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Abstract—New Intent Discovery (NID) seeks to recognize both
known and novel user intents from unlabeled utterances, serving
as a fundamental capability for dialogue systems operating in
dynamic environments. Existing methods confront two critical
challenges, notably Semantic Entanglement, characterized by
monolithic embeddings conflating intent with stylistic variations
to cause intra-class scatter, and Structural Deficiency, stemming
from the lack of topological guidance in LLM-Enhanced ap-
proaches that leaves boundary samples ambiguous. To address
these issues, we propose StrucNID, a framework explicitly
designed for structural disentanglement. We leverage LLMs
to construct fine-grained Semantic Mini-Clusters as a binary
adjacency graph, providing reliable topological constraints rather
than simple data augmentation. We then enforce strict orthog-
onality between intent and instance subspaces via dual-stream
projection, mathematically separating class-invariant semantics
from stylistic noise. Finally, we design a Spatio-Temporal voting
mechanism that fuses temporal momentum with spatial consen-
sus to rectify boundary ambiguities. Extensive experiments on
three benchmarks demonstrate that StrucNID achieves consis-
tent and significant performance improvements across diverse
datasets, validating the efficacy of our structural disentanglement
paradigm.

Index Terms—New Intent Discovery, Disentangled Represen-
tation Learning, Structural Graph Prior, large language models,
Dialogue Systems.

I. INTRODUCTION

New Intent Discovery (NID) [1], [2] is a pivotal capabil-
ity for task-oriented dialogue systems, aiming to categorize
known intents while simultaneously identifying novel user
goals from unlabeled data streams. This task underpins the
adaptability of modern AI Agents, ranging from customer
service chatbots [3] to intelligent search engines, enabling
them to recognize emerging user needs without extensive
human annotation or retraining.

Existing embedding-centric methods [4]-[6] typically rely
on deep clustering pipelines that encode utterances into mono-
lithic latent representations. However, this paradigm inevitably
suffers from Semantic Entanglement, where core intent se-
mantics are inextricably confounded by instance-specific vari-
ations, such as diverse phrasing, tones, or non-semantic tokens
[71, [8]. This entanglement causes samples sharing the same
intent to scatter across the feature space rather than forming
compact clusters, blurring decision boundaries and degrading
performance, particularly in fine-grained scenarios.
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Conversely, recent LLM-Enhanced works [9]-[11] attempt
to harness generalized knowledge but primarily utilize LLMs
for generative augmentation or independent tagging. While
beneficial, these approaches often neglect structural guidance,
treating samples in isolation without reliable topological con-
straints. Consequently, they face Boundary Ambiguity, where
outlier noise is frequently misclassified as novel intents due to
the absence of a global structural prior to guide the clustering
process.

To address these challenges, we present StrucNID, a robust
framework that synergizes a Knowledge-Guided Structural
Prior with Orthogonal Disentanglement. By leveraging struc-
tural topology to guide semantic learning, our approach effec-
tively isolates core intents from stylistic noise and rectifies
boundary uncertainties, ensuring robust discovery in open-
world scenarios. Our main contributions are summarized as
follows:

o We leverage LLMs to construct Semantic Mini-Clusters and
model them as a high-precision graph, providing robust
topological constraints for cold-start initialization rather than
simple data augmentation.

« We project representations into orthogonal intent and in-
stance subspaces, effectively filtering stylistic noise to purify
clustering semantics.

e We design an adaptive threshold partitioning strategy to
identify boundary samples, then apply Spatio-Temporal vot-
ing to dynamically rectify their ambiguities by integrating
temporal momentum with spatial neighborhood consensus.

« Extensive experiments on three benchmarks demonstrate
that StrucNID significantly outperforms competitive base-
lines, validating the efficacy of our structural disentangle-
ment framework.

II. RELATED WORK
A. New Intent Discovery

New Intent Discovery (NID) aims to identify known intents
and group unknown ones from unlabeled data. Early works
like DeepAligned [1] and CDAC+ [6] adopt iterative pseudo-
labeling strategies, while recent methods like USNID [2]
and MTP-CLNN [4] leverage contrastive learning to improve
representations. However, these methods encode entire utter-
ances into monolithic vectors, implicitly assuming geometric
proximity correlates with semantic similarity. This assumption
often fails when stylistic variations (e.g., phrasing, tone) domi-
nate the distance metric, causing intra-class scatter [12]. These



holistic approaches cannot effectively separate core intent from
instance-specific noise, leading to degraded performance in
low-resource scenarios.

