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Abstract

Clustering is a fundamental tool that has garnered signif-
icant interest across a wide range of applications includ-
ing text analysis. To improve clustering accuracy, many re-
searchers have incorporated background knowledge, typi-
cally in the form of must-link and cannot-link constraints,
to guide the clustering process. With the recent advent of
large language models (LLMs), there is growing interest
in improving clustering quality through LLM-based auto-
matic constraint generation. In this paper, we propose a
novel constraint-generation approach that reduces resource
consumption by generating constraint sets rather than us-
ing traditional pairwise constraints. This approach improves
both query efficiency and constraint accuracy compared to
state-of-the-art methods. We further introduce a constrained
clustering algorithm tailored to the characteristics of LLM-
generated constraints. Our method incorporates a confidence
threshold and a penalty mechanism to address potentially in-
accurate constraints. We evaluate our approach on five text
datasets, considering both the cost of constraint generation
and the overall clustering performance. The results show
that our method achieves clustering accuracy comparable to
the state-of-the-art algorithms while reducing the number of
LLM queries by more than 20 times.

Code — https://github.com/weihong-wu/LSCK-HC

1 Introduction

Short text clustering (STC) is a well-known natural lan-
guage processing task, widely used for analyzing brief user-
generated content on platforms such as Twitter, Instagram,
and Facebook (Ahmed et al. 2022). Thanks to its sim-
plicity and efficiency, the k-means algorithm is widely ap-
plied when implementing the STC tasks. To further meet
clients’ expectations and improve the clustering quality, peo-
ple have introduced semi-supervised approaches using addi-
tional background knowledge of the raw data to assist the
k-means clustering (Cai et al. 2023).

For text clustering with pairwise constraints, many re-
searchers (Basu, Banerjee, and Mooney 2002; Bae et al.
2020; Viswanathan et al. 2024) have incorporated back-
ground knowledge into k-means clustering. For instance,
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Wagstaff and Cardie (2000) introduced the concepts of
cannot-link (CL) and must-link (ML) constraints and de-
signed a clustering algorithm that enforces these constraints.
Building upon this work, Basu, Banerjee, and Mooney
(2002) developed algorithms that applied these constraints
to textual data, such as news articles, utilizing spherical
k-means for clustering. Following this, Basu, Banerjee,
and Mooney (2004) proposed an active-learning approach
to generate constraints automatically, thereby reducing re-
liance on manual input, and integrated these constraints di-
rectly into the clustering objective. However, these methods
still depend on constraints that are either hand-picked by ex-
perts (Basu, Banerjee, and Mooney 2002) or derived from
existing labels (Baumann and Hochbaum 2024). In textual
datasets and unlabelled domains, such as social media text,
manually generating a sufficient number of constraints is
prohibitively time-consuming and costly.

Recently, LLMs have been considered to serve many
different short text clustering tasks, for instance, they can
be used to generate pairwise constraints for clustering
by In-Context Learning (Zhang, Wang, and Shang 2023;
Viswanathan et al. 2024) and text summarization (Feng et al.
2025; Zhang, Yu, and Zhang 2025). However, Viswanathan
et al. (2024) incurred high costs while achieving limited im-
provements in constrained k-means clustering when apply-
ing their LLM-generated constraints. To fill the gap, we ar-
gue that LLMs can offer greater benefits if the pairwise con-
straint format is replaced with a set-based formulation and
if the clustering algorithm is designed to tolerate false in
LLM-generated constraints. Based on these challenges, we
summarize our main contributions as follows.

* By leveraging the generation capabilities of LLMs, we
provide a query selection method for decision-making to
generate the CL and ML constraints. We then apply the
LLMs to measure the thresholds to categorize the must-
links as hard or soft constraints, which are used in the
constrained clustering process.

Based on the LLM-generated constraints, we propose
a penalty-augmented local search clustering algorithm
to handle the CL and ML constraints. Cannot-link con-
straints are handled via a local search with the penalty
matching method, while must-link constraints are di-
vided into two types: hard constraints guide the initial
seeding represented by the mean of the set, and soft con-



straints correct the clustering via penalties.

* By evaluating the LLM-generated clustering framework
on 5 real-world text datasets, our results show that the
clustering quality attains accuracy that is comparable to
or exceeds that of the existing algorithms, while reducing
LLM queries by more than 20 times.

