MOSAIC: Automated Intent Description Generation
for Multi-Label Classification

Ajay Chatterjee

Eric Crestan

Raunak Saha

Rotem Mordoch Swarnangsu Acharyya
Microsoft
{ajchatterjee, ericres, raunaksaha,
Rotem.Mordoch, swarna}@microsoft.com

Abstract

Traditional intent classifiers map utterances di-
rectly to intent categories using labeled exam-
ples. In contrast, LLM-assisted zero-shot intent
classifiers rely on natural language descriptions
alongside intent labels to determine the most
appropriate categories for a given utterance. As
intent taxonomies grow and evolve, descrip-
tions must define clear boundaries among over-
lapping intent categories. Maintaining them
is costly because it requires domain expertise
and continual updates to keep pace with chang-
ing product and user behavior. We present
MosAIC (Multi-label Ontology Synthesis for
Automated Intent Classification), a deployed
system that automatically generates and up-
dates intent descriptions for existing taxonomy.
MOSAIC analyzes unlabeled user utterances to
identify coherent clusters. It associates cluster
level evidence with the existing intent taxon-
omy. Then, It synthesizes discriminative de-
scriptions that define each category’s seman-
tic boundary. On a 140-class production de-
ployment, MOSAIC approaches the quality of
expert written descriptions while reducing tax-
onomy revision time from 2-4 weeks to less
than 30 minutes. On the public NLU++ and
Multi*NLU++ benchmark datasets, MOSAIC
generated descriptions do match or exceed the
performance of expert written descriptions.

1 Introduction

In deployed conversational assistants, user utter-
ances provide the most direct signal of evolving
user needs. Routing these utterances into a struc-
tured intent taxonomy is therefore essential for
product analytics, failure triage and feature priori-
tization. In our deployment, this taxonomy spans
140+ active classes, receives queries in dozens
of languages, and changes as the product evolves.
Three coupled problems dominate at this scale.

Taxonomy drift. Without an explicit discovery
loop, the taxonomy ages out of relevance within a
quarter.

Multi-label queries. Realistic user utterances
routinely express several co-applicable intents. As
a synthetic example:'

“How do I reset my password and also update the
email address on my account?”

This maps to at least four labels: password_reset,
account_settings, email_update, and how. Cluster-
ing would map this to a single cluster, but the com-
binatorial space of intent co-occurrences makes
cluster-based resolution impractical.

Cross-lingual scale. Discovery, description gen-
eration and classification must all be language-
agnostic by construction.

Recent methods such as ClusterLLM (Zhang
et al., 2023) and Dial-In LLM (Hong et al., 2025)
use LLM feedback to improve cluster quality and
discover intent groups. Other approaches fine-
tune smaller models on labelled data (Tunstall
et al., 2022; Zhang et al., 2020) or use retrieval-
augmented classifiers (Lewis et al., 2020). How-
ever, in privacy-constrained deployments where
customer data cannot be used for fine-tuning or
RAG indexing, these approaches are not viable. In
such settings, manually curated intent descriptions
are often the only mechanism for steering a zero-
shot classifier, yet writing them requires domain
expertise that scales with taxonomy size. When the
product evolves monthly, manual curation becomes
a bottleneck.

We describe MOSAIC, a deployed system that
closes this loop for a large-scale production assis-
tant. A discovery component embeds queries with
a multilingual encoder, partitions the pool with K-
Means clustering, refines partitions with density
clustering, and uses two LLM steps under light hu-
man review to keep the taxonomy current (§3.1).
The same pipeline generates intent descriptions,
short natural-language specifications of each cat-
egory’s scope, from cluster evidence and intent

ISynthetic; no customer text is reproduced.
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labels without relying on human-authored ontol-
ogy text. An LLM-based multi-label classifier then
receives these descriptions alongside intent cate-
gories, enabling it to disambiguate semantically
overlapping categories in a single LLM call.

We make three contributions. (i) We show that
intent descriptions are essential for large-taxonomy
classification and that they can be generated au-
tomatically from cluster evidence. In production,
an initial taxonomy can be bootstrapped from do-
main knowledge; the system then automatically
updates existing descriptions and discovers new
intents with descriptions. On the public NLU++
benchmark, generated descriptions significantly
outperform expert descriptions on micro-F1 and
sample-F1 (p < 0.05; macro-F1 trends positive;
§4.2). (ii) We ablate the source of improvement.
An LLM can rewrite intent labels into descrip-
tions without any cluster evidence, approaching
expert quality on public benchmarks. Adding clus-
ter grounding on top yields a further +2.6 pp on
NLU++ EN and +1.4 pp on Multi*NLU++. On
these public benchmarks, whose short label strings
already carry most of the intent semantics, cluster
grounding contributes a modest but consistent gain.
In our production taxonomy of 140 semantically
overlapping intents, where label strings alone are
insufficient, cluster grounding contributes substan-
tially more of the total improvement (§4.2). (iii) We
release the generated NLU++ and Multi>NLU++
descriptions to motivate further research on this
area.

