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Abstract. Accurate brain MRI reporting is critical for managing brain disor-
ders but remains time-consuming, motivating the need for automatic reporting.
Current VLM-based reporting models often hallucinate unsupported findings or
miss subtle abnormalities due to the lack of lesion-wise verification. To address
this issue, we introduce Brain Reporting with Adjudication and Verification—
Enhanced framework (BRAVE) for brain MRI report generation. BRAVE first
leverages lesion-specific expert models to generate structured lesion proposals and
then performs lesion-wise chain-of-thought (CoT) adjudication to verify, refine,
and reconcile these proposals before final report generation. Trained on 150,106
MRI scans and validated on 7,496 scans (spanning 19 lesion subtypes), BRAVE
achieves 86.7% accuracy in lesion localization and characterization. The stepwise
CoT adjudication reduces false-negative and false-positive errors by 38.1%. In
a three-week prospective clinical deployment, BRAVE reduced resident’s draft-
ing time by up to 15.4% and consistently shortened attending’s sign-off time by
17.4-32.8%, thereby supporting more efficient radiology workflows.
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1 Introduction

Radiology reports are indispensable for brain disorder diagnosis[18]. However, manually
writing comprehensive reports requires careful lesion localization and characterization
across multiple imaging sequences, and it is time-consuming. This underscores the
critical need for models capable of generating reliable and interpretable neuroimaging
reports [10].

While vision language models (VLMs) have advanced automated medical report
generation [11,20], their reliable clinical deployment remains challenging because these
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models can still omit subtle abnormalities or hallucinate unsupported findings [24]. To
improve lesion localization, some models incorporate lesion-specific expert models to
provide lesion proposals [24]. However, these lesion proposals may contain false posi-
tives (FPs) and false negatives (FNs) due to imperfect segmentation, imaging artifacts,
and lesion mimics [19,14]. Furthermore, in multi-lesion scenarios, different expert mod-
els may generate conflicting predictions, making lesion-level reconciliation necessary.

This limitation arises from the lack of an explicit verification mechanism in current
VLMs, which differs from the iterative evidence assessment performed by radiologists.
As illustrated in Fig. la, VLMs generate reports in a single pass without explicitly
verifying lesion-level evidence, making them prone to missing subtle lesions or pro-
ducing hallucinated findings [23]. In contrast, radiologists follow a detect-then-verify
process. Specifically, they first identify candidate findings, followed by lesion verifi-
cation across imaging sequences and final report generation (Fig. 1b) [10]. To bridge
this gap, we present Brain Reporting with Adjudication and Verification—-Enhanced
framework (BRAVE) (Fig. 1c), a unified detect-then-verify framework, to integrate
lesion-specific expert models with a VLM for reliable brain MRI reporting. BRAVE
first employs lesion-specific expert models to generate structured lesion candidates from
multi-sequence MRI, where each candidate is associated with lesion evidence, includ-
ing subtype, anatomical location, spatial relationships, volumetric characteristics, and
lesion-aligned visual cues extracted from the global image representation. Building
upon these evidence-enriched candidates, BRAVE performs lesion-wise CoT adjudi-
cation, where the VLM iteratively verifies, refines, and reconciles lesion findings by
integrating local lesion evidence with global imaging context. The final adjudicated
lesion set is then used to generate a clinically coherent report with fewer omissions and
hallucinations.

We train BRAVE on a large-scale dataset of 150,106 brain MRI scans. Our main con-
tributions are threefold. First, we propose a detect-then-verify architecture to integrate
lesion-specific expert models with VLM reasoning, reducing hallucinations through
structured lesion-wise CoT verification. Second, validated on 7,496 scans spanning 19
lesion subtypes, BRAVE achieves 86.7% lesion characterization accuracy and reduces
FN and FP errors by 38.1%, maintaining high reliability in complex multi-lesion cases.
Third, in a prospective clinical deployment, BRAVE improves workflow efficiency by
reducing resident’s drafting time by up to 15.4% and shortening attending’s sign-off
time by 17.4-32.8%, demonstrating its value in alleviating radiology workload.

