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Abstract: We study Clustor, a compact clustering toolkit implemented in Rust and exposed to Python via a thin extension 
module. Clustor targets a pragmatic design point: implement classical clustering algorithms with a Python-first surface that 
accepts and returns NumPy arrays, while remaining minimal-dependency and performance-conscious. We present a formal 
specification of the Clustor API contracts, map each implemented algorithm to primary literature, and provide proof sketches for 
key theoretical properties (objective descent, termination, statistical consistency where applicable, and EM monotonicity). We 
also propose a rigorous experimental evaluation plan spanning synthetic and real benchmarks, and compare Clustor’s scope 
and trade-offs to mainstream clustering libraries. The code can be found at https://github.com/alphavelocity/clustor 
 

I.   INTRODUCTION 
Clustor is a Rust-accelerated clustering toolkit exposed to Python via PyO3/maturin [1, 4, 5]. Its core contribution is not a new 
clustering objective, but an engineering and packaging point: provide classical unsupervised learning primitives with low overhead 
and predictable memory layout. This paper delivers: (i) an API and mathematical contract for each operator, (ii) theory-oriented 
documentation (definitions, proof sketches, complexity), (iii) pseudocode aligned to the implementations, (iv) an evaluation plan 
and dataset recommendations, (v) limitations and open problems, and (vi) a code-heavy appendix with runnable examples and 
derivations. 
 

II.   BACKGROUND AND MOTIVATION 
Clustering remains a foundational unsupervised primitive for exploratory analysis, representation learning pipelines, and as a 
preprocessing step for downstream models. In practice, users frequently want (a) a stable API, (b) predictable performance, (c) low 
dependency surface, and (d) sufficient algorithmic breadth to cover common regimes (spherical/Euclidean partitions, streaming, 
density structure, hierarchical summaries, and mixture models). Clustor aims at this “classical essentials” layer [1], using Rust for 
compute kernels and PyO3/maturin for Python integration [3, 5]. 
We emphasize a critical methodological point: algorithmic convergence (e.g., Lloyd termination) differs from statistical consistency 
(population recovery as � → ∞). Both are discussed where relevant [18, 20]. 
 

III.   PROBLEM SETTING AND API CONTRACTS 
A. Data model and notation 
Let � ∈ ℝ�×� be a dataset with rows �� ∈ ℝ�. Clustor’s Python layer (per repo inspection) coerces inputs to float64 contiguous 
arrays, hence we assume � is stored as a contiguous buffer in row-major order. 
A hard clustering is a label map ℓ: {1, … ,�} → {0, … ,�− 1}. A noise-aware clustering extends the codomain to {−1} ∪ {0, … ,�−
1} where −1 denotes noise (DBSCAN/OPTICS conventions) [13, 7]. A soft clustering is a responsibility matrix � ∈ [0,1]�×� with 
∑ ���
�
�ୀ1 = 1. 

 
B. Distance functions and preprocessing 
Clustor supports at least the following metrics (per repo inspection and documented API): 

�2(�,�) = ∥�−�∥2,

�cos(�,�) = 1−
⟨�,�⟩

∥�∥2∥�∥2
, 

with standard conventions for zero vectors and optional normalization for cosine workflows. Cosine-based pipelines often operate 
on the unit sphere; therefore optional row normalization � ← �/∥�∥2 is treated as part of the operator specification. 
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C. Output schemas and invariants 
Clustor methods return NumPy arrays and/or dictionaries with keys such as: labels, centers, inertia, reachability, ordering, weights, 
means, covars, resp, depending on the algorithm family [1]. 
 

IV.   ALGORITHMS IMPLEMENTED IN CLUSTOR 
A. K Means and K Means++ initialization 
The KMeans objective is the within-cluster sum of squares: 

�(�,�) = ෍��

�

�ୀ1

min
�∈{1,…,�}

∥∥�� −��∥∥2
2, 

with optional weights �� ≥ 0. Clustor uses KMeans++ style seeding [8] and Lloyd-style alternating updates [18]. 
 
B. MiniBatchKMeans 
Mini-batch KMeans updates centers using small batches, as in web-scale settings [22]. Clustor also supports a streaming partial_fit-
style interface (repo/API inspection). This is best interpreted as a stochastic approximation to the batch objective. 
 
C. BisectingKMeans 
Bisecting KMeans builds � clusters via repeated 2-way splits, typically selecting a cluster to split by a variance/SSE criterion (repo 
inspection). This yields a top-down hierarchical decomposition and can be advantageous when � is moderate and interpretability 
matters. 
 
D. DBSCAN and OPTICS 
DBSCAN defines clusters via density connectivity under parameters (�,minPts) [13]. OPTICS generalizes across scales by 
producing a reachability ordering encoding DBSCAN-like cluster structures for varying � [7]. 
 
E. Affinity Propagation 
Affinity Propagation performs exemplar-based clustering by message passing on pairwise similarities [14]. Damping is used to 
stabilize iterations in practice. 
 
F. BIRCH 
BIRCH summarizes streaming data via a CF-tree (cluster feature tree) and can optionally refine subclusters via a final clustering 
stage [26, 27]. 
 
G. Diagonal-covariance Gaussian Mixture Models 
Clustor implements a diagonal-covariance Gaussian mixture model (GMM) fitted by EM [11]. Let �� be mixture weights, �� ∈
ℝ� means, and �� = diag൫��1

2 , … ,���
2 ൯. The log-likelihood is 

ℒ(�) = ෍��

�

�ୀ1

logቌ෍��

�

�ୀ1

 �(�� ∣ ��,��)ቍ. 

 
H. Agglomerative hierarchical clustering and Ward linkage 
Hierarchical agglomerative clustering (HAC) produces a dendrogram via repeated merges. Ward’s method merges the pair that 
minimally increases within-cluster variance (Euclidean-only) [24]. 
 
