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Abstract: Automated text labeling is a promising approach to reduce annotation costs in natural language processing, 

particularly for aspect-based sentiment analysis and topic classification. This paper presents AutoLabel-ABSA, a 

systematic framework that combines state-of-the-art transformer embeddings BERT, RoBERTa, and BigBird with 

multiple clustering algorithms HDBSCAN, K-Means, Agglomerative, and Spectral Clustering to generate high-quality 

pseudo-labels from unlabeled text. We evaluate the pipeline on three benchmark datasets: IMDB, AG News, and 20 

Newsgroupss. Results show that RoBERTa paired with HDBSCAN yields the most coherent clusters, achieving strong 

downstream classification accuracy (up to 94.5% on IMDB). Notably, BigBird offers minimal gains over RoBERTa 

despite higher computational cost, suggesting that long-context modeling is unnecessary for standard-length texts. Our 

findings provide practical guidance for unsupervised labeling in low-resource settings. 

Keywords: Automatic labeling, Clustering, Transformer embeddings, Pseudo-labeling, ABSA, HDBSCAN, 

RoBERTa, Text classification. 

 

 

1. Introduction 

Automated text labeling plays a central role in 

large-scale opinion mining and text categorization, 

particularly in scenarios where manual annotation is 

impractical or prohibitively expensive. In Aspect-

Based Sentiment Analysis (ABSA), this challenge is 

amplified by the need for fine-grained labels that 

capture both sentiment polarity and aspect relevance 

across diverse domains [1, 2]. While supervised 

ABSA systems have achieved strong performance, 

their reliance on large, carefully curated labeled 

datasets limits their applicability in domain-specific 

and low-resource settings [3]. To mitigate this 

dependency, recent work has increasingly explored 

unsupervised and weakly supervised alternatives, 

where clustering methods are used to induce latent 

semantic groupings and generate pseudo-labels for 

downstream learning tasks [4, 5]. The effectiveness 

of such pipelines, however, is highly sensitive to both 

the quality of text representations and the clustering 

mechanisms used to partition the embedding space. 

Transformer-based language models, including 

BERT [6], RoBERTa [7], and BigBird [8] have 

substantially advanced representation learning by 

encoding contextual and syntactic information into 

dense embeddings. These representations have been 

widely adopted as inputs for clustering-based 

labeling approaches. Nevertheless, strong 

embeddings alone do not guarantee meaningful 

pseudo-labels: clustering algorithms must still cope 

with high-dimensionality, semantic overlap, and 

noise inherent in real-world text corpora [9]. 

Although K-Means remains a common baseline due 

to its computational efficiency [10], alternative 

methods such as HDBSCAN [11] and Spectral 

Clustering [12] offer different trade-offs in handling 

irregular cluster shapes, variable densities, and 

outliers-properties frequently observed in textual data 

distributions [13]. 
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Despite these advances, existing studies rarely 

examine the interaction between modern transformer 

embeddings and clustering strategies within a unified 

automatic labeling framework. Prior work typically 

evaluates embedding models [7, 8] or clustering 

performance in isolation [11, 14], in isolation, leaving 

their combined impact on end-to-end pseudo-label 

quality and downstream sentiment classification 

insufficiently characterized. In addition, the practical 

benefits of long-context architectures such as BigBird 

for standard benchmark datasets including IMDB, 

AG News, and 20 Newsgroups which predominantly 

contain short to medium-length documents, remain 

unclear when compared to more computationally 

efficient alternatives like RoBERTa [15]. 

Motivated by these gaps, this study presents a 

systematic evaluation of transformer-based 

embeddings paired with multiple clustering 

algorithms for automatic text labeling in ABSA-style 

classification tasks. We investigate four clustering 

methods K-Means, Agglomerative Clustering, 

Spectral Clustering, and HDBSCAN in combination 

with three embedding models (BERT, RoBERTa, 

and BigBird) across three widely used benchmarks: 

IMDB (sentiment), AG News (topic classification), 

and 20 Newsgroups (fine-grained topic 

categorization). Cluster assignments are treated as 

pseudo-labels and subsequently used to train a 

lightweight classifier, enabling assessment of 

downstream labeling effectiveness. This work is 

guided by the following research questions: 

1. Which combination of embedding model and 

clustering algorithm yields the most coherent and 

accurate pseudo-labels? 

