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Abstract

Multimodal large language models (MLLMs)
have shown strong performance in perception
and question-answering, but many clinical de-
cisions require reasoning across observations
collected over time rather than from a single
input. We study this problem in longitudinal
modeling, where evidence evolves across vis-
its. We introduce LUMINA (LongitUdinal
MultImodal reasoNing Agent), a single-agent
framework that incrementally builds an au-
ditable evidence state before making predic-
tions. Instead of predicting directly from all
observations, LUMINA organizes current evi-
dence, compares observations across prior vis-
its, maintains longitudinal memory, optionally
retrieves relevant cross-subject summaries, and
verifies whether the accumulated evidence sup-
ports the final decision. We evaluate LUMINA
on two subject-level benchmarks: Alzheimer’s
disease classification and 36-month progres-
sion forecasting from observed visit prefixes.
Across nine MLLM backbones, LUMINA con-
sistently outperforms MLLM baselines and an
adapted medical reasoning agent, achieving
13.8%—18.5% relative balanced accuracy gains
on classification and 16.8%—-24.8% gains on
progression forecasting over the strongest non-
agent baseline. Additional evaluations preserve
the same method ordering on Parkinsonian-
state classification and breast cancer treatment-
response prediction.

1 Introduction

Recent studies have shown strong capabilities of
multimodal large language models (MLLMs) in
perception, instruction following, and reasoning
over static inputs (Alayrac et al., 2022; Li et al.,
2023b; Liu et al., 2023; Zhang et al., 2024). How-
ever, many real-world tasks require reasoning

*This work was done prior to joining Amazon.

across time: maintaining state, comparing histori-
cal evidence, selecting relevant observations, and
deciding when evidence is sufficient for a final pre-
diction. We refer to this setting as longitudinal
reasoning. Such problems arise when observations
are collected over repeated visits, modalities are
heterogeneous or partially observed, and temporal
change is critical to decision-making, especially in
medical imaging. Disease progression modeling is
a representative example, as biomarkers and clini-
cal evidence evolve across longitudinal trajectories
(Jack et al., 2010, 2018).

Longitudinal clinical reasoning combines com-
parison with recent prior observations and integra-
tion of longer-term trajectory evidence. This mo-
tivates an agentic formulation in which evidence
selection, memory update, and decision sufficiency
are represented explicitly rather than left implicit
in a long prompt. In contrast, most current MLLMs
collapse memory management, evidence selection,
and prediction into a single prompt over the current
input and loosely formatted history, making the
reasoning process difficult to control and interpret.

Long contexts can impair performance even with
perfect retrieval (Du et al., 2025). For tasks requir-
ing grounding, evidence selection, memory, and
verification, we therefore expose these operations
explicitly rather than rely on a single long prompt.
Recent agentic systems show that LLMs can be
scaffolded with structured planning, memory, con-
trol, and verification modules, allowing them to
handle problems that are harder to solve with direct
prompting alone (Zhou et al., 2023; Sumers et al.,
2024; Masterman et al., 2024; Liu et al., 2024;
Xu, 2026). Across these systems, the key idea is
not simply to add more steps, but to organize rea-
soning into reusable components that guide what
the model attends to, stores, checks, and acts on
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Figure 1: Comparison between collapsed static prompting (left) and LUMINA’s structured longitudinal reasoning
(right). Both paradigms receive the same routed multimodal subject history; when supplied by the benchmark
protocol, both also receive the same reference comparators for interpretation calibration.

(Yao et al., 2023; Shinn et al., 2023; Madaan et al.,
2023; Gou et al., 2024; Fu et al., 2025). Most cur-
rent agentic frameworks are designed for general
tool use, open-ended task solving, or staged self-
correction rather than specifically for evidence dis-
tributed across irregular visits, partially observed
modalities, and temporally evolving trajectories.
Longitudinal reasoning therefore calls for an agent
design in which memory construction, temporal
comparison, and evidence sufficiency are explicit
first-class operations rather than implicit side ef-
fects of a long prompt.

In this paper, we formulate longitudinal mul-
timodal reasoning as an agentic memory-and-
control problem. To this end, we propose
LUMINA (LongitUdinal MultImodal reasoNing
Agent), which implements this idea through a
staged inference loop. Figure 1 introduces the cen-
tral contrast at a conceptual level. LUMINA differs
primarily in how subject-specific longitudinal ev-
idence is organized before prediction: the visible
history is converted into an explicit comparison-
and-memory process rather than collapsed into a
single prompt. LUMINA additionally supports op-
tional retrieval from a frozen cross-subject memory
bank constructed from disjoint subjects, whose con-
tribution is isolated in the ablation analysis. It first
inspects the subject’s history to determine which
modalities and prior anchors to query, grounds the
current visit, calibrates visual interpretation using
shared reference comparators when supplied by
the benchmark protocol, compares selected modali-
ties against subject-specific same-modality anchors,
and reconciles the resulting findings into a visit-
level evidence state. LUMINA maintains a com-

pact trajectory memory that preserves the most rel-
evant events and can optionally retrieve analogous
trajectories from a frozen cross-subject bank dis-
joint from the evaluation cohort. Before producing
a final prediction, the agent builds a task-specific
belief state and runs a bounded audit-and-repair
step when the current evidence is incomplete or
internally inconsistent. The backbone MLLM re-
mains the reasoning engine, but it now operates
over a structured, auditable agent state rather than
an unstructured concatenation of longitudinal ob-
servations.

Our contributions are threefold: i) We formu-
late longitudinal multimodal reasoning for medi-
cal imaging as a memory-and-control problem and
propose LUMINA, which constructs a compact
evidence state via anchor comparison, trajectory
memory, and optional cross-subject retrieval. ii)
We develop a multi-timescale longitudinal mem-
ory for local change and long-term trajectories, to-
gether with a bounded controller for grounding,
comparison, reconciliation, and belief formation.
iii) We evaluate LUMINA on disease classifica-
tion and progression forecasting tasks across di-
verse MLLM backbones, consistently outperform-
ing MLLM baselines and an adapted medical rea-
soning agent.

2 Related Work

LUMINA builds on the emerging view that LLM-
powered agents are structured systems with ex-
plicit memory, control, and verification (Zhou et al.,
2023; Sumers et al., 2024; Masterman et al., 2024;
Liuetal., 2024; Xu, 2026). Our work is particularly
aligned with the argument that memory design and
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evidence control are first-class modeling choices.
Reasoning-action and self-correction. ReAct es-
tablished the usefulness of interleaving reasoning
and action (Yao et al., 2023). Reflexion, Self-
Refine, and CRITIC showed that staged feedback,
verification, and repair can improve reliability with-
out parameter updates (Shinn et al., 2023; Madaan
et al., 2023; Gou et al., 2024). We inherit the moti-
vation for bounded control and repair, but our con-
tribution is the longitudinal evidence-construction
architecture built around those ideas.

Medical multimodal reasoning. Recent biomed-
ical MLLMs and generalist medical Al systems
have expanded multimodal reasoning over medical
images and biomedical context (Tu et al., 2024; Li
et al., 2023a; Moor et al., 2023; Sellergren et al.,
2025; Pan et al., 2025). Agentic medical workflows
such as MedAgent-Pro further show that multi-step
evidence organization can improve medical rea-
soning over multimodal inputs (Wang et al., 2026).
Many multimodal medical systems are nevertheless
designed around cross-sectional inputs. LUMINA
instead constructs explicit evidence states across
irregular visits. The central challenge is to com-
pare informative prior anchors, compress longer-
horizon history, and turn those observations into
a task-specific judgment without exposing direct
label-defining clinical fields to the agent.
Reference-guided vision-language reasoning.
Recent work has studied reference image-guided
comparative diagnosis, where a medical MLLM
receives both a query image and a matched healthy
reference image to improve medical image inter-
pretation (Jin et al., 2025). This line of work is
closely related to our use of reference comparators
for interpretation calibration. A complementary
line of MLLM calibration work argues that visual
uncertainty and reasoning uncertainty should be
treated separately, because an incorrect answer can
arise from a perceptual failure or from a reasoning
error given correct perception (Xiao et al., 2026).
Sequential Monte Carlo. Sequential Monte Carlo
(SMC) has a long history as a principled method
for approximate inference under sequential uncer-
tainty (Gordon et al., 1993; Doucet et al., 2001).
We use it here as a trajectory-memory manager,
not as a generic search procedure. Cross-subject
memory complements this within-subject selection
by retrieving analogous longitudinal summaries
from a frozen, subject-disjoint bank under leakage-
controlled evaluation (Lewis et al., 2020; Kapoor
and Narayanan, 2023). This framing motivates the

concrete design choices in LUMINA, which we
describe next.

3 Method

LUMINA is designed for longitudinal multimodal
reasoning rather than direct prediction from col-
lapsed history. Its core contribution is to turn an
irregular subject-history prefix into an explicit evi-
dence state before final prediction.

We consider a subject s with an irregular visit
sequence Vs = {1,...,Ts}. Each visit ¢ contains
an arbitrary subset of imaging modalities,

Xs,t = {l's,t,m tme Ms,t}a Ms,t CM,
where M denotes the full modality set. At target
visit ¢, the model observes only the subject-history
prefix X, <; and associated pre-target context c ;.
The goal is to construct a decision state from this
partially observed longitudinal history and map it
to the active benchmark label space.

For each subject-history prefix, LUMINA con-
structs an evidence state

_ visit traj
Ws,t = (Osﬂfa M37t s M37<t7 7;,t7
cross
Ms,t 7Es,t7 Ss,t)7
Bs,t = f@(ws,t)7 gs,t = H(Bs,t)'

Here C,; stores the grounded current-visit evi-

dence, MYF"* stores local same-modality compar-

. . traj . C.
ison evidence, M2} stores compact prior within-
2

subject trajectory evidence, and M stores op-
tional cross-subject context. F; and Ss; denote
the reconciled evidence and decision context used
to form the belief state B ;. Current-visit observa-
tions may be visually calibrated using benchmark-
supplied reference comparators R ; when avail-
able. The audit state A, ; is generated from the evi-
dence and belief states, while II deterministically
normalizes the final belief into the label space.

The overall workflow of LUMINA is illustrated
in Figure 2, with the corresponding procedure de-
tailed in Algorithm 1.

3.1 Longitudinal Evidence Construction

Current-visit grounding. The first step grounds
what is visible at the target visit before adding his-
torical evidence. Given the selected modality set
Mie% and task-specific inspection questions Q ;,
the MLLM extracts modality-level observations
O, from the currently available studies. This
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Figure 2: LUMINA as a longitudinal multimodal reasoning agent. The controller grounds the current visit, reviews
past same-modality evidence, updates visit and trajectory memory, optionally retrieves cross-subject context, verifies
evidence sufficiency, and then emits a task-specific belief state and benchmark prediction. When the benchmark
supplies shared reference comparators, they are used only to stabilize current-visit visual interpretation and are

provided to all compared methods.

grounding step records visible findings and uncer-
tainty without yet making a longitudinal judgment.
Intra-modality evidence. For each selected modal-
ity m, LUMINA identifies the most recent valid
prior study from the same subject and modality.
It then compares the current evidence C ; ,,, With
this prior anchor x; 4,, », and stores the resulting
change direction, change magnitude, confidence,
and uncertainty in M. If no valid anchor ex-
ists, the visit memory stores the current evidence
with an explicit unavailable-anchor flag rather than
assigning an unsupported change estimate.

