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Abstract

In many real-world applications, deployed models encounter inputs that differ from
the data seen during training. Open-world recognition ensures that such systems
remain robust as ever-emerging, previously unknown categories appear and must
be addressed without retraining. Foundation and vision-language models are pre-
trained on large and diverse datasets with the expectation of broad generalization
across domains, including medical imaging. However, benchmarking these models
on test sets with only a few common outlier types silently collapses the evaluation
back to a closed-set problem, masking failures on rare or truly novel conditions
encountered in clinical use.

We therefore present NOVA, a challenging, real-life evaluation-only benchmark of
900 brain MRI scans that span 281 rare pathologies and heterogeneous acquisi-
tion protocols. Each case includes rich clinical narratives and double-blinded expert
bounding-box annotations. Together, these enable joint assessment of anomaly
localisation, visual captioning, and diagnostic reasoning. Because NOVA is never
used for training, it serves as an extreme stress-test of out-of-distribution generali-
sation: models must bridge a distribution gap both in sample appearance and in
semantic space. Baseline results with leading vision-language models (GPT-4o,
Gemini 2.0 Flash, and Qwen2.5-VL-72B) reveal substantial performance drops,
with approximately a 65% gap in localisation compared to natural-image bench-
marks and 40% and 20% gaps in captioning and reasoning, respectively, compared
to resident radiologists. Therefore, NOVA establishes a testbed for advancing
models that can detect, localize, and reason about truly unknown anomalies.

1 Introduction

Generalization under distribution shift remains a central unsolved challenge in machine learn-
ing [14}[52]). Despite advances in large-scale pretraining and transfer learning [[12}33]], most models
fail to reliably detect or reason about previously unseen categories or domains at test time. Anomaly
detection, the task of identifying deviations from a given normative distribution, e.g., samples
exclusively from healthy patients, represents an extreme stress-test of out-of-distribution (OOD) gen-
eralization due to the open-ended and unpredictable nature of anomalies. While OOD generalization
has been extensively studied in natural image classification [[17, 134} 22], it remains underexplored in
healthcare. Medical data presents extreme heterogeneity, rare event frequencies, and non-standardized
acquisition protocols, making it a worst-case scenario for evaluating model robustness to distribution
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Figure 1: Overview of the NOVA benchmark. Task 1: Anomaly localization: models predict bounding
boxes identifying abnormal regions in brain MRI; ground truth annotations from two independent
radiologists are shown. Task 2: Image captioning: models generate a brief diagnostic description
from the MRI image. Task 3: Diagnostic reasoning: models predict the final diagnosis by integrating
clinical history and image findings. NOVA establishes the first benchmark designed to systematically
evaluate vision-language models (VLMs) and large language models (LLMs) for rare anomaly
localization, clinical description, and multimodal diagnostic reasoning in brain MRI.

shift. Detecting anomalies—potential pathologies—in imaging is often the first and most challenging
step of the diagnostic process. Providing effective assistance to physicians at this stage has the
potential to substantially improve clinical outcomes.

In medical imaging, unsupervised anomaly detection (UAD) methods [37, 6] are trained exclusively
on healthy anatomy and identify deviations from this learned distribution as potential pathologies.
While recent methods demonstrate strong performance on curated benchmarks [54} 38 [10} 143} 39} 15]],
they remain insufficiently reliable in the wild, particularly in high-stakes settings like clinical triage
and health screening, where specificity and robustness to rare clinical presentations are essential [4,
23]]. This challenge is particularly acute in magnetic resonance imaging (MRI) of the brain, where
radiologists must detect subtle and diverse abnormalities across patient populations and heterogeneous
imaging protocols.

The fundamental bottleneck lies in the datasets used for validation. Most existing benchmarks define
anomalies through fixed categories, inducing implicit data leakage: although models are trained on
healthy data, test sets remain constrained to known abnormality types. This narrows the evaluation to
familiar distributions and undermines open-set detection. Datasets such as BraTS [29]], ATLAS [26]],
and ISLES [18]] were designed for segmentation and primarily capture canonical disease patterns,
causing model development to converge on closed-set optimization rather than true discovery of
unknown conditions.