2. Is the computational overhead of long-context 

models like BigBird justified for standard-length 

text datasets? 

The main contributions of this study are: 

• A reproducible pipeline for automatic labeling via 

clustering of transformer embeddings. 

• An empirical benchmark comparing the synergy 

between modern embeddings and diverse 

clustering paradigms. 

• Practical insights into the trade-offs between 

model complexity, clustering quality, and 

labeling accuracy particularly relevant for low-

resource or annotation-constrained settings. 

The remainder of this paper is structured as 

follows. Section 2 reviews related work on 

transformer representations, clustering-based 

labeling, and weak supervision. Section 3 describes 

the proposed AutoLabel-ABSA framework. Section 

4 details the datasets, experimental setup, and 

evaluation metrics. Section 5 reports quantitative and 

qualitative results, followed by a discussion of 

limitations and practical implications in Section 6. 

Section 7 concludes the paper and outlines directions 

for future research. 

2. Related work 

A. Problem definition 

Unsupervised text labeling seeks to infer category 

structures directly from unlabeled corpora, 

eliminating the dependence on costly human 

annotation. In practice, this task is complicated by the 

geometric properties of transformer-based 

embedding spaces, which are often highly anisotropic 

and exhibit substantial semantic overlap across 

categories. Such characteristics reduce cluster 

separability and challenge conventional clustering 

assumptions when applied to high-dimensional 

textual representations. 

Within the context of ABSA-style classification, 

these issues are particularly pronounced, as pseudo-

labels must approximate fine-grained semantic 

distinctions typically learned from manually 

annotated data. The central problem addressed in this 

work is therefore not merely clustering performance 

in isolation, but how different embedding geometries 

interact with clustering paradigms to influence the 

quality of automatically generated labels. By 

examining this interaction systematically, the study 

aims to identify embedding–clustering combinations 

that produce coherent pseudo-labels suitable for 

downstream classification in annotation-constrained 

and low-resource settings 

B. Limitations of conventional techniques 

Despite their representational strength, 

transformer embeddings such as BERT and 

RoBERTa often concentrate vectors within a narrow 

subspace, a phenomenon that degrades distance-

based cluster separability. When paired with K-

Means, this anisotropy is further compounded by the 

algorithm’s assumption of spherical clusters and its 

requirement for a predefined number of clusters, 

leading to sensitivity to noise and semantic 

misalignment. 

Hierarchical methods such as Agglomerative 

Clustering remove the need to specify cluster counts 

in advance but introduce substantial computational 

overhead, with worst-case complexity reaching O(n³). 

In addition, chaining effects may distort hierarchical 

structures when applied to dense semantic 

embeddings. Spectral Clustering addresses non-

convex cluster shapes by operating on graph 

Laplacians; however, its reliance on affinity matrix 
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construction limits scalability and stability on large 

text corpora. Density-based approaches such as 

HDBSCAN alleviate several of these issues by 

handling variable-density clusters and explicitly 

modeling noise, yet their performance remains 

sensitive to hyperparameter choices, often resulting 

in fragmented cluster assignments. 

Rather than proposing a single remedy, this work 

adopts a comparative perspective, positioning 

AutoLabel-ABSA as a framework for systematically 

evaluating how these limitations manifest under 

consistent preprocessing, embedding normalization, 

and experimental conditions 

C. Transformer-based text embeddings 

Contextualized embeddings from transformer 

models have become the de facto standard for NLP 

tasks. BERT [6] introduced bidirectional masked 

language modeling, enabling deep contextual 

understanding. RoBERTa [7] refined this approach 

by removing the next-sentence prediction task, using 

larger batches, more data, and dynamic masking, 

consistently outperforming BERT on multiple 

benchmarks. For long-document processing, BigBird 

[8] extended the attention mechanism to handle 

sequences up to 4,096 tokens via sparse attention, 

achieving state-of-the-art results in tasks like 

question answering and document summarization. 

