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Abstract

Multilingual intent classification is central to
logistics customer-service systems, where mod-
els must handle noisy user queries across lan-
guages and hierarchical labels. Yet many multi-
lingual benchmarks rely on machine-translated
text, which is cleaner than real customer re-
quests and can overestimate robustness. We
present a public benchmark for hierarchical
multilingual intent classification from real lo-
gistics logs: approximately 30K de-identified,
single-utterance queries curated from 600K
records through filtering, LLM-assisted quality
control, human privacy review, and sampled
label auditing. The dataset uses a two-level tax-
onomy with 13 parent and 17 leaf intents; En-
glish, Spanish, and Arabic are seen languages,
while Indonesian, Chinese, and Thai support
zero-shot evaluation. To measure the gap be-
tween machine-translated and professionally
localized evaluation, we provide paired test sets
derived from the same source items. We bench-
mark multilingual encoders, embedding mod-
els, and small language models under flat and
hierarchical protocols, and find that machine
translation tests yield higher accuracy in most
settings. 1

1 Introduction

Intent classification is a core problem in natural
language understanding and underpins many inter-
active systems, including customer-service automa-
tion, virtual assistants, and tool-using language
models (Larson et al., 2019; Casanueva et al., 2020;
Schick et al., 2023). In multilingual customer-
service settings, the task is especially challenging:

*This work was mainly done while the marked authors
were interns at J&T Express.

† Corresponding author
1Prompts and sample data are available at https://

github.com/JTExpress-MICCS/MICCS. A preprint version
of this work is available at https://arxiv.org/abs/2603.
23172.

semantically equivalent intents may be expressed
differently across languages and dialects, while real
user queries are often short, noisy, domain-specific,
and unevenly distributed across labels. On global
logistics platforms, systems must route requests
about tracking, delivery failures, address changes,
refunds, claims, fees, and branch availability, often
under hierarchical label taxonomies (Schuster et al.,
2019; Gung et al., 2023; Plaud et al., 2024).

Existing multilingual benchmarks only partly re-
flect these conditions. MTOP and MASSIVE pro-
vide broad language coverage, but much of their
multilingual data comes from machine translation
or controlled collection rather than naturally occur-
ring customer requests (Li et al., 2021; FitzGerald
et al., 2023). Customer-service datasets are closer
in domain, but often target multi-turn dialogue,
sentiment, search, or matching rather than stand-
alone hierarchical intent routing (Chen et al., 2021;
Gung et al., 2023; Wang et al., 2025). Thus, cur-
rent benchmarks may underrepresent the lexical
variability, shorthand, code-mixing, and long-tail
distributions of production traffic (Artetxe et al.,
2023; Dutta Chowdhury et al., 2022).

This mismatch also affects evaluation. Machine-
translated test sets are typically more standardized
than professionally localized text and may there-
fore yield overly optimistic estimates of multilin-
gual robustness (Artetxe et al., 2023; Dutta Chowd-
hury et al., 2022). This issue is particularly im-
portant for logistics customer service, where small
differences in phrasing can change whether a re-
quest should be routed to tracking, delivery change,
service scope, fee, or claim workflows.

We introduce a public benchmark for multilin-
gual intent classification built from real logistics
customer-service logs. The dataset contains approx-
imately 30K de-identified labeled training utter-
ances curated from roughly 600K historical records
through rule-based filtering, LLM-assisted quality
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control, human privacy screening, and a sampled
label audit. It is organized into a partially hier-
archical taxonomy with 13 parent intents and 17
leaf intents: nine parents map to one leaf, while
four parents contain eight leaves. English, Spanish,
and Arabic are included as seen languages, while
Indonesian, Chinese, and Thai are reserved as test-
only languages for zero-shot evaluation. Because
the benchmark is derived from naturally occurring,
stand-alone user queries used for routing, it pre-
serves the noise and distributional properties of
real customer-service traffic.

We also benchmark the gap between machine
translation and professional localization, alongside
zero-shot transfer, across multilingual encoders,
embedding models, and small language models un-
der flat and parent-constrained protocols. Machine
translation scores 1.3 accuracy points higher on av-
erage across 45 model-language-task settings, with
a 95% bootstrap interval of [0.159, 2.479] over test
items.

In summary, our contributions are as follows:

• We release a public real-world benchmark for
multilingual intent classification in logistics
customer service, together with a curation
pipeline that combines de-identification, fil-
tering, LLM-assisted quality control, privacy
screening, and human quality auditing.

• We benchmark multilingual encoders,
embedding-based classifiers, and small
language models under parent, flat-leaf, and
parent-constrained settings.

• We show empirically that machine-translated
evaluation often overestimates model perfor-
mance relative to professional localization.