B. LLM-Enhanced Intent Discovery

Recently, Large Language Models (LLMs) have been lever-
aged to enhance NID. Methods like IntentGPT [11] and IDAS
[13] utilize LLMs to generate synthetic data or summaries,
while ALUP [9] and LANID [10] employ LLM feedback
to refine pseudo-labels. Despite their effectiveness, these
approaches primarily use LLMs for data augmentation or
iterative refinement, without providing structural guidance for
representation learning [3]. This may introduce hallucinated
noise that propagates through training. In contrast, StrucNID
adopts a one-off structural construction strategy, leveraging
LLMs solely to build a topological prior during initialization
rather than iterative generation. While LLM-generated tags
may introduce noise, our binary adjacency design eliminates
false positives during cold-start, and the subsequent representa-
tion learning with Adaptive Consensus can dynamically rectify
misclassified samples, mitigating the impact of initial label
imperfections.

C. Disentangled Representation Learning

Disentangled Representation Learning (DRL) aims to iden-
tify and factorize the underlying generative factors hidden in
data, a paradigm extensively applied in Computer Vision to
decouple invariant identity from varying style features [14],
[15]. However, this concept remains underexplored in NID.
Standard models typically entangle intent semantics with
instance-specific stylistic patterns within a unified feature
space, leading to overfitting on superficial shortcuts rather than
robust intent features. To address this, StrucNID introduces
Orthogonal Disentanglement, mathematically constraining the
model to separate the latent space into distinct intent and
instance-specific subspaces. This yields cleaner, noise-resilient
representations by effectively filtering out stylistic noise.

III. METHODOLOGY

As illustrated in Fig. 1, StrucNID integrates a Knowledge-
Guided Structural Prior for initialization and an Intent-Instance
Disentanglement mechanism for noise filtering, complemented
by a Distribution-Aware Adaptive Consensus for boundary
refinement.

A. Problem Formulation

We follow the standard semi-supervised NID setting [1],
[2]. Unlike purely unsupervised clustering, we leverage prior
knowledge from a labeled set D' = {(z;,y;)}!, with known
intents Vinown. The larger unlabeled set D = {xz}fiul
contains utterances from both YVj,.wn and a set of disjoint
novel intents Voo Vinown N Vnew = 0). The objective is
to utilize D! to simultaneously classify known classes and
discover novel clusters in D“.

Adaptive Layer-wise Aggregation. Standard methods typ-
ically rely on the final [CLS] token, which may be overly

specialized to pre-training objectives. To mitigate such en-
tanglement, we employ a dynamic aggregation strategy that
selectively combines hidden states from the last M = 4
layers (empirically M = 4), balancing semantic richness and
computational efficiency. Let H\" € RE*? denote the hidden
states of the [-th layer, where L is the sequence length and
d = 768 is the BERT-base hidden dimension. The aggregated
representation h; € R? is computed via a learnable weighted
sum:
M1
h; = LayerNorm (Z Win ~MeanPool(Hi(Nm))> (D)
m=0
where N = 12 is the total number of BERT-base [16] layers
and w,, are learnable scalar weights.

Adaptive K -Estimation. To estimate the number of clusters
K, we adopt the Global Density Filtering strategy [17]. We
utilize a high-density threshold &, € [0.5,0.8] to filter out
low-confidence outliers from an initial over-clustering result,
setting K as the count of remaining dense clusters.

B. Knowledge-Guided Structural Prior

Relying solely on geometric distances of raw BERT embed-
dings is unreliable for initialization due to the lack of domain-
specific adaptation. To address this, we harness the semantic
reasoning capability of LLMs to construct a Structural Prior.

Prompt-Conditioned Graph Construction. We treat intent
discovery as a generative tagging task. For each utterance z;,
we construct a context C; containing the raw text and a task-
specific instruction (e.g., “Extract a concise intent tag”). We
prompt an LLM to generate a fine-grained semantic tag S; (a
text phrase) based solely on the utterance content:

S; = argmax Pg,,,,(w | C;) )
wey*

For instance, given utterances “I want to transfer money”
and “How do I send funds?”, the LLM generates S;="transfer
money”. We then map S; to a discrete micro-label y"t =
¢(S;) via canonicalization (lowercasing and stopword re-
moval), e.g., ¢(“Transfer the Money”)="transfer_money”. To
handle paraphrases and LLM variations, semantically equiv-
alent tags (e.g., “transfer_money” and ‘“send_funds”) are
merged into a unified identifier via fuzzy matching (select-
ing the most frequent as representative), assigning them the
same ™" to form Semantic Mini-Clusters. This process
leverages the LLM’s general semantic understanding without
label supervision to provide initial grouping for subsequent
representation learning.

