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Abstract
Harmonized System (HS) code classification
is a hierarchically structured and regulation-
constrained task, often complicated by short
and noisy product descriptions. Misclassifi-
cation can lead to tariff misapplication, reg-
ulatory violations, or delayed customs clear-
ance; predictions therefore need to be both se-
mantically appropriate and hierarchically valid.
While large language models (LLMs) show
strong semantic understanding, their uncon-
strained generation is poorly aligned with these
requirements, often producing non-existent or
hierarchically inconsistent codes. We propose
HSGraphAgent, a knowledge-graph-guided
LLM framework that formulates HS classifica-
tion as a stepwise, regulation-aware reasoning
process over an explicit HS knowledge graph.
By encoding hierarchical containment relations
and regulatory exclusion rules, and enforcing
them through a Select–Redirect mechanism,
HSGraphAgent constrains inference to legally
valid paths while producing explicit and trace-
able reasoning trajectories. Experiments on
taxonomy-wide 4-digit and fine-grained 6-digit
HS benchmarks demonstrate consistent im-
provements over direct generation and retrieval-
augmented baselines, with particularly strong
gains in fine-grained and regulation-sensitive
classification settings.

1 Introduction

In contemporary trade systems, virtually all im-
port and export transactions require products to
be assigned Harmonized System (HS) codes as
part of mandatory customs declarations. Given
the sheer scale of national trade volumes, HS code
assignment constitutes a high-frequency and large-
scale decision process that directly affects customs
clearance, tariff application, regulatory compliance,
and trade statistics (World Customs Organization,
2022).

†These authors contributed equally.
*Corresponding author.

Despite the availability of large-scale historical
declaration data, HS classification in practice still
relies heavily on manual expertise (Chen et al.,
2021). The core limitation is that critical regu-
latory knowledge is rarely encoded in machine-
actionable form. This includes hierarchical con-
tainment logic and exclusion rules defined in tariff
notes. In real-world workflows, experts classify
products by traversing the HS hierarchy from top
to bottom. At each level, candidate categories are
validated against regulatory conditions, and deci-
sions are revised when exclusions apply. This rea-
soning process is difficult to automate, especially
when product descriptions are short, noisy, or non-
standardized.

Most automated approaches, including tradi-
tional machine learning and neural classifiers, treat
HS codes as flat or weakly structured labels at infer-
ence time (Ding et al., 2015; Altaheri and Shaalan,
2020). Retrieval-based and hierarchical models im-
prove semantic alignment but still lack mechanisms
to guarantee global path consistency or enforce reg-
ulatory exclusions during inference (Anggoro et al.,
2025).

Recent advances in large language models
(LLMs) offer strong semantic understanding of
unstructured product descriptions (Achiam et al.,
2023; Chang et al., 2024), making them appealing
for HS classification. However, standard LLM in-
ference relies on unconstrained generation over an
open output space, which does not naturally match
the rigid, regulation-constrained structure of the
HS system. In practice, LLMs may hallucinate
non-existent codes, skip hierarchy levels, or ignore
exclusion rules that are critical for legal compli-
ance.

A common strategy to mitigate these issues is
retrieval-augmented generation (RAG), which sup-
plies LLMs with relevant external documents at
inference time (Lewis et al., 2020; Fan et al., 2024).
While retrieval can improve semantic grounding
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and reduce hallucination, it does not impose ex-
plicit constraints on the reasoning process. As a
result, RAG-based approaches still operate over
locally retrieved candidates and cannot guarantee
global path consistency or enforce regulatory exclu-
sions during hierarchical decision making (Wang
et al., 2025). This limitation becomes particularly
pronounced in fine-grained classification, where
legally adjacent categories exhibit high semantic
similarity but differ in regulatory scope.

Progress toward structured and regulation-aware
HS classification is further limited by gaps in ex-
isting resources and evaluation. To the best of
our knowledge, publicly available HS resources
rarely provide a machine-readable representation
that jointly encodes hierarchical structure and ex-
plicit regulatory exclusion logic. As a result, most
existing approaches rely on implicit knowledge em-
bedded in model parameters or unstructured text,
limiting transparency and controllability. More-
over, commonly used datasets often cover only lim-
ited portions of the HS taxonomy or exhibit skewed
distributions across chapters (Du et al., 2021; Lee
et al., 2024), making them insufficient for evaluat-
ing hierarchical reasoning and fine-grained classifi-
cation performance.

To address these limitations, we propose HS-
GraphAgent1, a knowledge-graph-guided LLM
framework for hierarchical HS code classification.
Rather than directly generating HS codes, HS-
GraphAgent formulates the task as a constrained
graph traversal problem over an explicit HS knowl-
edge graph that encodes legal containment relations
and exclusion rules. An LLM performs stepwise,
top-down classification over the HS hierarchy, with
constraint checks applied at each level. The Select–
Redirect mechanism guides candidate selection and
triggers redirection when regulatory constraints are
violated, thereby enforcing hierarchical consistency
and reducing invalid predictions.

