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Abstract

Effective candidate generation is a critical component of two-stage recommender systems;
however, traditional methods such as Term Frequency-Inverse Document Frequency (TF-
IDF) often fail to capture deep semantic context. This limitation leads to suboptimal
recall rates, particularly for new or niche items—a challenge commonly referred to as
the cold start problem—thereby degrading overall recommendation quality and user
experience. This study proposes a semantically aware approach to improve the initial
recall phase of recommendation pipelines. The methodology integrates Large Language
Models (LLMs) into a distributed Apache Spark pipeline for large-scale content enrichment,
generating 768-dimensional vector embeddings and concise, context-aware summaries for
each content item. These enriched representations are indexed in Elasticsearch to enable
efficient vector-based retrieval during candidate generation. Quantitative evaluation on a
corpus of 143,000 Wikipedia articles demonstrates that the LLM-enriched method achieves
a Recall@10 of 62%, representing a 37% relative improvement over the TF-IDF baseline
(45%). When relevance is measured using only embedding-independent signals (category
overlap and keyword similarity), the method still achieves a Recall@10 of 58%, confirming
that gains are not an artifact of the evaluation metric. The resulting candidate pools exhibit
improved semantic diversity and broader category coverage, delivering richer input for
downstream ranking models.

Keywords: recommender systems; large language models; candidate generation; semantic
enrichment; Apache Spark; vector embeddings; cold start problem

1. Introduction

M) Check for updates Large-scale recommender systems commonly adopt a two-stage architecture com-

prising a recall stage that retrieves a broad set of potentially relevant candidates and a
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ranking stage that precisely orders these candidates for presentation [1]. Although ranking
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Conventional candidate generation relies on lexical matching methods such as TF-IDF,
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o which measure similarity through term overlap. While effective for documents shar-
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conditions of the Creative Commons  iNg similar vocabularies, these methods fail when semantic relationships extend beyond
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interaction history—prevents collaborative filtering from being applied, disproportionately
affecting knowledge platforms with long-tail content [2].

Recent advances in Large Language Models (LLMs) such as BERT [3] and Gemini
offer promising solutions by generating vector embeddings that encode semantic meaning,
enabling similarity computation beyond lexical boundaries. However, deploying LLMs at
production scale presents significant engineering challenges.

This study proposes a methodology integrating LLM-powered semantic enrichment
into candidate generation. The research objectives are: (1) to design a scalable architecture
leveraging LLM-based content enrichment within a distributed Apache Spark pipeline;
(2) to evaluate semantic embedding-based retrieval against lexical baselines; and (3) to
assess the impact on retrieval diversity and cold start performance. Unlike prior dense
retrieval work targeting ad hoc search [4], this study focuses on a production-oriented
recommendation pipeline combining distributed batch processing via Spark with real-
time serving through Elasticsearch, processing 143,000 Wikipedia articles using Google’s
text-embedding-004 model.

2. Related Work
2.1. Two-Stage Recommendation Architecture

The two-stage paradigm has emerged as the dominant architecture for large-scale
systems [5]. Lightweight recall methods reduce millions of candidates to hundreds or
thousands, while sophisticated ranking models produce final recommendations [6]. Con-
ventional recall approaches include collaborative filtering via matrix factorization [7] and
content-based methods using TF-IDF or BM25 [8]. More recent approaches incorporate
ANN search over learned embeddings for sub-linear retrieval complexity [9].

2.2. Dense Retrieval and Semantic Embeddings

Word2Vec [10] demonstrated that dense vectors capture semantic relationships
through distributional patterns. Sentence-BERT [11] adapted the BERT architecture for
efficient sentence embedding generation and remains a widely used open-source base-
line for dense retrieval. Dense Passage Retrieval (DPR) [4] showed that learned dense
representations can outperform BM25, while ColBERT [12] introduced late interaction for
fine-grained token-level matching. General-purpose models such as E5 [13] have achieved
state-of-the-art results across diverse benchmarks. More recently, Anthropic’s Contextual
Retrieval [14] demonstrated that LLM-based content enrichment before embedding—at
the chunk level—combined with hybrid retrieval reduces retrieval failures by 49-67%,
validating the premise that semantic enrichment improves retrieval quality. In recom-
mender systems, transformer-based embeddings consistently improve over conventional
methods [15], though generating embeddings at scale remains a practical barrier.

