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The rapid growth of personal photo collections has highlighted the limitations of traditional retrieval methods that rely on 

filenames or manual tagging, creating a persistent semantic gap between image content and user intent. This study 

proposes an efficient semantic search system that enables natural-language-based retrieval of personal photos through 

a hybrid multimodal architecture. The system integrates CLIP for vision–language alignment, BLIP for automatic caption 

generation, and FAISS for high-speed similarity search, combining direct visual semantic matching with text-mediated 

understanding. Evaluated on a dataset of 2,000 personal images, the system demonstrates strong retrieval 

performance, achieving mean cosine similarity scores of 0.254-0.282 and perfect Precision@6 (1.000) for attribute- 

based queries. Results indicate high robustness to variations in lighting, pose, and background, with the strongest 

performance observed in clothing- and object-related searches, while event-based queries remain more challenging. 

Key contributions include a privacy-preserving on-device design, a dual-pathway multimodal workflow, and a 

comprehensive evaluation framework for semantic photo retrieval. Overall, the proposed system effectively bridges the 

semantic gap in personal photo management and demonstrates the practical value of multimodal AI for intuitive, human- 

centred image retrieval. 
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The rapid growth of people’s personal collections 

of digital photographs has created unique challenges for 

information retrieval and human-computer interaction 

systems. In fact, empirical data show that the volume of 

photos taken worldwide has increased by 227% from 

2013 to 2025, with the number of photos taken today 

expected to rise from 0.66 trillion to 2.10 trillion annually 

(see Figure 1; Photutorial, 2025). Tripling the number of 

photographs taken and shared within 12 years at an 

accelerating pace, we expect even more ways to engage 

with and manage these photos in the future. 
 

Figure 1. Global annual Photos Captured 2013 to 2025 

(Photutorial, 2025). Note: the decline from 2019 to 2021 

is due to the COVID-19 pandemic. 

Current photo management cannot be separated 

from traditional photo organisation based on filenames, 

manual tagging, or basic metadata extraction (Rodden & 

Wood, 2003). This semantic nature is like human memory 

for example you should remember the memories of the 

pictures you take as “the family picnic by the lake” or “the 

graduation ceremony with friends”; the terms themselves 

cannot replace the organisational space available for a 

photo management system to index the content of that 

memory, so there remains a significant gap between how 

we conceptualise our memories as humans and the way 

that standard management systems organise visual 

content (Smeulders et al., 2000). The challenge, or 

sometimes referred to as the “semantic gap”, illustrates 

the difference between the low-level visual features the 

computer understands regarding our memories, despite 

the high-level human agent knowledge of what we store in 

our photographs (e.g. content and context on both 

categories of objects and events). This difference is 

apparent with personal photos. How we organise and 

search our own photos is very different from how we 

search for images online. Photo retrieval presents 

challenges in personal photo collections that differ from 

those in general-purpose image search systems. 

Personal collections may have very few or no structured 

annotations and exhibit significant semantic variability, 

even in relatively small collections. Most users organise 

their photographs chronologically, and everyone expects 

the folder structure to follow suit. Only basic 

Exchangeable Image File Format (EXIF) metadata exists; 

this has also made it harder to find the right images by 

their meaning. These issues come from a fundamental 

problem in image search, the “semantic gap.” This is the 

difference between the raw visual data in a photo and the 

higher-level concepts people understand (Smeulders et 

al., 2000; Datta et al., 2008). Early image search tools 

used basic visual features, such as colour patterns, 

textures, and outlines, to find similar images (Flickner et 

al., 1995; Datta et al., 2008). 

Sometimes, images can look identical in colour or 

texture, but that doesn’t mean they have the same 

meaning, which is what people actually care about when 

searching for photos. Imagine determining an image of 

“celebrating moments”: there are complex contextual 

signs, facial expressions, and social interactions among 

multiple people, which go far beyond a pixel-level view. 

These limitations in purely visual approaches have driven 

the development of more sophisticated multimodal 

retrieval systems, capable of connecting different types of 

data at a shared semantic level. Deep learning brought 

about changes in injection multimodal retrieval systems. It 

gave rise to cross-modal systems that connect multi- 

design with multimodal systems at the semantic level 

through learned representation. Before the advent of 

deep learning, systems treated images and text 

separately, through independent pipelines. It was 

common to combine the two at a later stage of the 

process with explicit fusion mechanisms and 

customisation for each domain (Baltrušaitis et al., 2018). 

The embeddings produced by these systems were 
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independently derived, resulting in minimal semantic 

interpretation and poor generalisation across query types. 

The arrival of transformer-based architectures 

(Vaswani et al., 2017) has significantly boosted 

multimodal learning by enabling joint representations of 

vision and text. Methods developed by models such as 

CLIP (Radford et al., 2021) align images and text in a 

common semantic space via contrastive learning 

objectives. The CLIP architecture utilised separate 

encoders for visual and textual elements. For instance, a 

ViT (Dosovitskiy et al., 2021) for images and a 

transformer for natural language. The image and text 

encoders of CLIP are learnt to maximise the cosine 

similarity of matching image/text pairs and minimise 

otherwise. CLIP has set the foundation, but it is unified 

vision-language architectures like BLIP (Bootstrapping 

Language Image Pre-training) that target bidirectional 

understanding (Li et al., 2022). BLIP combines contrastive 

image-to-text learning, image-conditioned language 

modelling, and language-conditioned image generation 

into a multi-task learning approach. By automatically 

generating captions for visual content, BLIP provides rich 

textual descriptions that can be reused for retrieval based 

on similarity. 