The medical out-of-distribution analysis challenge (MOOD) [53] introduced synthetic anomalies to
simulate unknown deviations. However, real anomalies from rare or previously unobserved diseases
remain essential for clinical relevance. fastMRI+ [50] provided incremental pathology variability
through bounding box annotations of brain and knee MRI scans [47]], yet lacked the pathology
heterogeneity and structured clinical metadata necessary to reflect clinical variability.

Detecting an abnormality alone does not satisfy clinical requirements. Radiologists must localize
pathologically suspicious regions, assess severity, distinguish them from imaging artefacts, and
formulate a differential diagnosis based on patient history and imaging findings. No existing dataset
reflects this full diagnostic workflow, limiting prior benchmarks to binary detection and systematically
failing to capture clinically meaningful information in generated text or diagnostic predictions [27].
Data sharing restrictions and poor standardization have further constrained the development of
vision-language models (VLMs) in medicine.

Therefore, NOVA establishes a new benchmark for evaluating, detecting, and reasoning on unex-
pected abnormalities in clinical brain MR, as illustrated in Figure[T} The dataset comprises 906 brain
MRI scans spanning 281 rare and diagnostically diverse pathologies from Eurorad [[13], enriched



with detailed clinical narratives. Each case is independently annotated by at least two radiologists
with bounding boxes identifying suspected abnormalities. NOVA uniquely enables joint evaluation of
anomaly localization, visual captioning, and diagnostic reasoning under real-world clinical hetero-
geneity. It is explicitly designed as an evaluation-only benchmark to serve as an extreme stress-test of
OOD generalization, requiring models to bridge distribution shifts in both visual and semantic space.

We benchmark state-of-the-art vision-language models, including GPT-40, Gemini 2.0 Flash, and
Qwen2.5-VL-72B, on NOVA. Results reveal substantial performance degradation across all tasks, un-
derscoring the urgent need for benchmarks that reflect the demands of open-world clinical reasoning.

2 Related Work

Anomaly detection, OOD detection, and novelty detection have received sustained focus in computer
vision and machine learning, with advances across tasks from natural image understanding to
industrial inspection [32} 25} 51} 145 |15} (361 42]]. Despite this progress, transferring these methods to
medical imaging remains challenging. The concept of normality in medicine is inherently ambiguous,
varying across individuals, imaging protocols, and institutions.

Clinical anomalies are often rare and highly heterogeneous, making them ill-suited for evaluation
protocols that treat a selected set of predefined categories as representative out-of-distribution cases.
The distinction between healthy and abnormal tissue is frequently subtle and localized, with consid-
erable overlap between in-distribution and out-of-distribution regions within the same image. As a
result, approaches that excel on constrained datasets such as MVTec-AD [7] fail systematically under
the extreme clinical variability of real-world neuroimaging [[19].

In medical imaging, unsupervised anomaly detection models learn the normative distribution of
healthy anatomy to identify deviations as candidate pathologies [6]]. Large healthy population datasets,
including IXT [1]], CamCAN [41], and UK Biobank [40] are valuable for normative modeling and
population studies, but they are ill-suited for evaluating anomaly detection, as they lack pathological
cases and localized anomaly annotations. Datasets such as ADNI [31] and OASIS [28] focus
exclusively on Alzheimer’s disease and neurodegeneration, providing only narrow coverage of
pathologies. Similarly, condition-specific datasets, including MSLUB [24]] for multiple sclerosis
lesions, ATLAS [26] and ISLES [18] for stroke lesions, and BraTS [29] for brain tumors, support
segmentation of predefined abnormalities but offer no framework for open-set detection or evaluation
of vision-language reasoning in clinical contexts.