2 Related Work

Intent discovery and taxonomy induction.
New-intent discovery has moved from embedding-
space methods (Chatterjee and Sengupta, 2020;
Zhang et al., 2022; Tang et al., 2024; Zhang et al.,
2024) to LLM-in-the-loop approaches. CLUSTER-
LLM (Zhang et al., 2023) uses LLM triplet feed-
back to refine embeddings for clustering; Dial-In
LLM (Hong et al., 2025) uses cluster-level binary
coherence evaluation to iteratively improve cluster
quality and trains a downstream single-label clas-
sifier on the result. Shah et al. (2025) use LLMs
to generate and validate intent taxonomies from
search logs, but focus on taxonomy structure rather
than discriminative descriptions for classification.
Huang and He (2025) cast text clustering itself as
LLM-based classification. These systems address
a different problem from ours: they focus on taxon-

omy discovery or cluster quality, whereas MOSAIC
assumes an existing taxonomy and uses cluster-
ing as a means to generate intent descriptions
for downstream multi-label classification. This de-
couples discovery (unsupervised, LLM-free) from
classification (description-driven, multi-label).

Intent descriptions for classification. Zero-shot
classification via natural-language label descrip-
tions was pioneered by Yin et al. (2019), who
frame it as textual entailment. Recent work con-
firms that richer descriptions substantially improve
zero-shot performance: Gao et al. (2023) show
that fine-tuning on label descriptions alone (no la-
belled examples) yields 17—19 pp gains over stan-
dard zero-shot models, while Kumar et al. (2024)
achieve further improvements with contextualized
label descriptions. Parikh et al. (2023) show that
short manually written descriptions improve single-
label zero-shot accuracy on MASSIVE (60 intents).
However, all of these approaches assume descrip-
tions are manually provided. As taxonomies
grow and evolve, manual description authoring be-
comes a bottleneck. MOSAIC addresses this gap by
automatically generating descriptions from cluster
evidence, reducing the need for human authoring.
Large language models have shown strong zero-
shot classification ability (Brown et al., 2020; Ye
et al., 2023), and chain-of-thought prompting (Wei
et al., 2022) further improves reasoning on com-
plex tasks. MOSAIC combines these ideas: it uses
CoT-prompted LLM classification with automati-
cally generated descriptions. A direct comparison
on MASSIVE would require extending it to multi-
label annotation; we therefore evaluate on NLU++
and its multilingual extension Multi*NLU++, the
largest public multi-label intent benchmarks avail-
able. To our knowledge, MOSAIC is the first system
to automatically generate intent descriptions from
data evidence and show that they exceed expert-
authored descriptions on a public multi-label bench-
mark.

Multi-label intent classification. Banking-
77 (Casanueva et al., 2020), MAS-
SIVE (FitzGerald et al.,, 2023), and

NLU++/Multi®*NLU++ (Casanueva et al., 2022;
Moghe et al., 2023) are standard benchmarks; the
first two are single-label. NLU++/Multi>NLU++
is, to our knowledge, the largest public multi-label
intent benchmark (60+ classes), making it the
natural testbed for description-driven classification.
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3 System

Terminology. An intent category is a semantic
class in the taxonomy, while an intent label is its
name, such as cancel_close_leave_freeze. An
intent description is a short natural-language speci-
fication of the category’s scope.

MOSAIC has three components sharing a single
compliant ingestion path (Fig. 1): a discovery loop
that keeps the taxonomy current (§3.1), a descrip-
tion generator that produces discriminative intent
specifications from cluster evidence (§3.2), and a
classifier that routes queries against the described
taxonomy (§3.3).

3.1 Discovery loop

Multilingual embedding and partitioned clus-
tering. Each query is embedded with a mul-
tilingual Sentence-BERT encoder (Reimers and
Gurevych, 2019)?, so semantically equivalent
queries in different languages collapse to nearby
points. The embedding pool is first partitioned with
K-Means (MacQueen, 1967) for scalability. Within
each partition, we then run iterative dbscan, a DB-
SCAN extension that uses a relaxed density sched-
ule (Ester et al., 1996). It iteratively extracts dense
clusters under successively looser thresholds. This
process extracts well-formed clusters first and re-
covers rare query patterns in later passes. Keeping
the LL.M out of this stage is critical at production
scale. Density-based clustering requires only O(C')
downstream LLM calls (where C' is the number of
discovered clusters) compared to O(N) calls for
LLM-in-the-loop methods.

