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Abstract—Tax code prediction is a crucial yet underexplored
task in automating invoicing and compliance management for
large-scale e-commerce platforms. Each product must be ac-
curately mapped to a node within a multi-level taxonomic
hierarchy defined by national standards, where errors lead to
financial inconsistencies and regulatory risks. This paper presents
Taxon, a semantically aligned and expert-guided framework for
hierarchical tax code prediction. Taxon integrates (i) a feature-
gating mixture-of-experts architecture that adaptively routes
multi-modal features across taxonomy levels, and (ii) a semantic
consistency model distilled from large language models acting as
domain experts to verify alignment between product titles and of-
ficial tax definitions. To address noisy supervision in real business
records, we design a multi-source training pipeline that combines
curated tax databases, invoice validation logs, and merchant
registration data to provide both structural and semantic super-
vision. Extensive experiments on the proprietary TaxCode dataset
and public benchmarks demonstrate that Taxon achieves state-
of-the-art performance, outperforming strong baselines. Further,
an additional full hierarchical paths reconstruction procedure
significantly improves structural consistency, yielding the highest
overall F1 scores. Taxon has been deployed in production within
Alibaba’s tax service system, handling an average of over 500,000
tax code queries per day and reaching peak volumes above five
million requests during business event with improved accuracy,
interpretability, and robustness.

I. INTRODUCTION

Modern e-commerce platforms in China process millions of
transactions daily, each requiring the correct assignment of a
tax code for invoicing and regulatory compliance. This task,
known as hierarchical tax code prediction, maps a product–
represented by metadata such as title, category, and attributes–
to a specific code within a tree taxonomy defined by the State
Taxation Administration. With up to ten hierarchical levels
and over four thousand leaf categories, manual classification
is both costly and error-prone, while errors directly cause
financial discrepancies or compliance violations.

A. Background

Tax code prediction is embedded within a complex commer-
cial and regulatory ecosystem that connects merchants, con-
sumers, and tax authorities. As shown in Fig. 1, this ecosystem
spans two major operational scenarios: business-to-customer
(B2C) and business-to-business (B2B), together covering the
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Fig. 1: An illustration of tax code prediction in e-commerce.

end-to-end workflow on large e-commerce platforms. In both
scenarios, each product or transaction follows a standardized
pipeline of product publication, tax code query, validation, and
invoice issuance. These business flows motivate our design
by revealing where automation can most effectively reduce
manual workload and improve consistency. The following
subsections detail the B2C and B2B scenarios.

a) B2C Scenario: The B2C operations encompass a
variety of online services that support customers’ daily needs,
ranging from retail (e.g., Tmall) and traveling (e.g., Fliggy)
to fresh food (e.g., Freshippo), digital content (e.g., Youku),
and local services (e.g., Ele.me). In these settings, tax code
assignment occurs during the product publish phase, when
third-party merchants register new items on the platform.
Each item must be associated with a valid tax code before it
can go online. To assist merchants, traditionally, the platform
performs a three-stage progressive query against the internal
tax code database organized as key-value pairs: (i) query by
product title (e.g., “Fully Automatic Washing Machine 3 L”);
(ii) if no match is found, fall back to product category (e.g.,
“Home Appliances”); and (iii) if still unmatched, a tax code
must be selected manually from a list provided in the merchant
console. Once a code is identified at any stage, it is returned
to the merchant for confirmation and recorded in the listing.



b) B2B Scenario: In contrast, the B2B branch of the
ecosystem handles internal transactions. The platform itself
serves as a buyer or service provider for scenarios such as
supplier management, asset procurement, and enterprise SaaS.
Here, tax code assignment is performed internally rather than
by external merchants. When a business transaction occurs, the
system proceeds to the invoice validation process, mirroring
the same three-step query pipeline used in B2C. If the retrieved
code is valid and consistent with the record, the transaction
proceeds automatically to invoice issuance and approval. Oth-
erwise, any absent or inconsistent code triggers an amendment
step handled by in-house tax experts before final approval.
This closed-loop workflow, as shown in Fig. 1, ensures that
both B2C and B2B channels maintain traceable and auditable
tax code assignments with minimal human intervention and
compliant with official regulations.

B. Motivation

However, maintaining and validating tax codes across large
business operations remains challenging and error-prone. The
tax code database is curated manually and periodically updated
whenever new products or categories emerge. This process is
labor-intensive and often inconsistent, especially when product
metadata is incomplete or ambiguous. Such inconsistencies
propagate to erroneous code assignments, leading to financial
discrepancies and compliance risks. As a result, reliance on
human experts limits efficiency, accuracy, and scalability in
high-volume e-commerce operations.

These issues motivate the need for an automated hierarchical
tax code prediction system that can assist merchants and
internal auditors in assigning codes accurately and consistently
from product metadata. However, automatic prediction intro-
duces additional challenges stemming from the hierarchical
and heterogeneous nature of real-world data:

• High-dimensional, incomplete features. The model must
integrate textual and structured modalities–titles, cate-
gories, prices, and organizational attributes–despite miss-
ing or unreliable fields that violate the clean-text assump-
tion of traditional classifiers.

• Deep and large label hierarchy. The official taxonomy
spans up to ten levels and over four thousand leaf nodes.
Flat classifiers ignoring parent-child constraints accu-
mulate cascading errors. Effective models must exploit
hierarchical dependencies to prune irrelevant subtrees and
maintain valid paths.

• Semantic ambiguity and label relationships. Many tax
codes have overlapping meanings or “other” categories
that differ only by fine-grained material or functional
nuances. Capturing sibling and parent-child relations is
essential to avoid inconsistent predictions.

• Noisy and inconsistent supervision. Historical records
contain human and procedural inconsistencies, and long-
tail imbalance amplifies noise. The model must remain
robust through confidence calibration, hierarchy-aware
losses, and semantic validation.

C. Proposal

Tax code prediction faces the same hierarchical and seman-
tic complexities that make manual maintenance difficult. It
can be formulated as a problem of hierarchical text classi-
fication (HTC), where each product is mapped to a node in
a multi-level taxonomy defined by the Goods and Services
Tax Classification Catalogue [1]. Like the Harmonized System
(HS) used in customs and trade, it demands learning fine-
grained category boundaries that respect strict parent-child
dependencies and semantic constraints.

Earlier works on tax or HS code prediction relied on
conventional text classifiers [2]–[4]. Although they automated
parts of the process, these models remained fragile in practice:
errors accumulated along deeper hierarchy levels, semantic
inconsistencies with official definitions persisted under noisy
supervision, and their interpretability for business auditing was
limited. They also struggled to adapt to heterogeneous data
sources, hindering scalability in enterprise systems.

