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Abstract
Recommending medications from electronic
health records (EHRs) is a safety-critical task
that demands therapeutic coverage, explicit
safety constraints, traceable justification, and
continual adaptivity. Supervised neural mod-
els freeze at deployment and cannot reason
about new phenotypes, while existing LLM
pipelines are single-pass and lack a cross-
case improvement loop. We propose SEMPA,
a training-free agentic framework that cou-
ples a PROPOSER with a CRITIC in multi-
round adversarial deliberation, grounds can-
didates with molecular-aware retrieval, con-
trastively evolves both agents’ natural-language
policies under a semantic-anchor constraint,
and enforces rule-based DDI and contraindica-
tion checks. On 100 MIMIC-IV encounters,
SEMPA reaches 0.3116 Jaccard, 0.7295 F1,
and a 0.0172 DDI rate, improving F1 by 57.7%
and cutting DDI by 77.5% over the strongest
supervised baseline. Two LLM judges rank
SEMPA highest, and six-backbone studies con-
firm that gains derive from the framework
rather than a specific model.

1 Introduction

Recommending medications from a patient’s EHR
is among the most consequential decision tasks in
care (Wang et al., 2026a; Johnson et al., 2023). A
well-chosen regimen can resolve life-threatening
pathophysiology in the intensive care unit; an ill-
chosen one can precipitate adverse drug events,
prolong hospitalization, or cause harm (Wishart
et al., 2018; Wang et al., 2026c). Modern EHRs
combine ICD-coded diagnoses, procedures, labo-
ratory values, and free-text narratives, creating an
opportunity to build assistive prescribing systems
that augment clinician decision-making at the bed-
side (Jiang et al., 2025c).

The task is, however, difficult. Critical-care
patients present with multiple co-occurring con-

*These authors are co-first authors.

ditions, requiring multi-drug regimens that cover
every active diagnosis while avoiding drug-drug in-
teractions (DDIs), absolute contraindications, and
organ-function violations such as nephrotoxic pre-
scribing in patients with elevated creatinine (Yang
et al., 2021; Lu et al., 2020). The input is het-
erogeneous, the combinatorial drug space is large,
and prescribing practice evolves as new evidence
emerges, so any static decision system risks be-
coming stale once deployed. A clinically useful
assistive system should reconcile four properties
that are in tension: therapeutic coverage, safety,
mechanistic justification, and continual adaptivity.

Two principal lines of work have addressed parts
of this problem. Supervised models such as LEAP
(Zhang et al., 2017), RETAIN (Choi et al., 2016),
GAMENet (Shang et al., 2019), SafeDrug (Yang
et al., 2021), MoleRec (Yang et al., 2023), and
CausalMed (Li et al., 2024b) learn drug-prediction
functions via gradient-based optimization. While
effective at capturing population-level patterns,
they (i) freeze at deployment and cannot adjust
to new phenotypes, (ii) treat prescribing as multi-
label classification with no traceable rationale, (iii)
lack molecular-level grounding for why a candidate
fits the underlying pathophysiology, and (iv) often
trade safety for coverage. More recently, LLMs
have been applied via zero-shot prompting, chain-
of-thought (Wei et al., 2022), self-consistency
(Wang et al., 2022), retrieval-augmented genera-
tion (Lewis et al., 2020; Xu et al., 2024; Cao et al.,
2026), and single-agent loops such as ReAct (Yao
et al., 2022) and Reflexion (Shinn et al., 2023).
These pipelines exploit the biomedical knowledge
encoded in pretrained LLMs (Singhal et al., 2023;
Wang et al., 2025b; Jiang et al., 2025b,e), and re-
lated foundation-model studies have begun to ex-
tend such representations to biological sequences,
RNA-protein interactions, and functional RNA
design (Jiang et al., 2025f, 2026b), but existing
clinical pipelines remain single-pass and single-
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Figure 1: Overview of SEMPA. (a) Clinical State Construction normalizes EHRs into a patient state xt (§3.2).
(b) Molecular-Grounded Retrieval ranks candidates by a hybrid topology-molecule score (§3.3). (c) Dual-
Role Self-Play alternates between a PROPOSER and a CRITIC over multiple rounds (§3.4). (d) Self-Evolving
Policy Distillation contrastively rewrites agent policies (§3.5). (e) Constraint-Aware Assembly applies DDI and
contraindication checks to yield M̂t (§3.6), which is appended to the experience bank B to close the loop.

