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Abstract. Image retrieval has become a critical component of modern
information systems, driven by the growing need to search large-scale
visual databases in domains such as e-commerce, healthcare, and digital
media. Existing work image retrieval systems have shown the effective-
ness in mapping text and visual into a shared embedding space, and
allowing improved and fast image retrieval. However, these retrieval sys-
tems struggle with relational semantics, resulting in poor ranking per-
formance and difficulty retrieving even the nearest-neighbour image that
semantically matches the query. This work introduces SemRank, a hy-
brid retrieval framework that integrates Knowledge Graph-based seman-
tic filtering with CLIP embeddings and FAISS similarity search to over-
come these limitations. Moreover, a query subgraph is added to filter
extracted entities and relationships from the query, eliminating seman-
tically irrelevant candidates before neural ranking. CLIP embeddings
then perform high dimensional semantic matching, accelerated through
efficient FAISS indexing. Experiments are conducted on MS-COCO and
Flickr30K, yielding results that show improvements over recent and base-
line methods, achieving higher recall scores and reducing false positives,
particularly for complex multi-object queries.

Keywords: Semantic search - Knowledge Graph - Query subgraph -
Cross-model retrieval.

1 Introduction

Semantic image search seeks to retrieve relevant images by understanding the
relationship between visual content and associated text. However, metadata in
large datasets is often incomplete or noisy. Modelling image text co-occurrence
helps refine and propagate semantic information, enabling better annotation
of weakly labelled or unlabelled images and improving overall retrieval perfor-
mance. The main challenge in semantic image retrieval involves two competing
objectives: (1) achieving high computational efficiency to enable real-time re-
trieval on large-scale image databases (millions to billions of images), and (2)
maintaining semantic accuracy such that retrieved images precisely match the
user’s intent, including complex relationships and domain-specific contexts.
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Fig. 1: Comparison of proposed work with the baseline and other related work

Traditional keyword-based and low-level visual feature methods struggle with
complex semantic queries involving multiple entities and contextual relations [6,
8,9]. Although deep learning and vision-language models improve cross-modal
alignment through shared embeddings, enforcing explicit multi-entity constraints
and relational consistency remains difficult in practice. Fig. 1 summarizes a
comparative analysis of prior techniques and highlights these limitations. Prior
methods exhibit complementary limitations such as two stage or probabilistic
systems are efficient but cannot effectively enforce multi-entity relationships or
fine-grained semantic constraints, which leads to high false-positive rates on
complex queries [10,21].

However, joint cross-modal encoders, such as cross-attention transformers,
model detailed text—image interactions but cannot precompute similarities for
large-scale approximate nearest-neighbour (ANN) indexing. Moreover, storing
region-level features or intermediate activations for millions of images is pro-
hibitively expensive in terms of memory and computation, rendering these ap-
proaches unsuitable for web scale retrieval.

To address these trade-offs, the proposed SemRank integrates Knowledge
Graph (KG) filtered, CLIP embedding and FAISS (Facebook AI Similarity Search)
[5] framework that unites symbolic reasoning, powerful vision language embed-
dings, and efficient vector search. The pipeline uses KG-based entity, and relation
extraction to prune the candidate set to semantically coherent images, applies
CLIP-derived embeddings for high-dimensional semantic matching, and lever-
ages FAISS for fast ANN retrieval over precomputed vectors. By constraining
the search space with explicit semantic filters, this approach preserves the per-
formance advantages of transformer-based interaction. The main contributions
of the paper are as follows:

1. Proposed semantic retrieval framework (SemRank) that integrates KG based
symbolic reasoning with CLIP-based embeddings, enabling more accurate
interpretation of natural language queries for image retrieval.
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2. The query subgraph captures entities and relationships expressed in the
query, improving graph consistency and relevance by filtering semantically
irrelevant images and substantially reducing false positives before ranking.

3. To validate the proposed work ablation study conduct between in the Flickr30k
and MS-COCO datasets, highlighting the impact of KG integration on se-
mantic search and cross-modal retrieval performance.

The remainder of this article is organized as follows. Section 2 provides a brief
review of related work. Section 3 introduces the proposed SemRank method and
describes its architecture in detail. Section 4 outlines the experimental setup of
the proposed approach. Section 5 presents the results and discussion, including
comparisons with state-of-the-art retrieval methods, ablation studies, and visual-
ization analyses. Finally, Section 6 concludes the article and highlights directions
for future work.

2 Related Work

Despite rapid advances in vision language modelling, current image retrieval
systems still face challenges in balancing semantic understanding with large-
scale efficiency. Existing approaches can be broadly categorized into independent
encoders, cross-modal attention models, and coarse-to-fine retrieval pipelines,
each with distinct strengths and limitations.