Crucially, we materialize this prior knowledge into a global
binary adjacency matrix A(® ¢ {0,1}¥*N that encodes
pairwise mini-cluster membership, as visualized in Fig. 2:

S PR g
0, otherwise

Rationale for Hard Adjacency. Binary adjacency max-
imizes precision during cold-start initialization, eliminating
false positives from soft weighting that could propagate errors.



Prompt-Conditioned Tag Generation ‘:

Binary

i Adjacency Matrix \> Distribution-Aware Adaptive Consensus
! Intent 1 = 7 @ (High Threshold)
! + nten ) \ N
! Sample - 1 ), X Filter/Discard g (Low Threshold)"./ Retain Pseudo-label
" [ Domain x Semantic | ! /)\\ 4
1 1 pe ~
—_— 1 \ i i
LLM || Instruction Tags ] T Outlier Boundary ! [ Confident
G d ! >
(Knowledge \ G ] Graph Structure A(0) 2 Region Region i | Region
"""""""""""""""" \ iz A~
Guidance . Structural Supervision === == == a 3 I
) Pre-trained BERT Transformer Encoder S““”“”lls“"“m\"m ____________________________ a
S Intent Space (Zine) Té'
------------ [ {y Layer 12 J--» MeanPool &
¢ 3 Graph CL 1! H
[ Layer 11 J"’ MeanPool (Line) g : 0 Prediction Probability(P) 1
p o i Rectify via Spatio-Temporal Voting
|
1
Labeled ‘\ Layer 10 J--> MeanPool 2 : Temporal Momentum Spatial Voting (K)
Data D; [ 3 } (EMA History) Dynamic KNN Neighbors
'y Layer 9 J--> MeanPool — 4
+ ; ( A 12 L . H g
N e’ Projection L 1 Orthogonality |I__L |I_L g E
2 Flow Vo o)
% |
1 Intent Space (Zins) Weighted Soft Averaging(Convex Combination)
! (10) ®
i Instance-wise CL{ |/ _. cctific
Data Dy, oe® o ® I i 11 Final Output Rectifed o
sl Laver 2 N (Lins) 1 1"\ Pseudodabels
. Y N Aggregated O IR (Lmce)
Trainable Representation h ¢ o | i
1
froven ) % |

Fig. 1. Overview of our StrucNID framework. The framework leverages an LLM-guided structural prior for topological initialization. It then employs a dual-
stream mechanism with orthogonal constraints to achieve intent-instance disentanglement for noise filtering. Finally, a distribution-aware consensus module

rectifies boundary samples via Spatio-Temporal voting for robust clustering.
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Fig. 2. Visualization of the Knowledge-Guided Structural Prior.

As shown in Fig. 2(b), the connected components form reliable
topological anchors, establishing a robust structural skeleton
that prevents early-stage noise propagation. Isolated nodes are
handled by subsequent Adaptive Consensus.

C. Intent-Instance Disentanglement

To rigorously separate class-invariant semantics from
instance-specific noise, we propose a dual-stream projection
mechanism. Unlike CV tasks where objects and backgrounds
are visually distinct, Semantic Entanglement in NLP is more
subtle, as intent and style are often interwoven in the same
tokens.

Dual-Space Projection. The shared representation h; € R?
is projected into two orthogonal subspaces via independent
non-linear heads:

ins

7 = Gint(ha), “)
where 2" € R and 2/ € R? are the intent and instance
representations respectively (typically d’ = 128). Here, 2"
is optimized to capture the Intent Semantics, while z!™* is

%

z

designed to absorb the residual instance-specific variations
(e.g., tone, phrasing).

Graph-Aware Contrastive Learning. We utilize the struc-
tural prior A©) to strictly supervise the Intent Space. We apply
Graph Contrastive Learning to pull together samples within the
same reliable mini-cluster:

£ — 1 Z log GXP(Sim(Zf”ta‘Z]’:"t)‘/T) 5)
in IV = > i exp(sim(2]™, 27 /1)

where N; = {j | Agg) 1} denotes the set of reliable
neighbors, and 7 > 0 is the temperature coefficient controlling
distribution concentration. This loss anchors the intent features
to the LLM-derived topology.

