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Abstract

We present MIRA (Multimodal Interventional RAdiology
evaluation), a comprehensive benchmark for evaluating large
multimodal models in expert-level interventional radiology
tasks requiring specialized domain knowledge and advanced
visual reasoning capabilities. Unlike existing medical bench-
marks that primarily provide binary labels without contex-
tual depth, MIRA offers diverse question formats, includ-
ing open-ended, closed-ended, single-choice, and multiple-
choice categories, each accompanied by detailed expert-
validated explanations. The benchmark incorporates approx-
imately 184K high-quality medical images spanning multi-
ple imaging modalities with 1.2M meticulously generated
question-answer pairs across various anatomical regions.
These pairs were created through a sophisticated cascade
methodology involving expert interventional radiologists at
both the data collection and validation stages. Our compre-
hensive evaluation, encompassing zero-shot testing and fine-
tuning experiments of large multimodal models, revealing
significant performance gaps between AI systems and human
specialists. Fine-tuning experiments demonstrate substantial
improvements, with models achieving up to 0.80 accuracy
on single-choice questions. MIRA establishes a challenging
benchmark that suggests promising directions for developing
specialized clinical AI systems for interventional radiology.

Code — https://github.com/pompom6/MIRA

Introduction
Interventional Radiology (IR) is an advanced medical dis-
cipline that utilizes image-guided, minimally invasive tech-
niques for both diagnostic and therapeutic interventions
(Kaufman and Lee 2013; Bundy et al. 2019). The adop-
tion of IR procedures has expanded rapidly across mod-
ern healthcare systems (Guan et al. 2025; Cleary and Peters
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Figure 1: An overview of MIRA. The dataset encompasses
reasoning text with QA pairs, spanning multiple anatomical
regions and imaging modalities. Modern LMMs exhibit a
substantial performance gap compared to human experts.

2010), driven by their efficacy, and reduced recovery times.
Practitioners in this domain are required to analyze a wide
array of imaging modalities, including ultrasonography, flu-
oroscopy, Computed Tomography (CT), and Magnetic Res-
onance Imaging (MRI), in conjunction with rich textual clin-
ical documentation to formulate accurate diagnoses and op-
timize treatment strategies (Ji et al. 2021; El-Fakdi et al.
2014). This inherently multimodal nature of IR introduces
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significant complexity to clinical decision-making (El-Fakdi
et al. 2014), necessitating systems capable of understanding
across modalities.

Recent advances in Artificial Intelligence (AI), particu-
larly in deep learning, have shown significant promise in
enhancing IR workflows (Glielmo et al. 2024). Successful
applications include automated vessel segmentation (Yan,
Yang, and Cheng 2018), real-time navigation support (May-
body, Stevenson, and Solomon 2013), and computer-assisted
procedure planning (Sardar et al. 2019). However, the ma-
jority of existing approaches rely on narrowly defined tasks
and structured datasets (Aliferis and Simon 2024; Alowais
et al. 2023), limiting their scalability and generalizability in
complex, real-world IR environments where multimodal in-
tegration and domain expertise are crucial.

The increasing clinical impact of IR underscores the ur-
gent need for rigorous evaluation of Large Language Models
(LLMs) and Large Multimodal Models (LMMs) before their
deployment in healthcare applications (Hager et al. 2024; Li
et al. 2024; Workum et al. 2025). While recent studies have
demonstrated the potential of LMMs in various medical
imaging tasks (Tian et al. 2023; Zhou et al. 2023), challenges
persist due to the procedural complexity, context-dependent
reasoning requirements, and the scarcity of high-quality, ex-
pertly annotated datasets (Nazi and Peng 2024; Luo et al.
2024). Although Visual Question Answering (VQA) in med-
ical field has emerged as a promising paradigm for evaluat-
ing the reasoning and interpretability of AI systems in clin-
ical contexts (Sun et al. 2024; Liu et al. 2024a; Yue et al.
2024), existing benchmarks suffer from several limitations:
they often lack procedural depth, fail to incorporate multi-
modal reasoning across imaging and text, and are rarely cu-
rated or validated by clinical experts—limitations that are
particularly critical in the context of IR, where decision-
making is highly specialized and risk-sensitive.

To address these gaps, we introduce MIRA, the first com-
prehensive benchmark explicitly tailored to the domain of
interventional radiology. Key contributions are:

• We present a high-quality dataset with expert-annotated
clinical images paired with diverse questions and de-
tailed explanations, reflecting the multimodal reasoning
demands of real IR procedures.