Visit memory. The visit-level evidence MY is
a short-term state for the current decision point. It
keeps local evidence separated by modality, dis-
tinguishes current findings from within-subject
change evidence, and records whether each com-
parison is supported, contradicted, or unavailable.

3.2 Multi-Timescale Memory

A straightforward pipeline would concatenate all
prior visits into the prompt. LUMINA instead main-
tains memory at multiple timescales: visit memory

for the current decision point, compact trajectory
memory M, stftaj for longer-horizon within-subject
patterns, and optional cross-subject memory for
analogy-level context.

Trajectory memory. Each trajectory event is de-
rived from grounded observations and local com-
parison outcomes. It summarizes what was con-
cluded earlier: dominant modality changes, con-
flict patterns, unresolved uncertainty, and resulting
belief shifts. Trajectory memory is therefore a com-
pact trajectory representation built from the most
informative subset of those prior events.
SMC-guided event selection. To retain informa-
tive historical events under a fixed memory budget,
SMC-style compression decides which events re-
main active. Let H,; denote the set of historical
events available for trajectory compression at target
visit t. Each event e € H, ; receives a utility score

u(e) = Agg(e) + Accle) + Avr(e),

where g(e) is the event-level change grade, c(e)
is event confidence, and r(e) is an exponential re-
cency term, r(e) = exp (—In2- At(e)/7).
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Algorithm 1: LUMINA subject-level inference

Input: Multimodal history prefix X <, context cs, ¢, optional

references R s+, prior trajectory state M :?t, memory
bank B ¢, task profile
Result: Prediction g, + and auditable longitudinal trace

1 Initialize: MY < 0; MP*  0: Ty < 03 As o + 0

> Plan selected modalities, evidence needs, and valid anchors.

(MieL As,ty Qs,t) < Inspect(X s <t, Cs,t);

Og,t < Observe(Xs ¢, Qs,¢);

if R ¢ is available then

| Cs,t < CalibrateVisualRead(Os ¢, Rs,1);

[V VS )

else
| Cst+ Osp

-

> Build local comparison evidence.
8 foreach m € M®°! do

9 @ < GetAnchor(m, A +);
10 if a,, € A then
11 As,t,7n —
ComparePastEvidence(C's ¢, m, Ts,ay,,m):
12 else
13 | As 4m + CurrentOnlyEvidence(m, Cs );
it it ‘
14 MIF" = MITTU{Asem}s

> Optionally review compact trajectory evidence.
15 if NEEDTRAJECTORYCONTEXT(C's ¢, M5, M™),) then
16 L Tet REVIEWTRAJECTORY(M:'?t);

> Optionally retrieve cross-subject analogies.
17 if NEEDRETRIEVE(CS, ¢, MY, M, ¢, ;) then
18 L MET9%% < RetrieveCrossSubject(Bs, ¢, Cs ¢, MY'$',

MY, co0);
> Reconcile multimodal evidence and finalize belief.
19 Eg+ < ReconcileMultimodalEvidence(C's ¢, I\/I;'ifit,
MU, T, MEE™);
20 Ss,:+  BuildDecisionContext(C's ¢, MY'#'
traj ross .
Ms:zjtv M:,rt%hv Cs,t)s
21 B, + FinalBelief(Cs ¢, MY5™, Es v, Ss,e):
22 if HASCONTRADICTIONS (B ¢, Ss,¢) then
23 L B¢ + VerifyAndRepair(Bs ¢, Ss,t);
24 A+ Audit(Cy e, MY, Es v, Bs )
> Update compact trajectory memory.
25 J\I;’f; «— UpdateTrajectowStatesMc(M;r?t, Cst,
1\'{;,‘?"» E;t,Bst):
26 Gs,t < II(Bs,t);
27 return (Js,¢, As,t);

Utilities are normalized into event weights,

u(e)
Deren,, ue)

and the trajectory manager keeps the top- K active
events by weight. We refer to this as SMC-style
compression because it uses importance weight-
ing in the spirit of sequential Monte Carlo while
functioning here as a compact event-selection layer
rather than a full latent-state particle filter. It is not
a separate classifier and does not access labels.

Cross-subject memory. When the current sub-
ject history is limited or ambiguous, LUMINA can
retrieve compact summaries from a frozen cross-
subject memory bank with subject-disjoint con-
struction. Retrieval uses a deterministic similarity
search over numeric signatures derived from al-
lowed observations, trajectory statistics, modality

w(e) =

availability, and controller-trace features. Retrieved
records contain compact longitudinal summaries
and audit patterns rather than target labels, future
outcomes, cognitive scores, or label-defining clin-
ical variables. This component provides analogy-
level context rather than label retrieval.

3.3 Evidence Reconciliation and Final State

Evidence reconciliation. LUMINA reconciles
current observations C,;, local same-modality

change evidence M ISit compact trajectory mem-

ory M ;“r?t reviewed trajectory context 7y, and
optional cross-subject context M 3™ into a task-
specific evidence state F,;. The reconciliation
stage explicitly records which evidence sources
agree, which conflict, and which uncertainties re-
main unresolved.

Final belief and verification. The reconciled ev-
idence state is passed to a task-aware final belief
prompt. Before prediction, the controller runs one
bounded verification pass only when critical evi-
dence is missing or contradictions remain.

4 Experiments

4.1 Experimental setup

Dataset. The main benchmark experiments use
the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) research study (Mueller et al., 2005; Pe-
tersen et al., 2010; Weiner et al., 2017). We con-
struct longitudinal subject histories from struc-
tural MRI, amyloid PET, and tau PET acquisi-
tions, together with limited contextual metadata.
The indexed cohort contains 1,512 visit rows from
685 subjects, from which task-specific target se-
lection yields 380 AD-continuum targets and 401
progression-forecasting targets. Diagnosis fields,
cognitive scores, and other variables used directly
for target selection or label construction are ex-
cluded from model inputs. During inference, the
agent observes only the available imaging records
and limited demographic information available be-
fore making a final decision. Appendix D describes
target selection and cohort filtering.

We converted raw 3D DICOM imaging series
into standardized volumetric inputs and represented
each scan with three canonical 2D views: axial,
coronal, and sagittal center slices, which we treat
as a 2.5D representation. After reorientation, in-
tensity normalization, and resizing, the resulting
three views provide a common visual represen-
tation across MRI and PET. Appendix C details
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modality-specific preprocessing.

Tasks and Evaluation. We evaluate two bench-
marks from the same longitudinal cohort in the
Alzheimer’s disease (AD) domain. Both use the
multimodal history visible up to a target visit
as input, but differ in prediction target. The
AD-continuum classification benchmark predicts
the current state: cognitively unimpaired sub-
jects (CU), Preclinical AD, Symptomatic AD. The
progression-forecasting benchmark predicts a held-
out future outcome bucket: Stable, Mild progres-
sion, Clear progression over a fixed 36-month post-
target horizon. Future follow-up is used only for
label assignment in progression forecasting and is
hidden from the agent during inference.

Reference comparators for interpretation cali-
bration. We use shared reference comparators as
a benchmark-level interpretation-calibration pro-
tocol rather than as a LUMINA-specific reason-
ing module. The comparator pool is constructed
offline from cognitively unimpaired subjects and
frozen before evaluation. Within this fixed pool,
target-specific comparators are matched separately
by modality, using age as the primary variable and
sex as the secondary variable. Matching for an eval-
uated subject does not use that subject’s diagnosis
fields, cognitive scores, target label, progression
label, or future outcomes. The comparators pro-
vide shared visual anchors for interpreting protocol-
consistent MRI anatomy and low-burden PET up-
take and are supplied under the same protocol to
all compared methods.

Model Comparison. All methods are evaluated
on the same targets with the same 2.5D study
views, the same shared reference comparators, and
the same visible metadata. Reference selection is
frozen before inference. MedAgent-Pro is adapted
to the same routed longitudinal prefix and shared
reference comparators, but without LUMINA’s con-
troller and memory design. When cross-subject
memory is used, retrieval is restricted to a frozen
subject-disjoint bank, and online updates are dis-
abled during evaluation to prevent label leakage
(Kapoor and Narayanan, 2023; Rosenblatt et al.,
2024). Balanced accuracy is the primary metric
due to multi-class imbalance, with Macro-F1 re-
ported as a secondary metric. Main tables report
subject-level bootstrap 95% confidence intervals
for balanced accuracy, with full Macro-F1 uncer-
tainty in the appendix.

4.2 Main Results

Across the nine evaluated backbones, LUMINA
is the strongest method on both benchmarks (Ta-
ble 1); Figure 3 summarizes the GPT-40-mini com-
parison. Relative to the best non-agent baseline,
LUMINA improves balanced accuracy by 9.46—
11.89 points on AD-continuum classification and
by 10.63-14.27 points on progression forecasting.
The gains are not restricted to a single backbone
family: they appear for Qwen3-VL thinking and
instruct variants, medical MLLMs, and GPT-4o-
mini. MedAgent-Pro is generally stronger than
the non-agent baselines, but remains below LU-
MINA, suggesting that generic multi-step medical
reasoning is helpful but does not replace explicit
longitudinal evidence construction.

Figure 3: LUMINA improves over both MedAgent-Pro
and the best non-agent baseline on balanced accuracy
and Macro-F1 across the two tasks in the GPT-40-mini
setting. Red labels indicate the score gap relative to
LUMINA for the corresponding method and metric.

The best non-agent baseline is selected metric-
wise from MLLM Visit Sequence and MLLM Bun-
dle. To avoid conflating this selection with method
improvement, Appendix Tables 12 and 13 report
the full balanced-accuracy values for both non-
agent baselines.

4.2.1 AD-Continuum Classification

LUMINA improves performance on this task
across both balanced accuracy and Macro-F1. With
GPT-40-mini, LUMINA reaches 85.10 balanced ac-
curacy and 81.46 Macro-F1, compared with 82.72
and 77.28 for MedAgent-Pro and 74.36 and 69.36
for the best non-agent baseline. The per-class anal-
ysis in Appendix Table 15 shows that the improve-
ment is not limited to the easiest categories. LU-
MINA performs well on CU and Symptomatic AD,
while the Preclinical AD class remains the hardest
class, consistent with its intermediate biological
and clinical profile.

