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Abstract

Fine-grained intent detection becomes brittle
as label spaces expand with many semanti-
cally adjacent intents. Although large language
models (LLMs) can synthesize labeled utter-
ances to reduce annotation cost, the resulting
pseudo data are often ambiguous across in-
tents and repetitive within intents. Existing
synthesis pipelines mainly rely on prompt en-
gineering and filtering, without updating gen-
erator parameters. We propose a preference-
aligned synthesis framework that automatically
mines supervision to optimize the generator.
Each intent is represented by multi-centroid
prototypes, and block-conditioned generation
supports diversity-aware candidate construc-
tion. From these candidates, we build pre-
ferred blocks that are both prototype-consistent
and diverse, and rejected blocks composed of
confusable negatives from neighboring intents.
These preference pairs are used to optimize the
generator with Direct Preference Optimization
(DPO), together with iterative refresh to mine
harder confusions over time. Experiments show
consistent gains for downstream intent classifi-
cation in zero-shot and few-shot settings, while
remaining competitive in fully supervised set-
tings. We further observe improved generator
reliability and strong transfer across multiple
backbone LLM families.

1 Introduction

Intent detection aims to infer a user’s goal from an
utterance by assigning it to an intent label, and re-
mains a core component of spoken and text-based
natural language understanding systems (Coucke
et al., 2018; Weld et al., 2022). Its importance is
further increasing in LLM-based agents, where in-
tent understanding supports action selection, plan-
ning, and tool use across multi-turn interactions
(Li, 2025; Qian et al., 2024; Tang et al., 2025; Kim
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et al., 2024). In practice, however, intent classi-
fication rarely operates in a fixed label space: in-
tent inventories continually expand and become
more fine-grained, while collecting labeled data
for emerging intents remains costly. This makes
generalized zero-shot and few-shot intent detection
increasingly important (Zhang et al., 2021).

To alleviate data scarcity, recent work has ex-
plored Large Language Models (LLMs) as genera-
tors of pseudo-labeled training samples for down-
stream classifiers (Ye et al., 2022). Yet fine-grained
intent synthesis remains difficult for two reasons.
First, inter-class semantic overlap makes closely
related intents hard to separate, so LLMs may miss
subtle distinctions and generate ambiguous utter-
ances that blur decision boundaries. Second, intra-
class homogeneity causes LLLMs to overproduce
high-probability generic patterns, resulting in repet-
itive and lexically narrow samples that limit down-
stream generalization. Existing remedies mainly
rely on prompt engineering or iterative prompting
(Zhang et al., 2025). While useful, such meth-
ods steer generation only at inference time and
do not directly update the generator parameters,
so their improvements are often limited or unsta-
ble. Moreover, classifier accuracy alone does not
fully reveal whether the generator itself produces
reliable synthetic data, especially in true zero-shot
settings where labeled validation data are unavail-
able. This calls for a synthesis framework that
improves the generator at the parameter level and
a generator-level signal that can monitor synthesis
quality during iterative refinement.

To address this problem, we move from prompt-
only steering to preference-aligned synthesis with
automatically mined supervision with automati-
cally mined supervision. Our framework maintains
an intent-specific anchor set and derives multiple
prototypes to capture diverse valid realizations of
the same intent, rather than relying on a single
semantic center. The generator then produces ut-
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terance blocks, from which we mine prototype-
consistent and non-redundant preferred samples as
well as confusable hard negatives from neighbor-
ing intents. These preferred/rejected pairs are used
to optimize the generator with Direct Preference
Optimization (DPO) (Rafailov et al., 2023), allow-
ing the model to directly contrast diverse in-class
positives against boundary-challenging negatives.
We further introduce iterative preference refresh,
which periodically regenerates candidates and re-
mines preference pairs as the generator improves.
In addition, we use generator-level evaluation to
monitor synthesis reliability and determine when
further refresh rounds cease to be beneficial.

Experiments on three benchmarks show that the
proposed framework consistently improves intent
classification under zero-shot, few-shot, and full-
shot settings over strong prompting and augmen-
tation baselines. The gains are accompanied by
better generator reliability, and they transfer across
multiple backbone LLM families, suggesting that
the benefit does not depend on a single generator
architecture.

Our main contributions are as follows:

* We propose a preference-aligned synthesis
framework that updates the generator with au-
tomatically mined preference supervision for
fine-grained intent synthesis.

* We design a diversity-aware positive mining
and confusability-aware negative mining strat-
egy, and optimize the generator with DPO and
iterative preference refresh.

* Experiments on three benchmarks show con-
sistent gains in zero-/few-shot intent classifica-
tion, improved generator reliability, and trans-
ferability across multiple LLM backbones.

2 Related Work

2.1 Low-Resource Fine-Grained Intent
Detection

Low-resource intent detection focuses on zero- and
few-shot intent recognition with scarce labeled data.
Early studies mainly improved discriminative mod-
els through label semantics, natural language infer-
ence (NLI)-style reformulation (Chen et al., 2016;
Zhang et al., 2020), or episodic meta-learning (Finn
et al., 2017; Snell et al., 2017). Recent work
increasingly adopts instruction- and generation-
based formulations, including hybrid systems that

combine small task models with LLMs for im-
proved low-resource performance (Zhang et al.,
2024; Chen and Wang, 2025). For fine-grained in-
tent spaces with high semantic overlap, differential
prompting and contrastive feedback generation re-
duce near-miss confusions by modeling inter-class
relations (Zhang et al., 2025). In contrast, we align
an LLM data generator via automatically mined
preferences to produce intent-faithful yet diverse
utterances, complementing these approaches.

2.2 LLM-Based Data Synthesis for Intent
Classification

LLMs have been widely used to synthesize pseudo-
labeled data for training intent classifiers under lim-
ited supervision (Yoo et al., 2021; Ye et al., 2022).
Most approaches keep the generator frozen and rely
on prompt engineering with heuristic filtering or
iterative refinement (Chen and Shu, 2023; Madaan
et al., 2023). More recent work improves synthetic
data through multi-stage generation, parameter-
efficient fine-tuning (PEFT), or diversity-oriented
augmentation (Lin et al., 2024; Patwa et al., 2024;
Wang et al., 2025). For fine-grained intents, differ-
ential generation with contrastive feedback explic-
itly mitigates boundary errors (Zhang et al., 2025).
Our method instead performs parameter-level pref-
erence alignment using prototype-aligned positives
and weighted hard negatives to address both inter-
class overlap and intra-class homogeneity.