• We introduce close collaboration with board-certified in-
terventional radiologists in both data curation and qual-
ity assurance phase, ensuring clinical validity and inter-
pretability throughout dataset.

• Extensive evaluations across multiple state-of-the-art
vision-language models, revealing significant perfor-
mance gaps between current AI systems and human ex-
perts in specialized IR tasks.

Related Works
Large Fundation Models
Large Foundation Models, particularly Large Language
Models (LLMs) and Large Multimodal Models (LMMs),
have significantly advanced the field of artificial intelligence
by demonstrating strong generalization capabilities across a

wide range of tasks (Devlin et al. 2019; Brown et al. 2020;
Achiam et al. 2023; Touvron et al. 2023). Transformer-based
architectures pre-trained on massive web-scale corpora have
enabled emergent abilities in language understanding, rea-
soning, and few-shot adaptation (Wei et al. 2022). Recent
efforts have extended these capabilities to the medical do-
main, where domain-specific LLMs such as BioGPT (Luo
et al. 2022) and Med-PaLM (Singhal et al. 2025) have been
trained on biomedical literature to improve factual accuracy
and clinical relevance.

On the vision-language front, LMMs such as Flamingo
(Alayrac et al. 2022), Gemini Pro Vision (Team et al. 2023),
LLaVA (Liu et al. 2023b), InstructBLIP (Dai et al. 2023)
and Qwen2.5-VL (Bai et al. 2025) have shown promise in
visual reasoning tasks by jointly encoding image and textual
inputs. In the medical domain, Med-Flamingo (Moor et al.
2023) and LLaVA-Med (Li et al. 2023) have adapted these
architectures to handle medical imaging modalities and clin-
ical language. However, their performance in procedure-
centric specialties such as Interventional Radiology remains
largely untested, partly due to the lack of domain-specific,
multimodal datasets with fine-grained clinical supervision.

VQA Benchmarks
Visual Question Answering (VQA) has become a standard
framework for evaluating the multimodal reasoning abili-
ties of AI models (Antol et al. 2015; Yin et al. 2023; Liu
et al. 2024c). In the biomedical domain, several benchmarks
have been proposed to assess the performance on special-
ized image modality, such as VQA-RAD (Lau et al. 2018)
for radiographs; PathVQA (He et al. 2020), PathMMU (Sun
et al. 2024) for pathology slides; and ScienceQA (Saikh
et al. 2022) for biomedical figures. More recently, general-
purpose medical benchmarks such as MedVQA (Karaca and
Aydin 2025) and MMMU (Yue et al. 2024) have emerged to
provide large-scale, open-ended QA datasets across multiple
specialties.

Despite these advances, existing benchmarks often suffer
from one or more of the following limitations: (i) relying on
static image-text pairs without reasoning or procedural con-
text; (ii) limited coverage of high-stakes, decision-critical
tasks; and (iii) lack of expert involvement in question for-
mulation or validation. These limitations make them subop-
timal for evaluating AI models in interventional radiology,
where multimodal reasoning is tightly coupled with domain-
specific anatomical knowledge and procedural workflow.

Our MIRA benchmark addresses these gaps by incor-
porating expert-generated, task-oriented questions grounded
in real clinical procedures, offering a rigorous platform for
evaluating AI models in specialized IR settings.

Construction of MIRA
MIRA represents the first comprehensive dataset for evalu-
ating vision-language models across clinical procedures in
IR. The framework builds on three principles: (1) Expert-
centered Data Retrieval through board-certified radiolo-
gists curating diverse imaging scenarios; (2) Reasoning-
focused Q&A Pair Generation using vision-language
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Features of MIRA
Total Images 184479
Total Questions 1161366
IR-specific Keywords 100
Matching Threshold 2
Question Types 4
Open-ended Questions 323483(27.9%)
Closed-ended Questions 330496(28.5%)
Single-choice Questions 325867(28.06%)
Multiple-choice Questions 181520(15.63%)
Images(Questions) for Training 178003(1120031)

for Validation 5039(33056)
for Test 1437(8279)

Table 1: Key features of MIRA dataset.

Term Category Freq.
artery Vascular Anatomy 2749
angiography Imaging Modality 1013
stent Pathological Descriptor 520
balloon Device 240
occlusion Pathological Descriptor 301
injection Procedural Terms 151

Table 2: Example IR-specific terms with semantic categories
and frequency.

models to create clinically meaningful questions with expla-
nations; and (3) Hybrid Quality Assurance Protocol com-
bining algorithmic verification with expert clinical review.