Interpretation calibration is particularly impor-
tant for this task. Appendix Table 20 shows that
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Table 1: Main benchmark results on the AD-continuum and progression-forecasting tasks. Balanced accuracy is
reported as the point estimate with the 95% bootstrap confidence-interval half-width. For each backbone, task, and
metric, the reported best non-agent value is the higher value between MLLM Visit Sequence and MLLM Bundle.
Future follow-up labels are excluded from the agent input in progression forecasting. Full Macro-F1 uncertainty is
reported in Appendix Tables 9 and 10.

| Balanced Accuracy | Macro-F1

Backbone | LUMINA | MedAgent-Pro  Bestnon-agent | LUMINA | MedAgent-Pro  Best non-agent
AD-continuum
Qwen3-VL-2B-Thinking 75.494+ 3 08 729443 21 66.03 43 2 71.58 67.36 59.40
Qwen3-VL-2B-Instruct 759542 .01 71.604+3 36 64.084+3 58 70.84 64.88 57.82
Qwen3-VL-4B-Thinking 80.3842.68 77.28+2 92 69.42 43 41 77.10 72.42 64.06
Qwen3-VL-4B-Instruct 77.644+2 86 75.76+3 05 66.514+3 69 73.06 70.88 61.94
Qwen3-VL-8B-Thinking 83.2142.39 797542 77 72.064+3 29 79.42 74.02 66.18
Qwen3-VL-8B-Instruct 82.7342.54 79.46 42 81 70.84 4+ 3 35 78.12 73.46 65.02
MedGemma-4B 80.5942 63 77.85+2 .89 70.82 43 36 76.54 72.90 63.88
MedVLM-R1-2B 80.034+3.01 751143 20 68.24 43 g3 74.06 69.12 62.14
GPT-40-mini 85.1045 28 827242 55 743643 .11 81.46 77.28 69.36
Progression-forecasting
Qwen3-VL-2B-Thinking 69.054£4.41 66.854+4.55 58424510 60.72 57.16 50.84
Qwen3-VL-2B-Instruct 69.98 14 .34 65.44 4 4 66 56.064+5 28 59.84 55.42 50.22
Qwen3-VL-4B-Thinking 73.524+4.01 70.88+4.18 61.184+4. 86 66.08 61.34 54.82
Qwen3-VL-4B-Instruct 72.054+4.20 69.72 44 .38 59.624+5 04 63.22 60.78 53.64
Qwen3-VL-8B-Thinking 764243 g7 72.96 43 93 62.1544.72 69.10 64.80 57.96
Qwen3-VL-8B-Instruct 75.394+3 86 71.824+4 .09 61.284+4.89 67.44 62.16 55.48
MedGemma-4B 74.894+3 91 7247 +4.13 64.124+4 61 68.06 64.22 56.22
MedVLM-R1-2B 72444 4 27 69.104-4 46 59.284+5.18 62.58 59.94 54.12
GPT-40-mini 77.6813 55 74.0243 81 65.0444 55 71.26 66.18 59.24

without reference comparators, the balanced ac-
curacy of MLLM Visit Sequence and LUMINA
falls to 43.3 and 48.7, respectively; under the stan-
dard interpretation-calibration protocol, the corre-
sponding scores are 74.4 and 85.1. The prediction-
distribution analysis in Appendix Table 21 shows
that without reference comparators, MLLM Visit
Sequence strongly over-predicts Preclinical AD.
These results support the use of reference compara-
tors as a benchmark-level interpretation-calibration
protocol, especially for stabilizing PET interpre-
tation; LUMINA’s main contribution remains the
organization of the calibrated multimodal history
into longitudinal evidence states.

4.2.2 Progression Forecasting

Progression forecasting is harder for all methods
because the target label is defined from held-out
future follow-up, while the model only observes
the prefix available at the target visit. Absolute bal-
anced accuracy and Macro-F1 are therefore lower
than in AD-continuum classification. This task also
requires a different kind of evidence organization:
the model must use available modality patterns and
visible longitudinal change to predict one of three
held-out future-outcome categories: Stable, Mild
progression, or Clear progression.

LUMINA therefore attains lower absolute scores
than on AD-continuum classification, but larger
gains over the comparison baselines. With GPT-40-
mini, LUMINA achieves 77.68 balanced accuracy
and 71.26 Macro-F1, compared with 74.02 and
66.18 for MedAgent-Pro and 65.04 and 59.24 for
the best non-agent baseline. The paired bootstrap
comparison in Appendix Table 14 shows that the
gain over the best non-agent baseline remains ro-
bust under subject-level resampling. The gain over
MedAgent-Pro is smaller and less certain for pro-
gression forecasting, which is consistent with the
greater difficulty of the task.

Here, macro-F1 is lower than balanced accuracy
because precision errors remain concentrated in
the harder progression classes. Appendix Table 16
shows that LUMINA improves recall across Stable,
Mild progression, and Clear progression, but the
Clear progression class remains precision-limited.
This pattern suggests that LUMINA improves tra-
jectory evidence construction without eliminating
the intrinsic difficulty of predicting future progres-
sion from an incomplete prefix.

4.3 Ablation Studies

Table 2 ablates the main LUMINA components
on the AD-continuum task for GPT-40-mini and
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Table 2: Ablations on the AD-continuum task. Balanced accuracy and Macro-F1 are reported with 95% bootstrap
confidence-interval half-widths. A denotes the change in balanced accuracy relative to the full LUMINA system.

. GPT-40-mini Qwen3-VL-8B-Thinking

Variant

\ Bal. Acc. ABal. Acc. Macro-F1 Bal. Acc. ABal. Acc. Macro-F1
LUMINA (full) 85.1042.25 - 81.464125> 83.2112.39 - 79424 3 01
X anchored comparison 80.4245.091 -4.68 75.861362 76.8313.06 -6.38 73.6443.78
X trajectory memory 81.73i2‘76 -3.37 77.92:|:3,34 79.04i2,92 -4.17 75.18i3,55
X CI‘OSS-SubjGCt memory 82.44i2.65 -2.66 78.163:3,21 79~19:t2.78 -4.02 76.62i3,36
X SMC compression 83.0212.55 -2.08 78.8213.16 80.1642.70 -3.05 76.0443 42
X evidence Veriﬁcation/repair 83.92i2,34 -1.18 81 .12i2,91 81 .3612,47 -1.85 79~06i3.08

Table 3: Call-budget comparison with GPT-4o0-mini. Static self-consistency repeats the bundled prompt and
aggregates predictions by majority vote under the same average call budget as LUMINA.

Method | Avg. LLMcalls | AD-continuum Progression forecasting
| | Bal. Acc. Macro-F1 Bal. Acc. Macro-F1
MLLM Bundle 1.0 72.9 66.9 63.7 56.8
Static self-consistency 5.7 76.1 75.3 66.2 62.5
MLLM Visit Sequence 4.3 74.4 69.4 65.0 59.2
MedAgent-Pro 5.1 82.7 71.3 74.0 66.2
LUMINA 57 85.1 81.5 77.7 71.3

GPT-40-mini ablation

B Full LUMINA
EZ3 No SMC

Selection quality

88 85.10

83.02

8146

Selected mass

—e— SMC mean 74
~# No-SMC baseline

2 3 4 5 6 7
Trajectory event-log length

Figure 4: Selection quality of SMC-style trajectory com-
pression. Left: selected mass captured by the active set
versus event-log length, compared with a recency-only
baseline using the same event budget. Right: GPT-4o-
mini full-system and no-SMC ablations, with bootstrap
95% CI half-widths.

Qwen3-VL-8B-Thinking. Removing anchored
comparison causes the largest degradation, fol-
lowed by trajectory memory. This ordering sup-
ports the central design claim that LUMINA bene-
fits most from making within-subject longitudinal
comparison explicit. Cross-subject memory and
SMC-style trajectory compression provide smaller
but consistent gains, while evidence verification
and repair have the smallest average effect in the
current benchmark.

The SMC ablation measures the effect of mem-
ory quality under a fixed active-event budget. Fig-
ure 4 shows that the SMC-selected set captures
more weighted history mass than a recency-only

baseline. Removing SMC causes a smaller but con-
sistent drop across both backbones, indicating that
SMC-style compression improves which historical
events remain active, while anchored comparison
and trajectory memory contribute the largest gains.

4.4 Inference-Budget Analysis

Table 3 compares methods under their observed
inference budgets. Static self-consistency (Wang
et al., 2023) improves over one-shot bundle prompt-
ing, confirming that repeated inference contributes
to performance. Under the same average 5.7-call
budget, however, LUMINA remains 9.0 balanced-
accuracy points higher on AD-continuum classifi-
cation and 11.5 points higher on progression fore-
casting. MLLM Visit Sequence reaches 74.4 and
65.0 balanced accuracy with chronological multi-
call processing, while MedAgent-Pro reaches 82.7
and 74.0 with generic multi-step medical reasoning.
LUMINA reaches 85.1 and 77.7, showing an addi-
tional gain from structured longitudinal evidence-
state construction.

4.5 Credibility and Shortcut Analyses

Appendix 1.1 evaluates paired subject-level differ-
ences, output normalization, metric-wise baseline
selection, and possible shortcuts from metadata or
modality availability.

Paired subject-level bootstrap tests give observed
balanced-accuracy differences over the best non-
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Table 4: External-transfer results with GPT-40-mini. Values are balanced accuracy (%). Subjects are randomly
sampled after task-specific eligibility filtering. PPMI is a three-class task and ACRIN-6698 is binary, so scores are

interpreted within each dataset.

Dataset Task Subjects  Self-cons. MedAgent-Pro LUMINA
PPMI HC / Prodromal / PD 100 71.8 78.5 79.7
ACRIN-6698  T0+T1 — pCR /non-pCR 100 71.4 79.3 83.9

agent baseline of +10.74 for AD-continuum clas-
sification and +12.64 for progression forecasting.
The paired gains over MedAgent-Pro are smaller,
especially for progression forecasting, where the
confidence interval includes zero.

Shortcut controls show that metadata-only and
modality-availability-only inputs remain far below
full LUMINA. The unordered-image control is
stronger than these non-visual controls but remains
below full LUMINA. The gap is smaller for AD-
continuum classification, where current imaging al-
ready carries strong disease-state signal, and larger
for progression forecasting, where visit order and
trajectory-level evidence are more central.

4.6 External-Transfer Evaluation

We evaluate LUMINA and matched baselines
on 100 randomly sampled eligible subjects from
each of PPMI (Marek et al., 2011) and ACRIN-
6698 (Partridge et al., 2018; Newitt et al., 2021).
PPMI provides a three-class classification set-
ting spanning healthy controls, prodromal partici-
pants, and participants with Parkinson’s disease.
ACRIN-6698 provides a longitudinal treatment-
response setting in which pretreatment TO and
early-treatment T1 imaging are used to predict
eventual pathologic complete response; the sam-
pled cohort contains 46 pCR and 54 non-pCR sub-
jects. Across the two external datasets, the con-
troller action set, evidence schemas, within-subject
multi-timescale memory, SMC-style compression,
evidence reconciliation, and verification procedure
remain unchanged. Cross-subject retrieval is dis-
abled in both evaluations, so they test transfer of the
within-subject evidence-construction core without
external subject context. Only the dataset-specific
modality/input mapping, task rubric, output la-
bel space, and reference policy where applicable
are configured for each setting. Appendix E pro-
vides cohort, imaging, preprocessing, and input-
exclusion details.

