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Abstract. Does every cancer patient truly need a complete di-
agnostic workup for accurate survival prediction? In multimodal
clinical oncology, diagnostic modalities follow a clinically mandated or-
der of escalating burden—from demographics collected at intake to ge-
nomic profiling requiring specialized tissue analysis. Current multimodal
survival methods either assume all modalities are available or passively
handle missing data, but none actively reason about whether acquir-
ing the next modality is justified for a given patient along this ordered
workflow. We formulate this as a sequential decision problem and pro-
pose SAGEAgent (Sequential Acquisition Guided by Experience), a self-
evolving LLM-based clinical agent that decides which diagnostic modal-
ities to acquire for each patient, balancing predictive accuracy against
clinical invasiveness. SAGEAgent reasons about each patient’s evolving
diagnostic state through clinical tools that translate numerical predic-
tions into text, an episodic memory that retrieves similar past cases, and
a semantic memory that accumulates reusable decision patterns from
experience. Experiments on a glioma cohort combining TCGA-LGG,
TCGA-GBM, and BraTS with four diagnostic modalities demonstrate
that SAGEAgent achieves competitive survival prediction accuracy while
reducing average acquisition burden by 55%. Code is publicly available
at: https://github.com/Chongyul117/SAGEAgent
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1 Introduction

Accurate survival prediction in oncology increasingly relies on integrating mul-
tiple diagnostic modalities [3,15], ranging from routine demographics and radi-
ology to invasive biopsy and molecular profiling [16]. These modalities follow a
strict clinical order: imaging precedes biopsy, which in turn provides the speci-
men for genomic analysis. Previous multimodal fusion methods [5,4,8] combine
all available modalities through a fixed strategy or handle missing data at test
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Fig.1. Overview of modality acquisition strategies. (a) Existing approaches:
static fusion applies all modalities uniformly, RL learns adaptive policies without ex-
planation, and LLM-based methods reason over independent tests without clinical or-
dering. (b) SAGEAgent follows a clinically acquisition order, deciding at each stage
whether to acquire or stop based on clinical tools, learned rules, and similar past cases.
Patient A stops early (83% burden saved); Patient B proceeds through all modalities.

time, but treat prediction as a static problem—the model outputs a risk score
from whatever is observed, without reasoning about whether the next diag-
nostic step is worth it for this specific patient.

Sequential test acquisition has been studied from two directions. Reinforce-
ment learning (RL) methods [2,20] train cost-aware acquisition policies but pro-
duce black-box decisions that limit clinical trust. Large language model (LLM)
based approaches [13,18,1] offer transparent reasoning but operate on indepen-
dent diagnostic tests without accounting for the sequential dependencies inherent
in clinical modality acquisition. Neither direction models the clinically mandated
ordering (see Fig. 1(a) for a comparison).

We propose SAGEAgent (Sequential Acquisition Guided by Experience),
a training-free, self-evolving LLM-based framework for cost-aware sequential
modality acquisition in multimodal survival prediction (Fig. 1(b)). At each stage
of the clinical order (demographics — radiology — pathology — genomics),
SAGEAgent decides whether to acquire or stop using three signal sources: clini-
cal tools that translate numerical predictions into text, an episodic memory that
retrieves similar past cases, and a semantic memory that accumulates decision
rules through periodic self-reflection—all without gradient updates. Evaluated on
a glioma cohort combining TCGA-LGG [19], TCGA-GBM |[21], and BraTS [17]
with nested 5x5 cross-validation, SAGEAgent achieves competitive survival pre-
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Fig.2. SAGEAgent architecture and reasoning. SAGEAgent Flow: At each
stage, the frozen predictor produces the patient embedding, risk score, and calibrated
uncertainty. Three signal sources feed the frozen LLM: clinical tools convert numerical
outputs to text, episodic memory retrieves similar patients and past decisions, and
semantic memory provides learned decision rules. Chain-of-Thought Reasoning: A
real reasoning trace after radiology, with highlights tracing each step to its source com-
ponent. The agent synthesizes all three signals and decides to stop, skipping invasive
pathology. Self-Evolution: Episodes accumulate with outcome labels; the reflection
module analyzes which rules led to good or poor outcomes and updates semantic mem-
ory accordingly, forming a closed loop without gradient updates.

diction accuracy while reducing acquisition burden by 55% compared to full
workup, providing transparent reasoning for each patient’s acquisition pathway.
Our contributions are threefold:

1. At the learning framework level, we propose SAGEAgent, a novel frame-
work that formulates cost-aware modality acquisition for multimodal survival
prediction as a sequential decision-making problem, while explicitly respect-
ing the clinical ordering of diagnostic procedures.

2. At the training strategy level, we introduce a dual-memory self-evolution
mechanism that autonomously discovers decision rules from experience, elim-
inating the need for gradient-based updates or hand-crafted priors.

