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Abstract  
The paper discusses the approach followed by team CVG-IBA for the task on NewsImage of MediaEval 2025.  

The shared tasks require to get images for a given news article title through retrieval and generation of images. 

For retrieval task we proposed two separate methods for small and large subset of data known as SEEK and 

TRACE, respectively.  The main emphasis on retrieval task is on relating textual patterns into image content.  

The proposed methods for image generation are Virtual Environment for Visual Deep Learning (Vivid) and 

PromptForge for small and large subset, respectively. The main idea here is to generate realistic images by 

using unambiguous prompting. Overall, the average score from results suggested that the image generation 

methods have outperformed the retrieval methods in both the small and large datasets. Best rating of 3.401 

was achieved by VIVID exploits the uses illustrations and non-photorealistic image generation. The tasks are 

evaluated using the Mean Reciprocal Rank (MRR) and Precision@K metrics. 

1 INTRODUCTION 

The NewsImages task in MediaEval 2025 asks participants to create images that fit news articles while avoiding misleading 

realism [1].  

This NewsImages challenge 2025, is all about pairing news articles with the relevant images doing both retrieval and 

Generation of images. Online news articles recently more of multimodal to convey the very essences of the news to the reader. 

A wide spectrum of news domains poses many challenges for pairing up both text and image contents in such a way to serve 

the best purpose of the news. Previous research has shown that people prefer AI-generated and retrieved images over editorial 

selection [2], highlighting the importance of automated approaches in news image selection. To identify integral latent 

connection between the multimodal content is the central idea of this year’s competition, both the retrieval and generation 

subtasks investigate how a combination of image and text features impact the future online journalism and personalized news 

content delivery to the users.  Our team CVG-IBA participated in both shared tasks. For the retrieval approach, we utilized 

SEEK and TRACE, leveraging the CLIP model [3] to fine-tune image-text alignment for news articles. FAISS (Facebook AI 

Similarity Search) indexing was employed for efficient image retrieval, enabling quick access to the most relevant images 

based on article descriptions. On the other hand, for the image generation task, we first used KeyBERT to extract phrases from 

the article data and based on the frequency and relevance we selected keywords and used a mix of extracted phrases and article 

title to generate positive prompt for the image generation model. Later we passed the prompts to the custom trained SDXL 

model for image generation at native resolution. This way we combined the power of contextual prompts with image generation 

to generate high quality images.  

2 APPROACHES 

2.1 Retrieval 

This section describes the methodology employed in the development of a news image retrieval system, utilizing a fine-tuned 

CLIP (Contrastive Language-Image Pretraining) model and FAISS for efficient image retrieval. The system aims to match 

news article descriptions with relevant images by leveraging the multimodal capabilities of CLIP [4]. 

 

Fine-Tuning the CLIP Model: To optimize the CLIP model for news image retrieval, the model is fine-tuned on the 

dataset of news article-image pairs. The training objective is to align image and text representations in a shared feature space, 

using a contrastive loss function. The CLIP model is trained using the AdamW optimizer, with a learning rate of 5e-5. The 

model undergoes training for 3 epochs, with contrastive loss computed for each batch. The model's weights are saved after 

each epoch. 

Image Embedding and FAISS Index Construction: Following fine-tuning, the next step is to generate image 

embeddings. These embeddings are calculated by feeding each image through the CLIP model, which outputs a feature vector 
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representing the image in the shared embedding space. The embeddings are then normalized to unit length to facilitate cosine 

similarity-based retrieval. 

The FAISS library is utilized to index the image embeddings, allowing for fast nearest-neighbour searches [5]. The 

indexing process proceeds as follows: 

1. Embedding Computation: Each image is passed through the fine-tuned CLIP model to generate its embedding. 

2. Indexing: The embeddings are indexed using a FAISS HNSW (Hierarchical Navigable Small World) index, chosen 

for its efficient memory usage and fast retrieval capabilities. 

3. Index Storage: The FAISS index, along with the image IDs, is saved to disk for later retrieval. 

 

Image Retrieval: The image retrieval process involves generating embeddings for a given query and searching for the 

most similar images in the FAISS index. The process can be triggered either by a custom text query or by providing an 

article ID. The retrieval process is as follows: 

1. Text Query Embedding: The input query, which consists of the article title and tags, is tokenized and passed 

through the fine-tuned CLIP model to produce a text embedding. 