2 Related Works

Clustering algorithms, such as k-means (Lloyd 1982) and k-
means++ (Arthur and Vassilvitskii 2007), are widely used in
short-text clustering. Extensive research has been conducted
on interactive approaches that integrate partial supervision
through must-link and cannot-link constraints (Bae et al.
2020). In this work, we concentrate on introducing two crit-
ical components of constrained clustering: constraint gener-
ation and clustering algorithms.

Generated Constraints. Basu, Banerjee, and Mooney
(2004) first proposed an automated strategy for generating
must-link and cannot-link constraints, known as farthest-
first query selection, which reduces reliance on manual la-
beling. Then, other typical methods have been introduced,
such as the min-max approach (Mallapragada, Jin, and Jain
2008) and normalized point-based uncertainty (Xiong, Az-
imi, and Fern 2013). The primary objective of these meth-
ods is to select the most informative and representative ex-
amples for supervision (Fu et al. 2024). In recent years,
active clustering with pairwise constraints has been exten-
sively adopted in semi-supervised clustering (Yu et al. 2018;
Xiong, Johnson, and Corso 2016; Li et al. 2019; Fu et al.
2024). However, these approaches still rely on expert judg-
ment or are derived from existing labels as prior knowledge.
Recent works (Zhang, Wang, and Shang 2023; Viswanathan
et al. 2024) have explored the use of In-Context Learning
(ICL) with LLMs to generate pairwise constraints, while
Huang and He (2024) employ LLMs to produce potential
labels for classification tasks. In our work, we utilize the
characteristics of LLMs and then design algorithms to en-
hance query efficiency by extending constraints from indi-
vidual pairs to sets, thereby reducing the number of LLM
queries required while improving the constraints’ accuracy.

Constrained Clustering Algorithms. Wagstaff et al.
(2001) incorporated must-link and cannot-link constraints
into k-means clustering and proposed the COP-KMeans al-
gorithm, a greedy approach designed for constraint satisfac-
tion. Next, constrained clustering algorithms have typically
categorized relationships between instances as either hard
constraints which must always be satisfied (Basu, Baner-
jee, and Mooney 2002; Ganji, Bailey, and Stuckey 2016; Le
et al. 2018; Baumann 2020; Jia et al. 2023), or soft con-
straints which are integrated into the objective function with
penalties for violations (Basu, Banerjee, and Mooney 2004;
Davidson and Ravi 2005b,a; Pelleg and Baras 2007; Bau-
mann and Hochbaum 2022). More recently, Baumann and
Hochbaum (2024) proposed the constraints clustering algo-
rithm utilizing integer programming to cluster and effec-
tively manage constraints allowing for the inclusion of both
hard and soft types. In addition, Jia et al. (2023) and Guo
et al. (2024) proposed approaches that handle constraints
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as disjoint sets to prove the approximation ratio of cluster-
ing. However, existing algorithms are not specifically de-
signed to leverage the properties of LLM-generated con-
straints, even though soft-constraint clustering algorithms
can mitigate some misclassifications caused by the false
constraint relationships. In this paper, we propose a cluster-
ing algorithm that combines LLM-generated hard and soft
constraints to align with the decision-making characteristics
of LLMs.

3 Problem Formulation

In text clustering, a set of n texts 7' is provided as in-
put, where each short text is transformed into a point in -
dimensional space R° by embedding models, resulting in
a set of representations (points) S. Let 7 denote the map-
ping function from the text ¢ € T’ to its embedding point
x = m(t) € S. For a parameter k, the goal of the text clus-
tering task is to assign these points to k clusters, denoted
by A = {A1,..., Ai}, such that the objective function is
minimized.

In particular, the traditional k-means algorithm clusters
the data based on the means with the goal of minimizing the
following objective function:

k
min» " [lz — o(4y)]]?

i=1 2€A,CS

where cluster A; represents the collection of points within .S
and ¢(A4;) denotes the mass center of A;. Let C' denote the
center set involving all the ¢(A;) for i € [k]. With the same
objective, the constrained k-means needs to additionally sat-
isfy the constraint relationships below.