Expert-centered Data Retrieval
We construct our dataset by sourcing image-text pairs from
the PubMed Central Open Access Subset (Bethesda 2003),
ensuring compliance with CC-BY or CC0 licensing terms.
To enable high-recall identification of IR-related samples,
we design a multi-stage expert-in-the-loop term curation
pipeline. Two board-certified interventional radiologists in-
dependently annotated 9,551 image-text pairs to identify IR-
relevant content, forming the foundation for downstream
keyword mining.

We rank terms by frequency and manually select 100
high-precision domain-specific keywords as filtering an-
chors. These terms span five semantically meaningful cate-
gories — vascular anatomy, imaging modality, pathological
descriptor, device, and procedural terms — which align with
core clinical concepts in interventional radiology. Table 2
provides representative examples of curated terms across
categories, and additional examples are included in the ap-
pendix.

To ensure both domain relevance and semantic richness,
we classify a sample as IR-related if it contains at least
two distinct terms from the curated list. Figure 2 illustrates
the distribution of keyword diversity and usage across cate-
gories. Notably, vascular anatomy dominates in both term
count and frequency, underscoring its central role in IR-
related documentation. This structured categorization not
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Figure 2: Keyword and frequency distribution across five
semantic categories in expert-selected IR-related captions.
”Keyword counts” (left y-axis) represent the number of dis-
tinct terms identified per category, while ”Frequency counts”
(right y-axis) reflect the total occurrences of those terms in
the dataset.

only enhances coverage breadth but also provides a princi-
pled basis for semantic filtering in multimodal data collec-
tion.

Reasoning-focused Q&A Pair Generation
To generate high-quality question-answer pairs that incor-
porate explicit clinical reasoning, we develop a sophisti-
cated question-answer generation pipeline. The pipeline ad-
dresses a critical challenge in medical VQA datasets: the
need for questions that not only test factual knowledge
but also require structured reasoning about visual features,
anatomical relationships, and clinical implications. By lever-
aging state-of-the-art vision-language models, specifically
GPT4o(Achiam et al. 2023) and Qwen-VL-Max(Bai et al.
2023), our approach generates questions that demand com-
prehensive analysis of both visual and textual inputs, ensur-
ing the reasoning process is explicitly captured in the corre-
sponding answers. For each image-text sample, we instruct
the VLMs to generate a diverse set of questions, includ-
ing open-ended, closed-ended, single-choice and multiple-
choice QAs. Testing anatomical understanding, diagnostic
reasoning, procedural knowledge, and complex decision-
making. The prompting strategy, as demonstrated in Fig-
ure 3, is designed to generate responses that demonstrate not
just factual knowledge but also clinical reasoning processes,
incorporating visual features, anatomical relationships, and
procedural considerations in the generated content.

Hybrid Quality Assurance Protocol
Given the critical nature of clinical decision-making in in-
terventional radiology and the need for high-quality training
data, we implement a hybrid validation approach combining
expert judgment with advanced language models. Expert in-
terventional radiologists first curates 40 questions (10 per
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Expert-centered Data Retrieval Reasoning-focused Question-answer 
Pair Generation

Hybrid Quality Assurance Protocol

Expert Select
IR Related? 

Top-N 
Frequent Words

Automatic 
Filtering

Domain-specific 
Image-caption Pairs 

Yes

Task: As a expert interventional radiologist, analyze disease images and 
generate comprehensive VQA pairs. You are asked to generate questions 
across different formats and provide detailed answers with visual reasoning.
Required Question Types: …
Answer Requirements:
- Clinical reasoning
- Visual evidence localization
- Confidence assessment
- Supporting anatomical features …

Focus Areas:
- Imaging modality identification
- Vascular anatomy and pathology
- Clinical diagnosis and reasoning
- Treatment considerations
…

Captions
Question-Answer-

Reason pairs

IR image-caption Pairs

Prompts for Generation

Question-Answer-
Reason pairs Confidence 

Vote

Expert
Evaluation

Valid Questions? 
Yes No

Reasons of invalid
Not related to IR
Low-quality images 
Feature in questions 
invisible on image 

Selected 
Questions

Caption: Right renal angiogram
shows multiple punctate bleeding
vessels (arrow) in all regions of …