However, despite these advances, multimodal 

models still face significant scalability and efficiency 

challenges. Personal photo collections, while not as large 

as web-scale collections, still require efficient query 

processing and minimal storage costs for effective real- 

world use. The embedding spaces from modern models 

are often high-dimensional (e.g. 512 and 768 dimensions 

for the best models, Radford et al. (2021)) and require 

similarity search methods that are fast enough to provide 

instantaneous responses. One widely used method for 

similarity search is Facebook AI Similarity Search 

(FAISS), which has become a standard for large-scale 

similarity search and provides efficient implementations of 

ANN algorithms (Johnson et al. 2021). Over the years, it 

has been adapted to various indexing needs. This 

includes flat L2 search, which gives exact results; inverted 

file (IVF), which sacrifices some accuracy for less memory 

usage; and HNSW, built for fast retrieval and efficient 

memory use. Deciding which strategy to use is not 

straightforward. It often means weighing speed, memory 

use, and accuracy. It’s particularly hard to do this when 

working with a device with limited processing power and 

storage (Johnson et al. 2021). When considering 

performance factors, designers must also consider 

privacy and user experience. Leading photo platforms 

appear to be at an inflexion point. It enables rich 

searches, but customers give up control over their data. 

When individuals have private pictures on servers, as 

they do in most commercial and industrial systems, they 

lose control over them by default. Security breaches are 

not the only vulnerabilities that can occur (Armbrust et al., 

2010). Undocumented algorithmic bias also counts. Users 

do not know how search rankings affect things. Many 

researchers call the use of AI a “black box problem”, as it 

does not show how results are achieved (Adadi & 

Berrada, 2018) 

In my opinion, many photo upload sites are still 

outdated in terms of look and functionality. While modern 

AI systems seem advanced, behind the scenes, they rely 

on old systems (like folder hierarchies, timeline views, and 

manual tagging) rather than better ones to help you 

catalogue and find your pics. Rodden and Wood (2003) 

showed decades ago that these structures are not aligned 

with human memory organisation. A more natural solution 

would align with cognitive psychology: users should be 

able to engage with the system through conversational 

search for “Maya’s birthday cake disaster” rather than 

having to remember the date or guess a keyword 

(Radlinski & Craswell, 2017). But, it is not an easy task to 

make them everyday tools. Using laboratory-grade 

multimodal AI on personal devices shows hard 

engineering limitations. These computer systems require 

lots of power. 

The specialised hardware needed to run these 

systems is costly. They really limit consumer use. 

Developers have to make the most of their small 

collection when they want to make thousands of images. 

Techniques like model quantisation or Knowledge 

distillation can reduce computational costs. But these 

generally give results that are unacceptably inaccurate for 

user applications. It also makes the overall situation more 

complicated, making it harder to integrate into existing 

systems. A typical search system is composed of 

unstable components, such as the image encoder, text 

http://www.jictra.com.pk/index.php/jictra


Journal of Information Communication Technologies and Robotic Applications 

http://www.jictra.com.pk/index.php/jictra, pISSN: 2523-5729, eISSN: 2523-5739 
39 JICTRA 2025 

 

  

model, caption generators, and search index. Each of 

these can fail in its own way. Failure to manage this 

carefully can lead to significant technical debt from 

overspending. Real-world images are messier than 

research images with labels. There can be considerable 

variation in content and quality depending on the text 

type. As a result, many data-cleaning steps are often 

ignored, especially in early-stage prototypes. 

This study presents an efficient, semantic photo retrieval 

system. And the photomanagement system has certain 

drawbacks that our system addresses. The proposed 

system uses Multimodal Search (MPEG-7), a Bidirectional 

LSTM, and a multiclass SVM. The key contributions of 

this work are. 

 

 This novel study proposes workflows integrating CLIP 

for image-text alignment, BLIP for automatic caption 

generation, and FAISS for efficient search of photo 

collections. 

 A cloud-free, on-device processing approach that 

ensures privacy while maintaining strong retrieval 

performance and optimised computational efficiency. 

 An approach that applies two evaluation methods to 

personal photo datasets is reported. The first method 

tests the effectiveness of a quantitative evaluation of 

the photos. This involves using pre-fixed metrics, 

including precision, recall, and cosine similarity. The 

second method implements a qualitative assessment 

that is based on the user’s experience. 

 The system is demonstrated with a dataset of over 

2,000 personal photos, showcasing its scalability, 

computational efficiency, and real-world usability. 

 
Further, our research paper is structured as follows. 