Let must-link (ML) constraints be defined as X
{X1,..., X}, where each X € X is an ML set. For each
point within the ML set, the clustering considers assigning
them to the same center. Similarly, let cannot-link (CL) con-
straints be defined as ) = {Y7,...,Y;}, whereeach Y €
represents a CL set |Y'| < k, and the clustering considers
assigning the points in Y to different centers. Note that the
hard constraints require the point assignments to strictly fol-
low these constraints, while the soft constraints allow them
to violate the constraints by paying a certain penalty.

4 Methodology

In this section, we first propose the algorithmic framework
of our approach. Then, we describe the two key stages for
constrained text clustering: 1) generating high-accuracy con-
straint sets while reducing the number of queries; 2) devel-
oping a clustering algorithm tailored for utilizing the LLM-
generated constraints to improve clustering accuracy.

Algorithmic Framework

In this work, we utilize LLMs to assist in generating both
cannot-link and must-link constraints. After embedding text
into data points, our method consists of two main stages: 1)
constraint generation: we select a set of candidate data points
and employ LLMs to assess their relationship, generating
ML/CL constraints; 2) constrained clustering: we perform



clustering on the data points while incorporating the ML/CL
constraint sets generated among the inspected data points.
Notably, the selection algorithms used in Stage 1 are tuned
to better support the subsequent Stage 2, ultimately yielding
clustering results with higher accuracy.

Constraint Generation with LLM

By setting candidate points, we propose a novel LLM-
generated constraint algorithm aimed at improving query ef-
ficiency while maintaining the quality of constrained cluster-
ing. To this end, our candidate query selection algorithm is
guided by two key factors: the correctness of the constraints
generated by the LLMs and the effectiveness of the queries
formulated to assist the LLMs. We provide the key idea of
this stage below and further details on the algorithm can be
found in the full version.

To enhance query efficiency, we leverage LLMs to gen-
erate constraint sets, thereby enhancing the effectiveness
of the queries instead of using pairwise constraints (Guo
et al. 2024). Specifically, we propose two methods to sep-
arately construct candidate constraint sets for the must-links
and cannot-links, ensuring that each set contains at least
two (> 2) points per query. In addition, following previous
works (Basu, Banerjee, and Mooney 2004; Mallapragada,
Jin, and Jain 2008; Viswanathan et al. 2024), we select can-
didate points based on distances.

Must-Links Constraint Set. To collect candidate points
for the must-link constraints, we employ an algorithm based
on coresets (Har-Peled and Mazumdar 2004) to partition
the dataset into representative subsets. This approach pre-
vents the selection of points that differ significantly along
any single dimension and ensures that each candidate ML
set contains mutually similar points. Each sampled subset is
mapped to its text and then passed to an LLM, which re-
turns groups of texts. The corresponding points of these text
groups are then used to construct the ML sets. In particu-
lar, let X, = {x1,...,2,»} C S denote a selected must-
link candidate point set obtained by the selection method.
We map it to the corresponding text set T, = 7~ 1(X,) =
{t1,...,tm}, where 7~ is the inverse mapping function
from the text to its associated point. The final ML constraint
sets are then constructed according to the LLM output as

LLMy(T,) = {{t1,t2,ts}, ..., {tm} }.

We select each subgroup containing more than one text to
form an ML set. For example, given T' = {t1,ta,t3}, we
use the mapping 7 to obtain the corresponding point set X =
m(T) = {x1, x2, x5}, which then defines the ML constraint.

Hard and Soft ML Constraints. To effectively leverage
LLM-generated constraints in clustering, we assign confi-
dence values to the must-link constraints as indicated by
the LLMs’ feedback. We separately compute two thresh-
olds for the pairwise and multi-point constraints. The key
steps are as follows: 1) According to the coreset algorithm,
the points are divided into multiple grid levels r;, defined

asr; = (1+ )7 - \/costy./10nd, where costy. denotes

the cost of the k-center problem solved by the min-max al-
gorithm (Gonzalez 1985) and ¢ is a small constant set to
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0.1; 2) At each grid width level, we compute the order-
ing of the pairwise distances (or set diameters) as ¥
{max;, s,ex d(x1,72)| X € S, }, where S, denotes the
family of ML sets whose inter-point distances correspond to
the jth grid width r;; 3) We perform a binary search over
¥ to identify a desirable distance threshold ¥ € W; 4) For
each candidate threshold 1, we query the LLMs « times
(o = 5 for pairwise constraints and o = 10 for set-based
constraints). If all responses are considered consistent, v is
designated as the maximum allowable diameter for a hard
must-link constraint of the corresponding constraint type. In
our clustering algorithm, we handle hard and soft ML con-
straints separately.