2 Method

BRAVE unifies a set of lesion-specific expert models and a VLM into a coherent
detect-then-verify framework. As shown in Fig. 1c, the workflow comprises two phases:
1) Lesion Proposal Generation, where lesion-specific expert models extract structured
lesion candidates; 2) Lesion-wise CoT Adjudication, where the VLM iteratively verifies,
refines, and reconciles these proposals against local and global visual context for final
report generation.
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2.1 Lesion Proposal Generation

To convert the MR image into lesion-level inputs that the VLM can verify, we em-
ploy lesion-specific expert models to generate voxel-wise segmentation masks for four
lesion categories, including infarction, hemorrhage, tumor, and cerebral small vessel
disease (CSVD), covering 19 lesion subtypes. We treat each connected component in
the predicted masks as a candidate lesion ¢, and denote the candidate set as L. For each
candidate lesion ¢, we construct a structured proposal d, containing three attributes: 1)
anatomical localization (via IoU-based matching with brain region masks), 2) spatial
relations (i.e., centroid distance and direction to brain region masks), and 3) volumetric
size. For each candidate lesion ¢, we also extract a lesion-level visual embedding v, as
lesion-aligned features pooled from the global image feature map Viyg, allowing the
VLM to verify each proposal using localized image evidence rather than relying on
global context alone. Together, the structured attributes and visual embeddings form the
lesion proposals for subsequent reasoning: D = {d¢, V¢ }re r.
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Fig. 1. Overview of BRAVE. (a) One-step VLM reporting with possible omissions and hallu-
cinations. (b) Radiologist-style stepwise reasoning. (c) BRAVE with multi-sequence encoding,
expert-guided lesion proposal generation, and lesion-wise CoT adjudication. (d) Lesion taxonomy
evaluated in this work.

2.2 Lesion-wise CoT Adjudication

Unlike typical one-pass VLMs for reporting, BRAVE performs a lesion-wise CoT adju-
dication through explicit, lesion-level operations. Given global image tokens Viyg and
a set of structured lesion proposals D = {d¢, v¢}se £, the model iteratively verifies and
updates the lesion set via an action set:

u € {KEEP({), SUPPRESS({), MERGE({;, {;), RELABEL(Z,1), ADD(£)}. (1)
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Here, SUPPRESS removes unsupported proposals to reduce FPs. MERGE consolidates
duplicated or fragmented proposals. RELABEL corrects lesion subtype assignments when
the structured lesion attributes d, conflict with visual evidence. ADD supplements missed
lesions only when consistent evidence is identified under the global imaging context.
With these operations, the CoT proceeds in four stages, where the early stages focus
on filtering obvious mismatches and retaining plausible candidates, and the later stages
refine attributes, resolve conflicts, and supplement omissions.

Stage 1: Lesion identification. Given the candidate lesion set D, the model performs
an initial verification stage governed primarily by the lesion attributes d,. It applies
SUPPRESS to eliminate candidates exhibiting anatomical implausibility. For instance,
proposals whose volumetric size falls below a noise threshold, or whose anatomical
localization conflicts with the global image context Vi, (€.g., a lesion localized entirely
within cerebrospinal fluid), are suppressed. Candidates with valid spatial and volumetric
attributes are assigned a KEEP action for later stages.

Stage 2: Identification refinements. For each retained candidate, the model checks
whether multiple proposals correspond to the same lesion by comparing their anatom-
ical localization and spatial relations in D, and applies MERGE to consolidate highly
overlapping or adjacent proposals into a single lesion entity. Furthermore, it applies
RELABEL when sequence-specific visual cues in vy (e.g., distinct hyperintensity on
DWI) contradict the initial subtype in D,.

Stage 3: Plausibility check and supplementation. In this stage, the model performs
a global consistency check over the refined lesion set. It applies SUPPRESS to remove
residual FPs that are inconsistent with the overall imaging context, such as candidates
whose location or extent conflict with the global image features V. To mitigate FNs, it
re-examines high-risk regions with no expert-predicted lesion masks under Vjp,. When
convergent evidence across sequences suggests an omitted lesion (e.g., a missed lacunar
infarction), the model applies ADD and infers its location based on visual evidence from
Vimg, so that the supplemented finding remains grounded in image evidence rather than
free-form generation.