To address these limitations, we propose Taxon for hi-
erarchical tax code prediction. Taxon integrates structural
reasoning, semantic alignment, and data robustness through
three complementary components:

• Hierarchical feature-gating mixture-of-experts (MoE)
architecture that captures multi-level dependencies and
adaptively routes features across taxonomy levels to
maintain logical path consistency;

• Semantic consistency-assisted prediction guided by
large language models (LLMs) acting as domain experts,
which distill semantic alignment between product titles
and official tax definitions through expert judgments;

• Multi-source training pipeline integrating over eight
million business records to provide diverse and reliable
supervision, effectively mitigating noise and handling
incomplete product metadata.

In contrast to traditional HTC approaches, Taxon explicitly
bridges taxonomic structure, semantic meaning, and real-world
business workflows, forming a unified architecture that is both
interpretable and robust. Deployed within Alibaba’s enterprise
tax service system, Taxon now processes more than one
million tax code queries per day across multiple business units,
achieving high accuracy, scalability, and transparency under
real operational conditions.

Our preliminary analyses further reveal that the primary
source of classification errors lies not in misidentifying the
correct leaf category but in violating the hierarchical structure
that connects intermediate nodes. In other words, residual
errors mainly arise from structural inconsistency along the
predicted path rather than semantic misunderstanding at the
leaf level. This observation highlights a common limitation
of existing HTC methods, which often entangle structural and
semantic errors within a single objective. Motivated by this, we
explicitly decouple the two aspects: (i) maximizing semantic
precision at the leaf level, and (ii) designing an independent
mechanism, “RePath” (reconstructing path from leaf), to
ensure structural consistency of the predicted hierarchy.



D. Contribution and Organization

This work makes the following key contributions:
1) We formalize the end-to-end workflow of hierarchical

tax code prediction across both B2C and B2B opera-
tions, clarifying how automated inference integrates with
expert validation to ensure compliance and consistency
in real business processes.

2) We present Taxon, a semantically aligned and expert-
guided hierarchical prediction framework that unifies
hierarchical feature-gating and LLM-assisted semantic
supervision within a single, end-to-end system.

3) We design an LLM-distilled semantic labeling pipeline
that bridges structured tax definitions and unstructured
product text, enabling robust supervision even under
noisy or incomplete annotations.

4) We demonstrate large-scale industrial deployment and
comprehensive evaluation across internal and public
benchmarks, showing consistent gains over strong hi-
erarchical and semantic baselines and validating the
system’s reliability in daily production environments.

The remainder of this paper is organized as follows: Sec. II
presents our framework and training pipeline; Sec. III reports
the experimental evaluation; Sec. IV reviews related work; and
Sec. V concludes our work.

II. METHODOLOGY

Hierarchical tax code prediction maps a product to a node
in a multi-level taxonomy, requiring both structural validity
and semantic correctness. We address this with a framework
that couples a hierarchical feature-gating MoE for multi-level
prediction with LLM-guided semantic consistency supervision
to align product descriptions with official tax definitions.

A. Framework Overview

We formulate tax code prediction as a hierarchical multi-
feature classification problem that leverages product informa-
tion and structured business metadata. The framework com-
prises (i) a text encoder that captures the semantic features of
product titles and categories, and (ii) a hierarchical feature-
gating mixture-of-experts (MoE) classifier that predicts the
most appropriate tax code at each level of the taxonomy.

As shown in Fig. 2, the system processes the input features
in a bottom-up manner, where product titles, categories, and
other relevant attributes are first encoded into latent represen-
tations. These features are then routed to specialized experts
through a gating mechanism, which adaptively assigns them
to the most relevant experts based on feature semantics. The
final tax code is determined by aggregating predictions from
the experts at various levels of the hierarchy.

During inference, the system prioritizes leaf-level predic-
tions with the highest confidence. If no valid leaf-level pre-
diction is found, the model selects the deepest node along
the predicted path with the highest confidence score. This
approach ensures that the output respects the hierarchical
structure of the tax code while maintaining robustness across
varying levels of granularity.
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Fig. 2: Overview of the proposed framework. The system
processes both textual and structured features through a hi-
erarchical MoE to predict tax codes at multiple levels.

a) Input Features: The framework takes as input both
unstructured and structured product information. The primary
textual inputs are the product title and category name, which
describe the product’s key attributes. These are complemented
by structured business metadata, including the business unit
(BU) code, organization unit (OU) code, and system code
(e.g., “TD”, “HP6”, and “TM 3C”). Although these structured
identifiers carry little inherent semantics, they provide useful
contextual cues that distinguish product distributions across
business units. Additional features such as category property
values (CPVs)–for example, “hard disk type” for computers
or “material” for furniture–can also be incorporated when
available to enrich the input space.

b) Feature Encoding: The textual features (title and
category) are processed through a pre-trained text encoder
such as BERT [5], TextCNN [6], or XLNet [7], which captures
contextual semantics in a latent representation. Structured
features are mapped to learnable embeddings and represented
as one-hot vectors to preserve their categorical distinctions.
The encoded text representation and structured embeddings
are concatenated into a unified feature vector, forming a
comprehensive representation of each product that combines
semantic meaning with business context.

c) Hierarchical Feature-Gating MoE: The concatenated
feature vector serves as the input to a hierarchy of feature-
gating MoE modules, where each module corresponds to
one level in the tax code taxonomy. Given that the official
taxonomy contains ten levels, we deploy ten MoE modules
in parallel, each contains eight experts and is responsible
for predicting labels within its respective level. Each ex-
pert specializes in a subset of product types or hierarchical
levels, enabling the overall model to capture level-specific
dependencies while maintaining scalability across a large label
space. The gating network of each MoE is trained to generate
routing weights from the structured one-hot features and
produces a softmax distribution over experts, guiding the input
representation toward the most relevant ones. All expert and
gate parameters are initialized with Xavier initialization, and
optimized end-to-end via backpropagation.



d) Final Prediction: Since the hierarchical MoE pro-
duces multiple predictions across taxonomy levels, a selection
strategy is applied to determine the final output. The frame-
work first prioritizes leaf-level predictions with the highest
confidence, as leaf nodes represent the most specific tax codes.
If no confident leaf prediction exists, the model selects the
deepest valid node along the predicted path with the highest
probability score. This strategy ensures that the final output
adheres to the hierarchical taxonomy, maintaining logical path
consistency while preserving robustness against uncertain or
incomplete predictions.