Cannot-Links Constraint Set. On the other hand, to col-
lect candidate points for the cannot-link constraints, we uni-
formly randomly select from the set of uncovered data points
whose distance from the current candidate set exceeds a
threshold » = costy., where costy. is the cost of k-center
computed by the min-max algorithm (Gonzalez 1985) to
limit the size of the CL constraint set (< k) regarding its
2-approximation ratio guarantee. This selection strategy is
designed to facilitate more accurate judgments by LLMs. To
ensure correctness, each sampled point ¢ is evaluated by an
LLM to determine whether it should be placed in a cannot-
link set. We denote the LLM’s response as LLM ¢, (Ty , tq),
where Y is the current CL set, Ty = w(Y) is the set of texts
mapped from Y via the mapping function 7, ¢ is a candidate
point and t, = w(q). If LLMcr(Ty,tq) returns “None”,
we append ¢ to Y. Otherwise, we continue to seek the next
point. The process continues until the size of Y reaches k, or
no new point q can be found beyond the radius r from Y, at
which point the algorithm terminates and begins construct-
ing a new CL set.

Clustering with LLLM-generated Constraints

Our LLM-generated constraints differ from traditional con-
straints in two key aspects: 1) they are constructed as sets
rather than pairwise, and 2) they may contain erroneous con-
straints in the LLM’s output. In this clustering algorithm, we
begin by initializing the clusters using the hard must-link
(ML) constraints with the clustering k-means++. For clar-
ity, we next introduce penalty-based constrained clustering
algorithms that incorporate CL and ML constraints, respec-
tively. Next, we present a unified framework that can handle
both types of constraints. Finally, the algorithm needs to up-
date the centers using the assignment results and repeat the
constrained assignment steps until convergence.

Cluster Initialization

Similar to previous studies (Baumann and Hochbaum 2024),
we represent hard must-link constraints by their mass cen-
ter and incorporate them during the seeding step based on
the k-means++ initialization strategy (Arthur and Vassilvit-
skii 2007). The k-Means++ algorithm achieves better clus-
tering accuracy by adding the seeding step to the traditional
k-means algorithm, which means the k-means algorithm is
sensitive to the improvement of the initial center selection
steps. Thus, to keep the advantage, we divide the hard and
soft ML constraints during the generation stage and utilize



Algorithm 1: ML-Constrained Clustering with Penalty.

Input: A dataset S with a family of ML sets X
including the hard ML constraint sets X},.
Output: The assignment result of ML sets X and
center set C.
1 Set C' + k-means++ (Arthur and Vassilvitskii 2007),
P {P}i;
/+ Initialization center
2 for each ML set X € X}, do

*/

3 Set the mass center X with | X| to represent the
set X;
/+ Assignment step */
4 for each ML set X € X \ X}, do
5 for each point x € X do
6 Assign z to its nearest center ¢; € C}
7 L Set partition P; <— P; U z;
8 for each P; € P with the largest size | P;| do
9 Set the mass center P; with | P;| to represent the
partitionP;; // similar to P
10 for each P; € P\ P; with the largest size | P;| do
1 Set ¢;; as the nearest center of the merged
mass center of P; U P;
12 if (wp, +d(Pj, ¢;)) - |Pj| + (Wi +d(P;, ;)
|P1| > ZPEPiUPj d(p, CZ']') then
13 LSC'[PI‘<—P¢UP*;

14 R;turn X'« Pand C.

the hard ML constraints (with high correctness) to join the
initial centers selection step. The detailed algorithm is pro-
vided in Steps 1-3 of Alg. 1.

ML Clustering with Penalty

As described in the above subsection, we propose distin-
guishing high-accuracy constraints as hard constraints to
serve the initialization step, while treating the remainder as
soft constraints. The hard ML constraints will be assigned
following their representative point. The key ideas of our
method for handling soft constraints are summarized below,
with the full algorithm detailed in Alg. 1.

For each soft ML set X € X'\ X}, our approach first as-
signs the points in X to their partitions in P. To be specific,
each point is assigned to its nearest center and divides X
into subsets P; € P, which is represented by its centroid P;.
Next, we iteratively select the two partitions with the largest
diameters, denoted as P; and P;, and compare the cost of
merging them (obtained by assigning the merged group to
the nearest center to its mass center) with the cost of keep-
ing the original assignments and the associated penalties. If
the merge yields a lower overall cost, we combine P; and
P; and update the partition set X accordingly. This process
continues until no further merges within X can be merged.