2.3. Cold Start Problem

The cold start problem manifests in three forms: new user, new item, and system cold
start [16]. Content-based methods provide the primary solution for new-item cold start,
as item features remain available without interaction history. Recent work has explored
leveraging language models to generate pseudo-interactions or transfer knowledge from
auxiliary domains [17], though these approaches often require substantial training data. Pre-
trained LLM embeddings offer a simpler alternative deployable without domain-specific
fine-tuning.
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2.4. Distributed Processing for Recommendations

Apache Spark has become the standard framework for distributed data processing
in recommendation pipelines [18], with UDFs enabling incorporation of specialized com-
ponents such as embedding models. Elasticsearch provides dense vector search through
HNSW indexing for efficient ANN queries on high-dimensional embedding spaces [19].

3. Methodology
3.1. System Architecture

The proposed system architecture comprises three primary components: a distributed
content enrichment pipeline, a vector indexing layer, and a retrieval service. Figure 1
illustrates the overall system design. Raw article content enters the pipeline through
Apache Spark (version 3.4.1), undergoes semantic enrichment via LLM integration, and is
indexed into Elasticsearch for efficient retrieval. The retrieval service accepts seed articles
as queries and returns semantically similar candidates.
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Figure 1. System architecture overview.

Batch processing through Spark handles the computationally intensive embedding
generation phase, while Elasticsearch provides sub-second retrieval latency for production
queries, enabling independent scaling of processing and serving components.

3.2. Dataset

The experimental evaluation employed a large-scale Wikipedia corpus comprising
143,000 articles obtained through the Wikipedia API. Articles were selected from multiple
knowledge domains including Artificial Intelligence, Machine Learning, Natural Language
Processing, Computer Science, Data Science, Physics, Mathematics, and related interdis-
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ciplinary fields. The average article length of 2847 words provides sufficient content for
meaningful semantic analysis, and the category structure (averaging 4.2 categories per
article) offers ground truth signals for relevance assessment.

3.3. Pre-Processing Pipeline

The pre-processing pipeline comprised four stages within Spark: tokenization, stop-
word removal, and lemmatization using NLTK; TF-IDF keyword extraction retaining the
top 20 keywords per article; and named entity recognition via part-of-speech tagging.
Summary generation employed the Gemini 1.5 Flash model (version gemini-1.5-flash-
001, temperature 0.2, max output tokens 300) to produce context-aware summaries of
approximately 200 words per article, with articles exceeding 8000 tokens truncated prior
to summarization.

3.4. LLM-Powered Semantic Enrichment

The semantic enrichment process integrates Google’s text-embedding-004 model
(768 dimensions, task type: RETRIEVAL_DOCUMENT) through the Vertex AI API to
generate dense vector embeddings. Embeddings were generated for two inputs per article:
the LLM-generated summary and a concatenation of the title and extracted keywords, with
summary embeddings serving as the primary retrieval vectors. Embedding generation was
distributed across Spark worker nodes using a custom UDF with connection pooling, rate
limiting at 300 requests per minute per node, and exponential backoff for transient failures.

3.5. Vector Indexing and Candidate Generation

Enriched article data was indexed into Elasticsearch using the dense vector field format
with HNSW indexing (m = 32, ef_construction = 200). Each indexed document contains
original metadata, extracted features, a generated summary, and an embedding vector,
with hybrid retrieval supported through inverted indexes in the category and keyword
fields. The candidate generation process accepts a seed article, generates an embedding
using the same pipeline, and performs an ANN search in Elasticsearch, returning the top-k
candidates (default 100) ranked by cosine similarity.