In parallel, large-scale vision-language datasets in medical imaging focus exclusively on chest
radiographs. MIMIC-CXR [20] and PadChest [8, 9] integrate images with radiology reports for
multimodal learning but are entirely disconnected from brain MRI. Hamamci et al. [[16] introduced
the CLM3D dataset and corresponding VLM3D challenge for developing generalist vision-language
models in 3D medical imaging. However, CLM3D targets thoracic CT and focuses on common ab-
normality classification, report generation, and text-conditioned image synthesis, without addressing
rare disease detection, anomaly localization, or open-world clinical reasoning.

Despite the critical technical and clinical need, a comprehensive neuroimaging benchmark remains
absent. Brain MRI analysis presents significant technical challenges due to the wide spectrum
of pathologies and their diverse appearances, ranging from localized lesions to diffuse structural
alterations, coupled with inherent technical variability. Clinically, a clear need exists as most rare
diseases are neurological or have neurological manifestations [35], positioning brain MRI centrally
in patient care. NOVA establishes the first rigorous benchmark for systematically evaluating these
capabilities under the real-world variability and diagnostic uncertainty of clinical brain MRI.

3 Dataset Description

We curated the NOVA dataset to establish an evaluation benchmark for vision-language model
generalization under extreme clinical variability in brain MRI. We sourced cases from Eurorad, a peer-
reviewed educational platform operating under a Creative Commons Attribution-NonCommercial-
ShareAlike 4.0 International Licens To comply with licensing requirements, we included only cases
published after July 6, 2015. We filtered the dataset to include all cases from the “Neuroradiology”

Thttps://www.eurorad.org/node/38655


https://www.eurorad.org/node/38655

Figure 2: Representative brain MRI scans from the NOVA dataset illustrating the diversity of
anatomical planes, MRI sequences, and pathological conditions. Radiologist-provided bounding box
annotations are overlaid. The examples include rare congenital malformations, toxic and metabolic
encephalopathies, and inflammatory or neoplastic lesions—capturing the broad radiological spectrum.

category and manually excluded non-relevant content such as CT, spine MRI, clinical photographs,
and other non-MRI data. This ensured consistent imaging modality and anatomical focus.

We collected a total of 906 brain MRI scans spanning 281 unique diagnoses. We retained all images
in their original form without preprocessing, cropping, or normalization to preserve the full clinical
variability essential for evaluation. We preserved the naturally imbalanced long-tailed distribution of
rare diseases to reflect real-world case frequencies. Representative examples illustrating the diversity
of imaging planes, sequences, and pathologies are shown in Figure[2]

3.1 Dataset Composition

NOVA captures the diagnostic heterogeneity of clinical brain MRI. We included axial, sagittal, and
coronal planes across standard sequences, including T1-weighted, T2-weighted, and FLAIR imaging.
The distribution of anatomical planes and imaging sequences is detailed in Supplementary Tables [3]
and [0l We manually grouped cases into six diagnostic categories: neoplastic, neurodegenerative,
inflammatory, congenital, metabolic, and vascular pathologies. Figure [3p) shows the long-tailed
distribution of diseases and the rarity of many conditions, which present unique challenges for model
evaluation. The dataset’s 281 unique diagnosis labels exceed the diversity of existing brain MRI
benchmarks by an order of magnitude. We summarize additional statistics on patient demographics,
and information of disease location, scale, and frequency in Supplementary Figures 9] and[T1]

3.2 Annotation Process and Quality Control

We implemented a rigorous multi-stage protocol to obtain high-quality anomaly localization anno-
tations. Eight neuroradiology residents annotated the dataset using a custom web-based platform
(Supplementary Figure[7). Ethics approval was waived by the local IRB at TUM University Hospital
(IRB #2025-446-W-CB in Appendix F). Each case was independently labeled by two readers, who
reviewed the full Eurorad clinical description and associated metadata to inform their annotations.