perspective: a single model both proposes and cri-
tiques, with no explicit second opinion, no mecha-
nism to learn from past prescribing successes and
failures, and no explicit DDI constraint (Misaghi
et al., 2026; Ozer et al., 2025).

We argue that medication recommendation
should be cast as an agentic, self-evolving delibera-
tion process, and we introduce SEMPA (Figure 1).
SEMPA’s core, two LLM instances with role poli-
cies, a PROPOSER that drafts a prescription and a
CRITIC that challenges it, engage in multi-round
adversarial deliberation under a rubric. Around
this core, three modules are added: a molecular-
grounded retriever that fuses knowledge-graph
topology with SMILES-level Tanimoto similarity
over Morgan fingerprints (Rogers and Hahn, 2010;
Bento et al., 2020; Yu et al., 2025); a self-evolving
policy distillation step that contrasts high- and low-
utility episodes and rewrites agents’ policies, with
a semantic anchor to a human-authored seed to
keep policy aligned (Zhou et al., 2026; Jiang et al.,
2026a; Chen et al., 2026b); and a constraint-aware

assembly layer that enforces DDI severity ceilings
and ligand-level contraindication rules (Wishart
et al., 2018). The framework is training-free; it ac-
cumulates experience in an episodic memory and
improves its reasoning policy without parameter
update.

Our contributions are summarized as follows: (1)
Agentic reformulation. We cast medication rec-
ommendation as a dual-role deliberation problem
and propose SEMPA, a training-free framework
coupling Proposer-Critic self-play with closed-loop
self-evolution. (2) Contrastive policy distilla-
tion. A meta-reflection mechanism rewrites agents’
policies from success and failure pools, with a
semantic-anchor constraint mitigating drift. (3)
Molecular-grounded retrieval. A hybrid scorer
combines pharmacological knowledge-graph topol-
ogy with SMILES-level similarity, anchoring each
candidate to its ligand structure when available. (4)
Rule-based safety screening layer. A constraint-
aware assembly stage enforces DDI ceilings and
ligand-level contraindications on top of delibera-
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tive output. (5) Empirical validation. On 100
MIMIC-IV encounters, SEMPA attains 0.3116 Jac-
card, 0.7295 F1, and a 0.0172 DDI rate (+57.7%
F1 and −77.5% DDI over the strongest supervised
baseline), and is ranked highest by two LLM judges
and across six LLM backbones.

2 Related Work

Supervised medication recommendation formu-
lates the task as multi-label classification over lon-
gitudinal EHRs. Representative models include
LEAP (Zhang et al., 2017), RETAIN (Choi et al.,
2016), GAMENet (Shang et al., 2019), SafeDrug
(Yang et al., 2021), MoleRec (Yang et al., 2023),
CausalMed (Li et al., 2024b), and StratMed (Li
et al., 2024a), which progressively inject attention,
memory, molecular structure, and causal priors.
Despite richer features, these models freeze at de-
ployment, treat prescribing as black-box classifica-
tion, and entangle safety and accuracy in a single
loss (Lu et al., 2020; Bhoi et al., 2021).

