to-child trajectory with a utility that jointly
captures correctness, hierarchy validity, semantic
alignment, and decision coherence.

Hierarchy-aware semantic representation learn-
ing. A complementary line of work improves HTC
by shaping the semantic geometry of texts and la-
bels (Xue and Gao, 2026). HGCLR injects hier-
archy into contrastive text encoding (Wang et al.,
2022a), HILL constructs hierarchy-preserving pos-
itives (Zhu et al., 2024), HMCL extends hierarchy-
aware contrastive learning to mobile app classifi-
cation (Guo et al., 2025), and HBM introduces a
hierarchy-aware margin loss to encode label rela-
tions (Kim et al., 2024). Recent adjacent work also
studies long-tailed multi-label prediction and hi-
erarchical, contrastive data valuation (Xiao et al.,
2026b,a), complementing label-geometry methods
with imbalance- and utility-aware training signals.
These methods learn hierarchy-sensitive embed-
dings, especially for fine-grained labels, but still
mainly optimize separability or classification likeli-
hood and do not explicitly distinguish mild seman-
tic near-misses from severe cross-branch errors.
TAXOAGENT addresses this limitation by using
semantic prototypes as both verifiers and reward
signals, encouraging predictions that are correct,
semantically local, and parent-consistent.

LLM-based classification and open-set rejection.
Large language models can leverage label names,
descriptions, and instructions for classification
without task-specific architectures. Related work
on structured generation has developed autonomy-
oriented taxonomies for agentic Text-to-SQL, de-
composed reasoning for interpretable, robust pre-
diction, and human-feedback integration for uni-
fied layout generation (Su et al., 2026; Zhao et al.,
2026; Guan et al., 2026; Lu et al., 2025a). Graph-
aligned enrichment and logic-consistent structured
knowledge reasoning further connect LLM predic-
tions to explicit relational constraints (Li et al.,
2025b,a). Related cross-domain work explores
LLM-guided semantic fusion for asynchronous
time-series forecasting, structured attention for

medical-image segmentation, and controlled diag-
nosis of video temporal-logical reasoning (Zhang
et al., 2026a,b; Kwan et al., 2026). Adjacent work
on LLM agents further studies structured agent dis-
tillation, role-aware context routing with structured
memory, and persistent verifier signals for mem-
ory governance (Liu et al., 2026b, 2025; Wang
et al., 2026). Prototype-based OOD detection and
retrieval-diverse multi-turn intent understanding
provide related evidence that semantic geometry
and context selection matter for robust classifica-
tion (Peng et al., 2026; Lin et al., 2026). Prototype-
aligned soft prompts and task-conditioned LoRA
further address continual adaptation under non-
stationarity (Xiao and Hou, 2026; Xiao et al.,
2026c). Complementary efficiency work prunes
sparse mixture-of-experts LLMs without retrain-
ing (Zhou et al., 2025). Across adjacent vision and
robotics tasks, semantic side information has simi-
larly been used through language anchors for road
anomaly detection (Tian et al., 2023), noun proto-
types for task-oriented instance segmentation (Li
et al., 2022), and LLM-derived context for motion
prediction (Zheng et al., 2024). Fine-grained vi-
sual recognition has likewise used LLM-derived
semantic homology to distinguish closely related
categories (Liu et al., 2026a). Related 3D work
studies collaborative reasoning and elastic seman-
tic anchoring for unified understanding and gen-
eration (Yu et al., 2025b, 2026c). Adjacent VLA
studies explore informative-frame selection and
asymmetric generalist-VLM adaptation for embod-
ied tasks (Yu et al., 2026a,b). For HTC, TELEClass
and HiEPS improve taxonomy use through LLM-
generated features and prompt ensembling (Zhang
et al., 2025b; Xia et al., 2025), but prompting
lacks a principled objective for hierarchy consis-
tency and calibrated rejection. Complementary
calibration work preserves predictive uncertainty
in quantized language models through target-aware
data selection (Yang et al., 2026). Distribution-
optimized data synthesis provides another route to
expanding LLM knowledge boundaries (Li et al.,
2026). OOS intent detection methods improve
robustness, boundary learning, and intent separa-
tion on benchmarks such as CLINC150 (Larson
et al., 2019; Zhang et al., 2022; Sahu et al., 2023;
Zhang et al., 2025a; Chen and Wang, 2025; Zaw-
baa et al., 2024), alongside broader task-oriented
OOD and anomaly-detection advances (Lu et al.,
2025b; Zhang et al., 2026c), yet this literature
does not couple rejection with parent–child valid-
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ity. Related post-training work learns hierarchi-
cal temperature policies from LLM internal states
and elicits inference-time reasoning through rein-
forcement query refinement (Zhou et al., 2026b,a).
Building on work in supervised fine-tuning, reward-
based post-training, fine-grained preference opti-
mization, progress-aware policy learning, evidence-
anchored multimodal RLVR, and latent trajectory
selection (Ouyang et al., 2022; Shao et al., 2024;
Xue et al., 2026b,a; Shen et al., 2025; Liu et al.,
2026c; Hu et al., 2026; Yu et al., 2025a), TAXOA-
GENT optimizes verifiable taxonomy-specific utili-
ties for structured prediction and OOS rejection.

3 Method

We propose TAXOAGENT, a utility-aligned policy
optimization framework for hierarchical semantic
classification. The central idea is to treat hierar-
chical prediction as a structured decision problem
over a taxonomy graph rather than as independent
label scoring. Given an input text, the policy gen-
erates a coarse-to-fine decision trajectory: it first
predicts parent labels, then predicts child labels
conditioned on the parent decision, and finally ver-
ifies the structured output. The trajectory is scored
by a non-decomposable utility that jointly evaluates
label correctness, hierarchy validity, semantic align-
ment, and decision coherence. The LLM policy is
optimized with group-relative policy optimization
so that high-utility trajectories receive higher likeli-
hood than low-utility trajectories sampled for the
same input.

Figure 2 illustrates the TaxoAgent pipeline. The
taxonomy graph defines the structural decision
space. The LLM policy produces a multi-step hi-
erarchical decision trajectory. A structural verifier
evaluates parent–child validity, while a semantic
verifier evaluates text–label and label–label align-
ment. The resulting utility is used as the reward for
policy optimization.

3.1 Hierarchical Classification as Structured
Decision Making

Let the taxonomy be a rooted hierarchical graph
G = (V, E), where V is the set of taxonomy labels
and E contains directed parent–child edges. Each
label ℓ ∈ V has a depth d(ℓ), and ρ(ℓ) denotes
its immediate parent when ℓ is not a root-level
label. For a label ℓ, let Anc(ℓ) denote the set of
all required ancestors of ℓ in the taxonomy. The
two-level case used by the app-domain taxonomies

is a special case where V = P ∪C and E ⊆ P ×C.
Given an input text x, the ground-truth hierar-

chical assignment is Y ⊆ V . A prediction Ỹ ⊆ V
is hierarchy-consistent if every predicted non-root
label includes all of its required ancestors:

∀ℓ ∈ Ỹ , Anc(ℓ) ⊆ Ỹ . (1)

For two-level taxonomies, this reduces to the
parent–child constraint ∀c ∈ Ỹ c, ρ(c) ∈ Ỹ p.

The policy is trained on raw hierarchical pre-
dictions before structural projection. This allows
hierarchy violations to be observed and penalized
during training. At inference time, we apply a
deterministic closure projection that adds missing
ancestors and removes labels outside the taxonomy
vocabulary, as described in Appendix A.3.

3.2 Hierarchical Decision Policy
Hierarchical classification requires coupled parent
and child decisions. A one-step classifier hides this
dependency and treats the final label set as a flat
output. TaxoAgent instead makes the decision path
explicit: the policy first selects parent labels, then
selects child labels under the induced semantic con-
text, and finally verifies the structured prediction.

Formulation. We parameterize the classifier as
an LLM policy πθ. For input x and taxonomy G,
the policy generates a trajectory τ = (ap, ac, av),
where ap is the parent decision, ac is the child
decision, and av is the verification decision. The
trajectory probability is factorized as

πθ(τ | x,G) = πθ(a
p | x,G)

· πθ(ac | x,G, ap) · πθ(av | x,G, ap, ac).
(2)

The final raw prediction Ỹ = (Ỹ p, Ỹ c) is parsed
from av. The exact output schema and decoding
format are given in Appendix A.1.