LLM cluster labelling. For each candidate clus-
ter, we randomly sample representative utterances
and send them to an LLM for abstraction. The
LLM generates a short intent-like label that summa-
rizes the shared user need expressed by the cluster
and assigns a categorical confidence score based
on cluster coherence. The rubric is applied by the
LLM itself under an explicit instruction: High in-
dicates a clear dominant intent (> 70% of sam-
pled utterances agree), Medium indicates moder-
ate consistency (51-69% agreement), and clusters
without a majority intent are assigned no_intent
and discarded. On NLU++ EN, 343/368 (93.2%)
clusters receive High labels and 25/368 (6.8%) re-
ceive Medium; on Multi3NLU++ the distribution

*Production  encoder: sentence-transformers/

paraphrase-multilingual-mpnet-base-v2; see Ap-
pendix B.

is 93.7%/5.8%/0.6%. Random sampling is cho-
sen for scalability under fixed prompt-length bud-
gets; alternative strategies such as medoid-based or
diversity-aware selection are natural extensions and
we leave a systematic comparison to future work.
The confidence label is used only as an internal
selection gate for the description-generation stage:
Low-confidence clusters are filtered out to prevent
noisy evidence from influencing the generated de-
scriptions. It is not consumed by the classifier,
does not appear in intent descriptions, and does not
propagate to downstream classification decisions.
We use a three-level categorical score rather than
a scalar because it acts as a coarse filter, not a cali-
brated probability; calibrated scalar confidence is
an interesting extension we do not pursue in this
work.

3.2 Description generation

The cluster evidence accumulated during discovery
contains rich information about each intent’s scope.
The pipeline starts with zero human-authored de-
scriptions: each intent is seeded with its intent
category (underscores replaced by spaces, e.g., can-
cel_close_leave_freeze — “‘cancel close leave freeze”).
No expert ontology text enters the loop. We
then generate discriminative intent descriptions
(short natural-language specifications grounded
in observed usage) in two separate LLM calls.
(1) Cluster-grounded identification: The first
LLM call processes cluster summaries in batches.
For each batch, it identifies the intents supported by
the cluster evidence and proposes or refines a de-
scription for each affected intent. Because a single
intent may be supported by many clusters, its de-
scription is updated incrementally as evidence accu-
mulates across the full run. (2) Mutual-exclusivity
refinement: a second LLM call jointly rewrites the
minimum subset of descriptions needed to reduce
semantic overlap and enforce mutual exclusivity
between closely related intents, preventing confu-
sion between semantically adjacent categories. The
resulting descriptions are generated entirely auto-
matically. As we show in §4.2, they recover the
vast majority of expert quality on production data
(micro-F1) and significantly outperform expert de-
scriptions on most metrics on a public benchmark.

Implementation details. The description gen-
erator uses GPT-4.1 (long-context deployment)
for the main results in Table 1, and Llama-3.1-
70B-Instruct for the open-weight evaluation in
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Figure 1: End-to-end MOSAIC flow. The discovery loop embeds multilingual queries, clusters with density based
clustering algorithm, and uses LLM labelling to identify intents. The description generator produces intent
descriptions grounded in cluster evidence. The multi-label classifier routes queries against the taxonomy using
intent labels and descriptions. Taxonomy updates are human-gated. The numbered edges indicate the execution
order: (1) ingest queries — (2) register newly discovered intents in the taxonomy — (3),(®) feed cluster evidence and
intent labels to the description generator — (5) commit refined descriptions back to the taxonomy (human-gated) —
(6 publish taxonomy + descriptions to the classifier — (7) route user queries — (8) emit labels with confidence

SCOres.

§4.7. Both use temperature 0.1 and max_tokens =
8,192. The generator sees only train-fold cluster
summaries and intent labels; test utterances are
never seen during clustering or description gener-
ation. Note that while the classifier is zero-shot
with respect to labelled examples, the description
generator uses unsupervised cluster summaries de-
rived from unlabelled in-domain data. The overall
pipeline is more accurately characterised as unsu-
pervised description induction rather than purely
zero-shot. Each cluster summary contains an ab-
stract label (a short phrase assigned by the LLM)
and the cluster’s quality rating; raw utterances are
not passed to the description generator. The gener-
ator’s direct contribution from clusters, is mapping
intent labels to the correct super-category (e.g., de-
ciding whether international should be categorised
under “events or actions” vs. “items, services, or
accounts”). The two-pass pipeline requires approx-
imately Npaches + 1 LLM calls. Generated de-
scriptions are concise, averaging 9 words in length.
Template-based descriptions uniformly follow the
form is the intent about <PLACEHOLDER>?,
whereas freeform descriptions allow more flexible
wording while remaining length constrained.

3.3 Multi-label classification

For each query, a single LLM call receives the
full taxonomy (intent categories and/ or descrip-
tions) and returns the set of applicable labels with
per-label confidence (high / medium / low). De-
scriptions disambiguate labels that share surface-
level names and anchor relevance judgements in
cluster-grounded evidence. |C|~ 140 labels and
description prompt fits within the model’s context
window, eliminating the need for a retrieval stage.

4 Experiments

4.1 Production evaluation

We evaluate on a held-out, human-labelled judge-
ment set of N =1,652 production queries stratified
across K =140 active taxonomy classes including
the long tail (54 classes with < 5 gold items, 46
with 620, 22 with 21-50, 15 head classes with
> 51, and 3 with no evaluated items). The set is
genuinely multi-label: gold annotations average
2.01 labels per query. Ten trained expert reviewers
with product context performed the annotation; an-
notators saw 10 LLM-generated candidate labels
per query and could additionally add any miss-
ing label from the full taxonomy. We measured
consistency on a 100-query subset and observed
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an approximately 2:1 agreement-to-disagreement
ratio. Full annotation protocol is described in Ap-
pendix A.