Inter-rater agreement was computed using a greedy matching algorithm that maximized intersection
over union (IoU) between boxes. Figure [3b shows the distribution of inter-reader agreement, and
Figure [3¢ presents the overall IoU distribution across annotations. Annotations with IoU > 0.3
were merged into consensus labels. While some inter-reader IoU values are modest, this reflects
the inherent ambiguity of clinical neuroimaging. Lower overlap stems from diffuse pathologies
with unclear boundaries, comprehensive labeling that includes incidental findings, and borderline
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6 Discussion

NOVA introduces a new benchmark for evaluating anomaly detection and multimodal reasoning in
clinical brain MRI. Its design offers several key advantages. First, NOVA provides one of the largest
and most diverse expert-annotated collections of brain MRI scans available, covering approximately
900 scans with over 280 distinct diagnoses and rare pathological conditions. Second, the dataset
uniquely integrates multimodal annotations, combining radiologist-drawn bounding boxes, expert-
generated image captions, and detailed clinical histories. This comprehensive structure enables
systematic evaluation of detection, description, and diagnostic reasoning within a single resource.
Third, the dataset reflects real-world clinical variability by using actual patient cases rather than
synthetic perturbations, creating a challenging and realistic testbed. Finally, the structured multi-
reader annotation protocol with adjudication by a senior neuroradiologist ensures a high level of
annotation quality and reliability.

Despite these advantages, NOVA has limitations that are important to acknowledge. The dataset
is sourced from a European radiology teaching repository, which may introduce geographic or
demographic biases that could affect model generalization in other healthcare systems. Additionally,
NOVA provides only 2D image slices rather than full 3D volumes. While this choice may constrain
certain volumetric analyses, the decision to release data in 2D format was deliberate: most standard
machine learning and computer vision tools and libraries offer limited support for 3D medical
imaging, which can significantly slow down experimentation and accessibility for the broader
research community. Finally, NOVA is released as an evaluation-only benchmark, not intended
for supervised model training. This design reflects the realities of rare disease imaging, where
collecting sufficient labeled data for training is often infeasible and where true generalization must
be tested without model adaptation. Beyond current baselines, future work could explore adapting
large generalist models to medical imaging domains, injecting structured medical knowledge, and
enhancing multimodal reasoning to bridge visual and clinical understanding.

Looking forward, we plan to maintain NOVA as a dynamic benchmark and to open a public leader-
board to encourage continuous community participation and advancement of the state of the art.
Given the dataset’s focus on rare diseases and its intended role as an inference benchmark, we do not
envision extensions to fine-tuning tasks or inclusion of 3D imaging data. Instead, we anticipate that
NOVA will catalyze the development of next-generation foundation models and VLMs capable of
performing robust diagnostic reasoning under realistic open-set clinical conditions.

7 Conclusion

We present NOVA, the first large-scale, expert-annotated benchmark dataset for anomaly localization,
clinical captioning, and diagnostic reasoning in brain MRI. NOVA provides a uniquely challenging and
clinically grounded resource, combining real-world imaging variability with high-quality multimodal
annotations. By releasing NOVA to the community, we aim to establish a new standard for evaluating
the robustness and generalization of models for clinical anomaly detection and multimodal medical
reasoning. We invite the research community to engage with NOVA and drive the development of
next-generation models capable of detecting the unknown in clinical imaging.
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Figure 8: Examples of annotation disagreement. Each image shows bounding boxes from two
independent annotators (Reader 1 in salmon and Reader 2 in teal) and the adjudicated expert bounding
box (blue). These cases illustrate scenarios where annotators either disagreed on lesion boundaries or
identified different pathological structures. In such cases, a board-certified neuroradiologist reviewed
the image and merged or revised annotations to produce the final consensus labels.

Table 5: Distribution of anatomical planes in NOVA.

View  Axial Sagittal Coronal Unknown
Count 548 64 140 154

For each annotator r, we computed the average intersection-over-union (loU) between their annota-
tions and the expert-approved boxes across all adjudicated images they participated in. Let |- denote
this mean agreement score for reader r.

For the remaining images where readers produced overlapping boxes (IoU > 0.3), we merged these
into a single consensus box. The coordinates of the merged box Dyereeq Were computed using a
weighted average of the two boxes:

Ia Is
7! WB =
Ia+1p Ia+1p
where |5 and lg are the expert agreement scores for annotators A and B, and ba, bg are their
respective bounding boxes.

bmerged =Wa - ba+wg-bg, with wa=

This approach ensured that annotators with a stronger history of agreement with the expert contributed
more to the final consensus. It allowed us to systematically leverage expert-reviewed cases to calibrate
reader reliability, even when direct adjudication was not performed.