Section 2 presents a comprehensive literature review of 

multimodal retrieval, captioning models, and similarity 

search methods. Section 3 outlines the key research gaps 

and motivations for the proposed system. Section 4 

details the methodology, including data preprocessing, 

CLIP–BLIP feature extraction, dual-pathway 

representation, and FAISS indexing. Section 5 describes 

the evaluation framework and metrics used for 

quantitative and qualitative assessment. Section 6 reports 

and discusses the experimental results. Finally, Section 7 

concludes the study and highlights directions for future 

work 
 

The field of image retrieval has been transformed by 

the advancements in deep learning and multimodal AI 

systems. Conventional content-based image retrieval 

(CBIR) frameworks mostly rely on low-level visual 

descriptions, such as colour, texture, and shape features 

(Datta et al., 2008). However, these techniques were 

limited by the “semantic gap.” This means the computer 

could analyse basic image features, such as colours and 

shapes, but failed to understand higher-level ideas, such 

as “winning moments” or “celebration” (Smeulders et al., 

2000). To overcome this shortcoming, advances in deep 

convolutional neural networks (CNNs) led to a paradigm 

shift in image retrieval, enabling the computation of more 

semantically grounded visual representations (Krizhevsky 

et al., 2012). Initial deep learning methods were dedicated 

to learning discriminative representations of images by 

using directly supervised learning on datasets of scale 

such as ImageNet (Deng et al., 2009). Also, although 

these approaches were more efficient than classical CBIR 

systems, they were still hindered by their reliance on 

predefined visual categories and their inability to handle 

natural language queries directly. This limitation led to the 

development of vision-language models, which 

represented a paradigm shift in language by narrowing 

the semantic gap between visual content and natural- 

language comprehension. Radford et al. (2021) 

introduced the practice of contrastive learning on a 

massive-scale training regime underpinning joint 

embeddings of images and text via CLIP (Contrastive 

Language-Image Pre-training). Training on 400 million 

image-text pairs, CLIP showed impressive zero-shot 

transfer across many visual recognition tasks. Building on 

this success, a considerable number of studies have built 

on this idea, significantly improving how computers 

understand both images and language. ALIGN pre-trained 

the contrastive scaling on 1.8 billion paired pictures and 

texts, demonstrating that scaling up delivers better 

performance on several benchmarking tasks (Jia et al., 

2021). Florence proposes a unified vision-language 

foundation model that achieves state-of-the-art 

performance on both discriminative and generative vision- 
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language tasks (Yuan et al., 2021). Recent studies have 

addressed the issue of enhancing the efficiency and 

effectiveness of contrastive learning in vision-language 

models following these developments. DeCLIP introduced 

supervised semantic softmax to alleviate data inefficiency 

in contrastive learning (Li et al., 2022), and RegionCLIP 

extended CLIP to region-level understanding, enabling 

object detection (Zhong et al., 2022). All of these 

developments have led to the emergence of contrastive 

vision-language models as the preferred paradigm for 

multimodal understanding tasks. 

The field of automatic image captioning has grown 

tremendously and has since surpassed encoder-decoder 

architectures, incorporating multimodal transformers. 

BLIP (Bootstrapping Language-Image Pre-training), 

proposed by Li et al. (2022), can be considered another 

significant breakthrough in this field, as the authors 

introduce a unified approach that simultaneously 

maximises both understanding and generation goals. 

BLIP’s most important innovation is its bootstrapping 

approach. This means the model generates its own 

training data using synthetic captions. On this basis, 

several significant extensions and enhancements have 

been made to BLIP’s success. The latest updates to that 

architecture in BLIP-2 (Li et al., 2023) improved efficiency 

by using frozen pre-trained image encoders and language 

models, enabling better performance with much less 

computation. Instruct BLIP (Dai et al., 2023) improved 

upon BLIP-2 by allowing it to follow user instructions, 

making image captioning more flexible and practical. 

Simultaneously, a few other prominent changes have 

been made in image captioning, such as CoCa (Yu et al., 

2022), which combines a contrastive objective with a 

captioning objective in a single framework, and Flamingo 

(Alayrac et al., 2022), which demonstrates few-shot 

learning in vision-language tasks. All of these 

developments have enhanced the quality and range of 

automatically-generated image descriptions, specifically 

by producing descriptions that are higher quality and 

easier to use in downstream applications such as 

semantic search. 

Efficient similarity search in high-dimensional 

vector spaces is needed to scale the use of these 

capabilities. Johnson et al. (2021) created FAISS 

(Facebook AI Similarity Search), which has become the 

default large-scale similarity search implementation, 

addressing several limitations of traditional string 

matchers. FAISS offers a comprehensive set of indexing 

algorithms that enable developers to optimise for search 

precision, memory efficiency, or query speed. On these 

grounds, recent trends in vector databases have focused 

on enhancing scalability and reducing computational 

overhead. The use of approximate nearest neighbour 

(ANN) algorithms, such as HNSW (Hierarchical Navigable 

Small World) (Malkov & Yashunin, 2020), IVF (Inverted 

File) (Jegou et al., 2011), and others, has been widely 

investigated and optimised for various applications. 

Similarity search operations have been further enhanced 

through specialised hardware acceleration, such as GPU- 

based approaches and custom silicon (Johnson et al., 

2021). In combination with these hardware innovations, 

similarity search has also been the focus of significant 

effort in integrating it into machine learning pipelines. New 

product offerings such as Pinecone (Pinecone Systems 

Inc., 2025), Weaviate (Weaviate B.V., 2025), and Milvus 

(Wang et al., 2021) provide complete end-to-end solutions 

for embedding-based applications, including real-time 

indexing, distributed search, and integration with popular 

machine learning libraries. 