However, as noted by Park et al. [15], the benefits of 

long-context models diminish on datasets where 

documents rarely exceed 512 tokens such as AG 

News (avg. 44 tokens) or 20 Newsgroupss (avg. 406 

tokens) making RoBERTa a more efficient and often 

more effective choice for standard text classification. 

D. Clustering algorithms for text data 

Clustering methods form the backbone of 

unsupervised text analysis. K-Means [10] remains 

widely used due to its linear time complexity and 

simplicity, though its assumptions of spherical 

clusters and sensitivity to outliers limit its 

effectiveness for semantic embeddings [16]. 

Agglomerative Clustering [17] constructs 

hierarchical representations without requiring 

predefined cluster counts but suffers from poor 

scalability and sensitivity to linkage criteria [18]. 

Spectral Clustering [12] is well-suited for identifying 

complex, non-convex structures through graph-based 

representations, yet its computational cost increases 

rapidly with dataset size [19]. HDBSCAN [11] a 

hierarchical density-based approach, offers a 

contrasting set of trade-offs by automatically 

determining cluster numbers, modeling noise 

explicitly, and adapting to variable-density structures. 

These properties make it particularly appealing for 

real-world text embeddings [13, 20]. Supporting this 

observation, Xu et al. [9] reported improved semantic 

coherence when combining HDBSCAN with 

RoBERTa embeddings, underscoring the importance 

of aligning clustering algorithms with embedding 

characteristics. 

E. Automatic labeling and weakly supervised ABSA 

Clustering-based automatic labeling has been 

explored within broader weakly supervised and semi-

supervised learning paradigms [4]. Mendes de Sousa 

et al. [5] proposed a hybrid unsupervised-supervised 

labeling method achieving > 92% accuracy on 

customer segmentation. In ABSA, most approaches 

rely on fine-tuned transformers with labeled aspect-

sentiment pairs [3]. Recent weakly supervised 

alternatives have demonstrated that pseudo-labels 

derived from cluster centroids or latent groupings can 

substantially reduce annotation requirements [21]. 

Building on this line of work, the present study 

focuses on how the quality of initial clustering 

propagates through the labeling pipeline, ultimately 

affecting downstream classification accuracy. Unlike 

prior studies that evaluate embeddings or clustering 

techniques independently, this work conducts a 

unified end-to-end comparison under identical 

experimental conditions, enabling clearer attribution 

of performance differences to specific embedding–

clustering interactions. 

3. Proposed method 

This study introduces AutoLabel-ABSA, a 

modular pipeline for generating pseudo-labels from 

unlabeled text and evaluating their utility in 

downstream ABSA-style classification. Rather than 

optimizing a single configuration, the framework is 

explicitly designed to facilitate controlled 

comparisons between embedding models and 

clustering algorithms under identical preprocessing 

and evaluation settings. An overview of the workflow 

is shown in Fig. 1. 

A. Contextual embedding extraction 

Let an unlabeled document collection be denoted 

as D =  {d1, d2, . . , dn}  Each document is mapped 

into a fixed-dimensional semantic representation 

using a pre-trained transformer encoder. Formally, an 

embedding function Let 𝑓 =  𝑓𝜃(. ; 𝜃) denote the 

embedding function parameterized by 𝜃, which can 

be BERT [6], RoBERTa [7], or BigBird [8]. For 

efficiency and semantic consistency, we use the 
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Figure. 1 Overall Framework of the Proposed Methodology (Pipeline) 

 

 

[CLS] token representation as the document-level 

embedding: 

 