3.3 Semantic Prototypes and Verifier
Not all classification errors have the same sever-
ity. A prediction close to the correct category in
the taxonomy is less harmful than a cross-branch
prediction with unrelated semantics. TaxoAgent
therefore uses a semantic verifier to assign graded
rewards based on label semantics.

Prototype space. Let fϕ be a frozen text encoder.
For input x and label ℓ ∈ P ∪ C, we define normal-
ized representations

hx =
fϕ(x)

∥fϕ(x)∥2
, eℓ =

qℓ
∥qℓ∥2

, (3)
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Figure 2: Pipeline of TAXOAGENT illustrated with an app-text example. Given app text and a taxonomy graph, the
policy generates a coarse-to-fine parent–child prediction trajectory. The raw prediction is evaluated by a structural
verifier for taxonomy validity and a semantic verifier for prototype-space alignment. Outcome, hierarchy, semantic,
and trajectory rewards are combined into a utility score, which is used by GRPO to reinforce high-utility hierarchical
predictions.

where hx is the text embedding, eℓ is the la-
bel prototype, and qℓ is the unnormalized proto-
type constructed from label names and training
instances. The construction of qℓ is specified in
Appendix A.2.

We distinguish text–label similarity from label–
label similarity:

sx(ℓ) =
1 + h⊤

x eℓ
2

, sℓ,ℓ′ =
1 + e⊤ℓ eℓ′

2
. (4)

Both scores lie in [0, 1] because the embeddings are
normalized. The semantic verifier uses sℓ,ℓ′ during
training to compare predicted labels against ground-
truth labels, and uses sx(ℓ) during inference to
score text–label compatibility.

3.4 Utility-Aligned Reward

Purpose. Hierarchical decision quality is non-
decomposable. A prediction is useful only when it
is correct, structurally valid, semantically plausible,
and coherent across the parent-to-child decision
path. TaxoAgent therefore optimizes a trajectory-
level utility rather than independent label losses.

Outcome reward. Let F1(A,B) = 2|A ∩
B|/(|A| + |B| + ϵ) be the set F1 score. Let
Pair(S) = {(ρ(c), c) : c ∈ S} map a child set

to its parent–child pairs. The outcome reward is

Rout(Ỹ , Y ) = ωpF1(Ỹ
p, Y p) + ωcF1(Ỹ

c, Y c)

+ ωpcF1

(
Pair(Ỹ c),Pair(Y c)

)
,
(5)

where ωp, ωc, ωpc ≥ 0 and ωp+ωc+ωpc = 1. The
first two terms evaluate parent and child accuracy,
while the third term evaluates correct parent–child
pair assignment.

Hierarchy reward. The structural verifier evalu-
ates whether each predicted child is supported by
its predicted parent set:

Rhier(Ỹ ;G) = 1−
∑

c̃∈Ỹ c I[ρ(c̃) /∈ Ỹ p]

|Ỹ c|+ ϵ
. (6)

This reward is computed on the raw prediction be-
fore structural projection.

Semantic reward. For a predicted label ℓ and a
target label set B, define the semantic distance as
d(ℓ, B) = 1−maxb∈B sℓ,b. The parent-aware and
child-aware semantic penalties are

Dp =
1

|Ỹ p|+ ϵ

∑

p̃∈Ỹ p

d(p̃, Y p),

Dc =
1

|Ỹ c|+ ϵ

∑

c̃∈Ỹ c

(
1 + κ I[ρ(c̃) /∈ Y p]

)

· d(c̃, Y c).

(7)
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Here, Dp measures coarse-level semantic mis-
match, Dc measures fine-grained mismatch, and
κ ≥ 0 increases the penalty for cross-parent child
errors. The semantic reward is

Rsem(Ỹ , Y ) = exp

(
−αDp + (1− α)Dc

τsem

)
,

(8)
where α ∈ [0, 1] balances parent-level and child-
level penalties, and τsem > 0 is the semantic tem-
perature.

Trajectory coherence reward. Let Ỹ p
step be the

parent set emitted in the first decision step, and let
Ỹ c be the child set in the final raw prediction. The
trajectory coherence reward is

Rtraj(τ ;G) =
1

|Ỹ c|+ ϵ

∑

c̃∈Ỹ c

I[ρ(c̃) ∈ Ỹ p
step]. (9)

This term rewards child decisions that remain sup-
ported by the earlier parent decision, and therefore
measures coarse-to-fine decision consistency rather
than final-label validity alone.

Composite utility. The final trajectory utility is

U(τ ;x, Y,G) = λoutRout + λhierRhier

+ λsemRsem + λtrajRtraj,
(10)

where all λ coefficients are non-negative and sum
to one. All reward components lie in [0, 1], so
U(τ ;x, Y,G) ∈ [0, 1].

3.5 Group-Relative Policy Optimization
Supervised fine-tuning increases the likelihood of
reference labels but does not directly optimize hi-
erarchy validity, semantic distance, and trajectory
coherence. TaxoAgent instead samples multiple
trajectories for the same input and updates the pol-
icy according to their relative utilities.

Optimization. For each training instance
(xi, Yi), we sample G trajectories {τ gi }Gg=1 from
the old policy πθold . Each trajectory receives
reward rgi = U(τ gi ;xi, Yi,G). The group-relative
advantage and clipped objective are

Ag
i =

rgi − µi

σi + ϵ
,

µi =
1

G

G∑

g=1

rgi , σ2
i =

1

G

G∑

g=1

(rgi − µi)
2.

(11)

JGRPO(θ) =
1∑

i,g Ti,g

×
∑

i,g,t

min
(
ri,g,tA

g
i ,

r̄i,g,tA
g
i

)

− β DKL

(
πθ(· | xi,G)

∥∥∥

πref(· | xi,G)
)
,

where r̄i,g,t = clip
(
ri,g,t(θ),

1− ε, 1 + ε
)
.

(12)
Here, Ti,g is the length of trajectory τ gi , ri,g,t(θ) is
the token-level probability ratio between πθ and
πθold at step t, ε is the clipping coefficient, β con-
trols KL regularization, and πref is the reference
policy. The policy parameters are updated by max-
imizing JGRPO(θ). The full training algorithm is
provided in Appendix A.6.

Inference At inference time, TaxoAgent decodes
one hierarchical trajectory, parses the raw predic-
tion Ỹ , and applies the deterministic structural pro-
jection ΠG defined in Appendix A.3. The final
prediction is Ŷ = ΠG(Ỹ ). This projection guaran-
tees that every predicted child label is supported
by its parent. The out-of-scope decision rule used
in OOS experiments is described in Appendix A.4.
Taxonomy expansion is handled by updating label
prototypes and the taxonomy edge set, as described
in Appendix A.5.

4 Experiments

We evaluate TAXOAGENT from four complemen-
tary perspectives: (i) whether utility-aligned op-
timization improves hierarchical classification on
both app-domain and standard HTC benchmarks;
(ii) whether TAXOAGENT remains robust under
taxonomy expansion and out-of-scope rejection;
(iii) which reward and trajectory components drive
the final gains; and (iv) whether multi-step parent–
child reasoning improves hierarchy consistency,
semantic error quality, and long-tail performance.

4.1 Experimental Setup

Datasets. We evaluate TAXOAGENT on five
datasets spanning industrial app categorization,
standard hierarchical text classification, and out-
of-scope (OOS) intent detection. IOS-APP-ZH and
Google-APP-EN are two manually annotated app
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datasets with two-level taxonomies. RCV1 and
Web of Science (WOS) are standard HTC bench-
marks, while CLINC150 is used for hierarchical in-
tent classification and OOS rejection. Dataset statis-
tics are summarized in Table 4; detailed dataset
construction and split protocols are provided in
Appendix B.1.

Evaluation metrics. For hierarchical classifica-
tion, we report Micro-F1 and Macro-F1. For OOS
detection, we report OOS-F1. We also report hi-
erarchy inconsistency rate (HIR), which measures
whether predicted child labels are unsupported by
their predicted parents. Lower HIR indicates better
structural compliance. Formal metric definitions
are given in Appendix B.2.