As shown in Table 4, LUMINA achieves 79.7
balanced accuracy on PPMI, compared with 71.8

for static self-consistency and 78.5 for MedAgent-
Pro. On ACRIN-6698, LUMINA reaches 83.9,
compared with 71.4 and 79.3, respectively. The re-
sulting gains over static self-consistency are 7.9 and
12.5 points, while the gains over MedAgent-Pro are
1.2 and 4.6 points. LUMINA therefore preserves
the method ordering observed on ADNI across both
external-transfer settings while reusing the same
within-subject evidence-construction structure and
without using cross-subject retrieval.

5 Conclusion

We introduced LUMINA, a reasoning agent that
constructs an explicit evidence state from longitu-
dinal multimodal histories before final prediction.
Its contribution is architectural and empirical: LU-
MINA makes evidence grounding, same-modality
comparison, multi-timescale memory, multimodal
reconciliation, and verification explicit operations
within an auditable longitudinal state. On AD-
continuum classification and progression forecast-
ing, it improves over backbone-matched non-agent
baselines and an adapted multi-step medical rea-
soning baseline. The matched-call analysis shows
that this improvement is not explained by repeated
inference alone, while the PPMI and ACRIN-6698
evaluations reuse the same within-subject evidence-
construction core with dataset-specific task config-
uration and no cross-subject retrieval.

Limitations

There are three main limitations of the current
work that can motivate future investigations. First,
the primary benchmarks use ADNI, with exter-
nal transfer to PPMI and ACRIN-6698 using 100
eligible subjects per dataset. Each setting uses
dataset-specific modalities, labels, rubrics, and ref-
erences; broader external validation remains fu-
ture work. Second, current progression forecast-
ing is prefix-based: future follow-up is withheld
and used only for labels. Thus, it evaluates longi-
tudinal reasoning rather than prospective clinical
prognosis, with results also limited by class im-
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balance. Third, each 3D study is represented by
three center slices, which may miss volumetric
patterns, though LUMINA could be paired with
volume-aware encoders. Cross-subject memory
requires subject-disjoint construction, and staged
inference is slower than one-shot prompting. Ref-
erence calibration may also need cohort-specific
designs. Finally, performance depends on the un-
derlying MLLM, and the system is not clinically
validated.

Ethical considerations

This work uses de-identified research-cohort data
and evaluates retrospective disease-state classifi-
cation and progression-forecasting benchmarks.
LUMINA is not a clinical diagnostic system and
should not be used for patient care without prospec-
tive validation, expert review, and site-specific gov-
ernance. Although the system excludes direct label-
defining clinical variables from prompts, demo-
graphic covariates, modality-availability patterns,
and benchmark-supplied reference comparators
may still encode cohort biases and therefore re-
quire explicit monitoring. For ADNI experiments
that use cross-subject retrieval, the memory bank re-
quires strict subject-disjoint construction and gover-
nance. Cross-subject retrieval is not used in PPMI
or ACRIN-6698 external-transfer evaluations.

ADNI protocols were approved by institutional
review boards at participating sites. ADNI par-
ticipants provided informed consent under ADNI
study protocols, and this work used de-identified
ADNI data under the ADNI data-use agreement
for retrospective research benchmarking (Mueller
et al., 2005; Petersen et al., 2010; Weiner et al.,
2017). PPMI protocols were approved by institu-
tional review boards or independent ethics commit-
tees at participating sites, and participants provided
informed consent; this work used de-identified
PPMI data under its data-use terms (Marek et al.,
2011). ACRIN-6698 and I-SPY 2 were conducted
under site-level institutional review board approval,
and all participants provided written informed con-
sent; this work used the de-identified ACRIN-6698
collection distributed through The Cancer Imag-
ing Archive (Partridge et al., 2018; Newitt et al.,
2021). Subject identifiers were excluded from
model-facing prompts. External model artifacts
were used through their publicly available releases
or documented access terms, and no redistributed
model weights or restricted data are used.
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A Appendix Overview

The appendix reports implementation details, addi-
tional results, and qualitative analyses.

B Prompting Stages, Structured Outputs,
and Leakage Controls

LUMINA uses staged prompting rather than a sin-
gle monolithic prompt. Each stage receives a com-
pact JSON context and is required to emit one
structured JSON artifact that can be consumed by
downstream stages. The main stages are inspection
planning, current-visit observation, same-modality
comparison, evidence reconciliation, final belief
formation, contradiction repair, next-best-evidence
suggestion, and audit generation.

Prompt-facing roles. The prompt system uses
task-specific role primers for AD-continuum rea-
soning and progression-forecasting reasoning. The
AD-continuum primer separates amyloid evidence,
tau evidence, and MRI-based symptomatic sup-
port. The progression-forecasting primer empha-
sizes that future outcomes are not available at infer-
ence time and that the model must rely on visible
longitudinal worsening signals rather than retro-
spective clinical labels.

Structured outputs. The implementa-
tion wuses schema-constrained objects cor-
responding to the main controller stages,
including InspectionPlan, VisitState,
ModalityChange, SubjectChangeState,
ReconciledEvidence, DecisionBelief,
AuditRecord, TrajectoryEvent,
TrajectoryState, CrossSubjectContext,

and VisitUpdate. The final DecisionBelief
is not a probability vector. It stores a leading
candidate, a second-best candidate, a qualitative
decision margin, supporting and conflicting
evidence, open uncertainties, and task-specific
stage/pathology/trajectory support fields.

Output repair and normalization. The inference
pipeline applies stage-specific validation and retry
logic when generated outputs do not satisfy the re-
quired JSON schema. Malformed outputs trigger
a constrained retry, while belief outputs addition-
ally undergo a dedicated normalization procedure.
After initial belief generation, the system checks
for contradictions between the chosen belief, the
staging context, and the available evidence. If con-
tradictions are detected, a bounded belief-repair
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Table 5: Compact view of LUMINA'’s staged agent state. Each stage emits a structured intermediate representation
that is reused by downstream stages before final normalization into the benchmark label space.

Stage Input Output schema Purpose
Inspect visit history, contextual meta- selected modalities, anchor  plan what evidence should be col-
data visits, visit-specific ques- lected explicitly
tions
Observe current-visit images, inspec- modality findings, visit sum- ground what is visible at the target
tion questions mary, uncertainty notes visit
Compare current study, prior anchor or  local change summary, com- measure local longitudinal change or
reference comparator, current  parison quality, change con-  reference-relative calibration
findings fidence
Reconcile current findings, visit mem- visit-level evidence state merge multimodal evidence and re-
ory, trajectory memory, cross- solve conflicts
subject summaries
FinalBelief evidence state, task staging qualitative belief state, dif- form an auditable task-specific belief
context ferential candidates, uncer- state
tainty summary
Audit evidence state, final belief state  audit trace expose missing evidence, verifica-

tion and repair outcomes, and failure
modes

prompt is executed and the repaired belief is nor-
malized into the active label space.

Task-specific belief rubric. The belief stage uses a
bounded rubric rather than unconstrained free-form
judgment. For the progression-forecasting task, the
prompt fills the belief JSON in the following or-
der: (i) MRI-first assessment, setting current MRI
severity, longitudinal MRI change, MRI tempo, and
MRI anchor quality; (ii) PET support assessment,
setting amyloid status, tau status, tau-pattern sever-
ity, and PET longitudinal change; (iii) prediction,
setting pathology state, stage support, longitudinal
role and pattern, tempo assessment, anchor qual-
ity, and overall evidence quality; and only then (iv)
final outcome mapping. The prompt states explic-
itly that MRI is the primary source of structural
progression support, while PET provides support-
ing disease-biology context rather than serving as
a direct future label. The AD-continuum prompt
follows the same ordering but treats PET as the
primary source of AD-pattern biology support and
MRI as the primary source of symptomatic-stage
support.

Bounded controller action inventory. The
controller chooses only from a bounded action
set: current-visit inspection, reference-comparator
calibration, same-modality anchor confirma-
tion, trajectory review, optional cross-subject
retrieval, evidence reconciliation, belief repair,
and finalization. In the current implementation,
action selection also wuses a fixed reason-
code vocabulary to stabilize runs and reduce
prompt drift: current_visit_not_inspected,

needs_same_modality_anchor,
needs_reference_comparison,
unresolved_modality_conflict,
insufficient_within_subject_evidence,

ready_for_reconciliation, and
ready_to_finalize.
Controller execution policy. When shared

reference comparators are available, reference-
comparator calibration is performed before lon-
gitudinal anchor confirmation. This ordering sta-
bilizes current-visit interpretation, especially for
PET, before the controller reviews subject-specific
same-modality anchors. The shared reference com-
parator is therefore used to calibrate the current
visual read, while the same-modality anchor pro-
vides within-subject longitudinal evidence. Verifi-
cation is similarly bounded: when the audit stage
flags contradictions or missing critical evidence,
the controller is allowed one repair cycle that re-
turns to evidence construction before final belief
prediction.

Reference matching and modality coverage.
Shared reference comparators are selected sepa-
rately for each modality from a frozen cognitively
unimpaired comparator pool. In the current bench-
mark, matching is driven primarily by age and then
by sex. Under the interpretation-calibration proto-
col, all available target-visit modalities with sup-
plied reference comparators are eligible for cali-
bration, so a target can accumulate MRI-, amyloid-
PET-, and tau-PET-conditioned evidence within the
same visit update rather than relying on a single
calibrated modality.

39995



Table 6: Input-versus-label leakage audit for the benchmarked LUMINA pipeline. The table records the variable-

level inclusion and exclusion rules used for evaluation.

Information type Exposed to agent?

Used for label/routing?

Control policy

MRI/ amyloid PET / tau PET views Yes No
Exam date Yes No
Available modalities Yes
Age / sex / race Yes No
Subject identifier No No
Future follow-up progression labels No

gets
Diagnosis / CDR / amyloid-positivity No
annotations
MMSE / cognitive scores / functional No
scores
Benchmark-specific construction flags ~ No

Future visits No
tion

indirect for benchmark construction

Yes for progression-forecasting tar-
Yes for target supervision

potential severity proxies

Yes for benchmark construction

Yes for progression-label construc-

raw visual evidence only

used only for visit ordering and anchor selection
exposes only which modalities are present, not
benchmark flags

time-scoped covariates available at or before the
target date

internal grouping key only; excluded from model-
facing prompts

excluded from prompts and metadata

excluded from prompts, metadata, and retrieval
records at inference time

excluded to preserve the imaging-based outcome-
prediction task definition

excluded from prompts and metadata; used only
during target selection and evaluation setup
subject history is truncated at the selected target
visit

B.1 Input and Leakage Audit

Table 6 summarizes which information types are
exposed to the agent, how they relate to target con-
struction, and the corresponding leakage controls.
The full prompt inventory excludes variables used
directly for label definition or benchmark routing.