Lemma 1. The running time of Alg. 1 is O(nk?).

Proof. Firstly, the initialization step of Alg. 1 takes O(n)
time to process the ML sets X, followed by O(nk?) for k-
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Algorithm 2: Local Search for CL-Constrained
Clustering with Penalty.

Input: A dataset S with a family of CL sets ) and
the center set C.
Output: The assignment result A of CL sets ).
1 for each CLsetY € Y do

2 while True do
3 Construct the auxiliary bipartite graph
G(C,Y; E) regarding the center set C' and
the CL set Y,
4 Set M <+ Computing the maximum-sum
matching on graph G;
5 for each edge e(y,c) € M do
6 Compute the maximum-sum matching
regarding graph G’ = G(C,Y \ y) and
set the matching as M’;
Set num,, < 1;
for eachy’ € Y \ y do
| if M(y') # M'(y’) then num,++;
10 Set gy < > c(y.c0em Ay, €) —
Ze(y,c’)EM’ d(y7 Cl) - d(y’ C(y))’
11 if max,ey gy < num, - we then
12 Assign CL set Y to .4 by matching M ;
13 break;
14 else
15 Assign y to A, with its nearest center
(y);
16 SetY « Y\ y;

means++ to obtain the center set. Then, the assignment step
takes O(nk) time to enforce the ML constraints on the parti-
tions, and on all partitions, we spend a total of O(nk2) time
comparing the cost of merging versus splitting each pair of
partitions. So the total runtime of Alg. 1 is O(nk?). O

CL Clustering with Penalty

To efficiently utilize CL constraint sets, we use the
maximum-sum matching approach for k-means clustering.
To further reduce the impact of the false relationships, we
utilize a penalty term to correct the clustering assignments
by local search. The key steps are outlined below, with the
algorithm detailed in Alg. 2.

Auxiliary Bipartite Graph Given the center set C' and
each CLsetY € ), we construct an auxiliary bipartite graph
G(Y,C; E), where the weight of each edge e € F is the
negative of the distance between its endpoints. The formal
definition is as follows.

Definition 1. Given a center set C and a CL set Y, the aux-
iliary bipartite graph G(Y, C; E) is defined on the vertex set
Y UC, and FE is the set of edges between'Y and C.

Minimum Weight Perfect Matching According to the
graph G defined by Def. 1, we compute a maximum-sum
matching M to identify centers for the points in each CL set



Algorithm 3: LSCK-HC: ML/CL-Constrained Cluster-
ng.
Input: A dataset S of size n, a family of CL sets )
and a family of ML sets X'.
Output: A set of clusters A regarding center set C.
Set X’ and C' + CALL Alg. 1 regarding the ML
constraint sets X;
for X' € X' do

[S]

3 Compute the mass center X’ with weight | X’| to
represent the set X',
4 | SetS+ SUX'\ X',

Set A <— CALL Alg. 2 regarding datasets S with the
family of CL constraint sets ) and C’;
for each unassigned point s € S do
Set S’ « s
ifsc€ X € Xthen Set S’ «— X ;
Assign S’ to its nearest center ¢(S’) € C;
Set Ac(S’) — Ac(S’) us’;

Return A.

[y
=)

-

Y € Y. For a given CL set Y, let M denote the matching
between the center set C' and Y as below.

Definition 2. Given an auxiliary bipartite graph G
(C,Y; E), the matching Mg C FE is defined as a minimum
weight matching if and only if: 1) Mg is a one-sided per-
fect matching with |Y'| < |C: 2) 3=, e, Ay, ¢) attains
minimum, where y € Y and c € C.

Based on the above definition, the algorithm proceeds as
follows. For each matching A : 1) Remove the point y with
the largest distance, i.e., y = argmaxy e d(y,c); 2)
Let M’ be the maximum-sum matching between Y \ {y}
and C; 3) By comparing M and M’, define num,, that is
the number of points in Y\ {y} whose center assignments
change and g, is the corresponding decrease in total cost; 4)
If maxyecy gy < numy X we; (Where w; is the penalty), the
entire CL set will be assigned according to M ; Otherwise,
let y = arg maxycy gy, reassign y to its nearest center c(y),
update Y + Y\ {y}, and repeat steps 1-4 until for the cho-
sen y we have g, < num, X w.