3.6. Baseline Implementation

The TF-IDF baseline computed sparse vectors (50,000 dimensions) across the corpus
vocabulary, with candidate retrieval via cosine similarity. BM25 retrieval through Elas-
ticsearch’s native text search served as an additional baseline with default parameters
(k1 =1.2,b =0.75) [8]. Sentence-BERT (all-mpnet-base-v2) [11] served as a modern dense
retrieval baseline, generating 768-dimensional embeddings of raw article text with retrieval
via cosine similarity in the same Elasticsearch infrastructure.

4. Results and Analysis
4.1. Experimental Setup

The evaluation employed 200 randomly selected seed articles stratified across knowl-
edge domains. Ground truth relevance required sharing at least two categories or at least
three keywords with the seed article. To address potential bias from embedding-based
criteria, the results are reported both with and without an embedding similarity threshold
(cosine similarity > 0.5). All experiments were conducted over five independent runs;
paired t-tests across the 200 seed articles (199 degrees of freedom) assessed significance at
« = 0.05, with Cohen’s d for effect size.
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4.2. Recall Performance

Table 1 presents recall performance. The LLM-enriched method achieved Recall@10 of
62.3%, outperforming TF-IDF (45.2%) and BM25 (48.7%) by 37.8% and 27.9% respectively.
Using embedding-independent ground truth only, Recall@10 was 58.1%, confirming that
gains are not an artifact of circular evaluation.

Table 1. Recall performance comparison. Values in parentheses indicate results using embedding-
independent ground truth only.

Method Recall@10 Recall@20 Recall@50
TF-IDF Baseline 45.2% (44.8%) 58.4% 72.1%
BM25 Baseline 48.7% (48.3%) 61.2% 75.8%
Sentence-BERT 54.1% (53.2%) 66.8% 80.3%
LLM-Enriched (Proposed) 62.3% (58.1%) 74.6% 87.2%

The improvement was statistically significant across all metrics. Paired t-tests com-
paring the LLM-enriched method to TF-IDF yielded t(199) = 5.82, p < 0.001, and Cohen’s
d = 0.84, with a 95% confidence interval of [14.8%, 19.4%] for the Recall@10 difference. The
comparison against BM25 was also significant: t(199) = 4.37, p < 0.001, d = 0.62. Crucially,
the improvement over Sentence-BERT was also significant (t(199) = 3.91, p < 0.001, d = 0.55),
confirming that commercial LLM embeddings on enriched content offer measurable advan-
tages over open-source dense retrieval alternatives.

4.3. Semantic Diversity Analysis

Semantic diversity was measured as the average pairwise cosine distance among
candidates (higher = more diverse). Coverage indicates the proportion of unique categories
in the candidate set relative to the evaluation corpus (Table 2).

Table 2. Diversity and precision analysis.

Method Precision@10 Diversity Coverage
TF-IDF Baseline 0.312 0.287 34.2%
BM?25 Baseline 0.345 0.302 38.7%
Sentence-BERT 0.398 0.358 43.9%
LLM-Enriched (Proposed) 0.478 0.423 52.4%

The LLM-enriched method demonstrated 47.4% higher diversity than TF-IDF (0.423
versus 0.287), and category coverage increased from 34.2% to 52.4%, indicating retrieval
across a wider range of topical areas through conceptual rather than lexical relationships.

4.4. Cold Start Performance

Recall was measured separately for articles in the lowest quartile of page view counts
(Table 3). Note that TF-IDF and BM25 are also content-based methods; this comparison
evaluates the advantage of LLM-based semantic understanding over lexical analysis, not
cold start mitigation relative to collaborative filtering.

Table 3. Cold start performance comparison (Recall@10).

Method Popular Items Cold Start Items
TF-IDF Baseline 48.7% 38.2%
BM25 Baseline 49.1% 40.5%
Sentence-BERT 55.8% 48.3%
LLM-Enriched (Proposed) 64.1% 58.9%
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The LLM-enriched method showed a 54.2% relative improvement for cold start items
versus 31.6% for popular items over TF-IDF. Sentence-BERT occupies a middle ground
(55.8% popular, 48.3% cold start), confirming that while dense representations improve
over lexical methods, the additional semantic enrichment through LLM summarization
provides further gains for under-represented content.