2.3 Preference Optimization for LLM
Alignment

Preference optimization aligns LLMs from com-
parative feedback, popularized by reinforcement
learning from human feedback (RLHF) pipelines
(Christiano et al., 2017; Ouyang et al., 2022). Di-
rect Preference Optimization (DPO) learns directly
from preference pairs with a classification-style
objective, avoiding explicit reward modeling and
on-policy reinforcement learning (RL) (Rafailov
et al., 2023); subsequent variants adjust preference
modeling assumptions or reduce complexity (Hong
et al., 2024; Amini et al., 2024), and preference
data can be scaled via Al feedback (Bai et al.,
2022; Lee et al., 2023). While most work targets
general assistant behaviors, we use preference op-
timization to align a task-specific generator for
fine-grained intent data synthesis by automatically
mining structured positive/negative blocks that en-
code boundary-safe yet diverse realizations.
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Figure 1: Overview of our preference-aligned synthesis framework. At each refresh round, the current generator
produces intent-conditioned candidate blocks. Intent prototypes are used to construct diverse preferred blocks
and cross-intent confusable rejected blocks, which form preference pairs for DPO. The updated generator then
starts the next refresh round. After generator-side reliability stops improving, the aligned generator synthesizes
pseudo-labeled data for downstream classifier training. Optional real examples are used only to post-train the

classifier and never enter generator alignment.

3 Methodology

3.1 Problem Formulation

Let X denote the space of user utterances and C
the set of intent labels. Given an utterance x € X,
the task is to predict its intent y € C. At test time
we observe unlabeled utterances Dieg = {z; };”:1
Optional labeled supervision is denoted as D; =
{(xi,yi)}7—,, where n < m (few-shot) orn = 0
(zero-shot). Each intent ¢ € C is associated with a
natural-language descriptor d.

3.2 Method Overview

Our method separates generator alignment from
downstream classifier training (Figure 1). For each
intent c, an anchor set contains its descriptor and
reliable generated utterances; clustering their em-
beddings gives multi-centroid prototypes that repre-
sent different valid realizations of the intent. At re-
fresh round r, the current generator ’/Tér) produces /-
utterance candidate blocks. Prototype-aligned and
non-redundant candidates are repacked as preferred
blocks, whereas utterances generated for other in-
tents but highly similar to ¢ form rejected blocks.
Pairing the same intent instruction with a preferred
and a rejected block yields a DPO preference tuple.

The updated generator then regenerates candidates
and re-mines preferences. After generator-side reli-
ability stops improving, the final generator synthe-
sizes pseudo-labeled data for classifier f; optional
real examples are used only to post-train f.

3.3 Anchor Set

To formalize intent alignment, we construct an An-
chor Set for each intent c. While anchors originate
as text (e.g., utterances or short descriptors) in a
text-level set A, all subsequent operations are per-
formed in the embedding space. Specifically, a
frozen encoder e(-) : Text — R? maps these tex-
tual anchors to form the embedding-level anchor
set:

A, ={e(z) | z € A} Cc R% (1)

Zero-Shot Anchor Initialization and Refresh.
We initialize anchors from label semantics, where
d. is the label’s textual description used as anchor
text:

AD =y, = eld), A = ().
2

In later refresh rounds > 1, we update the anchor
to the semantic center of newly generated high-

e(d.),
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where ng) - gé” is a high-confidence subset.
Here norm(-) denotes standard ¢2-normalization.
Optionally, we append these texts to the anchor
set:
AT+ o AW o). (4)

Bootstrapping Drift and Mitigation. In the
zero-shot regime, building ’H((;T) from model gen-
erations may cause bootstrapping drift, where spu-
rious but frequent patterns bias MET). We miti-
gate drift by (i) mining cross-intent hard nega-
tives (Sec. 3.6) to form rejected blocks for DPO
(Sec. 3.7), suppressing boundary-confusable modes
under the updated policy; and (ii) applying diver-
sity control based on Maximal Marginal Relevance
(MMR) during anchor pruning and block construc-
tion so that no single mode dominates the bootstrap
signal. The formal definition of the MMR operator
is given in Appendix D.3.

Multi-Centroid Prototypes. When we maintain
multiple anchors per class, we cluster A, into k >
1 groups and obtain normalized centroids P, €
R¥*d_For any utterance z, its prototype similarity
to intent c is

max
Je{L’k}

We denote the mean prototype vector by

(e@.PP).

Sc<m) -

1 .
= - )
Pc = norm ’ g PEJ . (6)

If the anchor set ch grows large, we prune an-
chors with an MMR-based diversity filter in em-
bedding space; the full selection rule is deferred to
Appendix D.3.

3.4 Block-Conditioned Candidate Generation

Instead of generating single utterances indepen-
dently, we adopt a Block-Conditioned Generation
strategy where an /-utterance block is treated as the
atomic unit for both generation and optimization.

Let gpase denote the backbone generator and Z(c)
an intent-conditioned instruction. The model gen-
erates a block

U = [z1,...,2¢] ~ Pgy. (- | Z(c), Constraints)

(N

where the constraints enforce (i) intent-label con-
sistency, (ii) intra-block lexical/stylistic diversity,
and (iii) exclusion of overlapping sibling intents or
meta-data leakage.

Candidate Pool Construction. At refresh round
r, by repeating block generation a times, we obtain
a set of generated blocks {Ugt’” }¢_,. For mining
and retrieval, we use their flattened utterance pool

a

gg") — U U((:tﬂ“) — {xgrvj) ?fl’ ®)
t=1

where K = a - £. Any training instance used by
DPO is always packed back into an ¢-line block.

3.5 Prototype-Aligned Positives:
Diversity-Aware Preferred Blocks

From the candidate pool gé”, we mine multiple
preferred blocks {yjb}{,\i , for each intent c. Con-
structing M preferred blocks requires M ¢ positive
utterance slots, which are selected without replace-
ment from gé”. Although blocks are atomic dur-
ing generation/optimization, we may assemble a
preferred block by selecting ¢ utterances from the
pooled candidates and then packing them into an
¢-line block, which makes the preference signal
less sensitive to any single generated block’s local
artifacts.