Personal photo management has been revealed 

as an essential field for the application of semantic search 

technologies. Manual tagging and folder-based 

hierarchies of visual materials have shown that traditional 

methods of organising photos are impractical for 

managing extensive personal collections. This problem is 

exacerbated by the fact that most users associate photos 

with semantic elements, such as events, names, and 

objects, rather than metadata and temporal elements 

(Rodden & Wood, 2003). To combat this problem, a 

variety of commercial systems have used AI-based 

solutions. Google Photos offered object recognition-based 

clustering and spot search features through face 

identification (Anil, 2015). The same features were 

applied to Apple Photos, which aimed to process images 

on-device to ensure privacy (Apple Inc., 2024). However, 

such systems mainly depend on predefined visual 

categories. This constitutes a substantial limitation 

because they are unable to process arbitrary, open-ended 

natural-language requests (Radford et al., 2021). 
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Developing this option further, a new direction in exploring 

multimodal semantic image retrieval has emerged, 

combining visual, textual, and structural attributes (Pustu- 

Iren et al. 2021). They showed that combining deep visual 

features (CLIP) with OCR-extracted text and patent 

document context yields better access to the image 

content of patents. Continuing this strategy of multimodal 

approaches, integrating a large language model (LLM) 

with photo search has yielded the best results. The 

advances of impressive visual language models that 

achieve the few-shot learning capability, Flamingo 

(Alayrac et al., 2022), and big language models that can 

follow instructions through the task of InstructBLIP (Dai et 

al., 2023), lay the groundwork here to finally interact in a 

truly conversational manner with photo collections finally. 

Extending this functionality, models such as Visual 

ChatGPT have shown users how to engage in 

sophisticated dialogue to edit, query, and reason over 

their visual media (Wu et al., 2023). These trends and 

advances indicate a significant leap toward a more natural 

and adaptable management of the photo interface. 

Testing how well semantic image search systems 

work for personal photos is tricky because deciding if a 

result is truly relevant is very subjective. What feels like a 

perfect match to one person might not be as meaningful 

to another. While standard evaluation metrics such as 

precision, recall, and average precision are still used, they 

often fall short of capturing the subtle and personal ways 

people interpret meaning and similarity in their own 

photos (Pustu-Iren et al., 2021). These standard metrics 

can’t measure the full depth of what makes images 

semantically similar to users on a personal level. Recent 

efforts have introduced CLIP-Score, which uses CLIP 

embeddings to evaluate image-text alignment (Radford et 

al., 2021). 

Nevertheless, these automated methods can 

inherit one’s bias from their models. However, human 

evaluation is time-consuming and does not work well for 

large systems. To address this, researchers have begun 

developing hybrid methods that combine feedback from 

both crowd workers and expert annotators. This helps 

create high-quality evaluation data more efficiently 

(Hodosh et al., 2013). 

Research is still ongoing on developing standard 

benchmarks for personal photo retrieval. Although these 

developments have been made, several issues and 

boundaries still exist regarding the creation of these kinds 

of photo search systems. The problems of privacy and 

data security are considerable in the semantic search 

systems. A trade-off between on-device and cloud-based 

processing is a key challenge in managing personal photo 

collections, as each new option introduces new 

vulnerabilities, including data leakage and attacks by 

adversaries (Das et al., 2024). Furthermore, the high 

computational cost of training and inference for large 

multimodal models makes them unsuitable for limited- 

resource devices and raises concerns about their 

substantial energy consumption (Schwartz et al., 2019; 

Strubell et al., 2019). Another big question, besides all 

these computational issues, is bias and fairness. Vision- 

language models frequently exhibit systemic bias by race, 

gender, and culture, thereby introducing search bias that 

can harm all user communities (Ferrara, 2024; Saleha & 

Tabatabaeib, 2025). 

Another major problem is that these AI systems are 

not transparent. It’s challenging to understand how they 

decide which photo to retrieve. Because users need to 

trust the results, it’s essential to know the reason behind a 

decision. However, the complex “black-box” nature of 

deep learning poses a significant challenge. This is why 

recent research strongly recommends creating an AI 

system that is easier to understand and explain. (Arrieta 

et al., 2019; Joshi et al., 2021). 

 

Research Gaps and Opportunities 

In our literature survey, we identified significant 

research gaps that will inform the proposed work. 

Individual components of CLIP, BLIP, and FAISS have 

been thoroughly analysed; however, little has been 

proposed for systematically combining them for personal 

photo retrieval. What is more, most current evaluation- 

related studies focus on standard image retrieval 

benchmarks rather than on the peculiarities of working 

with individual photos. There is another gap: the 

complementary strengths and weaknesses of various 
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multimodal AI methods when integrated into hybrid 

systems are not adequately explored. To fill these gaps, 

the present work proposes a new hybrid architecture that 

incorporates the power of contrastive vision-language 

models, automated image captioning, and efficient 

similarity search in a systematic manner. This study 

advances knowledge of the effective operation of these 

technologies in real-world applications by conducting a 

detailed analysis of a large dataset of personal photos, 

which opens the door to more effective semantic search 

and retrieval within the system for managing individual 

images. 

