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Abstract—Retrieval-Augmented Generation (RAG) enhances
large language models by incorporating external knowledge to
support responses in information-intensive tasks. As knowledge
bases expand to accommodate emerging concepts and domains,
existing approaches that apply flat retrieval over the entire corpus
encounter substantial limitations in efficiency and relevance. To
address these challenges, we propose a retrieval method that
structures the knowledge base into semantically coherent subsets
and confines retrieval to the most relevant subset for each query.
This hierarchical procedure enables scalable retrieval under
continual expansion of the knowledge base by reducing search
space and mitigating irrelevant matches. Experimental results on
knowledge-intensive benchmarks show that the proposed method
consistently improves both retrieval accuracy and computational
efficiency, providing a practical approach to retrieval-augmented
generation in expanding knowledge bases.

Index Terms—Retrieval-augmented generation,
learning

Continual

I. INTRODUCTION

Recently, large language models (LLMs) [1], [2] have
demonstrated outstanding performance across diverse tasks
[3]. However, their reliance on fixed, model-internal knowl-
edge limits their capacity to answer queries that demand cur-
rent or specialized information beyond the pretraining corpus.
To address this limitation, Retrieval-Augmented Generation
(RAG) has been introduced to augment LLMs with non-
parametric memory obtained through retrieval of relevant
external content. By incorporating retrieved material into
the generation stage, LLMs can produce more accurate and
contextually enriched responses, particularly for knowledge-
intensive tasks.

With the increasing adoption of LLMs in real-world applica-
tions that require access to diverse and continuously expanding
information, the incorporation of external knowledge sources
becomes essential, as shown in Figure 1. Existing RAG
methods [4], [5] typically rely on flat retrieval that ignores
the evolving structure of knowledge, leading to significant
performance drops as the corpus expands incrementally.
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Fig. 1. An illustration of the proposed retrieval setting with an expanding
knowledge base. At each time step, external knowledge comprising images
and corresponding texts is introduced, and retrieval is performed to obtain
relevant information for answering the given query.

To this end, we propose a retrieval approach that struc-
tures the knowledge base into semantically coherent sub-
sets, making the retrieval stage scalable. Instead of query-
ing the entire corpus, the method selects the most perti-
nent subset for each query, enabling efficient and accurate
retrieval. We empirically evaluate the effectiveness of our
approach on multiple knowledge-intensive benchmarks. Exper-
imental results demonstrate consistent improvements in both
retrieval efficiency and response accuracy, highlighting the
proposed method as a robust and scalable solution for retrieval-
augmented generation under growing knowledge demands.

II. METHOD

We propose a retrieval framework for scalable integration
of a continually expanding knowledge base, where each time
step introduces a new collection of image—text documents. The
proposed method aims to reduce the retrieval search space by
organizing the knowledge base into semantically coherent sub-
sets and restricting retrieval to the most relevant portions. The
framework comprises two stages: knowledge base construction
and subset-aware retrieval. The overall framework is illustrated
in Figure 2.

At each time step, a new collection of image—text documents
arrives. The images are encoded using a vision encoder [6],
and the resulting embeddings are averaged to produce a repre-
sentative vector for the document set. This vector is compared
with the representative embeddings of existing groups in the
knowledge base. If a semantically similar group is identified,
the new set is merged into that group.
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Fig. 2. An overview of the proposed retrieval framework with an expanding
knowledge base. New documents are incrementally incorporated by similarity-
based grouping, and retrieval proceeds by selecting a relevant subset followed
by fine-grained search within it.

For every visual query, retrieval is performed in two stages
First, the query embedding, obtained from the same vision
encoder, is matched against group-level representatives to
select the most relevant subset. Second, within the chosen
subset, the query embedding is compared with individual
entry embeddings to identify the top-matching image. The text
corresponding to the retrieved image is returned as external
knowledge for the language model. This hierarchical pro-
cedure reduces computational cost and prevents degradation
in retrieval accuracy by filtering out irrelevant subsets of
the knowledge base and performing retrieval only within the
selected subset.

III. EXPERIMENTS
A. Implementation details

We evaluated the proposed retrieval method using an im-
age classification dataset with a detailed category structure.
The dataset was divided into ten subsets, each comprising
20 distinct classes. We assumed an initial knowledge base
composed of 100K image—text pairs, provided by [7], and
incrementally augmented it by incorporating the training set of
one additional subset at each time step. We employed the pre-
trained retriever from [5] to extract image embeddings and
construct the evolving knowledge base. For evaluation, we
used the test set corresponding to the union of all subsets seen
up to the current time step. We compared the proposed method
with two baselines: (1) retrieval from the entire accumulated
knowledge base and (2) retrieval from a single subset selected
using the group-matching strategy of the proposed method.

B. Results

Table I reports retrieval performance in terms of Recall@1
and Recall@5 as the number of time steps increases (i.e., after
2, 4, 6, 8, and 10 knowledge base updates). The proposed
method consistently maintains high retrieval performance, with
Recall@1 of 0.8515 and Recall@5 of 0.9142 even at the final
time step, demonstrating consistent retrieval accuracy despite
the growth of the knowledge base. When retrieval is performed
over the entire accumulated knowledge base, the performance
remains lower than that of the proposed method at all time
steps. The reduced performance is attributed to the inclusion of

TABLE I
RESULTS OF RETRIEVAL PERFORMANCE AS KNOWLEDGE BASE EXPANDS
OVER MULTIPLE TIME STEPS.

Method 2 4 6 8 10
Full R@1 | 0.8569 0.8359 0.8301 0.8059  0.8026
R@5 | 09589 0.8334 09313 09159 009117
Single R@1 | 0.8460 0.7672  0.7059  0.6642  0.6471
R@5 | 0.8781 0.8220 0.7508  0.7072  0.6833
Ours R@l | 09275 0.8756 0.8704 0.8517  0.8515
R@5 | 09753 09409 09344 09171 0.9142

numerous irrelevant entries, which hinders precise matching.
The method of retrieving from a single subset selected using
the group-matching strategy of the proposed method shows a
clear decline in performance, with Recall@1 dropping from
0.8460 at step 2 to 0.6471 at step 10, as the limited candidate
pool fails to cover relevant entries in an semantically diverse
knowledge base. In contrast, the proposed method combines
group-level filtering with instance-level retrieval, preserving
accuracy while enabling scalability.

IV. CONCLUSION

In this paper, we addressed the challenge of scalable re-
trieval in the context of continually expanding knowledge
bases, which hampers both accuracy and efficiency in retrieval-
augmented generation. We organised the knowledge base into
semantically coherent subsets and adopted a two-stage re-
trieval procedure that first selects a relevant subset with group-
level representatives, and then performs fine-grained search
within that subset. This design preserves prior retrieval fidelity
while it limits computational cost during expansion. Exper-
iments on knowledge-intensive benchmarks achieved higher
retrieval accuracy along with reduced inference time compared
to other retrieval baselines. The proposed framework presents
a promising solution for efficient retrieval in environments of
continually expanding knowledge bases.
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