2. Similarity Search: The text embedding is then used to query the FAISS index. The top-k most similar images are 

retrieved based on their cosine similarity to the text embedding. 

3. Result Retrieval: The retrieved image IDs are mapped to their corresponding images, which are then returned as 

the output. Each result includes the image ID and a similarity score, indicating how closely the image matches the 

query. 

The above methodology TRACE is used to retrieve images for the large dataset shared. Whereas, for the retrieval of 

subset of data (30 images), SEEK was implemented which used pretrained CLIP model for retrieval of images based on the 

article title. The code is available at GitHub repository [6]. 

2.2 Generation 

News thumbnails must capture article semantics without asserting ethical concerns for photo-realistic images; thus, we aim 

for digital art, illustration, painting, cartoon, and sketches. The approach combines: 

Prompt generation: Extract article-level keywords and short phrases (KeyBERT + engineered prompt templates) from 

the supplied links of the news articles, where the links are invalid the title phrase used instead. 

Image generation: Use ComfyUI and a text-to-image stable-diffusion style checkpoint to synthesize images from the 

generated prompts, the seeds are randomized and native resolution of 1384×784 is used for image generation. This ensures 

attention to details and high frequency details are embedded into the generated image. This specific resolution is used to ensure 

the native divide by 8 rule and provide a scaling factor of ~3 to the final image. The step size of 20 was used to provide realistic 

steps for image generation with CLIP text encoder with 77 tokens and Euler sampler. Finally, VAE decoder was used to 

convert images from latent space to image space 

Post-processing & packaging: The higher resolution image is then center-cropped and rescaled to the required 460×260 

image. Finally for reproducibility the seed information is saved as a CSV file. 

The method Vivid is the version of PromptForge where the prompts comprise only the titles of the articles. The code is 

made available at the GitHub repository [7] 

3 RESULTS AND DISCUSSION 

The retrieved/generated images were evaluated during an online evaluation event where all the participating teams ranked the 

images using a Likert scale 1-5 (where 1 being the lowest value which is marked as “Very Poor Fit” and 5 being the highest 

value which is marked as “Very Good Fit”. The results are based on the average rating received for a sample of 50 articles out 

of 8,500 (selected by the organizers) during the online evaluation event. Some of the images were selected from the released 

subset of 30 articles. Thus, the dataset is further labelled as small (30 sample articles selected from the full databank of 8,500) 

and large dataset (full dataset of 8,500 news articles). Table 1 summarizes the achieved results based on the evaluation dataset 

of 50 prompts and we have observed that the generated images received slightly higher score than the retrieved images. 

Table 1: Comparison of results with baseline 

Dataset Method Average Score 

Small 

Baseline 3.041 

SEEK 3.074 

TRACE 3.080 

PromptForge 3.233 

VIVID 3.401 

Large 

Baseline 2.956 

TRACE 3.114 

PromptForge 3.194 
 



VIVID achieved a score of 3.40 for the small dataset while PromptForge achieved an average result of 3.19, this was 

mainly because of: a) quality of images and attention of details that the generated images carry and b) the power of text-to-

image generators which generated the image in an iterative manner in accordance with the prompt. Retrieval task is limited to 

the training dataset and its labelling, thus for every prompt there can only be a single and this cannot be modified to generate 

a new image. However, the generated images target the text and generate images accordingly. Furthermore, we have also 

noticed that retrieval task is not sensitive to the ethical aspects of the challenge, i.e., non-photorealistic images were the main 

target of this challenge while the retrieval tasks use pre-trained models which heavily rely on the realistic images, thereby 

generating realistic images which are not suitable for use in news articles. 

 

Figure 1: Comparison of retrieved/generated images with the reference image for article id: 7304. 

Figure 1 shows a sample image with title and reference image on top and the retrieved and generated images at the bottom. 

Full image submissions are made available at the GitHub repositories [6, 7]. 

4 CONCLUSION 

This paper outlines our approach for the MediaEval 2025 NewsImages task, where we participated in generating and retrieving 

images for news articles. For image retrieval, we employed SEEK and TRACE, utilizing the CLIP model and FAISS indexing 

for efficient image matching. In the image generation task, we implemented VIVID and PromptForge, which use Stable 

Diffusion to create non-photorealistic images. Our results indicate that the generative methods, particularly VIVID, delivered 

the highest scores, showcasing their ability to produce contextually accurate and ethically appropriate images. These findings 



highlight the effectiveness of generative models in producing visually compelling thumbnails while adhering to task 

constraints 
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