2 Dataset Construction

We construct a multilingual intent benchmark from
historical customer-service logs. The released data
consist of de-identified user queries paired with a
practical two-level intent taxonomy.

2.1 Construction Pipeline
Source data. The raw pool comprises roughly
600K customer-service conversations collected in
November 2025 from J&T Express operations serv-
ing Mexico and Arabic-speaking markets. Remov-
ing agent messages and merging consecutive cus-
tomer turns leaves approximately 120K customer-
side utterance units. English, Spanish, and Arabic

are used as seen languages, while Indonesian, Chi-
nese, and Thai are reserved for zero-shot transfer
evaluation. The remaining funnel is summarized in
Appendix Table 3.

De-identification and cleaning. Before annota-
tion and release, we remove personally identifiable
information, such as tracking numbers and detailed
addresses, using rule-based filters, a locally de-
ployed LLM privacy judge, and manual item-by-
item review of every retained utterance. We then
exclude bot-generated templates, exact, near, and
keyword-level duplicates, malformed or truncated
queries, and utterances without a clear intent. Pri-
vacy filtering and deduplication leave roughly 80K
candidates; subsequent quality and scope filters
yield approximately 30K training examples.

Taxonomy construction. We group the cleaned
queries by operational function and user goal, and
iteratively refine the label set to balance coverage,
label separability, and per-class support. The final
taxonomy is partially hierarchical: nine parent cate-
gories map one-to-one to a leaf, while four parents
divide into eight leaves. Details of the clustering
configuration and complete mapping are provided
in Appendix B and Table 4.

Annotation and quality control. Training and
test annotation follow different procedures. The ap-
proximately 30K training examples receive LLM-
assisted scope screening and preliminary intent
labels. Human annotators independently audit a
random 5% training sample (approximately 1,500
items) to detect systematic errors; raw agreement
is about 95% and Cohen’s κ is about 0.94. This
sampled audit concerns label quality only; pri-
vacy screening covered the full retained set. The
separately constructed seen-language test set con-
tains approximately 1,300 items, all independently
human-labeled, with disagreements adjudicated
by a third expert. Construction and semantic-
preservation checks for the test-only-language sets
are described in Section 3.2.

3 Dataset Characteristics

3.1 Overview
Appendix Table 3 summarizes the corpus statistics.
The release contains approximately 30K training
queries, together with development data, the inde-
pendently annotated seen-language test set, and the
test-only-language evaluation sets. A representa-
tive de-identified example is shown below:
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Figure 1: Construction pipeline for the benchmark.

text: Where is my parcel? It has not
moved for three days.

class: Shipment Tracking / Delay
label: i1

To improve label generation stability in genera-
tive classification, we prepend a fixed prefix (e.g.,
“i1”) to all label IDs.

3.2 Machine-Translated and
Human-Localized Evaluation

A key feature of the benchmark is a paired
comparison between machine translation (MT) and
professional human localization. For each test-only
language, Table 2 uses 674 source items. The
GPT/Gemini filter is applied once to the shared
Spanish source set and keeps items that both
systems classify correctly and consistently. Each
retained item is then rendered independently by
google/translategemma-27b-it (Finkelstein
et al., 2026) and by a local business translator, who
is asked to preserve the intent while using natural
local phrasing. Each pair therefore fixes the source
text, label, filtering decision, source language,
translation direction, and target language, differing
only in its target-language rendering. Spanish was
chosen because translation quality was stable in
our setting; other source languages were not tested.
Below, we call these the machine-translated and
human-localized conditions.

The seen-language evaluation in Table 1 instead
uses approximately 1.3K naturally occurring En-
glish, Spanish, and Arabic test examples. All 17
leaves are represented in the test-only-language
sets (7–93 examples per leaf); the three rarest
are Shipment Details (7), Fee Dispute / Incorrect
Charge (10), and Business Partnership (16). Re-
sults for these leaves have greater sampling un-
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Figure 2: Top-k label coverage for the 13-parent and
17-leaf tasks. Splitting four parent categories produces
the additional leaf-level tail.

certainty. Cross-split semantic duplicates are re-
moved.

3.3 Hierarchical Labels, Long-Tail Sparsity,
and Noise

The benchmark supports a 13-way parent task and a
primary 17-way leaf task (Appendix Table 4). The
extra granularity is confined to eight leaves under
four parents; the other nine parents are already
leaves.

As shown in Figure 2, the 17-way leaf task is
more long-tailed than the parent task, consistent
with production traffic in which a small number
of intents dominate and many low-frequency cases
remain sparse. Naturally occurring source queries
retain shorthand, misspellings, colloquial phrasing,
and cross-lingual variation.