4.2 Description quality: the central result

We evaluate description quality on two settings:
the public NLU++ (Casanueva et al., 2022) and
Multi3NLU++ (Moghe et al., 2023) benchmarks
(62 intents, multi-label, four languages), and a held-
out production judgement set (140 classes, ~1,650
queries). In all settings, we compare description
sources: intent category only, expert written de-
scription, and MOSAIC generated description; hold-
ing the classifier prompt and LLM fixed. We
compare two description writing styles. The tem-
plate based style is motivated by the question style
descriptions used in NLU++ and Multi*NLU++
dataset. The freeform style is length constrained
and reflects the description format used in our pro-
duction taxonomy. Table 1 reports the results for
all description sources and evaluation settings. We
use micro-averaged precision, recall, and F1 as pri-
mary metrics because they weight every (query,
label) prediction equally, reflecting overall system
accuracy in production routing where each label
assignment triggers a downstream action. We com-
plement these with macro-averaged precision and
recall to verify that gains are not concentrated on
frequent intents.

Public benchmarks. On NLU++ English, gen-
erated descriptions with the question-template out-
perform expert descriptions on micro-F1 (77.9 vs.
75.2), and paired bootstrap tests confirm signifi-
cance (Appendix C). The key difference is that
expert descriptions are written generically from do-
main knowledge (e.g., “is the intent to ask about
something related to a transfer, payment or de-
posit?”), while cluster-grounded descriptions are
anchored in observed usage patterns. This ground-
ing makes them more discriminative, substantially
improving precision (76.8% vs. 69.8%) with only
a small recall trade-off (79.2% vs. 81.7%). On
the four-language Multi*NLU++ pool, the same
English-induced descriptions transfer across lan-
guages with consistent gains over intent label only
baselines.

We evaluate on the non-empty gold-label subset
of NLU++ EN (N =264 of 302), because standard
multi-label metrics are undefined on queries with
no gold labels. Consequently our numbers are not
directly comparable to prior work that reports on

Micro Macro
Configuration P R FI P R AFI

GPT-4.1 backbone
intent label only
Label + LLM desc. (from label)

Dataset

73.1 737 734 775 850 —
71.5 79.5 75.3 788 853 +1.9
Label + LLM desc. (clusters, template) 76.8 79.2 77.9 80.6 87.6 +4.5

NLU++ Label + LLM desc. (clusters, freeform) 76.9 68.8 72.6 82.1 81.1 —0.8

(N =264) Label + expert desc. (human) 69.8 81.7 75.2 79.1 86.2 +1.8
Llama-3.1-70B-Instruct backbone
intent label only 37.2 62.3 46.6 43.6 723 —
Label + LLM desc. (from label) 53.9 66.6 59.6 64.8 77.3 +13.0
Label + LLM desc. (clusters, template) 53.6 70.1 60.7 64.6 79.3 +14.1
Label + LLM desc. (clusters, freeform) 54.2 65.5 59.3 61.2 76.2 +12.7
Label + expert desc. (human) 54.5 679 60.5 649 78.5 +13.9
GPT-4.1 backbone
intent label only 714 71.8 71.6 73.6 81.7 —
Label + LLM desc. (from label) 70.3 78.6 74.2 76.2 82.8 +2.6
Multi*NLU++ Label + LLM desc. (clusters, template) 72.3 79.1 75.6 76.4 84 +4.0

Label + LLM desc. (clusters, freeform) 75.1 64.8 69.6 80.0 743 —2.0

(@lang,, N=1056) | 00) | cxpert dese. (human) 69.8 80.0 74.6 77.1 837 +3.0

Llama-3.1-70B-Instruct backbone

intent label only 31.2 51.9 39.0 379 596 —
Label + LLM desc. (from label) 43.4 545 48.3 563 61.1 +9.3
Label + LLM desc. (clusters, template) 48.3 57.0 52.3 58.8 632 +13.3
Label + expert desc. (human) 47.7 57.7 522 60.0 64.2 +13.2

GPT-4.1 backbone
intent label only

Internal 43.1 41.0 42.0 38.6 41.5 —

(K =140, Label + LLM desc. (from label) 46.7 39.9 43.0 43.3 389 +1.0
101ang., Label + LLM desc. (clusters, template) 50.6 42.5 46.2 42.4 38.9 +4.2
N=1,652) Label + LLM desc. (clusters, freeform) 50.6 49.1 49.8 41.2 41.6 +7.8

Label + expert desc. (human) 53.7 48.1 50.7 44.7 42.1 +8.7

Table 1: Description-source ablation across public and
internal benchmarks. All rows within a backbone use
the same classifier prompt and LLM; only the intent de-
scriptions differ. Public benchmark results are computed
on items with non-empty gold labels (N =264 of 302
for NLU++ EN). AF1 = micro-F1 gain over intent label
only baseline. Bold indicates best per column within
each (dataset, backbone) block. Significance tests for
the Llama backbone are reported in Table 2.

the full release, and expert descriptions are taken
verbatim from the NLU++ dataset release without
modification. Our goal is to isolate the effect of
description source under a fixed zero-shot classifier
rather than to establish a new state of the art; fine-
tuned systems with access to labelled training data
remain above our zero-shot ceiling.