B. Hierarchical-Semantic Training
Our framework adopts an training paradigm that optimizes

two complementary objectives: hierarchical classification and
semantic consistency. As illustrated in Fig. 3, it couples a
hierarchical feature-gating MoE with an LLM-guided semantic
alignment branch in a multi-task pipeline. The hierarchical
component captures dependencies across taxonomy levels to
preserve structural integrity, while the semantic branch en-
forces alignment between product descriptions and tax defini-
tions through expert-derived signals. In this process, a large
language model acts as a distiller of domain knowledge,
translating its reasoning into lightweight, task-specific super-
vision. By judging whether each product title matches its tax
code definition, the LLM provides domain-grounded feedback
distilled into a compact Semantic LLM, enabling efficient and
continual learning of hierarchical-semantic consistency.
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Fig. 3: Overview of the training workflow, integrating hi-
erarchical feature-gating MoE with LLM-assisted semantic
consistency. The multi-stage pipeline ensures robust learning
across the tax code hierarchy.

On the left side of Fig. 3, the hierarchical feature-gating
MoE models dependencies across taxonomy levels. During
training, the gating network learns routing weights from one-
hot business metadata (e.g., product category and system
codes), directing each input to the most relevant experts.
Each expert specializes in a subset of levels and produces
predictions for its assigned scope. The model minimizes a
hierarchical classification loss across all levels to preserve the
overall structural consistency of the tax code hierarchy.

On the right side of Fig. 3, the semantic alignment branch
enforces consistency between product titles and official tax
code definitions. A title and its assigned tax code are fed into
a semantic encoder: one branch encodes the definition into
a reference embedding, while the other projects the product
representation into a predicted embedding. Their divergence
defines the semantic consistency loss, guiding towards taxo-
nomically valid and semantically coherent predictions.

The total loss combines the hierarchical classification and
semantic consistency terms, ensuring that the model jointly
captures structural accuracy and semantic validity. Training
proceeds through backpropagation with tunable weights bal-
ancing the two objectives. The following subsection details the
loss formulation, dataset construction, and training pipeline,
including the semantic LLM distillation process that transfers
expert-level judgments into lightweight supervision for large-
scale learning.

1) Hierarchical Classification Loss: Given an input x with
ground-truth N -level labels y = {y1, y2, . . . , yN}, the frame-
work produces predictions ŷi at each level i ∈ {1, 2, . . . , N}
of the tax code hierarchy (N = 10 in our case). Each level is
supervised with a cross-entropy loss [8]:

Li = cross entropy(ŷi, yi). (1)

Among the N levels, one corresponds to the leaf node,
which provides the most fine-grained supervision. The overall
hierarchical classification loss is computed as a weighted sum
of all intermediate-level losses and the leaf-level loss:

Lc = ωc

N−1∑
Li + (1− ωc)Lleaf , (2)

where the weight ωc ∈ [0, 1] controls the relative importance
of intermediate versus leaf-level supervision. This formulation
allows the model to propagate structural information through-
out the taxonomy while maintaining precision at the leaf level,
preventing error accumulation across deeper hierarchy layers.

2) Auxiliary Semantic Consistency Loss: To align model
predictions with the semantic meaning of official tax code
definitions, we introduce an auxiliary task that enforces se-
mantic consistency. For each class label yi, let d(yi) denote
its official description in the tax code catalogue. A semantic
encoder converts the pair yi, d(yi) into a latent representation,
producing a reference semantic label z. In parallel, the encoded
product title is projected into a predicted semantic label ẑ by
a lightweight linear layer. The loss is then defined as:

Ls = cross entropy(ẑ, z), (3)

This auxiliary supervision encourages predictions that are
semantically consistent with expert-verified tax code defini-
tions, thereby reducing misclassifications caused by surface-
level textual similarity or ambiguous descriptions. The two
objectives are combined into the total training loss:

L = ωsLc + (1− ωs)Ls, (4)

where the weight ωs ∈ [0, 1] balance the contribution of
structural and semantic learning.



3) Dataset Construction: To support large-scale training,
we construct four internal datasets that together reflect the full
tax code workflow illustrated in Fig. 1. Each dataset corre-
sponds to a distinct stage in the product-to-invoice life cycle,
covering both B2C and B2B operations. Tab. I summarizes
their sources and cardinalities:

TABLE I: Internal datasets used for model training.

Source Dataset Samples

Tmall Supermarket Stock Goods Registry 702,869
Business Event Records Knowledge Base 198,010
Invoice Validation Records Validation Record 331,195
Domestic Output Invoice Pool Invoice Archive 7,400,210

• Goods Registry. Collected from in-stock records of the
Tmall Supermarket. When merchants register products on
the e-commerce platform, the system logs aligned pairs of
(product title, tax code) or (product category, tax code). It
captures the merchant-facing process of code assignment.

• Knowledge Base. This manually curated repository is
maintained by tax experts and periodically updated during
business events. Whenever a product with a new title
or category appears without an existing match, experts
validate and insert the corresponding tax code entry.

• Validation Record. Extracted from the invoice validation
process, this dataset contains manual correction cases
where automatically retrieved codes failed validation.
These samples provide valuable supervision signals for
identifying hard or ambiguous examples.

• Invoice Archive. Collected from internal aggregated and
de-identified invoice dataset that includes validated codes.

To ensure data integrity, all datasets undergo strict de-
duplication based on normalized product titles and tax code
identifiers before partitioning into training, validation, and
test splits. Together, these corpora provide comprehensive
coverage of both B2C and B2B operations, forming a robust
foundation for hierarchical and semantic supervision.

4) Training Pipeline: To maximize data quality and training
efficiency, we design a four-stage pipeline that integrates
dataset cleansing, semantic labeling, and joint optimization.
This process transforms the raw internal data into a high-
quality corpus suitable for hierarchical and semantic super-
vision. The overall workflow is illustrated in Fig. 4.

a) Stage 1 - Dataset Cleansing: Starting from an 8M-
sample raw internal set, we perform intra-category clustering
and rule-based filtering to remove mislabeled, duplicated, or
inconsistent entries, yielding a 682,207-sample cleansed set.

b) Stage 2 - Development Set Construction: A prelimi-
nary hierarchical MoE model is trained on the cleansed set
to assess prediction confidence. Among 670,013 correctly
predicted samples, fewer than 3% fall below a confidence
threshold of 0.9 (see Fig. 5). To balance easy and hard
cases, we randomly sample 5% of high-confidence positives
and retain all low-confidence or incorrect samples, forming a
64,030-entry development set that supports semantic labeling
and model evaluation as shown in Tab. II.
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Fig. 4: Four-stage data processing and training pipeline.
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Fig. 5: Log-scale Cumulative distribution of prediction confi-
dence for correctly predicted samples. Only 2.88% of predic-
tions fall below 0.9 confidence, motivating balanced sampling.

TABLE II: Composition of the development dataset stratified
by prediction correctness and confidence.

