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1. Implementation Details and Exact Scoring
in NIA-AA Diagnostic Reward

NIA-AA Diagnostic Reward (RNIA-AA) Provides compre-
hensive clinical assessment through a multi-dimensional
scoring framework that evaluates diagnostic accuracy
against established NIA-AA standards. The reward inte-
grates three core components:

RNIA-AA = 0.4 ·Rcat + 0.3 ·Rbio + 0.3 ·Rfeat. (1)

Diagnostic Category Alignment (Rcat) ensures precise
classification into standardized diagnostic categories (CN,
MCI, Dementia) through keyword matching and exclusion
criteria validation. This component evaluates both the pres-
ence of appropriate diagnostic terminology and the absence
of contradictory indicators.

Biomarker Consistency Assessment (Rbio) quantifies
the coverage and contextual accuracy of essential AD
biomarkers (Aβ, tTau, pTau). The scoring incorporates both
mention frequency and pathological status characterization
(normal/abnormal patterns) based on established clinical
thresholds.

Clinical Feature Comprehensiveness (Rfeat) evaluates
the depth of cognitive domain analysis across memory, ex-
ecutive function, visuospatial abilities, and language do-
mains. The scoring rewards not only feature inclusion but
also detailed characterization within specific subdomains.

This structured approach ensures rigorous adherence to
NIA-AA diagnostic protocols while maintaining computa-
tional efficiency through weighted component integration.

The NIA-AA diagnostic reward function provides
a comprehensive assessment framework for evaluating
Alzheimer’s disease diagnostic reports generated by our
model. This multi-dimensional scoring system ensures
clinical accuracy and adherence to established NIA-AA
diagnostic standards through three core components with
weighted integration:
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RNIA-AA = 0.4 ·Rcategory+0.3 ·Rbiomarker+0.3 ·Rfeature (2)

1.1. Diagnostic Category Matching (Rcategory)
The diagnostic category component evaluates the accuracy
of diagnostic classification through multi-tiered keyword
validation. This 40%-weighted component ensures precise
alignment with standard diagnostic categories (CN, MCI,
Dementia) while penalizing contradictory terminology.

The scoring incorporates inclusion validation and exclu-
sion penalty mechanisms:

Rcategory = Iinclusion · (1− Iexclusion) +Rstaging (3)

where Iinclusion validates presence of category-
appropriate keywords, Iexclusion penalizes contradictory
terminology, and Rstaging provides additional scoring for de-
mentia stage assessment.

1.2. Biomarker Consistency (Rbiomarker)
The biomarker consistency component (30% weight) evalu-
ates both coverage and pathological characterization of core
AD biomarkers (Aβ, pTau, tTau). The assessment employs
clinical importance weighting and status consistency vali-
dation.

The scoring formula integrates mention frequency and
status accuracy:

Rbiomarker =
∑
b∈B

wb ·(α · Imention(b) + β · Istatus(b)) (4)

where B = Aβ, pTau, tTau represents the biomarker set,
wb denotes clinical weights (wAβ = 0.4, wpTau = 0.3,
wtTau = 0.3), Imention detects biomarker presence, and
Istatus evaluates pathological status consistency.

Status assessment utilizes pattern recognition for nor-
mal/abnormal classification:
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Istatus(b) =

∑
p ∈ P normal

b I(p) +
∑

p∈P abnormal
b

I(p)
|P normal

b ∪ P abnormal
b |

(5)

where Pb represents status-indicative patterns for
biomarker b.

1.3. Clinical Feature Coverage (Rfeature)
Clinical feature assessment (30% weight) evaluates cogni-
tive domain coverage across memory, executive function,
visuospatial abilities, and language domains. The scoring
incorporates both breadth of coverage and descriptive speci-
ficity with clinical significance weighting.

The comprehensive scoring framework:

Rfeature =
∑
f∈F

wf · (γ · Idomain(f) + δ · Ispecificity(f))

(6)
where F = memory, executive, visuospatial, language

represents cognitive domains, wf denotes clinical signifi-
cance weights, Idomain evaluates primary domain cover-
age, and Ispecificity assesses subdomain characterization
depth.

Domain-specific weighting reflects clinical importance
in AD diagnosis:

wf =


0.4 memory
0.3 executive function
0.2 visuospatial abilities
0.1 language

(7)

1.4. Text Processing Pipeline
The reward function employs a robust text processing work-
flow including format sanitization, case normalization, and
clinical tokenization. Structured field extraction utilizes
regular expression patterns:

Diagnosis = extract(response, ⟨diagnosis⟩.∗?⟨/diagnosis⟩)
(8)

Reasoning = extract(response, ⟨reasoning⟩.∗?⟨/reasoning⟩)
(9)

This algorithmic framework ensures rigorous adherence
to NIA-AA diagnostic protocols while maintaining compu-
tational efficiency through weighted component integration.
The implementation provides clinically meaningful reward
signals that guide the reinforcement learning process toward
generating accurate, comprehensive, and logically consis-
tent AD diagnostic reports.