Simply taking top-£ by s.(z) can be redundant,
so we use MMR with prototype similarity as rel-
evance; the generic operator is defined in Ap-
pendix D.3. Let Q. = G, Forb =1,..., M,
we define

¢+($) - SC(.’IJ),
y:b = PaCk(Sc,b)7

Sc,b = MMR(Qc,ba ¢+7€)7
Qc,b—i—l — Qc,b \ Sc,b'
©)
This sequential packing yields diverse prototype-
aligned positives within the same intent.

3.6 Confusability-Weighted Hard Negative
Reservoir

To sharpen fine-grained boundaries, we construct
a Confusability-weighted Hard Negative Reservoir
N., which serves as a cross-intent pool of highly
confusable negatives for forming informative re-
jected blocks. We first define an explicit confus-
ability weight from intent ¢’ to ¢ based on prototype
proximity:

exp (v (Pe'; Pe))
DezeeXp (7 (Pé Pe))’

w(d —c) =
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where vy > 0 controls the sharpness. Larger w(c —
¢) indicates that ¢’ is more confusable with c.

Reservoir Construction for Retrieving Cross-
Intent Confusable Negatives. For each source
intent ¢ # ¢, we first retrieve a top-(Q shortlist
from gé,” according to the target-intent similarity
S¢(+). Here,  controls only the per-source retrieval
depth. To construct M rejected blocks, we allocate
a total budget of M ¢ negative utterances across the
source intents proportionally to w(c¢’ — ¢), using
integer rounding and remainder redistribution. We
then merge the allocated candidates into NC(T). Full
allocation details are provided in Appendix B.3.

Rejected Block Sampling via MMR Over Hard-
Negative Pool. Let N, denote the hard-negative
reservoir for intent ¢, and initialize ./\/'071 = N,
where b indexes rejected blocks packed sequen-
tially without replacement. We construct rejected
blocks {V_, 1M | by selecting ¢ utterances from the
hard—negative pool and then packing them into an
£-line block:

¢—(z) = (e(z), Pe) ,
V., = Pack(MMR(Nyp, ¢, £)),

Nepy1 < Nep \ Unpack (y;b) )

(1)

3.7 Preference Block Dataset and DPO
Objective

We construct the preference dataset Dy by pairing
the prompt with mined positive/negative blocks:
(Z(C)ayiba y;b) 6Dpref> b:]-a"'aMa

where both Y1 and )~ are formatted as ¢-line
blocks, consistent with Sec. 3.4. Thus, each in-
tent contributes M block-level preference tuples
per refresh round, requiring M ¢ preferred and M ¢
rejected utterance slots.

We optimize the generator using Direct Prefer-
ence Optimization (DPO):

Lppo(0) = —ngpmf[

(12)
log o (B(re(V*) = 16(¥7)) .

where rg(y) = logmo(y | Z) — log Tret(y | Z), Tret
is a frozen reference policy and S controls deviation
from 7.

3.8 [Iterative Preference Refresh

To progressively improve the generator, we adopt
an iterative training strategy over R rounds. At
each round, the current policy regenerates candi-
date pools, updates anchor prototypes using high-
confidence samples, re-mines preference blocks,
and performs one round of DPO optimization.

As the generator improves, the mined negatives
become increasingly challenging, forming a self-
reinforcing curriculum. Consequently, this dy-
namic updating mechanism compels the model to
learn more robust and discriminative intent repre-
sentations. The full procedure is summarized in
Figure 1.

3.9 Generator Reliability Evaluation

Beyond downstream accuracy, we evaluate genera-
tor reliability—and guide the number of iterative
refresh rounds—using three metrics (formally de-
fined in Appendix D.1): Intent Fidelity Rate (IFR),
Neighbor Confusion Rate at k (NCR@k), and For-
mat Compliance Rate (FCR). Evaluations strictly
rely on an independent embedding-based verifier
h(-) (Appendix D.2), which assigns utterances
to the most similar intent descriptor. To prevent
data leakage, h(-) is strictly isolated from genera-
tion, preference mining, and downstream training.
Specifically, IFR measures successful assignment
to the target intent (higher is better), while NCR @k
quantifies misclassification into the £ most confus-
able neighbor intents ranked by prototype similarity
(lower is better).

Format Compliance Rate. FCR measures the
percentage of generated blocks that follow the re-
quested /-utterance format. A block is counted as
compliant if it contains exactly ¢ utterances and
does not include empty lines, label leakage, or ex-
tra explanations. The full rule set is given in Ap-
pendix C.4. In practice, we increase the refresh
round only while these generator-side signals im-
prove, and stop when they saturate or begin to de-
grade.

3.10 Post-Training the Downstream Classifier
with Real Data

When labeled data D, is available (few-shot or fully
supervised settings), we do not inject it into the gen-
erator alignment or anchor construction. Instead,
we first train the downstream intent classifier f on
the synthesized pseudo-labeled dataset D, and then
post-train f on D; using standard supervised learn-

3746



Dataset

Classes

Average Length Train/Valid/Test Samples

BANKING77 (Casanueva et al., 2020) 77
CLINC150 (Larson et al., 2019) 150
HWUG64 (Liu et al., 2021) 64

11.8 8622 /1540 /3080
83 15000 / 3000 / 4500
6.6 8954 /1076 /1076

Table 1: Statistics of the intent classification datasets used in our experiments.

ing. This strategy leverages synthetic data for broad
coverage while using real labeled examples to cali-
brate decision boundaries and improve in-domain
fidelity.

4 Experiment

4.1 Datasets

We evaluate on three intent classification bench-
marks following prior protocol (Lin et al.,
2023): BANKING77 (Casanueva et al., 2020),
HWUG64 (Liu et al., 2021), and CLINC150 (Larson
et al., 2019) (see Table 1 for statistics).

For few-shot setting, we randomly sample k&
training instances per intent from the original train-
ing split. For zero-shot setting, no labeled data are
used.

4.2 Baselines and Evaluation Metrics

We compare against strong prior methods in three
groups: (i) low-resource intent classification mod-
els, (ii) traditional text augmentation, and (iii)
recent LLM-based generation/augmentation ap-
proaches. The complete baseline list and their
configurations are reported in Appendix A. Follow-
ing (Zhang et al., 2025), we report classification
accuracy under zero-shot, few-shot, and full-shot
settings.