This study follows a structured four-stage 

multimodal retrieval pipeline integrating visual–textual 

feature extraction, dual-pathway representation, vector 

indexing, and natural-language query processing. Figure 

2 illustrates the overall workflow. The framework is 

designed to bridge the semantic gap by aligning images 

and text in a shared embedding space and enabling fast 

nearest-neighbour retrieval. 

 

 
Figure 2. Methodology flow diagram of the proposed 

CLIP-BLIP-FAISS semantic search system for personal 

photo retrieval. 

1.1. Dataset Description and Preprocessing 

This dataset consists of 2000 high-resolution 

personal photos (1080p JPEG). We checked the image 

file format using metadata contained in the JPG file. 

Images were resized to , centre-cropped, and 

normalised with ImageNet statistics: 

 

 

(1) 
All computations were performed locally to comply with 
privacy regulations. 
1.2. Multimodal Feature Extraction 

1.3. Visual Embeddings (CLIP) 

Each image  is encoded via the CLIP ViT-B/32 

visual transformer: 

(2) 
Followed by L2-normalisation: 

(3) 

CLIP learns image-text alignment using a 
contrastive objective: 

 

(4) 

Where  is the paired caption embedding, and  

is a learnable temperature parameter. 
1.4. Textual Semantics via BLIP Captioning 

BLIP generates a textual description  for each 

image: 

 

(5) 
Followed by a text encoder that produces a 
semantic embedding: 

 

 

(6) 
This provides high-level semantics 
complementing the visual pathway. 
1.5. Dual-Pathway Representation 

Two parallel embeddings represent each image: 
Visual pathway: 

(7) 

Text-mediated pathway: 
(8) 

The hybrid representation enables compositional 
and abstract semantic retrieval: 

 
(9) 

In this study, retrieval is performed 

independently on both pathways, and results are 

merged. 

1.6. Vector Indexing Using FAISS 
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All embeddings are stored in a FAISS IndexFlatIP 

structure, optimised for cosine similarity: 

 

(10) 

Index construction includes: 

L2 normalisation 

Index initialisation 

Adding embeddings 

Serialisation 

Given a query embedding , FAISS returns top-  

neighbours: 

 

 

(1) 

All computations were performed locally to comply with 

privacy regulations. 

1.8. Multimodal Feature Extraction 

1.9. Visual Embeddings (CLIP) 

Each image  is encoded via the CLIP ViT-B/32 

visual transformer: 

  
(11) 

This supports efficient  similarity search 

accelerated via GPU computation. 

1.7. Query Processing and Retrieval 

A natural-language query  is encoded using 

(2) 

Followed by L2-normalisation: 
 

 

 
 

 
(3) 

CLIP: 
 

 

(12) 

Retrieval is performed in the shared embedding 

space: 
 

 

(13) 

Top results are ranked by similarity score and 

returned to the user. 

Further, Algorithm 1 details the full processing 

pipeline for operationalising the multimodal 

retrieval framework, which incorporates CLIP- 

based visual encoding (Radford et al., 2021), 

caption generation using BLIP (Li et al., 2021), 

and FAISS vector indexing for efficient nearest- 

neighbour search. 

1.7.1. Dataset Description and Preprocessing 

This dataset consists of 2000 high-resolution personal 

photos (1080p JPEG). We checked the image file format 

using metadata contained in the JPG file. Images were 

resized to , centre-cropped, and normalised 

with ImageNet statistics: 

CLIP learns image-text alignment using a 

contrastive objective: 
 

(4) 

Where  is the paired caption embedding, and  

is a learnable temperature parameter. 

1.9.1. Textual Semantics via BLIP Captioning 

BLIP generates a textual description  for each 

image: 
 

(5) 

Followed by a text encoder that produces a 

semantic embedding: 
 

(6) 

This provides high-level semantics 

complementing the visual pathway. 

1.9.2. Dual-Pathway Representation 

Two parallel embeddings represent each image: 
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Visual pathway: 
 

Text-mediated pathway: 
 

 
 

 
(7) 

 
(8) 

 

 

(13) 

Top results are ranked by similarity score and 

The hybrid representation enables compositional 

and abstract semantic retrieval: 

 

(9) 

In this study, retrieval is performed 

independently on both pathways, and results are 

merged. 

1.9.3. Vector Indexing Using FAISS 

returned to the user. 

Further, Algorithm 1 details the full processing 

pipeline for operationalising the multimodal 

retrieval framework, which incorporates CLIP- 

based visual encoding (Radford et al., 2021), 

caption generation using BLIP (Li et al., 2021), 

and FAISS vector indexing for efficient nearest- 

neighbour search. 
All embeddings are stored in a FAISS IndexFlatIP   

structure, optimised for cosine similarity: 
 

(10) 

Index construction includes: 

L2 normalisation 

Index initialisation 

Adding embeddings 

Serialisation 

Given a query embedding , FAISS returns top-  

neighbours: 
 

(11) 

This supports efficient  similarity search 

accelerated via GPU computation. 