Our contributions are three-fold:
• HS Knowledge Graph with Explicit Con-

straints. We construct a machine-readable HS
knowledge graph that encodes hierarchical contain-
ment together with regulation-driven exclusion and
redirection rules, enabling auditable and constraint-
aware classification.
• Benchmarks for Hierarchical and

Constraint-Aware Reasoning. We intro-

1Dataset page: https://github.com/VoldeMordddddd/
HSBench.

duce a taxonomy-wide 4-digit benchmark and a
realistic 6-digit benchmark to evaluate hierarchical
consistency and reasoning under structural and
regulatory constraints.
• Graph-Guided LLM Inference via Select–

Redirect Reasoning. We propose a knowledge-
graph-guided LLM inference framework that en-
forces hierarchical validity and regulatory compli-
ance through a stepwise Select–Redirect mecha-
nism, producing valid and traceable decision paths.

The framework shows how explicit legal con-
straints can be enforced during LLM inference for
hierarchical classification tasks.

2 Related Work

Automatic HS code classification has been stud-
ied extensively in intelligent trade and customs
systems. The task is characterized by short and
noisy product descriptions and a legally defined
label space with strict hierarchical and regulatory
constraints.

Recent work has explored various mechanisms
for constraining the outputs of LLMs. These in-
clude constrained decoding (Geng et al., 2023),
schema-guided generation (Zhang et al., 2025),
and tool-augmented inference frameworks (Zhuang
et al., 2023). In parallel, knowledge graphs have
been integrated with LLMs to support structured
reasoning beyond unstructured text, such as graph-
augmented prompting and neuro-symbolic infer-
ence (Sun et al., 2024; Jiang et al., 2025). While
these approaches improve controllability or incor-
porate symbolic structure, they primarily focus on
output formatting, retrieval augmentation, or repre-
sentation fusion. Explicit modeling of constraint-
aware traversal over hierarchical decision spaces
during inference remains limited.

HS code classification has traditionally been ap-
proached as a large-scale text classification or deci-
sion support problem. Early studies relied on con-
ventional supervised models trained on historical
customs data (Singh and Sahu, 2004; Mukherjee
et al., 2008). Subsequent work introduced retrieval-
based methods and hierarchical modeling tech-
niques to improve semantic matching and consis-
tency across classification levels (Ding et al., 2015;
Spichakova and Haav, 2020; He et al., 2021). More
recent studies have explored structured knowledge
integration and LLM-based generation or reranking
strategies for HS classification (Sun et al., 2025;
Navasardyan, 2024; Koch and Power, 2025). De-
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Vehicles other than railway 
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Figure 1: Hierarchical structure of the international HS
code system, illustrating prefix-based top-down classifi-
cation under strict hierarchical constraints.

spite these advances, most existing methods lack
explicit and auditable inference processes that en-
force hierarchical path consistency and regulatory
exclusion logic, particularly in fine-grained classi-
fication settings (Lee et al., 2024).

Prior work has improved semantic modeling for
HS classification, but inference-time enforcement
of hierarchical and regulatory constraints remains
underexplored, especially in settings where invalid
classification paths incur significant operational
risk.

3 Methodology

We propose HSGraphAgent, a knowledge-graph-
guided LLM framework that formulates HS code
classification as a hierarchically constrained graph
reasoning problem. The framework integrates se-
mantic inference with explicit hierarchical and
regulatory constraints to enable stable and inter-
pretable classification.

3.1 Preliminary

Harmonized System. The Harmonized System
(HS) is an internationally standardized nomencla-
ture for classifying traded products, developed and
maintained by the World Customs Organization
(WCO) and adopted by over 200 countries and
economies. HS codes are organized as a strictly
hierarchical taxonomy, as shown in Figure 1.

Task definition. We model the HS system as a
directed graph

G = (V,Ec, Er), (1)

where V denotes the set of nodes corresponding
to valid HS entries. The edge set Ec represents
containment relations that define the hierarchical
structure of the HS taxonomy. The edge set Er

represents regulatory relations derived from tariff

notes, encoding condition-triggered exclusion or
redirection constraints. A regulatory relation is
defined as a triple (vi, ϕ, vj), which specifies that
products satisfying condition ϕ must not be classi-
fied under node vi and should instead be redirected
to node vj .