Baselines. We compare TAXOAGENT with
encoder-based HTC models, hierarchy-aware con-
trastive methods, LLM-enhanced taxonomy and
prompting methods, direct LLM prompting base-
lines, and representative OOS intent detection
methods. Unless otherwise stated, TAXOAGENT

uses Qwen3-14B as the base policy model (Yang
et al., 2025). The full baseline list and implementa-
tion details are provided in Appendix B.3. Unless
otherwise specified, all F1 and accuracy values are
reported in percentage.

4.2 Main Results

Table 1 shows that TAXOAGENT achieves the best
results on all datasets and metrics. It improves
over the strongest prior methods by +2.49/+2.55,
+0.66/+1.69, +1.46/+1.79, and +0.76/+1.98
points in Micro-F1/Macro-F1 on IOS-APP-ZH,
Google-APP-EN, RCV1, and WOS, respectively.
The larger and consistent Macro-F1 gains indicate
better robustness to rare and fine-grained hierarchi-
cal labels. Moreover, TAXOAGENT clearly outper-
forms direct LLM prompting on the app-domain
datasets, suggesting that utility-aligned policy op-
timization is more effective than direct prompting
for structured hierarchical classification.

Adaptation to Evolving Taxonomies. Real-world
taxonomies continually evolve as new parent cat-
egories and fine-grained child labels emerge. We
therefore test whether TAXOAGENT can adapt with
minimal or no retraining by expanding each app
taxonomy with one new parent category and mul-
tiple child labels, using over 300 domain-specific
apps, and comparing against direct LLM baselines.
Table 2 shows that TAXOAGENT achieves the best
parent- and child-level accuracy on both datasets,

with especially large gains at the fine-grained child
level. This suggests that separating taxonomy struc-
ture, semantic prototypes, and policy optimization
enables effective adaptation to new hierarchical
labels without full retraining.
Out-of-Scope Detection. We further evaluate
TAXOAGENT on CLINC150 to test whether it can
reject semantically related OOS intents while main-
taining in-scope accuracy. Following a domain-
level in-domain OOS setting, we use the Bank-
ing and Credit Cards domains, treating part of
each domain’s intents as in-scope and the held-
out intents as OOS examples; details are pro-
vided in Appendix B.4. As shown in Table 3,
TAXOAGENT achieves the best OOS performance,
improving over FCSLM by +2.17 ACC, +3.64
OOS-Banking-F1, and +3.68 OOS-CreditCards-
F1. These gains show that the semantic verifier and
structured trajectory better separate fine-grained in-
scope intents from related but out-of-scope ones.

4.3 Ablation Studies
Figure 3 summarizes the main ablations on reward
design, trajectory reasoning, joint optimization,
and hierarchy consistency. Overall, each compo-
nent contributes to the final performance: utility-
aligned RL improves over the raw Qwen3-14B
baseline, while parent-aware and child-aware se-
mantic penalties further boost Micro-F1 and Macro-
F1. Replacing the full coarse-to-fine trajectory
with single-step decoding reduces accuracy and
increases hierarchy violations, showing that parent
selection, child expansion, and verification directly
improve structured decision quality. Joint parent–
child optimization also outperforms independent
optimization, confirming the non-decomposable
nature of hierarchical utility. Finally, TAXOAGENT

achieves the lowest HIR among LLM baselines,
indicating that explicit hierarchy-aware utility opti-
mization is more reliable than direct prompting or
post-hoc correction alone.

4.4 Semantic Error Distance Analysis
Semantic error quality. A stronger hierarchical
classifier should make not only fewer errors but
also milder errors, since semantically local con-
fusions are less harmful than cross-branch mis-
takes. We compute the semantic error distance of
false-positive labels on IOS-APP-ZH and Google-
APP-EN and visualize the resulting distributions
with ridgeline plots; implementation details are
provided in Appendix B.5. As shown in Figure 4,
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Table 1: Main hierarchical classification results on four datasets. All values are percentages. Best results are shown
in bold, and second-best results are underlined.

Model
IOS-APP-ZH Google-APP-EN RCV1 WOS

Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

Encoder-based and hierarchical neural models
BERT (Devlin et al., 2019) 43.41 23.94 77.04 75.44 86.26 67.35 86.26 80.58
HiAGM (Zhou et al., 2020) – – – – 85.58 67.93 86.04 80.19
HTCInfoMax (Deng et al., 2021) 69.79 26.18 81.28 56.37 85.53 67.09 86.30 79.97
HiMatch (Chen et al., 2021) – – – – 86.33 68.66 86.70 81.06
HMCN (Wehrmann et al., 2018) – – – – 87.52 70.39 86.45 80.91
HMCN + HMCL (Wehrmann et al., 2018; Guo et al., 2025) – – – – 87.92 71.36 86.90 81.07

Hierarchy-aware contrastive learning methods
HGCLR (Wang et al., 2022a) 42.32 25.88 60.73 55.07 86.49 68.31 87.11 81.20
HGCLR (title+abstract) (Wang et al., 2022a) 45.99 28.53 61.90 56.93 87.22 69.89 – –
HILL (Zhu et al., 2024) 71.02 21.74 80.87 53.53 87.31 70.12 87.28 81.77
HILL (title+abstract) (Zhu et al., 2024) 74.86 23.54 81.84 54.78 87.70 70.96 – –

LLM-enhanced taxonomy and prompting methods
TELEClass (Zhang et al., 2025b) 74.37 28.45 79.91 79.01 – – 89.17 80.91
HiEPS (ChatGPT-3.5) (Xia et al., 2025) 41.89 27.66 76.33 75.01 – – 65.41 55.11
TaxMorph (Golde et al., 2026) 74.19 26.89 74.03 76.02 – – 87.04 80.20

Direct LLM prompting methods
ChatGPT-4o (OpenAI, 2024) 37.42 27.12 73.40 70.20 – – 79.03 71.95
DeepSeek-3.2 (DeepSeek-AI, 2025) 39.55 32.66 75.80 73.10 – – 81.02 72.92

TAXOAGENT 77.35 35.21 82.50 80.70 89.38 73.15 89.93 83.75
∆ over best prior ↑ 2.49 ↑ 2.55 ↑ 0.66 ↑ 1.69 ↑ 1.46 ↑ 1.79 ↑ 0.76 ↑ 1.98
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Figure 3: Ablation analysis of TAXOAGENT on IOS-APP-ZH and Google-APP-EN. (a) Reward component ablation
shows the cumulative benefit of utility-aligned RL and semantic penalties. (b) Multi-step trajectory reasoning
improves both prediction accuracy and hierarchy consistency over single-step decoding. (c) Joint parent–child
optimization outperforms independent optimization, validating the non-decomposable nature of hierarchical utility.
(d) TAXOAGENT achieves the lowest hierarchy inconsistency rate among LLM baselines.

Table 2: Performance under evolving taxonomy scenar-
ios. We report parent-level and child-level accuracy on
newly expanded app taxonomies. Best results are shown
in bold, and second-best results are underlined.

Model
IOS-APP-ZH Google-APP-EN

Parent Acc. Child Acc. Parent Acc. Child Acc.

Direct LLM baselines
Qwen3-14B 92.2 81.4 95.2 86.4
Qwen3-Max 95.1 84.9 97.2 86.90
ChatGPT-4o 95.5 82.1 98.5 89.1
DeepSeek-3.2 95.70 85.7 97.4 87.3

TAXOAGENT 98.3 94.1 98.9 95.7
∆ over best prior ↑ 2.6 ↑ 8.4 ↑ 0.4 ↑ 6.6

TAXOAGENT produces the strongest left-shifted
distributions, indicating that its wrong predictions
remain closer to the correct label semantics. On
IOS-APP-ZH, TAXOAGENT reduces the mean er-

ror distance from 0.266 to 0.148 and increases the
near-miss rate from 51.6% to 82.0% compared with
the strongest prior baseline. On Google-APP-EN,
it reduces the mean error distance from 0.213 to
0.120 and increases the near-miss rate from 65.9%
to 88.2%. These results suggest that the proposed
utility not only improves exact matching but also re-
shapes severe cross-branch errors into semantically
local confusions, explaining the gains in Macro-F1
and hierarchy consistency.