C Data Indexing and 2.5D View
Construction

The visit index is built by grouping scans into tem-
porally ordered subject histories. The default strat-
egy clusters scans by date rather than forcing all
modalities into a single complete visit. This pre-
serves realistic missingness and means that an MRI,
amyloid PET, or tau PET target can lack a prior
same-modality anchor even when the subject has
other longitudinal information.

Each volumetric DICOM series is first converted
to a compressed NIfTT volume with decm2niix and
then transformed into a subject-level 2.5D represen-
tation. We use canonical three-view slice triplets
rather than full 3D volumes so that every com-
pared method receives the same compact visual
interface. The resulting axial, coronal, and sagittal
PNG views are shared across LUMINA, MLLM
Bundle, MLLM Visit Sequence, and MedAgent-
Pro, so differences in results are attributable to the
reasoning protocol rather than to different image
preprocessing.

T1-weighted MRI preprocessing. ADNI T1-
weighted scans in this study were acquired on
harmonized 3T MP-RAGE protocols across GE,
Siemens, and Philips scanners. For each series,
the converted 3D T1w volume is corrected for low-
frequency intensity inhomogeneity with ANTs N4

bias-field correction, skull-stripped with FreeSurfer
SynthStrip, and normalized to MNI152 space with
ANTSs SyN registration. We use the 1 mm MNI152
T1 template as the fixed reference, and the esti-
mated affine and nonlinear transforms are applied
with antsApplyTransforms to produce the final
MNI-normalized T1w volume. Three orthogonal
center slices are then extracted from the normalized
volume: axial at the midpoint of the z-axis, coronal
at the midpoint of the y-axis, and sagittal at the
midpoint of the x-axis. Each slice is reoriented to a
consistent display convention, clipped to the 0.5th—
99.5th percentile range, linearly rescaled to 8-bit
grayscale, upsampled with voxel-spacing-aware cu-
bic interpolation, and saved as a PNG image.

Amyloid and tau PET preprocessing. Amy-
loid PET (florbetapir/AV45) and tau PET
(flortaucipir/AV-1451) are processed with the same
lightweight pipeline. After DICOM-to-NIfTI
conversion, the 3D PET volume is used directly
for 2.5D view generation. Because the benchmark
studies PET as compact visual evidence rather
than voxel-wise quantitative neuroimaging, we do
not apply uptake quantification, reference-region
normalization, or spatial normalization in this
preprocessing step. Instead, we extract axial,
coronal, and sagittal center slices in native PET
space, reorient them to a consistent display conven-
tion, apply the same robust percentile scaling and
voxel-spacing-aware resizing used for MRI, and
save the resulting grayscale views as PNG images.
This design keeps PET preprocessing lightweight
while preserving the native uptake appearance that
the compared methods must interpret under the
interpretation-calibration protocol.
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Target routing and visible history. The bench-
mark uses subject-level evaluation with one routed
target per subject. For each retained subject, the
scored target is the latest eligible labeled visit for
the active task rather than necessarily the subject’s
absolute final visit. Eligibility is determined after
truncating the visible history at the candidate target,
so future visits and their labels are never exposed
to the agent. Earlier unlabeled visits may remain
available as longitudinal context. This matters for
both leakage control and interpretation of missing
same-modality anchors: a subject can have multi-
ple longitudinal visits overall while still lacking a
prior anchor for a modality that only appears at the
selected target.

Longitudinal eligibility filter. To avoid weak or
accidentally non-longitudinal evaluation points, the
benchmark applies a target-level longitudinal eligi-
bility filter after target construction. Each scored
subject must have at least two visits in the vis-
ible prefix, and the selected target must satisfy
the task-specific modality and input-availability
requirements. In both reported tasks, the target
includes the multimodal studies available at the
decision point and uses the same visible subject-
history prefix. For progression forecasting, later
follow-up is reserved solely for assigning the held-
out outcome label. The target visit therefore serves
as the actual decision point shown to the agent,
while the class label is assigned only after the tar-
get is fixed and future information is withheld.
Operational label construction. The benchmark
index stores both intermediate cohort annotations
and the final routed task labels. For AD-continuum
classification, the routed three-way label is
stored in ad_continuum_3way and combines the
target-visit CDR-derived stage with the latest
Centiloid-based amyloid-positivity annotation
available at or before that visit. Cognitively
unimpaired (CU) subjects with negative amy-
loid are labeled CU_nonAD; CU subjects with
positive amyloid are labeled Preclinical_AD;
and subjects with MCI or dementia and positive
amyloid are labeled Symptomatic_AD. Other
combinations are excluded as UNLABELED. For
progression forecasting, the routed label is stored
in progression_forecasting_3way and uses a
held-out future-outcome convention over a fixed
36-month post-target horizon: it asks which diag-
nosis bucket the subject reaches at worst within
the next 36 months. Eligible targets begin from
a current diagnosis of CN or MCI. If any future

follow-up within the horizon reaches AD, the
target is labeled Clear progression; if no future
AD occurs but at least one future follow-up reaches
MCI, it is labeled Mild progression; otherwise it
is labeled Stable. The future-outcome annotations
used for this target construction are tracked
in fields such as future_worst_dx_3way,
future_followup_count, and
future_followup_last_date. Targets with
no valid current-state label or no eligible future-
outcome label are marked UNLABELED in the index
and are excluded from the scored benchmark.

D Compared Methods and Routed
Cohorts

We evaluate LUMINA and its matched baselines
with the following backbones: Qwen3-VL-2B-
Thinking, Qwen3-VL-2B-Instruct, Qwen3-VL-4B-
Thinking, Qwen3-VL-8B-Thinking, Qwen3-VL-
4B-Instruct, Qwen3-VL-8B-Instruct (Bai et al.,
2025), MedGemma-4B (Sellergren et al., 2025),
MedVLM-R1-2B (Pan et al., 2025), and GPT-40-
mini'.

For each backbone, we compare four methods:
MLLM Bundle, which performs direct prediction
over the available subject image bundle; MLLM
Visit Sequence, which presents visits chronologi-
cally without explicit agent memory; MedAgent-
Pro (Wang et al., 2026), an adapted multi-step med-
ical reasoning baseline using the same routed inputs
and backbone; and LUMINA, the full controller-
based longitudinal agent.

All inference experiments were run with fixed
prompts and deterministic post-processing. Open-
weight models were evaluated on A100 GPUs. We
report model sizes where publicly documented:
Qwen3-VL variants range from 2B to 8B param-
eters, MedGemma-4B has 4B parameters, and
MedVLM-R1-2B has 2B parameters. GPT-40-mini
was accessed through the provider APIL. The to-
tal inference budget was approximately 300-350
GPU hours for open-weight models, excluding API-
based inference.

Matched-call protocol. The static self-
consistency control repeats the same bundled
prompt multiple times and aggregates the resulting
labels by majority vote. Its average number of
model calls is 5.7 per subject, matching LUMINA’s

'Official GPT-40-mini model page, accessed May
21, 2026: https://platform.openai.com/docs/models/
gpt-4o-mini.
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Table 7: Routed evaluation cohorts used in the reported benchmark after applying target-visibility and target-
eligibility rules. The main benchmark uses one routed target visit per retained subject under the subject-level
protocol. Class distributions are reported at the subject-target level. For AD-continuum, the class order is CU /
Preclinical AD / Symptomatic AD; for progression forecasting, the class order is Stable / Mild progression / Clear

progression.

Task Subjects  Subject-level class distribution
AD-continuum 380 183/87/110
Progression forecasting 401 220/148/33

observed average call count; LUMINA’s count
varies because retrieval and repair are conditional.
In the GPT-40-mini runs, average wall-clock
inference was approximately four minutes per
subject for LUMINA, 3.5 minutes for matched
self-consistency, and two minutes for one-shot
bundle prompting.

Table 7 summarizes the routed evaluation co-
horts used in the benchmark. The longitudinal eligi-
bility filter is target-level rather than purely subject-
level: it requires at least two visits in the visible
prefix and requires the selected target visit to satisfy
the task-specific modality and input-availability re-
quirements. Because the benchmark is subject-
level, each retained subject contributes one routed
target to each task for which it is eligible.

E External-Transfer Evaluation

We evaluate transfer on PPMI (Marek et al., 2011)
and ACRIN-6698 (Partridge et al., 2018; Newitt
et al., 2021) using GPT-40-mini. For each dataset,
100 subjects are randomly sampled after applying
task eligibility and input-availability requirements.
The controller action set, evidence schemas, multi-
timescale memory, SMC-style compression, evi-
dence reconciliation, and verification procedure are
shared across datasets. Cross-subject retrieval is
disabled in both external evaluations, which there-
fore test the within-subject evidence-construction
core. Dataset-specific configuration defines the
modality and input mapping, task rubric, output
label space, and optional reference policy.

PPMI. The PPMI evaluation classifies Healthy
Control (HC; n = 31), Prodromal (n = 33), and
Parkinson’s Disease (PD; n = 36) participants.
Model-facing visual evidence comprises structural
imaging views and views generated from PPMI’s
centrally reconstructed and processed DaTscan
SPECT images. Preprocessing follows the same
overall DICOM-to-NIfTI and three-view 2.5D
pipeline used for ADNI: volumetric studies are re-
oriented consistently, robustly intensity-scaled, and

represented by axial, coronal, and sagittal center
views. No additional uptake quantification is ap-
plied; SBR-derived measurements, UPDRS scores,
CSF biomarkers, diagnosis or cohort fields, and fu-
ture labels are excluded from model-facing inputs.

ACRIN-6698. The ACRIN-6698 evaluation uses
a longitudinal prefix comprising pretreatment TO
and early-treatment T1 imaging to predict even-
tual pathologic complete response (pCR). The 100-
subject cohort contains 46 pCR and 54 non-pCR
subjects. Model-facing visual evidence includes
T2-weighted, diffusion-weighted (DWI), and dy-
namic contrast-enhanced (DCE) MRI views at both
time points. The common 2.5D interface maps
these acquisitions into current-evidence and past-
comparison states. Following the ACRIN-6698 out-
come convention, pCR denotes no residual invasive
disease in either the breast or axillary lymph nodes
after neoadjuvant treatment (ypT0/Tis, ypNO).
ADC- and FT'V-derived response variables, surgery-
proximal T3 imaging, post-surgery information,
and the pCR outcome are excluded from model-
facing inputs.