LLM-based and multi-agent clinical rea-
soning extends decision support with zero-shot
prompting, CoT (Wei et al., 2022), self-consistency
(Wang et al., 2022), RAG (Lewis et al., 2020; Xu
et al., 2024; Cao et al., 2026), and single-agent self-
improvement loops (Madaan et al., 2023; Yao et al.,
2022; Shinn et al., 2023), where the same model
both proposes and critiques. Recent multi-agent
frameworks (MedAgents (Tang et al., 2024), MDA-
gents (Kim et al., 2024), MAC (Chen et al., 2025),
ArgMed (Hong et al., 2024)) simulate panels of
specialists and reduce harms of omission (Misaghi
et al., 2026), while agent-evolution work explores
verbal reinforcement, dynamic memory, and tool-
driven adaptation (Shinn et al., 2023; Park et al.,
2023; Zhou et al., 2026; Jiang et al., 2026a; Yin
et al., 2025; Zhou et al., 2025b). SEMPA differs
by combining adversarial Proposer-Critic delibera-
tion with a contrastive cross-episode evolution loop,
grounding both agents in molecular evidence (Yu
et al., 2025; Jiang et al., 2025e), and bounding them
with an auditable rule-based safety layer. A full dis-
cussion of all four lines is given in Appendix A.1.

3 Methodology: SEMPA

3.1 Problem formulation and framework

A patient encounter is denoted Rt =
(Dt,Pt,Lt,Nt), containing ICD-coded diag-
noses, procedures, lab test-value pairs, and the

free-text narrative. SEMPA outputs

M̂t =
{
(mi, si)

}Kt

i=1
,

mi ∈M, si ∈ S ∪ {∅},
(1)

where M is the ATC-3 drug vocabulary, S the
SMILES library, and si = ∅ when no canonical
ligand exists (e.g., biologics). The decision objec-
tive is

M̂t = arg max
M′⊆M

Φ
(
M′ | xt, π

(k),K
)

s.t. ΨDDI(M′) ≤ ϵ,
(2)

where xt is the patient state, π(k) the agent policy
at epoch k,K the pharmacological knowledge base,
and ϵ a DDI severity ceiling. SEMPA realizes this
objective with five modules described next. All
modules call the same LLM endpoint F , so no
task-specific trained model is needed.

3.2 Clinical state construction
ICD codes are mapped to UMLS (Bodenreider,
2004) concepts so that synonyms across coding
versions are collapsed; lab values are z-score stan-
dardized to preserve quantitative severity; raw drug
strings are reduced to canonical generic names by
stripping dose, route, and frequency; narrative enti-
ties Et (symptoms, signs, negated findings) are ex-
tracted by a structured template. The patient state
xt aggregates these signals together with a longi-
tudinal summary ht over the most recent W visits.
Full formulas, including the z-score and entity-
extraction templates, are given in Appendix A.2.

3.3 Molecular-grounded retrieval
Serializing every ingredient in the pharmacological
knowledge base, each with its evidence card, would
exceed the LLM’s context budget. We instead ex-
tract depth-η BFS subgraphs of a pharmacological
knowledge graph K around each diagnosis, and
rank candidates by a hybrid score

ϕ(m) = λϕtopo(m) + (1− λ)ϕmol(m), (3)

where ϕtopo(m) is the normalized inverse shortest-
path distance to any diagnosis node, and ϕmol(m) is
the average maximum Tanimoto similarity between
m’s Morgan fingerprint (Rogers and Hahn, 2010)
and the fingerprints of approved first-line agents.
Drugs without SMILES use a population-frequency
prior. The motivation for ϕmol is consistent with
recent drug-target interaction work (Yu et al., 2025):
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structurally similar small molecules tend to share
targets. The top-N candidates formMcand

t , each
paired with an evidence card serialized into the
agent context. The full expression of ϕmol is given
in Appendix A.3.

3.4 Dual-role self-play deliberation
A single LLM pass is prone to oversight and hallu-
cination (Shinn et al., 2023; Misaghi et al., 2026).
We therefore split deliberation across two role-
conditioned instances of the same backbone LLM:
a PROPOSER FP that drafts a prescription with ra-
tionale, and a CRITIC FC that challenges it.

Episodic memory. An experience bank B =
{(x(i),M̂(i),O(i), ξ(i))} stores episodes (state,
prescription, reasoning trace, utility). At each new
encounter we retrieve the Q most similar cases as
in-context exemplars, combining Jaccard diagno-
sis overlap with cosine similarity of biomedical
narrative embeddings (Appendix A.4). This use
of multi-source knowledge as in-context ground-
ing follows prior work on knowledge-augmented
dialogue (Jiang et al., 2023, 2026a).