Type Samples Sampling Selected Consistency

P ≥ 0.9 650,713 5% 32,536
Y: 72.3%
N: 21.5%
-: 6.2%

P < 0.9 19,300 100% 19,300 Y: 59.6%

Incorrect 12,194 100% 12,194 N: 38.2%
-: 2.2%

Total 682,207 64,030 – –

c) Stage 3 - Semantic Labeling: Entries in the develop-
ment set are annotated with semantic consistency judgments



using Qwen-Max [9], a LLM acting as a domain expert. We
prompt it with structured JSON-based instructions to judge
whether each product title aligns with the definition of its
assigned tax code. Each annotation outputs one of three labels:
Y (consistent), N (inconsistent), or - (uncertain), together with
a brief rationale. These labels provide supervision for distilling
a lightweight semantic judgment model that mimics the LLM
during large-scale training. Specifically:

1) First, we provide the model with a role hint that con-
strains it to act as a professional tax expert. The role hint
specifies the task of verifying whether the product title
aligns with the official tax code definition, as shown
in Fig. 6. This helps the model focus on semantic
consistency within the tax domain.

Role
You are a tax expert specializing in determining the correct
classification of goods based on official tax code taxonomy. Your
task is to judge whether a given product title has been correctly
assigned to a tax code category according to the definition.

Fig. 6: Role hinting the model to act as a tax expert and
defines the task of semantic consistency judgement.

2) Next, we specify detailed structured requirements in
JSON format that define both the input and output
schemas. These schemas include field meanings and
labeling rules, ensuring consistency in the labeling pro-
cess, as shown in Fig. 7.

3) Finally, we append three input-output examples as few-
shot demonstrations to help guide the model’s reasoning
process, as shown in Fig. 8. For clarity, only one
example is presented here, though the model is provided
with multiple instances during training.

Although the prompts are issued in Chinese to match our
data, we present English versions for readability. The resulting
judgments are summarized in the “Consistency” column of
Tab. II and distilled into the semantic judgment model used
in large-scale training.

d) Stage 4 - Final Consistency-Assisted Training: The
distilled semantic model is applied to the cleansed corpus
to generate consistency signals for all entries, producing a
consistency-assisted training set. The final hierarchical MoE
model is then trained with the combined objectives of hierar-
chical classification and semantic consistency (as defined in
Sec. II-B). This joint optimization enforces both structural
fidelity to the taxonomic hierarchy and semantic alignment
with official definitions, resulting in a robust and interpretable
tax code predictor.

C. Business Integration
Fig. 9 illustrates the real-world deployment of Taxon within

Alibaba’s ecosystem, forming a closed loop from data collec-
tion and semantic distillation to real-time tax code prediction
and validation in production. Offline platforms handle data
processing and model preparation, while online platforms host
the deployed service, enabling millions of daily tax code
queries from the invoice system.

Requirement
1.The input is a JSON string in the format:
{

“goods_name”: “xxx”,
“tax_code”: “xxx”,
“tax_code_definition”: {

“tax_code”: “xxx”,
“tax_code_name”: “xxx”,
“tax_code_desc”: “xxx”

}
}
where goods_name is the product title, tax_code is the assigned
tax code, and tax_code_definition contains the detailed
definition of the category.

2.You must decide whether the product title (goods_name) is
consistent with the definition of the assigned tax code
(tax_code_definition).

3.The output must be a single JSON string in the format:
{

“is_consistency”: “Y/N/-”,
“reason”: “xxx”

}
No additional explanations should be provided.

4.In the output, is_consistency indicates whether the product’s tax
code assignment is consistent with the definition:
- Y = consistent,
- N = inconsistent,
- - = cannot be determined.
Only these three values are allowed.

5.In the output, the reason field should briefly explain the
judgment in no more than 30 words.

Fig. 7: Structured requirements specifying input/output
schemas, including field meanings and labeling rules,
guiding the model’s annotation process

Example
Input:
{

“goods_name”: “Maternity shorts, summer wear, suit-style wide-leg
shorts, petite casual five-point leggings, maternity clothing
summer collection, black, 3XL (recommended 150-1)”,
“tax_code”: “1040201990000000000”,
“tax_code_definition”: {

“tax_code”: “1040201990000000000”,
“tax_code_name”: “Other clothing”,
“tax_code_desc”: “”

}
}
Output:
{

“is_consistency”: “Y”,
“reason”: “Maternity shorts are semantically consistent with
other clothing’s constraints, classification is correct.”

}

Fig. 8: A few-shot example demonstrating the desired
input-output behavior for semantic consistency judg-
ment. This example helps guide the model’s reasoning.

1) Offline Training: We train Taxon on the full 8M-sample
corpus using a single NVIDIA V100 GPU, and end-to-end
training takes about 3 days and 20 hours. The offline pipeline
consists of four stages across internal AI and data platforms:

1) MaxCompute Platform deduplicates and normalizes in-
voice issuance records and tax audit logs to construct
the 8M internal dataset described in Sec. II-B.

2) Bailian LLM Platform provides Qwen-Max inference
APIs; a confidence-based strategy selects hard examples
for consistency labeling.

3) PAI Platform (Platform of Artificial Intelligence) dis-
tills Qwen-Max annotations into a lightweight semantic
model for corpus-wide semantic labeling.

4) Nebula Distribution Training Platform enables multi-
node, multi-GPU distributed training for large-scale op-
timization.
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Fig. 9: Integration of the proposed framework into Alibaba’s
enterprise tax service ecosystem.

2) Online Serving: Trained checkpoints are uploaded to the
Nebula Model Object Storage (MOS) Platform for unified ver-
sion and metric management. The best-performing model on
the validation set is released as the production model, Taxon. It
is deployed via the Elastic Algorithm Service (EAS) Platform,
which encapsulates Taxon as a scalable API for real-time
tax code prediction in both product publishing and invoicing
workflows. When a request arrives from the Invoice System–
the group-wide invoicing center–the EAS service performs
prediction and validation, returning results to the pipeline. The
deployed system supports high concurrency and low latency,
sustaining about 30 queries per second with an average end-to-
end response time of about 90 ms handling over 500K requests
daily and peaking above 5M during major business events.

This integration forms a continuous improvement loop:
newly issued invoices and expert-corrected samples are peri-
odically fed back into MaxCompute for incremental retraining,
allowing Taxon to evolve with changing tax regulations and
product catalogs while maintaining accuracy, interpretability,
and compliance. Tax code catalogues evolve over time, but
updates are typically infrequent (often on a yearly cadence).
When changes occur, we refresh the internal knowledge base
and retrain the model using newly issued invoices and expert-
corrected samples under the updated rules, ensuring Taxon
stays compliant as regulations and product catalogs evolve.