4 Experiments

4.1 Benchmark Tasks and Evaluation
Protocol

We evaluate three customer-service routing settings.
The 13-way parent task tests coarse operational
routing (e.g., tracking vs. fee, claim, or invoice
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issues). The 17-way flat leaf task is the main fine-
grained setting, requiring direct prediction of oper-
ationally similar intents without using hierarchy at
inference time. The 17-way parent-constrained task
asks generative models to produce a parent intent
and a taxonomy-consistent leaf intent. The final
evaluation is performed on the leaf label, while the
parent prediction constrains the output space.

Unless otherwise stated, all trainable models are
trained on the released training split and selected on
the development split using only English, Spanish,
and Arabic. Each trainable model receives nine hy-
perparameter configurations, selected on the same
development split. Closed-source LLMs are eval-
uated as few-shot references; several instruction,
definition, demonstration, and serialization vari-
ants are compared on development data, and the
selected prompt is evaluated at temperature 0. All
results are reported under the benchmark’s natu-
ral traffic distribution, without class rebalancing or
synthetic augmentation.

For unseen test-only languages such as Indone-
sian, Chinese, and Thai, we evaluate zero-shot
transfer without target-language supervision, trans-
lated training data, or target-language prompt tun-
ing. Evaluation uses the test-only-language condi-
tions defined in Section 3.2.

Our primary metric is accuracy, which is equiva-
lent to Micro-F1 in this single-label classification
setting. We use accuracy because the benchmark
preserves the naturally imbalanced traffic distribu-
tion of real customer-service systems, and overall
routing accuracy is the most deployment-relevant
objective in this setting. We report Macro-F1 along-
side the main seen-language results and provide
complete metric tables in Appendix C. All hyper-
parameters, prompts, and checkpoints are selected
on the development split only. Test sets are used
strictly for final evaluation.

4.2 Baselines
We compare multilingual encoders, embedding-
based classifiers, instruction-tuned small language
models, and API models. Most neural models have
at most 1B parameters; API models are included
only as few-shot references.

For multilingual encoder baselines, we evaluate
mBERT (Devlin et al., 2019), XLM-R (Conneau
et al., 2020), and the public mmBERT checkpoint
jhu-clsp/mmBERT-base (Marone et al., 2026).
All use task-specific output layers and the same
data access and trial budget; mmBERT uses its

standard tanh-pooled representation without added
dropout.

For embedding-based classification, we eval-
uate EmbeddingGemma (Schechter Vera et al.,
2025) paired with a lightweight classifier, as well
as a Gemma 3 270M (embedding+classifier) vari-
ant (Gemma Team et al., 2025). Both reuse a frozen
encoder, so only the classifier is trained.

We further evaluate instruction-tuned small
language models, including Gemma 3 270M,
Gemma 3 1B (Gemma Team et al., 2025), and
Qwen 3 0.6B (Yang et al., 2025). Unlike the en-
coder baselines, these accept a new label in the
prompt without a change to the output layer.

Finally, we compare against three few-shot
prompted closed-source LLMs accessed via API:
Seed-1.8 (Bytedance Seed, 2026), DeepSeek
V3.2 (DeepSeek-AI, 2025), and Qwen3-Max-
Preview (Alibaba Cloud, 2025).

All systems use the same label inventory, test
splits, and evaluation scripts; trainable models ad-
ditionally use the released train/dev splits for su-
pervised optimization and model selection. The
training settings can be found in Appendix E.

5 Results

5.1 Seen-Language Performance

Table 1 reports results on the approximately 1.3K-
example naturally occurring English, Spanish, and
Arabic test set; following Section 4.1, we report
Accuracy/Micro-F1 and Macro-F1. All trainable
open models in the table are supervised using the re-
leased training split, whereas the closed-source API
LLMs use validation-selected few-shot prompts
and are included as reference systems rather than
fine-tuned baselines.

Across model families, the 13-way parent task
is usually easier than the 17-way leaf tasks. The
gap comes from the eight leaves that share a par-
ent, where the competing labels are operationally
adjacent and unevenly supported.

Detailed Macro-F1 results are provided in Ta-
ble 5. Difficulty-floor baselines score 5.88–78.54%
on the translated 17-way set, while the two lexical
baselines fall to 6.23–7.27% under Thai zero-shot
transfer; Appendix D gives the full results.
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Table 1: Seen-language benchmark results on English,
Spanish, and Arabic (Accuracy/Micro-F1, %). Train-
able open models are supervised on the released training
split; closed-source API LLMs are evaluated with few-
shot prompting only.

