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ABSTRACT

Recommender systems are critical for navigating vast item catalogs but strug-
gle with the cold-start problem, where a lack of interaction data degrades rec-
ommendation quality. While hybrid methods exist, they often fail to effectively
structure item content or extract fine-grained preference patterns. In this paper,
we introduce Hy-ClustRec, a novel three-stage framework designed to address
these challenges. First, we learn dense, non-linear representations of item con-
tent using a deep autoencoder. Second, these embeddings are segmented into
meaningful communities using HDBSCAN, a density-based clustering algorithm.
Third, we employ a hierarchical strategy for Association Rule Mining (ARM)
to discover global and specialized co-occurrence patterns. Candidate items are
then ranked using a hybrid scoring function that fuses rule confidence, semantic
similarity from SBERT embeddings, and a user-cluster affinity score. To further
boost performance, we incorporate an item-based KNN recommender into the fi-
nal score with a weighted sum. Evaluated on a sparse subset of the Million Song
Dataset, Hy-ClustRec demonstrates strong performance, proving especially effec-
tive in cold-start scenarios. Our work shows that a structured pipeline combining
deep clustering with hierarchical rule mining and collaborative signals offers a
robust solution to the cold-start problem.

1 INTRODUCTION

Recommender systems (RS) are fundamental to modern digital platforms (Ricci et al.| [2011), but
their effectiveness hinges on learning from historical user-item interactions. This dependency creates
a critical vulnerability known as the cold-start problem: the inability to provide relevant recom-
mendations for new users or items lacking interaction data (Khaledian et al., 2025; [Kulkarni et al.,
2021). Solving this is a central requirement for sustained user engagement on platforms that con-
stantly onboard new content and users (Al-Obeidi et al., |2018). The cold-start scenario is the most
severe form of the broader data sparsity issue, where even established entities have a tiny footprint
in the user-item matrix, making robust representation learning difficult for traditional collaborative
models (Su & Khoshgoftaar,|2009; Roy & Duttal 2022; Ahmadian et al., 2022).

Two dominant paradigms have emerged to address this challenge. The first, content-alignment,
involves hybrid models that leverage rich item metadata to inform collaborative embeddings, often
by aligning or fusing representations from multiple modalities into a shared space (Ganhor et al.
2024} |Wei et al.| 2021). While powerful, these methods often operate as complex, end-to-end mod-
els, making it difficult to disentangle the effects of content structure from collaborative patterns
(Park et al., |2022). The second paradigm relies on structured pattern mining, employing a trans-
parent pipeline that first clusters the item space and then applies Association Rule Mining (ARM)
to discover co-occurrence patterns within these denser groups (Najafabadi et al., 2017 [Khaledian
et al.l 2025). The strength of this approach lies in its interpretability; however, it typically relies on
shallow, raw content features, failing to capture deeper, non-linear semantic relationships that deep
learning excels at. This reveals a research gap: Can we unite the deep representation learning of
content-alignment models with the principled, hierarchical pattern mining of structured pipelines?

In this paper, we introduce Hy-ClustRec, a novel three-stage model that leverages deep learning not
as an end-to-end predictor, but as a powerful feature engineering step to create a semantically rich
foundation for a structured and interpretable pattern mining process. Our contributions are:
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1. Deep Content-Based Clustering: We train a deep autoencoder to learn dense, non-linear
representations of item metadata, then segment items into meaningful communities using
HDBSCAN, a density-based algorithm that uncovers arbitrarily shaped clusters and iden-
tifies outliers.

2. Hierarchical Association Rule Mining (ARM): We mine intra-cluster rules for fine-
grained, community-specific patterns and global rules for broad popularity trends, gener-
ating a comprehensive and diverse set of candidate items.

3. Semantic and Affinity-Based Re-ranking: We generate recommendations using a hybrid
scoring function that fuses rule confidence, SBERT-based semantic similarity, and a novel
user-cluster affinity score. Additionally, we incorporate an item-based KNN component
(Sarwar et al., 2001) into the final scoring via a weighted combination.

This structured pipeline offers a unique advantage by using deep learning to enhance a transparent
pattern-mining framework, providing a robust and methodologically novel solution for cold-start
recommendation.

2 RELATED WORK

Our work, Hy-ClustRec, builds upon two primary research paradigms: structured pattern mining
and deep content-based recommendation.