Given a product description x, the task is to iden-
tify a terminal node

v∗ ∈ Vd, d ∈ {4, 6}, (2)

corresponding to the target classification depth.
The selected node must be reachable from the root
via containment relations, satisfy all applicable reg-
ulatory constraints, and be semantically consistent
with x. Equivalently, HS classification is formu-
lated as the problem of finding a top-down path
in G that is both semantically valid and compliant
with hierarchical and regulatory constraints.

3.2 Overview
Figure 2 provides an overview of HSGraphAgent,
which formulates HS code classification as a hierar-
chical, regulation-aware reasoning process over an
explicit knowledge graph. Given a product descrip-
tion, the framework predicts an HS code together
with a traceable reasoning path, rather than produc-
ing a single-shot label prediction.

HSGraphAgent consists of two tightly coupled
components. First, we construct an explicit HS
knowledge graph that encodes both the legally de-
fined hierarchical structure of the HS system and
regulatory exclusion or redirection rules derived
from tariff notes. This graph defines the valid de-
cision space for classification and serves as the
structural backbone for inference.

Second, classification is performed via graph-
guided reasoning over the constructed knowledge
graph. An LLM agent traverses the HS hierarchy in
a top-down manner, selecting candidate nodes un-
der hierarchical constraints and validating each de-
cision against regulatory rules. A Select–Redirect
loop enforces constraint-aware traversal by correct-
ing invalid decisions at inference time and guiding
the reasoning process toward a compliant terminal
node at the target depth.

3.3 HS Knowledge Graph Construction
We construct an HS knowledge graph that com-
bines the HS taxonomy with regulatory exclusion
and redirection rules, providing the constrained
decision space used by HSGraphAgent during in-
ference.
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Figure 2: HSGraphAgent framework for hierarchical and regulation-aware HS code classification.
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Figure 3: Illustration of the constructed HS knowledge
graph.

Data sources. The HS knowledge graph is con-
structed from authoritative regulatory sources. We
use official documentation released by the WCO
to obtain the globally harmonized HS hierarchy
and associated legal notes. To capture fine-grained
exclusion rules, we additionally incorporate the
China Import and Export Tariff Schedule, which
provides detailed explanatory texts at the subhead-
ing level. Although tariff schedules may include
jurisdiction-specific extensions, the graph construc-
tion process is modular and allows such rules to
be incorporated without modifying the underlying
hierarchical structure.

Extraction pipeline. Regulatory knowledge is
not manually authored rule by rule. Instead, we
use an LLM-assisted extraction pipeline to con-
vert official tariff texts into machine-readable graph
elements. For each note or explanatory passage,

the pipeline identifies the relevant HS node, ex-
tracts inclusion or exclusion conditions, maps redi-
rected targets when applicable, and normalizes the
result into containment or regulatory edges. The
extracted structures are then checked against the
official HS hierarchy to ensure that node identifiers
and redirection targets are legally valid before be-
ing added to the graph. This design reduces manual
authoring effort and makes the graph construction
process easier to reproduce and extend to new tariff
documents.

Hierarchical modeling. We encode the HS tax-
onomy as a directed, multi-level graph that follows
the legally defined top-down hierarchy from coarse
to fine categories. Each node represents a valid
HS entry and is associated with its code, official
name, and descriptive text extracted from tariff
notes. Directed containment edges capture parent–
child relationships across levels, forming a tree-
structured backbone rooted at the global HS root.
This hierarchical backbone constrains all reasoning
trajectories to legally valid classification paths and
prevents invalid jumps across levels during infer-
ence.

Regulatory exclusion and redirection mod-
eling. Beyond hierarchical containment, the HS
system specifies exclusion and redirection rules
through tariff notes, which we encode as directed
regulatory edges in the knowledge graph. These
edges represent condition-triggered constraints in-
dicating that products satisfying certain criteria
must not be classified under a given node, but
should instead be redirected to a legally valid alter-
native.
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Table 1: Structural statistics of the constructed HS
knowledge graph. “Contains” and “Excludes” denote
the average numbers of containment and exclusion
edges per node, respectively.

Node Type #Nodes Contains Excludes

Section 22 4.41 3.14
Chapter 97 12.67 5.53
Heading 1231 4.56 4.47
Subheading 5615 2.13 0.00

As illustrated in Figure 3, although Chapter 03
(Fish and crustaceans) is hierarchically compatible
with products described as “fish,” tariff notes ex-
clude processed fish products and redirect them to
Chapter 16 (Preparations of meat or fish). Such
constraints cannot be inferred from semantic sim-
ilarity or hierarchical proximity alone. Explicitly
modeling regulatory exclusion and redirection is
therefore essential for preventing locally plausible
but legally invalid classification paths during infer-
ence.