4.3 Implementation Details

Generator. We use Qwen3-8B (Yang et al,
2025) as the main backbone and apply Low-
Rank Adaptation (LoRA) (Hu et al., 2022) for
parameter-efficient updates. To examine whether
the proposed framework generalizes beyond a sin-
gle model family, we additionally conduct ex-
periments with Llama3-8B (Team, 2024) and
Gemma2-9B (Team et al., 2024) using the same
training pipeline. We run R refresh rounds. For
each round, we generate B=500 utterances per in-
tent and select N=100 per intent from the final
pool for downstream training.

Downstream Classifier. Following (Lin et al.,
2023), we fine-tune RoBERTa-base (Liu et al.,

2019) under the standard protocol; additional hy-
perparameters are deferred to Appendix B.

5 Result Analysis

5.1 Main Results

We evaluate intent detection on BANKING77,
HWU64, and CLINC150 under zero-shot and few-
shot supervision (Table 2). Baselines are taken
from (Lin et al., 2023) and (Zhang et al., 2025);
best results are boldfaced. Full-shot results are re-
ported in Appendix C.1. Detailed cross-backbone
results are reported in Appendix C.2 (Table 6). The
results demonstrate that our approach is effective
across datasets with diverse label spaces and data
distributions, and generalizes well across different
backbones.

Zero-Shot Performance. In the label-only (zero-
shot) setting, our method achieves state-of-the-art
performance among label-only approaches, with
the largest gain on CLINC150. Zero-shot ac-
curacy is largely driven by the semantic align-
ment between label names and real utterances. Al-
though diversity-aware selection and confusability-
weighted hard negatives improve intra-class cover-
age and inter-class separation, a domain gap per-
sists when label names underspecify intent scope.
This is more pronounced in BANKING77, where
labels such as order_physical_card omit prag-
matic constraints, while CLINC150 labels are more
self-contained and thus transfer more effectively to
decision boundaries.

Few-Shot and Full-Shot Performance. In 5/10-
shot regimes, our method ranks first: few-shot la-
bels are not used to adapt the generator or anchor
set, so gains mainly come from higher-quality and
more diverse synthetic pretraining. In full-shot, im-
provements persist but diminish (Appendix C.1), as
abundant supervision reduces reliance on synthetic
data.
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Methods BANKING77

HWU64 CLINC150

0-shot 5-shot 10-shot 0-shot 5-shot 10-shot

0-shot 5-shot 10-shot

(1) Specialized Low-Resource Intent Classification Models

RoBERTa-Base 3341 74.04 8427 4586 7556 8290 27.04 87.99 91.55
RoBERTa-Large 3533 7899 86.08 4743 7444 84.11 29.78 89.89 93.56
USE 4279 7629 8423 4643 7779 83.75 4451 87.82 90.85
CONVERT 3723 7532 8332 4395 7695 82.65 4353 89.22 9262
USE+CONVERT 4522 77.75 85.19 49.04 80.01 85.83 51.98 90.49 93.26
CONVBERT 30.64 7427 83.63 44.67 77.70 83.77 49.25 90.07 92.10
CONVBERT+MLM 30.81 7442 8399 4383 7881 84.52 49.73 90.16 92.75
DNNC 48.15 8040 86.71 54.73 80.46 84.72 5244 91.02 93.76
CPFT 48.63 80.86 87.20 5541 82.03 87.13 53.11 9234 94.18
(2) Traditional Text Augmentation Methods

BackTrans 3736 76.14 85.67 5139 7693 83.71 41.30 88.65 91.79
EDA 37.15 73.02 8442 5382 76.83 8448 3123 87.29 9221
AEDA 41.77 76.89 8554 5492 7828 8430 48.64 88.28 91.85
AMR-DA 4041 7446 84.85 54.66 78.40 8443 49.14 88.58 91.35
SSMBA 30.38 7236 83.86 4274 7497 83.04 25.63 86.87 91.34
GENIUS 37.17 7501 84.03 5534 7760 8445 4759 8831 91.73
(3) LLM-Based Generation/Augmentation Methods

ZeroGen 4841 7452 8481 4784 77.69 8476 5336 88.46 91.56
CoDa 58.12 79.72 8598 59.34 78.69 85.02 66.08 9041 92.08
PromptMix 75.37 8143 86.13 7455 8191 8520 7427 91.68 92.10
ICDA-L - 83.90 89.12 - 81.97 86.94 - 9241 94.73
IDG-CF 7526 84.41 89.67 75.05 8254 8751 75.63 93.20 94.75
Ours 78.66 8492 90.39 80.48 86.25 88.75 83.64 94.18 95.36

Table 2: Intent detection accuracy (%) in zero-shot and few-shot settings on three datasets. Baselines are grouped
into specialized low-resource intent classification models, traditional text augmentation methods, and LLM-based
generation/augmentation methods. OQurs reports results with Qwen3-8B as the generator backbone. Results for

other generator backbones are deferred to Appendix C.2.

5.2 Generalization Across Generator
Backbones

As shown in Table 6, results with Llama3-8B and
Gemma2-9B exhibit the same trend as Qwen3-8B,
confirming that our method generalizes well across
different generator backbones.

5.3 Ablation Study

To validate the contribution of individual com-
ponents, we conduct ablation studies on BANK-
ING77 and CLINC150 under the zero-shot and
5-shot settings. We take our full framework as the
reference system and disable one component at a
time while keeping all other settings unchanged.
Results are reported in Table 3. Unless otherwise
stated, all variants are trained with the same it-
erative refresh budget (R=2) for controlled com-

parison.

Table 3 shows that every component contributes
positively. In particular, iterative refresh and DPO
consistently improve performance, showing the
value of refreshed preferences and explicit positive—
negative contrasts. Hard-negative design further
improves performance: boundary-focused nega-
tives and confusability-weighted budgeting out-
perform random or uniform sampling, especially
on harder intent boundaries. Finally, removing
MMR causes the largest drop, highlighting that
positive-sample diversity is crucial. Naive top-£
selection tends to over-emphasize near-duplicate
patterns, encouraging the model to overfit to a few
linguistic modes and leading to severe mode col-
lapse.
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BANKING77
0-shot  5-shot

CLINC150

Method Variation 0-shot 5-shot

Full Framework (R=2) 78.66  84.92 \ 83.64 94.18
w/o Iterative Refresh (R=1) 73.50 8422 | 7898 92.78
w/o DPO (SFT Only) 71.98 8331 | 76.04 91.31
w/o Hard Negatives (Random) 70.84 82.52 | 81.36 93.84
w/o Confusability Weighting (Uniform) | 76.72  84.77 | 82.00 93.87
w/0o MMR (Top-/¢ Substitute) 69.61 81.53 | 7298 91.05

Table 3: Ablation study of key components on BANK-
ING77 and CLINC150. Full Framework denotes
our complete method (R=2). Each variant removes one
component: w/o Iterative Refresh: single-round train-
ing (R=1); w/o DPO: supervised fine-tuning (SFT) on
preferred samples only; w/o Hard Negatives: random
inter-class negatives; w/o Confusability Weighting: uni-
form budget allocation; w/o MMR: naive top-{ selection.