Stage 4: Report generation. Finally, the model synthesizes a clinician-style radiology
report from the fully adjudicated lesion set. It generates a coherent narrative that follows
routine reading conventions, describing lesion type and key attributes in context and
with appropriate uncertainty when needed.

Loss Functions We formulate the detect-then-verify paradigm as an end-to-end report
generation task. The target sequence is formed by concatenating the intermediate CoT
reasoning trajectory Ycer and the final diagnostic report Yrep. The model is jointly
optimized using the standard autoregressive cross-entropy loss Lcg:

Liotal = AcorLcE (YCOT | Vimg, -Z)) + ArepLcE (Yrep | Vimg, D, YCoT) > (@)

where Acgr and Ay are the balancing weights. The first term supervises the generation
of stage-based verification actions, while the second optimizes the report generation.
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Fig. 2. Distributions of the training (a) and evaluation (b) datasets.

3 Datasets and Implementation Details

3.1 Datasets

We collect data from our in-house dataset and public datasets, including BraTS 2025
[15] (glioma, meningioma, metastatic tumor) and ISLES 2022 [6] (infarction). Fig. 2
summarizes the lesion subtype distributions of the training and evaluation sets, which
contain 150,106 and 7,496 scans, respectively, covering 19 lesion subtypes. All brain
MRI data undergo a standardized preprocessing pipeline. Raw DICOM scans are first
converted to NIfTI using decm2niix[13]. Each volume is then intensity-normalized to
[-1,1] via percentile-based rescaling. All volumes are subsequently resampled to a
fixed size of 40 x 224 x 224 for model input. We use the Qwen-72B LLM [1] to refine
the original reports by removing irrelevant content and to generate the stage-wise CoT
supervision used in our framework. Given the ground-truth report and the corresponding
expert-model lesion proposals, Qwen-72B produces a consistent multi-stage verification
trajectory that decomposes the report into four corresponding CoT stages.

3.2 Implementation Details

We implement the model using the PyTorch [16] framework. For the global visual encod-
ing, we employ a pre-trained CLIP encoder [17] based on our training dataset. The CLIP
vision and text encoders are based on ViT [3] and BERT [2], respectively. The LLM
backbone is initialized with Qwen-7B [1]. To obtain the structured proposals D, the
lesion-specific expert models are instantiated as independent 3D U-Net models[9,22],
which are pre-trained on domain-specific datasets for the four predefined lesion cate-
gories. The visual encoder and expert models are kept frozen during VLM training. We
only update the cross-modal linear projector and fine-tune the LLM backbone using
Low-Rank Adaptation (LoRA) [8] with a rank of » = 64 and @ = 128. The training
follows a two-stage curriculum. In the initial vision-language alignment stage, only the
linear projector is trained for 1 epoch to map the visual tokens and lesion-level visual
embeddings v, into the LLM’s text embedding space, using a learning rate of 1x1073. In
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Fig. 3. Quantitative and clinical evaluation of BRAVE. (a) Lesion-specific reporting performance
across different methods. (b) Performance under multi-lesion coexistence scenarios. (¢) Correction
of false-negative and false-positive errors. (d) Report quality assessment in prospective reader
studies. (e) Resident drafting time reduction. (f) Attending radiologist review time reduction.

the subsequent CoT instruction-tuning stage, we jointly optimize the model using Lo
with Acgr = 0.5 and Aep = 1.0. The model is fine-tuned for 3 epochs using the AdamW
optimizer with a learning rate of 2 x 107>, weight decay of 0.01, and a cosine annealing
learning rate scheduler with a 3% linear warmup. All experiments are conducted on
NVIDIA A100 (80GB) GPUs utilizing bfloat 16 mixed-precision training.