1.9.4. Query Processing and Retrieval 

A natural-language query  is encoded using 

CLIP: 
 

(12) 

Retrieval is performed in the shared embedding 

space: 

Algorithm 1. Proposed Multimodal Semantic 

Retrieval Algorithm 

Input: 

I = {I1, I2, …, In} Image dataset 

Q Natural language query 

Output: 

R: Ranked set of retrieved photos 

1:----------------------- Preprocessing ------------------ 

----------- 

2: For each image Ii ∈ I do 

3:  Ii_resized ← Resize(Ii, 224×224) 

4:  Ii_clean ← Normalise(Ii_resized) 

5: Ii_valid ← QualityCheck(Ii_clean) 

6: End For 

7:----------------- Multimodal Feature Extraction --- 

---------- 

8: For each image Ii ∈ I do 

9: v_i ← f_CLIP(Ii) Visual 

embedding (Radford et al., 2021) 

10: c_i ← g_BLIP(Ii) Caption 

generation (Li et al., 2022) 
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11: t_i ← f_text(c_i) Text 

embedding 

12: v̂_i ← Normalize(v_i) 

13: t̂_i ← Normalize(t_i) 

14: End For 

15:---------------- Dual-Pathway Representation --- 

----------- 

16: For each image Ii ∈ I do 

17: h_i ← α·v̂_i + (1−α)·t̂_i Hybrid 

representation 

18: End For 

19:--------------------- FAISS Indexing ----------------- 

---------- 

20: index ← Init_FAISS() 

21: index.add(h_i for all i) Build vector 

index 

22:------------------- Query Processing ---------------- 

------------ 

23: q ← f_CLIP_text(Q) Encode query 

24: q̂ ← Normalize(q) 

25:---------------- Similarity Search & Ranking ------ 

----------- 

26: scores, R ← index.search(q̂, k) Top-k 

retrieval 

27: R ← SortDescending(scores) Rank 

by cosine similarity 

28: Return R 
 

 

1.9.5. Evaluation Methodology 

 

Evaluation looks at numbers and other things. 

Queries were divided into attribute, relationship, 

and activity categories. 

1.9.6. Quantitative Metrics 

 

(1) Mean Cosine Similarity 

 
Measures the average semantic alignment of the 

top-6 retrieved images: 

 

 

(14) 

 
(2) Precision@6 

Fraction of top-6 relevant results: 

 

 
(15) 

 
(3) Recall@6 

 
Fraction of all relevant images retrieved in top-6: 

 

 
(16) 

 
(4) F1-Score@6 

 
Balanced measure of accuracy and completeness: 

 

 
(17) 
1.9.7. Qualitative Evaluation 

Qualitative analysis examined: 

Top-6 semantic relevance (manual annotation) 

Error taxonomy: 

 false positives 

 false negatives 

partial matches 

Robustness to lighting, pose, and background 

variation 

Further, the similar reliability for complex multi- 

attribute inquiries 

The purpose of this layer is to evaluate abstract 

queries that are not based on numeric ones. 

Ethical and Validity Controls 

Privacy-by-design: all processing performed 

locally 

Bias mitigation: cross-checking results for 

demographic sensitivity 
 

 Reproducibility: fixed random seeds, version- 

controlled environment
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  

 External validity: tested across diverse 

subcategories of personal photos
 

1.9.8. Quantitative Evaluation 

In this section, we evaluate our semantic search 

system, enhanced with artificial intelligence, for 

retrieving images from the collection. We take a 

look at how systems perform on quantitative 

metrics and qualitative user experience. We 

highlight system capacity and limits across 

queries. The quantitative evaluation 

demonstrates the effectiveness of our hybrid 

multimodal architecture across diverse personal 

photo queries. Table 1 and Figure 3 present 

comprehensive performance metrics for 10 

representative queries, demonstrating the 

system’s ability to handle diverse semantic 

search scenarios. 

Table 1: Quantitative Performance Metrics for 

Representative Query Types 

 

I am with 

two people 

only 

0.2 

78 

 
1.0 

 
0.015 

 
0.029 

 
403 

Study time 
0.2 

54 
0.0 0.0 0.0 0 

I am with 

more than 

three 

people 

 
0.2 

77 

 
0.83 

3 

 
0.012 

 
0.024 

 
403 

I am with 

the Kids 

0.2 

82 

0.83 

3 
0.012 0.025 401 

I am in 

white 

clothes 

0.2 

82 

 
1.0 

 
0.015 

 
0.029 

 
401 

 

 

 
 

Figure 3. Evaluation Metrics Heatmap Per Prompt 

The  results  demonstrate  that  the  proposed 

hybrid architecture successfully achieves its 

primary objective: enabling photo retrieval from 

a personal collection using natural language 

prompts. Even though recall values remain 

relatively low across most queries, the 

consistently high precision shows that when the 

system gives results, they are almost always 

relevant to the user’s intent. This confirms the 

feasibility of retrieving meaningful or required 

images directly through descriptive queries, 

which is the central contribution of this research. 