Production. The benefit of descriptions grows
with task complexity. On NLU++ (62 intents, short
utterances), intent labels alone already achieve
reasonable performance. On production data
(140 classes, complex multi-intent queries, ~1,650
evaluated), the gap between intent label only (uF1
= 42.0) and expert descriptions (uF1 = 50.7)
widens substantially, confirming that descriptions
are essential for complex tasks.

4.3 Template vs. freeform descriptions

Description format interacts with taxonomy
scale. We compare template (is the intent
about <PLACEHOLDER>?) vs. freeform (uncon-
strained natural language) styles. At 62 intents
(NLU++), the template wins on F1: pF1 77.9
vs. freeform 72.6. However, freeform achieves
the highest micro-precision across configurations
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32.5% (37)

Tie 17.5% (20)

Figure 2: Blind side-by-side adjudication over 114 judg-
ments with three reviewers. Reviewers selected the bet-
ter label set without knowing which system produced it.

(76.9%, matching template’s 76.8%), with a recall
trade-off (68.8% vs. 79.2%). On Multi*NLU++,
the same pattern holds: freeform precision (75.1%)
exceeds template (72.3%) but recall drops (64.8%
vs. 79.1%). At 140 classes (production), the pat-
tern reverses: freeform recovers most of the expert
gap (49.8 vs. 50.7), while template falls behind
(46.2). The rigid template aids discrimination at
small scale with simpler class definition but be-
comes restrictive at large scale, where the LLM
needs expressive freedom. Table 7 provides the
full ablation across five configurations: intent la-
bels alone, LLLM-generated template descriptions
from intent labels, LL.M-generated template de-
scriptions from cluster evidence, LLM-generated
freeform descriptions from cluster evidence, and
expert-written descriptions. This design separates
the effect of description format from the effect of
cluster grounding.

Per-intent analysis. Generated descriptions de-
liver the largest gains on ambiguous multi-
stem names (e.g., international +26.7pp, can-
cel_close_leave_freeze +5.2 pp) and regress on 9 of
62 simple names where the super-category phrase
introduces confusion with neighbours.

4.4 Side-by-side adjudication

Gold-label noise. Automatic metrics against a
fixed gold set can conflate system errors with miss-
ing or incomplete gold labels (Northcutt et al.,
2021; Plank, 2022). Among the 145 labels counted
as false positives for the MOSAIC-generated de-
scriptions, 71% were also predicted by the same
classifier when using expert-written descriptions.
This suggests that many scored false positives are
plausible labels missing from the gold set rather

than clear system errors.

Blind comparison. In a blind side-by-side study,
three annotators compared the label sets produced
using generated descriptions and expert written de-
scriptions. Annotators preferred the labels pro-
duced with generated descriptions in 51.9% of
judgments on NLU++ EN (p = 0.73) and 60.6%
on production data (p = 0.04; Fig. 2). A consensus-
corrected evaluation, in which a predicted label is
added to the gold set when two of the three systems
agree on it, raises micro-F1 from 77.9 to 87.5 (Ta-
ble 4). Because all systems share the same LLM
backbone, this figure is best interpreted as an upper
bound on the effect of incomplete annotation rather
than as a corrected estimate of true performance;
the +2.4 pp gap between generated and expert de-
scriptions is stable across the original and corrected
gold sets.

4.5 Discovery validation

We validate clustering on Banking-77, CLINC-150,
and MASSIVE (Appendix H). With SBERT, Mo-
SAIC reaches 81-92% of the best published NMI
from LLM-in-the-loop methods while keeping clus-
tering entirely LLM-free. Importantly, SBERT re-
covers most gold intents as majority labels of at
least one cluster (72/77 on Bank-77, 150/150 on
CLINC, 54/60 on MASSIVE), confirming that the
cluster evidence for nearly every intent is presented
to the LLM labeller. In production, the monthly cy-
cle discovers 5—-15 candidates, of which ~2 survive
human review.

4.6 Deployment and operational context

MosAIC has processed 200K+ classified queries
over 12 months. Classification uses GPT-4.1 (long-
context deployment) in a single LLM call (~3,500
input tokens, 2-5s p95 latency). The end-to-end
cost per taxonomy revision includes: compute
for embedding and clustering the query pool, fol-
lowed by ~40 LLM calls for description generation
(~$0.50 in LLM API cost). The total pipeline com-
pletes in under 30 minutes, replacing 2-4 weeks of
manual curation.