2.1 HYBRID AND CONTENT-AWARE MODELS FOR COLD-START

A common cold-start strategy is creating hybrid models that leverage item content when interaction
data is sparse (Kulkarni et al.l 2021} |Chen et al.l |2019; |Al-Obeidi et al.l |2018). Early work in mu-
sic recommendation used deep convolutional networks directly on audio content to learn effective
representations (Van den Oord et al., 2013), and models like Variational Autoencoders have shown
promise in modeling user preferences from implicit feedback (Liang et al.,[2018). Other prominent
methods use content to regularize collaborative models. DropoutNet applies dropout to input fea-
ture vectors, forcing the model to predict with missing data (Volkovs et al., 2017, while MARec
aligns a collaborative model with a metadata-derived similarity matrix (Monteil et al.| [2024). Tra-
ditional item-based collaborative filtering (ItemKNN) is another classical method, computing item-
item similarities from interaction data (Sarwar et al., 2001), but without content it struggles in cold-
start scenarios. Hy-ClustRec differs by using deep learning in a modular, pipeline-based fashion,
where learned content representations serve as high-quality inputs for a distinct, structured pattern
mining stage.

2.2 CLUSTERING AND ASSOCIATION RULE MINING FOR RECOMMENDATION

A parallel line of work uses a pipeline of unsupervised techniques to mitigate data sparsity by clus-
tering items or users and then applying ARM to discover co-occurrence patterns within these denser
groups (Najafabadi et al.| 2017). CFCALI, for example, recently demonstrated this pipeline’s effec-
tiveness on sparse data by combining item clustering with ARM (Khaledian et al., [2025). While
structurally similar, our work advances this paradigm by: (1) using a deep autoencoder to learn
non-linear representations for clustering, (2) employing the more robust HDBSCAN algorithm to
find arbitrarily shaped clusters and identify noise, and (3) introducing a hierarchical ARM strategy
that mines both fine-grained intra-cluster rules and broad global rules.

2.3 ADVANCED APPROACHES AND FUTURE DIRECTIONS

Recent research has pushed the boundaries of cold-start recommendation. Meta-learning frame-
works learn adaptable preference estimators that generalize from few interactions (Lee et al.l|2019),
while Graph Neural Networks (GNNs) model the user-item graph to capture high-order collabora-
tive signals (He et al.,|2020). Other works tackle the extreme “’zero-shot” scenario (Ding et al.|[2021)
or use Large Language Models (LLMs) for conversational and controllable recommendation (Dong
et al., [2024; |Carroll et al.l 2025). While Hy-ClustRec does not rely on meta-learning or GNNG, its
content-centric approach allows it to handle “’zero-interaction” items, effectively performing a type
of zero-shot recommendation within a single domain.
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3 PROPOSED METHOD

We detail the three-phase architecture of Hy-ClustRec, a framework designed to address the cold-
start problem by combining deep representation learning with structured pattern mining. A concep-
tual overview is provided in Figure/I]

Data Loading & Preprocessing

% m @ J’ J\ Complex

[Music Metadata} | User Play History | Hybrid Model

[ Filter Popular Songs & ActiEUserQ Autoencoder
y = — —_— features
HDBSCAN Clustering

Train/Test Split **2s + - Song Clusters
Training Data ‘ Association Rule Mining
g ——y-. - —_—

"®)  Per-User Split ;T_);O;;

-
l C\us}er & Global Rules

ItemKNN
Recommender
Collaborative .
Fiitering Hybrid Score Evaluation
o o Precision@K
Matrix JtemKNN Hy. model NDDG@K
Scores Scores . F1-Score @K
1 wknn=02 W_hy =08 : I I MAPeK
-+ = -HEEE
Weighted Combination = —
- Item-Itm
Simiarity

Figure 1: Conceptual overview of the Hy-ClustRec framework.

3.1 PROBLEM FORMULATION

Given a set of users U/ and items Z, user-item interactions are represented by a sparse matrix R,
where R,; = 1 indicates an implicit interaction. Each item ¢ € 7 has content metadata. The goal
is to generate a ranked list of top-/N recommendations for each user, particularly for those with a
sparse interaction history.