I. Internal validation metrics 
Clustor includes internal indices: Silhouette [21], Calinski–Harabasz [9], and Davies–Bouldin [10]. A survey context is given in 
[15]. 
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J. Algorithmic complexity summary 
Table 1 summarizes asymptotic cost under Clustor’s exact distance scans. 

Asymptotic time and space complexity (dominant terms) for Clustor kernels. 
Method Time (approx.) Space (approx.) 
KMeans (per iter) ܱ(݊݇݀) ܱ(݊݀ + ݇݀ + ݊) 
MiniBatchKMeans (per step) ܱ(ܾ݇݀) ܱ(݇݀ + ݇) 
BisectingKMeans ≈ ܱ(∑2-KMeans splits) ܱ(݊݀ + ݇݀) 
DBSCAN ܱ(݊2݀) ܱ(݊) (+ neighbor lists) 
OPTICS ܱ(݊2݀ + ݊log݊) ܱ(݊) (+ heap) 
Affinity Propagation ܱ(݊2݀+ ܶ݊2) ܱ(݊2) 
BIRCH ܱ(݊ ⋅ depth ⋅ ܤ)ܱ (݀ ⋅ ݀) (tree) 
GMM (per EM iter) ܱ(݊݇݀) ܱ(݊݇ + ݇݀) 
HAC ܱ(݊3) ܱ(݊2) 
Silhouette ܱ(݉2݀) for ݉ non-noise ܱ(݉݇) accumulators 

 
V.   THEORETICAL PROPERTIES 

A. KMeans: objective descent and finite termination 
1) Claim (monotone descent). 
Under Lloyd updates with fixed ݇ and weights ݓ௜ ≥ 0, alternating (i) assignment to nearest centers and (ii) recomputation of each 
 .ߔ ௖ as the (weighted) mean of its assigned points does not increaseߤ
2) Sketch. 
Given centers, assignment minimizes ߔ pointwise. Given assignments, the weighted mean minimizes squared error in each cluster 
(Appendix derivation). Thus each step is non-increasing [18]. 
3) Claim (finite termination). 
If ties are resolved deterministically, Lloyd iterations terminate in finitely many steps at a partition that is locally optimal under 
single-point reassignment. 
4) Sketch. 
There are finitely many partitions of ݊ points into ݇ labels; the objective decreases whenever the partition changes, hence 
termination occurs in finite steps. 
 
B. KMeans++ approximation and statistical consistency 
KMeans++ seeding is an ܱ(log݇)-approximation in expectation to the optimal ݇-means objective [8]. For statistical consistency of 
global empirical ݇-means minimizers under standard conditions, see Pollard [20]. 
 
C. MiniBatchKMeans: stochastic optimization interpretation 
Mini-batch updates can be interpreted as stochastic optimization of ߔ with variance reduction; the original web-scale motivation 
and empirical behavior are described in [22]. Convergence guarantees depend on step-size schedules and regularity; we give 
practical guidance in the appendix. 
 
D. EM for diagonal GMMs: monotonicity and stationary convergence 
1) Claim (likelihood ascent). 
Each EM iteration is guaranteed to not decrease the observed-data likelihood. 
2) Sketch. 
EM constructs a lower bound via Jensen’s inequality on the complete-data log-likelihood, then maximizes it in the M-step; see [11]. 
Under mild regularity conditions, EM converges to stationary points [25]. 
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VI.   ALGORITHM PSEUDOCODE 
A. KMeans with KMeans++ seeding 

 
 

B. DBSCAN 

 
 
C. EM for diagonal GMM 
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VII.   EXPERIMENTAL EVALUATION PLAN 
We recommend an evaluation matrix covering (i) correctness on small datasets, (ii) calibrated comparisons to reference libraries, 
and (iii) scalability stress tests. 
1) Datasets. 

Table 2 lists a representative suite spanning classical tabular data and benchmark vision embeddings. 
Suggested datasets and why they matter. 

Dataset Regime Why 
Iris (UCI) [6] small, low-d correctness, sanity checks 
MNIST [17] large, image embedding clustering stress 
Fashion-MNIST [2] large, image harder MNIST-like benchmark 
Synthetic varying density 2D/HD DBSCAN/OPTICS failure modes 

2) Metrics. 
When labels exist, report ARI/NMI [16, 23]. Always report internal indices (silhouette/CH/DB) with caveats [21, 9, 10, 15]. 
3) Baselines. 
Compare against scikit-learn implementations and configuration-matched objectives [19]. For acceleration studies, include distance-
bounding k-means variants such as Elkan’s method [12]. 
 

VIII.   RELATED WORK AND POSITIONING 
Clustor overlaps substantially with general-purpose clustering interfaces such as scikit-learn [19], but differs in its Rust-accelerated 
kernel strategy and minimal-dependency focus. A detailed feature comparison table is provided in Appendix. 
 

IX.   LIMITATIONS AND OPEN PROBLEMS 
Clustor emphasizes minimal dependencies, but this can imply quadratic scalability for neighborhood-heavy routines without spatial 
indexing. Open problems include: (i) optional ANN backends for DBSCAN/OPTICS and validation metrics, (ii) additional 
covariance structures for GMMs, (iii) strict semantic alignment and compatibility layers with reference APIs, and (iv) multi-
threaded kernels (where appropriate) under optional features (e.g., Rayon). 
 

X.   CONCLUSION 
Clustor provides a compact Rust-based toolkit for classical clustering workflows in Python [1]. By mapping each operator to 
primary literature and stating explicit mathematical and API contracts, we aim to make the library easier to audit, benchmark, and 
extend. 
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