 
Query 

Me 

an 

Sc 

ore 

Prec 

ision 

@6 

 
Recal 

l@6 

F1_Sc 

ore@ 

6 

Rel 

eva 

nce 

Wearing 

Tie 

0.2 

74 

0.83 

3 
0.051 0.096 98 

In an 

orange- 

coloured 

Shirt 

sitting on a 

Tree 

 

 
0.2 

62 

 
 
 

1.0 

 
 
 

0.016 

 
 
 

0.032 

 
 
 

372 

Winning 

Moments 

0.2 

58 
0.0 0.0 0.0 0 

Wearing 

Glasses 

0.2 

71 
1.0 0.052 0.099 115 

Celebratin 

g 

Moments 

0.2 

81 

 
0.0 

 
0.0 

 
0.0 

 
0 
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For queries based on clear visual attributes, such 

as “Wearing Tie”, “Wearing Glasses”, and “I am in 

white clothes”, the system produced accurate and 

valuable results, with precision values ranging 

from 0.833 to 1.0. These results indicate that the 

system reliably identifies and returns accurate 

photos. In fact, this means that a user searching 

for specific images in their collection is getting 

the required pictures with correct results, with 

minimal irrelevant output. 

Although recall values were low from 0.012 to 

0.015, particularly for relational prompts like “I 

am with two people only” or “I am with kids”, the 

system still retrieved at least some relevant 

examples for these cases because these queries 

are achieving relatively high precision from 0.833 

to 1.0. This shows that the framework can 

understand and respond to more complex details, 

even if it does not capture the complete set of 

possible outcomes. From the user’s perspective, 

this remains valuable, as it ensures that prompts 

involving social contexts yield meaningful 

outputs. 

In contrast, prompts related to activities and 

events, such as “Winning Moments,” “Celebrating 

Moments,” and “Study time,” did not score highly 

in the quantitative evaluation. Yet, they still 

returned meaningful images in practice. For 

instance, queries about winning or celebrating 

often brought up photos of people holding a cup 

or trophy (See Figure 8), while the study time 

prompt frequently surfaced images (See Figure 

9) with books either in hand or somewhere in the 

scene. This shows that even if the system 

struggles to capture the whole abstract idea 

behind these events. The system can still pick up 

on visual hints that act as substitutes for the 

intended meaning. This partial success is 

encouraging, as it shows the framework is not 

limited to simple attribute recognition but is 

beginning to move toward higher-level, more 

contextual interpretations. With further 

refinements, such as incorporating metadata like 

timestamps, applying scene classification, or fine- 

tuning on rich datasets, the system could become 

much more effective at consistently retrieving 

event-focused content. 

To further strengthen the evaluation, we have 

used 50 diverse natural language queries that 

included attributes, relationships, and activities. 

The precise boxplot for 50 queries is shown in 

Figure 4. It summarises the distribution of 

evaluation metrics for all queries. 
 

 
Figure 4. Illustrates the allocation of the 

performance metrics to the 50 queries. The 

results show great precision but limited recall. 

Performing retrievals is selective. 

The results show that the mean similarity scores 

remain consistent at 0.25-0.28, indicating stable 

feature matching across all query types. 

Precision values are generally high, with many 

queries achieving near-perfect retrieval 

accuracy, confirming that when the system 

returns results, they are usually relevant/helpful. 

But, recall and F1 scores remain low, highlighting 

the system’s limitation in capturing the full range 

of relevant images. This pattern is evident in 

event-based queries, where the framework often 

relies on strong visual cues (e.g., trophies for 

winning, books for studying) rather than fully 

understanding the event’s abstract semantics. 

The system does not perform equally well for all 

types of queries, but it still achieves its main goal: 

allowing people to find personal photos using 
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natural language. Queries about clear visual 

attributes work best; relational queries yield 

results that are still useful, and event-based 

prompts show early signs of understanding 

context. Overall, this confirms the practical value 

of the hybrid model using CLIP, BLIP and FAISS 

approach, while also highlighting areas for 

improvement. Future work, such as adding 

metadata, using scene classification, or fine- 

tuning datasets rich in activities and events, 

could make the system even better at handling 

more complex, abstract searches. 

1.9.9. Qualitative Evaluation 

A qualitative evaluation of specific queries 

further illustrates the system’s strengths. For 

example, the “Wearing Tie” query demonstrates 

the system’s ability to recognise formal attire. As 

illustrated in Figure 5, the system successfully 

retrieved images featuring neckties across 

diverse environmental contexts, including 

outdoor settings (trees, buildings) and indoor 

environments (tables, offices). The consistent 

similarity scores (0.24-0.29) demonstrate robust 

feature extraction despite significant background 

variations. 
 

Figure 5. Top retrieval results for” Wearing 

Tie” query demonstrating robustness to 

background variations (Precision@6: 0.833). 

The high precision@6 score (0.833) indicates 

robust distinction between tie-wearing and non- 

tie images, with only one result being a false 

positive in the top 6. Notably, this system was not 

susceptible to position variance (standing vs. 

sitting) or environmental clutter, indicating that 

the CLIP visual encoder can capture the relevant 

areas of clothing without off-task side distractors. 

That complex Multi-Attribute Query Processing 

can be performed. 

The query “In Orange color Shirt sitting on a 

Tree” characterises a complex multi-attribute 

search case that involves recognising colour, the 

type of clothing, and the environment. Figure 6 

shows how the system can help integrate various 

semantic dimensions. 
 

 
Figure 6. Retrieval results for complex multi- 

attribute query ”In Orange colour Shirt sitting on 

Tree” (Pre- cision@6: 1.000). 