3.2 PHASE 1: DEEP CONTENT-BASED ITEM CLUSTERING
3.2.1 DEEP CONTENT REPRESENTATION WITH AN AUTOENCODER

To learn a dense and non-linear representation of item content, we use a deep autoencoder (Sedhain|
2015). An item’s standardized metadata vector f/ is fed into an autoencoder with an encoder
fenc and decoder fyec, trained to minimize the reconstruction error:

Lap =Y | = face(fene (F]))II3-

€L
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After training, the encoder produces a low-dimensional content representation for each item:
vgonlem — fenc(fi/) c Rd“. (1)

3.2.2 DENSITY-BASED ITEM SEGMENTATION WITH HDBSCAN

Using the learned representations {v{°"*™},.7, we segment items with the HDBSCAN algorithm
(Campello et al., 2013). Unlike k-Means, HDBSCAN can find arbitrarily shaped clusters and iden-
tify noise without a predefined cluster count. This partitions the item set Z into k disjoint clusters
C4,...,Cy and a set of noise points Clgise-

3.3 PHASE 2: HIERARCHICAL ASSOCIATION RULE MINING (ARM)

We generate recommendation candidates by mining co-occurrence patterns using the efficient FP-
Growth algorithm (Han et al., |2000). We evaluate rules of the form {A} — {B} using standard
metrics like Support, Confidence, and Lift. For an itemset X and the set of user histories 7:

 {heH| X ChY
M| ’

Support(X)

The rule metrics are defined as:

Confidence(A — B) = W, Lift(A — B) =

Confidence(A — B)
Support(B)

2

We mine two sets of rules: Intra-Cluster Rules from data within each cluster to find community-
specific patterns, and Global Rules from the entire dataset to capture broad popularity trends.

3.4 PHASE 3: HYBRID SCORING AND RE-RANKING
The final phase scores and ranks candidate items using a hybrid function that fuses three signals:

1. Rule-Based Confidence (Conf,,y): The confidence of the ARM rule, reflecting collabo-
rative strength.

2. Semantic Content Similarity (Simym): The cosine similarity between a candidate’s
SBERT embedding (Reimers & Gurevych, |2019) and the user’s average profile embed-
ding. Let vs be the SBERT vector for candidate s and v,, be the mean SBERT vector of
items in user u’s history. The similarity is:

. Vs - U

Sim(s,u) = ———"—.

[vs o

3. User-Cluster Membership (Memym,): A user’s affinity for an item’s cluster, calculated
as the proportion of a user’s listening history belonging to that cluster:

sec. Bui - play_count,;
Membership(u, C;) = 2 €C; ui .
> iz Rui - play_count,;

This score indicates how much a user’s taste aligns with the content community of a can-
didate item.

These three signals are normalized to a [0, 1] range using Min-Max scaling. The final score for a
candidate item s for user u is a weighted sum:

Scoremy (1, ) = we - Confrom + Ws - SiMporm + Wiy, - MeMporm, )

where weights w,, ws, wy, are tuned on a validation set to balance the contributions of each compo-
nent. In our experiments, for example, we set w. = 4.5, ws = 0.5, and w,,, = 0.5 to emphasize the
rule confidence.
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3.4.1 ITEM-BASED KNN HYBRID SCORING

We augment Hy-ClustRec with an item-based KNN component (Sarwar et al., 2001). Instead of
cosine/Pearson over explicit ratings, we use a co-occurrence similarity tailored to sparse implicit
data: let M € {0, 1}'1‘ Ul be the item x user matrix (M;,, = 1iff user u played item ¢); we form
S =MMT with s;; the number of co-listeners and set s;; = 0,

S:MMT, 5“20 (5)

For user u and candidate ¢, we sum similarities to all history items (no k-truncation): r(KNN)

> jet, Sijs cold-start users back off to a MostPopular list. Because score scales differ, we apply
per-user MinMax normalization to each model’s scores and fuse them with an 80/20 weighting:

Scoregna (u, i) = 0.8 normu(ScoreHy (u, z)) + 0.2 normu(r(KNN)). (6)

This matches our implementation while remaining consistent with the classical item-based CF view
of Sarwar et al.| (2001).

4 EXPERIMENTS

4.1 DATASET AND PREPROCESSING

We use the Million Song Dataset (MSD) (Dataset, 2011)), augmented with metadata for genre and
artist information. To create a challenging yet manageable sparse environment, we sample 30% of
users, then filter to retain only songs played at least 70 times and users with at least 20 interactions.
The final dataset presents a significant cold-start challenge.