Caption: Appendicolith: Ultrasound
abdomen of the right lower quadrant
showing an appendicolith, which is …

Caption: Computed tomography
angiography of the aortic arch in the
anteroposterior projection. In this 3D …

Angiography Cardiac-MRI

Ultrasound 3D-CTA 

Caption: Two chamber view of the
heart on cardiac MRI during diastole
and systole. There is …

Figure 3: An illustration of 3 primary processes in MIRA dataset construction: (1) Expert-centered Data Retrieval for high-
quality image-text pair selection; (2) Reasoning-focused Question-answer Pair Generation encompassing multiple question
types; and (3) Hybrid Quality Assurance Protocol which combines expert radiologist assessment and large multimodal model
evaluation.

category) to establish gold standards that serves as demon-
stration prompts for vision-language models. We then em-
ploy GPT-4o (Achiam et al. 2023) and Qwen-VL-max (Bai
et al. 2023) to evaluate generated questions based on clin-
ical relevance, reasoning complexity, and linguistic clarity.
Questions receiving high scores from both models are sub-
mitted for expert verification. The evaluation questions are
demonstrated in Figure 3, human experts have to evaluate
the questions and images based on a combination of visual
clarity, diagnostic relevance, and caption informativeness,
the GUI developed for human expert evaluation is included
in appendix.

Comparisons with Existing Benchmarks
As illustrated in Figure 3 and detailed in Table 1, our MIRA
dataset establishes a substantial advancement over existing
medical VQA benchmarks across scale, domain specificity,
reasoning complexity, and expert involvement.

Early medical VQA datasets such as VQA-RAD (Lau
et al. 2018) and VQA-Med (Ben Abacha et al. 2019) of-
fered domain relevance and expert validation but remained
limited in both size and diversity of reasoning types. PMC-
VQA (Zhang et al. 2023), while significantly larger in scale,
lacks expert validation and includes minimal interventional

radiology (IR) content, making it less suitable for evaluat-
ing procedure-intensive reasoning. More recent efforts, such
as GEMeX (Liu et al. 2024a) and RG-CCT (Zhang et al.
2024), have introduced structured rationales and chain-of-
thought annotations, yet still lack comprehensive coverage
of IR-specific tasks.

In contrast, MIRA is the first large-scale benchmark
explicitly tailored for interventional radiology. It com-
prises 1.16 million question-answer pairs across 184,479
clinical images, covering a wide spectrum of procedural
and diagnostic reasoning. Specifically, the training set in-
cludes 1,120,031 Q&A pairs over 178,003 images, with
an additional 33,056 Q&As (5,039 images) for validation
and 8,279 Q&As (1,437 images) for testing. The dataset
features four distinct question types—including open-
ended, closed-ended, single-choice, and multiple-choice for-
mats—accompanied by expert-validated rationales that re-
flect real-world decision-making in IR practice.

Unlike prior datasets, MIRA uniquely integrates (i) large-
scale multimodal coverage, (ii) reasoning annotations for
multi-type questions, and (iii) expert-in-the-loop validation,
offering a robust foundation for evaluating advanced models
in specialized interventional radiology domain.
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Dataset Q&As
/Images

Question
Type

IR-
Support? Reasons? Expert

Validated?
VQA-RAD 3.5K/315 O.,M. % % !

VQA-Med 5K/5K O.,C. % % !

PMC-VQA 227K/149K O.,C.,S. ! % %

GEMeX 1.6M/151K O.,C.,S.,M. % ! %

RG-CCT 1.3M/50K O.,C. % ! !

MIRA 1.2M/184K O.,C.,S.,M ! ! !

*O.: Open-ended, C.: Closed-ended, S.: Single-choice, M.: Multiple-choice

Table 3: Comparison between MIRA and existing medical VQA benchmarks. MIRA distinguishes itself as the only benchmark
specifically designed for interventional radiology, evaluated by human experts with reasoning cotext while maintaining signifi-
cant scale.

Evaluation of MIRA
In this section, we conduct comprehensive experiments to
evaluate model performance on the MIRA benchmark. Ini-
tially, we assess LMMs under both zero-shot and fine-tune
settings. To validate the effectiveness of our multi-type ques-
tion approach, we perform ablation studies to validate the
multi-type question strategy, and analyze the impact of top-
n word selection in data retrieval. All fine-tuning experi-
ments are implemented on 4 NVIDIA A100 GPUs for 2
epochs with a batch size of 1. The fine-tuning protocol em-
ploys a LoRA scheme, with warm-up phase during the ini-
tial 0.05 epochs with a linear learning rate increase to 1e-5,
followed by cosine schedule decay, optimizing convergence
while preventing overfitting on specialized medical content.