4.5 Long-tail Label Gain Analysis

Long-tail performance. Macro-F1 gains are
meaningful only if they come from rare and fine-
grained labels rather than marginal improvements
on frequent labels. We compute the per-label F1
gain of TAXOAGENT over the strongest prior base-
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Table 3: OOS detection results on CLINC150. ACC
denotes in-scope classification accuracy. OOS-F1 evalu-
ates rejection of held-out in-domain OOS intents. Best
results are shown in bold, and second-best results are
underlined.

Model ACC OOS-Banking-F1 OOS-CreditCards-F1

Fine-tuned and open-set baselines
RoBERTa 22.29 – –
PromptMix 74.27 – –
CUC 75.63 – –
FCSLM 90.18 84.29 82.71

Direct LLM baseline
Qwen3 58.92 75.82 61.92

TAXOAGENT 92.35 87.93 86.39
∆ over best prior ↑ 2.17 ↑ 3.64 ↑ 3.68
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Lower semantic error distance indicates that wrong predictions stay closer to the correct semantic neighborhood.

Figure 4: Semantic error distance on IOS-APP-ZH and
Google-APP-EN. Lower values indicate milder mis-
takes. TAXOAGENT yields the lowest mean distance
and highest near-miss rate, showing that its errors are
more semantically local. Protocol details are provided
in Appendix B.5.

line and group child labels by training frequency;
details are provided in Appendix B.7. As shown
in Figure 5, most high-gain labels are concentrated
in the low-frequency region. On IOS-APP-ZH, tail
labels improve by +8.7 F1 points on average, com-
pared with +4.1 for medium-frequency labels and
+1.6 for head labels; on Google-APP-EN, the cor-
responding gains are +7.9, +3.6, and +1.2. This
confirms that TAXOAGENT’s Macro-F1 improve-
ment is primarily driven by better recognition of
rare labels, suggesting that semantic prototypes
and hierarchy-aware rewards transfer useful sig-
nals from taxonomy structure to underrepresented
categories.

5 Conclusion

This paper addressed the mismatch between con-
ventional hierarchical classification objectives and
the structured utility required by real taxonomy
prediction. We introduced TAXOAGENT, a utility-
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Figure 5: Long-tail label gain analysis on IOS-APP-ZH
and Google-APP-EN. Each point denotes a child label,
with the x-axis showing training frequency and the y-
axis showing F1 gain over the strongest prior baseline.
TAXOAGENT obtains the largest gains on rare labels,
indicating stronger long-tail classification. Protocol de-
tails are provided in Appendix B.7.

aligned policy optimization framework that for-
mulates hierarchical semantic classification as a
verified coarse-to-fine decision process and opti-
mizes LLM policies with signals that jointly cap-
ture correctness, hierarchy validity, semantic local-
ity, and trajectory coherence. Across app-domain
taxonomies, standard HTC benchmarks, evolving-
taxonomy settings, and OOS intent detection, our
results show that utility-aligned optimization im-
proves not only predictive accuracy but also the reli-
ability and quality of hierarchical decisions. These
findings suggest that hierarchical classifiers should
be trained and evaluated as structured decision sys-
tems rather than as flat label predictors augmented
with taxonomy constraints.

Limitations

This work focuses on hierarchical semantic classi-
fication settings where the taxonomy structure and
label descriptions are available during training and
inference. Although this assumption matches prac-
tical taxonomy-driven applications, future work
may study settings where taxonomies are partially
observed, noisy, or updated continuously by ex-
ternal users. Our experiments cover app-domain
taxonomies, standard hierarchical text classifica-
tion benchmarks, and intent classification with out-
of-scope detection, but the framework has not yet
been evaluated on all taxonomy domains, such as
biomedical coding, legal classification, or multi-
lingual industrial taxonomies. Extending the eval-
uation to these domains would provide a broader
understanding of how utility-aligned hierarchical
decision making behaves under different label gran-
ularities and annotation conventions.
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A Additional Method Details

A.1 Trajectory Format and Output Schema

For each input text x, TaxoAgent generates a three-
step trajectory:

τ = (ap, ac, av).

The parent decision ap contains a ranked parent-
label set Ỹ p

step. The child decision ac contains a
candidate child-label set conditioned on Ỹ p

step. The
verification decision av emits the final raw predic-
tion

Ỹ = (Ỹ p, Ỹ c).

The final answer is serialized as a JSON object with
two fields:

parent_labels and child_labels.

Every emitted label string is matched against the
taxonomy vocabulary. Unmatched strings are dis-
carded before reward computation. The hierarchy
reward in Eq. (6) is computed after string matching
and before structural projection.

A.2 Label Prototype Construction

This section gives the exact construction of the
unnormalized prototype qℓ used in Eq. (3). Let tℓ
denote the textual name of label ℓ. For each child
label c ∈ C, define its empirical instance set as

Dc = {(xi, Yi) ∈ Dtrain : c ∈ Y c
i }.

The child prototype is

qc = λnamefϕ(tc)+λdata
1

|Dc|+ ϵ

∑

(xi,Yi)∈Dc

fϕ(xi),

(13)
where λname and λdata control the contribution
of label-name semantics and empirical instance
semantics.

For each parent label p ∈ P , define its child set
as

Ch(p) = {c ∈ C : (p, c) ∈ E}.

The parent prototype is

qp = λparentfϕ(tp)+(1−λparent)
1

|Ch(p)|
∑

c∈Ch(p)

ec.

(14)
After computing qℓ, each label prototype is normal-
ized as eℓ = qℓ/∥qℓ∥2.

A.3 Structural Projection and Hierarchy
Inconsistency Rate

During inference, TaxoAgent applies a determin-
istic structural projection to the raw prediction.
Given Ỹ = (Ỹ p, Ỹ c), the projected prediction is

ΠG(Ỹ ) = (Ŷ p, Ŷ c),

Ŷ c = {c̃ ∈ Ỹ c : c̃ ∈ C},
Ŷ p =

(
Ỹ p ∩ P

)
∪ {ρ(ĉ) : ĉ ∈ Ŷ c}.

(15)

This projection removes invalid child strings and
closes the parent set under the parent map ρ.

For dataset-level analysis, we report hierarchy
inconsistency rate before projection:

HIR =
1

N

N∑

i=1

∑
c̃∈Ỹ c

i
I[ρ(c̃) /∈ Ỹ p

i ]

|Ỹ c
i |+ ϵ

. (16)

A lower HIR indicates better structural compliance
of the raw policy output.

A.4 OOS Detection Rule
For out-of-scope evaluation, TaxoAgent uses se-
mantic confidence after trajectory decoding. For
each valid parent–child edge (p, c) ∈ E , define

q(x, p, c) = ηsx(p) + (1− η)sx(c), (17)

where sx(·) is the text–label similarity in Eq. (4),
and η ∈ [0, 1] controls the parent-child confidence
balance. The in-scope confidence is

qmax(x) = max
(p,c)∈E

q(x, p, c). (18)

The prediction is rejected as OOS when

qmax(x) < δoos, (19)

where δoos is selected on the validation split and
fixed during test evaluation.

A.5 Taxonomy Expansion
When a new child label cnew is inserted under par-
ent pnew, the taxonomy is updated as

C ← C ∪ {cnew}, E ← E ∪ {(pnew, cnew)}.

Given K seed examples {xcnewk }Kk=1 for the new
child label, its prototype is initialized as

qcnew = λnamefϕ(tcnew)

+ λdata
1

K + ϵ

K∑

k=1

fϕ(x
cnew
k ),

ecnew =
qcnew
∥qcnew∥2

.