In production, MOSAIC serves as a human-
gated taxonomy management tool. The pipeline
proposes new candidate intents with generated de-
scriptions and updates descriptions for existing in-
tents, while domain experts review and approve
changes before they enter the live taxonomy. This
workflow reduces expert effort from full ontology
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Comparison (NLU++, Llama) A 95% CI p
Label-derived — Label-only (uF1) +13.0 [+10.2,+415.8] <.001***
MOSAIC — Label-derived (Recall) +3.5  [+1.0, +6.1] .007**
MosAIC — Label-derived (Precision) —0.3 [—3.0, +2.3] .79
MosAIC — Expert (uF1) 4+0.3  [—2.5, +3.1] .86

Table 2: Paired bootstrap significance tests (10K resam-
ples) on the NLU++ open-weight reproduction. M0O-
SAIC refers to the cluster-grounded template variant,
which is the strongest Llama-authored configuration in
Table 1.

curation to targeted review, enabling the taxonomy
to keep pace with a rapidly evolving product and
user needs.

4.7 Open-weight validation

To confirm the results are not tied to a single
proprietary LLM, we reproduce the full pipeline
(description generation and classification) using
Llama-3.1-70B-Instruct (Grattafiori et al., 2024),
an open-weight, self-hostable model. Numerical
results appear in the Llama backbone blocks of
Table 1; the cluster-grounded template variant of
MOsSAIC is the best-performing description source
on both NLU++ (60.7) and Multi®NLU++ (52.3),
slightly exceeding expert-written descriptions in
both cases. The freeform variant was only re-
produced on NLU++ EN because multilingual
Llama freeform descriptions were not generated
in this study; on NLU++ it trails the template
variant (59.3 vs. 60.7 uF1), consistent with the
GPT-4.1 finding that freeform underperforms on
smaller public benchmarks. Paired bootstrap sig-
nificance tests (Table 2) show that (i) descriptions
provide the dominant improvement (413.0 pp,
p<.001); (ii) cluster grounding contributes a signif-
icant 3.5 pp recall gain over label-derived descrip-
tions (p=.007) with no precision loss; and (iii) MO-
SAIC (template) is statistically indistinguishable
from expert-written descriptions (p=.86).

5 Conclusion

MosAIC is a deployed system for human-gated
taxonomy management in large-scale intent classi-
fication. It automates manual ontology curation by
generating and updating intent descriptions from
cluster-level evidence. Rather than replacing expert
judgment, MOSAIC shifts expert effort from man-
ual ontology authoring to reviewing and updating
generated candidate intents and descriptions. We
evaluate description quality through downstream
classification against expert-written descriptions

and multiple generated-description baselines, in-
cluding descriptions generated from intent labels
alone.

Our experiments show that high-quality descrip-
tions are important for reliable large-taxonomy clas-
sification. Automatically generated descriptions
consistently outperform intent-label-only classifi-
cation. They also approach or exceed the qual-
ity of expert-written descriptions across both pub-
lic benchmarks and production settings. We find
that cluster grounding provides useful signal be-
yond what an LLM can infer from intent labels
alone. We also find that the best description format
depends on taxonomy scale. Template-based de-
scriptions work best on smaller public benchmarks,
while freeform descriptions are more effective in
the larger production taxonomy.

In production, MOSAIC reduces taxonomy re-
vision time from an estimated 2-4 weeks to under
30 minutes. The full pipeline: embedding, clus-
tering, LLLM-based cluster labeling, description
generation and refinement runs entirely inside a
compliant environment. This makes MOSAIC a
practical solution for maintaining evolving intent
taxonomies. Experts remain in control of taxonomy
changes, while the system automates the costly
process of generating and updating discriminative
intent descriptions.

Limitations

Our evaluation includes one production deploy-
ment with a large intent taxonomy, so the results
may not fully generalize to other products, domains
or smaller taxonomies. Although we evaluate on
public benchmarks, these datasets are smaller than
our production setting and may not capture the
same taxonomy drift, multilingual traffic and multi-
intent behavior observed in deployment.

The quality of the expert-description baseline is
another limitation. Some NLU++ intent labels and
expert descriptions are relatively generic, so a more
carefully optimized human-written baseline might
narrow the gap between generated and expert-
written descriptions. In addition, our strongest pro-
duction comparison combines cluster grounding
with freeform description style, so it does not fully
separate the contribution of cluster evidence from
the contribution of description format. We include
a controlled 2x2 factorial ablation on public bench-
marks to isolate these factors, but an equivalent full
factorial ablation on production data remains future
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work.

Description style also interacts with taxonomy
scale. Template-based descriptions perform best on
the public benchmarks with 62 intents, but they un-
derperform freeform descriptions in the production
taxonomy with 140 intent classes. This suggests
that a single fixed description format may not be
optimal across taxonomies and motivates adaptive
formatting as future work.

