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Abstract
We propose an approach for personalised and contextualised image captioning. As pre-trained vision-
language systems fail to capture details about the user’s intent, occasion, and other information related to
the image, we envision a system that addresses these limitations. This approach has two key components
for which we need to find suitable practical implementations: multimodal RAG and automatic prompt
engineering. We outline our idea and review different possibilities to address these tasks.
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1. Introduction

Image captioning has seen immense progress in the last few years. However, general-purpose
systems often fail to provide personalised, context-aware captions tailored to individual users.
In this work, we investigate the task of personalised and contextualised image captioning by
leveraging foundational models, including large language models (LLMs) and large multimodal
models (LMMs). Our proposed framework integrates a multimodal retrieval-augmented gen-
eration (mRAG) system and an automatic prompt engineering component to incorporate user
feedback and enhance personalisation. The system follows a two-stage pipeline: (1) base image
captioning for vision understanding, and (2) retrieval-enhanced contextualisation, where rele-
vant multimodal knowledge—spanning user history, domain-specific corpora (e.g., journalism
archives, Wikipedia), and real-time feedback —is dynamically retrieved and integrated into the
caption generation process.

We aim to answer the following research questions: RQ1: How do multimodal retrieval
systems and stage-wise context integration impact contextualised image captions’ accuracy,
relevance, and personalisation? RQ2: How does fine-tuning foundation models or employing
automated prompt engineering enhance the contextualisation and personalisation of image
captions, and how do these two approaches compare in terms of performance and adaptability?
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RQ3: How effectively do standardised metrics capture the quality and relevance of contextu-
alised and personalised captions compared to user feedback in iterative evaluation processes?

2. Approach

Our interactive learning approach for image captioning aims to improve a model based on user
feedback, focusing on feedback and context integration rather than developing a new model
architecture for image captioning.

Baseline: off-the-shelf foundation models We follow the two-stage method described in
Anagnostopoulou et al. [1] as our baseline, which leverages a conventional image captioning
component for the extraction of visual information from the image in the form of a base caption,
and an LLM, which can generate a contextualised caption using the base caption and the context
information provided. We plan to use BLIP-2 [2], OFA [3], and mPLUG [4] as image captioning
models and a combination contextualising LLMs, both proprietary, such as GPT-4o [5, 6], and
open-source, such as llama3 [7]. To alleviate the information bottleneck in our two-stage
pipeline, we employ dense captioning, generating captions for detected objects using the
fasterrcnn_resnet50_fpn_v2 detection model from PyTorch [8]. We additionally plan to
fine-tune llama3 for the tasks of context extraction and contextualised caption generation.

Multimodal RAG A multimodal retrieval augmented generation (mRAG) [9, 10, 11] system
searches for relevant data. The goal is to extract additional context or information that enhances
the caption by making it more personalized or contextually accurate. In the case of user-
specific data, past captions, user preferences, and feedback to the caption generation process are
considered. We leverage multi-agentic [12] approaches to employ task-specific REasoning and
ACTing (REACT) [13] agents to enhance information retrieval. In the case of domain-specific
context, relevant knowledge from sources such as journalism archives or Wikipedia articles can
be retrieved.

Automatic prompt engineering We are additionally implementing a version of automatic
prompt engineering based on APE [14] to enhance the performance of the LLMs, including (1)
instruction induction given initial input-desired output pairs, (2) instruction summarization
and paraphrasing for the diversification of prompts, (3) instruction refinement, and (4) storing
of high-scoring candidates for future use by the specific user. We compare the performance
improvement of our automatic prompt engineering method to that of fine-tuned models.

Evaluation To evaluate the contribution of each component separately, we add components
for each experimental setting. (1) Baseline: off-the-shelf models; (2) CIC-only: Addition of dense
captioning; (3a) Addition of mRAG; and (3b) Addition of automatic prompt engineering. We
plan to evaluate our pipeline on contextualised image captioning datasets such as GoodNews
[15] and WiT [16], with automated metrics such as BLEU [17], ROUGE [18], METEOR [19],
and BertSCORE [20]. In addition, we plan a comprehensive user study assessing contextual
relevance, personalisation accuracy, and iterative improvements.
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