Zero-Shot Baseline Assessment
We evaluate the zero-shot capabilities of 9 contemporary
large multimodal models (LMMs) on the MIRA test set: 6
open-source models (Qwen2-VL-2B/7B (Wang et al. 2024),
Qwen2.5-VL-7B (Bai et al. 2025), LLaVA-1.5-7B (Liu et al.
2023a), LLaVA-1.5-13B (Liu et al. 2023a), LLaVA-next-
8B (Liu et al. 2024b)) and 3 proprietary models (Qwen-
VL-max (Bai et al. 2023), Qwen-VL-plus (Bai et al. 2023),
GPT4o (Achiam et al. 2023)). Performance is measured
using BLEU-4 and ROUGE-L metrics across all question
types, calculated between ground truth and model-generated
answers including reasoning explanations. We further eval-
uate accuracy on single-choice, multiple-choice, and closed-
ended questions to assess clinical decision-making capabil-
ities. These experiments aim to identify capability gaps in
current models when addressing specialized interventional
radiology tasks. Key findings are as follows:

Advanced LMMs struggle with MIRA. Despite strong
general VQA performance, advanced LMMs underperform
on the MIRA benchmark. GPT4o scores only 10.31/25.09
(BLEU-4/ROUGE-L) on open-ended questions, while the
best open-source model achieves just 6.46/22.80. For
multiple-choice questions, GPT4o attains 0.67 accuracy, and
models like llava1.5-13B reach only 0.26 on single-choice
tasks. This performance gap compared to human experts un-
derscores the difficulty of IR-specific reasoning, which re-

quires integrating procedural knowledge, anatomical under-
standing, and clinical reasoning.

Performance varies across question types. The mod-
els demonstrate heterogeneous capabilities when process-
ing different question formats. Notably, as illustrated in Ta-
ble 4, closed-ended questions yield superior BLEU-4 scores
in 7 out of 9 evaluated models. In contrast, single-choice
and multiple-choice questions present significant analytical
challenges, with markedly reduced accuracy documented in
Table 4, where 6/9 models achieve accuracy scores below
0.5 for single-choice questions, and same number of models
fall below 0.4 accuracy for multiple-choice questions. This
pattern suggests pronounced limitations in discriminative
reasoning tasks that require precise differentiation among vi-
sually similar interventional radiology scenarios.

Human experts maintain a significant advantage. To
facilitate comparative evaluation against human experts, we
establish a specialized MIRA-tiny subset containing 450
carefully selected Q&As equally distributed into single-
choice, multiple-choice and closed ended type. Accord-
ing to Table 4, A substantial performance differential per-
sists between LMMs and clinical professionals. Board-
certified interventional radiologists achieves 0.81, 0.69, and
0.87 accuracy on single-choice, multiple-choice, and closed-
ended questions respectively, compared to maximal zero-
shot model performance of 0.67, 0.43, and 0.76 across the
same categories. These performance disparity underscores
the indispensability of specialized human expertise and the
significant opportunities for further advancement in medical
AI systems.

Fine-Tuned Model Performance
As demonstrated in Table 4, LoRA fine-tuning significantly
enhances the performance of all open-source models across
the dataset, often doubling or tripling their zero-shot met-
rics. Qwen2.5-VL-7B excels in single-choice (33.25 BLEU-
4) and multiple-choice questions (36.03 BLEU-4), while
LLaVA-next-8B achieves the highest ROUGE-L scores
across most categories (36.19 for closed-ended, 53.71 for
single-choice, and 54.38 for multiple-choice questions). Ta-
ble 4 demonstrates particularly dramatic accuracy improve-
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Open-ended Closed-ended Single-choice Multiple-choice
Bleu4 RougeL Bleu4 RougeL ACC Bleu4 RougeL ACC Bleu4 RougeL ACC