2. AD-MultiSense Dataset Statistics and Pre-
processing

2.1. Multimodal Data Collection

To enable MLLMs to perform both physiological under-
standing and diagnostic reasoning over heterogeneous med-
ical data, we construct a multimodal dataset that conforms
to established clinical logic, as shown in Fig. 1. Raw data
are collected from the ADNI [7] and AIBL [3] cohorts, cov-
ering a wide spectrum of patient characteristics and disease
stages. For each subject, we acquire sMRI scans alongside
six types of clinical data encompassing demographic, cog-
nitive, and biochemical information. After aligning data
across modalities and visit timepoints, we curate a total
of 10,378 multimodal samples from 2,619 unique subjects.
Each sample reflects a consistent physiological state at a
specific visit, enabling clinically valid reasoning over dis-
ease progression.

To enhance clinical interpretability, quantitative mea-
surements are systematically converted into standardized
textual reports. For sMRI analysis, we calculate age-
adjusted z-scores for structural volumes (e.g., hippocam-
pal/ventricular) using population norms, with textual de-
scriptors generated based on established thresholds: bi-
lateral hippocampus atrophy is reported as “mild” (1 ≤
|z| < 1.5), “moderate” (1.5 ≤ |z| < 2), “significant”
(2 ≤ |z| < 3) or “profound” (|z| ≥ 3). Similarly,
laboratory data undergoes z-score normalization against
age/sex-matched cohorts, though only clinically signifi-
cant abnormalities (|z| > 2.0) are included in final re-
ports. Biomarkers are consistently interpreted with con-
textual information, and each value is accompanied by
reference-based interpretation, e.g., ”Amyloid beta: 858.30
pg/mL (normal).” This quantitative-to-textual transforma-
tion bridges raw biomarker measurements with clinically
meaningful narratives, enabling natural language reasoning
about pathological changes while preserving data fidelity.

The vision description generation module transforms
quantitative neuroimaging measurements into clinically in-
terpretable natural language descriptions. This transforma-
tion employs a multi-step analytical process that contextu-
alizes individual volumetric data within population-based
reference distributions. For each brain structure of inter-
est, the system first establishes an age and gender-matched
reference cohort derived from cognitively normal subjects.
This cohort is stratified into decade-wide age groups (50-
59, 60-69, 70-79, 80-89 years) with separate distributions
maintained for male and female populations.

Three core metrics are computed to quantify deviations
from normative values. The Z-score represents standard de-
viation units from the reference mean, calculated as

Z = (Vsubject − µref )/σref (10)



Gender: 10378 (100.0%)
Age: 10376 (100.0%)

Education: 9381 (90.4%)Handedness: 2550 (24.6%)
Race: 2550 (24.6%)

MMSE: 10348 (99.7%)
Logical Memory: 7432 (71.6%)

MoCA: 5420 (52.2%)

APOEε4 alleles: 10328 (99.5%)
whole brain: 8576 (82.6%)

ventricular: 8351 (80.5%)
hippocampal: 7712 (74.3%)

entorhinal cortex: 7320 (70.5%)
fusiform gyrus: 7320 (70.5%)
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Vitamin B12: 291 (2.8%)
Serum Glucose: 289 (2.8%)
Platelets: 269 (2.6%)
RBC: 269 (2.6%)
Hemoglobin: 266 (2.6%)

Florbetapir (AV45): 2779 (26.8%)
Total tau: 2529 (24.4%)
Phosphorylated tau: 2525 (24.3%)

Amyloid beta: 2166 (20.9%)
Flobetaben (FBB): 281 (2.7%)

Musculoskeletal: 1970 (19.0%)
Cardiovascular: 1844 (17.8%)

Major Surgical Procedures: 1633 (15.7%)
Head, Eyes, Ears, Nose and Throat: 1392 (13.4%)
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Figure 1. Disease and Modality Distribution of AD-MultiSense Dataset.

where Vsubject is the observed volume, µref is the ref-
erence mean, and σref is the reference standard deviation.
The percentile rank indicates the proportion of healthy indi-
viduals with smaller volumes, derived from the cumulative
distribution function of the reference population. The per-
centage difference expresses relative deviation as