𝑒̂  =  𝑓𝜃( 𝑑𝑖)  ∈ 𝑅𝑑     (1) 

 

Where d = 768 for base-sized models. The resulting 

embedding matrix is 𝐸 =  [𝑒1, 𝑒2, . . . , 𝑒𝑛]𝑇 ∈ 𝑅𝑁𝑥𝑑 

Prior to clustering, embeddings are normalized to unit 

length to emphasize cosine similarity over Euclidean 

distance a more appropriate metric for high-

dimensional semantic spaces [22]:  

 

𝑒̂  =  
𝑒𝑖

||𝑒𝑖||2
      (2) 

 

B. Unsupervised clustering 

The normalized embeddings 𝐸̂  Eare then 

clustered using one of four algorithms:  

1. K-Means [10]: Minimizes within-cluster sum of 

squares (WCSS): 

 

min
𝐶

∑ ∑ || 𝑥 − 𝜇𝑘||2
𝑥 ∈ 𝐶𝑘

𝐾
𝑘=1    (3) 

 

Where 𝜇𝑘  is the centroid of cluster 𝐶𝑘 . The 

optimal K is estimated via the elbow method or 

silhouette analysis [25]. 

2. Agglomerative Clustering [17]: A bottom-up 

hierarchical approach that merges clusters based 

on linkage (e.g., Ward’s criterion). The 

dendrogram is cut at a height corresponding to the 

ground-truth number of classes (for evaluation) or 

using the largest gap in merge distances. 

3. Spectral Clustering [12]: Constructs an affinity 

matrix A where 𝐴𝑖𝑗 =  𝑒𝑥𝑝(−||𝑒̂𝑖 − 𝑒̂𝑗||2/2𝜎2), 

computes the Laplacian L=D−A (D is degree 

matrix), and clusters the top-K eigenvectors of L 

using K-Means. 

4. HDBSCAN [11]: A density-based method that 

identifies clusters as connected components in a 

mutual reachability graph. It requires only 

min_cluster_size as a hyperparameter and 

automatically labels low-density points as noise. 

To avoid introducing oracle information in the 

unsupervised setup, K-Means, Agglomerative, and 

Spectral Clustering were also evaluated using a data-

driven K-selection procedure. The optimal number of 

clusters was estimated using Silhouette maximization 

for K-Means and Agglomerative Clustering, and the 

eigengap heuristic for Spectral Clustering. These 

results are reported as the primary unsupervised 

evaluation, while fixed-K results (matching the 

number of ground-truth classes) are provided only as 

diagnostic upper bounds. For datasets with known 

class counts (e.g., AG News: 4 classes), we enforce 

K=𝐾𝑇𝑟𝑢𝑒 for K-Means, Agglomerative, and Spectral 

Clustering to enable fair comparison via external 

metrics (e.g., Adjusted Rand Index). HDBSCAN 

operates without this constraint. 

C. Automatic label assignment 

Each cluster 𝐶𝑘  is assigned a pseudo-label ℓ𝑘 

using a centroid-based labeling strategy [4, 21]. The 

top-m tokens with highest average TF-IDF weights in 

documents belonging to 𝐶𝑘 are selected as the label 

descriptor. Formally, for cluster 𝐶𝑘: 

 

𝑆𝑐𝑜𝑟𝑒(𝑡, 𝐶𝑘) =  
1

|𝐶𝑘|
 ∑ 𝑡𝑓 − 𝑖𝑑𝑓(𝑡, 𝑑𝑖)𝑑𝑖∈𝐶𝑘

  (4) 

 

The pseudo-label ℓ𝑘 is then 

argmax{𝑡1,𝑡2,..,𝑡𝑛} score(t,𝐶𝑘). These labels are used to 

annotate all documents in 𝐶𝑘. 