5.4 Analysis and Visualization

We analyze the learned semantic space and utter-
ance diversity to assess intent refinement.

Visualization of Decision Boundaries. We vi-
sualize feature embeddings of generated utter-
ances using t-distributed stochastic neighbor em-
bedding (t-SNE) (van der Maaten and Hinton,
2008). For qualitative comparison, we include un-
aligned prompt outputs sampled directly from the
initial generator Wéo) under the same instruction
template Z(c), without iterative refresh or DPO
alignment. These samples are used solely for anal-
ysis and visualization, and are excluded from accu-
racy comparisons.

Generator Reliability. To assess whether prefer-
ence alignment improves the generator itself, we
report two generator-level metrics from Sec. 3.9:
Intent Fidelity Rate (IFR; higher is better) and
Neighbor Confusion Rate at k& (NCR@k; lower
is better). IFR measures how often generated ut-
terances are recognized as the target intent by an
external verifier, while NCR @k captures how often
they are assigned to the most confusable neighbor-
ing intents.

As shown in Table 4, the aligned generator im-
proves label faithfulness (higher IFR) and reduces
near-miss confusions (lower NCR @k) compared to
unaligned prompts, consistent with the clearer sep-
aration in Figure 2(b). We also use Format Com-
pliance Rate (FCR) to select the refresh round R
(see Appendix C.4). Additionally, alignment en-
hances diversity, yielding lower Self-BLEU and
higher Dist-2 (Appendix C.3).

(a) w/o DPO alignment (b) Aligned generator outputs

Figure 2: t-SNE visualization of generated utterances
for 10 confusable intents from BANKING77 using
Qwen3-8B.

Method IFR1T NCR@3| NCR@S5 |
w/o DPO alignment 0.7922 0.1469 0.2078
Aligned generator outputs 0.9804 0.0065 0.0196

Table 4: Generator reliability on BANKING77 us-
ing Qwen3-8B. Metrics are computed on 100 gener-
ated utterances per intent (7,700 utterances in total).
Higher IFR and lower NCR @k indicate more reliable
intent generation. Preference alignment substantially
improves intent fidelity while sharply reducing confu-
sion with neighboring intents.

6 Conclusion

We proposed a preference-aligned synthesis frame-
work for fine-grained intent detection under limited
supervision. The method combines multi-centroid
intent prototypes, diversity-aware positive mining,
confusability-aware hard negatives, and DPO with
iterative preference refresh to improve synthetic
data generation at the parameter level. Results on
three benchmarks show consistent improvements
in zero-shot and few-shot settings, while remain-
ing competitive in fully supervised settings. We
further show that the framework improves genera-
tor reliability and generalizes across multiple LLM
backbones, indicating robust benefits beyond a sin-
gle model family.

Limitations

Despite the empirical success of our preference-
aligned synthesis framework, several limitations
warrant future investigation. First, the pipeline in-
troduces a complexity trade-off through multiple
coupled hyperparameters—ranging from clustering
centroids and MMR diversity thresholds to DPO
regularization terms—which currently rely on em-
pirical tuning; future work could explore adaptive
parameterization to reduce manual configuration
across varying taxonomies. Second, compared to
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inference-only prompting baselines, our iterative
“generate-mine-train” curriculum inevitably incurs
higher computational overhead, presenting a cost-
quality trade-off that may be constrained in low-
latency deployment environments. Finally, in the
generalized zero-shot setting, the framework re-
mains sensitive to the quality of the initial candi-
date pool; if the base model fails to ground semanti-
cally obscure label descriptors during the cold start,
these distributional biases may propagate through
the anchor set, suggesting a need for more robust
initialization strategies such as retrieval-augmented
grounding or hybrid warm-up phases.
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A Baselines and Settings

A.1 Baseline Groups

Following the benchmark protocol in prior
work (Zhang et al., 2025), we compare against 19
representative baselines spanning three groups:

(1) Specialized Low-Resource Intent Classifi-
cation Models. RoBERTa (Liu et al., 2019),
USE (Yang et al., 2020), CONVERT (Henderson
et al., 2020), USE+CONVERT (Casanueva et al.,
2020), CONVBERT (Mehri et al., 2020), CON-
VBERT+MLM (Mehri et al., 2020), DNNC (Zhang
et al., 2020), and CPFT (Zhang et al., 2021).

(2) Traditional Text Augmentation Methods.
BackTrans (Ng et al., 2019), EDA (Wei and
Zou, 2019), AEDA (Karimi et al., 2021), AMR-
DA (Shou et al., 2022), SSMBA (Ng et al., 2020),
and GENIUS (Guo et al., 2022).

A3) Recent LLM-Based Genera-
tion/Augmentation Methods. ZeroGen (Ye
et al., 2022), CoDa (Evuru et al., 2024), Prompt-
Mix (Sahu et al., 2023), ICDA-L (Lin et al., 2023),
and IDG-CF (Zhang et al., 2025).

A.2 Unified Evaluation Protocol and Fairness
Controls

We adopt the same evaluation protocol as (Lin et al.,
2023) and report accuracy for zero-shot, few-shot
(k-shot per intent), and full-shot settings. For few-
shot, we sample k labeled instances per intent from
the original training split (same sampling strategy
as the main paper), and we keep dev/test splits
unchanged.

Shared Downstream Classifier. To ensure a con-
trolled comparison, we use ROBERTa-base (Liu
et al., 2019) as the common discriminative back-
bone whenever the baseline permits. For baselines
that explicitly require a different classifier in their
original designs, we follow their standard settings.
In particular, ICDA-L mandates RoBERTa-large in
its original configuration, and we keep this choice
to faithfully reproduce its reported setting (Lin
et al., 2023).