3. At the interpretability level, we provide fully auditable reasoning path-
ways in SAGEAgent, where each acquisition decision is grounded in explicit
chain-of-thought reasoning, thereby bridging cost-aware modality acquisition
with clinical transparency.
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2 Method

2.1 Problem Formulation

Consider a patient with N diagnostic modalities {my,...,my} arranged in a
clinically mandated acquisition order m; — mgo — -+ — my. For glioma, this
order is demographics — radiology — pathology — genomics, reflecting real clin-
ical dependencies [16]. Each modality m, carries a clinical burden b(m;) € [0, 1],
quantified via multi-criteria decision analysis (MCDA) [11] over monetary cost,
turnaround time, patient invasiveness, and infrastructure requirements (details
in Sec. 3.1). At decision stage t € {1,..., N—1}, the agent has already acquired
the first ¢ modalities. The decision is binary: acquire m;y; (incurring burden
b(my41)), or stop and predict. The goal is to maximize prediction accuracy
while minimizing total acquisition burden B; = Zle b(m;). Fig. 2 provides
an overview of the proposed framework.

2.2 Multimodal Predictor with Calibrated Uncertainty

Survival predictor. The prediction backbone is a Transformer-based multi-
modal encoder that handles missing modalities via learnable mask tokens [9,8].
It maps each patient’s available modalities to a fused embedding e; € R, from
which a Cox proportional hazards head [7] produces a scalar risk score r;. The
predictor is trained with modality dropout and frozen during agent opera-
tion. Architecture and training details are in Sec. 3.2.

Calibrated uncertainty head. On top of the frozen predictor, we train a
lightweight uncertainty head that estimates whether the current prediction would
change if more modalities were acquired. Given the embedding e; and acquisition
mask ay, it outputs a calibrated probability:

ur = o fo([er, ar])) (1)

where fy is a lightweight MLP and o is the sigmoid function. The training
label is 1 when the absolute difference between the current and full-modality
risk scores exceeds a threshold 7, and 0 otherwise. Training data is generated
by enumerating clinical-order prefix masks on complete-modality patients. The
resulting u; € [0,1] is patient-specific and mask-specific, giving the agent a
calibrated signal of whether additional data is likely to matter.

2.3 SAGEAgent: LLM-Based Acquisition Agent

SAGEAgent is built on a frozen LLM that receives no gradient updates. At each
stage, it gathers diagnostic signals, retrieves relevant experience, and outputs
a binary decision (acquire or predict) with a chain-of-thought explanation. Its
behavior improves solely through two memory systems following the episodic—
semantic distinction in cognitive science [24].

Clinical decision tools. Two tools translate the frozen predictor’s numerical
outputs into text. The Uncertainty Tool reports u; from Eq. 1 with a categorical
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level (very low to very high) based on quintile thresholds from the training
distribution. The Survival Predictor Tool reports the risk score r; and its position
relative to the training cohort (below/around/above average). Both tools present
outputs as natural-language sentences so that all reasoning occurs in text space.
Episodic memory. The episodic memory provides case-based reasoning through
two complementary retrieval mechanisms. Case retrieval draws from a FAISS-
indexed [10] database of training patients, returning the k nearest neighbors by
cosine similarity on f5-normalized embeddings together with their event status
(survived or deceased) and survival time. This provides a static clinical reference:
which training patients resemble the current one, and how long did they survive.
Episode recall draws from the agent’s own past decisions. When the agent ac-
quires my41, it receives a stage reward Rgpage = —b(my41) + max(0, up — uy41)
that penalizes cost and rewards uncertainty reduction. When the agent stops at
stage ¢, a terminal reward Riermn = (1 — u¢) — By favors early stopping at low
uncertainty. Retrieval is stage-matched and re-ranked by the sum of cosine sim-
ilarity sim(e¢, e;) and min-max normalized episode reward 7; € [0, 1], returning
the top-k episodes, including the action taken and its outcome.

Semantic memory and self-evolution. The semantic memory stores inter-
pretable decision rules discovered through periodic self-reflection. Each rule is
indexed by acquisition stage ¢ and action direction d € {stop,acquire}. After
each episode, we record whether the agent followed or violated each relevant
rule. Every N, episodes (one reflection cycle), episodes are ranked by total re-
ward, and those in the top and bottom quartiles are labeled good and poor
respectively. Rule effectiveness is the fraction of followed episodes that led to
good outcomes. The reflection module receives the effectiveness report and pro-
poses new rules, which are verified for direction clarity and novelty. Rules that
consistently lead to poor outcomes are deprecated, forming a closed loop where
rules are discovered, validated, and either reinforced or removed.