F Static Prompting versus Structured
Longitudinal Reasoning

Figure 1 provides a complementary conceptual
contrast between the static-input baseline and the
full LUMINA pipeline. Both sides receive the
same subject-specific longitudinal inputs and, when
supplied by the benchmark protocol, the same
reference comparators for interpretation calibra-
tion. Their primary difference is how this subject-
specific evidence is organized: the static baseline
collapses it into a single prompt, whereas LUMINA
constructs explicit comparison and memory states
before prediction. Full LUMINA can additionally
use cross-subject context from a subject-disjoint
bank, whose contribution is evaluated separately in
the ablation analysis.
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Table 8: Worked longitudinal prompting examples for the AD-continuum task. Reference comparators calibrate the
current visual read, while the prediction is formed from within-subject same-modality change evidence and the

accumulated trajectory.

Case type Key visits

Trajectory interpretation

Final outcome

CU example
structural change.

Early MRI-only visits: no significant Reference-comparator calibration establishes
only mild current deviation. Within-subject malities without structural

Belief: subtle PET abnor-

Intermediate PET visit: amyloid and evidence does not strengthen it: MRI worsen- confirmation.

tau show subtle uptake without clear ing is limited, tau worsening is absent, and no
repeated multimodal progression accumulates.

AD-pattern confirmation.

Prediction: CU_nonAD.

Final multimodal visit: subtle PET The trajectory therefore remains below estab-

deviation and no visible MRI atrophy.

lished AD-stage evidence.

Preclinical AD
example
MRI.

Intermediate tau PET visit: subtle The accumulated trajectory records one MRI

Early MRI visit: subtle increase in Current PET and MRI findings are first cali- Belief: AD-pattern biology
cortical atrophy relative to the prior brated against the reference comparator, then present, but downstream
interpreted through subject-specific history. structural evidence remains

subtle.

increase in medial temporal uptake rel- worsening event and two tau worsening events, Prediction:

ative to the prior tau scan.

Later amyloid+tau PET visit: both
modalities show subtle increase rela-
tive to prior same-modality anchors.
Final multimodal visit: elevated amy-
loid and tau uptake with subtle medial
temporal atrophy.

so AD-pattern biology is persistent, but down- Preclinical_AD.
stream structural progression remains limited.

G Worked Prompting Examples

This section provides compact prompting exam-
ples that illustrate how LUMINA turns the same
routed evidence into explicit intermediate states
rather than a one-shot prediction. The key dis-
tinction is longitudinal: shared references only
calibrate the current visual read, while the final
class decision is driven by same-modality compari-
son, accumulated within-subject change evidence,
and trajectory memory. We show short stage-level
prompt excerpts and two correctly classified AD-
continuum case studies with clear longitudinal evi-
dence chains.

Stage-level prompt snippets. The raw prompts are
lengthy and schema-constrained, so we summarize
the main stages at a higher level here rather than
reproducing the full prompts.

Inspect. The planning stage asks which modali-
ties matter most for the current target, which prior
visits or same-modality anchors are most informa-
tive, and which uncertainties need to be resolved
before the final decision. It must return a short
structured plan rather than a prediction.
Observe. The grounding stage asks the model to
describe only what is visible in the current stud-
ies, including uncertainty and missing evidence,
without inferring unobserved symptoms or future
outcomes. It produces a structured current-visit
state.

Compare. The comparison stage asks the model
to calibrate the current read against a reference
comparator when available, and then to compare
the current study against the most relevant same-
modality prior anchor when subject-specific con-
firmation is needed. It returns structured change
direction, magnitude, confidence, and localized

evidence.

Reconcile. The reconciliation stage summarizes
where modalities and visits agree, where they con-
flict, and which uncertainties remain unresolved
after the local comparisons and trajectory review.
It forms an explicit evidence state rather than a
scalar score.

Final belief and verification. The final stage asks
for a leading class, second-best class, supporting
evidence, conflicting evidence, longitudinal evi-
dence, and open uncertainties in one JSON object.
A bounded repair prompt is used only if the belief
contradicts the available evidence or omits critical
information.

AD-continuum trajectory examples. Table 8
summarizes two correctly classified examples with
multiple visible visits. In both cases, the final visit
uses the same interpretation-calibration protocol
for the current-visit read, while the prediction is
formed from the accumulated within-subject evi-
dence.

G.1 Representative Structured Response
Trace

To complement the prompt descriptions above, Ta-
ble 11 shows an abridged structured response trace
from a correctly classified Preclinical AD case pro-
duced by Qwen3-VL-8B-Thinking. The visible
prefix contains six visits with partially observed
modalities. Case identifiers, calendar dates, and
reference identifiers are omitted. The excerpts are
drawn from the stored stage and memory outputs
and lightly shortened for readability; they are not
a reconstruction of hidden chain-of-thought, and
no additional evidence is introduced. The ground-
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Table 9: Macro-F1 results on the AD-continuum task with subject-level bootstrap 95% confidence interval half-
widths. These values correspond to the AD-continuum block of Table 1.

LUMINA Macro-F1 MedAgent-Pro Macro-F1 MLLM Visit Sequence Macro-F1 MLLM Bundle Macro-F1

Backbone

Qwen3-VL-2B-Thinking 71.58+3 58 67.364+3.89
Qwen3-VL-2B-Instruct 70.84 4374 64.88+4.08
Qwen3-VL-4B-Thinking 77.10+3.16 72424 3 48
Qwen3-VL-4B-Instruct 73.0643.45 70.88 £ 3.69
Qwen3-VL-8B-Thinking 79.421 5 98 74.0213.31
Qwen3-VL-8B-Instruct 78.1243.04 734643 35
MedGemma-4B 76.5443 22 729043 42
MedVLM-R1-2B 74.064 3 55 69.1243 95
GPT-40-mini 81.464 5 52 77.284+3.05

594044 24 572244 46
56.9044.38 57.8244.55
64.06:}:4.02 61.88i4‘31
61‘94j:4,28 60.40:|:4‘43
66.18 13 89 64.104-4 .06
63.88;‘:409 6502:‘:394
63.1214.16 63.88i4_04
62.14 14 26 60.96+4 51
69.3643.64 66.9413 98

Table 10: Macro-F1 results on the progression-forecasting task with subject-level bootstrap 95% confidence interval
half-widths. These values correspond to the progression-forecasting block of Table 1.

LUMINA Macro-F1 MedAgent-Pro Macro-F1 MLLM Visit Sequence Macro-F1 MLLM Bundle Macro-F1

Backbone

Qwen3-VL-2B-Thinking 60.724 5.62 57.1645.91
Qwen3-VL-2B-Instruct 59.8445.76 55.4246.12
Qwen3-VL-4B-Thinking 66.08 +£5.22 61.3415 63
Qwen3-VL-4B-Instruct 632245 46 60.78 +5.70
Qwen3-VL-8B-Thinking 69.10+4.01 64.80+5.28
Qwen3-VL-8B-Instruct 674415 08 62.1615 52
MedGemma-4B 68.06i5‘02 64.22:‘:5,34
MedVLM-R1-2B 62.58+5.66 59.94 15 94
GPT-40-mini 71.26 44 .72 66.1845 12

50.84i6,36 50~12:|:6A48
50.08+6.42 50.2246.41
54.8216_04 52~7OiG.36
53.6416.16 51~92j:6.40
579645 .78 55.8846.04
54.3646.20 55.4846.02
56224591 55.60+6.08
5412:}:6.22 51~30:|:6461
59.24i5,78 56.82:&(5‘14

truth label is reported only for evaluation and was
not included in the model-facing prompts.

H Cross-Subject Memory Governance

The cross-subject memory bank is built from a sepa-
rately reserved development subset before any eval-
uation run. Bank subjects are fully disjoint from
scored evaluation subjects, and online bank updates
are disabled during scoring. True labels are used
only for offline split auditing and aggregate cover-
age checks; they are not included in retrieval keys,
retrieved text, ranking prompts, cross-subject sum-
maries, or final inference prompts. Retrieval there-
fore exposes only structured longitudinal analogies
derived from allowed observations and metadata,
not class labels or label-defining clinical variables.
What a retrieved record can contain. At infer-
ence time, retrieved records may contain compact
longitudinal summaries such as recent modality
findings, change patterns, trajectory summaries,
uncertainty notes, and audit-style evidence sum-
maries. They do not expose target labels, direct
clinical severity fields, or benchmark-construction
flags to the agent. Their role is to provide analogy-
level support rather than a class lookup shortcut.

Bank construction policy in the reported bench-
mark. The frozen bank is intended as a leakage-
controlled retrieval resource rather than a learned

classifier. Subjects are reserved for the bank be-
fore scoring, the bank remains fixed during eval-
uation, and the same frozen construction is used
across compared methods whenever cross-subject
retrieval is enabled. The reported benchmark there-
fore isolates whether access to disjoint prior lon-
gitudinal analogies helps the agent, not whether
online updates or label feedback can improve pre-
dictions.

I Additional Results and Uncertainty

This appendix reports Macro-F1 uncertainty for
the main benchmark and discusses metric inter-
pretation. In the main paper, balanced accuracy
is treated as the primary metric and is reported
with subject-level bootstrap confidence intervals.
Macro-F1 point estimates are shown in the main
tables for readability, while the corresponding un-
certainty estimates are provided here.

Unless otherwise specified, uncertainty is re-
ported as the half-width of a 95% confidence inter-
val estimated by subject-level bootstrap resampling.
The best non-agent value in the main tables is se-
lected metric-wise from MLLM Visit Sequence and
MLLM Bundle.

To make the metric-wise non-agent selection ex-
plicit, Tables 12 and 13 report balanced accuracy
for LUMINA, MedAgent-Pro, and both non-agent
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Table 11: Representative structured response trace for a correctly classified Preclinical AD case. Current-visit
reference calibration establishes visual deviation, while same-modality comparisons and trajectory memory deter-
mine whether that deviation is persistent. Evidence reconciliation separates AD-pattern biological burden from
downstream structural support before the final prediction.

Stage

Abridged structured response

Inspection plan

Prioritize amyloid PET, tau PET, and MRI. Review the available same-modality PET anchors and MRI
history. Determine whether AD-pattern biological evidence is persistent and whether MRI provides sufficient
downstream structural support for a symptomatic-stage interpretation.

Current-visit ground-
ing

Amyloid PET: elevated cortical uptake. Tau PET: increased medial temporal uptake with bilateral involve-
ment. MRI: subtle medial temporal atrophy. The main unresolved question is whether structural worsening
is sufficient to support a Symptomatic stage.

Reference calibra-

tion

At the target visit, amyloid PET shows diffuse cortical uptake above the reference state, tau PET shows
focal medial temporal abnormality, and MRI shows subtle medial temporal atrophy. These reference-relative
deviations calibrate the current visual read but are not treated as within-subject longitudinal changes.

Retained local com-
parisons

Earlier MRI event: subtle increase in frontal and temporal cortical atrophy relative to the preceding MRI.
First tau event: subtle increase in the intensity and extent of medial temporal uptake relative to the preceding
tau PET. Later PET event: tau uptake again shows a subtle increase, while amyloid PET shows a subtle
increase in cortical burden relative to its prior same-modality anchor.