Instance-wise Contrastive Learning. Simultaneously, to
prevent feature collapse in the Instance Space, we apply
standard instance-wise contrastive learning. We generate an
augmented view Z:"® ( via standard dropout or cut-off ) and
treat it as the positive pair for ("%, while all other samples in
the batch are negatives:

20 o SXP(sim(z", 2 /7) (6)
ins ) Zk;ﬁi exp(sim(zfns, Z;?“)/T)

where 7 is the same temperature coefficient as in Eq. 5. This
objective forces 2™ to distinguish each utterance instance,
ensuring that unique stylistic details are preserved in this
stream rather than being discarded.

Orthogonality Constraint. To ensure strict disentangle-
ment, we minimize the Frobenius norm of the cross-correlation
matrix between the two subspaces. Let Zint ¢ RN*d gapnd
Zs ¢ RN*d denote the batch-level feature matrices stacking
all {zi"} and {zi"*} respectively. The orthogonality loss is
defined as:

Corth — H (Zint)TZins

(7

F



Mechanism Analysis. While orthogonality constraints are
established in other domains, their application here relies
on a novel synergy with the Structural Prior. Without L;,;,
minimizing L, could lead to trivial solutions. In StrucNID,
since 2*™ is anchored to semantic intent via L;,; and 2%
captures instance identity via L;,,s, the orthogonality constraint
effectively compels z'"* to capture only the information un-
correlated with intent, namely the stylistic noise.

D. Distribution-Aware Adaptive Consensus

To resolve boundary ambiguity, we rectify pseudo-labels
using dynamic statistics.

Adaptive Region Partition. At epoch ¢, we set thresholds
ay and f3; as the 75" and 25" percentiles of the maximum
prediction probabilities p; ynq.. We formally define the region
partition function R(z;) as:

P (Confident),
B (Boundary), if B < Di;maz < Qi 3)
N (Outlier),  if p;maz < Bt

Spatio-Temporal Rectification. For boundary samples x; €
B, relying solely on instant predictions proves unstable. We
therefore rectify their targets ¢ € RX by aggregating evi-
dence from two dimensions: Temporal Momentum and Spatial
Consensus. Specifically, we enforce temporal consistency by
maintaining an Exponential Moving Average (EMA) of his-
torical predictions pz(-t) e RE, updated as

P = p Y+ (1= ) P(yle™) ©)
where P(y|zi") € RX denotes the predicted probability

distribution, and p € [0.8,0.95] controls historical weight.
Simultaneously, we retrieve the K -nearest neighbors /C; (typ-
ically K = 20) and compute a soft vote by averaging their
distributions. The final rectified target is a convex combination

with v € [0.3,0.7]:

* _ 1 in
g =" +0-7 TR
jer;

if Pi,max > oy
R(z;) =

(10)

By integrating historical stability and local neighborhood
evidence, this mechanism effectively corrects ambiguous pre-
dictions at the decision boundaries.

E. Joint Optimization

We employ a Masked Clustering Loss (Lar¢r) that su-
pervises the model only on confident and rectified boundary
samples (P U B):

K
1 )
——— Y > qiplog P(k|2™) (1)
|P UB‘ 1€PUB k=1

The total objective function is formulated as:

Lycr =

Liotal = Lrvror + M Lint + AoLins + A3Lorth (12)

where A1, A2, A3 are hyperparameters balancing the contribu-
tion of each term. By minimizing L;y¢q;, StrucNID synergis-
tically optimizes feature disentanglement and robust cluster
assignment.

IV. EXPERIMENTS
A. Experimental Setup

Datasets. We conduct experiments on three benchmark
datasets with varying granularity. The detailed statistics of
each dataset is shown in Table I.

« BANKING [18]: A fine-grained dataset with 77 intents

in the banking domain (13,083 utterances).

e« CLINC [19]: A coarse-grained, multi-domain dataset

with 150 intents across 10 domains (22,500 utterances).

o StackOverflow [20]: A technical dataset with 20 intents

(20,000 utterances).

TABLE I
STATISTICS FOR EMPLOYED BENCHMARKS.