(20)

23162



Algorithm 1 TaxoAgent Training with Utility-
Aligned GRPO

Require: Training dataDtrain, taxonomy G, initial
policy πθ, reference policy πref , group size G

Ensure: Optimized policy πθ
1: Construct label prototypes {eℓ}ℓ∈P∪C using

Appendix A.2
2: for each optimization step do
3: Sample a mini-batch {(xi, Yi)}Bi=1 from
Dtrain

4: for each instance (xi, Yi) do
5: Sample trajectories {τ gi }Gg=1 from

πθold(· | xi,G)
6: for each trajectory τ gi do
7: Parse raw prediction Ỹ g

i =
(Ỹ p,g

i , Ỹ c,g
i )

8: Compute Rout by Eq. (5)
9: Compute Rhier by Eq. (6)

10: Compute Rsem by Eqs. (7)–(8)
11: Compute Rtraj by Eq. (9)
12: Compute rgi = U(τ gi ;xi, Yi,G) by

Eq. (10)
13: end for
14: Compute group-relative advantages
{Ag

i }Gg=1 by Eq. (12)
15: end for
16: Update θ by maximizing JGRPO(θ) in

Eq. (12)
17: end for
18: return πθ

The parent prototype epnew is then recomputed us-
ing Eq. (14). The policy prompt is updated with the
expanded taxonomy vocabulary, while the learned
policy parameters remain fixed in the taxonomy-
expansion evaluation.

A.6 Training Algorithm

A.7 Implementation Details for Reward
Computation

All reward components are computed on parsed
label sets after taxonomy-vocabulary matching.
Empty predicted sets are assigned zero set-level
F1. For semantic distance d(ℓ, B), an empty tar-
get set gives d(ℓ, B) = 1. The coefficients in the
composite utility are selected on the validation split
and fixed for test evaluation. The same validation-
selected coefficients are used for all test splits of
the same dataset.

A.8 Multi-Level Taxonomy Generalization
The main text introduces the hierarchical decision
process using a two-level taxonomy for clarity.
TAXOAGENT naturally extends to taxonomies
with arbitrary depth. Let G = (V, E) be a rooted
taxonomy graph and let Anc(ℓ) denote the set of
all ancestors of label ℓ.

Multi-level structural reward. For a raw pre-
diction Ỹ ⊆ V , the multi-level hierarchy reward is
defined as

Rmulti
hier (Ỹ ;G) = 1−

∑
ℓ∈Ỹ

∑
a∈Anc(ℓ) I[a /∈ Ỹ ]

∑
ℓ∈Ỹ |Anc(ℓ)|+ ϵ

.

(21)
This reduces to Eq. (7) in the two-level case.

Multi-level outcome reward. Let V(d) denote
labels at depth d. We compute level-wise set F1
and path-wise F1:

Rmulti
out =

D∑

d=1

ωdF1(Ỹ
(d), Y (d))

+ ωpathF1(Path(Ỹ ),Path(Y )), (22)

where Path(Y ) denotes the set of root-to-label
paths induced by Y . The weights are non-negative
and sum to one.

Multi-level trajectory coherence. For a trajec-
tory that emits predictions level by level, the trajec-
tory coherence reward is

Rmulti
traj = 1−

∑D
d=2

∑
ℓ∈Ỹ (d) I[ρ(ℓ) /∈ Ỹ

(d−1)
step ]

∑D
d=2 |Ỹ (d)|+ ϵ

.

(23)
This rewards consistency between adjacent deci-
sion stages and generalizes the parent-to-child tra-
jectory reward used for two-level app taxonomies.

RCV1 instantiation. For RCV1, we use the orig-
inal four-level taxonomy and apply the multi-level
reward above. We do not collapse RCV1 into a
flat label space. All reported RCV1 Micro-F1 and
Macro-F1 scores are computed over the original la-
bel set, while hierarchy inconsistency is evaluated
before structural projection.

B Additional Experimental Setup

B.1 Dataset Details
We evaluate TAXOAGENT on five datasets that
cover complementary hierarchical classification
scenarios.
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Table 4: Dataset statistics. IOS-APP-ZH and Google-
APP-EN are app-domain datasets; RCV1 and WOS are
standard HTC benchmarks; CLINC150 is used for intent
classification and OOS detection.

Dataset Level #Labels Train Valid Test

IOS-APP-ZH 2 144 8,827 2,207 11,034
Google-APP-EN 2 48 48,688 12,173 60,861
RCV1 4 103 20,833 2,316 781,265
WOS 2 141 30,070 7,518 9,397
CLINC150 2 150 13,500 4,500 4,500

Industrial app categorization. IOS-APP-ZH
and Google-APP-EN are two self-collected real-
world app classification datasets. IOS-APP-ZH is a
Chinese app dataset collected from the Apple App
Store1 and annotated with a two-level taxonomy
containing 144 labels. Google-APP-EN is an En-
glish app dataset collected from Google Play2 and
annotated with a two-level taxonomy containing
48 labels. Both datasets are constructed from app
names and descriptions and manually annotated
according to our taxonomy. These two datasets are
used to evaluate whether TAXOAGENT can han-
dle industrial hierarchical semantic classification,
where labels are fine-grained, semantically overlap-
ping, and frequently long-tailed.

Standard hierarchical text classification.
RCV1 (Lewis et al., 2004) is a large-scale news
classification benchmark with a four-level taxon-
omy and 103 hierarchical labels. Web of Science
(WOS) (Kowsari et al., 2017) is an academic
abstract classification dataset with a two-level
taxonomy and 141 labels. These benchmarks
evaluate whether TAXOAGENT generalizes beyond
app-domain taxonomies to standard HTC settings.

Hierarchical intent classification and OOS de-
tection. CLINC150 (Larson et al., 2019) contains
150 fine-grained intents organized under 10 coarse
domains, together with OOS utterances. We use
it to evaluate both hierarchical intent classification
and the ability to reject inputs that fall outside the
current taxonomy. For OOS evaluation, held-out
intent classes are treated as in-domain OOS exam-
ples, making the rejection task more challenging
than detecting unrelated open-domain inputs.

1https://developer.apple.com/app-store/
product-page/

2https://support.google.com/googleplay/
android-developer/answer/9859673

B.2 Metric Details
For hierarchical classification, we report Micro-F1
and Macro-F1. Micro-F1 aggregates true positives,
false positives, and false negatives across all labels
and therefore reflects overall predictive utility, es-
pecially on frequent labels. Macro-F1 computes
the unweighted average of per-label F1 scores and
is more sensitive to rare and long-tail categories.

For OOS detection, we report OOS-F1 on the
held-out OOS subsets. Given true positives (TP),
false positives (FP), and false negatives (FN) for
OOS prediction, OOS-F1 is computed as

OOS-F1 =
2TP

2TP + FP + FN
. (24)

We additionally measure hierarchy inconsistency
rate (HIR), which evaluates whether the raw pre-
diction violates parent–child constraints before any
structural projection. Given a test set D, raw pre-
dictions Ỹi = (Ỹ p

i , Ỹ
c
i ), and parent map ρ(·), HIR

is defined as

HIR = 100×
∑

i∈D
∑

c̃∈Ỹ c
i
I
[
ρ(c̃) /∈ Ỹ p

i

]

∑
i∈D |Ỹ c

i |+ ϵ
. (25)

Lower HIR indicates better hierarchy compliance.

B.3 Baseline Details
We compare TAXOAGENT with five groups of base-
lines.

Encoder-based and hierarchical neural mod-
els. We include standard and hierarchical neural
classifiers, including BERT (Devlin et al., 2019),
HiAGM (Zhou et al., 2020), HMCN (Wehrmann
et al., 2018), HTCInfoMax (Deng et al., 2021), Hi-
Match (Chen et al., 2021), and HMCL (Guo et al.,
2025). These methods represent conventional HTC
approaches that inject hierarchy through architec-
tures, graph modeling, local–global prediction, or
hierarchy-aware objectives.

Hierarchy-aware contrastive learning methods.
We compare with HGCLR (Wang et al., 2022a) and
HILL (Zhu et al., 2024), which improve hierarchi-
cal classification by shaping the text–label repre-
sentation space with hierarchy-aware contrastive
signals.

LLM-enhanced taxonomy and prompting meth-
ods. We include TELEClass (Zhang et al.,
2025b), HiEPS (Xia et al., 2025), and Tax-
Morph (Golde et al., 2026). These baselines use

23164

https://developer.apple.com/app-store/product-page/
https://developer.apple.com/app-store/product-page/
https://support.google.com/googleplay/android-developer/answer/9859673
https://support.google.com/googleplay/android-developer/answer/9859673


LLM-generated taxonomy information, prompt en-
sembling, or taxonomy-aware prompting to im-
prove hierarchical classification.