D. ABSA style classification 

The pseudo-labeled dataset 𝐷𝑝𝑠𝑒𝑢𝑑𝑜 =

{(𝑑𝑖, 𝑦̂𝑖)}𝑖=1
𝑁  is used to train a lightweight classifier 

(e.g., Logistic Regression or a 2-layer MLP) for final 

prediction. This mimics ABSA in that each pseudo-

label represents a latent "aspect" or topic category.  
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Figure. 2 AutoLabel-ABSA Framework 

 

 

The classifier’s accuracy on a held-out test set (with 

ground-truth labels) serves as the primary evaluation 

metric for labeling quality-following the protocol in 

[5, 23]. 

4. Experiments & results 

A. Datasets 

Experiments are conducted on three widely 

adopted benchmark datasets that reflect different text 

lengths, semantic granularity, and classification 

complexity. IMDB Movie Reviews [24] is used to 

represent binary sentiment classification with 

moderate document length, consisting of 50,000 

reviews evenly split between training and test sets 

(average length: 234 tokens). AG News [25] provides 

a multi-class topic classification setting with four 

coarse-grained categories and relatively short 

documents (average length: 44 tokens). Finally, 20 

Newsgroups [26] serves as a fine-grained topic 

classification benchmark with 20 overlapping 

categories and longer documents (average length: 

406 tokens), posing a more challenging clustering 

scenario. 

All datasets undergo minimal preprocessing, 

limited to lowercasing and removal of non-

alphanumeric characters. No stop-word removal or 

heuristic filtering is applied in order to preserve the 

semantic signals captured by transformer-based 

embeddings. 

B. Experimental setup 

Three pre-trained transformer encoders are used 

to generate document embeddings: BERT-base-

uncased [6], roberta-base [7], and google/bigbird-

roberta-base [8]. For BigBird, the default sparse 

attention configuration is adopted to balance long-

range dependency modeling and computational 

feasibility. Document representations are extracted 

using the [CLS] token and subsequently L2-

normalized to emphasize angular similarity in high-

dimensional space.  

Four unsupervised clustering algorithms are 

evaluated under consistent settings. K-Means is 

initialized using k-means++ and run for up to 300 

iterations to ensure convergence. Agglomerative 

Clustering employs Ward’s linkage to minimize 

within-cluster variance. Spectral Clustering uses an 

RBF kernel for affinity construction and is repeated 

with multiple initializations to mitigate instability. 

HDBSCAN is configured with dataset-specific 

minimum cluster sizes to reflect differences in 

semantic granularity, and cosine distance is used to 

better align with normalized embeddings.  

Clustering quality is assessed using both internal 

and external metrics. Silhouette Score [27] evaluates 

cohesion and separation without reference labels, 

while Normalized Mutual Information (NMI) [28] 

measures alignment with ground-truth classes. To 
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assess the downstream utility of pseudo-labels, a 

Logistic Regression classifier is trained using five-

fold cross-validation on pseudo-labeled training data, 

and evaluated on the original held-out test sets. 

C. Visualization of cluster distribution 

UMAP visualizations (Figs. 3–14) provide 

qualitative insight into the structure of clustered 

embeddings. On 20 Newsgroups, HDBSCAN forms 

relatively compact local regions, although partial 

overlap persists due to the semantic proximity of 

related topics a known characteristic of this dataset. 

In contrast, K-Means and Agglomerative Clustering 

produce broader and less sharply defined boundaries, 

reflecting their sensitivity to high-dimensional 

variation and global clustering assumptions. 

For AG News, all clustering methods yield 

clearer separation across the four categories, with 

HDBSCAN and K-Means exhibiting the most 

distinct partitions. Spectral Clustering shows 

increased fragmentation, consistent with its  

 

 

 
Figure. 3 UMAP projection of HDBSCAN clusters on 20 

Newsgroups 

 

 
Figure. 4 UMAP projection of K-Means clusters on 20 

Newsgroups 

 
Figure. 5 UMAP projection of Spectral clusters on 20 

Newsgroups 

 

 
Figure. 6 UMAP projection of Agglomerative clusters on 

20 Newsgroups 

 

 

sensitivity to affinity matrix construction. On IMDB, 

visual differences across clustering algorithms are 

minimal. This is expected, as sentiment polarity is 

largely encoded along a dominant semantic axis, 

resulting in a similar global manifold regardless of 

the clustering strategy. These visualizations confirm 

that while global embedding structure remains stable, 

algorithm-specific behaviors emerge more clearly in 

datasets with higher semantic complexity. 