Dataset #Utterances #Intents Length (max/mean) Domain
BANKING 13,083 77 79/11.91 banking
CLINC 22,500 150 28/8.31 general

StackOverflow 20,000 20 41/9.18 questions

Baselines. We compare StrucNID with a comprehensive set
of state-of-the-art methods, categorized into two groups:

« Unsupervised Baselines. We include representative deep
clustering methods that learn representations solely from
unlabeled data without using any known intent labels:
DCN [5], SAE-KM [21], DeepCluster [17] and USNID
[2].

« Semi-supervised Baselines. We compare against strong
NID frameworks that leverage prior knowledge from
known classes: DWGF [12], MTP-CLNN [4], and
CsePL [22]. Additionally, we evaluate USNID [2] in
its semi-supervised setting. To validate structural priors
against generative augmentation, we also compare with
LLM-enhanced methods: ALUP [9], IntentGPT [11],
and LANID [10].

Evaluation Metrics. We adopt three standard clustering
metrics: Accuracy (ACC) based on the Hungarian algorithm,
Adjusted Rand Index (ARI), and Normalized Mutual Informa-
tion (NMI). Higher values indicate better performance. Table II
reports the performance on three benchmarks. For evaluation,
we set the Known Class Ratio (KCR) to 0.75, and the labeled
ratio of known intent classes to 0.1, following [1].

Implementation Details. We adopt BERT-base [16] as the
backbone encoder. And we employ the AdamW optimizer
with a learning rate of 2e™ for the encoder and le™ for the
projection heads, with a batch size of 128. The temperature
7 is set to 0.07 in Eq. 5, and loss weights are empirically set
to Ay = 1.0, Ao = 0.5, A3 = 0.1 in Eq. 12. For the structural
prior construction, we utilize GPT-40-Mini as the LLM. All
experiments are conducted on 2 NVIDIA RTX 3090 GPUs,
and results are averaged over 10 random seeds.

B. Main Results

Overall Performance Analysis. As evidenced in Ta-
ble II, StrucNID consistently outperforms both embedding-
based methods (e.g., MTP-CLNN) and recent LLM-enhanced



TABLE II
COMPARISON AGAINST THE UNSUPERVISED (UNSUP.) AND SEMI-SUPERVISED (SEMI-SUP.) STATE-OF-THE-ART ON THREE DATASETS. METHODS
MARKED WITH ! DENOTE LLM-ENHANCED APPROACHES. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD, AND THE SECOND ARE UNDERLINED.

Methods BANKING CLINC StackOverflow Average
NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC
DCN 62.72 25.36 38.59 74.77 31.68 48.69 58.75 36.23 59.48 65.41 31.09 48.92
Unsup. SAE-KM 59.80 23.59 37.07 73.77 31.58 47.15 44.96 28.23 49.11 59.51 27.80 44.44
DeepCluster 41.77 8.95 20.69 6558  19.11 3570  17.52 3.09 1864 4162 1038  25.01
USNID 75.30 43.33 54.83 91.00 68.54 75.87 72.00 52.25 69.28 79.43 54.71 66.66
DWGF 86.41 68.16 79.38 96.89 90.05 94.49 81.73 75.30 87.60 88.34 77.84 87.16
MTP-CLNN 84.63 64.32 75.33 95.44 84.23 89.30 73.88 64.04 79.68 84.65 70.86 81.44
USNID 87.41 69.54 78.36 96.42 86.77 90.36 80.13 74.90 85.66 87.99 77.07 84.79
Semi-sup. CsePL 87.70 71.36 81.93 96.58 88.88 93.46 82.81 75.99 87.80 89.03 78.74 87.73
ALUP? 86.58 70.33 78.27 95.80 85.23 89.69 81.21 72.63 85.40 87.86 76.06 84.45
IntentGPTT 85.94 66.66 77.21 96.06 84.76 88.76 - - - - - -
LANID' 87.18 68.56 76.75 96.08 85.25 89.81 75.30 64.71 77.42 86.19 72.84 81.33
StrucNID(ours) 88.10 71.58 82.03 96.65 90.12 95.11 82.95 75.84 88.06 89.23 79.18 88.40
baselines (e.g., ALUP) on average metrics. While CsePL TABLE III

achieves competitive performance via semantic-aware con-
trastive learning, StrucNID achieves further improvements
across all datasets (average ACC: 88.40% vs. 87.73%). No-
tably, on the challenging fine-grained BANKING dataset, our
method achieves substantial gains, surpassing IntentGPT by
+4.82% and LANID by +5.28% in accuracy. Unlike LLM-
enhanced approaches that primarily leverage LLMs for data
augmentation, or embedding methods that suffer from seman-
tic entanglement, StrucNID explicitly addresses the intrinsic
interference between intent semantics and stylistic noise. This
superior robustness confirms that our Intent-Instance Disen-
tanglement mechanism offers a more effective solution for
clarifying decision boundaries, particularly in scenarios with
subtle semantic nuances.
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Fig. 3. The effect of Known Class Ratio (KCR) on three benchmarks.