∆% = (Vsubject − µref )/µref × 100, (11)

providing an intuitive measure of volumetric change.
Clinical severity classifications incorporate structure-

specific pathological directionality. For atrophy-sensitive
structures including the hippocampus, entorhinal cortex,
fusiform gyrus, middle temporal gyrus, and whole brain,
we apply the criteria in Table 1:

Table 1. Clinical interpretation of Z-scores for brain structures

Z-score Range Clinical Interpretation

Z < −3 Profound atrophy
−3 ≤ Z < −2 Significant atrophy
−2 ≤ Z < −1.5 Moderate atrophy
−1.5 ≤ Z < −1 Mild atrophy
−1 ≤ Z ≤ 1 Normal volume
1 < Z ≤ 1.5 Mild enlargement
1.5 < Z ≤ 2 Moderate enlargement
2 < Z ≤ 3 Significant enlargement
Z > 3 Profound enlargement

These thresholds align with established radiological
practice while maintaining statistical rigor.

Natural language generation follows a standardized tem-
plate that synthesizes these quantitative metrics into clini-
cally actionable interpretations for all six structures. Each
description includes four key elements: 1) the absolute vol-
umetric measurement, 2) percentage difference from the
reference mean, 3) Z-score with corresponding percentile
rank, and 4) clinical severity assessment. The template dy-
namically adapts terminology based on pathological direc-
tionality, using ”below” and ”atrophy” for cortical struc-
tures versus ”above” and ”enlargement” for ventricles. This
approach ensures consistent reporting while maintaining
clinical relevance across diverse brain structures.

Table 2 presents representative outputs of the vision
description generation system for all six brain structures.

These structured interpretations provide clinicians with im-
mediately actionable information by contextualizing quan-
titative measurements within population norms. The com-
prehensive coverage of ventricles, hippocampal formation,
global brain volume, and temporal lobe structures enables
a holistic assessment of neurodegenerative patterns. The
framework’s modular design permits seamless integration
of additional brain regions while maintaining standardized
reporting protocols across neuroimaging evaluations.

Figure 3 presents a comparative analysis of six key
brain structure volumes across diagnostic groups: cog-
nitively normal (CN), mild cognitive impairment (MCI),
and Alzheimer’s disease dementia (AD/Dementia). Vio-
lin and box plots demonstrate significant volumetric dif-
ferences in all structures that effectively discriminate be-
tween diagnostic categories. Most notably, ventricu-
lar volume exhibits progressive enlargement across the
CN→MCI→AD continuum, while hippocampal, entorhi-
nal, and mid-temporal volumes show corresponding step-
wise reductions. Fusiform and whole brain volumes simi-
larly decrease with disease progression. The distributions
reveal three critical patterns: 1) AD patients consistently
demonstrate the most pronounced atrophy (or ventricular
expansion), 2) MCI subjects exhibit intermediate values
with greater distributional overlap with both CN and AD
groups, and 3) CN individuals maintain the highest pre-
served volumes. These z-score distributions provide robust
imaging biomarkers that collectively differentiate diagnos-
tic categories, with ventricular and hippocampal measures
showing the most distinct group separation.

Figure 2 presents a comprehensive analysis of hip-
pocampal volume Z-scores, normalized to age- and gender-
matched cognitively normal references. Panel A shows the
overall distribution with clinically significant thresholds at
Z = -1 and Z = -2, revealing a right-skewed distribution in-
dicative of hippocampal atrophy in the cohort. The box-
plot analysis in Panel B demonstrates progressive Z-score
reduction across the diagnostic continuum (CN → MCI →
Dementia), with females exhibiting consistently lower Z-
scores than males within each diagnostic category (∆Z =
[gender-diff], p ≤ 0.001).



Table 2. Representative vision descriptions for brain structures

Structure Generated Description

Ventricles Ventricular volume measures 42,500 mm3, 32.5% above the reference mean (32,070 ± 2,850 mm3).
With a Z-score of 3.65 (99.9th percentile), this represents significant enlargement.

Hippocampus Hippocampal volume measures 2,850 mm3, 28.2% below the reference mean (3,970 ± 350 mm3) for
this demographic. The Z-score of -3.21 (0.1th percentile) indicates significant atrophy.

Whole Brain Whole brain volume measures 950,000 mm3, 8.7% below the reference mean (1,040,000 ± 45,000
mm3). The Z-score of -2.00 (2.3th percentile) demonstrates mild atrophy.

Entorhinal Cortex Entorhinal cortex volume is 2,350 mm3, 35.1% below reference values. The Z-score of -3.02 (0.1th

percentile) is consistent with significant atrophy.