Self-play loop. At round τ , the PROPOSER pro-
duces a regimen M(τ)

P and rationale o(τ)P , condi-
tioned on policy π(k)P , patient state, candidate pool,
retrieved exemplars, and Critic feedback,

(
o
(τ)
P ,M(τ)

P

)
= FP

(
π
(k)
P ∥xt ∥Mcand

t

∥BQt ∥ {o
(τ ′)
C }τ ′<τ

)
,

(4)

so that earlier objections are addressed. The Critic
then emits four sub-scores aggregated as

S(τ) = ω1S
(τ)
cov + ω2S

(τ)
safe

+ ω3S
(τ)
mol + ω4S

(τ)
logic,

∑
i ωi = 1,

(5)

covering therapeutic coverage, safety, molecular
mechanism, and reasoning coherence. The loop
terminates at round τ∗ when τ ≥ 2 and S(τ) −
S(τ−1) < γ, or when τ reaches the budget T . The
output isMdelib

t =M(τ∗)
P with trace Ot.

3.5 Self-evolving policy distillation
A static prompt cannot adapt to a specific patient
population. After each encounter we compute a
retrospective utility

ξt = Jt + µ
(
1−ΨDDI(M̂t)

)

+ ν ϕ̄mol(M̂t) + ζ St,
(6)

where Jt is Jaccard overlap with the reference set,
ϕ̄mol is the mean molecular grounding of prescribed

drugs with available SMILES, and µ, ν, ζ > 0 are
weighting coefficients. Every ∆k episodes, B is
split at the p-th percentile of ξ into a success pool
B+ and a failure pool B−. Both agent policies are
rewritten contrastively:

∆π
(k)
R = F

(
T R

evolve ∥π(k)R

∥ Sample(B+, n+)
∥ Sample(B−, n−)

)
,

(7)

for r ∈ {P, C}. This contrastive distillation
step is related to subspace partitioning of in-
context examples (Wang et al., 2026b) and to
tool-driven intrinsic adaptation (Zhou et al., 2026).
To prevent the evolved policy from drifting away
from the human-authored seed π(0), every gener-
ated increment must satisfy the semantic anchor
cos

(
Emb(∆π

(k)
R ),Emb(π

(0)
R )

)
≥ α; increments

that violate the bound are discarded and re-sampled
with the seed re-injected into the rewrite prompt.
The two roles evolve along different axes. For the
Proposer, we count per disease category the fre-
quency of each drug in B+ and the omission and
erroneous-addition frequencies in B−, and pass
these statistics to the LLM as evidence, so that each
improvement entry cites its own support, e.g. “[IN-
FECTIOUS] 80% of high-utility sepsis cases con-
tain vancomycin+piperacillin–tazobactam whereas
only 40% of low-utility cases employ broad-
spectrum coverage; therefore strengthen empiri-
cal broad-spectrum-therapy guidance.” Category-
indexed entries are appended rather than overwrit-
ten, π(k+1)

P = π
(k)
P ∥∆π(k)P , so specialty-level pre-

scribing experience accumulates across domains.
The Critic instead evolves along the four rubric
dimensions (Scov, Ssafe, Smol, Slogic), giving a “spe-
cialty prescribing knowledge + general evalua-
tion framework” division of labor that prevents
cross-domain interference while keeping the rubric
transferable. Stratified sampling details are in Ap-
pendix A.6.