Direct LLM prompting methods. We eval-
uate direct prompting with ChatGPT-4o (Ope-
nAI, 2024) and DeepSeek-V3.2 (DeepSeek-AI,
2025). These baselines test whether strong general-
purpose LLMs can solve the task without utility-
aligned policy optimization.

OOS and few-shot intent detection methods.
For OOS detection, we compare with representa-
tive intent detection methods, including Prompt-
Mix (Sahu et al., 2023), CUC (Zhang et al., 2025a),
and FCSLM (Chen and Wang, 2025). These meth-
ods are designed for robust intent classification,
boundary learning, or few-shot OOS detection, but
do not explicitly couple rejection with parent–child
hierarchy validity.

Unless otherwise stated, TAXOAGENT uses
Qwen3-14B as the base policy model (Yang et al.,
2025). All hyperparameters are selected on the
validation split and fixed for test evaluation.

B.4 Details of Out-of-Scope Detection
We use CLINC150 for out-of-scope intent detec-
tion. CLINC150 contains fine-grained user intents
organized under coarse-grained domains, together
with utterances that do not belong to any in-scope
intent. To evaluate in-domain OOS robustness, we
follow a domain-level held-out intent setting on the
Banking and Credit Cards domains.

Each selected domain contains 15 intent classes.
For each domain, we use 10 intent classes as in-
scope classes and hold out the remaining 5 in-
tent classes as in-domain OOS classes. The held-
out classes are semantically close to the in-scope
classes because they come from the same coarse
domain. This setting is therefore more challenging
than detecting unrelated open-domain OOS utter-
ances, since the model must reject intents that are
topically similar but not covered by the current
label space.

Table 5: CLINC150 OOS split statistics. IS denotes
in-scope intent classes. ID-OOS denotes in-domain out-
of-scope intent classes.

Domain IS Classes ID-OOS Classes Test IS Test OOS

Banking 10 5 500 350
Credit Cards 10 5 500 350

For evaluation, ACC measures the classification
accuracy over in-scope test utterances. OOS-F1

measures whether the model can correctly sepa-
rate in-scope utterances from held-out in-domain
OOS utterances. Given true positives (TP), false
positives (FP), and false negatives (FN) for OOS
prediction, OOS-F1 is computed as

OOS-F1 =
2TP

2TP + FP + FN
. (26)

We report OOS-F1 separately for the Banking and
Credit Cards domains to evaluate robustness across
different intent groups.

B.5 Semantic error distance protocol.
To evaluate not only the number of errors but also
their semantic severity, we compute semantic er-
ror distance over false-positive labels. For each
test example xi with ground-truth label set Yi and
predicted label set Ŷi, each false-positive label
ℓ̃ ∈ Ŷi \ Yi receives

derr(ℓ̃, Yi) = 1−max
ℓ∈Yi

sℓ̃,ℓ, (27)

where sℓ̃,ℓ is the label–label semantic similarity
defined in Eq. 4. Lower values indicate that the
wrong prediction remains semantically close to at
least one correct label. For each method, we col-
lect all false-positive labels on the test set and esti-
mate the distribution of derr with the same density-
estimation setting. We also report the mean seman-
tic error distance

µerr =
1

|E|
∑

(ℓ̃,Yi)∈E
derr(ℓ̃, Yi), (28)

where E denotes the set of all false-positive error
instances. The near-miss rate is computed as

NearMiss = 100× 1

|E|
×

∑

(ℓ̃,Yi)∈E
I[derr(ℓ̃, Yi) < 0.25].

(29)
A higher near-miss rate means that the model more
often confuses the gold label with a semantically
nearby alternative rather than an unrelated cross-
branch label.

B.6 Utility-margin and risk-coverage
protocol.

To analyze OOS rejection, we compare the util-
ity of in-scope classification against the utility of
the OOS rejection decision. For each input x,
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let SIS(x) denote the maximum structured utility
among in-scope label trajectories and SOOS(x) de-
note the utility of the rejection trajectory. The struc-
tured utility margin is defined as

M(x) = SIS(x)− SOOS(x). (30)

A positive margin indicates that the model prefers
accepting the input as in-scope, while a negative
margin indicates that the model prefers OOS rejec-
tion. We use the absolute margin as a structured
confidence score:

C(x) = |M(x)|. (31)

For risk-coverage analysis, examples are ranked by
C(x) in descending order. At coverage level q, we
keep the top q fraction of examples, denoted by Sq,
and compute

Risk(q) = 1− 1

|Sq|
∑

xi∈Sq

I[ẑi = zi], (32)

where zi is the ground-truth accept/reject decision
and ẑi is determined by the sign of M(xi). For in-
scope examples, a prediction is counted as correct
only if the model accepts the input and predicts
the correct in-scope intent. For OOS examples, a
prediction is counted as correct when the model
rejects the input. Lower risk at the same coverage
indicates better uncertainty ranking.

B.7 Long-tail gain protocol.
To determine whether Macro-F1 gains come from
rare labels, we compute per-label F1 gains over the
strongest prior baseline. For each child label ℓ, let
ntrain
ℓ be its training frequency and let Fm

1 (ℓ) be
the per-label F1 score of method m. The gain of
TAXOAGENT is defined as

∆F1(ℓ) = F TAXOAGENT
1 (ℓ)−max

m∈B
Fm
1 (ℓ), (33)

where B denotes all non-TAXOAGENT baselines.
A positive value means that TAXOAGENT outper-
forms the strongest prior method on label ℓ. We
divide child labels into three frequency groups: tail
labels with ntrain

ℓ < 50, medium labels with 50 ≤
ntrain
ℓ < 200, and head labels with ntrain

ℓ ≥ 200.
In the volcano plots, each point represents one child
label; the horizontal axis is log10(n

train
ℓ + 1), the

vertical axis is ∆F1(ℓ), point size indicates test sup-
port, and color indicates gain magnitude. Group-
level gains are computed by averaging ∆F1(ℓ)
within each frequency group.

C Additional Experimental Results

C.1 SFT versus GRPO

Table 6: Comparison between supervised fine-tuning
and GRPO-based decision optimization.

Model IOS-APP-ZH Google-APP-EN

Micro-F1 Macro-F1 Micro-F1 Macro-F1

Qwen3-14B Raw 31.38 25.02 68.00 66.00
Qwen3-14B + SFT 73.51 31.92 73.00 68.00
Qwen3-14B + GRPO 74.95 34.02 77.00 73.00

Table 6 compares supervised fine-tuning with
GRPO-based policy optimization. Although SFT
improves over the raw model, GRPO yields con-
sistently higher Micro-F1 and Macro-F1. This sup-
ports our claim that hierarchical semantic classifi-
cation involves non-decomposable utilities that are
difficult to optimize with token-level or label-level
supervised losses alone. By comparing multiple
trajectories for the same input and reinforcing the
relatively higher-utility ones, GRPO better aligns
the policy with structured decision quality.

C.2 Robustness under Different Test Ratios
To examine robustness under different annotation
regimes, we vary the held-out test ratio from 0.1
to 0.5. A larger test ratio corresponds to fewer
training examples and therefore a more challenging
low-supervision setting. This setting is particularly
relevant to industrial taxonomy systems, where an-
notation cost is high and only a limited portion of
instances may be labeled.

Tables 7 and 8 show that TAXOAGENT remains
stable as the test ratio increases. In contrast, sev-
eral encoder-based and deep hierarchical models
degrade more noticeably when the available train-
ing portion becomes smaller. This result suggests
that LLM-based semantic priors and utility-aligned
decision optimization are particularly useful in low-
annotation regimes. For industrial taxonomy sys-
tems, where labeled data are expensive and new
categories emerge frequently, such robustness is
essential.

C.2.1 Backbone Scale Analysis
Table 9 shows that larger backbones generally im-
prove performance, especially on IOS-APP-ZH.
The 8B model is an exception and performs worse
than the 4B model on both datasets, suggesting that
scaling benefits are not strictly monotonic under
the same optimization and decoding configuration.
Nevertheless, the strongest results are achieved by
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Table 7: Robustness under different test ratios on IOS-APP-ZH. All values are percentages. Best results are shown
in bold, and second-best results are underlined.