Graph summarization. To support consistent
step-wise reasoning, we attach concise semantic
summaries to graph nodes. These summaries en-
code inclusion scope and exclusion criteria derived
from tariff notes, providing a compact representa-
tion of containment semantics. Summaries are gen-
erated offline and used as auxiliary context during
inference, enabling the model to evaluate candidate
nodes under hierarchical and regulatory constraints
without accessing raw tariff texts.

Table 1 summarizes the topology of the con-
structed HS knowledge graph across hierarchical
levels. Chapters have the highest average contain-
ment and exclusion connectivity, reflecting their
role in separating broad product categories before
downstream classification. Headings concentrate
much of the exclusion logic, with nearly as many
exclusion edges as containment edges on aver-
age, indicating that medium-grained decisions are
where semantic similarity alone is most likely to
conflict with regulatory scope. By contrast, sub-
headings behave as terminal leaves with no exclu-
sion edges and a low average degree, which is con-
sistent with their role as fine-grained endpoints in
official HS documentation. Overall, this distribu-
tion shows that exclusion rules are primarily de-
fined at higher levels of the hierarchy, while lower
levels mainly refine legally valid paths that have
already been established upstream.

Select Policy 
Given:

• product description 𝑥
• current node 𝑣 and candidate children 
{𝑐!, . . , 𝑐"}

• node summaries (offline)
Decide:

• next child node 𝑐∗
• maximize semantic relevance under 

hierarchical constraints

Select–Redirect Constraint-Aware Reasoning Loop

Redirect Policy
If:

• functional conflict / scope mismatch
• regulatory exclusion or redirection rule 

triggered
Then:

• reject current selection
• redirect to compliant node

Node
𝒗

Child
𝑐!

Child
𝑐"

Child
𝑐#

... Child
𝒄∗

Select
Hierarchical Path Selection

Redirect
Constraint Enforcement

Invalid 
Selection

Compliant 
Selection 

Constraint Violation Detected

Continue Hierarchical Traversal

redirect current path

Figure 4: The Select–Redirect reasoning loop of HS-
GraphAgent.

3.4 Graph-Guided Constraint-Aware
Reasoning

HSGraphAgent formulates HS code classification
as a constrained sequential decision process over an
explicit HS knowledge graph. Rather than directly
generating a terminal HS code, the agent incremen-
tally constructs a classification path by traversing
the HS hierarchy from the root to the target depth.
At each step, decisions are jointly governed by se-
mantic relevance, hierarchical validity, and explicit
regulatory constraints, ensuring that inference re-
mains aligned with the legal structure of the HS
system.

Formally, given a product description x and an
HS knowledge graph G = (V,Ec, Er), inference
proceeds as a path construction process

π = (v0, v1, . . . , vt), (3)

where v0 denotes the root node of the HS hier-
archy and each transition (vi, vi+1) ∈ Ec follows
a legally defined containment relation. The objec-
tive is to identify a terminal node vt at the desired
classification depth such that the resulting path π is
semantically consistent with the input description
x and does not violate any regulatory constraints
encoded in Er. This formulation explicitly models
HS classification as a hierarchical reasoning prob-
lem with inference-time constraint enforcement.

To operationalize this process, HSGraphAgent
employs an iterative Select–Redirect reasoning
loop that tightly couples LLM inference with struc-
tured constraint checking. Unlike flat prediction or
unconstrained decoding, this loop enforces hierar-
chical and regulatory validity during the reasoning
process itself, rather than relying on post hoc vali-
dation.
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Select policy (hierarchically constrained selec-
tion). At a current node vi along the partial path
π0:i, the agent considers the set of candidate child
nodes

C(vi) = {c | (vi, c) ∈ Ec}. (4)

The LLM is prompted with (i) the product de-
scription x, (ii) the current reasoning path π0:i, and
(iii) concise semantic summaries of nodes in C(vi).
Conditioned on this information, the model selects
the next node

vi+1 = arg max
c∈C(vi)

p(c | x, π0:i), (5)

where the probability is implicitly represented
by the model’s preference under the constrained
candidate set. Crucially, the selection space is re-
stricted to locally valid child nodes defined by the
HS hierarchy, preventing invalid jumps across lev-
els and ensuring that all intermediate decisions re-
spect the legally defined top-down structure. When
no candidate child yields a sufficiently plausible
continuation, the agent may return to the previous
valid node and resume traversal from a higher level.
This fallback is treated as a controlled backtracking
operation rather than unconstrained path revision.

Redirect policy (regulatory constraint en-
forcement). After a candidate node vi+1 is se-
lected, HSGraphAgent evaluates whether the ex-
tended path π0:i+1 violates any regulatory con-
straints encoded in Er. Each regulatory edge
(v, ϕ, u) ∈ Er specifies a condition ϕ under which
classification under node v is legally invalid and
must be redirected to node u. If the current se-
lection triggers such a violation, the agent rejects
vi+1 and performs a redirection by updating the
reasoning path to a compliant alternative.