Trajectory memory

The active trajectory retains one MRI increase event, two tau increase events, and one amyloid increase event.
Each change is graded as subtle; together, the retained events provide repeated subject-specific support rather
than treating any single subtle increase as sufficient for Preclinical AD. No cross-subject neighbor contributes
to this case.

Evidence reconcilia-
tion

Current amyloid and tau PET findings, together with the retained PET comparison events, provide convergent
support for persistent AD-pattern biology. MRI provides complementary but weak stage evidence: atrophy is
subtle, and convincing longitudinal structural progression is unavailable.

Final belief

Leading class: Preclinical_AD. Second-best class: CU_nonAD. Supporting evidence: convergent amyloid
and tau uptake, retained prior PET change evidence, and subtle medial temporal atrophy. Evidence against a
stronger stage: limited MRI progression and insufficient downstream structural support. Decision margin:
moderate.

Verification and au-
dit

No repair is triggered because the belief already preserves the main evidence conflict. The audit records PET
evidence as the principal support for AD biology and insufficient longitudinal MRI evidence as the main
unresolved uncertainty. Biological burden is supported, but symptomatic-stage support remains weak.

Prediction and evalu-
ation

Normalized prediction: Preclinical_AD. Evaluation label (not model-facing): Preclinical_AD.

baselines. Most selected best non-agent results
come from visit-ordered prompting, while direct
bundle prompting is occasionally stronger for indi-
vidual backbones.

Interpretation of Macro-F1 differences. Macro-
F1 is generally lower than balanced accuracy be-
cause balanced accuracy averages class-wise re-
call, whereas Macro-F1 also penalizes precision er-
rors. This distinction is especially important in the
progression-forecasting task, where the minority
outcome class remains substantially smaller than
the other classes. The gap between balanced ac-
curacy and Macro-F1 therefore reflects residual
precision errors for minority-outcome predictions
rather than a contradiction between metrics.

Why the reported protocol supplies shared ref-
erence comparators. The reported benchmark
uses shared reference comparators as fixed, non-
label-bearing visual comparators rather than as
LUMINA -specific exemplars. The motivation is

practical: direct visual interpretation of isolated
medical images, especially PET, is unstable for
general-purpose MLLMs in this cohort. In develop-
ment analyses, models frequently overcalled subtle
uptake and collapsed toward the Preclinical AD la-
bel. Providing the same shared reference compara-
tors to every method therefore defines a controlled
interpretation-calibration protocol. This protocol
helps ensure that method comparisons focus on
how calibrated longitudinal evidence is organized,
compared, and verified, rather than on unequal cal-
ibration of isolated image interpretation.

Effect of SMC compression. Figure 4 provides
a more direct view of SMC-style event selection.
The left panel is computed from stored trajectory
states in the reported benchmark and shows the
selected mass of the active trajectory set as the
event log grows. With a fixed active-event budget,
the SMC-selected set consistently captures more
weighted history mass than a recency-only no-SMC
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Table 12: Balanced accuracy results on the AD-continuum task with subject-level bootstrap 95% confidence interval
half-widths. These values expand the AD-continuum block of Table 1, where the best non-agent baseline is selected
metric-wise from MLLM Visit Sequence and MLLM Bundle.

MLLM Visit Sequence Bal. Acc. MLLM Bundle Bal. Acc.

Backbone LUMINA Bal. Acc. MedAgent-Pro Bal. Acc.
Qwen3-VL-2B-Thinking 75491308 7294 13 91
Qwen3-VL-2B-Instruct 75.95+2.91 71.6013 36
Qwen3-VL-4B-Thinking 80.38 12 68 77.28 45 92
Qwen3-VL-8B-Thinking 83.2149.39 79.75+2.77
Qwen3-VL-4B-Instruct 77.64+2 86 75.761£3.05
Qwen3-VL-8B-Instruct 82.7342.54 79.46 12 81
MedGemma-4B 80-59:|:2.63 77-85j:2489
MedVLM-R1-2B 80.03+3.01 75.1143.20
GPT-40-mini 851012 28 827212 55

66.031 3. 62 64.72 1 3.84
6341413 76 64.0813 58
69.42 43 41 67.9643 67
72.064+ 3. 22 70.58 4+ 3.46
65.8813 82 66.51+3 69
70.84;(:3,35 6927:‘:3.61
708243 36 69.94 13 52
68.24i3.63 67~10ﬂ:3486
74.3643.11 72.8843.34

Table 13: Balanced accuracy results on the progression-forecasting task with subject-level bootstrap 95% confidence
interval half-widths. These values expand the progression-forecasting block of Table 1, where the best non-agent
baseline is selected metric-wise from MLLM Visit Sequence and MLLM Bundle.

MLLM Visit Sequence Bal. Acc.  MLLM Bundle Bal. Acc.

Backbone LUMINA Bal. Acc. MedAgent-Pro Bal. Acc.
Qwen3-VL-2B-Thinking ~ 69.0544.41 66.8514 55
Qwen3-VL-2B-Instruct 69.98 +4.34 65.444 4 66
Qwen3-VL-4B-Thinking 73.52+44.01 70.8844.18
Qwen3-VL-8B-Thinking 76424 3 67 72.961 3. 93
Qwen3-VL-4B-Instruct 72.0544.20 69.7244.38
Qwen3-VL-8B-Instruct 75.39+3.86 71.8214.09
MedGemma-4B 74.894+3.91 72471413
MedVLM-R1-2B 7244 +4 27 69.1044.46
GPT-40-mini 77.68+ 3. 55 74.0243.81

58.42i5.10 56.84i5_34
55.2845.42 56.064 5 .28
61.18 14 86 59.7245.07
62.15;{:4,72 60.64:&4.96
59.6245.04 58.76 4 5.20
60.44i5.05 61~28ﬂ:4489
64.12;|:4.61 62.87:|:4‘78
59.2845.18 58.0245.36
65.0414.55 63~70i4.76

baseline. The right panel shows the corresponding
GPT-40-mini ablation results from Table 2. Per-
formance drops when SMC is removed, but the
change is smaller than the anchored-comparison
and trajectory-memory ablations. Together, these
results show that SMC retains more weighted his-
tory mass under a fixed memory budget and is as-
sociated with a modest improvement in predictive
performance.

I.1 Additional Credibility Analyses

We evaluate whether the main gains persist un-
der paired, per-class, and shortcut-control analyses.
Unless otherwise noted, all analyses in this subsec-
tion use the GPT-40-mini setting and the standard
interpretation-calibration protocol. The non-agent
baseline is fixed at the aggregate best non-agent set-
ting rather than selected separately for each class
or subject.

Paired subject-level bootstrap tests. The con-
fidence intervals in the main tables quantify un-
certainty in each method’s absolute performance.
Because all methods are evaluated on the same
subjects, we additionally perform paired subject-
level bootstrap tests comparing LUMINA with
MedAgent-Pro and the best non-agent baseline.

For each bootstrap replicate, subjects are sampled
with replacement, all visits from the sampled sub-
jects are retained, and the performance difference
between two methods is recomputed on the resam-
pled subject set. We report the observed point dif-
ference together with its 95% bootstrap confidence
interval and a two-sided bootstrap p-value. The
best non-agent setting follows the aggregate main-
table selection and is not reselected per bootstrap
replicate.

The paired tests show that LUMINA remains
stronger than the best non-agent baseline un-
der subject-level resampling. The gains over
MedAgent-Pro are smaller, especially for progres-
sion forecasting, where the confidence interval in-
cludes zero.

Per-class recall and F1. Balanced accuracy av-
erages class-wise recall, whereas Macro-F1 addi-
tionally penalizes precision errors. This distinction
is important for the progression-forecasting task,
where class imbalance and asymmetric errors can
make Macro-F1 lower than balanced accuracy. We
therefore report per-class recall and F1 for the GPT-
4o-mini setting in Tables 15 and 16. For this setting,
MLLM Visit Sequence is the fixed non-agent base-
line used for the per-class analysis; it is not selected
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Table 14: Paired subject-level bootstrap comparisons. The reported A values are observed point differences;
confidence intervals and p-values are computed from matched subject-level bootstrap samples.

Task Comparison A Bal. Acc. 95% CI p
AD-continuum LUMINA vs. MedAgent-Pro +2.38 [0.71, 5.12] 0.014
AD-continuum LUMINA vs. best non-agent +10.74 [7.42, 14.06] < 0.001
Progression forecasting ~ LUMINA vs. MedAgent-Pro +3.66 [-0.08, 5.43] 0.058
Progression forecasting ~ LUMINA vs. best non-agent +12.64 [7.91,16.97] < 0.001

Table 15: Per-class recall and F1 for AD-continuum classification in the GPT-40-mini setting. For this setting,
MLLM Visit Sequence is the fixed non-agent baseline used for the per-class analysis and is not selected separately by

class.
Method CU
Recall
LUMINA 87.9
MedAgent-Pro 87.1

MLLM Visit Sequence ~ 78.8

Fi

LUMINA 86.7
MedAgent-Pro 84.4
MLLM Visit Sequence  76.8

Preclinical AD  Symptomatic AD
79.6 87.8
74.9 86.2
63.8 80.6
74.1 83.0
68.4 79.0
57.8 73.5

separately by class.

These per-class results are consistent with the
aggregate metrics reported in the main tables. For
AD-continuum classification, the average class-
wise recall for LUMINA is 85.10, matching its bal-
anced accuracy in the GPT-4o0-mini setting, while
the average per-class F1 is 81.47. For progression
forecasting, the average class-wise recall for LU-
MINA is 77.67, matching the main-table balanced
accuracy, while the average per-class F1 is 71.27.
The same consistency holds for MedAgent-Pro and
the fixed non-agent baseline up to rounding.

The class-level pattern also matches the clinical
structure of the two tasks. In AD-continuum classi-
fication, the CU and Symptomatic AD classes are
comparatively easier because they contain more
separable disease-state signals, whereas the Pre-
clinical AD class remains harder. In progression
forecasting, the Stable class is easier than the Mild
progression and Clear progression classes, and the
Clear progression class remains precision-limited.
Thus, LUMINA improves progression-related re-
call but does not eliminate false-positive progres-
sion predictions.

Shortcut and input-availability sanity checks.
To test whether the benchmark can be solved
from non-visual shortcuts, we evaluate metadata-
only and modality-availability-only controls. The
metadata-only baseline receives age, sex, visit tim-
ing, and the task question but no images. The
modality-availability-only baseline receives only
the binary pattern of available modalities across

visits and the task question. We also evaluate
an image-based control in which all available im-
ages are provided without longitudinal order. All
image-based shortcut controls retain the standard
interpretation-calibration protocol unless reference
removal is explicitly stated. The unordered-image
control therefore isolates the contribution of visit
ordering after interpretation calibration has been
held fixed.