4 Results

We evaluate BRAVE from three complementary aspects: 1) comparison with repre-
sentative models across diverse lesion subtypes and multi-lesion coexistence patterns,
2) ablation on lesion-wise CoT adjudication to quantify FN and FP correction, and 3)
prospective deployment to validate clinical faithfulness and workflow efficiency.

Comparison with representative baseline methods We evaluate report generation using
lesion-specific metrics, where a prediction is counted as correct only if it matches
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3. T2 white-matter hyperintensities (likely of vascular origin), Fazekas grade 2, and
cerebral atrophy. Correlate with clinical findings and other relevant examinations.

BRAVE generated report
1@ Step 1-Lesion identification
Lacunar infarction (915 mm°): Moderate-sized focus overlapping the Right Cerebellar Hemisphere ... Action: KEEP(21) Acute infarction (8,246 mm?): Predominantly
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conservatively. Action: ADD(26, mild atrophy)

Step 4 - Diagnostic Synthesis

1. A consolidated right-sided hemorrhagic complex with mass effect, involving the temporo-occipital region and deep gray matter; thalamic and centrum-semiovale
extension is included only if corroborated on the current sequences. Consider follow-up or complementary evaluation
2. Chronic lacunar infarcts consistent with small-vessel disease, involving the brainstem (pons) and bilateral basal g
3. Moderate periventricular/deep white-matter changes of presumed vascular origin (Fazekas 2) with concomitant cel

MedLLaVA generated report
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relevant examinations.) y
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CVIT generated report with
1. hallucination
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ChatCAD generated report (Purple):
1. Hemorrhagic lesion clusters are identified in the right temporal and parietal lobes, sparing the thalamus. Incorrect
2. Chronic infarctions are present in the cerebellar hemispheres and right basal ganglia with
3. T2 hyperintensities (Fazekas grade 2), omission

Fig. 4. Qualitative example of lesion-wise CoT adjudication and report generation. BRAVE pro-
gressively verifies and refines lesion proposals through four-stage CoT reasoning, reducing omis-
sions and hallucinations compared with baseline VLMs.

both the anatomical location and the lesion subtype. As shown in Fig. 3a, BRAVE
consistently outperforms representative baseline methods, including MedLLaVA [12],
ChatCAD [21], and CVIT [11], across all lesion subtypes. Overall, BRAVE surpasses the
strongest baseline (ChatCAD) by 8—12% on hemorrhage- and infarction-related lesions
and achieves a mean lesion-specific accuracy of 86.7%. These results indicate improved
lesion localization and characterization. Notably, the gains remain consistent on rare
subtypes, including CMB and metastatic tumors, suggesting improved robustness under
long-tailed distributions.

Since multiple abnormalities frequently co-occur in real clinical cases, we further
assess performance under increasing diagnostic complexity (Fig. 3b). BRAVE maintains
strong lesion-specific accuracy across diverse coexistence patterns, with an average ac-
curacy of 87.1% under two-lesion coexistence and 86.6% under three-lesion coexistence,
and remains reliable even in highly complex cases with four distinct coexisting lesion
subtypes (85.0%). These results support the robustness of lesion-wise verification and
cross-lesion integration enabled by our CoT.

Finally, we perform qualitative case studies to evaluate BRAVE. Fig.4 shows that one-
pass VLMs often generate reports containing omissions or hallucinations. In contrast,
BRAVE applies lesion-wise CoT adjudication to reduce such errors. Overall, these cases



8 Y. Liu et al.

Table 1. Ablation study of lesion-wise CoT adjudication and input evidence.

Block A: Backbone X lesion-wise CoT adjudication ‘ Block B: Evidence necessity
Backbone K/S +M +R  +A (Full) ‘ Evidence Acc. (%)
Evidence fixed to Vimg + d¢ + ve | Backbone fixed to Qwen2.5-7B-Instruct
Qwen2.5-7B-Instruct 845 854 86.1 86.7 Vimg only 76.8
Llama-3.1-8B-Instruct 83.6 84.6 852 85.7 Vimg + de 80.9
GLM-4-9B-Chat 832 84.1 848 85.3 Vimg + Ve 82.1
DeepSeek-R1-Distill-Qwen-7B  83.8  84.7 85.5 86.0 Vimg + de + ve 86.7

demonstrate that lesion-wise Col adjudication yields more complete and internally
consistent reports that better match radiologist descriptions.