Annotation reliability. The resulting annotation set combines double-blinded readings with tar-
geted expert oversight. While some inter-reader variability reflects the inherent subjectivity in clinical
interpretation, the adjudication procedure mitigates systematic noise and ensures high-quality labels
suitable for benchmarking robust detection systems.

B Dataset Composition and Annotation Statistics

The NOVA dataset encompasses a wide spectrum of demographic and spatial variability, reflecting
the diversity of real-world clinical neuroimaging. In this section, we provide supporting statistics to
contextualize the challenges posed by the benchmark.

Acquisition variability. NOVA preserves the heterogeneity of real-world clinical brain MRI: scans
originate from multiple sites and protocols and include standard anatomical planes (axial, coronal,
sagittal) across T1-weighted, T2-weighted, FLAIR, and other sequences without harmonization.
As scanner vendor and field strength information were unavailable for Eurorad cases, acquisition
metadata were extracted from image captions and summarized in Tables[5] and [6]

Patient demographics. Figure 9] presents the distribution of patient sex and age across all included
cases. The dataset spans a broad age range, from pediatric to geriatric populations, with a relatively
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Table 6: Distribution of imaging sequences in NOVA.
Sequence FLAIR T2w TIiw DWI ADC SWI GRE PD Unknown

Count 242 226 223 41 16 15 2 1 140

Figure 9: Demographics. Left: Sex distribution of cases, with a nearly balanced male-to-female ratio
and a subset of cases with unknown sex. Right: Histogram of patient ages showing broad coverage
across pediatric, adult, and elderly populations.

Figure 10: Heatmaps of bounding box locations aggregated across axial, coronal, and saggital views.

balanced sex distribution (min: 4 months; max: 87 years: mean: 34 years and 6 months). This
heterogeneity emphasizes the need for models that generalize across anatomical, developmental, and
demographic variations.

Spatial distribution of annotations. Figure [10| visualizes the anatomical spread of bounding
boxes across axial, sagittal, and coronal planes. The heatmaps reflect the diversity of pathological
presentations in the dataset, including cortical, subcortical, ventricular, brainstem, and cerebellar
anomalies. This spatial variability introduces significant challenges for localization models, which
must be robust to changes in context and anatomical orientation.

Bounding box properties. Figure(l1|summarizes key properties of the annotated bounding boxes.
The top panel reports the log-area distribution, indicating a wide range of lesion sizes—from small
focal abnormalities to extensive pathology. The bottom panels show the number of boxes per image
and a scatterplot of width versus height. Notably, a large fraction of cases contain multiple distinct
findings, while many pathologies are highly non-square or irregularly shaped.

Implications. The demographic breadth and spatial diversity observed in NOVA mirror the com-
plexity of clinical imaging workflows. These statistics underscore the difficulty of the anomaly
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Figure 11: Bounding box statistics. Left: Log-area distribution of annotated bounding boxes. Center:
Scatterplot of width versus height. Right: Histogram of the number of bounding boxes per image.

Table 7: Performance of generalist and medical VLMs on Task 1 (Anomaly Localization), 25-case
NOVA subset.

Model(s) mAP@50 mAP@50:95 RoDeO/Loc. RoDeO /Shape
General Models

Gemini 2.0 Flash 16.28 4.54 53.06 34.45
Qwen 2-VL-72B 11.11 4.12 42.45 23.82
Qwen 2.5-VL-72B 18.97 8.02 51.30 27.41
Medical Models

CheXagent / MAIRA-2 0.00 0.00 0.00 0.00
HuatuoGPT Vision 8.33 1.94 49.25 32.90

localization task and highlight the importance of structured evaluation settings that go beyond
synthetically simplified benchmarks.