Fusiform Gyrus Fusiform gyrus volume measures 18,600 mm3, 15.3% below the reference mean (21,970 ± 1,850
mm3). With a Z-score of -1.82 (3.4th percentile), this suggests mild atrophy.

Middle Temporal Gyrus Middle temporal gyrus volume measures 17,600 mm3, 22.7% below the reference mean (22,750 ±
2,100 mm3). The Z-score of -2.45 (0.7th percentile) demonstrates significant atrophy.

Figure 2. Distribution of hippocampal Z-scores across demographic and clinical dimensions.

Panel C illustrates the interaction between aging and
neurodegeneration, where dementia patients show substan-
tially lower Z-scores across all age groups, particularly in
the 70-79 cohort. The scatterplot in Panel D confirms the
expected age-related decline in hippocampal volumes (r =
[correlation-value], p ≤ [p-value]), while highlighting the
diagnostic separation maintained across the age spectrum.

The horizontal reference lines at Z = -1 and Z = -2 provide
clinical context for interpreting individual data points.

2.2. Reasoning Generation

Based on these raw data, we construct multimodal QA pairs
from disease-level diagnostic reasoning. The process be-
gins by querying the Thinker model (DeepSeek-V3) using



Figure 3. Volumetric distributions of six brain structures across di-
agnostic groups. Left column: Violin plots showing density distri-
butions and quartiles. Right column: Box plots with white circles
indicating means. Structures shown (top to bottom): Ventricles,
Hippocampus, WholeBrain, Entorhinal, Fusiform, and MidTemp.
CN = Cognitively Normal (n=2732), MCI = Mild Cognitive Im-
pairment (n=3150), Dementia = Alzheimer’s Disease Dementia
(n=1349). Note progressive ventricular enlargement and hip-
pocampal/entorhinal atrophy across the CN→MCI→AD contin-
uum.

a structured diagnostic prompt template:

SYSTEM PROMPT: "You are an
Alzheimer’s specialist. Analyze
the data and provide:

1. Reasoning
2. Final diagnosis:
CN/MCI/Dementia
3. Confidence level:
High/Medium/Low
Format:
Reasoning: [analysis]
Diagnosis: [CN/MCI/Dementia]
Confidence: [High/Medium/Low]"

This is an initial response ⟨R0, C0⟩ = Thinker(M,Pd),
where R0 denotes the reasoning chain, C0 is the preliminary
diagnosis, M represents multimodal inputs (i.e., sMRIs and
clinical data), and Pd is the diagnosis prompt.

The Validator module evaluates C0 against ground truth
diagnoses. When mismatches occur, the system triggers re-
thinking cycles: the Thinker regenerates reasoning using re-
finement prompts (Pr) constructed from explicit NIA-AA
criteria dictionaries. These dictionaries map clinical find-
ings to diagnostic rules, enabling targeted feedback. This
iterative process continues for up to N cycles (i.e., 2), with
random expert sampling providing quality control.

For cases where diagnosis remains incorrect after N iter-
ations, the prompts with correct diagnosis (Pc) is explicitly
provided to the Thinker, instructing it to correct its reason-
ing and conclusion accordingly. The Thinker then produces
final reasoning RF and diagnosis CF , formatted into train-
ing pairs ⟨M ◦ Pd, R

F ◦ CF ⟩ for supervised fine-tuning.

3. Hyperparameters for Optimization
Optimization hyperparameters used during training are
listed: Learning Rate 1e−4 for LLaMA and 5e−5 for back-
bone models. Batch Size 4 per batch. Contrastive Temper-
ature (τ ) 0.07 for contrastive learning between text and im-
age features. Distillation Temperature 2.0 for GTX-Distill
distillation process. KL Weight (λKL) 1.0 for the distilla-
tion loss. Group Size (G) 4, Clipping Parameter (ϵ) 0.2 and
KL Coefficient (β) 0.1 for Executable-Rule GRPO.

The LLaMA 3.2-1B model [4] is used as the text de-
coder with rank-8 LoRA adapters [5]. The LLaMA model
consists of multiple layers, and in this work, we employ
LoRA to improve performance while maintaining compu-
tational efficiency. A 3D Vision Transformer (ViT) [2] is
used to process sMRI images. The model has been adapted
to handle 3D volumetric data, which is crucial for work-
ing with medical imaging data such as MRI scans. We
utilize the Longformer encoder [1] to handle clinical text
data. Longformer is known for its efficient handling of long
sequences, and it is essential for processing medical and
clinical records. For SEA Grounding, we adopt the Seg-
former3D architecture [6]. This model is particularly effec-
tive in segmentation tasks and is adapted to handle 3D data
from medical scans. The model uses a 768-dimensional text
embedding and a contrastive temperature of τ = 0.07. The



model employs a 4-layer 3D decoder for generating the re-
constructed sMRI scans. This decoder is responsible for
taking the embeddings generated by the vision and text en-
coders and reconstructing the target outputs.