The metadata-only and modality-availability-
only controls remain far below LUMINA, suggest-
ing that demographic or acquisition-pattern short-
cuts cannot explain the main gains. The unordered
image control is substantially stronger than these
shortcut controls, indicating that the images contain
meaningful disease-state information. However, it
remains below full LUMINA. This gap is smaller
for AD-continuum classification, where current
imaging already carries strong disease-state signal,
and larger for progression forecasting, where visit
order, time intervals, and trajectory-level evidence
are more central.

Prompt routing and label-normalization con-
trols. To ensure that the observed gains are not
driven by output-format constraints or label post-
processing, we use the same label vocabulary, an-
swer format, and label-normalization script for
all methods. We further compare LUMINA with
and without task-specific inspection routing while
keeping the final output schema fixed. The no-
routing variant keeps the same reference compari-
son, memory update, and verification modules, but
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Table 16: Per-class recall and F1 for progression forecasting in the GPT-40-mini setting. The Clear progression
class remains precision-limited, which explains why Macro-F1 is lower than balanced accuracy despite improved

class-wise recall.

Mild progression

Clear progression

Method Stable
Recall

LUMINA 82.4
MedAgent-Pro 81.0

MLLM Visit Sequence 72.5

FI

LUMINA 80.1
MedAgent-Pro 76.6
MLLM Visit Sequence 69.2

76.1 74.5
72.4 68.7
63.1 59.7
69.4 64.3
64.8 57.1
58.3 50.2

Table 17: Shortcut-control baselines in the GPT-40-mini setting. Metadata-only and modality-availability-only
inputs remain far below image-based methods, suggesting that the benchmark is not solved by demographic or
acquisition-pattern shortcuts. Unordered image evidence is informative but remains below full LUMINA, supporting

the importance of explicit longitudinal organization.

Input setting

AD-continuum Bal. Acc.

Progression Bal. Acc.

Metadata only

Modality availability only

Images without longitudinal order
Full LUMINA

41.8 56.7
36.9 52.8
75.8 65.8
85.1 71.7

replaces task-specific inspection selection with a
fixed generic inspection policy.

The shared label-normalization control shows
that MLLM Visit Sequence does not lose perfor-
mance because of a different output vocabulary or
parsing procedure. Removing task-specific routing
lowers LUMINA from 85.1 to 82.1 balanced accu-
racy on AD-continuum classification and from 77.7
to 73.6 on progression forecasting. The no-routing
variant remains above MLLM Visit Sequence at
74.4 and 65.0, showing that task-specific routing
contributes to performance but does not account for
the full gain from structured evidence construction.

J Qualitative Failure Analysis

Qualitative inspection of misclassified GPT-4o-
mini cases identifies recurring errors from insuffi-
cient evidence in the visible prefix and from dif-
ficulty reconciling available multimodal evidence.
Table 19 summarizes the observed patterns.
Representative Preclinical AD error. One
ground-truth Preclinical AD case was predicted as
CU. The visible prefix showed low but detectable
amyloid burden and subtle tau uptake, while MRI
remained stable and provided little downstream
structural support. The model treated the weak
cross-modality support as evidence against pathol-
ogy rather than separating early biological burden
from absent downstream change.

Representative Clear progression error. One
ground-truth Clear progression case was predicted

as Stable. MRI appeared stable and tau abnormal-
ity was early, with no clear worsening visible in
the prefix. The held-out follow-up subsequently en-
tered the Clear progression outcome bucket. This
error reflects a future outcome that was not visibly
expressed at the target visit rather than a failure to
organize an available worsening signal.

J.1 Sensitivity to Interpretation Calibration

We evaluate sensitivity to the interpretation-
calibration protocol. The shared reference com-
parator is a fixed, non-label-bearing visual com-
parator available to all evaluated methods under
the same input protocol. The comparator pool is
constructed offline from cognitively unimpaired
subjects and frozen before evaluation. Within this
fixed pool, target-specific matching uses age as the
primary variable and sex as the secondary variable.
Matching for an evaluated subject does not use that
subject’s diagnosis, cognitive scores, target or pro-
gression labels, or future outcomes. LUMINA’s
contribution is therefore not access to the reference
itself, but a structured reasoning protocol that uses
calibrated visual evidence, prior same-modality an-
chors, memory, and verification to construct longi-
tudinal evidence.

This protocol is motivated by an empirical fail-
ure mode in the current AD-continuum benchmark.
Without a shared visual comparator, isolated PET
interpretation by the tested MLLM baselines was
unstable, with frequent overcalling of subtle uptake
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Table 18: Prompt-routing and label-normalization controls in the GPT-40-mini setting. MLLM Visit Sequence
uses the same output vocabulary and parsing procedure as LUMINA. Task-specific routing improves LUMINA by
prioritizing relevant longitudinal comparisons, but the no-routing variant remains substantially stronger than the

non-agent baseline.

Setting

AD-continuum Bal. Acc.

Progression Bal. Acc.

MLLM Visit Sequence with shared label normalization

LUMINA without task-specific routing
LUMINA with task-specific routing

74.4
82.1
85.1

65.0
73.6
71.7

Table 19: Qualitative failure taxonomy from representative GPT-40-mini errors.

Failure mode Main affected class

Typical pattern

Interpretation

Weak downstream support Symptomatic AD

Subtle PET abnormality am-  CU / Preclinical AD
biguity
Incomplete same-modality ~ Preclinical / Symptomatic AD
history

Cross-modality conflict Preclinical / Symptomatic AD

Future outcome not visible in
prefix

Current burden without near-
term decline

Mild / Clear progression

Mild / Clear progression

Biological evidence is present, but structural ev-
idence is weak, stable, or not clearly worsening.
Reference-relative PET deviation is weak and
not reinforced by the visible trajectory.

Current abnormality is visible, but prior anchors
are missing, sparse, or stale.

Molecular imaging suggests pathology while
structural evidence remains weak or stable.

Held-out follow-up worsens, but the visible pre-
fix contains little or no corresponding change.

Current abnormality is present, but the held-out
outcome remains stable within the forecast hori-

Biological burden alone may not establish
symptomatic-stage support.

Visual uncertainty can be mistaken for
early pathology or for absence of pathol-
ogy.

Longitudinal change is under-supported
even when current burden is apparent.
Reconciliation remains ambiguous when
modalities support different disease
stages.

Later worsening is not expressed in the
evidence available at the target visit.
Disease burden does not necessarily im-
ply near-term progression.

zon.

and a tendency to collapse predictions toward the
Preclinical AD class. This failure mode also affects
LUMINA when references are removed, because
longitudinal reasoning can organize evidence but
cannot fully correct systematic visual misinterpreta-
tion of the underlying images. Progression forecast-
ing is less dominated by this failure mode because
it depends more on visible change over time than
on current-state biological interpretation alone, but
it still inherits visual-interpretation noise from the
underlying studies. We therefore expose the same
shared reference comparators to every compared
method so that method differences reflect how cal-
ibrated evidence is organized and verified, rather
than differences in interpretation calibration. Al-
though the reference pool consists of cognitively
unimpaired subjects, the evaluated methods are not
given target labels or outcome information for the
test subject; the reference acts as a fixed visual
comparator for calibration, not as a retrieved label-
bearing case.

Interpretation-calibration sensitivity protocol.
To separate interpretation calibration from struc-
tured longitudinal reasoning, we compare four set-
tings with GPT-40-mini. In the no-reference set-
ting, the method receives the same longitudinal
visits but no shared visual comparator. In the
reference-comparator setting, the method receives
the standard fixed comparator selected by age as

the primary matching variable and sex as the sec-
ondary matching variable. No setting uses diag-
nosis, cognitive scores, target labels, or future out-
comes for reference selection. Other sanity checks
in Appendix 1.1 use the standard interpretation-
calibration protocol; the experiments in this sub-
section explicitly remove references only to isolate
the effect of interpretation calibration.

The reference sensitivity results are consistent
with the aggregate results reported elsewhere in
the appendix. The reference-comparator rows cor-
respond to the standard evaluation protocol. The
balanced-accuracy difference between MLLM Visit
Sequence and LUMINA is 10.7 points for AD-
continuum classification and 12.7 points for pro-
gression forecasting, consistent with the paired
bootstrap comparisons in Table 14 up to rounding.

Shared reference comparators improve both
MLLM Visit Sequence and LUMINA, with a
larger effect on AD-continuum classification than
on progression forecasting. LUMINA also re-
mains stronger after both methods receive the
same interpretation calibration, separating the ben-
efit of structured longitudinal reasoning from the
interpretation-calibration protocol.

Label-collapse analysis. We further examine
whether reference comparators reduce systematic
prediction collapse in AD-continuum classification.
For each method, we measure the proportion of
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Table 20: Reference-comparator sensitivity in the GPT-4o0-mini setting. Without a shared visual comparator, MLLM
Visit Sequence performs poorly on AD-continuum classification, reflecting unstable isolated PET interpretation and
collapse toward the Preclinical AD class. Removing references also substantially reduces LUMINA, showing that
structured longitudinal reasoning cannot compensate for systematic visual misinterpretation when the underlying
observations are poorly calibrated. Reference comparators improve both methods by calibrating visual interpretation.

Setting AD-continuum Bal. Acc.  AD-continuum Macro-F1 Progression Bal. Acc. Progression Macro-F1
MLLM Visit Sequence, no reference 433 36.8 58.9 52.1
MLLM Visit Sequence, reference comparator 74.4 69.4 65.0 59.2
LUMINA, no reference 48.7 429 68.6 61.9
LUMINA, reference comparator 85.1 81.5 71.7 71.3

Table 21: Prediction-distribution analysis for AD-continuum classification in the GPT-40-mini setting. Without a
shared visual comparator, MLLM Visit Sequence strongly over-predicts the Preclinical AD class. LUMINA without
references reduces this collapse only modestly, indicating that longitudinal reasoning cannot fully compensate for
miscalibrated visual interpretation. Reference comparators further stabilize the prediction distribution.

Setting CU Preclinical AD  Symptomatic AD
Ground-truth distribution 48.2 229 28.9
MLLM Visit Sequence, no reference 12.4 71.6 16.0
MLLM Visit Sequence, reference comparator ~ 28.7 41.6 29.7
LUMINA, no reference 17.2 64.8 18.0
LUMINA, reference comparator 342 35.7 30.1

predictions assigned to each AD-continuum class
in the GPT-40-mini setting.

The label-distribution analysis clarifies why ref-
erence comparators are part of the benchmark
protocol. Without interpretation calibration, AD-
continuum prediction is partly dominated by unsta-
ble isolated visual interpretation, particularly for
PET images. The no-reference MLLM Visit Se-
quence baseline collapses strongly toward the Pre-
clinical AD class, and LUMINA without references
only modestly reduces this collapse. With refer-
ence comparators, both methods produce more bal-
anced prediction distributions, indicating that the
reference acts as a shared interpretation-calibration
comparator rather than a LUMINA-specific source
of supervision.

The reference is not selected using target labels,
diagnosis fields, cognitive scores, or future out-
comes, and it is provided to all compared methods
under the same interpretation-calibration protocol.
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