3 Experiments & Results

3.1 Dataset and Evaluation Protocol

Dataset and split. We evaluate on a glioma cohort of 962 patients (803 TCGA-
LGG/GBM [19,21] and 159 BraT$S [17]) spanning four diagnostic modalities in
clinical order: demographics, radiology, pathology, and genomics, each encoded
into a 32-dimensional feature vector by pretrained extractors [8]. Of the 962 pa-
tients, 170 possess all four modalities and form the evaluation set. We adopt
nested 5x5 cross-validation. The outer loop splits 170 patients into 5 folds
(136/34) for agent training and evaluation. Each inner 5-fold trains the pre-
dictor on the 136 patients plus 792 partial-modality patients as augmentation
via modality dropout, yielding 25 independent pipelines. Per-patient decisions
are aggregated by majority vote (>3/5 inner models). We report mean + std
across b outer folds.

Clinical burden. We quantify modality cost via MCDA [11] over monetary
cost, turnaround time, invasiveness, and infrastructure requirements. After nor-
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malization, per-modality burdens are 0.03 (demographics), 0.14 (radiology), 0.53
(pathology), and 0.30 (genomics), totaling B=1.0 for a full workup.

Metrics. We report C-index [14], average burden, and hypervolume HV = (¢ —
0.5) x (1.0 — b) which captures the accuracy—cost trade-off as a single scalar.

Table 1. Core results on the glioma survival cohort (170 complete-modality
patients). Top (a) C-index in ascending order. RL-based methods form a lower cluster
around 0.73, while the remaining six methods achieve C-index above 0.8. Top (b) C-
index (solid) and burden (hatched) for the six methods with C-index > 0.8, where
SAGEAgent saves the most burden. Bottom: per-method C-index and burden as the
mean over 5 outer folds with 95% bootstrap confidence intervals (1000 stratified resam-
ples). Bold marks the lowest burden among methods with C-index>0.8. D, R, P, G
denote demographics, radiology, pathology, and genomics, and -1 patients, =
5 patients, with shades varying linearly between these values. T = predictor backbone
used by SAGEAgent.

(a) Comparison of all methods (sorted by C-index) (b) Zoomed view (C-index > 0.8): C-index vs. Burden
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Category  Method C-index?t Burden] D R P G
Concat. Fusion 0.8121[.77,.86] 1.000[1.00,1.00] I M M N

Static MCAT |[6] 0.8171.78,.86] 1.000[1.00,1.00] I M N N
Fusion MMD [g] 0.8221.78,.86] 1.000[1.00,1.00] I M N N
Self-Att. Fusion  0.825[.78,.87] 1.000[1.00,1.00] I I W M

Bernardino et al. [2] 0.742[.69,.79] 0.125[.10,.15] M

RL-based
Acquisition PRECISE-AS [20]  0.743[.69,.79] 0.127[.10,.16] M

PPO [22] 0.729[.68,.78] 0.124[.10,.16] M
LLM-based Reflexion [23] 0.823[.78,.87] 0.872[.84,.90] M MW W =
Acquisition SAGEAgent 0.813[.77,.86] 0.451[.41,.50] M M

3.2 Implementation Details

Predictor. The backbone is a 2-layer Transformer encoder (d=128, 4 heads)
with per-modality MLP projections from R3? to R!?® and learnable mask to-
kens for missing modalities, trained with Cox partial likelihood, reconstruction,
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Table 2. Component ablation. Each row adds one component to the Base LLM.
All configurations use frozen Qwen-2.5-7B-Instruct with majority-vote aggregation. C-
index, burden, and HV are reported as the mean over 5 outer folds with 95% bootstrap
confidence intervals, following the protocol of Table 1. Bold indicates best burden and
HV. D, R, P, G denote demographics, radiology, pathology, and genomics, and m-

170 patients, = = 5 patients, with shades varying linearly.
Configuration C-index?t Burden] HV? D R P G
Base LLM 0.827[.79,.87] 0.798[.77,.82] 0.066[.06,.08] Il M M
+ Tools 0.830[.79,.87] 0.843[.82,.87] 0.052[.04,.06] I I M
+ Tools + Episodic 0.814[.77,.86] 0.611[.56,.66] 0.122[.10,.14] H M
+ Tools + Semantic 0.819[.78,.86] 0.706[.66,.75] 0.094[.08,.11] H M M
[

SAGEAgent 0.813[.77,.86] 0.451[.41,.50] 0.172[.15,.20] Il

and alignment losses under 50% modality dropout (~458K parameters). The
calibrated uncertainty head (Eq. 1) adds ~6.5K parameters trained with BCE
loss, with 7=0.3 set by calibration quality (AUROC =0.908, ECE =0.110) on
inner-fold validation after post-hoc temperature scaling [12].