C. Impact of Known Class Ratio

Fig. 3 illustrates performance trends under varying Known
Class Ratios (KCR € {25%,50%,75%}). While all meth-
ods benefit from increased supervision, StrucNID consistently
outperforms competitive baselines across all ratios. Notably,
even in the low-resource scenario (KCR=25%), our method
maintains significant performance lead, demonstrating superior
robustness in transferring semantic knowledge from limited
known intents to discover novel categories.

D. Ablation Study

To verify the contribution of each module, we conduct an
ablation study on BANKING shown in Table III.

ABLATION STUDY ON BANKING (KCR=75%). VALUES IN RED
INDICATE PERFORMANCE DROPS COMPARED TO THE FULL MODEL.

Methods ACC NMI ARI
StrucNID (Full Model) 82.03 88.10 71.58
- w/o Structural Prior (A(Y))  77.65(14 35) 84.55(13.55) 65.12(16.46)
- w/o Disentanglement (Lortpn) 79.40(12.63) 86.45(11.65) 67.85(13.73)
- w/o Adaptive Consensus 80.95(11.08) 87.35(10.75) 69.90(1.68)
- w/o Layer Aggregation (h;)  81.55(0.45) 87.80(10.30) 71.05(,0.53)

As observed, removing any component degrades perfor-
mance. Specifically, ablating the structural prior A(®) causes
the largest drop (ACC |4.38%), confirming its critical role in
cold-start initialization. Excluding orthogonal disentanglement
(Lortr) incurs a 2.63% decline, validating its effectiveness in
filtering stylistic noise. Removing adaptive consensus results
in a 1.08% decrease, underscoring its necessity for boundary
sample rectification. Finally, ablating layer aggregation leads
to a 0.48% drop, demonstrating that hierarchical features
capture richer semantics than single-layer embeddings.

E. Qualitative Analysis

Visualization of Representations. Fig. 4 visualizes the t-
SNE embeddings of the test set. Compared to the baseline
USNID [2], which shows blurred boundaries between similar
intents (e.g., card_payment vs. transfer), StrucNID generates
significantly more compact and well-separated clusters, vali-
dating the efficacy of our disentanglement strategy.

Estimation of Novel Intents (K). We evaluate the accuracy
of estimating the number of categories. As shown in Fig. 5(a),
StrucNID achieves remarkable precision across all datasets.
Specifically on CLINC150 (Ground Truth K = 150), Struc-
NID estimates K = 148 (Error: 1.3%), whereas baselines typ-
ically overestimate. This demonstrates that our Distribution-
Aware Adaptive Consensus effectively identifies outlier noise,
preventing it from forming false clusters.
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Fig. 4. The t-SNE visualizations of learned intent representations on the
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Hyperparameter Sensitivity. We analyze the impact
the orthogonality weight A3 on the BANKING dataset at
KCR=75% in Fig. 5(b). The performance peaks at A3 =
0.1 and remains consistently stable within the range A3 €
[0.05,0.5], indicating that StrucNID is robust to parameter
selection and requires minimal tuning in practical deployment.
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Fig. 5. Robustness Analysis.

V. CONCLUSION

In this paper, we presented StrucNID, a robust framework
addressing semantic entanglement in New Intent Discovery.
By leveraging LLM-Guided structural priors and enforcing
orthogonal disentanglement, we effectively filter out stylis-
tic noise to form compact intent clusters while avoiding
generation hallucinations that plague existing LLM-Enhanced
methods. Our Spatio-Temporal voting mechanism further rec-
tifies boundary ambiguities, reducing error propagation in
open-world scenarios. Experimental results indicate substantial
improvements in accuracy and stability across diverse bench-
marks, particularly in fine-grained intent recognition tasks.
Future work will explore multi-turn dialogue scenarios and
multilingual intent discovery for real-world application.
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