Model 13-way 17-flat 17-hier

Multilingual encoders
mBERT 92.62 91.38 N/A
XLM-R 94.00 91.85 N/A
mmBERT 94.69 93.15 N/A

Embedding-based classifiers
EmbeddingGemma 94.85 93.38 N/A
Gemma 3 270M (embedding+classifier) 93.62 92.15 N/A

Instruction-tuned SLMs
Gemma 3 270M 94.08 93.08 93.23
Qwen 3 0.6B 94.23 93.46 93.77
Gemma 3 1B 95.00 93.92 94.08

Closed-source API LLMs (few-shot prompting; no fine-tuning)
Seed-1.8 91.69 92.23 91.23
DeepSeek V3.2 93.92 90.92 89.85
Qwen3-Max-Preview 94.77 91.15 92.92

5.2 Real-World Robustness:
Machine-Translated versus
Human-Localized Evaluation and
Zero-Shot Transfer

A central goal of the benchmark is to measure per-
formance under realistic multilingual deployment
conditions. Beyond supervised evaluation on seen
languages, we therefore examine two additional
aspects of robustness: the gap between machine-
translated and human-localized queries, and zero-
shot transfer to unseen languages. Table 2 summa-
rizes both analyses.

Machine-Translated versus Human-Localized
Evaluation. Real customer utterances often con-
tain shorthand, misspellings, colloquialisms, and
other naturally occurring variation that transla-
tion pipelines tend to normalize. Under the con-
trolled protocol in Section 3.2, machine-translated
inputs yield higher accuracy in 42 of the 45
model–language settings, with a mean paired differ-
ence (machine-translated minus human-localized)
of +1.319 accuracy points. A bootstrap over
source-item IDs gives a 95% confidence interval
of [0.159, 2.479]. The pattern is especially consis-
tent for MMBERT, for which machine-translated
evaluation is higher in all reported encoder condi-
tions, by about 1.7 points on average. Representa-
tive exact McNemar tests on Chinese 17-way flat
classification give p = 0.0052 for MMBERT and
p = 0.0192 for Gemma 3 270M. Macro-F1 shows
the same direction in 41 of 45 cells, with a mean
paired difference of +1.819 points. Appendix D

gives the paired counts and procedures, and Ap-
pendix C gives the complete Macro-F1 results. We
show one de-identified example. Both forms be-
long to the Branch / Service Point Existence or
Location intent because they ask about the exis-
tence or location of a service branch. The machine-
translated version is relatively literal, whereas the
human-localized version is more conversational.

original: Isn’t there a branch located
south of the city?
machine-translated: 这座城市南部没有分店
吗？
human-localized: 不是说在城市以南还有一家
分店吗？
intent: Branch / Service Point Existence
or Location

For Macro-F1, full results appear in Appendix C.

Zero-Shot Transfer to Unseen Languages.
Both columns of Table 2 are also zero-shot: models
are trained only on English, Spanish, and Arabic
and evaluated directly on Chinese, Indonesian, and
Thai without target-language supervision. New
markets typically open before localized labeled
data exists, so this is the setting a deployed router
starts in.

Model comparison. mmBERT slightly exceeds
Gemma 3 270M on seen-language 13-way accu-
racy (94.69% vs. 94.08%), whereas Gemma 3
270M is higher in several Chinese and Thai zero-
shot settings despite their similar sizes (270M vs.
307M). Gemma 3 1B has the highest result in most
reported zero-shot settings.

Robustness to Granularity. Fine-grained intents
are critical in production. Moving from 13-way
parent to 17-way flat classification generally hurts
BERT-style models more than Gemma models (Ta-
ble 2), and causal LLMs naturally express hierar-
chical predictions whereas BERT-style classifiers
require extra design. Thus, Gemma-based mod-
els fit settings emphasizing robustness to human-
localized queries, finer taxonomies, and cross-
lingual transfer, while BERT pipelines remain ap-
propriate for conventional supervised classification.
Appendix D reports limited checks on adaptation,
an alternative translation engine, and concurrent
throughput.

6 Conclusion

We have presented a public real-world benchmark
for multilingual intent classification constructed
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Table 2: Paired machine-translated and human-localized accuracy/Micro-F1 (%) on 674 shared source items per
language; bold marks the best result within each model family, and N/A indicates that no parent-constrained decoder
was implemented.