SAGEAgent uses Qwen-2.5-7B-Instruct [25] with fully frozen weights, running
on a single NVIDIA A6000 GPU. During experience accumulation, each train-
ing patient is processed for 3 episodes, yielding ~408 episodes per fold. Episodic
memory retrieves k=3 stage-matched neighbors via FAISS [10]. Semantic mem-
ory maintains up to 10 active rules with reflection triggered every 10 patients.

3.3 Core Results

Table 1 reports all methods under the nested 5x5 protocol of Sec. 3.1.

RL methods reduce cost at the expense of accuracy. A C-index gap of
approximately 0.07 separates the nine methods into two clusters.(Table 1 top (a))
All three RL baselines reduce burden to ~0.12 but drop C-index to ~0.73,
effectively discarding informative modalities. Static fusion methods require full
workup by design, and Reflexion reduces burden by only 13%.

SAGEAgent reduces burden by 55% at no significant accuracy cost.
As shown in Table 1 top (b), SAGEAgent reaches a C-index of 0.813 while
reducing burden to 0.451. Its C-index gap to every method with C-index above
0.8 is not statistically significant, with paired 95% bootstrap confidence intervals
containing 0 and p > 0.30, whereas its burden reduction over those methods is
significant at p < 0.001. SAGEAgent thus offers the strongest accuracy-to-cost
balance among the methods compared, rather than the highest accuracy alone.

3.4 Ablation Study

Table 2 isolates the contribution of each component by progressively adding
tools, episodic memory, and semantic memory to the frozen LLM. Adding tools
alone raises burden from 0.798 to 0.843 because without past experience to
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Table 3. Rules discovered by semantic memory across five folds. Eff. = fraction
of rule-following episodes with top-quartile reward (random baseline = 0.25). n = total
episodes where the rule was followed across folds. Stability indicates whether the rule,
once discovered, was ever deprecated and re-proposed during training.

Discovered Rule Folds n Eff.  Stability

Stopping rules

“After radiology, predict now ...risk error is small 5/5 876 .46-.52 Stable
and pathology cost outweighs potential gain.”

“After pathology, predict now ...prediction quality 5/5 387 .39-.62 Stable
is high and genomics cost is not justified.”

Acquisition rules

“After demographics, acquire radiology 4/5 493 .38-.67 Stable
... uncertainty is high and imaging cost is low.”

“After radiology, acquire pathology ...uncertainty 4/5 353 .44-58 Churned
remains high and risk error is large.”

contextualize uncertainty and risk signals, the LLM defaults to acquiring more.
Episodic memory provides the largest individual burden reduction (0.843—0.611)
by surfacing cases where early stopping succeeded, while semantic memory of-
fers a complementary effect (0.843—0.706) through interpretable stopping cri-
teria. Combined, SAGEAgent achieves the lowest burden (0.451) and highest
HV (0.172), a 2.6x improvement over the Base LLM, whose marginally higher
C-index is not significant. A naive policy that stops once u; falls below a fixed
7 reaches C-index 0.774, 0.769, and 0.750 at 7=0.3, 0.5, and 0.7 with burden
0.347, 0.235, and 0.144, which is 0.04 to 0.06 below SAGEAgent. The tools and
dual memory therefore add value beyond the uncertainty head.

3.5 Self-Evolution Analysis

The ablation in Sec. 3.4 shows that semantic memory reduces burden, but does
not reveal what rules it learns. We now examine whether the discovered rules are
consistent across folds. Each outer fold runs 10 reflection cycles from an empty
rule set with no shared initialization.

Semantic memory discovers consistent rules across folds. Table 3 lists
the four rules emerging in at least four of five folds, all achieving effectiveness well
above the 0.25 random baseline and collectively covering over 2,100 decisions.
Each fold generates 10.8 candidate rules on average, of which 4.6 survive pruning.
Stopping rules are easier to learn than acquisition rules. The two stop-
ping rules emerge in the first two reflection cycles and are never deprecated. In
contrast, the acquisition rule “after radiology, acquire pathology” accumulates 13
deprecated instances across folds before a stable version survives in four of five.
Reflection logs reveals a two-phase pattern: cycles 1-2 establish core stopping
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rules that persist unchanged, while cycles 3-10 are dominated by acquire-rule
exploration where most proposals are deprecated due to near-zero effectiveness.

4 Conclusion

We presented SAGEAgent, a training-free LLM agent for cost-aware sequential
modality acquisition in survival prediction. On a glioma cohort it reduces acqui-
sition burden by 55% with no statistically significant loss in C-index, grounding
each decision in auditable reasoning. Notably, it learns to skip invasive pathol-
ogy for half of the cohort, suggesting that many glioma patients may not require
biopsy for reliable prognostication. Self-evolution analysis shows that stopping
rules converge reliably while acquisition rules are harder to learn. Our evidence
is limited to a single retrospective glioma cohort with complete four-modality
data, so external multi-site validation, other cancer types, and prospective clin-
ical study remain future work.
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