The primary results in Table 1 rely on a propri-
etary LLM (GPT-4.1), which limits full third-party
reproducibility. We mitigate this by reproducing
the pipeline on an open-weight Llama-3.1-70B-
Instruct backbone (§4.7), where the same quali-
tative ordering holds and MOSAIC descriptions
remain statistically indistinguishable from expert-
written descriptions. Extending the reproduction
to additional open-weight families (e.g., Qwen)
remains valuable future work. Finally, we evalu-
ated MOSAIC only on intent classification. The
workflow itself is task-agnostic: any downstream
task guided by natural-language label descriptions
(entity typing, slot filling, topic classification, prod-
uct categorization, hierarchical classification) could
plausibly benefit from usage-grounded description
generation. We leave empirical validation on such
tasks to future work. We have not evaluated robust-
ness with weaker base models, and the classifier
confidence scores remain uncalibrated.
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A Annotation protocol

For the internal production evaluation, the judg-
ment set was annotated by 10 trained reviewers
with product context. For each query, annotators
were shown 10 LLM-generated candidate intent
labels and asked to mark all applicable candidates.
They then inspected the full taxonomy to add any
missing labels not present in the candidate set.
We measured annotation consistency on a 100-
query subset, obtaining an approximately 2 : 1
agreement-to-disagreement ratio.

For the side-by-side evaluation study, reviewers
were shown the same query together with two un-
ordered sets of predicted intent labels. One is from
the generated-description system and another one
is from the expert-description system. The source
of each label set was hidden. Reviewers selected
the better label set or marked the comparison as a
tie when both outputs were equally appropriate.

B Clustering configuration

The clustering procedure runs in five
outer stages with distance thresholds
0.12,0.25,0.30,0.40,0.50 and  correspond-

ing min-samples values 25,10, 10, 8,8. Within
each stage, the inner loop runs for at most 100 it-
erations. We set dqist = 0.01, dmin—samples = —1,
and an oversize-cluster cap of 500 utterances.

C Bootstrap CIs and significance tests

All intervals use 10K bootstrap resamples; p-
values are paired bootstrap (same resampled in-
dices for both systems).

Metric LLM (clusters, templ.) Expert (human) p (LLM > Exp.)

NLU++ EN (N =264)

Exact match .367 [.311,.428] 307 [.254,.364] .017*

Micro-F1 ~ .779 [.751,.806] 752 [.726,.778] .006™*
Macro-F1 817 [.746,.829] 799 [.725,.808] .062
Sample-F1 .764 [.733,.795] 737 [.706,.768] .015*

Multi*NLU++ (N =1,056)

Exact match .330 [.301,.360] .288[.261,.315] <.001***

]
Micro-F1 756 [.741,.770] 746 [.732,.759] .032*
Macro-F1 781 [.761,.794] 777 [.758,.790] .280
Sample-F1 .743 [.727,.759] 732 [.716,.747] .025*

Table 3: Bootstrap 95% Cls and paired p-values. MO-
SAIC-generated descriptions significantly outperform
expert on micro-F1, sample-F1 (*p < .05, **p < .01,
**p<.001).

D Consensus-corrected evaluation

Automatic evaluation against a fixed gold set can
penalize plausible labels that are missing from the
annotation. To estimate the effect of this noise,
we construct a consensus-corrected gold set for
NLU++ EN. A predicted label is added to the gold
set when at least two of the three systems agree
on it. This correction raises micro-F1 for all sys-
tems, but the gap between generated and expert
descriptions remains stable at 4+-2.4,pp. Since all
systems share the same LLM backbone, this analy-
sis should be interpreted as an upper bound rather
than a replacement for human re-annotation.

Configuration Original 4F1  Corrected p/F1 A

LLM (clusters, template) 719 87.5 +9.6
Expert (human) 75.2 85.1 +9.8
intent label only 734 83.1 +9.7

Table 4: NLU++ EN micro-F1 under the original and
consensus-corrected gold sets.

E Per-language classification

Table 5 breaks down Multi>NLU++ micro-F1 by
language. English-generated descriptions transfer
consistently across all four languages, with cluster-
grounded template descriptions achieving the best
micro-F1 in three of four languages and within
0.2 pp of expert on Amharic. Amharic shows the
smallest gains, consistent with its typological dis-
tance from English.

Config English Spanish Marathi Amharic All
intent label only 73.9 69.9 73.7 69.0 71.6
LLM desc. (from label) 75.3 73.9 76.2 717 742

LLM desc. (clusters, template) ~ 77.3 76.1 77.3 71.7  75.6
LLM desc. (clusters, freeform) 71.3 69.2 70.6 67.3 69.6
Expert desc. (human) 75.3 74.3 76.8 719 746

Table 5: Per-language micro-F1 on Multi3NLU++.
Cluster-grounded template descriptions match or out-
perform expert in three of four languages (Ambharic is
a tie within 0.2 pp). Freeform descriptions consistently
underperform intent-label-only across all languages.

F Description examples

Table 6 shows representative intent descriptions
generated from cluster evidence. We compare ex-
pert descriptions with template-based and freeform
generations to illustrate how the two styles differ
in specificity and naturalness.
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# Intent Cluster Evidence Expert

Generated (template) Generated (freeform)

1 cancel close leave Cl: cancel appointment
freeze C2: cancel reservation
C3: cancel loan
C4: cancel room booking
...(10 clusters)

is the intent asking about can- is the intent about cancel, Requests to cancel, close,
celing or closing something? close, leave, or freeze items, leave, freeze, or block an ac-

services, or accounts? count, card, item, booking, or

service.