4.2 EXPERIMENTAL SETUP

Data Splitting. For each user with > 20 interactions, we randomly partition their history into an
80% training set and a 20% test set. The split is performed independently for each user, ensuring
both sets contain only items the user has interacted with.

Evaluation Metrics. We evaluate top-N recommendations using standard ranking metrics for
K € {1,5,10,20,30}. Key metrics include Precision@K, Recall @K, Fl-score@K, NDCG@K,
and MAP@XK. For a user’s ranked list of recommendations RUK and their ground-truth test items 77,

. |IRENT,| |IRENT,|
Precision@K = —%———  Recall@eK = —%*——, @)
K T
FlOK — 2 Pr'e({ision@K - Recall@K ®)
Precision@K + Recall@K
We also compute NDCG@K by:
K
rel; DCG@K
DCG@K = ———— NDCG@K = ——— 9
; logy(i + 1)’ IDCG@K’ ©)

where rel; = 1 if the item at rank ¢ is relevant (in 7,), and 0 otherwise. IDCG@K is the DCG
of the ideal ranking. F1@K is the harmonic mean of Precision@K and Recall@K, and MAP@K
is the mean average precision up to K. For a user’s ranked list of recommendations RX and their
ground-truth test items 77,, the Average Precision (AP) is:

APQK = — |T ¥ ZP@Z rel; (10)

where P@Qs is the precision at cutoff 4, and rel; = 1 if the item at rank ¢ is relevant, and 0 otherwise.
The Mean Average Precision (MAP) is then obtained by averaging AP over all users:

MAPQK = 7 ZAP@K( ). an

ueU
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Baselines. We compare Hy-ClustRec with two baseline methods: ItemKNN and CFCAI The
ItemKNN approach is an item-based k-Nearest Neighbors collaborative filtering method (Sarwar
et al., 2001), which recommends items similar to those in the user’s history based on item-item
co-occurrence. The CFCAI method is a recent cluster-based recommendation pipeline (Khaledian
et al.}2025) that also uses item clustering and rule mining; we run CFCAI on our dataset for a direct
comparison. These baselines represent standard collaborative filtering strategies and a state-of-the-
art clustering+ARM approach, respectively.

4.3 PERFORMANCE OF HY-CLUSTREC

Table |1| summarizes the performance of our proposed model. Hy-ClustRec demonstrates strong
performance even in this highly sparse setting. For example, it achieves a Precision@1 of 25.12%
and an NDCG @10 of 21.51%, substantially outperforming the baselines on ranking quality. These
results highlight the model’s ability to accurately rank relevant items with limited interaction data,
benefitting from its structured pipeline that successfully integrates deep content understanding with
collaborative pattern mining.

Table 1: Top- K recommendation performance of Hy-ClustRec (percent).
K Precision@K Recall@QK Fl-score@K MAP@K NDCG@K

1 25.12% 3.56% 6.11% 25.12% 25.37%
5 17.56% 12.43% 14.65% 12.11% 20.25%
10 13.98% 18.92% 15.16% 11.11% 21.51%
20 10.41% 27.49% 14.28% 11.85% 23.55%
30 8.86% 34.20% 13.35% 12.66% 26.21%

Table[2]compares Hy-ClustRec against the two baselines. Hy-ClustRec achieves substantially higher
NDCG across all K values. For instance, at K = 10, Hy-ClustRec’s NDCG is 0.2151, compared
to 0.2040 for ItemKNN and 0.1064 for CFCAI This indicates that Hy-ClustRec ranks relevant
items significantly higher in the recommended list. The ItemKNN baseline tends to retrieve a larger
number of relevant items (higher recall) by casting a wider net, whereas CFCAI often struggles with
precision. In contrast, Hy-ClustRec strikes a balance: it maintains high ranking quality (NDCG) and
precision while achieving competitive recall.

Table 2: Comparison of Hy-ClustRec with baselines on Top- K recommendation (percent).