Model Lang. 13-way Parent 17-way Flat 17-way Hier

MT Human-loc. MT Human-loc. MT Human-loc.

mBERT
ZH 64.84 68.10 68.40 65.13 N/A N/A
ID 54.60 53.41 52.82 51.63 N/A N/A
TH 19.29 17.80 20.03 18.84 N/A N/A

XLM-R
ZH 90.36 87.54 88.43 85.61 N/A N/A
ID 92.58 90.36 90.80 88.72 N/A N/A
TH 87.83 89.32 82.94 82.64 N/A N/A

mmBERT
ZH 90.95 89.32 89.91 87.54 N/A N/A
ID 93.60 91.99 91.69 89.91 N/A N/A
TH 87.54 85.31 84.27 83.83 N/A N/A

Gemma 3 270M
ZH 91.69 90.06 90.95 89.02 88.58 89.91
ID 90.06 88.43 88.58 86.94 89.32 88.58
TH 86.65 83.38 85.61 84.87 85.76 83.09

Qwen 3 0.6B
ZH 93.02 92.14 92.58 91.69 92.14 91.99
ID 88.72 87.53 86.65 85.01 86.35 85.31
TH 85.31 84.87 85.61 84.72 85.31 84.57

Gemma 3 1B
ZH 95.25 93.47 94.81 93.32 94.96 92.73
ID 94.51 93.32 91.39 89.91 93.62 92.28
TH 89.61 87.69 87.98 86.35 89.61 87.98

from logistics customer-service logs. It contains
approximately 30K de-identified labeled training
utterances organized into a partially hierarchical
taxonomy with 13 parent and 17 leaf intents, cover-
ing three seen languages (English, Spanish, Arabic)
and three test-only languages (Indonesian, Chinese,
Thai) for zero-shot evaluation.

Across multilingual encoders and instruction-
tuned small language models, scores are generally
higher for machine-translated inputs than for pro-
fessional localization (Table 2). The evaluated fine-
tuned open models also reach higher fine-grained
accuracy than the few-shot API references, though
the two groups differ in both size and training
regime.

We hope this benchmark helps evaluate multi-
lingual intent systems under realistic long-tail dis-
tributions, noisy customer text, and cross-lingual
transfer, and encourages professional localization
alongside machine translation.

Limitations

Our benchmark is based on one logistics provider,
one collection month, and six languages, so results
may not generalize to other providers, domains,
periods, or languages. The taxonomy is only par-
tially hierarchical, and the rarest leaves have 7–16
examples per test-only language. The comparison
between machine-translated and human-localized
inputs uses filtered Spanish source items and one
main machine-translation system, so the findings
apply to this setting rather than every translation
workflow. The paired interval does not capture fine-
tuning-seed variability, and the alternative-engine
check covers only two Chinese cells.

Ethical Considerations and Data
Governance

Provenance, notice, and consent. The source in-
teractions were collected in November 2025 from
J&T Express operations in Mexico and Arabic-
speaking markets. Under the platform’s user
agreement and privacy policy, users were notified
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that their interactions could be recorded and de-
identified, and that the de-identified data might be
used for model development and released for re-
search. By using the service, users consented to
these terms. The company’s legal and information-
security teams also reviewed the intended use and
release of the data.

De-identification and validation. Before anno-
tation and release, we screened the data using de-
terministic rules and a privacy checker built on a
locally deployed LLM. We then reviewed every re-
tained utterance by hand and removed any example
containing direct identifiers or combinations of con-
textual details that could create a re-identification
risk.

This validation relied on manual privacy review;
we did not conduct a quantitative evaluation of the
de-identification pipeline. Because we did not con-
struct an independently annotated PII test set, we
do not report precision or recall for PII removal.
We found no residual sensitive or identifying in-
formation during the final review. Because the
data consist of free-form text, unexpected quasi-
identifiers may still remain. We do not claim that
the dataset is free of all privacy or re-identification
risk.

Use, licensing, and redress. The dataset is re-
leased under CC BY-NC-SA 4.0. It is intended
for research on intent classification and multilin-
gual routing, not for identifying individuals, profil-
ing customers, linking records to external personal
data, or making automated decisions about individ-
uals.

Anyone with privacy concerns or requests for
correction or takedown can contact the correspond-
ing author at the address listed above. If a concern
is confirmed, we will correct or remove the affected
examples from the canonical release.
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A Dataset Supplement

Release metadata, split settings, and the hierarchy
mapping behind Sec. 2 and Sec. 4.1 are collected
here.

The 5% audit in Table 3 concerns training labels
only. The seen-language test set was labeled inde-
pendently by humans and adjudicated, and the test-
only-language sets were constructed separately.

Table 4 provides the complete leaf-to-parent
mapping used by the 13-way parent task and the
17-way flat/hierarchical tasks discussed in Sec. 5.
Four parent categories contain multiple leaves be-
cause they cover operationally adjacent intents that
are prone to confusion in customer-service routing:
delivery change/intercept/return, damage-or-loss
reporting/claims, service scope/transit/branch, and
fee inquiry/dispute. The remaining parent cate-
gories map to a single leaf by design, because the
corresponding business intents are already suffi-
ciently separable and do not require artificial sub-
division.