Redirection operates at the path level rather than
the node level. This allows the agent to recover
from locally plausible but globally invalid deci-
sions, preventing irreversible error propagation that
commonly arises in greedy or unconstrained step-
wise traversal. By explicitly encoding regulatory
logic in the graph and enforcing it during inference,
HSGraphAgent ensures that all accepted paths re-
main legally valid. If neither direct continuation
nor redirection yields a compliant next step, the
agent falls back to the previous valid node and con-
tinues reasoning from that point.

Iterative reasoning and termination. The
Select–Redirect loop is repeated as the agent tra-
verses the HS hierarchy from coarse-grained to

Algorithm 1 Select–Redirect Reasoning in HS-
GraphAgent

Require: Product description x, HS graph G =
(V,Ec, Er), target depth d

1: Initialize v ← v0 (root), path π ← [v]
2: while depth(v) < d do
3: C ← {c | (v, c) ∈ Ec}
4: c∗ ← LLM_Select(x, π, C)
5: if c∗ = BACKTRACK then
6: v ← Parent(v)
7: else if violates_regulation(π ∪ {c∗}, Er)

then
8: v ← RedirectOrBacktrack(π, c∗, Er)
9: else

10: v ← c∗

11: Append v to π
return terminal node v and reasoning path π

fine-grained levels. Reasoning terminates when
either (i) the target classification depth is reached,
or (ii) no further compliant expansion is possible
under the regulatory constraints. The final output
consists of the terminal HS code together with the
complete reasoning path π, providing an explicit
and auditable account of the classification decision.

4 Experiments

We evaluate HSGraphAgent on hierarchical HS
code classification at different levels of granularity
under a zero-shot setting. The experiments com-
pare HSGraphAgent with representative LLM and
retrieval-augmented baselines, focusing on how
performance changes with classification depth and
inference-time constraint enforcement.

4.1 Experimental Setup

4.1.1 Datasets
We construct two datasets for hierarchical HS code
classification at different levels of granularity. Both
datasets are derived from real-world product de-
scriptions and manually verified to ensure consis-
tency with official HS definitions.

1) 4-digit HS Code Full-Coverage Dataset
(1,231 instances). This dataset provides full
coverage of all 4-digit HS codes at the heading
level. Product descriptions are collected from user
queries and general product descriptions and are
typically short and loosely structured. This setting
reflects a common medium-grained classification
scenario, where inputs contain limited technical
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detail and the goal is to identify the correct tariff
heading.

2) 6-digit HS Code Test Dataset (450 in-
stances). This dataset consists of a representative
subset of 6-digit HS codes. Product descriptions
are closer to actual customs declarations and typi-
cally include discriminative attributes such as us-
age, material composition, and processing charac-
teristics. This dataset evaluates fine-grained classi-
fication under stricter hierarchical and regulatory
constraints.

4.1.2 Compared Methods
We compare HSGraphAgent with the following
baselines.
• Only LLM. The language model directly gen-

erates HS codes from product descriptions without
access to explicit hierarchical structure or regula-
tory constraints.
• RAG-Name. A retrieval-augmented baseline

that retrieves HS entries using vector embeddings
constructed from code–name pairs.
• RAG-Window. A retrieval-augmented base-

line that extends name embeddings with windowed
descriptive texts. Text is segmented using a sliding
window of 400 tokens with a stride of 50.
• HSGraphAgent (Ours). A graph-guided hi-

erarchical reasoning framework that performs con-
strained top-down traversal over an explicit HS
knowledge graph. The framework enforces hierar-
chical and regulatory constraints during inference
using a Select–Redirect reasoning loop.

All methods operate under a zero-shot setting
and use comparable textual information. They dif-
fer only in whether hierarchical and regulatory con-
straints are explicitly enforced during inference.
We focus on the zero-shot setting to isolate the
effect of inference-time structural constraint en-
forcement.

4.1.3 Evaluation Metrics and Protocols
All models are evaluated in the same zero-shot
setting. For retrieval-based methods, we use the
bge-base-zh-v1.5 embedding model and retrieve
the top-10 most relevant text chunks per query. Per-
formance is measured using hierarchical Top-1 ac-
curacy at the HS-2, HS-4, and HS-6 levels. A
prediction is considered correct at a given level if
the corresponding HS prefix matches the ground
truth.

Qwen2.5-32B is deployed locally on a server
equipped with two NVIDIA A100-PCIE GPUs,

each with 40GB of memory. The system uses 20
vCPUs based on Intel Xeon (Skylake, IBRS) pro-
cessors and 144GB of system memory. All infer-
ence experiments are conducted under identical
hardware conditions.