Metric Model @1 @5 @10 @20 @30
ItemKNN 25.20% 18.30% 14.00% 10.40%  8.70%
Precision CFCAI 1427%  9.32% 6.56% 4.66% 3.72%
Hy-ClustRec 25.12% 17.56% 13.98% 10.41%  8.86%
ItemKNN 3.50% 1240% 18.50% 26.710% 33.30%
Recall CFCAI 1.85% 5.93% 8.17% 11.77% 14.21%
Hy-ClustRec 3.56% 12.43% 1892% 27.49% 34.20%
ItemKNN 6.00% 14.00% 1490% 14.00% 13.10%
Fl-score = CFCAI 3.20% 6.84% 6.80% 6.30% 5.60%
Hy-ClustRec 6.11% 14.56% 15.16% 14.28% 13.35%
ItemKNN 2520% 20.00% 20.40% 23.30% 25.90%
NDCG CFCAI 1427% 1094% 10.64% 11.83% 12.80%
Hy-ClustRec 25.37% 20.25% 21.51% 23.55% 26.21%
ItemKNN 3.50% 8.40% 10.40% 12.00% 12.90%
MAP CFCAI 1427%  6.53% 5.26% 5.23% 5.36%

Hy-ClustRec 25.12% 12.11% 11.11% 11.85% 12.66%
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4.4 ABLATION STUDY

To validate the contribution of each component in our framework, we performed an ablation study
(results at K = 10 are shown in Table [3). We evaluated the full model against several variants:
clustering on raw features instead of autoencoder embeddings (w/o Autoencoder), replacing HDB-
SCAN with K-Means (w/ K-Means), and removing the semantic similarity (w/o SBERT Similarity)
or user-cluster affinity (w/o Cluster Affinity) from the final scoring function. The results quantify the
performance impact of each component and confirm their synergistic contributions.

Table 3: Ablation study results for Hy-ClustRec at K = 10.

Model Variant Precision@10 Recall@10 NDCG@10
Hy-ClustRec (Full Model) 13.98% 18.92% 21.51%
w/o Autoencoder 12.02% 15.57% 18.04%
w/ K-Means 12.29% 16.08% 18.37%
w/o SBERT Similarity 12.00% 15.51% 17.86%
w/o Cluster Affinity 12.05% 15.53% 17.85%

Analysis of Ablation Results. The full Hy-ClustRec model consistently outperforms all ablated
variants, demonstrating that each component contributes positively to the recommendation quality.
Removing the autoencoder leads to a noticeable drop in performance (Precision falls from 13.98% to
12.02% at K = 10), highlighting the importance of learning a dense, non-linear content represen-
tation. Replacing HDBSCAN with K-Means degrades performance further, justifying our choice
of a robust density-based clustering algorithm. Finally, removing either the SBERT similarity or
the cluster affinity score also reduces performance, confirming that both signals complement the
primary collaborative signal from rule confidence.

5 CONCLUSION

In this paper, we introduced Hy-ClustRec, a novel three-stage hybrid framework that addresses the
cold-start problem by combining deep content representation learning, hierarchical association rule
mining, and a fused scoring function. Our method first employs a deep autoencoder and HDB-
SCAN to create semantically coherent item communities. It then extracts both intra-cluster and
global collaborative signals via hierarchical ARM. Finally, a unique hybrid scoring function re-
ranks candidates by fusing rule-based confidence, SBERT-derived semantic similarity, and user-
cluster affinity. As an additional boost, we incorporate an item-based KNN component following
Sarwar et al.| (2001). Experiments on a sparse subset of the Million Song Dataset demonstrate that
Hy-ClustRec achieves strong performance, accurately identifying relevant items even in cold-start
settings. A thorough ablation study further validated the positive contribution of each component in
our integrated pipeline.

For future work, our framework could be extended by incorporating richer content modalities and
exploring adaptive weighting mechanisms for the scoring function. Moreover, investigating poten-
tial biases in the item metadata and learned representations to ensure fairness is an important direc-
tion. In conclusion, Hy-ClustRec offers a robust and transparent solution to the cold-start problem,
providing valuable insights for developing more intelligent and adaptive recommender systems.

ETHICS STATEMENT

We adhere to the ICLR Code of Ethics. This work uses the publicly available Million Song Dataset.
While our model aims to improve recommendation quality, content-based methods may inadver-
tently amplify biases present in the underlying data (e.g., historical overrepresentation of certain
genres). We recognize the importance of fairness and plan to investigate methods for bias detection
and mitigation, such as fairness-aware clustering or debiasing SBERT embeddings, in future work.
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REPRODUCIBILITY STATEMENT

To ensure reproducibility, we will release anonymous source code, hyperparameter settings, and
data preprocessing scripts as supplementary material upon acceptance. The Million Song Dataset
is publicly available. The autoencoder architecture, HDBSCAN parameters, and ARM thresholds
are documented in the Appendix (see Table[d). Our implementation of the Association Rule Mining
phase uses the py fpgrowth Python library. The SBERT model is a standard pre-trained model
(all-MiniLM-L6-v2). All random seeds and experimental details are included in the released
code to facilitate replication.