Synthetic Data Budget Alignment. For any
baseline that produces synthetic utterances for
downstream training, we strictly align the per-class
synthetic budget to match the benchmark proto-
col (Zhang et al., 2025). Concretely, we cap the
number of selected synthetic instances to N=100
per intent (unless a baseline intrinsically defines a
different regime), ensuring that performance gains
are not attributable to larger synthetic corpora.

A.3 Baseline-Specific Notes

We briefly summarize baseline-specific settings
that affect reproducibility:

* Encoder-only baselines (e.g., RoBERTa,
USE, CONVERT variants, DNNC, CPFT):
trained and evaluated under the same few-shot
sampling protocol and metric.

* Augmentation baselines (e.g., BackTrans,
EDA, AMR-DA, SSMBA, GENIUS): gener-
ated texts are merged with the original labeled
set, and the downstream classifier is trained
under the same protocol as our method, with
the same per-class budget constraint when ap-
plicable.

* LLM-based augmentation baselines (e.g.,
ZeroGen, CoDa, PromptMix, ICDA-L, IDG-
CF): we follow each method’s prompt-
ing/training pipeline and preserve their manda-
tory backbones/settings; downstream training
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is still performed under the benchmark evalua-
tion protocol, with budget normalization when
applicable.

B Full Implementation Details

B.1 Fair Comparison Setup (Aligned with
Prior Protocol)

Downstream Encoder Choice for Fairness. To
ensure fair comparison, we fine-tune ROBERTa-
base (Liu et al., 2019) for intent classification by
adding a linear classification head, and apply the
same-sized encoder to baselines whenever applica-
ble. For RoBERTa-Large and ICDA-L, we use
RoBERTa-large as required by their standard con-
figurations.

Downstream Optimization. We train the down-
stream classifier with AdamW (Loshchilov and
Hutter, 2019), using learning rate 1 x 10~°, batch
size 16, and 40 epochs.

B.2 Generator, Iterative Refresh, and
Decoding Hyperparameters

Generator Backbone. We use Qwen3-8B (Yang
et al., 2025) as the base generator.

Iterative Refresh Budget. We run iterative op-
timization for R=2 refresh rounds. In each
round, we generate B=500 utterances per intent.
With block size =4 (below), this corresponds to
a=B/{=125 blocks per intent per round.

Block Size. We set the block length to /=4 utter-
ances per generation/optimization unit.

Decoding Hyperparameters (Non-Thinking
Mode). For block-conditioned candidate gener-
ation, we use stochastic sampling in the non-
thinking mode. Unless otherwise specified, we
set temperature 7'=1.0 and nucleus sampling top-
p=0.9.

Final Synthetic Budget. For downstream train-
ing, we select N=100 utterances per intent from
the final-round candidate pool. The downstream
budget N = 100 is distinct from the preference-
tuple budget M = 20 and the per-source hard-
negative retrieval depth () = 100.

B.3 Preference Mining and Dataset
Construction Hyperparameters

Anchor Set and Prototypes. We maintain an an-
chor set with a cap K,=>5 anchors per intent. We

construct multi-centroid prototypes with k=5 cen-
troids per intent. At initialization (r = 0), each
intent contains only its descriptor anchor and there-
fore uses one centroid; the configured k = 5 is
applied from the first refreshed anchor set (r = 1)
onward.

MMR for Diversity-Aware Selection. We use
Maximal Marginal Relevance (MMR) (Carbonell
and Goldstein, 1998) with trade-off A=0.7 for
diversity-aware selection, including (i) packing pre-
ferred blocks and (ii) anchor pruning / diversity
control.

Preference Tuples per Intent. We construct ex-
actly M = 20 block-level preference tuples per
target intent and refresh round. Each tuple consists
of one preferred block and one rejected block, both
containing ¢ = 4 utterances. Therefore, each target
intent requires M ¢ = 80 preferred and 80 rejected
utterance slots per refresh round. The resulting
preference dataset contains M |C| tuples in each
round.

Preferred Blocks (Positives). For each target
intent, we construct exactly M = 20 preferred
blocks. Each block contains ¢ = 4 utterances,
resulting in a total positive budget of M ¢ = 80 ut-
terance slots per intent and refresh round. Preferred
utterances are selected from the intent-conditioned
candidate pool using MMR with prototype similar-
ity as the relevance score, and selected utterances
are not reused across preferred blocks.

Since each candidate pool contains B = 500
utterances, the pool is sufficient to construct the
required 80 positive utterance slots without re-
placement. We additionally mix mid-similarity
candidates before MMR selection to reduce
over-concentration on the highest-similarity re-
gion: pos_mix_mid=True, pos_mid_ratio= 0.5,
pos_high_frac= 0.2, pos_mid_qg_low= 0.35,
and pos_mid_q_high= 0.75.

Rejected Blocks (Confusable Hard Negatives).
For each target intent ¢ and source intent ¢’ # c,
we first retrieve a shortlist

780, = Tomg (6171 o)

where () = 100 is the per-source retrieval depth.
The top-@Q operation constructs a candidate short-
list and does not determine the final number of
negatives selected from the source intent.
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To construct M = 20 rejected blocks of length
£ = 4, the required negative budget is

L7 = M{ =280

utterances per target intent and refresh round. We
allocate this budget across source intents according
to the confusability weights w (¢’ — ¢). Specifically,
the initial quota for source intent ¢’ is

G/ —e = LLC_w(c’—w)J .

The remaining slots are assigned to source intents
in descending order of their fractional remainders.
Each quota is capped by the available shortlist size,
and any unfilled quota is redistributed to source
intents with remaining candidates.

For each source intent, we select the top g./_,
candidates from its shortlist according to 59)(-),
and merge the selected candidates into the hard-
negative reservoir NC(T). We then apply MMR with-
out replacement to pack the reservoir into exactly
M = 20 rejected blocks. Empty candidates are re-
moved and selected negatives are not reused within
the same target intent.

Confusability Weighting. We set the confusabil-
ity scale to v = 0.6 in Eq. 10. The intent-level
weight determines how the total negative budget
is allocated across source intents, while utterance-
level prototype similarity determines which candi-
dates are retrieved within each source intent.

B.4 High-Confidence Subset Selection for
Anchor Refresh (HighConf)

At each refresh round, we construct a high-
confidence subset ng) = HighConf( é”,PS”))
to refresh anchors and prototypes (Sec. 3.3).
HighConfis implemented as a two-stage pro-
cedure: lexical de-duplication followed by
embedding-space diversity selection.