Lemma 2. The running time of Alg. 2 is O(k2 + nk*).

Proof. In steps 3-4 of the algorithm, each matching re-
quires O(|[E(G)| + [V(G)|?) = O(k? + k - |Y]) time to
compute the maximum matching in G using the algorithm
by (van den Brand et al. 2020). Similarly, the matching cost
O(k? + k- |Y|) in steps 6-9. Thus, when we compare these
assignment results, if the cost reduction is always greater
than the penalty, we spend O(ZYey(k:% +k-Y])?xk)=

O(k:% + k* - n) time to obtain all matching results. O

Clustering with Both ML and CL Constraints

By combining Algs. 1 and 2, we present our overall method
for CL and ML constrained clustering in Alg. 3. In this algo-
rithm, we first apply Alg. 1 to assign the ML constraint sets.
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Considering a point that belongs to both CL and ML rela-
tionships, it is crucial to ensure that the assignments respect
the centers determined by the ML set in Step 4 of Alg. 3
when addressing the CL constraints.

Lemma 3. The running time of Alg. 3 is O((k2 +n) - k*).

5 Experiments

In this section, we report the proposed clustering method
using LLM-generated constraints. We conduct an extensive
comparison with four baseline methods under these con-
straints. Additionally, we evaluate our approach in terms of
query accuracy and query time reduction. We then demon-
strate the performance of our algorithm (LSCK-HC) across
various embeddings and models. Finally, for constraint gen-
eration, we analyze the individual contributions of cannot-
link and must-link constraints.

Experiment Setup

Datasets. Following the related previous works (Zhang,
Wang, and Shang 2023; Viswanathan et al. 2024), we com-
pare the performance of our algorithms with baselines on the
text clustering tasks on five datasets: tweet, banking77, clinc
(I/D) and GoEmo.

Baselines. We compare the performance with the clos-
est baseline (Viswanathan et al. 2024), called FSC, which
uses the min-max method (Mallapragada, Jin, and Jain
2008) to select the query nodes and the PCK-means (Basu,
Banerjee, and Mooney 2004) clustering algorithm to clus-
ter the data. For the clustering algorithm, we utilize the k-
means++ (Arthur and Vassilvitskii 2007) as one of the base-
lines. In addition, we list the different popular constrained
clustering algorithms based on k-means clustering below:
1) COP (Wagstaff et al. 2001): It is the first algorithm de-
signed to address the constrained clustering problem. 2)
PCK (Basu, Banerjee, and Mooney 2004): It is a constrained
clustering algorithm suitable for large data sets with sparse,
high-dimensional data (Deng et al. 2024). 3) BH-KM (Bau-
mann and Hochbaum 2022): A recent clustering algorithm
with soft constraints, which uses a mixed-integer program-
ming formulation, struggles to scale and tends to stop when
faced with a large number of constraints; 4) CKM++ (Jia
et al. 2023): It provides an algorithm to handle the hard con-
straint sets instead of the pairwise constraints. In addition,
we set our clustering algorithm without any hard constraints,
called LSCK.

Metrics. According to the previous works (Zhang, Wang,
and Shang 2023; Viswanathan et al. 2024; Huang and He
2024; Zhang, Yuan, and Pan 2024), we report the clustering
performance by four metrics: accuracy (ACC) calculated af-
ter Hungarian alignment (Kuhn 1955), and Normalized Mu-
tual Information (NMI) calculates mutual information be-
tween two assignments, Rand Index (RI) and Adjusted Rand
Index (ARI) to quantify the similarity between the predicted
clusters and the ground-truth labels.

Experimental Settings. The main experimental results eval-
uate the clustering with the constraints generated by LLMs.
We directly apply these clusterings on extracted embed-
dings from Instructor-large (Su et al. 2023) and E5 (Wang,
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Figure 1: Comparison of average clustering results on datasets across different constrained instance ratios.

Shang, and Zhong 2023) with the same prompt for (Zhang,
Wang, and Shang 2023). All experiments were conducted
on a Linux machine equipped with an NVIDIA A100 80GB
GPU, a 32-core CPU, and 256 GB of RAM, running Python
3.10. Each reported value in this experiment is the average
result over 10 runs for each setting.