LLM USAGE STATEMENT

This manuscript was prepared with the assistance of a large language model (OpenAl ChatGPT) in
editing and improving the writing. Specifically, the LLM was used to refine phrasing and ensure
clarity, but all ideas, content, and results presented in this paper are original and authored by the
listed researchers. We take full responsibility for the final content. The LLM was not used to
generate scientific claims or data; it served only as a writing aid.

REFERENCES

Sajjad Ahmadian, Negin Joorabloo, Mahdi Jalili, and Maryam Ahmadian. Alleviating data sparsity
problem in time-aware recommender systems using a reliable rating profile enrichment approach.
Expert Systems with Applications, 187:115849, 2022.

Thabit S. Al-Obeidi, Baidaa A. Mahdi, and Falih M. Al-Naima. A brief overview of music recom-
mender systems. Journal of Engineering and Applied Sciences, 13(15):6156-6167, 2018.

Ricardo JGB Campello, Davoud Moulavi, and Jorg Sander. Hierarchical density-based clustering.
In European conference on machine learning and principles and practice of knowledge discovery
in databases, pp. 160—-175. Springer, 2013.

Micah Carroll, Adeline Foote, Marcus Williams, Anca Dragan, W. Bradley Knox, and Smitha Milli.
CTRL-rec: Controlling recommender systems with natural language. In ICLR 2025 Workshop on
Bidirectional Human-Al Alignment, 2025. URL https://openreview.net/forum?id=
tX11lgdoAoV.

Lexiang Chen, Jia Chen, Zhiyong Chen, and Guan Liu. A hybrid model for recommendation with
feedback data by fusing latent dirichlet allocation and latent factor model. Frontiers in Applied
Mathematics and Statistics, 5, 2019. ISSN 2297-4687. doi: 10.3389/fams.2019.00044.

Million Song Dataset. Million song dataset, 2011.

Hao Ding, Yifei Ma, Anoop Deoras, Yuyang Wang, and Hao Wang. Zero-shot recommender sys-
tems. arXiv preprint arXiv:2105.08318, 2021.

Zhikang Dong, Xiulong Liu, Bin Chen, Pawel Polak, and Peng Zhang. Musechat: A conversa-
tional music recommendation system for videos. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pp. 12775-12785, 2024.

Christian Ganhor, Marta Moscati, Anna Hausberger, Shah Nawaz, and Markus Schedl. A multi-
modal single-branch embedding network for recommendation in cold-start and missing modality
scenarios. In Proceedings of the 18th ACM Conference on Recommender Systems, pp. 380-390,
2024.

Jiawei Han, Jian Pei, and Yiwen Yin. Mining frequent patterns without candidate generation. In
Proceedings of the 2000 ACM SIGMOD international conference on Management of data, pp.
1-12, 2000.

Xiangnan He, Kuan Deng, Xiang Wang, Yan Li, Yongdong Zhang, and Meng Wang. Lightgcn:
Simplifying and powering graph convolution network for recommendation. In Proceedings of the
43rd International ACM SIGIR conference on research and development in Information Retrieval,
pp. 639-648, 2020.


https://openreview.net/forum?id=tXl1gdoAoV
https://openreview.net/forum?id=tXl1gdoAoV

Under review as a conference paper at ICLR 2026

Navid Khaledian, Amin Nazari, and Masoud Barkhan. CFCALI: Improving collaborative filtering
for solving cold start issues with clustering technique in the recommender systems. Multimedia
Tools and Applications, 2025. doi: 10.1007/s11042-024-20579-z.

Kedar Kulkarni, Gauri Chafle, Neha Singh, and Shilpa Pande. User cold start problem in recom-
mendation systems: A systematic review. International Journal of Computer Applications, 174
(15):46-51, 2021.

Hoyeon Lee, Dongmin Im, Seo-Jo Kim, and Hwanjo Choi. Melu: Meta-learned user preference
estimator for cold-start recommendation. In Proceedings of the 25th ACM SIGKDD international
conference on knowledge discovery & data mining, pp. 1073-1082, 2019.