Independent encoder methods represent the earliest scalable semantic re-
trieval systems. They employ separate image and text encoders to project both
modalities into a shared embedding space, where relevance is computed using
simple similarity measures. Representative models include VSE++ [6], ALIGN
[21], CLIP dual-encoder, and Florence-2 embedding models, all trained using
large-scale contrastive learning. While highly efficient, these approaches lack
explicit cross-modal reasoning at inference time, making them ineffective for
relational or compositional queries. Consequently, retrieval is often driven by su-
perficial visual cues such as colour or dominant objects, and even strong models
like CLIP achieve only moderate recall for complex multi-object queries without
additional constraints.

Cross-modal attention and joint transformer architectures, including SCAN
[10], VILBERT [15], LXMERT [19], UNITER |[3], OSCAR, and BLIP [11], en-
able fine-grained interaction between text tokens and visual regions, allowing
reasoning over objects, spatial relationships, and complex semantics. However,
these models cannot precompute similarity scores or efficiently leverage large-
scale ANN indexing, resulting in prohibitively slow inference on million-scale
image collections. Additionally, storing region-level features and intermediate
activations incurs significant memory overhead [17].

Moreover, although more recent models such as BLIP-2 further improve vi-
sion language reasoning through integration of large language models, the pro-
posed work uses CLIP-based dual encoders for large-scale retrieval efficiency.
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Fig. 2: The Proposed SemRank Architecture for the semantic search using the
KG

Cross-attention architectures inherently prevent offline embedding precomputa-
tion required for efficient FAISS indexing, making them unsuitable for million-
scale galleries. Therefore, CLIP enables fast similarity search through precom-
puted embeddings while still providing reasonably strong semantic alignment,
offering a practical trade-off between relational reasoning and scalability.
Probabilistic retrieval models balance efficiency and accuracy through a coarse-

to-fine strategy: fast initial filtering via keywords, visual features, or hashing,
followed by expensive re-ranking using cross-attention on top candidates [8,18].
Despite this, fundamental trade-offs persist, independent encoders scale well but
lack relational semantics, while cross-modal attention models capture rich se-
mantics but fail at scale, leaving early pipeline stages contextually weak. To
address these limitations, the proposed KG-filtered CLIP-FAISS framework in-
tegrates symbolic semantic filtering with neural embeddings and ANN search,
achieving both semantic precision and large-scale retrieval efficiency.

3 Methodology

This section presents SemRank, a framework for semantic search and retrieval
of complex queries over large-scale image databases. The overall architecture is
illustrated in Fig. 2, which depicts a complete framework comprising KG-based
symbolic filtering, CLIP embeddings, and FAISS similarity search to retrieve the
most semantically relevant images for a given natural query.

3.1 Text Preprocessing

Given an input string X (the query), using spaCy to extract the keywords and
entities (K; E) through a sequence of functions. First tokenization splits X into
a sequence of tokens (t;;  ;ty) where each tj carries surface form wj, lemma lj,
POS tag pj and dependency label dj. Tok : X ¥ T™; Tok(x) = (t;; ;tn). Sta-
tistical POS tagging and dependency parsing, then assign labels via conditional
probabilities, producing a dependency tree over tokens as shown in Eq. 1.

pi = arg m2a|3< P (p j context around t;); (hj;d;) =arg méix P (dj context): (1)
p
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Fig. 3: Knowledge Graph construction framework in SemRank

Capturing content words like "giraffe", "eat", "leaf", "tree" from the query "gi-
raffe eating leaves from a tree". These sets (K; E) serve as symbolic constraints
for downstream Neo4j filtering and intent logging, bridging natural language to
structured semantic search.

3.2 Clip Text Encoder

For semantic search, CLIP’s text encoder converts the query into a numerical
representation within a shared image text embedding space [22]. Given a tok-
enized query sentence with L tokens (Wy; Wa; ;wy_ ) CLIP’s text encoder maps
it to a single embedding vector e = E(w;) 2 RY. Where E : V ¥ RY is the
embedding matrix. Positional encoding pj are added to form the input matrix
X =[e; +pi;:::;eL +pL]". The sequence is processed by the transformer en-
coder, where each layer applies multi-head self-attention in Eq. 2.

Attention(Q; K; V) = softmax %lzj \Y (2)
K

where, Q, K and V are the query, key and value matrix thus followed by
a feed-forward network and residual normalization, producing contextualized
representations H(N) = [hy;:::;h ]T CLIP selects the final [EOS] represen-
tations as the raw sentence embedding (raw = hgos which is subsequently
L2-normalized [17]. This normalized query vector serves as the semantic rep-
resentation used during retrieval. For a database of candidate embeddings Vj
that are also normalized, semantic similarity reduces to the inner product s; =
q vj =cos( j) allowing CLIP [17] to rank items according to their cosine simi-
larity with the query. Thus, the text encoder converts natural-language queries
into numerical vectors that encode semantic content, enabling the retrieval of
the most semantically similar images or items from the search space.

3.3 Knowledge Graph

The KG is constructed directly from the image dataset annotations. For each
image in MS-COCO or Flickr30K [13,16], a dedicated image node is created and
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