Manual assessment showed that the system 

successfully integrated colour, clothing 

recognition,   and   environmental   context 

http://www.jictra.com.pk/index.php/jictra


Journal of Information Communication Technologies and Robotic Applications 

http://www.jictra.com.pk/index.php/jictra, pISSN: 2523-5729, eISSN: 2523-5739 
49 JICTRA 2025 

 

recognition, and 3/4 of the top results matched 

the query description perfectly. At the same time, 

the 4th image had a tree-based context but lacked 

the orange colour specification. This relevance 

rate of 80% (precision@4 = 0.80) indicates a 

high level of expression in the compositional 

semantics of the system, resulting from the joint 

caption-embeddings architecture. The ideal 

precision@4 suggests that the sixth image 

retrieved during the retrieval process met the 

query requirement, demonstrating the 

superiority of a dual-pathway processing 

strategy. 

The Query “I am with Kids” demonstrates the 

system’s high level of comprehension of familial 

and social relations. The system successfully 

identified the variety of adult-child interactions, 

as shown in Figure 7. 
 

 
Figure 7. Results for” I am with Kids” query 

demonstrating sophisticated relationship 

recognition across diverse contexts 

(Precision@6: 0.833). 

 

The system achieved a precision@6 of 

83.3%, correctly recognising 6 out of 6 results as 

representing meaningful adult-child interactions. 

Such high performance can be explained by the 

following main strengths: good contextual 

knowledge, with proper identification of various 

contexts like classroom, playgrounds, and home 

settings; ability to pick up the diversity in 

interactions such as teaching, play, and 

caregiving, and age discrimination, which 

provides clear differentiation of children and 

adults belonging to various ages. In addition, 

there was a very high clustering of the similarity 

scores between 0.28 and 0.29, showing robust 

feature representation. 

The Winning Moments question shows how 

the system responds to higher-level activity and 

event-based questions. People celebrating are 

always shown in the images of trophy and/or 

medal holders (figure 8). Many other things were 

strongly indicative of ‘to win’ as well. This 

includes visual markers, trophies, medals, group 

poses, and more. These have a similarity score of 

0.25-0.26, indicating stable cross-recognition. 
 

Figure 8. “Winning Moments” is a top result for the 

query, aligning closely with trophies and medals as 

visual symbols of success. 

 

Still, this result is not very satisfactory for this 

query. The numerical results showed a low recall 

and F1 value. On the other hand, a qualitative 

inspection suggests that the system is likely 

associating the prompt with the presence of 
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visible trophies and medals. The model may not 

generalise winning as an event perfectly, but it 

does lock onto some concrete, specific, symbolic 

objects which we usually regard as winning. 

 
Analysis of the “Study Time” Question. The 

query “Study Time” shows that the system 

understands activity-focused questions as it 

focuses on strong indicators. According to Figure 

9, most of the retrieved images show books, 

notebooks, or other study materials on a table or 

on an individual. The results’ similarity scores 

ranged from 0.25 to 0.28 in some cases, 

indicating consistency with the study context. 

 

 
Figure 9. “Study Time,” another top retrieval query 

result, showing high alignment with books and study 

materials as visual markers of the activity. 

 

Even though the quantitative assessment showed 

low recall for this query, qualitative inspection 

indicates that the system is still capable of 

capturing the gist of the activity. The use of visual 

indicators, such as books and writing materials, 

provides evidence of this. These signify strongly 

for the broader conception of ‘studying’; even 

when the whole abstract meaning of which is not 

represented completely. 

In general, the qualitative results reaffirmed 

what we saw in the numbers. This system works 

best when the query relates to specific brand 

attributes, such as clothes or colours. The system 

can produce beneficial results when the query 

involves relations such as ‘is with’ or ‘kids’. When 

the prompts are related to activities or events, 

the system is not perfect yet. However, it has 

shown promise in correctly interpreting details 

such as trophies or books. This means that users 

can successfully find their personal photos using 

natural language, even in more abstract or 

complex queries. 
 

 
This paper presented a hybrid multimodal 

architecture integrating CLIP, BLIP, and FAISS into a 

privacy-preserving semantic search system for 

personal photographs. The use of a dual-pathway 

approach, with processing that includes both direct 

visual semantic alignment and text-mediated 

understanding, demonstrated good performance on 

concrete attribute-based and relationship-based 

queries, with complete or near-complete precision in 

most cases, even with plausible distractors. However, 

with event-based queries, we began to see limitations 

in abstract semantic reasoning, although cosine 

similarity scores were highly consistent across all 

query types, suggesting solid embedding quality and 

stable retrieval capabilities. 

The proposed design works entirely on-device, 

with no reliance on cloud-based infrastructure, 

supporting both user privacy and processing 

efficiency. The research also developed a new 

evaluation framework comprising quantitative 

similarity and precision values, as well as qualitative 

analyses of errors, to capture the system’s utilisation 

in real-world retrieval tasks and to help establish a 

benchmark for assessing personal photo search. We 

further narrowed the semantic gap between human 

memory recall and automated retrieval by enabling 

natural language interaction with personal digital 

archives. Future work will include: developing event- 
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level semantic understanding, detecting and 

characterising bias in the vision–language model, 

and optimising the dual-pathway multimodal pipelines 

for deployment on resource-constrained devices. By 

combining efficiency, accuracy, and privacy, the 

current study contributes to the practical viability of 

an efficient photo search system. It sets expectations 

for a human-centred multimodal retrieval system. 
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