Clustering Results with Constraints

We report the clustering quality of each algorithm regard-
ing the same constraint sets while varying the ratio of con-
strained instances. BH-KM does not report all of the con-
straint ratios due to the difficulty of handling a large number
of them.

Combining CL and ML Constraints. In Sec. 4, we pro-
vide the query sampling methods for generating cannot-link
and must-link constraints, respectively. To evaluate cluster-
ing quality, we combine both constraint types through this
process: 1) Randomly choose a CL set Y to include in the
final constraint collection; 2) If any points in Y are included
in a must-link (ML) constraint set, add the relevant ML con-
straints. Continue repeating steps 1 and 2 until the target
constraint ratio is achieved.

In Fig. 1, we show the clustering results for all datasets
with constraints alongside the baseline results. The main ob-
servations are summarized as follows:

Compared with the baselines, LSCK-HC and LSCK
consistently improve clustering performance over the
unconstrained setting. Across all datasets, our algorithms
outperform the 0% constraint clustering results. In particu-
lar, clustering accuracy increases by more than 2% as the
constraint ratio rises to 40% on the Tweet and CLINC (D)
datasets. This improvement surpasses that of the baselines,
which we attribute to the effectiveness of local search in
finding solutions.

Except for our algorithms, it is observed that PCK gener-
ally outperforms COP and CKM++ by including a penalty to
handle the constraints as soft constraints in its cost function.
However, the effectiveness of this penalty diminishes when
the constraint ratio exceeds 10% across multiple datasets
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(e.g., GoEmo, Clinc (1)), leading to a decline in clustering
quality. In contrast, our algorithms leverage a local search
method, achieving robust clustering results. The experi-
mental results are consistent with our design, which can
effectively utilize LLM-generated constraints.

Alg. 3 achieves its best performance with a 20% con-
straint ratio for most datasets. Moreover, this case can be at-
tributed to two main factors: (1) as the number of constraints
increases, the proportion of erroneous constraints also rises;
and (2) prior studies including PCK and CKM++ (Basu,
Banerjee, and Mooney 2004; Jia et al. 2023) have shown that
improvements in clustering quality tend to plateau as more
constraints are added, even when all constraints are correct.
However, Tweet dataset is an exception in our experiments.
We believe this is due not only to the high accuracy of LLM-
generated constraints for this dataset, but also to its inherent
focus on clustering as the primary task.

Effectiveness and Efficiency of Constraint
Generation

In this section, we examine our method described in Sec. 4
with the baseline approach (Viswanathan et al. 2024). We
adjust the skeleton structure to better serve the CL con-
straints and draw inspiration from the coreset technique to
develop an ML sampling method. To evaluate constraint ef-
fectiveness, we compare both the number of LLM queries
and the quality of the resulting constraints by Rand Index.

Query Times. As shown in Tab. 1, we compare our algo-
rithms (see Sec. 4) with the baseline in terms of the num-
ber of queries across different constraint ratios and datasets.
Our approach demonstrates a substantial advantage, re-
ducing the number of LLM queries by at least 20-fold for
each ratio on all datasets. In particular, we vary the con-
straint ratio from 2% to 20% and report the corresponding
LLM query counts for CL and ML constraints. We attribute
the improvements to the selection method of the candidate
constraint sets. Moreover, our proposed selection strategy
enables the generation of multiple constrained relationships
from a single query.

Constraints Quality. We evaluate the quality of the



2% 10% 20%

‘ Methods ‘

Datasets
| | RI #Query RI #Query RI  #Query
FSC | 992 5260 813 23420 1140 26580
Bank77-ML ‘ Our ‘ 9642 91 8808 313 8583 480
FSC | 9955 4070 9932 22620 9928 37715
Bank77-CL ‘ Our ‘ 9975 89 9950 641 9948 1637
FSC | 4205 25095 6920 26725 7897 29225
CLINC-ML ‘ Our ‘ 9625 91 9429 467 9167 927
FSC | 9957 12175 9949 36100 9948 42135
CLINC-CL ‘ Our ‘ 9952 93 99.64 662 9959 1751
TweetntL | FSC | 5000 13070 7435 25800 8382 27425
- Our | 10000 99 10000 258 9921 539
TweelCL | FSC | 9974 5330 9909 27440 9917 31485
Our | 9966 111 9967 323 9956 821

Table 1: Comparison of the LLM-generated constraint qual-
ity (RI) and the number of queries (#Query) across different
constrained instance ratios.

