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Introduction

* Semantic image retrieval aims to find images based on their meaning and context, rather than simple
keyword matching.

* Traditional image retrieval methods often fail to understand relationships between multiple objects in a
query.

* Vision-language models such as CLIP improve semantic matching but struggle with complex relational
reasoning.

* Large-scale image retrieval requires both high retrieval accuracy and fast search performance.

* To address these challenges, SemRank combines Knowledge Graph (KG) filtering, CLIP embeddings, and
FAISS similarity search for efficient and context-aware image retrieval.

* Improves semantic understanding, reduces false positives, and enables scalable image retrieval for complex
natural language queries.
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Problem Statement

Scale vs. Accuracy Trade-off:

Real-time retrieval on millions of images demands
efficiency, while user intent often involves complex,
multi-object relationships.

Weak Relational Reasoning:

Independent-encoder methods (VSE++, CLIP dual-
encoder) are fast but ignore explicit multi-entity
constraints, causing false positives.

Cross-Attention Doesn't Scale:

Transformer-based cross-modal models (SCAN,
VILBERT) reason richly but can't precompute

embeddings for large-scale ANN indexing.

S/i‘milarity Score Similarity Score

Image Encoder | Text Encoder‘

Cross-Modality Attention or
Transformer Block

: | Layer | Layer
Image Query : 0 0
Image Query
(a) Fast but less accurate (e.g. : (b) Slow but more accurate (e.g.
VSE++, ALIGN) : SCAN, VILBERT)

Query | Coarse Resulted KG - & —» Ranking
Search | Search EQueri’ Filter 7y~ USINg FAISS
T T Embedd. semantic and
Image Image relevant
[@] database Edatabase[@] images
(c) Fast & Probabilistic and Iacki (d) Proposed work with contextual
of contextual and semantic  : and semantic result using
result (e.g. SCAN, VILBERT) Knowledge graph

Fig. 1: Comparison of proposed work with the baseline
and other related work
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Related Work

Category Representative models Key Findings Limitations
Independent VSE++ [17], ALIGN [16], CLIP ~ Fast retrieval, shared embedding Weak  relational reasoning;
Encoders Dual-Encoder, Florence-2 space, supports offline embedding struggles with compositional and

computation and ANN indexing

multi-object queries

Cross-modal SCAN, ViLBERT [15], LXMERT Fine-grained image-text Computationally expensive and

Attention [13], UNITER [14], OSCAR, interaction and strong semantic cannot efficiently use

Models BLIP [18] reasoning precomputed embeddings for
large-scale retrieval

Probabilistic Keyword/Hash Filtering + Fast initial candidate filtering and  Initial filtering is contextually

(Coarse-to-Fine) Cross-attention Re-ranking better balance between efficiency =~ weak. Misses relational semantics

Retrieval Models [19] and accuracy.

Proposed Knowledge Graph + CLIP + KG-based semantic filtering, Requires offline Knowledge

SemRank FAISS preserves entity relationships, Graph construction

scalable ANN search, improved
retrieval accuracy
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Methodology

1. Text Preprocessing
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i

* Identifies important objects and actions

T f.m, e the filtering logic
from the query. Giraffe eafing leaves ... tree tree fr.om the CXTf’OC"'Cd

Text Preprocessing keywords Top-K Ranked Results

Fig. 2: The Proposed SemRank Architecture for the semantic search using
the KG
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2. Knowledge Graph

e KG is Constructed from the im age @ Input Query Knowledge graph Construction — G = (V, E, L) directed multigraph - stored in Neo4j
CAPTION ANNOTATION (x5) Graph G = (V, E, L): IMAGE NODE Vi,
datas et annotations "A person riding a bicycle on a street near tall buildings." V — finite node set image id int unique identifier
. E C VxVxLp — directed labelled edges annotation ids list[int]
. . Text preprocessing — Tok(x) — POS — dep. each edge: triple (u, v, t), t € Ig caption str — raw text
* Represents images, categories, and REEEEE) Py, Py : (Key - Value} property maPs  cATRGORYNODE YV
Query string x —> Tok(x) = (t,....t.) —> POS tag p DA et AR gL GO o) category_id int
) Node type set V = Vipq U Veat U Vaer: name str — class label
aCtlonS as graph nOdeS' [ . ] type str — supercategory
K (keywords), E (actions) ](— Dep. parse (h;, di) Image node Vimg Category node V4
 Relationships such as has_category and Edge label set Lg: ACTION NODE Vg,
— EXAMPLE - "giraffe eating leaves from a tree" = catggory (VimE.” V) annotation id int
Token POS Dep. Role e setiem (Vimg ~ Voot action str — verb or relation
has_action connect the nodes. giraffe  NOUN  nsubj K has_attribute (Vigg - Vaee:) edge_type  strelp
eating VERB ROOT —E
. . leaves NOUN dobj —K . _ .n g ; "
° The Complete graph 1S Stored in the froe - . _}K Example graph instance — Query: "A person riding a bicycle near a street
. person has_category Image node has_category street
Neo4j Graph Database. EXTRACTED SYMBOLIC CONSTRAINTS cat - id: 1 F image._ g.d 391895 2l Lo
Keyword set K (content nouns — category filter):
. . . . giraffe leaves tree has_category has_ acuan has_category
* This graph provides semantic reasoning . Y
Action set E (verbs — edge-type mapping): t yd 5 riding building
. eating — has_action cat " 1d- action node cat - id: 11
before neural retrieval.