III. EXPERIMENTS

We conduct experiments to evaluate the effectiveness, gen-
erality, and robustness of Taxon. Specifically, we examine: (i)
whether expert-guided semantic supervision improves accu-
racy across taxonomic depths; (ii) the contribution of each
architectural component; and (iii) how Taxon compares with
state-of-the-art hierarchical and label-semantic-aware base-
lines under realistic business data conditions. We evaluate
on both proprietary and public datasets spanning diverse
domains and hierarchy complexities. Unless otherwise stated,
all models use identical data splits and optimization settings.
We report results at both path- and leaf-level granularities,
followed by ablations and error analyses to quantify the impact
of semantic alignment and hierarchical modeling.

A. Datasets

We conduct experiments on two datasets with distinct lan-
guage and domain characteristics to demonstrate the versatility
of our approach: TaxCode (our proprietary dataset) and Web
of Science (WOS) [10], as summarized in Tab. III. We exclude
other widely used hierarchical text classification datasets such
as Reuters Corpus Volume I (RCV1) [11] and The New
York Times Annotated Corpus (NYT) [12], because they are
inherently multi-label, where each sample may correspond to
multiple intermediate or leaf nodes, whereas our formulation
assumes a single root-to-leaf path per instance.

TABLE III: Datasets for main and ablation experiments.

Dataset Language Level Samples Split

TaxCode (Ours) Chinese 10 852,758
Train.: 545,765
Val.: 136,441
Test.: 170,551

WOS English 2 46,985
Train.: 30,070
Val.: 7,518
Test.: 9,397

The TaxCode dataset is a proprietary large-scale Chinese
corpus derived from e-commerce tax classification records,
corresponding to the cleansed set introduced in Fig. 4. It
reflects realistic product and service labeling governed by
national tax regulations, covering diverse categories such as
groceries, electronics, and logistics services. After multi-stage
filtering and de-duplication, the dataset comprises 852,758
instances labeled under a ten-level hierarchical taxonomy
aligned with the Goods and Services Tax Classification Cata-
logue [1]. Each sample contains a product title, its hierarchical
tax path, and structured metadata (e.g., BU and OU codes),
providing supervision for structural and semantic modeling.

The Web of Science (WOS) dataset [10] is a widely adopted
English benchmark for hierarchical text classification. It con-
sists of 46,985 research paper abstracts organized into a two-
level taxonomy of scientific disciplines. We include this dataset
to assess cross-lingual and cross-domain generalization. Un-
like TaxCode, WOS contains well-formed textual inputs and
shallow hierarchies, making it a complementary test bed for
evaluating model robustness beyond noisy business data.



For both datasets, we partition them into training, validation,
and test sets in a 64/16/20 ratio to ensure balance across
hierarchy levels, as summarized in the “Split” column of
Tab. III. In the main experiments, we randomly sample 5%
of the datasets for training, validation, and testing. For the
ablation experiments, we use the entire dataset to ensure
comprehensive evaluation.

B. Metrics

We evaluate model performance using both macro and micro
F1 scores at two granularities: path level and leaf level. Metrics
are derived by measuring the overlap between the predicted
and true label sets along the path:

Precision =
|ŷ ∩ y|
|ŷ|

, Recall =
|ŷ ∩ y|
|y|

,

F1 =
2× Precision× Recall

Precision + Recall
.

(5)

Macro F1 measures the average performance across all
categories. Specifically, we first compute precision, recall, and
F1 for each label and then average the scores across all 4,482
categories. In contrast, micro F1 aggregates all predictions and
computes a single score over the entire set of samples. The
two perspectives jointly reflect both per-category robustness
and overall predictive accuracy.

a) Path-Level Evaluation: At the path level, we treat
each root-to-node path as a sequence of labels. We compare
the predicted path ŷ with the ground-truth path y and compute
F1 from the overlap of their label sets. Following the practice
in prior hierarchical text classification work [13], correctness
is evaluated per node along the path rather than requiring all
ancestors to match, reflecting how well the model captures
taxonomy structure across depths.

b) Leaf-Level Evaluation: At the leaf level, we focus on
end-task correctness which evaluates whether the final pre-
diction matches the correct tax code, since taxation decisions
operate at the most specific level. For samples with partial
annotations due to incomplete metadata, we treat the deepest
annotated node as the effective leaf label. If a prediction stops
early (e.g., due to low confidence), the farthest predicted node
is used as the effective leaf prediction. We compute F1 over
these effective leaf labels to quantify end-task correctness.

C. Baselines

We compare Taxon with representative hierarchical base-
lines including HGCLR [13], HPT [14], HILL [15], Hy-
ILR [16], and LH-Mix [17]. HGCLR and HILL are
contrastive-learning approaches that incorporate hierarchy-
aware objectives; HPT is a prompt-tuning method that
aligns HTC with masked language modeling; HyILR models
instance-specific local hierarchical relations with hyperbolic
geometry; and LH-Mix improves hierarchical prompt tuning
via local-hierarchy-guided Mixup. All methods are trained and
evaluated on the same data splits with identical evaluation
metrics, and we tune hyperparameters on the validation set.

We do not include a direct LLM in-context learning base-
line, because the label space contains over 4,000 leaf tax
codes and the hierarchy is up to ten levels deep, making naı̈ve
“choose-from-all-labels” prompting impractical; retrieval- aug-
mented prompting would introduce a retriever whose recall
and engineering choices materially affect end-to-end accuracy.

D. Main Results

We evaluate our proposed framework on both public and
internal business domain datasets to assess its generality
and practical effectiveness. The experiments are designed to
answer three key questions: (i) whether our expert-guided
knowledge distillation improves prediction accuracy across
domains and taxonomic depths; (ii) how semantic alignment
and hierarchy modeling contribute to overall performance; and
(iii) how our approach compares with existing hierarchy-aware
and label-semantic-aware baselines under realistic data scales.
We report the main quantitative results on two representative
datasets, followed by detailed ablation and analysis studies.

Tab. IV reports the main results on the TaxCode dataset
at both path-level and leaf-level granularities. Among the
compared methods, our proposed Taxon framework achieves
the overall best performance, with the underlined values
representing the highest results without the final row. Com-
pared the baselines, Taxon consistently yields higher macro-
and micro-level F1 scores, demonstrating the effectiveness of
our semantically consistent and expert-guided framework in
handling large hierarchical label spaces.

TABLE IV: F1 across different methods on TaxCode dataset.