4.2 Performance Comparison
We evaluate HSGraphAgent across four represen-
tative LLM backbones with varying reasoning ca-
pacities: DeepSeek-V3.2-685B (Liu et al., 2025),
Kimi-K2-1T (Team et al., 2025), GPT-OSS-120B
(Agarwal et al., 2025), and Qwen2.5-32B (Qwen
et al., 2025).

Table 2 reports hierarchical Top-1 accuracy at
the HS-2, HS-4, and HS-6 levels on both the 4-digit
and 6-digit datasets. Several consistent patterns
emerge across models and inference strategies.

Retrieval-based methods work well at
medium granularity but saturate at finer levels.
On the 4-digit dataset, both RAG-Name and RAG-
Window consistently outperform direct generation
across all backbones. Medium-grained heading
identification can often be resolved through local
semantic similarity. Despite higher accuracy at the
HS-2 and HS-4 levels, retrieval-based methods
show limited gains at HS-6. This suggests that
fine-grained classification increasingly depends on
global hierarchical consistency, rather than local
semantic matching alone.

The effectiveness of retrieval is strongly modu-
lated by the reasoning capacity of the backbone
LLM. For models with weaker intrinsic reasoning
abilities, such as GPT-OSS-120B and Qwen2.5-
32B, retrieval yields large improvements over di-
rect generation but plateaus once relevant candi-
dates are retrieved. In contrast, stronger backbones
such as Kimi-K2-1T and DeepSeek-V3.2-685B are
better able to exploit retrieved context, achieving
higher overall accuracy. Nevertheless, even with
these models, retrieval alone remains insufficient to
ensure consistent improvements at the HS-6 level,
highlighting the limitation of retrieval-based ap-
proaches in enforcing global hierarchical validity.

HSGraphAgent consistently achieves the
strongest fine-grained performance by enforc-
ing hierarchical and regulatory constraints dur-
ing inference. Across all backbone models, HS-
GraphAgent attains the highest HS-6 accuracy,
with substantial absolute improvements over the
strongest retrieval-based baseline. Specifically,
HSGraphAgent improves HS-6 accuracy by 18.0
points on DeepSeek-V3.2-685B (0.902 vs. 0.722),
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Table 2: Hierarchical Top-1 accuracy on the 4-digit and 6-digit HS code datasets across different backbone LLMs.
Best results within each model block are highlighted in bold.

Model Method
4-digit Dataset 6-digit Dataset

HS-2 HS-4 HS-2 HS-4 HS-6

DeepSeek-V3.2-685B

Only LLM 0.928 0.791 0.934 0.802 0.489
RAG-Name 0.936 0.891 0.902 0.827 0.702
RAG-Window 0.958 0.918 0.907 0.833 0.722
HSGraphAgent 0.973 0.969 0.965 0.940 0.902

Kimi-K2-1T

Only LLM 0.936 0.819 0.938 0.844 0.553
RAG-Name 0.957 0.890 0.927 0.867 0.758
RAG-Window 0.958 0.908 0.938 0.896 0.789
HSGraphAgent 0.949 0.920 0.962 0.942 0.909

GPT-OSS-120B

Only LLM 0.761 0.198 0.722 0.309 0.076
RAG-Name 0.911 0.860 0.851 0.782 0.669
RAG-Window 0.938 0.885 0.900 0.804 0.696
HSGraphAgent 0.901 0.818 0.911 0.862 0.789

Qwen2.5-32B

Only LLM 0.726 0.200 0.645 0.266 0.038
RAG-Name 0.927 0.860 0.842 0.784 0.658
RAG-Window 0.940 0.882 0.864 0.778 0.676
HSGraphAgent 0.894 0.859 0.896 0.860 0.778

12.0 points on Kimi-K2-1T (0.909 vs. 0.789), 9.3
points on GPT-OSS-120B (0.789 vs. 0.696), and
10.2 points on Qwen2.5-32B (0.778 vs. 0.676).
These gains persist even for strong backbone mod-
els, indicating that the improvements stem from
inference-time enforcement of hierarchical and reg-
ulatory constraints rather than increased model ca-
pacity alone.

Overall, these results demonstrate that while re-
trieval provides strong local semantic signals, it
cannot guarantee global structural coherence. Ex-
plicit integration of hierarchical structure and reg-
ulatory constraints into the inference process is
essential for robust and legally compliant HS code
classification, especially in fine-grained settings.