Fig. 3: Knowledge Graph construction framework in SemRank
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3. Query Subg rap h [ Graph Database of Images with their ¥ Image Database with
image ID, category ID and annotation ID random image for the
: - ' : ' retrieval

* The extracted keywords are converted into a query

subgraph.

* Nodes represent important entities present in the query.

* Edges represent semantic relationships between these

entities.

Subgraph for filtering
O

« The query subgraph captures both objects and their

Iage ID's -‘
/7) /'?’\\\ %D Q Category ID's

interactions. ' | i Embedding or Keyword ID's
: o Without the KG Filter More Wn‘h the KG Filter More
* The system searches for matching subgraphs inside the KG. noise, no explainability in aceurate and scalable in

results

* Only structurally matching images are selected as '"eSU"fSV

candidates.

Fig. 4: Query sgraph representation within the KG
for semantic image search
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Fig. 5: Query Subgraph Workflow: illustrating the complete operation and foundational importance of the
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4. Semantic Search

* Candidate images obtained from the Knowledge Graph are semantically ranked.
* CLIP generates embedding vectors for both the query and candidate images.

* All embeddings are normalized before similarity computation.

» FAISS performs Approximate Nearest Neighbor search for efficient retrieval.

* Cosine similarity scores are calculated between query and image embeddings.

* Images are ranked according to similarity scores.

* The framework returns the Top-K most semantically relevant images.

10
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Experiment

» Dataset
* Flickr30K [1] and MS-COCO [2] are widely used for semantic search because they pair real images with
natural, human written captions.
* Flickr30K contains about 31k everyday pictures with five short captions each. MS-COCO is much larger, with
over 118k diverse and complex scenes, each captioned five times.
» Experimental Setup
* Evaluation Metrics:
To evaluate the performance of the proposed work, the Recall@K (R@K =1, 5 and 10) is employed, which
measures how well a semantic image retrieval system can find the correct image within its top-K search
results.
* Neo4j serves as the symbolic filter, reducing the search space by selecting images connected through

relevant objects, attributes, and relationships.

11
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Results and Discussion

1. Comparison with State-of-the-art Methods

* Compared SemRank with 12 state-of-the-art text-to-image retrieval methods on the Flickr30K and MS-
COCO datasets shown in Table 1.

* Performance is evaluated using Recall@1 (R@1, 5, 10).

* SemRank consistently achieves the highest retrieval accuracy across all evaluation metrics.

* On Flickr30K, SemRank achieved 65.4% (R@1), 88.7% (R@5), and 93.7% (R@10).

* On MS-COCO, SemRank achieved 68.8% (R@1), 93.5% (R@5), and 97.5% (R@10).

* The improvement demonstrates the effectiveness of KG filtering combined with CLIP embeddings for

semantic image retrieval.

12
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Table 1: Comparison of text to image retrieval performance on Flickr30K and MS-COCO datasets.