Method Path (%) Leaf (%)

Macro Micro Macro Micro

HGCLR [13] 80.53 90.18 62.32 77.81
HPT [14] 73.13 85.09 40.71 62.79
HILL [15] 80.78 89.78 61.65 77.50
HyILR [16] 75.88 87.88 54.02 71.22
LH-Mix [17] 79.84 89.24 63.73 76.49
Taxon 85.06 89.22 78.30 87.06
Taxon + RePath 89.37 93.16 78.30 87.06

However, the path-level micro F1 of Taxon (89.22) is
slightly lower than HILL (89.78) and LH-Mix (89.24). Ex-
amination of misclassified cases shows that this gap mainly
stems from path inconsistency rather than leaf errors–for
instance, the model may predict the correct leaf but include
an extra intermediate node. This indicates that while leaf
predictions are accurate, independent layer-wise classifiers can
occasionally yield redundant or invalid path nodes.

To address this issue, we conduct an additional experiment
that reconstructs the hierarchical path directly from the pre-
dicted leaf node, following the corresponding ancestor chain
in the taxonomy. We denote this variant as “Taxon + RePath”.
As shown in the last row of Tab. IV, this simple post-
processing step substantially improves the path-level macro
and micro F1 scores to 89.37 and 93.16, respectively, while
maintaining identical leaf-level results. The consistent gain



confirms that most residual path errors originate from internal-
node inconsistencies rather than semantic misunderstanding at
the leaf level. By leveraging the more reliable leaf predictions
to reconstruct a coherent root-to-leaf path, the RePath proce-
dure effectively enhances the overall structural correctness of
hierarchical predictions.

To further analyze model behavior across different levels of
label hierarchy, we follow the statistics proposed in [16] and
evaluate performance with respect to path complexity, which
reflects the depth of the hierarchical path defined by a specific
tax code. This analysis provides additional insight into how
each model handles short versus long classification paths. All
test samples fall within path depths from 2 to 6, with 11, 17,
176, 2730, and 477 instances respectively for each depth.

At the path level (Fig. 10), both macro and micro F1 scores
of Taxon remain consistently higher than those of all base-
lines across all depths, demonstrating superior stability and
robustness when predicting at varying path complexities. No-
tably, all methods exhibit similar performance trends as path
complexity increases, suggesting that deeper and structurally
richer taxonomies remain more challenging for hierarchical
prediction models.
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Fig. 10: Model performance at different levels of path com-
plexity. Bars indicate the number of test samples at each depth.

At the leaf level (Fig. 11), Taxon shows slightly lower macro
F1 than LH-Mix and HILL at depth 2, and lower micro F1

than LH-Mix and HILL at depth 6, but surpasses all other
baselines at the remaining depths. Notably, at depth 5 where
the majority of samples reside, Taxon achieves the highest
macro and micro F1 among all methods.
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Fig. 11: Model performance at different levels of path com-
plexity. Bars indicate the number of test samples at each depth.

Beyond the proprietary TaxCode dataset, we further evaluate
our framework on the public WOS benchmark to examine
Taxon’s generalization capability under a shallower two-level
hierarchy. The results are reported in Tab. V, where we present
both Taxon and Taxon + RePath for consistency with the pre-
vious experiment. Since the WOS taxonomy contains only two
levels, the RePath correction provides negligible improvement,
as reflected by the identical scores at the first two decimal
places. Nonetheless, Taxon achieves strong performance across
all metrics, recording 86.74 macro F1 and 93.67 micro F1 at
the path level, and 86.06 macro F1 and 87.68 micro F1 at the
leaf level. Our proposed method surpasses or matches state-of-
the-art baselines such as HGCLR, HILL, and LH-Mix. These
results confirm that Taxon generalizes effectively beyond the
tax domain and remains competitive even without domain-
specific semantic supervision.

TABLE V: F1 across different methods on WOS dataset.

Method Path (%) Leaf (%)

Macro Micro Macro Micro

HGCLR [13] 86.89 91.23 85.84 88.08
HPT [14] 86.40 90.70 85.34 87.63
HILL [15] 86.19 90.68 85.40 87.77
HyILR [16] 86.22 90.74 85.07 87.56
LH-Mix [17] 86.08 90.35 85.14 87.24
Taxon 86.74 93.67 86.06 87.68
Taxon + RePath 86.74 93.67 86.06 87.68



E. Ablation Study

To systematically assess the contribution of each component
in our proposed framework, we design a progressive series
of ablation experiments. Starting from a minimal setup that
combines a text encoder with a linear classification head, we
incrementally integrate additional modules to evaluate their
individual effects:

1) Text encoder backbone;
2) Category name feature fusion;
3) Feature-gating MoE substitution;
4) Hierarchical supervision;
5) Semantic consistency auxiliary task.
This stepwise design allows us to isolate where each en-

hancement contributes most to performance improvements.
1) Text Encoder Choice: We begin by comparing differ-

ent text encoders to identify the most effective backbone
for representing product descriptions. Experiments are con-
ducted on the Goods Registry dataset from the Tmall su-
permarket stock. As shown in Tab. VI, transformer-based
encoders significantly outperform the convolutional base-
line. Among them, BERT achieves the highest accuracy
(93.28%), slightly ahead of XLNet (93.21%), and clearly
surpassing TextCNN (91.26%). This demonstrates that con-
textualized representations from pre-trained language models

TABLE VI: Comparison of text
encoders on Goods Registry.

Model Accuracy

TextCNN 91.26%
XLNet 93.21%
BERT 93.28%

capture the nuanced seman-
tics in short and noisy prod-
uct titles more effectively
than shallow convolutional
encoders. Based on this re-
sult, BERT is selected as the
major encoder in all subse-
quent ablation studies.

2) Category Name Fusion: We then inspect whether incor-
porating structured business features can enhance classification
accuracy. Since most business attributes (e.g., business unit or
organization unit codes) lack intrinsic semantics, we focus on
the category name as the only semantically meaningful feature.
This feature is integrated into the model in one-hot or textual
forms. To ensure that the effectiveness of the category feature
is not confined to a single backbone, the one-hot variant is
applied to all three encoders (TextCNN, XLNet, and BERT),
while the textual variant is evaluated only on BERT–the best-
performing text encoder from the previous study.

As shown in Tab. VII, incorporating the category name in
one-hot form consistently improves performance across all en-
coders and datasets, demonstrating that structured categorical
context complements other input signals such as BU/OU codes
and product titles. By comparing the configurations with one-
hot category names, we can again confirm that BERT remains
the most effective backbone under our experimental setup.
Furthermore, substituting the one-hot encoding with a textual
form yields additional gains (e.g., from 90.05% to 90.64% on
the multi-source setting). These results suggest that embedding
category names facilitates stronger alignment between input
features and tax code labels.

TABLE VII: Comparison of category name fusion strategies.