4.5. Ablation: Summarization Impact

To isolate the contribution of LLM summarization, we compared Gemini embed-
dings generated from raw article text (truncated to 8000 tokens) against embeddings of
LLM-generated summaries. Raw-text Gemini embeddings achieved Recall@10 of 56.8%,
compared to 62.3% with summary-based embeddings—a 9.7% relative improvement
(t(199) = 2.89, p = 0.004, d = 0.41). This indicates that summarization contributes meaning-
fully by focusing semantic content before embedding, though the embedding model itself
accounts for the majority of gains over lexical baselines (56.8% vs. 45.2% for TF-IDF).

4.6. Processing Performance

A five-node Spark cluster (each node: 16 vCPUs, 64 GB RAM) processed the full
corpus in approximately 14 h, with embedding generation achieving a throughput of
42 articles per minute per worker node. The Gemini API cost for processing 143,000 articles
was approximately $85 USD (at $0.0006 per 1000 characters). Elasticsearch indexing com-
pleted in 2.3 h, producing an index of 18.7 GB. The average query latency for retrieving
100 candidates was 87 ms, with a p99 latency of 142 ms.

5. Discussion

The 37% relative improvement in Recall@10 over TF-IDF translates directly to higher-
quality input for downstream ranking models. Crucially, the proposed method also sig-
nificantly outperforms Sentence-BERT (62.3% vs. 54.1%, p < 0.001), demonstrating that
commercial LLM embeddings with content enrichment offer measurable advantages over
open-source dense retrieval alternatives—not merely over lexical baselines. The persistence
of gains under embedding-independent ground truth confirms genuine semantic matching
rather than circular evaluation bias.

The ablation analysis reveals that both the embedding model and the summarization
step contribute to the observed gains. Raw-text Gemini embeddings (56.8%) outperform
Sentence-BERT (54.1%), while LLM summarization provides an additional 9.7% relative
improvement by focusing semantic content before embedding. This aligns with findings
from Anthropic’s Contextual Retrieval [14], which showed that content enrichment before
embedding reduces retrieval failures by 49-67%. Our document-level summarization
approach differs from their chunk-level contextualization but validates the same underlying
principle: enriching content representations before embedding improves retrieval quality.
The diversity and cold start analyses further confirm that semantic embeddings capture
conceptual relationships beyond vocabulary boundaries, with specialized-vocabulary items
benefiting disproportionately.

From an operational perspective, pre-trained LLM embeddings eliminate the need for
domain-specific training data, the batch architecture scales horizontally, and the one-time
cost ($85 for 143 K articles) is modest. Query-time costs are negligible, with storage growing
linearly (130 KB per article).

Several limitations remain. Firstly, the ground truth relies on proxy signals rather
than human judgments; future work should incorporate user studies. Secondly, the evalua-
tion is limited to STEM-adjacent Wikipedia articles. Thirdly, while we include Sentence-
BERT as a dense baseline, comparisons with supervised models such as DPR [4] or Col-
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BERT [12] should be carried out in future work. Finally, as a commercial versioned API
(text-embedding-004), reproducibility may be affected by model updates; we recommend
archiving embeddings as research artifacts.

6. Conclusions

This study demonstrates that LLM-powered semantic enrichment substantially im-
proves candidate generation: Recall@10 improved by 37.8% over TF-IDF and 15.2%
over Sentence-BERT (62.3% vs. 54.1%), with gains persisting (58.1%) under embedding-
independent evaluation. Ablation analysis confirms that both the embedding model and
LLM summarization contribute meaningfully (raw-text 56.8% vs. summary-based 62.3%).
Candidate diversity increased by 47.4% with 53.2% greater category coverage, and cold
start items showed 54.2% relative improvement over TF-IDFE. The distributed Spark pipeline
processes 143,000 articles with $85 in API costs and with sub-100 ms query latency. These
contributions provide empirical evidence that commercial LLM embeddings with content
enrichment outperform both lexical methods and open-source dense retrieval alternatives
in a production-ready architecture. Future work will extend evaluation to additional
domains and conduct user studies.
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