C Evaluation of Generalist vs. Medical VLMs on NOVA (Task 1)

We benchmarked three medical vision—language models (VLMs)—CheXagent, MAIRA-2, and
HuatuoGPT Vision in Table [/l We evaluated the results on a 25-case NOVA subset for Task 1:
anomaly localization, using the same evaluation protocol as in the main experiments. The chest-X-
ray—tuned models (CheXagent, MAIRA-2) did not generalize to brain MRI (mAP@50 = 0), while
HuatuoGPT Vision achieved mAP@50 = 8.3. Generalist VLMs such as Gemini 2.0 Flash (16.3)
and Qwen 2.5-VL-72B (19.0) remained substantially stronger. These results highlight the limited
transferability of current modality-specific medical VLMs to brain MRI.

D Prompting and Evaluation Details of LLMs

This section details the prompting strategies, evaluation metrics, and model-specific configurations
used in our benchmark for assessing clinical reasoning and factual consistency of large language and
vision-language models on brain MRI tasks.

We design a comprehensive benchmark comprising three clinically grounded tasks to evaluate the
capabilities of advanced language and vision-language models in neuroradiological image under-
standing. We show details in Section[D.T}

* Detection — identifying and localizing abnormalities via bounding boxes.

» Captioning — generating structured radiological descriptions from MRI scans.

* Reasoning — performing differential diagnosis based on imaging findings and clinical
history.

In addition, we define two evaluation procedures to assess the factual consistency and correctness of
generated outputs (Section[D.2)). All models are evaluated in a zero-shot setting with fixed parameters
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(temperature = 0.1, max output length = 2048 tokens) and a unified system prompt: “You are a
medical expert.”. The three clinical tasks are performed on four advanced models: GPT-40, Gemini
2.0 Flash, Qwen 2.5-VL 72B, and Qwen 2.0-VL 72B. For evaluation tasks, we employ GPT-4o0 to
conduct output assessment and consistency verification.

Note on DeepSeek-R1. As DeepSeek-R1 does not support direct visual input, we evaluated it
using externally provided image descriptions. Specifically, we tested two setups: one using ground-
truth (GT) captions and one using captions generated by GPT-40. With GT captions, DeepSeek-R1
achieved 52.3% Top-1 and 67.9% Top-5 accuracy. When prompted with GPT-40-generated captions,
performance was 25.9% Top-1 and 41.6% Top-5. While these results highlight the potential of
text-only diagnostic reasoning, they are not directly comparable to the other tested models due to
differences in inputs.

D.1 Clinical Tasks

This component includes three tasks, each targeting a specific dimension of diagnostic reasoning:

(1) Abnormality Grounding. Given an MRI image, the model identifies abnormalities with bounding
box coordinates and corresponding labels. Due to differences in coordinate conventions, we use
model-specific prompt formats. For Qwen-series models, boxes are expressed as [x1, y1, x2, y2]; for
Gemini models, we use [ymax, xmin, xmax, ymin]. Prompt templates and parsing logic are tailored
accordingly to ensure compatibility across models.

Abnormality Grounding—Qwen Series:

Template 1: Abnormality Grounding Prompt

Return bounding boxes of any abnormal areas as JSON format.
If the image does not have the target, return the string: 'no target™.
If detected, return a list of 2D bounding boxes around the target regions in the following JSON format:

{"bbox_2d": [x1, yl, x2, y2], "label": "label"},

]

where X1, yland X2, y2 are the coordinates of the top-left and bottom-right corners of the bounding box,
and label is the abnormality type.

\. J

Abnormality Grounding—Gemini:

Template 2: Abnormality Grounding Prompt

Return bounding boxes of any abnormal areas as JSON format.
If the image does not have the target, return the string: "'no target".
If detected, return a list of 2D bounding boxes around the target regions in the following JSON format:

{"bbox_2d": [ymax, xmin, xmax, ymin], "label": "label"},
]

where ymax, xmin, xmax, ymin represent the coordinates of the bounding box corners, and label is the
abnormality type.

(2) Medical Image Description. The model generates structured medical image findings directly
from MRI scans. Prompts guide the model to describe the imaging modality, slice orientation, lesion
location, and key visual abnormalities.
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