Model
0.1 0.2 0.3 0.4 0.5

Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro

Encoder-based and hierarchical neural models
BERT 46.7 31.3 47.4 29.2 45.8 26.8 45.6 23.9 43.4 23.9
HTCInfoMax 71.1 24.6 70.7 26.8 70.5 27.0 71.6 28.0 69.8 26.2

Hierarchy-aware contrastive learning methods
HGCLR 47.4 29.2 44.7 29.4 46.2 27.6 45.5 27.0 42.3 25.9
HGCLR (title+abstract) 46.4 29.6 46.6 29.7 45.7 27.7 45.0 29.8 46.0 28.5
HILL 72.1 24.9 72.0 22.3 71.5 22.6 71.2 22.0 71.0 21.7
HILL (title+abstract) 72.8 24.8 72.3 25.5 71.3 21.2 70.9 21.3 70.8 20.7

Direct LLM prompting methods
ChatGPT-4o – – – – – – – – 37.4 27.1
DeepSeek-3.2 – – – – – – – – 39.6 32.7

TAXOAGENT 78.1 34.8 78.0 35.2 78.1 35.2 77.2 35.0 77.4 35.2
∆ over best prior ↑ 5.3 ↑ 3.5 ↑ 5.7 ↑ 5.5 ↑ 6.6 ↑ 7.5 ↑ 5.6 ↑ 5.2 ↑ 6.4 ↑ 2.5

the 32B model, indicating that larger LLMs provide
stronger semantic grounding and better taxonomy-
aware reasoning capacity.

C.3 Sensitivity to Semantic Reward Weight

The semantic reward in Eq. 8 balances parent-level
and child-level semantic penalties through α. We
vary α to examine how this balance affects perfor-
mance.

Table 10 shows that α = 0.25 performs best
overall. When α = 0, the reward relies only on
child-level semantic penalties and underuses coarse
taxonomy information. When α = 1, the reward
ignores fine-grained child-level semantic mismatch,
which hurts child-label discrimination. Intermedi-
ate values provide a better trade-off, suggesting
that parent-level semantics are useful as coarse con-
straints but should not dominate fine-grained deci-
sion learning.

C.4 Trajectory Correction Flow

The previous ablations show that multi-step trajec-
tory reasoning improves final classification accu-
racy and hierarchy consistency. We now ask a more
diagnostic question: where does the improvement
come from inside the trajectory? If the proposed
agentic formulation is effective, intermediate steps
should not merely rephrase the same prediction;
instead, they should actively correct wrong parent
decisions, remove invalid child labels, and recover
missing fine-grained labels.

Protocol. For each test example xi, we trace
label-level decision units throughout the multi-step
prediction trajectory. Let Ŷ (t)

i denote the interme-
diate prediction after stage t. We define the traced
decision-unit set as

Ui = Yi ∪
T⋃

t=0

Ŷ
(t)
i , (34)

where Yi is the ground-truth label set and T is the fi-
nal stage. Each unit u ∈ Ui is assigned a stage-wise
status z(t)i,u, such as correct hit, missing gold, near
false positive, cross-branch error, or hierarchy vi-
olation. We then visualize the transitions of these
statuses across five stages: initial decoding, parent
verification, child expansion, semantic checking,
and final output.

To quantify correction behavior, we define the
trajectory correction rate as

TCR = 100×

∑

i

∑

u∈Ui

I[z(0)i,u ∈ E0]

· I[z(T )
i,u ∈ RT ]∑

i

∑

u∈Ui

I[z(0)i,u ∈ E0]

+ ϵ

, (35)

where E0 contains initially problematic states, in-
cluding missing gold labels, near false positives,
cross-branch errors, and hierarchy violations. The
resolved setRT contains final states that are either
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Table 8: Robustness under different test ratios on Google-APP-EN. All values are percentages. Best results are
shown in bold, and second-best results are underlined.

Model
0.1 0.2 0.3 0.4 0.5

Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro

Encoder-based and hierarchical neural models
BERT 82.8 80.9 80.8 79.5 81.2 80.0 81.2 80.0 80.4 79.1
HTCInfoMax 82.5 58.1 82.1 57.3 82.0 57.1 71.6 28.0 81.3 56.4

Hierarchy-aware contrastive learning methods
HGCLR 54.6 59.1 54.9 59.4 56.3 61.8 53.7 59.5 53.6 59.0
HGCLR (title+abstract) 56.1 61.8 56.0 61.3 55.9 60.7 55.2 60.2 56.0 60.7
HILL 82.0 55.2 81.6 54.8 81.3 55.0 81.1 53.6 80.9 53.5
HILL (title+abstract) 82.6 55.4 82.2 56.3 82.0 55.2 81.7 55.0 81.6 54.8

Direct LLM prompting methods
ChatGPT-4o – – – – – – – – 73.4 70.2
DeepSeek-3.2 – – – – – – – – 75.8 73.1

TAXOAGENT 84.3 82.8 83.8 83.3 83.1 81.5 82.8 82.2 82.5 80.7
∆ over best prior ↑ 1.5 ↑ 1.9 ↑ 1.6 ↑ 3.8 ↑ 1.1 ↑ 1.5 ↑ 1.1 ↑ 2.2 ↑ 0.9 ↑ 1.6

Table 9: Effect of Qwen3 backbone size.

Backbone IOS-APP-ZH Google-APP-EN

Micro-F1 Macro-F1 Micro-F1 Macro-F1

Qwen3-0.6B 66.95 29.83 65.00 61.00
Qwen3-1.7B 68.93 32.07 78.00 76.00
Qwen3-4B 77.28 35.11 82.00 83.00
Qwen3-8B 73.99 33.06 81.00 78.00
Qwen3-14B 77.35 35.21 83.00 81.00
Qwen3-32B 78.34 37.02 83.00 83.00

Table 10: Sensitivity to the semantic reward mixing
coefficient α.

α
IOS-APP-ZH Google-APP-EN

Micro-F1 Macro-F1 Micro-F1 Macro-F1

0.00 75.38 33.02 74.00 69.00
0.05 77.09 34.23 80.00 78.00
0.25 77.35 35.21 83.00 81.00
0.50 77.01 35.18 82.00 80.00
0.75 76.02 34.07 79.00 77.00
0.95 76.01 33.78 78.00 75.00
1.00 75.28 33.29 76.00 77.00

correctly recovered or removed as false positives.
We also report a soft correction rate that addition-
ally treats benign near-miss errors as non-severe
outcomes.

Figure 6 shows clear evidence of step-wise cor-
rection. On IOS-APP-ZH, 70.2% of initially prob-
lematic decision units are strictly resolved by the
final stage, either by recovering the correct label

or by removing an invalid false positive. If be-
nign near-miss outcomes are also counted as non-
severe corrections, the soft correction rate rises to
86.6%. Similarly, on Google-APP-EN, TAXOA-
GENT strictly resolves 69.2% of initially problem-
atic units and reaches a soft correction rate of
86.9%. The child expansion stage recovers a sub-
stantial portion of missing gold labels, while the
semantic checking stage removes many near false
positives and hierarchy violations.

This analysis directly validates the role of multi-
step trajectory reasoning. The parent verification
stage mainly suppresses structurally invalid paths,
child expansion recovers fine-grained labels that
are missed by the initial decode, and semantic
checking converts many wrong predictions into
either removed false positives or benign near-miss
errors. Thus, the gains of TAXOAGENT are not
only caused by stronger final decoding; they arise
from an interpretable sequence of correction oper-
ations that progressively improves both semantic
accuracy and hierarchy validity.