Methods Flickr30K MS-COCO
R@1 R@5 R@10 R@1 R@5 R@10
IMRAM [3] 16.6  41.8 54.1 39.6 69.1 79.8
VSRN [4] 25,5 47.6 58.6 40.5 70.6 81.1
SCAN [5] 355  65.0 75.2 38.6 69.3 80.4
SGR [6] 40.2  66.8 75.3 23.5 589 75.1
SAF [6] 49.7  73.6 78.0 57.8 86.4 91.9
NAAF [7] 525 793 86.2 585 86.0 91.3
GraDual [8] 60.4  86.7 92.0 65.3 919 96.4
CVSE [9] 619 87.1 92.0 599 894 95.2
GPO [10] 614 859 91.5 42.4  72.7 83.1
ESC[11] 59.1 83.8 89.1 64.8 90.7 96.0
MKG [12] 63.2 874 92.3 65.6 915 96.2
MKVSE [12] 63.2 874 92.3 66.4 92.1 96.6
Proposed Work (SemRank) 65.4 88.7 93.7 68.8 935 97.5

13
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2. Ablation Study

1. Parameter Analysis and Impact of KG:

Table 2: Performance comparison of proposed work showing

* Baseline models usin Glove +
8 improvements from integrating the KG over the Baseline.

ResNet18 & MiniLM + EfficientNet

_ MS-COCO
achieve relatively lower retrieval Methods Architecture
R@1 R@5 R@10
performance. (Without KG Filter)

* Integrating KG filtering with CLIP  p,qq)ine GloVe + ResNet18 250 301 422
significantly improves retrieval accuracy  Baseline MiniLM + EfficientNet 378 53.5 623
across all Recall@K metrics. (With KG Filter)
semantic representations, resulting in Proposed work CLIP ViT-L/14 + FAISS 68.8 93.5 97.5

Proposed work CLIP ViT-B/32 35.0 70.0 74.4

more accurate image retrieval.
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2. Qualitative Results:

" Query Top-k Retrieved Results Text Query Proposed work

A large passenger
airplane flying

through the air A small plate

with
some vegetables

A room with blue
being held by a

walls and a white

overlooking the

sink and door person.

giraffe eating

leaves from a

tree
& revans i g The control  |E= il 8

wheelchair and stand used by = Iy
another sitting on the train , —

a bench that is conductor ”

L water g L %

(a) (b)
Fig. 6: (a) Semantic search results of the proposed method with the most relevant image and semantically/
contextually rich images. (b) Qualitative comparison of the proposed work with MKVSE [12] and GPO [10]

showing semantically and contextually relevant results on MS-COCO dataset.
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3. Pairwise Cosine Similarity Analysis of Candidate Images:

Figure 7 presents a pairwise cosine similarity heatmap of
the Top-K retrieved images.

All candidate images first satisfy the KG constraints, ensuring
semantic relevance to the query.

The heatmap visualizes the similarity relationships among
the retrieved image embeddings in the CLIP latent space.
Distinct similarity clusters indicate that the retrieved images
represent different semantic sub-concepts while remaining
relevant to the query.

The results demonstrate that combining KG filtering with CLIP
embeddings improves both retrieval diversity and semantic

ranking quality.
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Similarity heatmap for 100 random images

0.8

0.6

cosine similarity

0.4
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0.0

Fig. 7: Results of the proposed work with the

most relevant image
contextually rich images

with

semantic

SemRank: Semantic Image Retrieval via Knowledge Graph Filtering and CLIP Embeddings by Sourav Pandey and Ashish Singh Patel

and

16



MCMI ' MCMI @ ICPR 2026, Lyon, France

ICPR 2026

Limitations

« Complex or ambiguous queries may be incorrectly parsed by the NLP pipeline, leading to overly
restrictive or incomplete candidate filtering.

* The system relies on CLIP embeddings, which may still miss fine-grained relationships, spatial details, or
domain-specific semantics.

* Evaluation is limited to MS-COCO and Flickr30K, which may not fully represent real-world or domain-
specific image collections.

* Overly restrictive or rare queries can produce empty candidate sets, requiring a fallback strategy that may

reduce semantic precision.

17
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Conclusion

 SemRank introduces a hybrid semantic image retrieval framework by integrating KG filtering, CLIP
embeddings, and FAISS similarity search.

* KG effectively captures multi-entity relationships and removes semantically irrelevant images before
ranking.

* Experimental results on Flickr30K and MS-COCO demonstrate higher Recall@K scores and reduced
false positives compared to existing methods.

 The proposed framework achieves an effective balance between semantic accuracy and retrieval

efficiency, making it suitable for large-scale semantic image retrieval applications.

Future Work

* Develop dynamic Knowledge Graph construction for continuously evolving datasets.
* Improve multimodal grounding to better understand complex image-text relationships.

* Explore adaptive retrieval mechanisms for handling more complex and context-aware user queries.

18
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Supplemental Material Statement:

The source code for the architecture is available on the repository at the following link:
https://github.com/Sourav544/SemRank-Semantic-search.git
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Thank you!
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