2 international Cl:
drawal abroad
C2: ask about using bank ser- tional issues?
vices abroad

ask about atm with- is the intent to ask about is the intent about interna- Confirming or stating that
something related to interna- tional items, services, or ac- something is international,

counts? such as a card, payment, or

transfer.

%)

transfer payment de- Cl: inquire payment status

is the intent to ask about is the intent about transfer, Requests or actions to trans-

posit C2: inquire payment timing something related to a trans- payment, or deposit events or fer, send, or deposit money be-

C3: make payment to person fer, payment or deposit?

C4: make top up
(5 clusters)

actions? tween accounts or to a person.

4 how much (no clusters)

is the intent asking about is the intent about how much Questions about cost, price, or
some quantity or how much? amounts, prices, or values?

amount for services, items, or
events.

Generated description regresses

5 more higher after (no clusters)

is the intent to indicate some- is the intent about more, more higher after

thing more, higher, after or higher, or after amounts,

increasing?

prices, or values?

Table 6: Description examples on NLU++ with cluster evidence. Template descriptions preserve all underscore
stems and anchor to super-categories; freeform descriptions are more natural but variable. Intents with cluster
evidence (top 3) get more specific descriptions; those without (bottom 2) rely on name-only inference. The last row
shows a regression where the template narrows scope to financial amounts.

G Description ablation

We isolate the contributions of the question-
template format and cluster grounding with a 2 x2
factorial ablation (Table 7).

NLU++ EN Multi*NLU++
Configuration o3t P/R uF1 P/R
intent label only 734 731/737 71.6 714/71.8
+ LLM desc. (clusters, freeform) 72.6 76.9/68.8 69.6 75.1/64.8
+ LLM desc. (label, template) 753 71.5/795 742 703/78.6
+ LLM desc. (clusters, template) 77.9 76.8/79.2 75.6 72.3/79.1
+ Expert desc. (human) 752 69.8/81.7 74.6 69.8/80.0

Table 7: Description ablation on NLU++ EN and
Multi®NLU++ (non-empty gold). Freeform achieves
the highest micro-precision (76.9% EN) but lower recall
(68.8%), resulting in lower F1 (—0.8 pp EN, —2.0 pp
Multi?NLU++ vs. intent-label-only). In precision-
critical production settings, freeform may be preferred
despite lower F1.

Two findings emerge. First, description format
strongly affects the precision-recall trade-off. On
the public benchmarks, template-based descrip-
tions achieve the best F1, while freeform descrip-
tions are more precise but substantially less recall-
oriented. This suggests that a fixed question tem-
plate provides useful activation cues for consistent
multi-label prediction at smaller taxonomy scale.
However, the production results in Table 1 show
the opposite pattern: at 140 classes, freeform de-
scriptions outperform the template format. This

indicates that the optimal description format de-
pends on taxonomy scale.

Second, cluster grounding provides signal be-
yond what an LLM can infer from intent labels
alone. Within the fixed-template setting, adding
cluster-derived evidence improves micro-F1 from
75.3 to 77.9 on NLU++ EN and from 74.2 to
75.6 on Multi>NLU++. This comparison holds
the LLM, prompt structure and description format
fixed; the only difference is whether cluster evi-
dence is provided. The consistent gains across both
datasets support the claim that cluster grounding
contributes useful information for description gen-
eration.

H clustering Result

We evaluate intent discovery on public benchmarks
using KMeans partitioning with K = [N/5000]
on the train splits, followed by density-based clus-
tering stage. We report NMI, purity and majority-
label coverage. Coverage measures whether each
gold intent is surfaced by at least one discovered
cluster. Formally, coverage is the fraction of gold
intents that appear as the majority label of at least
one discovered cluster. This metric is useful in our
setting because clusters are used as evidence for
downstream LLM labeling and description genera-
tion, not as the final classifier.

As shown in Table 8, SBERT recovers most gold
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intents as majority labels of at least one cluster:
72/77 on Bank-77, 150/150 on CLINC, and 54/60
on MASSIVE. Although MOSAIC does not match
LLM-in-the-loop methods on NMI, it keeps clus-
tering LLM-free while still surfacing evidence for
nearly every intent.

Dataset Method NMI Pur. Cov.
- ClusterLLM' 852 - -
o Dial-Inf 823 - -
g MoSAIC (mBERT) 47.5 36.8 77/77

MOosAIC (SBERT) 73.1 75.5 72/77

ClusterLLM' 940 - -
2 Dial-In' 94.1 - -
o MosAIc (mBERT) 59.7 52.9 150/150

MOSAIC (SBERT) 76.6 84.1 150/150
v Dial-In’ 781 - -
§ Mosaic (mBERT) 52.7 51.1 53/60

MosAIC (SBERT) 71.6 80.0 54/60

Table 8: Intent discovery results on public benchmarks.
T denotes published numbers from prior LLM-in-the-
loop clustering methods. Cov. = majority-label cover-
age.
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