C.5 Utility Margin for OOS Detection

Structured uncertainty for OOS rejection. The
OOS gains should reflect better structured uncer-
tainty rather than merely a better rejection thresh-
old. We compare the utility margin between the
best in-scope trajectory and the OOS rejection tra-
jectory, and further evaluate selective prediction
with risk-coverage curves; details are given in Ap-
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Figure 6: Alluvial visualization of the multi-step correction process in TAXOAGENT. Each ribbon represents a
population of label-level decision units flowing across five trajectory stages: initial decoding, parent verification,
child expansion, semantic checking, and final output. Green flows correspond to correct or recovered labels, blue
flows correspond to missing labels that are recovered, orange flows correspond to near-miss refinements, gray flows
correspond to false positives removed by verification, and red flows correspond to residual severe errors. Across
both datasets, a large fraction of initially problematic units are converted into either correct labels or removed false
positives, showing that the multi-step agent actively corrects predictions rather than merely producing a longer
explanation.

pendix B.6. Figure 7 shows that direct prompting
produces heavily overlapping in-scope and OOS
margins, while FCSLM improves separation but
still leaves substantial boundary ambiguity. In
contrast, TAXOAGENT shifts in-scope examples
toward positive margins and OOS examples to-
ward negative margins, while reducing density near
the decision boundary. Its consistently lower risk
across coverage levels indicates that the semantic
verifier, hierarchy reward, and trajectory coherence
reward jointly provide a more faithful uncertainty
signal for OOS rejection.

C.6 Same-Backbone Controlled Baselines and
Verifier-Only Alternatives

The main results compare TAXOAGENT with both
encoder-based hierarchical classifiers and LLM-
based prompting baselines. To isolate whether the
gains come from the proposed utility-aligned opti-
mization rather than from the backbone model it-
self, we conduct a same-backbone controlled com-
parison. All methods in this subsection use the
same Qwen3-14B base model, the same taxonomy
description, the same label vocabulary, and the
same decoding budget unless otherwise specified.

We compare seven variants. Raw directly
prompts Qwen3-14B to output parent and child
labels. SFT fine-tunes the model using the seri-
alized gold hierarchical labels. SFT+Projection
applies deterministic structural projection at in-
ference. SFT+Trajectory Prompt uses the

same parent–child–verification output format as
TAXOAGENT but without utility-based optimiza-
tion. SFT+Verifier Rerank samples four trajec-
tories and selects the one with the highest veri-
fier score, but does not update the policy with the
verifier signal. DPO constructs pairwise prefer-
ences from high- and low-utility trajectories and
optimizes the policy with a pairwise preference ob-
jective. TAXOAGENT is the full GRPO-based
method.

The controlled comparison confirms that the pro-
posed gains cannot be explained by the Qwen3-
14B backbone alone. SFT substantially improves
over raw prompting, but it still optimizes serial-
ized labels rather than structured hierarchical utility.
Structural projection slightly improves final valid-
ity but does not teach the raw policy to avoid invalid
trajectories, as reflected by the unchanged Raw-
HIR. Trajectory prompting and verifier reranking
provide additional gains, indicating that the pro-
posed decision format and verifier are both useful.
However, reranking remains an inference-time se-
lection strategy and does not internalize the utility
signal into the policy. DPO further improves per-
formance by learning from pairwise utility prefer-
ences, but TAXOAGENT performs best because
GRPO compares multiple trajectories for the same
input and directly reinforces relative utility under
the full composite reward. These results support
the necessity of utility-aligned policy optimization
rather than using the verifier only as a post-hoc
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Figure 7: Utility-margin and risk-coverage analysis on CLINC150. Positive margins favor in-scope classification,
while negative margins favor OOS rejection. TAXOAGENT achieves clearer IS/OOS separation and lower selective
risk, indicating better structured uncertainty. Protocol details are provided in Appendix B.6.

Table 11: Same-backbone controlled comparison on app-domain taxonomies. All variants use Qwen3-14B as
the base model. Raw-HIR is measured before structural projection, following the main paper. The results show
that verifier-only reranking and pairwise preference optimization improve over SFT, but the full GRPO-based
TAXOAGENT achieves the best accuracy and hierarchy consistency.

Method IOS-APP-ZH Google-APP-EN

Micro-F1 ↑ Macro-F1 ↑ Raw-HIR ↓ Micro-F1 ↑ Macro-F1 ↑ Raw-HIR ↓
Qwen3-14B Raw 31.38 25.02 10.2 68.00 66.00 12.1
Qwen3-14B + SFT 73.51 31.92 8.3 73.00 68.00 10.4
Qwen3-14B + SFT + Projection 73.89 32.18 8.3 73.55 68.42 10.4
Qwen3-14B + SFT + Trajectory Prompt 74.18 32.65 7.2 75.40 70.25 8.8
Qwen3-14B + SFT + Verifier Rerank 75.62 33.40 6.4 78.10 74.20 7.5
Qwen3-14B + DPO 76.41 34.36 5.9 80.10 78.40 6.8
TAXOAGENT 77.35 35.21 5.3 82.50 80.70 6.1

Table 12: Inference efficiency on IOS-APP-ZH. Latency
is measured in seconds per instance. Tokens denote the
average number of generated tokens per instance.

Model Latency Tokens

Qwen3-14B Raw 0.24 80
Qwen3-14B + RL 1.24 390
Qwen3-14B + PAP 1.14 370
Qwen3-14B + CAP 1.26 410
TAXOAGENT 1.27 630

filter.

C.7 Efficiency Analysis

We analyze training cost and inference overhead
on the IOS-APP-ZH dataset. Training is conducted
on 8 A100-80GB GPUs. The total training time
ranges from approximately 5 hours on IOS-APP-
ZH to more than 20 hours on Google-APP-EN. At
inference time, we deploy the model on a single
A100-80GB GPU.

As shown in Table 12, TAXOAGENT introduces
additional inference overhead compared with di-
rect raw decoding. This overhead comes mainly
from multi-step trajectory generation and semantic

verification. However, the increased token bud-
get is expected: the model explicitly reasons over
parent candidates, child candidates, hierarchy va-
lidity, and semantic alignment. In industrial app
classification, new app submissions are relatively
bounded in volume compared with high-throughput
online retrieval or ranking services. Therefore, the
improved classification quality and hierarchy reli-
ability can justify the additional offline inference
cost.

C.8 Label-Coverage and Empty-Prediction
Sanity Check

A potential concern is that hierarchy and semantic
rewards may over-favor overly conservative predic-
tions, because an empty or very small predicted
set can avoid hierarchy violations and semantic
mismatches. To rule out this degenerate behavior,
we report precision–recall decomposition, average
predicted child-label cardinality, and the empty-
prediction rate.

We compare three reward variants. No cover-
age uses only the original predicted-to-gold seman-
tic penalty. Hierarchy/Semantic-heavy increases
the weights of hierarchy and semantic terms with-
out the bidirectional coverage penalty, represent-
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Table 13: Label-coverage and empty-prediction sanity check. Avg. #Child denotes the average number of
predicted child labels per instance; GT #Child denotes the average number of gold child labels. Empty rate is the
percentage of instances for which no child label is predicted. The full reward maintains balanced precision and
recall, matches the gold label cardinality, and does not collapse to empty predictions.

Dataset Variant Micro-F1 ↑ Macro-F1 ↑ Child-P ↑ Child-R ↑ Avg. #Child GT #Child Empty Rate ↓ Raw-HIR ↓

IOS-APP-ZH
No coverage 77.05 34.80 76.2 75.1 1.09 1.17 0.42 5.1
Hierarchy/Semantic-heavy 76.42 33.95 79.1 70.3 0.96 1.17 1.31 4.9
Full 77.35 35.21 76.8 76.6 1.16 1.17 0.08 5.3

Google-APP-EN
No coverage 82.20 80.31 81.3 79.8 1.06 1.09 0.29 5.9
Hierarchy/Semantic-heavy 81.21 79.06 83.1 75.9 0.95 1.09 0.92 5.5
Full 82.50 80.70 81.6 81.2 1.09 1.09 0.05 6.1

ing a stress-test setting where conservative predic-
tion could be over-rewarded. Full is the default
TAXOAGENT reward with bidirectional semantic
coverage and outcome reward.

The hierarchy/semantic-heavy stress-test variant
obtains slightly lower Raw-HIR, but it does so by
reducing recall and predicting fewer child labels.
This confirms that hierarchy and semantic rewards
should not be used without an explicit coverage
signal. The full reward avoids this degeneracy: its
average predicted child-label cardinality closely
matches the gold cardinality, the empty-prediction
rate remains below 0.1%, and child-level preci-
sion and recall are balanced. Therefore, the final
gains of TAXOAGENT are not caused by under-
prediction or empty-label collapse.
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