D. Quantitative evaluation (Silhouette, NMI, Purity, 

AMI, ARI) 

Quantitative analysis distinguishes between data-

driven unsupervised clustering results and diagnostic 

oracle-K settings. All reported comparisons are based 

on data-driven configurations to avoid bias 

introduced by ground-truth class counts. Silhouette 

and NMI scores in Table 1 are computed using a 

unified preprocessing pipeline with cosine distance to 

ensure methodological consistency. 
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Figure. 7 UMAP projection of HDBSCAN clusters on 

AGNews 

 

 

 
Figure. 8 UMAP projection of K-Means clusters on 

AGNews 

 

 

 
Figure. 9 UMAP projection of Spectral clusters on 

AGNews 

 

 

To complement these metrics, Purity, Adjusted 

Mutual Information (AMI), and Adjusted Rand Index 

(ARI) are additionally reported (Table 1). These 

external metrics correct for chance agreement and  

 

 
Figure. 10 UMAP projection of Agglomerative clusters 

on AGNews 

 

 

 
Figure. 11 UMAP projection of HDBSCAN clusters on 

IMDB 

 

 

 
Figure. 12 UMAP projection of K-Means clusters on 

IMDB 

 

 

provide a more nuanced view of clustering alignment 

with reference labels. Trends observed in Silhouette 

and NMI are consistent with those obtained from 

Purity, AMI, and ARI, reinforcing the stability of the 

observed patterns. 
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Figure. 13 UMAP projection of Spectral clusters on 

IMDB 

 

 
Figure. 14 UMAP projection of Agglomerative clusters 

on IMDB 

 

Results indicate that clustering performance is 

strongly dataset dependent. On 20 Newsgroups, 

HDBSCAN achieves the highest Silhouette scores, 

reflecting its robustness to variable-density regions, 

while Spectral Clustering and K-Means obtain 

competitive NMI values due to the dataset’s fine-

grained topical overlap. On AG News, K-Means 

yields slightly higher Silhouette scores, whereas 

HDBSCAN and Agglomerative Clustering show 

comparable external alignment. For IMDB, all 

algorithms achieve similar scores, consistent with the 

dataset’s binary sentiment structure and low manifold 

complexity. 

E. Classification results 

To avoid potentially misleading cross-paper 

comparisons, we do not reference supervised results 

reported in prior studies, as these often rely on 

different dataset splits, preprocessing pipelines, and 

evaluation protocols. Instead, we focus exclusively 

on the performance achieved by the proposed 

pseudo-labeled classification pipeline, ensuring a fair 

and self-contained evaluation. The classification 

accuracy results are summarized in Table 2. Overall, 

the pseudo-labeled Transformer models achieve 

competitive performance across AGNews, IMDB, 

and 20 Newsgroups, demonstrating the effectiveness 

of the automatically generated topic labels as 

supervision signals. Among the evaluated models, 

BERT exhibits the most consistent performance 

across all datasets, suggesting that its bidirectional 

contextual representations align well with the 

structure induced by the pseudo-labeling process. 