4.3 Efficiency Analysis

Table 3 further compares predictive performance
and inference cost under a shared DeepSeek-V3.2-
685B backbone. The results indicate that inference
cost should be considered together with the reliabil-
ity required by the task. Retrieval-based methods
improve accuracy over direct generation with only
modest increases in latency and token consump-
tion, making them attractive when response cost
is the primary concern. Compared with the best
retrieval baseline, HSGraphAgent improves 6-digit
accuracy from 0.72 to 0.90 while increasing latency
from 8.68 s to 24.97 s. In HS code classification,

such gains are important because an incorrect fine-
grained code can affect tariff treatment, compliance
review, and downstream regulatory decisions. This
pattern indicates that the additional inference cost
is most justified when reliable fine-grained classifi-
cation is required.

4.4 Ablation Study

We conduct ablation experiments using DeepSeek-
V3.2-685B as the backbone LLM to assess the
contribution of key components in HSGraphAgent.
Specifically, we isolate the effects of (i) global
structural awareness and (ii) regulatory constraint
enforcement within the Select–Redirect reasoning
framework.

We evaluate two ablated variants: (1) w/o Redi-
rect, which disables regulatory redirection and al-
lows unconstrained step-wise traversal; and (2) w/o
Abstract, which removes global graph summaries
and restricts reasoning to local node-level informa-
tion.

Table 4 reports the ablation results. Removing ei-
ther component leads to a clear performance degra-
dation, with the most pronounced effects observed
at finer-grained levels.

Impact of regulatory redirection. Disabling
the Redirect mechanism results in a substantial
drop in HS-6 accuracy. Once an invalid hierarchical
path is selected, unconstrained step-wise reasoning
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Table 3: Accuracy–efficiency comparison on DeepSeek-V3.2-685B. Accuracy is reported at HS-4 for the 4-digit
dataset and HS-6 for the 6-digit dataset.

Method
4-digit Dataset 6-digit Dataset

Acc Latency (s) Tokens Acc Latency (s) Tokens

Only LLM 0.79 7.27 403 0.49 10.49 584
RAG-Name 0.89 8.34 631 0.70 9.10 682
RAG-Window 0.92 8.15 1195 0.72 8.68 1041
HSGraphAgent 0.97 19.25 8277 0.90 24.97 7702

Table 4: Ablation results of HSGraphAgent on hierar-
chical HS code classification.

Method
4-digit Dataset 6-digit Dataset

HS-2 HS-4 HS-2 HS-4 HS-6

w/o Redirect 0.839 0.797 0.776 0.729 0.669
w/o Abstract 0.858 0.797 0.831 0.747 0.698
Full 0.973 0.969 0.965 0.940 0.902

cannot recover, leading to irreversible downstream
errors. This confirms that corrective redirection is
essential for enforcing regulatory compliance and
maintaining path validity during inference.

Impact of global graph summarization. Re-
moving global summaries primarily affects HS-4
and HS-6 performance. Without a high-level struc-
tural overview, the model struggles to maintain
awareness of its position within the HS hierarchy,
resulting in suboptimal candidate selection even
when local semantic cues are available.

5 Conclusion

We presented HSGraphAgent, a knowledge-graph-
guided LLM framework for hierarchical HS code
classification under strict regulatory constraints. By
formulating classification as a stepwise, constraint-
aware traversal over an explicit HS knowledge
graph, the proposed approach aligns LLM infer-
ence with the legal structure of the HS system
rather than relying on post hoc validation or re-
trieval alone. Empirical results on 4-digit and 6-
digit benchmarks show that enforcing hierarchical
and regulatory constraints during inference yields
more stable and accurate predictions, especially in
fine-grained and regulation-sensitive settings where
retrieval-based methods show limited fine-grained
gains.

The same design may also apply to other hierar-
chical classification tasks where legal or procedural
rules must be enforced during inference.

6 Limitations

HSGraphAgent is designed for classification sys-
tems governed by explicit hierarchical taxonomies
and regulation-based exclusion rules. While the
Harmonized System provides a globally standard-
ized structure up to the 6-digit level, jurisdiction-
specific extensions and interpretive notes beyond
that level may vary across customs systems. In our
current instantiation, the hierarchical backbone fol-
lows the globally shared WCO standard, while fine-
grained regulatory annotations are derived from the
China Import and Export Tariff Schedule. As a
result, transferring the framework to other national
systems such as US HTS or EU CN would mainly
require replacing or augmenting the local regula-
tory layer, rather than redesigning the underlying
reasoning framework.

In addition, regulatory relations are derived from
natural-language tariff documents. The complete-
ness and specificity of such rules are uneven across
HS categories, which may affect the degree of con-
straint enforcement achievable for certain products.
This limitation reflects the variability of regulatory
documentation rather than a property of the reason-
ing framework itself.