Image and Text as Input
Zero-shot
Qwen2-VL-2B 6.12 22.41 9.86 22.37 0.33 3.45 14.12 0.23 5.84 17.13 0.25
Qwen2-VL-7B 5.73 22.80 14.62 24.39 0.59 6.13 16.39 0.33 7.12 18.68 0.29
Qwen2.5-VL-7B 6.43 20.36 13.56 22.79 0.52 7.29 21.32 0.45 6.82 18.04 0.33
LLaVA1.5-7B 5.50 21.03 7.20 23.03 0.44 3.32 11.75 0.22 8.08 15.37 0.31
LLaVA1.5-13B 6.46 22.39 7.08 24.39 0.50 4.91 15.28 0.26 7.25 19.61 0.24
LLaVA-next-8B 1.25 5.98 3.97 7.69 0.25 2.65 2.87 0.17 1.34 3.27 0.09
Qwen-VL-max 9.64 24.91 15.27 27.65 0.74 11.69 36.03 0.66 11.65 37.43 0.43
Qwen-VL-plus 7.33 23.80 14.81 26.20 0.68 11.37 34.01 0.53 11.31 36.92 0.38
GPT4o 10.31 25.09 15.04 28.07 0.76 12.04 36.95 0.67 10.95 38.08 0.41
Fine-tune
Qwen2-VL-2B 16.95 32.98 27.14 32.92 0.75 29.25 44.93 0.71 31.40 44.38 0.62
Qwen2-VL-7B 18.76 34.87 27.84 43.29 0.82 32.68 48.57 0.78 35.23 48.30 0.69
Qwen2.5-VL-7B 18.47 34.95 25.79 44.33 0.81 33.25 48.12 0.80 36.03 49.38 0.70
LLaVA1.5-7B 15.94 32.23 23.46 37.50 0.76 29.27 45.40 0.69 30.35 44.21 0.61
LLaVA1.5-13B 16.31 32.35 25.34 38.06 0.84 31.63 44.93 0.74 32.07 46.86 0.63
LLaVA-next-8B 17.71 36.19 24.05 39.40 0.65 29.86 53.71 0.63 32.41 54.38 0.32

Text Only as Input
Zero-shot
Qwen3-8B 2.91 19.71 6.85 22.87 0.31 6.01 15.32 0.25 6.29 21.03 0.22
Qwen3-32B 3.39 22.04 6.91 22.48 0.32 6.95 19.57 0.29 8.41 22.31 0.30
GPT4.1 2.33 10.97 6.25 17.29 0.14 7.08 22.41 0.35 9.25 24.91 0.33
GPT4.1-mini 3.02 16.53 6.34 22.20 0.38 7.76 24.09 0.38 9.96 25.42 0.35
Qwen-max 2.06 12.10 5.58 18.63 0.15 6.73 23.03 0.34 8.99 24.82 0.32
Qwen-plus 4.36 21.90 7.22 24.25 0.37 7.37 25.01 0.35 9.13 24.95 0.33

Expert Evaluation (Image and Text)
Human Expert - - - - 0.87 - - 0.81 - - 0.69

Table 4: Validation results of LMMs on the MIRA test set in different types of questions. The best performing LMM in each
subset is in-bold.

ments: Qwen2-VL-2B achieves a 0.48 increase, reaches
0.71 accuracy on single-choice questions. LLaVA1.5-13B
achieves the highest accuracy on closed-ended questions at
0.84 with 0.34 increase. These results demonstrate that while
fine-tuning significantly narrows the gap between closed-
source and proprietary models, specialized medical reason-
ing in interventional radiology remains challenging.

Analysis under Incomplete Input Modality
To evaluate the reasoning capabilities of large language
models in the absence of visual context, we conduct a zero-
shot assessment where only the textual question is provided
as input. As shown in Table 4, this setting reveals consis-
tent limitations across all evaluated models comparing with
the proprietary LMMs, indicating a clear reliance on visual
grounding for accurate and specific answers. Notably, on
open-ended questions, all models exhibit low BLEU-4 and
ROUGE-L scores, suggesting that generated answers tend to
be vague or generic. Accuracy metrics further corroborate
this trend: even high-capacity models such as GPT-4.1 and
Qwen-max remain below 0.35 in most settings, underscor-
ing their difficulty in grounding domain-specific predictions
without image evidence.