Configuration Goods Validation Invoice Multi-Source
Registry Record Archive (All Three)

TextCNN + One-Hot 96.16% 88.51% 85.80% 86.77%
XLNet + One-Hot 94.32% 89.71% 89.45% 89.89%
BERT + One-Hot 94.48% 89.91% 89.60% 90.05%
BERT + Textual 96.61% 91.54% 90.04% 90.64%

3) Classifier Choice: Building on the previous setup with
BERT and fused category features, we further replace the lin-
ear classification head with our proposed feature-gating MoE
layer. This module dynamically routes feature representations
to specialized expert submodules based on feature semantics,
enabling more adaptive decision boundaries that better capture
the complex relationships between different feature types.

As shown in Tab. VIII, the feature-gating MoE classi-
fier consistently outperforms the linear classifier across all
datasets, achieving the largest gain on the Validation Record
set, with a +1.25% absolute improvement. These results high-
light the effectiveness of adaptive expert routing, which mod-
els inter-feature specialization, improving both classification
accuracy and generalization across diverse and heterogeneous
business domains.

TABLE VIII: Comparison of classification heads.

Configuration Goods Validation Invoice Multi-Source
Registry Record Archive (All Three)

BERT + Linear 96.61% 91.54% 90.04% 90.64%
BERT + MoE 96.61% 92.79% 90.11% 90.77%

4) Hierarchical Supervision: To investigate the impact of
hierarchical classification, we introduce a multi-level loss that
supervises intermediate-level predictions along the taxonomic
path, with a loss weight of ωc = 0.2 (see Eq. (2) and Fig. 3).
As a comparison, we also explore a sequence-generation
approach that produces intermediate-level labels.

As shown in Tab. IX, incorporating the multi-level loss con-
sistently improves accuracy across all datasets. This demon-
strates that hierarchical supervision enables the model to better
capture the underlying structure of the tax code hierarchy.
In contrast, replacing ground-truth labels with sequentially
generated labels results in a slight reduction in accuracy, high-
lighting the importance of high-quality hierarchical signals for
effective supervision.

TABLE IX: Effectiveness of hierarchical classification.

Configuration Goods Validation Invoice Multi-Source
Registry Record Archive (All Three)

BERT + MoE 96.61% 92.79% 90.11% 90.77%

BERT + MoE 96.40% 91.88% 89.43% 90.11%+ Sequential

BERT + MoE 96.69% 93.04% 90.31% 90.97%+ Hierarchical



5) Semantic Consistency: Finally, we evaluate the effect
of the proposed semantic consistency auxiliary task, which
explicitly encourages predictions to align with the official
definitions of tax codes. Due to the additional computational
cost, this ablation is conducted on the smaller development set
(as defined in Tab. II and illustrated by block 2 in Fig. 4).

As shown in Tab. X, introducing the semantic loss with a
weight of ωs = 0.2 (see Eq. (3) and Fig. 3) yields consis-
tent yet moderate improvements across datasets, except for
the Validation Record set, where results remain comparable.
We further test a variant that replaces the distilled semantic
annotation model (block 3 of Fig. 4) with an untrained Qwen-
2.5-32B [9] model for direct semantic labeling, which achieves
smaller gains, confirming the importance of domain adaptation
in the distilled model.

Although the quantitative improvement appears limited, the
qualitative effects are more substantial. We summarize three
main reasons: (i) our semantic model corrects noisy labels
in the ground truth, so while apparent agreement with the
original annotations decreases, true performance improves; (ii)
it effectively fixes most knowledge-level misclassifications,
where the predicted tax code better matches the product’s
meaning even if it differs from the noisy label; and (iii)
residual errors arise partly from imperfect semantic labels–
the LLM’s own labeling inaccuracies occasionally misguide
training, leaving a small portion of hard cases unresolved. To-
gether, these findings indicate that explicit semantic alignment
enhances interpretability and robustness, refining the model’s
understanding of the relationship between product text and
formal tax code definitions.

TABLE X: Effectiveness of semantic consistency.

Configuration Goods Validation Invoice Multi-Source
Registry Record Archive (All Three)

BERT + MoE 98.30% 97.50% 92.13% 94.71%+ Hierarchical

BERT + MoE
98.51% 96.83% 92.35% 94.89%+ Hierarchical

+ Qwen2.5-32B

BERT + MoE
98.69% 96.82% 92.47% 94.92%+ Hierarchical

+ Semantic

Across all ablation stages, we observe a cumulative im-
provement trend: (i) pre-trained Transformer backbones, par-
ticularly BERT, offer stronger contextual representations than
shallow CNNs; (ii) incorporating category name features
adds structured semantic cues that complement other busi-
ness attributes; (iii) the feature-gating MoE improves cross-
domain generalization through adaptive expert specialization;
(iv) hierarchical supervision enables structurally consistent
multi-level predictions; and (v) the semantic consistency task
further refines alignment with official definitions. Together,
these modules contribute distinct yet complementary gains,
culminating in a semantically and hierarchically consistent tax
code predictor.

IV. RELATED WORK

Tax code prediction can be viewed as a special case of
hierarchical text classification (HTC), where the label space
follows a multi-level taxonomic structure. This section reviews
related work from two perspectives: (i) general methods for
HTC, and (ii) studies specifically targeting tax or similar
prediction or classification systems.

A. Hierarchical Text Classification

HTC aims to assign each text to one or more labels orga-
nized in a hierarchical taxonomy. Prior work can be broadly
categorized along two dimensions: (i) the task form (sequence
generation vs. classification), and (ii) the methodological
emphasis (hierarchy-aware, label-semantic-aware, hybrid, and
prompt/LLM-based). Generative methods based on CNNs or
RNNs suffered from exposure bias and error propagation [18]–
[21], and generally underperformed classification approaches
in fully supervised settings [22]–[24]. With the rise of prompt
tuning and LLMs, generative formulations have shown strong
few-shot performance. However, when training data are suf-
ficient, the most competitive results are still achieved by
hierarchy-aware and label-semantic-aware methods.

a) Sequence Generation Methods: Sequence generation
approaches recast hierarchical classification as a path predic-
tion task. SGM [25] introduced a decoder-based architecture
to capture label dependencies for multi-label classification.
Seq2Tree [24] modeled HTC as a sequence-to-tree prob-
lem with constrained decoding for label consistency, while
PAAM-HiA-T5 [26] proposed a hierarchy-aware T5 [27] with
path-adaptive attention for level/path dependency modeling.
UMP-MG [28] leveraged unidirectional message passing to
respect tree directionality, and HiDEC [29] achieved compact
hierarchy-aware decoding with fewer parameters. Recent work
such as HiGen [30] added dynamic, level-guided losses and
task-specific pre-training to mitigate data imbalance. Despite
progress, error propagation along decoding paths remains a
key challenge, especially under deep hierarchies.