4. Cross-cohort Generalization

To evaluate the generalization capability of EMAD across
different patient cohorts, we conduct cross-dataset exper-
iments: training on the ADNI dataset and testing on the
AIBL dataset. Table 4 summarizes the diagnostic perfor-
mance of EMAD and baseline methods under this setting.
EMAD achieves an accuracy of 85.6% and an AUC of
84.3% on AIBL when trained solely on ADNI, demonstrat-
ing robust cross-cohort generalization. This suggests that
the evidence-grounded reasoning and multimodal align-
ment in EMAD help mitigate dataset-specific biases and
improve model reliability in real-world clinical settings.

5. Label Efficiency via GTX-Distill

To evaluate the label efficiency of our proposed GTX-Distill
framework, we conducted experiments with varying frac-
tions of fully annotated grounding data. As shown in Ta-
ble 3, we trained teacher models with different amounts
of grounding supervision (10%, 25%, 50%, and 100% of
the training set) and then distilled this knowledge to student
models using GTX-Distill on the full generated reports.

The results demonstrate that GTX-Distill effectively
transfers grounding knowledge even with limited annota-
tions. Notably, with only 25% of grounding labels, the
student model retains approximately 81% of the teacher’s
sentence-evidence retrieval performance and 90% of the
evidence-anatomy segmentation quality. This highlights the
practical value of GTX-Distill in reducing annotation costs
while maintaining grounding faithfulness in clinical report
generation.

Furthermore, we observed diminishing returns beyond
50% annotation coverage, suggesting that GTX-Distill can
achieve near-optimal performance with half the annotation
effort required for full supervision. This makes our ap-
proach particularly suitable for medical domains where ex-
pert annotations are scarce and expensive to obtain.

6. Qualitative Results

We present additional qualitative examples to demonstrate
EMAD’s capability in generating evidence-grounded diag-
nostic reports. Figure 5 shows two representative cases
comparing EMAD’s outputs with ground truth reports.

Figure 4 demonstrates EMAD’s evidence-to-anatomy
grounding capability, showing how clinical evidence
phrases trigger precise 3D segmentation of relevant brain
structures.

(a) Hippocampus segmentation
triggered by ”hippocampal atrophy”

(b) Ventricular segmentation
triggered by ”ventricular enlargement”

Figure 4. Evidence-conditioned 3D anatomical segmentation.
Each clinical evidence phrase activates segmentation of the corre-
sponding brain structure, providing explicit anatomical grounding
for report claims.
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Case 1: Mild Cognitive Impairment (MCI)

Ground Truth EMAD
Reasoning: Moderate hippocam-
pal atrophy (-28%), normal ven-
tricular volume. MMSE: 28,
MoCA: 24 indicates mild execu-
tive dysfunction. APOEe4: 1 al-
lele.

Reasoning: Significant hip-
pocampal volume reduction
(27.3% below mean) with
preserved whole-brain volume.
MoCA score of 20 suggests mild
cognitive impairment.

Diagnosis: MCI — Confidence:
Medium

Diagnosis: MCI — Confidence:
High

Evidence Grounding:
• Hippocampal volume: 4,724 mm³ (-27.3%)
• MoCA score: 20/30

Case 2: Alzheimer’s Disease (AD)

Ground Truth EMAD
Reasoning: Severe bilateral hip-
pocampal atrophy, ventricular en-
largement. MMSE: 20, signifi-
cant memory impairment. Ele-
vated A and pTau biomarkers.

Reasoning: Diffuse cortical atro-
phy with pronounced medial tem-
poral lobe involvement. Hip-
pocampal volume 35% below ref-
erence. A PET SUVR: 1.78, con-
sistent with amyloid pathology.

Diagnosis: AD — Confidence:
High

Diagnosis: AD — Confidence:
High

Evidence Grounding:
• Hippocampal volume: 3,892 mm³ (-35.1%)
• Aβ PET: 1.78 SUVR
• MMSE: 20/30

Figure 5. Qualitative examples comparing EMAD-generated re-
ports with ground truth annotations. EMAD produces clinically
coherent reasoning chains while explicitly linking claims to sup-
porting evidence and anatomical structures.
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