Target Size and Budget-Aware Completion.
We set the per-intent high-confidence target size to
h=100. If de-duplication yields fewer than h utter-
ances while the original pool size is at least A (i.e.,
shortage is caused by de-duplication rather than
generation budget), we enforce the target size by
performing diversity selection on the original pool
to obtain exactly h utterances. If the original pool
itself contains fewer than A utterances due to the
generation budget, we keep all available utterances.

Stage 1: Greedy De-duplication (ROUGE-L +
Jaccard Gate). We apply greedy de-duplication
on the candidate pool. For a candidate z, if there
exists a kept utterance z’ such that (i) token n-
gram Jaccard similarity is at least g=0.4 and (ii)
ROUGE-L(F1) is at least Tyouee=0.6, then x is
treated as a near-duplicate and removed. We com-
pute Jaccard similarity on token bigrams (n=2).

Stage 2: Diversity Selection via KMeans
After de-duplication, if the remaining
set is larger than h, we encode utter-
ances using sentence-transformers/
all-distilroberta-vl and apply KMeans
with nin;;=10 and random seed 42, then select one
representative per cluster (the sample closest to
each centroid) until reaching h. We use embedding
batch size 256 during encoding in this step.

B.5 Preference Optimization
Hyperparameters

We optimize the generator using Direct Preference
Optimization (DPO) (Rafailov et al., 2023) with
parameter-efficient LoORA (Hu et al., 2022). We use
the default DPO temperature in ms-swif't, setting
B=0.1.

LoRA Configuration. We apply LoRA to
all-linear modules with rank 7=8 and LoRA
alpha a=32. We train in bfloatl6 precision with
maximum sequence length 2048.

Optimization Hyperparameters. We use learn-
ing rate 1 x 10~4, per-device batch size 1 with gradi-
ent accumulation steps 16 (effective batch size 16),
and warmup ratio 0.05. We set rpo_alpha= 0.1.
We train for 1 epoch and use the resulting check-
point for the subsequent refresh-round pipeline.

B.6 Compute and Hardware

All stages of our pipeline (generation, prefer-
ence mining, DPO/LoRA training, filtering, and
downstream training) can be executed on a single
NVIDIA RTX4090 GPU under our default config-
uration.

B.7 Summary of Hyperparameters

For clarity, we summarize the main hyperparam-
eters used in our implementation: R = 2; £ = 4;
B = 500 candidate utterances per intent and round
(thus @ = 125 generated blocks); M = 20 block-
level preference tuples per target intent and round;
@ = 100 retrieved hard-negative candidates per
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source intent; M ¢ = 80 preferred and 80 rejected
utterance slots per target intent and round; K, = 5;
k=5X=0.7,6=0.1;and v = 0.6.

C Additional Results

C.1 Full-Shot Results

Methods BANK. HWU. CLINC.
RoBERTa-Base 92.81 91.87 96.35
RoBERTa-Large 93.70 92.13 96.80
USE 92.81 91.25 95.06
CONVERT 93.01 91.24 97.16
USE+CONVERT 93.36 92.62 97.16
CONVBERT 92.95 90.43 97.07
CONVBERT+MLM  93.44 92.38 97.11
BackTrans 93.49 92.32 96.47
EDA 93.70 92.12 96.22
AEDA 93.99 92.17 96.43
AMR-DA 93.96 92.30 96.78
SSMBA 93.95 92.39 96.56
GENIUS 93.77 92.15 96.31
ZeroGen 93.62 92.24 96.54
CoDa 93.87 92.51 96.63
ICDA-L 94.42 92.57 97.12
IDG-CF 94.84 92.97 96.70
Ours 94.19 93.03 96.84

Table 5: Intent detection accuracy (%) in the full-shot
setting on three datasets.

Why Does the Margin Narrow in Full-Shot?
This behavior is consistent with our design goal.
Our method targets low-resource intent detection,
so we do not use real labeled data to align the gener-
ator itself; generator alignment is performed purely
from mined synthetic preferences, and the real la-
beled set is used only to post-train the downstream
classifier (Sec. 3.10). As a result, when supervi-
sion is abundant, the classifier can rely increas-
ingly on real examples to calibrate fine-grained de-
cision boundaries, which naturally reduces the rel-
ative contribution of synthetic pretraining. There-
fore, the full-shot regime should be viewed as
a diminishing-return setting for synthesis-based
methods. Even so, our method remains compet-
itive on all three datasets and does not degrade
performance, suggesting that the synthetic pretrain-
ing stage is still safe and complementary under
abundant supervision.

C.2 Cross-Backbone Generalization

To examine whether the proposed preference-
aligned synthesis framework is tied to a specific
generator family, we further evaluate it with three
backbone LLMs: Qwen3-8B, Llama3-8B, and
Gemma?2-9B. Following the main experimental pro-
tocol, we report downstream intent classification
accuracy on BANKING77 and HWU64 under the
0-shot and 10-shot settings. As shown in Table 6,
our method yields consistent improvements across
all backbone families and evaluation settings, sug-
gesting that the gains are not specific to a single
generator architecture.

C.3 Diversity Analysis

To complement the generator-side reliability met-
rics, we report lexical diversity results under the
same Qwen3-8B on the BANKING77 setting
used for Figure 2. As shown in Table 7, lower
Self-BLEU and higher Dist-2 indicate better diver-
sity.

C.4 Format Compliance Rate as a
Refresh-Selection Signal

We use Format Compliance Rate (FCR) not only
as a formatting metric, but also as a practical sig-
nal for selecting the refresh round. Recall that a
generated block is counted as compliant only if it
contains exactly £ utterances and does not include
empty lines, label leakage, or extra explanations.

Empirically, we observe that once FCR be-
gins to decline, downstream classification perfor-
mance also drops markedly, as shown in Table 8.
This makes FCR a useful early-warning signal for
generator degradation during iterative refresh. The
reason is that falling FCR usually reflects a broader
loss of generation discipline: when the model starts
to violate the requested block format, it also tends
to produce noisier, less controllable, and less intent-
faithful synthetic samples. These errors then propa-
gate to the pseudo-labeled training set and weaken
the downstream classifier.