B Clustering Analysis

We adopted K = 13 for taxonomy construction on
the following evidence.

To determine the optimal number of clus-
ters, we conducted a systematic evaluation across
K ∈ {10, . . . , 19} using six complementary clus-
tering quality metrics: Silhouette Score, Calin-
ski–Harabasz (CH) Index, Davies–Bouldin (DB)
Index, Gap Statistic, BIC, and Inertia. To enable
direct comparison, all metrics were normalized to
a common [0, 1] scale and directionally aligned
so that higher values consistently indicate better
clustering quality; we then computed an aggregate
score for each K. As illustrated in Fig. 3, K = 13
achieved the highest aggregate score (0.672) and
offered the best overall trade-off across metrics
(radar chart). In particular, it ranks among the top
three configurations in terms of Silhouette (0.061),
CH (1098.6), and DB (3.103; lower is better). The
CH rebound from K = 12 to K = 13 is consis-
tent with the additional cluster capturing useful
structure. The elbow analysis agrees: the largest
single-step drop in inertia falls at the K = 12 to
K = 13 transition. K = 13 also yields the most
balanced cluster-size distribution among all con-
figurations, with a coefficient of variation of 0.392
and a minimum cluster size of 1,754.

C Macro-F1

The tables below give Macro-F1 under the same
protocols and model groupings as Sec. 5.

Table 7 gives Macro-F1 for the machine-
translated and human-localized conditions summa-
rized in Sec. 5.

D Paired Analyses and Additional Checks

Paired inference. The observation that machine-
translated accuracy is higher in 42 of 45 model–
language–task cells is a descriptive consistency
count, not 45 independent replications. On Chi-
nese 17-way flat classification, mmBERT is cor-
rect on 606/674 machine-translated and 590/674
human-localized items; the discordant counts are
23 versus 7, giving a two-sided exact McNemar
test of p = 0.0052. Gemma 3 270M is correct on
613/674 versus 600/674 items, with 20 versus 7 dis-
cordant pairs and p = 0.0192. For aggregate infer-
ence, a language-stratified paired cluster bootstrap
resamples source-item IDs within each language
and applies the sampled indices jointly to both con-
ditions, all models, and all tasks. With 10,000
resamples and seed 30, the mean paired differ-
ence (machine-translated minus human-localized)
is +1.319 accuracy points, with a 95% confidence
interval of [0.159, 2.479]. This interval captures
test-item sampling uncertainty, not fine-tuning-seed
variability.

Macro-F1. Table 7 gives the complete paired
Macro-F1 results. Machine-translated performance
is higher in 41 of 45 cells, with a mean difference
of +1.819 points; the mean gaps for the 13-way, 17-
way flat, and 17-way hierarchical tasks are +1.638,
+1.949, and +1.920 points. The four reversals
are mBERT/ZH/13-way (−4.54), XLM-R/TH/13-
way (−2.48), mmBERT/TH/17-flat (−0.53), and
Gemma 3 270M/ZH/17-hierarchical (−0.36).
Accuracy/Micro-F1 remains the primary opera-
tional metric, while Macro-F1 exposes long-tail
behavior by weighting each intent equally.

Difficulty-floor baselines. On the translated
17-way set, majority-class, uniform-random,
word/character TF-IDF with logistic regression,
and subword fastText obtain 10.62%, 5.88%,
78.54%, and 64.69% Accuracy/Micro-F1, respec-
tively. Under Thai zero-shot transfer, TF-IDF and
fastText obtain 6.23% and 7.27%. These results
show that head-class prediction does not explain
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Table 3: Benchmark construction, evaluation, and release overview.

Field Value

Raw source records ∼600K multi-turn customer-service conversations from Novem-
ber 2025

Customer utterance units ∼120K after removing agent turns and merging consecutive
customer turns

Privacy and deduplication stage ∼80K after rules, a local LLM privacy check, and exact/n-
ear/keyword duplicate removal

Training pool ∼30K after quality, scope, and preliminary-label filtering
Seen benchmark languages English, Spanish, Arabic
Test-only languages Chinese, Indonesian, Thai
Seen-language test (Table 1) ∼1.3K naturally occurring EN/ES/AR examples, all indepen-

dently human-labeled with adjudication
Test-only-language evaluation
(Table 2)

674 examples per condition and target language

Test-only class support All 17 leaves per language; 7–93 items per leaf
Translation setup Spanish source; google/translategemma-27b-it; local busi-

ness translators
Training-label audit Random 5% sample (∼1,500); raw agreement ∼95%; Cohen’s

κ ∼ 0.94
Release and licenses Utterances, labels, language tags, taxonomy, fixed splits, paired

test sets, code, prompts, and configurations at https://github.
com/JTExpress-MICCS/MICCS; dataset: CC BY-NC-SA 4.0;
code, configurations, and prompts: CC0 1.0 Universal

the neural results and that the lexical baselines pro-
vide little cross-lingual transfer in this setting.