LLM-generated constraints in Tab. 1, which demonstrates
that our method consistently achieves higher accuracy than
the FSC. In particular, for must-link (ML) constraints, our
algorithm significantly improves correctness. For example,
when the constraint ratio is set to 2%, the accuracy of FSC
remains below 50%, whereas our method achieves over
96%. This substantial gap is likely due to the baseline de-
riving ML constraints indirectly, using inference steps that
were originally designed for identifying cannot-link (CL)
constraints. In contrast, our method explicitly selects the
high-confidence ML constraint set based on distance-based
criteria. As the constraint ratio increases, the accuracy of
FSC also improves, mainly because more ML constraints
are generated from steps specifically intended for must-link
identification. Nevertheless, our method consistently main-
tains a higher level of accuracy, outperforming FSC by more
than 12% across all settings.

Ablation Studies

As illustrated in Fig. 2 and Tab. 2, we evaluate the algo-
rithms under two different models and embeddings. Then,
we measure the influence of the constraints’ correctness on
the clustering performance, and the separate contributions
for CL and ML clustering can be found in the full version.

Robustness for Different Models and Embeddings. In
Fig. 2, we compare the performance of two large language
models (i.e., DeepSeek R1 and V3) on the Tweet and Bank-
ing77 datasets. First, we observe that the quality of the gen-
erated constraints varies with the chosen LLM, and those
differences in constraint quality directly affect the result-
ing clustering performance. According to this, we provide
the experimental results on how constraint quality affects
performance. Next, we find that when evaluating cluster-
ing results with the same model, our algorithm outperforms
PCK, aligning with the findings discussed in the above sec-
tion. Thirdly, we show the improvement for our framework
(LSCK-HC) over the baseline (FSC) while maintaining a
consistent model (V3). For both of the datasets, we discov-
ered that our algorithms exceed baseline performance. We
attribute this advantage to the design of our selection strat-
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65.92  66.05

65.56

6436 64.09 64.06

banking77

62.01

tweet
Dataset

B LSCK-HC (R1)
LSCK-HC (V3)

B PCK (V3)
mmE FSC (V3)

Figure 2: Comparison of clustering accuracy (ACC) across
different large language models and algorithms with a 30%
constrained-instance ratio. Note that FSC in Viswanathan
et al. (2024) uses its own constraint-generation algorithm
and applies PCK for clustering.

| ACC | NMI | ARI
Embedding

| PCK LSCK-HC | PCK LSCK-HC | PCK LSCK-HC
Instructor-large | 65.08 65.92 87.78 87.80 55.30 55.89
ES 60.18 62.90 85.36 85.86 48.68 58.00

Table 2: Comparison of clustering results on the Tweet
dataset at a 30% constrained-instance ratio across differ-
ent embeddings. Underlined values indicate the best perfor-
mance for each metric.

egy and clustering algorithm.

As shown in Tab. 2, we compare clustering results for the
Instructor-large (Su et al. 2023) and E5 (Wang, Shang, and
Zhong 2023) embeddings, using the same language model
and evaluated on three metrics. Our algorithm outperforms
PCK on both embeddings, and PCK itself yields higher
clustering performance with Instructor-large than with ES,
which aligns with previous evaluations (Zhang, Wang, and
Shang 2023). Under constrained clustering, our method de-
livers the greatest boost on the smaller ES, improving ARI
by nearly 10%. We attribute this to the lower baseline clus-
tering quality of the smaller model, which allows the added
constraints to have a stronger corrective effect.

6 Conclusion

In this paper, we present a text clustering algorithm using
must-link and cannot-link constraints. Leveraging LLMs to
generate constraints, we aim to improve clustering quality
through an efficient constraint generation method while re-
ducing resource consumption by treating constraints as sets.
We further tune the constrained clustering algorithm to han-
dle these LLM-generated constraints, including both hard
and soft ML constraints as well as CL constraints. Moreover,
we introduce penalties to mitigate the impact of false con-
straints and enhance clustering performance by local search.
We evaluate our results on five short-text datasets, demon-
strating that our method compares favorably in both cluster-
ing quality and the cost of constraint generation.
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