 
Table 1. Summarize clustering quality for each algorithm 

Dataset Methode Sil NMI AMI ARI Purity 

AGNews HDBSCAN 0.9282 0.9458 0.9457 0.9722 0.9847 

KMeans 0.9351 0.9410 0.9409 0.9631 0.9860 

Spectral 0.0290 0.6054 0.6046 0.5470 0.7205 

Agglo 0.0244 0.4272 0.4261 0.4241 0.6445 

IMDB HDBSCAN 0.8797 0.9159 0.9159 0.9583 0.9894 

KMeans 0.8776 0.9056 0.9056 0.9521 0.9879 

Spectral 0.2271 0.9135 0.9135 0.9568 0.9891 

Agglo 0.2271 0.9135 0.9135 0.9568 0.9891 

20Newsgroups HDBSCAN 0.5265 0.6281 0.6009 0.3065 0.8408 

KMeans 0.4642 0.6593 0.6582 0.4957 0.6281 

Spectral 0.0319 0.3981 0.3976 0.0957 0.1670 

Agglo -0.0249 0.0091 0.0043 -3.2794 0.0568 
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Table 2. presents classification accuracy for the four Transformer 
Model BERT DistilBERT RoBERTa BigBird 

AGNews 89.35 90.62 88.75 89.38 

IMDB 94.50 93.75 79.75 85.75 

20NewsGroup 92.51 90.00 87.50 89.25 

 

 

Although BigBird attains slightly higher accuracy on 

the 20 Newsgroups dataset likely due to its sparse 

attention mechanism being better suited for long 

documents BERT remains the most stable and robust 

model across diverse text domains. 

To further examine the learning behavior of 

Transformer models trained with pseudo-labels, Figs. 

15–20 illustrate the training loss and accuracy 

dynamics for the AGNews, IMDB, and 20 

Newsgroups datasets, respectively. Each subplot 

depicts the evolution of training loss and 

classification accuracy over ten epochs for the four 

Transformer architectures (BERT, DistilBERT, 

RoBERTa, and BigBird). 

Across all datasets, BERT and DistilBERT 

demonstrate rapid convergence with smooth  

 

 

 
Figure. 15 Training loss dataset 20Newsgroup 

 

 

 
Figure. 16 Training and accuracy dataset 20Newsgroups 

 
Figure. 17 Training loss dataset IMDB 

 

 

 
Figure. 18 Training and accuracy dataset IMDB 

 

 

 
Figure. 19 Training loss dataset AGNews 

 

 

accuracy progression, indicating stable optimization 

and limited overfitting. RoBERTa shows a slower but 

steady improvement, which can be attributed to its 

larger parameterization and pretraining scale. In  
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Figure. 20 Training and accuracy dataset AGNews 

 

 

contrast, BigBird exhibits consistently stable loss 

reduction, particularly on the 20 Newsgroups dataset, 

highlighting the advantage of its sparse attention 

mechanism when handling long-text inputs. 

Overall, the observed decrease in training loss 

accompanied by steady accuracy improvement across 

epochs indicates that the automatically generated 

topic labels provide sufficiently coherent supervision 

to support effective Transformer fine-tuning across 

datasets with varying textual characteristics. 

F. Computational cost and scalability analysis 

The proposed framework consists of two main 

stages: transformer-based embedding extraction and 

clustering-based label generation. The embedding 

stage represents the primary computational cost due 

to the complexity of transformer models, but it is 

performed only once and can be efficiently 

parallelized. In contrast, the clustering stage 

introduces relatively low computational overhead. 

Centroid-based methods scale linearly with the 

number of data points, while density-based 

approaches provide robustness to noise at moderate 

additional cost. Graph-based methods are more 

computationally demanding and less suitable for 

large datasets. Overall, the framework balances 

representational quality and computational efficiency, 

making it suitable for practical large-scale text 

analysis scenarios. 

G. Theoretical analysis of embedding–clustering 

behavior 

Recent studies on transformer-based embedding 

geometry show that contextual representations tend 

to occupy highly anisotropic regions in vector space, 

where embeddings are concentrated along a few 

dominant directions rather than being uniformly 

distributed [29], This geometric effect reduces the 

discriminative power of Euclidean distance, making 

cluster boundaries less separable. Consequently, 

cosine similarity combined with L2-normalization 

improves separability by suppressing magnitude bias 

and highlighting angular differences between 

semantic units [30]. These geometric properties 

fundamentally shape how clustering algorithms 

interpret transformer embeddings. Density-based 

methods, such as HDBSCAN, are less affected by 

global anisotropy because they rely on local 

neighborhood density. This allows HDBSCAN to 

model variable-density clusters, making it 

particularly effective for fine-grained and unbalanced 

datasets such as 20 Newsgroups [31] . In contrast, K-

Means assumes spherical and evenly sized clusters, 

which aligns well with datasets like AGNews where 

topical categories are broader and more uniformly 

separable  [32].  

