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Introduction
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• 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.



MCMI @ ICPR 2026, Lyon, France

Problem Statement
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Fig. 1: Comparison of proposed work with the baseline 
and other related work

• 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.
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Related Work
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Category Representative models Key Findings Limitations

Independent 
Encoders

VSE++ [17], ALIGN [16], CLIP 
Dual-Encoder, Florence-2

Fast retrieval, shared embedding 
space, supports offline embedding 
computation and ANN indexing

Weak relational reasoning; 
struggles with compositional and 
multi-object queries

Cross-modal 
Attention 
Models

SCAN, ViLBERT [15], LXMERT 
[13], UNITER [14], OSCAR, 
BLIP [18]

Fine-grained image-text 
interaction and strong semantic 
reasoning

Computationally expensive and 
cannot efficiently use 
precomputed embeddings for 
large-scale retrieval

Probabilistic 
(Coarse-to-Fine) 
Retrieval Models

Keyword/Hash Filtering + 
Cross-attention Re-ranking 
[19]

Fast initial candidate filtering and 
better balance between efficiency 
and accuracy.

Initial filtering is contextually 
weak. Misses relational semantics

Proposed 
SemRank

Knowledge Graph + CLIP + 
FAISS

KG-based semantic filtering, 
preserves entity relationships, 
scalable ANN search, improved 
retrieval accuracy

Requires offline Knowledge 
Graph construction
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Methodology
1. Text Preprocessing

• Accepts a natural language query as input.

• Performs tokenization and lemmatization 

using spaCy. 

• Extracts keywords, named entities, POS 

tags, and dependency relations.

• Identifies important objects and actions 

from the query.

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

SemRank: Semantic Image Retrieval via Knowledge Graph Filtering and CLIP Embeddings by Sourav Pandey and Ashish Singh Patel
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Fig. 3: Knowledge Graph construction framework in SemRank

• KG is constructed from the image 

dataset annotations.

• Represents images, categories, and 

actions as graph nodes.

• Relationships such as has_category and 

has_action connect the nodes.

• The complete graph is stored in the 

Neo4j Graph Database.

• This graph provides semantic reasoning 

before neural retrieval.

2. Knowledge Graph

SemRank: Semantic Image Retrieval via Knowledge Graph Filtering and CLIP Embeddings by Sourav Pandey and  Ashish Singh Patel
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Fig. 4: Query subgraph representation within the KG 
for semantic image search

3. Query Subgraph

• The extracted keywords are converted into a query 

subgraph.

• Nodes represent important entities present in the query.

• Edges represent semantic relationships between these 

entities.

• The query subgraph captures both objects and their 

interactions.

• The system searches for matching subgraphs inside the KG.

• Only structurally matching images are selected as 

candidates.

SemRank: Semantic Image Retrieval via Knowledge Graph Filtering and CLIP Embeddings by Sourav Pandey and  Ashish Singh Patel
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Fig. 5: Query Subgraph Workflow: illustrating the complete operation and foundational importance of the 
Query Subgraph (Gq) in proposed SemRank image retrieval framework
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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.
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Experiment
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➢ 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.
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Results and Discussion 
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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.
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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] 35.5 65.0 75.2 38.6 69.3 80.4

SGR [6] 40.2 66.8 75.3 23.5 58.9 75.1

SAF [6] 49.7 73.6 78.0 57.8 86.4 91.9

NAAF [7] 52.5 79.3 86.2 58.5 86.0 91.3

GraDual [8] 60.4 86.7 92.0 65.3 91.9 96.4

CVSE [9] 61.9 87.1 92.0 59.9 89.4 95.2

GPO [10] 61.4 85.9 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 87.4 92.3 65.6 91.5 96.2

MKVSE [12] 63.2 87.4 92.3 66.4 92.1 96.6

Proposed Work (SemRank) 65.4 88.7 93.7 68.8 93.5 97.5

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

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

1. Parameter Analysis and Impact of KG: 

Methods Architecture 
MS-COCO

R@1 R@5 R@10

(Without KG Filter)

Baseline GloVe + ResNet18 25.0 30.1 42.2

Baseline MiniLM + EfficientNet 37.8 53.5 62.3

(With KG Filter)

Proposed work CLIP ViT-B/32 + FAISS 63.7 87.0 90.1

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

Table 2: Performance comparison of proposed work showing 
improvements from integrating the KG over the Baseline.

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

• Baseline models using GloVe + 

ResNet18 & MiniLM + EfficientNet 

achieve relatively lower retrieval 

performance.

• Integrating KG filtering with CLIP 

significantly improves retrieval accuracy 

across all Recall@K metrics.

• Larger CLIP backbones provide richer 

semantic representations, resulting in 

more accurate image retrieval.
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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.

(a) (b)

2. Qualitative Results: 
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3. Pairwise Cosine Similarity Analysis of Candidate Images:

Fig. 7: Results of the proposed work with the 
most relevant image with semantic and 
contextually rich 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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SemRank: Semantic Image Retrieval via Knowledge Graph Filtering and CLIP Embeddings by Sourav Pandey and  Ashish Singh Patel 17

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

https://github.com/Sourav544/SemRank-Semantic-search.git
https://github.com/Sourav544/SemRank-Semantic-search.git
https://github.com/Sourav544/SemRank-Semantic-search.git
https://github.com/Sourav544/SemRank-Semantic-search.git
https://github.com/Sourav544/SemRank-Semantic-search.git
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Thank you!
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