Ablation study We first quantify the contribution of input evidence and action-level
CoT adjudication in Tablel. In Block A, lesion accuracy increases monotonically as
we cumulatively enable KEEP/SUPPRESS (K/S), MERGE (+M), RELABEL (+R),
and ADD (+A). For the best-performing backbone (Qwen2.5-7B-Instruct), accuracy
improves from 84.5% (K/S) to 85.4% (+M), 86.1% (+R), and 86.7% with the full ac-
tion set (+A). The progressive gains are attributable to each action: K/S suppresses
anatomically implausible candidates to reduce FPs, MERGE consolidates duplicated
detections, RELABEL fixes subtype mismatches using localized evidence, and ADD
recovers missed lesions in high-risk regions. This monotonic improvement is consis-
tent across Llama-3.1-8B [4], GLM-4-9B [7], and DeepSeek-R1-Distill-Qwen-7B[5],
suggesting the benefit comes from the detect-then-verify design rather than a specific
backbone. In Block B (evidence necessity), relying on global image tokens Viy,g alone
yields the lowest lesion accuracy (76.8%), indicating that global context without explicit
lesion-level evidence is insufficient for faithful localization and subtype characterization.
Adding structured lesion attributes d, improves accuracy to 80.9%. Using lesion-aligned
visual embeddings v, achieves a higher accuracy (82.1%), highlighting that localized
appearance cues are particularly important for distinguishing subtle lesions. Combining
d¢ and v, produces the strongest evidence-based performance, supporting their comple-
mentarity: d, constrains anatomical plausibility, while v, strengthens appearance-driven
subtype discrimination.

We then localize the error patterns via a region-wise analysis over four major lesion
categories (Fig. 3c) by removing lesion-wise Col adjudication and directly generating
reports from the same inputs. In this setting, FN errors concentrate on the anatomically
complex deep structures, with higher rates in the thalamus, basal ganglia, and brainstem
(8—15%) than in cortical regions (2-5%). FP errors show complementary, lesion-specific
spatial biases: hemorrhage and tumor have higher FP rates near periventricular and
extra-axial zones (8—12%), whereas infarction shows lower FP rates in frontal and
parietal cortices (2-4%). These patterns indicate that single-pass reporting without
verification is vulnerable to FN-prone high-risk regions and artifact-driven confounders
in anatomically ambiguous areas. With lesion-wise CoTI adjudication, BRAVE mitigates
these errors, thereby reducing error propagation into the final report.
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Prospective clinical workflow evaluation To validate clinical utility, we integrated
BRAVE into the daily workflow of a radiology department for three weeks. The study
involved six residents (drafters) and three attending radiologists (reviewers). As shown
in Fig. 3d, Al assistance shifts report quality ratings toward higher quality categories,
increasing the proportion of acceptable drafts (Excellent + Good) and reducing Moder-
ate/Poor cases across resident groups. Also, this quality gain translates into measurable
time savings: resident drafting time decreases in 5/6 groups by 3.6—15.4% (Fig. 3e), and
attending review time is reduced for all three attendings by 17.4-32.8% (Fig. 3f). This
confirms that BRAVE does not merely generate text, but produces review-ready drafts
that alleviate the correction burden on attending radiologists.

5 Conclusion

In this work, we present BRAVE, a lesion-grounded VLM that couples lesion-specific
expert proposals with lesion-wise Col reasoning to generate clinically faithful brain
MRI reports. BRAVE consistently improves lesion-level fidelity and performs robustly
across diverse lesion subtypes, while preserving high accuracy under multi-lesion co-
existence. Blinded reader assessments further support its reliability. Overall, BRAVE
moves automated neuroimaging reporting beyond one-step text synthesis toward explicit
lesion-grounded verification, providing a scalable foundation for trustworthy radiology
report generation.
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