b) Hierarchy-Aware and Label-Semantic-Aware Meth-
ods: A large body of research explicitly models label hi-
erarchies and semantics. Hierarchy-aware models such as
AttentionXML [31], HTrans [20], and HiAGM [22] capture
structural dependencies via hierarchical attention, recurrent
transfer learning, or GCN/TreeLSTM encoders. In parallel,
label-semantic-aware methods leverage label names and def-
initions: HTCInfoMax [32] maximizes text–label mutual in-
formation, while HiMatch [23] formulates HTC as text–label
semantic matching in a shared embedding space. These lines
are increasingly unified in hybrid models such as HBGL [33],
HGCLR [13], and K-HTC [34], integrating hierarchy-guided
contrastive learning with external knowledge graphs. Recent
variants (HiTIN [35], HJCL [36], HALB [37], HBM [38],
HILL [15], HiAdv [39]) further extend this paradigm with
structure-entropy encoders, supervised contrastive learning,
asymmetric/adaptive losses, and local hierarchy modeling.
Other work explores alternative geometries and negative sam-
pling, including hyperbolic embeddings (HyILR [16]) and



hierarchical ranking (HiSR [40]), yielding incremental but
consistent gains.

c) Prompt-Tuning and LLM-Based Methods: The emer-
gence of large pre-trained models and parameter-efficient tun-
ing has brought new perspectives to HTC. HPT [14] proposed
hierarchy-aware prompt tuning to align multi-label classi-
fication with masked language modeling objectives, while
HierVerb [41] designed path-constrained verbalizers and hier-
archical contrastive learning for few-shot HTC. NERHTC [42]
reformulated HTC as a named-entity-recognition task with
CRF-based path consistency. Another recent advance, LH-
Mix [17], enhances prompt tuning for HTC by integrating
text-specific local hierarchies into manually designed depth-
level prompts. To further capture implicit correlations among
sibling categories, it applies a Mixup strategy guided by
local hierarchy correlation, substantially improving robustness
across multiple benchmark datasets. LLM-based extensions
further broadened this frontier. Retrieval-style ICL [43] ap-
plied in-context learning with hierarchical retrieval databases;
DPT [44] introduced dual prompt tuning with cross-layer
contrastive objectives; and TELEClass [45], TTC [46], and
KG-HTC [47] combined LLMs with taxonomy enrichment,
multimodal consistency, and knowledge graph–based RAG
mechanisms for zero- or few-shot HTC. These models excel
under low-resource conditions but remain difficult to scale
efficiently to large taxonomies.

To summarize, HTC research spans structural, semantic,
hybrid, and LLM-based paradigms, with the current state-of-
the-art in hybrid hierarchy- and label-semantic-aware frame-
works. However, existing models often encode hierarchy with
explicit structure encoders (e.g., GCN, TreeLSTM) and model
label semantics via contrastive alignment. We instead propose
a hierarchical feature-gating MoE framework, where hierar-
chical relations are implicitly learned through expert routing
and semantic relations are strengthened by a judgment task.
This architecture offers a new way to balance global structural
consistency with fine-grained semantic discrimination.

B. Tax Code and Harmonized System Classification

Tax code and Harmonized System (HS) classification con-
stitute real-world instances of HTC problems, where labels
form deep taxonomies used for customs, taxation, and trade
management. The HS code system, established by the World
Customs Organization (WCO), defines a six-digit international
standard extended by local administrations (e.g., 10-digit CN
codes in China and the U.S.). Such multi-level taxonomies
pose similar challenges of fine-grained disambiguation, label
imbalance, and semantic overlap observed in HTC.

Luppes et al. [2] pioneered CNN-based classification for
HS codes, demonstrating strong performance (F1 score up
to 0.92 at the HS-2 level) using domain-specific embeddings.
Zhao et al. [48] addressed value-added tax (VAT) classification
in Chinese invoices via a Heterogeneous Directed Graph
Attention Network (HDGAT), improving accuracy by leverag-
ing relational dependencies among invoice items. Subsequent
works expanded model complexity and modality. Liao et al. [4]

integrated ERNIE, BiLSTM, and multi-scale attention mecha-
nisms to handle semi-structured Chinese product descriptions
with domain-specific terminology. Amel et al. [49] introduced
a multimodal deep learning framework combining text and im-
age representations from e-commerce declarations, achieving
top-5 accuracy exceeding 98%. Shubham et al. [3] developed
a hierarchical conditional BERT classifier and a knowledge-
graph–based auditing mechanism for HS code assignment,
while Anggoro et al. [50] applied contrastive learning with
Sentence-BERT and Multiple Negative Ranking loss to im-
prove embedding quality and downstream classification across
international customs datasets.

Collectively, these studies highlight the persistent challenges
of high-dimensional, hierarchical label spaces and semantic
ambiguity in product descriptions. However, existing solutions
are largely classification-based and rely on handcrafted hier-
archy modeling. Our work extends this line by introducing a
unified MoE-based framework that jointly learns hierarchical
structure and semantic alignment, offering a scalable, end-to-
end approach to national tax code prediction.

V. CONCLUSION

In this work, we addressed the challenge of hierarchical
tax code prediction, a mission-critical yet previously under-
explored task in large-scale invoicing systems. We introduced
Taxon, a semantically aligned and expert-guided prediction
framework that unifies hierarchical modeling and semantic
reasoning. By combining a feature-gating MoE classifier
for structure-aware routing with an LLM-distilled semantic
consistency task, Taxon effectively bridges the gap between
textual product descriptions and formal tax definitions. Our
multi-source data pipeline further ensures robustness to noisy
supervision and incomplete metadata, reflecting realistic e-
commerce scenarios.

Comprehensive experiments on both internal and public
datasets demonstrate that Taxon substantially outperforms rep-
resentative hierarchical and semantic baselines across all eval-
uation levels. Notably, our analysis revealed that residual errors
primarily arise from structural inconsistencies in intermediate
nodes rather than from semantic misunderstanding at the leaf
level. Motivated by this insight, we introduced the RePath
procedure, which reconstructs the hierarchical path from leaf
predictions to enforce logical path validity. This simple yet
effective post-processing step consistently enhances path-level
F1, confirming that accurate leaf predictions can reliably
recover the full taxonomic structure. Looking forward, we plan
to integrate RePath-style structural correction into the training
objective, e.g., via differentiable path-validity constraints or
joint structured decoding, so that the model learns end-to-end
hierarchical consistency rather than relying on post-processing.
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