Finally, graph-guided reasoning involves multi-
step traversal over the HS hierarchy, which
introduces additional inference cost compared
with single-pass generation or retrieval-based ap-
proaches. This trade-off is inherent to enforcing
hierarchical and regulatory consistency during in-
ference. Future work may explore efficiency op-
timizations and adaptive reasoning strategies to
support large-scale or time-sensitive deployment
scenarios.
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A Prompt Templates

For reproducibility, we include polished versions
of the two prompts used in the online reasoning
loop. Unlike the shortened sketches in the main
text, the templates below closely match the produc-
tion prompts instantiated during inference, while
replacing runtime values with placeholders.

Selection prompt. This prompt is called at every
hierarchy level to select the next-hop node from the
current node’s valid Contains children. Its main
role is to enforce local, level-wise decisions un-
der the candidate set C(vi) defined in Section 3.4.
Accordingly, the prompt normally permits selec-
tion only among valid child nodes of the current
node, while also allowing a controlled return to the
previous node when no child yields a defensible
continuation.

You are an experienced customs HS classification
expert. Your task is to traverse the HS knowl-
edge graph level by level according to the product
description.

Product description: [PROD-
UCT_DESCRIPTION]

Visited path: [CURRENT_PATH]

Current node: [CURRENT_NODE_NAME]
([CURRENT_NODE_ID])

Candidate child nodes under the current Contains
relation: [CHILD_OPTIONS]

Instructions:

1. Select exactly one next-hop node from the can-
didate child nodes listed above. The selected node
must be one of the provided candidates, unless
you determine that none of them can plausibly ex-
tend the current path and a return to the previous
node is necessary.

2. Base the decision on the product description,
the current reasoning path, and the node sum-
maries. Prefer the child node whose scope is most
semantically consistent with the product while
remaining compatible with the top-down HS hier-
archy.

3. Do not jump across levels or propose nodes out-
side the candidate set. If the current node cannot
be extended by any listed child node after careful
comparison, you may return to the immediately
previous node in the visited path by outputting its
node ID.

4. Backtracking is a last-resort action. Use it only
when all listed child nodes are clearly incompati-
ble with the product or would lead to an unstable
continuation.

5. Regulatory exclusion and redirection are han-
dled in a later step. At this stage, focus on either
selecting the locally valid child node that best ex-
tends the current path or returning to the previous
valid node.

6. The output must be an HTML fragment in
the following format, and the node ID must not
contain periods:

<reason>brief reasoning</reason>

<select>NODE_ID</select>

7. Do not output anything else.

At runtime, each candidate in
[CHILD_OPTIONS] is expanded as:

code:"NODE_ID" | name:"NODE_NAME"
Summary: [NODE_SUMMARY]

Redirect prompt. This prompt is triggered
when the current node has outgoing exclusion or
redirection rules. Its purpose is to implement the
regulatory correction step described in Section 3.4,
namely deciding whether the currently extended
path should be kept or redirected to a compliant
alternative.

Product description: [PROD-
UCT_DESCRIPTION]

Current node: [CURRENT_NODE_NAME]
([CURRENT_NODE_ID])

Visited path: [CURRENT_PATH]

According to the redirect rules, determine whether
the path should be redirected. Candidate options:
[REDIRECT_OPTIONS]

If the current path remains legally valid, output
none.

Rules:

1. Evaluate whether the current path violates any
exclusion or redirection condition associated with
the current node. Redirect only when a listed rule
is clearly triggered by the product description.

2. The decision should consider the product’s
essential characteristics, including function, mate-
rial, processing state, and other attributes explic-
itly mentioned in the rule text or node summary.

3. If redirection is required, select one target
node from the listed redirect options only. Do
not invent a new destination outside the provided
options.

4. Redirection operates as a path-level correction
step. If no listed rule invalidates the current path,
keep the current path and output none.

5. If all listed redirection targets would still leave
the path non-compliant or clearly unsuitable, you
may fall back to the immediately previous node
in the visited path by outputting that node ID.

6. Consider the visited path to avoid repeated
redirection loops. Do not redirect to a target that
would recreate an already rejected path.

7. The output must follow the format below:

<reason>brief reason</reason>

<redirect>NODE_ID/none</redirect>

8. Do not output anything else.

At runtime, each candidate in
[REDIRECT_OPTIONS] is expanded as:
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Redirect to TARGET_NODE_ID | TARGET_NODE_NAME
Condition: [REDIRECT_CONDITION]
Summary: [TARGET_NODE_SUMMARY]

In implementation, the selection prompt is re-
sponsible for locally constrained child-node selec-
tion with limited backtracking, whereas the redi-
rect prompt is responsible for rule-triggered path
correction and fallback when no compliant redirec-
tion remains. This separation matches the Select–
Redirect mechanism illustrated in Figure 4 and
Algorithm 1.

44773