Alternative translation engine and adaptation.
On the same paired Chinese 17-way flat items,
DeepL yields 90.06% for mmBERT and 90.95%
for Gemma 3 270M, compared with 89.91%
and 90.95% for TranslateGemma-27B. This lim-
ited two-cell check preserves the translated-over-
human-localized direction but does not estab-
lish translation-engine invariance. As an adapta-
tion control on the same seen-language split and
Accuracy/Micro-F1 metric as Table 1, Gemma 3
27B increases from 79.46% with few-shot prompt-
ing to 97.16% after in-domain fine-tuning. This
supports an effect of task-specific adaptation in this
setting, not an inherent advantage of a particular
model scale.

Concurrent throughput. On the same in-house
concurrency benchmark using one NVIDIA RTX
3090, mmBERT-base processes 803 samples/s and
Gemma 3 270M processes 414 samples/s. These
measurements concern concurrent throughput only;
they do not measure per-query latency, peak mem-
ory, monetary cost, or API serving performance.

E Training Parameters

Experiments are conducted with both encoder-
based PLMs and decoder-only LLMs. For the
encoder-based baselines, we use mBERT, XLM-R,
and mmBERT. These models are fine-tuned using
the Hugging Face Transformers library (Wolf et al.,
2020) with a maximum input length of 64, a batch
size of 128, a learning rate of 7 × 10

−5, weight
decay of 0.01, and maximum gradient norm of
5.0. EmbeddingGemma uses the same classifier
pipeline. For the decoder-only models, we evaluate
Gemma 3 270M, Qwen 3 0.6B, and Gemma 3 1B,
which are trained using LLaMA-Factory (Zheng
et al., 2024). In LLM fine-tuning, we freeze all
parameters except the last 16 transformer layers
and use a batch size of 128 with a learning rate of
3 × 10

−5. All trainable models run for five epochs
with AdamW, a cosine learning-rate schedule, and
150 warm-up steps. Each model receives nine hy-
perparameter configurations; the best is selected
on the same seen-language development set. All
experiments are conducted on a server equipped
with 8 NVIDIA A800 GPUs.
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Table 4: Classification label names and leaf-to-parent mapping for the released hierarchy.

Leaf ID Leaf intent Parent ID Parent intent

0 Human Agent 0 Human Agent
1 Shipment Tracking / Delay 1 Shipment Tracking / Delay
2 Delivery Failure / Status Dispute 2 Delivery Failure / Status Dispute
3 Change Delivery Details / Method / Time 3 Delivery Change / Intercept / Return
4 Issue Report (No Compensation Request) 4 Damage / Missing / Confirmed Loss
5 Service Scope / Transit Time / Working Hours 5 Service Scope / Transit / Branch
6 Service Complaint 6 Service Complaint
7 Fee / Price Inquiry (No Dispute) 7 Fees / Price / Dispute
8 Pickup Booking 8 Pickup Booking
9 Shipment Details 9 Shipment Details

10 Packing / Restrictions / Insurance 10 Packing / Restrictions / Insurance
11 Invoice Request 11 Invoice Request
12 Business Partnership 12 Business Partnership
13 Intercept / Return Shipment 3 Delivery Change / Intercept / Return
14 Compensation / Claim / Claim Progress 4 Damage / Missing / Confirmed Loss
15 Branch / Service Point Existence or Location 5 Service Scope / Transit / Branch
16 Fee Dispute / Incorrect Charge 7 Fees / Price / Dispute

Figure 3: Comprehensive evaluation of clustering configurations. (Left) Normalized overlay of six clustering
metrics across K ∈ {10, . . . , 19}. All metrics are scaled to [0, 1] and direction-aligned so that higher values
indicate better clustering quality. The black line represents the aggregate score, which peaks at K = 13 (indicated
by the red dashed line). (Right) Radar chart comparing the multivariate performance profiles of the top-six K
candidates. K = 13 achieves the highest aggregate score (0.672) and exhibits the most balanced, well-rounded
performance across the evaluated dimensions.

Model IDs are jhu-clsp/mmBERT-base,
google/embeddinggemma-300m,
google/gemma-3-270m-it,
google/gemma-3-1b-it, Qwen/Qwen3-0.6B,
and google/translategemma-27b-it. API
model IDs are doubao-seed-1-8-251228,
deepseek-ai/DeepSeek-V3.2, and
qwen3-max-preview. API decoding uses
temperature 0; Appendix F shows the selected
prompt format.