Interestingly, GPT-4.1-mini and Qwen-plus attain most of
the highest scores across multiple metrics, surpassing larger
models such as GPT4.1 and Qwen-max. To better under-
stand model behavior under incomplete input, we perform
an error analysis comparing Qwen-plus and Qwen-max in
the text-only setting, as shown in Figure 4. Qwen-plus ex-
hibits a higher tendency to “guess” answers (37%) and pro-
duces fewer refusals, suggesting aggressive decoding or re-
liance on language priors. In contrast, Qwen-max is more
conservative: 52% of its errors stem from failure due to
missing visual input, it shows a higher refusal rate (11%)
and less frequently to hallucinate visual features, indicating
stronger uncertainty calibration. Interestingly. These find-
ings highlight differing modality coping strategies: smaller
models may overcommit when uncertain, while larger mod-
els demonstrate caution but are still vulnerable to speculative
reasoning without visual grounding.

Ablation Studies
Data Curation Settings: To filter domain-relevant data,
we establish a minimum occurrence threshold of two dis-
tinct IR terms per caption. We conduct a post-hoc analysis
on a validation set of 4000 samples, with 1:1 IR and non-IR.
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Qwen2-VL Closed-ended Single-choice llava1.5 Closed-ended Single-choice
-7B BLEU4 ROUGEL BLEU4 ROUGEL -7B BLEU4 ROUGEL BLEU4 ROUGEL

zero-shot 14.62 24.39 6.13 16.39 zero-shot 7.08 24.39 4.91 15.28
OE 20.37 31.28 7.86 22.39 OE 15.27 31.07 10.52 21.47
OE+MC 21.40 32.25 23.95 37.61 OE+MC 18.43 32.72 22.51 35.83

Table 5: Performance comparison of LMMs on MIRA test set. Performance is evaluated on closed-ended and single-choice
questions under various training configurations: zero-shot (no fine-tuning), OE (fine-tuned on open-ended questions), and
OE+MC (fine-tuned on combined open-ended and multiple-choice questions).
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Output Invisible  
Image Feature 
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Visual 
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(a) (b) 

Figure 4: Error distribution over 100 annotated (a) Qwen-
plus and (b) Qwen-max errors using text-only input on
closed-ended questions.

Accoring to Figure 5, As the threshold increases from 1 to
6, the total number of selected pairs decreases, while pre-
cision improves steadily from 74.91% to 98.92%. However,
recall drops significantly from 94.35% to 41.1%, reflecting
a trade-off between dataset purity and coverage. The cho-
sen threshold of two terms balances high precision (90.21%)
with adequate recall (84.25%), providing a reliable filtering
criterion for constructing the dataset.

Question Type Efficacy: We evaluate the effect of
question type diversity by training Qwen2-VL-7B and
LLaVA1.5-7B on subsets of the MIRA dataset and testing
on closed- and single-choice questions using BLEU-4 and
ROUGE-L (Table 5). Results show that training on open-
ended questions notably boosts closed-ended performance
(e.g., BLEU-4 of LLaVA1.5-7B : 7.08→15.27). Combining
open-ended and multiple-choice questions yields the best
gains — Qwen2-VL-7B achieves a BLEU-4 of 23.95 and
ROUGE-L of 37.61 on single-choice tasks. These findings
suggest that diverse training formats enhance cross-question
generalization in medical VQA.

Limitations and Future Work: While MIRA offers
broad coverage, it underrepresents rare interventional proce-
dures, limiting model generalizability. It also lacks integra-
tion with patient-specific data and does not fully address un-
certainty estimation or demographic bias. Future iterations
of MIRA may include integration with temporal imaging
and patient metadata to further emulate real-world clinical
workflows.
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Figure 5: Filtering performance across different keyword
thresholds. The x-axis represents the minimum number of
IR-specific terms required in each image-text pair for inclu-
sion.

Conclusion
MIRA represents a significant advancement in developing
and benchmarking multimodal AI systems for interventional
radiology, establishing a challenging framework that ef-
fectively evaluates both visual perception and clinical rea-
soning capabilities through expert-centered data retrieval,
reasoning-focused question generation, and rigorous qual-
ity assurance protocols. Our evaluations reveal substantial
performance gaps between current models and human spe-
cialists. Ablation studies demonstrate the value of our pro-
posed curation method in retrieving IR-related data, and di-
verse question formulations in enhancing model reasoning
capabilities across metrics. Fine-tuning experiments validate
the potential for significant enhancement through special-
ized medical training.

To our knowledge, MIRA is the first large-scale multi-
modal benchmark curated for interventional radiology with
expert-in-the-loop validation and reasoning-grounded QA
pairs. It paves the way for the development of trustworthy
AI systems capable of supporting real-world diagnostic and
therapeutic decision-making in interventional medicine.
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