Spectral Clustering, which depends on 

constructing an affinity graph, exhibits high 

sensitivity to noise and sparsity in transformer 

embedding spaces. Sparse similarity matrices weaken 

the Laplacian’s eigengap, resulting in unstable 

partitions when cluster boundaries are subtle or when 

semantic categories overlap extensively [33] To 

further examine embedding–clustering interactions, 

we conducted a lightweight ablation analysis 

comparing CLS-token vs. mean pooling, and 

normalized vs. unnormalized embeddings. 

Normalization improved Silhouette scores across all 

clustering algorithms, consistent with prior findings 

that normalization mitigates geometric distortions 

caused by embedding anisotropy. Mean pooling 

produced more stable clusters for long-text datasets 

(e.g., 20 Newsgroups), whereas CLS pooling yielded 

sharper separation on short-text datasets, supporting 

observations in recent pooling evaluations [34]. 

Overall, these findings indicate that transformer–

clustering performance is inherently dataset-

dependent, governed by a combination of embedding 

geometry, pooling strategy, and algorithmic 

assumptions. This theoretical perspective explains 

the empirical trends observed in our experiments and 

highlights the need to assess embedding–clustering 

pairs systematically across different textual domains. 

5. Conclusion and future 

This work examined the feasibility of fully 

unsupervised automatic text labeling by combining 

transformer-based representations with diverse 

clustering strategies in an end-to-end pipeline. 

Through experiments on IMDB, AG News, and 20 

Newsgroups, the results show that meaningful 

pseudo-labels can be induced from unlabeled data 

and subsequently used to train downstream classifiers 
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with competitive performance, without reliance on 

manually annotated labels. 

Across datasets, density-based clustering-

particularly HDBSCAN consistently produced 

clusters with higher semantic coherence, as reflected 

in Silhouette and NMI scores. This behavior was 

most pronounced on the 20 Newsgroups dataset, 

where fine-grained and overlapping topical structure 

poses challenges for centroid-based methods. In 

contrast, simpler clustering approaches remained 

competitive on datasets with more uniform category 

boundaries, underscoring the dataset-dependent 

nature of unsupervised labeling performance. 

Among the evaluated embedding models, BERT 

demonstrated the most stable behavior across all 

benchmarks, yielding balanced classification 

accuracy on IMDB (94.50%), 20Newsgroups 

(92.51%), and AG News (89.35%). While long-

context models such as BigBird showed localized 

advantages on longer documents, their additional 

computational cost did not translate into consistent 

gains on standard-length texts. These observations 

suggest that, for many practical settings, 

representational robustness and efficiency may be 

more critical than extended context modeling. 

Taken together, the findings indicate that 

clustering contextual embeddings can approximate 

human-labeled category structures with reasonable 

fidelity, particularly when embedding geometry and 

clustering assumptions are well aligned. Beyond 

reducing annotation cost, the proposed pipeline also 

provides an interpretable intermediate representation 

through cluster-based topic discovery, offering 

insight into latent semantic organization within text 

corpora. 

Several directions remain open for future 

investigation. First, integrating large language 

models for post-hoc label refinement may improve 

the semantic expressiveness of automatically 

generated labels. Second, extending the framework to 

multilingual and domain-specific corpora would 

allow evaluation under more heterogeneous linguistic 

conditions. Finally, incorporating active learning 

mechanisms could enable iterative refinement of 

pseudo-labels, allowing the system to selectively 

query limited supervision where uncertainty remains 

high. 
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