Dawen Liang, Rahul G Krishnan, Matthew D Hoffman, and Tony Jebara. Variational autoencoders
for collaborative filtering. In Proceedings of the 2018 world wide web conference, pp. 689—698,
2018.

Julien Monteil, Volodymyr Vaskovych, Wentao Lu, Anirban Majumder, and Anton van den Hengel.
MARec: Metadata alignment for cold-start recommendation. In Proceedings of the 18th ACM
Conference on Recommender Systems (RecSys '24), 2024.

Mahboobeh K Najafabadi, Mohd Nazri Mahrin, Suriayati Chuprat, and Hamida Sarkan. Improving
the accuracy of collaborative filtering recommendations using clustering and association rules
mining on implicit data. Computers in Human Behavior, 67:113-128, 2017.

Hyunsik Park, Minwoo Jo, Hyojeong Sung, Jinbae Kang, Jeonggyun Shin, and Hongchul Kim.
MCRN: A multi-modality content-aware recommender network for cold-start items. In Proceed-
ings of the 2022 International Conference on Multimedia Retrieval, pp. 202-210, 2022.

Nils Reimers and Iryna Gurevych. Sentence-bert: Sentence embeddings using siamese bert-
networks. In Proceedings of the 2019 Conference on Empirical Methods in Natural Lan-
guage Processing, pp. 3982-3992. Association for Computational Linguistics, 11 2019. URL
https://arxiv.org/abs/1908.10084.

Francesco Ricci, Lior Rokach, Bracha Shapira, and Paul B Kantor. Recommender systems hand-
book. Springer, 2011.

Debdatta Roy and Megha Dutta. A systematic review and research perspective on recommender
systems. Journal of Big Data, 9(1):59, 2022.

Badrul Sarwar, George Karypis, Joseph Konstan, and John Riedl. Item-based collaborative filtering
recommendation algorithms. In Proceedings of the 10th International Conference on World Wide
Web, pp. 285-295. ACM, 2001.

Suvash Sedhain, Aditya Krishna Mehta, Scott Sanner, and Lexing Xie. Autorec: Autoencoders meet
collaborative filtering. In Proceedings of the 24th international conference on World Wide Web,
pp. 111-112,2015.

Xiaoyuan Su and Taghi M Khoshgoftaar. A survey of collaborative filtering techniques. Advances
in artificial intelligence, 2009, 2009.

Aaron Van den Oord, Sander Dieleman, and Benjamin Schrauwen. Deep content-based music rec-
ommendation. Advances in neural information processing systems, 26, 2013.

Maksims Volkovs, Guangwei Yu, and Tomi Poutanen. Dropoutnet: Addressing cold start in rec-
ommender systems. In Advances in Neural Information Processing Systems 30, pp. 4954—4964.
Curran Associates, Inc., 2017.

Yinwei Wei, Xiang Wang, Qi Li, Ligiang Nie, Yan Li, and Tat-Seng Chua. Contrastive learning
for cold-start recommendation. In Proceedings of the 29th ACM international conference on
multimedia, pp. 5382-5390, 2021.


https://arxiv.org/abs/1908.10084

Under review as a conference paper at ICLR 2026

A APPENDIX

A.1 HYPERPARAMETER SETTINGS

Table 4: Hyperparameter settings for the Hy-ClustRec model components.

Component Hyperparameter Value
User sampling fraction 30%
Data Preprocessing  Minimum songs per user 20
Minimum plays per song 70
Latent dimension 4
Optimizer Adam
Autoencoder Loss function MSE
Training epochs 30
Batch size 128
Minimum cluster size 10
HDBSCAN Metric Euclidean
Intra-cluster min. support 5
. . Intra-cluster min. confidence 0.10
Hierarchical ARM Global min. support 10
Global min. confidence 0.15
Similarity weight (ws) 0.5
. . Confidence weight (w,) 4.5
Hybrid Scoring Membership weight (w,,) 0.5
SBERT Model all-MiniLM-L6-v2

A.2 DETAILED NETWORK ARCHITECTURES

Table 5: Autoencoder architecture for content feature learning.

Network Part Layer Type Output Shape Activation
Input Layer (None, 2) -

Encoder Dense (None, 8) RelLU
Dense (Latent Space) (None, 4) RelLU

Decoder Dense (None, 8) RelLU
Dense (Reconstruction) (None, 2) Linear
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