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Abstract

Multimodal models, namely vision-language models, present
unique possibilities through the seamless integration of dif-
ferent information mediums for data generation. These mod-
els mostly act as a black-box, making them lack transparency
and explicability. Reliable results require accountable and
trustworthy Artificial Intelligence (AI), namely when in use
for critical tasks, such as the automatic generation of medical
imaging reports for healthcare diagnosis. By exploring stress-
testing techniques, multimodal generative models can be-
come more transparent by disclosing their shortcomings, fur-
ther supporting their responsible usage in the medical field.

Introduction
The recent research boom on Large Language Models
(LLM) and generative AI has made it simple to streamline
data generation. By using millions of parameters, these mod-
els can effectively achieve impressive performance across a
variety of benchmark tasks (Wei et al. 2022).

Context
While generation capabilities are commonly associated with
LLM, other generative models have been developed lever-
aging several mediums of information. Notably, image-text
multimodal models showcase sizeable strides in develop-
ment, using LLMs’ excelling abilities for generation based
on visual information.

The excellent encoding capabilities these models present
make them specially useful for tasks that involve both types
of data – image and text. Their application in medical image
report generation has been explored (Shamshad et al. 2023),
as these methodologies can aid in radiology exam diagnosis,
making it a faster process and less prone to human error.

Although promising, such large neural models have their
pitfalls: requiring too much data and computing resources
during training, replicating biased or wrong information dur-
ing generation, hallucinations, lack of reasoning capabili-
ties, and others (Wei et al. 2022; Ji et al. 2023). From their
training data to their black-box architectures, there are a
multitude of characteristics that undermine the transparency
and reliability of generative AI models.
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Motivation
In tasks such as the generation of medical imaging reports,
having transparent and explainable AI is imperative. The
lack of trustworthiness in AI is detrimental to its own usage,
as an incorrectly generated report could translate into serious
consequences to patients’ health. It is essential to understand
the model’s interpretation of a medical image and reasoning
behind a diagnostic.

Fostering the ethical development and use of AI models
is a vital step for attaining trustworthy AI. Unveiling details
on a model’s training process is essential for its informed
usage. Even though responsible AI is a pressing issue and
various AI regulations (Siau and Wang 2020) have been cre-
ated, there is a lack of practical approaches for guaranteeing
responsible AI development.

Stress-testing is a common process for software develop-
ment aimed at understanding the shortcomings of software
programs by studying their behavior under different scenar-
ios. While it is not a standard procedure to stress-test AI
models, due to their complex inner-workings which difficult
interpretability, it could be the answer towards identifying
some limitations of these technologies (Naik et al. 2018),
namely within the task of medical image report generation.

Hypothesis and Research Questions
This thesis’ hypothesis is as follows: It is possible to en-
hance the responsible usage of generative multimodal mod-
els for medical image report generation by extensively iden-
tifying their shortcomings through stress-testing.

Furthermore, the research problem is formulated within
four research questions:

• RQ1: Which types of limitations should be looked for in
image-text multimodal models, taking into account the
need for explainable AI?

• RQ2: What stress-testing approaches are best-fit for mul-
timodal models?

• RQ3: Which are the limitations of image-text multi-
modal models, both generally and in the task of medical
imaging report generation?

• RQ4: How much can identifying limitations enhance the
explainability and responsible use of multimodal mod-
els?
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Task Name Start Date End Date
Initial Literature Review Jan 2024 Sep 2024

Multimodal Dataset Select. July 2024 Oct 2024
Multimodal Models Select. Sep 2024 Nov 2024
Stress-testing Methods Def. Oct 2024 Jan 2025

Research Pipeline Preparation Nov 2024 Feb 2025
Multimodal Models Training Jan 2025 Jan 2026

Stress-testing Models Mar 2025 Mar 2026
Result Gathering & Discuss. Jan 2026 Sep 2026

Final Document Writing Jun 2026 Mar 2027

Table 1: Planed research timeline.

Related Work
Several Vision-Language Models (VLM) have been pro-
posed for medical applications (Shamshad et al. 2023).
Leveraging an encoder-decoder structure and the Trans-
fomer architecture, methodologies such as AlignTrans-
former (You et al. 2021), MMTN (Cao et al. 2023), and
RGRG (Tanida et al. 2023) are highlighted for their perfor-
mance on medical image report generation.

Many authors have discussed the issue of AI explainabil-
ity in healthcare (Morley et al. 2020), further classifying it
into different ethical issues. Some practical methods have
been proposed within the Explainable AI field to address
said issues and provide more clarity into AI decision-making
in the medical field (Yang et al. 2023). However, most incur
in a prediction vs. explainability trade-off and fail to pin-
point the general limitations of the models.

Planned Timeline
As this work started in January 2024, with a planning phase
which lasted until March 2024, a timeline was prepared fur-
ther dividing the main tasks and assessing a time frame for
each activity, as shown in Table 1.

It is worth noting that the planned work is to be carried out
by me under the supervision of Professors Henrique Lopes
Cardoso and Vı́tor Cerqueira.

Until September 30th 2024, a thorough literature review
has been conducted. The dataset and model selection is un-
derway. Some initial difficulties concerning the proposal of
stress-testing methodologies were felt, due to the multitude
of limitations which can be studied, which we are defining
as part of RQ1 to better focus our research efforts.

As of February 25th 2025, we plan to have a deeper un-
derstanding of the selected methodologies and devise stress-
testing procedures accordingly. Given that the stress-testing
methodologies definition is a crucial step of this work, we
believe the AAAI’25 Doctoral Symposium comes at a vital
moment in the planned work timeline, as it will allow for
discussion of our proposed stress-testing strategies.
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