F System Prompt

Generation-based classification in Sec. 4.2 uses
an XML-structured template with a role definition,

strict output rules, intent definitions, and few-shot
demonstrations. Fig. 4 shows a representative ex-
cerpt.
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Table 5: Companion Macro-F1 table for Table 1 on seen languages (%). Trainable open models use supervised
fine-tuning; closed-source API LLMs use few-shot prompting only.

Model 13-way Macro 17-flat Macro 17-hier Macro

Multilingual encoders
mBERT 90.85 88.75 N/A
XLM-R 92.86 90.15 N/A
mmBERT 93.82 92.10 N/A

Embedding-based classifiers
EmbeddingGemma 94.12 92.35 N/A
Gemma 3 270M (embedding+classifier) 92.51 90.88 N/A

Instruction-tuned SLMs
Gemma 3 270M 93.22 91.86 91.95
Qwen 3 0.6B 93.55 92.41 92.56
Gemma 3 1B 94.61 93.12 93.30

Closed-source API LLMs (few-shot prompting; no fine-tuning)
Seed-1.8 92.74 92.57 91.31
DeepSeek V3.2 93.78 90.33 88.98
Qwen3-Max-Preview 95.41 91.48 93.64

Table 6: Parent-level Macro-F1 in 17-way hierarchical evaluation for models with hierarchical decoding (%).

Model 17-hier Parent Macro

Instruction-tuned SLMs
Gemma 3 270M 93.22
Qwen 3 0.6B 93.55
Gemma 3 1B 94.61

Closed-source API LLMs (few-shot prompting; no fine-tuning)
Seed-1.8 93.63
DeepSeek V3.2 92.51
Qwen3-Max-Preview 95.54
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Table 7: Macro-F1 (%) for the machine-translated (MT) and human-localized conditions in Table 2.

Model Lang. 13-way Parent 17-way Flat 17-way Hier

MT Human-loc. MT Human-loc. MT Human-loc.

mBERT
ZH 57.35 61.89 61.89 59.93 N/A N/A
ID 53.56 52.93 51.78 50.64 N/A N/A
TH 17.62 15.66 18.04 17.93 N/A N/A

XLM-R
ZH 87.13 82.29 84.74 80.99 N/A N/A
ID 90.73 88.85 88.14 85.96 N/A N/A
TH 85.68 88.16 80.67 80.19 N/A N/A

mmBERT
ZH 90.57 87.20 87.89 84.54 N/A N/A
ID 90.66 88.86 88.37 85.85 N/A N/A
TH 84.54 84.02 82.14 82.67 N/A N/A

Gemma 3 270M
ZH 90.85 88.25 89.75 86.82 87.05 87.41
ID 88.56 85.93 86.78 84.14 87.32 85.58
TH 84.15 79.88 82.81 81.07 82.76 79.09

Qwen 3 0.6B
ZH 92.42 90.64 91.78 89.89 91.14 89.99
ID 87.22 85.33 84.85 82.51 84.35 82.51
TH 83.31 82.07 83.41 81.72 82.81 81.37

Gemma 3 1B
ZH 94.85 92.27 94.21 91.92 94.26 91.13
ID 93.71 91.82 90.39 88.11 92.52 90.28
TH 88.11 85.49 86.18 83.85 87.61 85.18
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Figure 4: Representative XML-style system prompt used for generation-based intent classification.

<system_prompt>
<role>

<title>Logistics Intent Classification Expert</title>
<task>Analyze the user message and select exactly one intent ID.</task>

</role>
<core_rules description="Must be strictly observed">

<rule id="1" name="Absolute Zero Misjudgment Principle">Only select an intent when the
user's intent clearly fits the definition. If multiple intents appear, choose the
dominant actionable one.</rule>

<rule id="2" name="Output Format">Output ONLY the letter 'i' followed by the Integer ID
(e.g., i7). No other words, punctuation, or explanations.</rule>

</core_rules>
<intent_classification_system>

<intent id="0" name="Human Agent">
<core_intent>User explicitly asks to talk to a real person.</core_intent>
<definition>Request to transfer to human customer service.</definition>
<examples>

<example>Transfer to human customer service.</example>
<example>I want to speak to a person.</example>

</examples>
</intent>
...

</intent_classification_system>
<few_shot_demonstrations>

<demonstration>
<user_input>My package hasn't moved for 4 days, can you urge them?</user_input>
<output>i1</output>

</demonstration>
<demonstration>

<user_input>Is it possible to ship a lighter and some fireworks?</user_input>
<output>i10</output>

</demonstration>
<demonstration>

<user_input>I want to speak to a person.</user_input>
<output>i0</output>

</demonstration>
</few_shot_demonstrations>

</system_prompt>
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