As illustrated in Table 8, while FCR remains
perfect from R=0 to R=2, it drops at R=3, which
coincides with a sharp decrease in downstream ac-
curacy (from 83.86 to 76.16). This consistent trend
further supports FCR as an effective indicator of
over-refresh.

Therefore, in our pipeline, FCR is used together
with generator-side reliability metrics such as IFR
and NCR @k to determine whether additional re-
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BANKING77 HWU64
Backbone
0-shot 10-shot 0-shot 10-shot
Vanilla Ours Vanilla Ours Vanilla Ours Vanilla Ours
Qwen3-8B 74.12 7866 86.46 9039 72776 80.48 80.94 88.75
Llama3-8B 73.08 78.83 87.40 90.77 72.11 80.20 80.58 88.38
Gemma2-9B 7097 76.59 85.13 89.71 7128 80.02 80.30 88.30

Table 6: Cross-backbone generalization results on BANKING77 and HWU64. We compare the vanilla synthesis
pipeline with our preference-aligned framework using three backbone LLMs under 0-shot and 10-shot settings.
Results are reported as downstream intent classification accuracy (%).

Method Self-BLEU | Dist-2 1
w/o DPO alignment 0.19 0.14
Aligned generator outputs 0.17 0.17

Table 7: Diversity analysis under the same Qwen3-8B
on BANKING77 setting as Figure 2. The aligned
generator achieves lower Self-BLEU and higher Dist-2,
indicating reduced repetition and better lexical diversity.

Refresh Round R FCR IFR Downstream Acc.
0 1.00  0.42 74.29
1 1.00  0.76 80.24
2 1.00  0.92 83.86
3 0.96 0.88 76.16

Table 8: Relationship between refresh rounds, generator
reliability, and downstream performance. R=3 exhibits
over-refresh: both FCR and IFR decline relative to
R=2, accompanied by a sharp drop in downstream ac-
curacy. This supports using generator-side reliability
signals to select the stopping round for iterative refresh.

fresh rounds remain beneficial. In practice, we stop
increasing R once FCR shows a clear downward
trend, since further refresh tends to reduce rather
than improve downstream performance.

C.5 Cold-Start Sensitivity Under Label-Only
Initialization

As noted in the Limitations section, our framework
is sensitive to the quality of the cold-start candi-
date pool in the generalized zero-shot setting. This
issue becomes more evident when generation is ini-
tialized only from label names, without additional
semantic grounding such as richer intent descrip-
tions or external retrieval support.

In this setting, the initial generations may cover
a narrower and less reliable portion of the intent
manifold, especially for labels whose surface forms
under-specify the true intent scope. As a result,
the anchor refresh process can accumulate bias
more quickly, causing the benefits of iterative pref-

erence refresh to saturate earlier than in the stan-
dard setting. Empirically, we observe that several
generator-side reliability signals may deteriorate
at an earlier refresh round under label-only initial-
ization. For example, a round that remains benefi-
cial in the standard setup can already behave like
over-refresh in the label-only cold-start case, with
metrics such as IFR and FCR beginning to decline
earlier and confusion-related signals worsening cor-
respondingly.

This earlier degradation also propagates to the
downstream classifier. Because the synthetic pool
becomes noisier and less boundary-faithful, the per-
formance gain brought by iDPO is reduced, and
downstream intent classification accuracy drops ac-
cordingly. These observations suggest that the opti-
mal refresh budget is cold-start dependent: when
initialization relies only on label names, a smaller
number of refresh rounds may be preferable, and
generator-side reliability signals should be moni-
tored more conservatively to avoid premature over-
iteration.

Overall, this analysis complements the main lim-
itation discussion by showing that iDPO remains
effective under label-only initialization, but its mar-
gin is smaller and its iterative training is less tol-
erant to aggressive refresh. This further motivates
future work on stronger cold-start grounding strate-
gies, such as enriched intent descriptions, retrieval-
augmented initialization, or hybrid warm-up proce-
dures before iterative preference optimization.

D Additional Definitions and
Implementation Details

D.1 Definitions of Generator Reliability
Metrics

Let D denote the generated utterance-label pairs,
and let h(-) be the external verifier used only for
evaluation.
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Intent Fidelity Rate.

IFR = é

1|arg max xr)=c|.
5 > [ gmaxpa(y | 7)

(z,c)eD

13)
Neighbor Confusion Rate. Let Ny(c) denote
the top-k neighbor intents of ¢ ranked by prototype
similarity. Then

NCR@k:% Z
| |(z,c)€ﬁ

1 [argmaxph(y | z) € Nk(c)} .
yeC
(14)

D.2 External Verifier Implementation

For generator-side evaluation, we instantiate the ex-
ternal verifier i(-) as an embedding-based nearest-
label classifier. Specifically, given a generated utter-
ance z and intent descriptors {d.}.cc, we encode
both the utterance and each label descriptor using
the same sentence encoder ey (+), and predict

h(l‘) = arg macx COS (ever($)> ever(dc)) .
ce

Therefore, the verifier decision is based on
sentence-embedding similarity between the gen-
erated utterance and category labels. The verifier
is used only for evaluation, and is not involved in
generation, anchor construction, preference min-
ing, DPO training, or downstream classifier learn-
ing. This design provides a lightweight and label-
consistent diagnostic signal without introducing an
additional supervised verifier.

D.3 MMR-Based Diversity Selection

We use a single Maximal Marginal Relevance
(MMR) operator (Carbonell and Goldstein, 1998)
for diversity-aware selection across anchors and
utterances. Given a candidate set €2, a relevance
score ¢(+), and a target size m, MMR constructs
a subset S greedily: initialize S = (), then for
u=1,...,m,

I, = argmax ()\qﬁ(:r)

zeQ\S
— (1= N)max(e(), e(@))), 15
z'esS
S« SU{z.},

where z,, denotes the element selected at the u-th
greedy step. When S = (), the redundancy term
is defined as 0. We denote the resulting set by
MMR(£2, ¢, m).

Anchor Pruning. If the anchor set A, Srows
large, we prune anchors via MMR in embedding
space to preserve diversity. For an anchor embed-
ding a € A., we define its relevance as

Qbanchor(a) = <a7pc>7

while redundancy is measured by cosine similarity
{a,a’). We keep K, anchors by
-Ac — MMR(Am ¢anchor> Ka)a (16)

and remove or keep anchor texts in A, according
to the selected embedding indices.
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