3.6 Constraint-aware assembly

The deliberation output is reasoned but carries no
formal safety-screening mechanism. The assem-
bly module filtersMdelib

t through rules: a pairwise
severity-weighted DDI score ΨDDI from DrugBank
(Wishart et al., 2018), and a ligand-level contraindi-
cation indicator ψcontra based on each candidate’s
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known protein targets. The final prescription solves

M̂t = arg max
M′⊆Mdelib

t

∑

m∈M′
ϕ(m)

s.t. ΨDDI(M′) ≤ ϵ,∑
m ψcontra(m,xt) = 0,

(8)

which we solve by greedy repair: candidates are
ordered by ϕ, and the lower-scoring member of
each violating DDI pair, together with any drug
triggering ψcontra, is removed until both constraints
hold. Since |Mdelib

t | ≤ 30, this terminates in at
most 30 removals. The finalized episode is ap-
pended to B. Detailed expressions of ΨDDI and
ψcontra, and full pseudocode, are in Appendix A.5
and Appendix A.7.

4 Experiments

4.1 Setup

Dataset and baselines. We evaluate on 100 patient
encounters drawn from the MIMIC-IV test split
(Johnson et al., 2023) processed with the canonical
SafeDrug pipeline (Yang et al., 2021). The ATC-3
drug vocabulary has size |M| = 131. Retrieval
in M2 operates over the ingredient-level knowl-
edge base (several thousand DrugBank entries car-
rying SMILES and target annotations); ATC-3 is
used only as the evaluation label space, into which
both retrieved candidates and final prescriptions
are mapped before scoring. The top-N candidate
pool is therefore an ingredient-level pool, not a
subset of the 131 ATC-3 classes. Because SEMPA
is training-free, adaptation is performed entirely
through policy evolution rather than parameter up-
date. To avoid any test-label leakage, we adopt
an evolve–freeze–test protocol: the Proposer and
Critic policies are evolved on a disjoint evolution
stream of encounters, the resulting policies π(k

∗)

are then frozen, and the 100 held-out test encoun-
ters are evaluated in a single pass with no further
policy update. Reference regimens of the test en-
counters are used only to compute the reported
metrics. We compare against four supervised base-
lines: LEAP (Zhang et al., 2017), RETAIN (Choi
et al., 2016), GAMENet (Shang et al., 2019), and
SafeDrug (Yang et al., 2021), all run from their
official code with default hyperparameters.

Implementation. SEMPA uses GLM-5 as its
backbone (temperature 0.7 for generation, 0 for
evaluation). The knowledge base integrates Drug-
Bank (Wishart et al., 2018), UMLS (Bodenreider,

2004), and ATC. Morgan fingerprints use radius
r = 2 and b = 2048 bits via RDKit (Bento et al.,
2020). Defaults are λ = 0.5, η = 3, N = 300,
Q = 5, T = 5, γ = 0.15, ∆k = 40, p = 80,
α = 0.12, ϵ = 0.5. The table is in Appendix A.8.

Evaluation protocol. We use two protocols:
(i) set-matching metrics (Jaccard, F1, PRAUC,
DDI rate, #Meds, R2) following (Yang et al.,
2021); (ii) LLM-judge evaluation by two inde-
pendent judges (GLM-5 and GPT-4o) along six
clinically grounded dimensions, namely diagnosis-
medication alignment (DMA), safety, molecular
justification (MolJust), polypharmacy parsimony,
guideline concordance (GuideCon), and overall
clinical acceptability (OCA), each scored on a 1
to 5 Likert scale with anchored rubric and one-
sentence justification. The full prompt and rubric
anchors are in Appendix A.15. The use of LLM
judges follows recent practice in agent evaluation
(Chen et al., 2026a; Jiang et al., 2025b). We report
two matching schemes. Exact-name matching re-
quires the predicted and reference drug names to
coincide; ATC-3 class matching maps the outputs
of all methods, supervised and LLM-based alike,
through the same ATC-3 hierarchy before scoring,
which permits credit for clinically equivalent sub-
stitutions (e.g., one NOAC for another). Jaccard
is always reported under exact-name matching; F1
in Table 1 is reported under ATC-3 class matching,
and exact-name F1 for every method is given in
Appendix.

4.2 Main quantitative results
Table 1 reports the comparison on set-matching
metrics. SEMPA simultaneously achieves the best
Jaccard, F1, PRAUC, and DDI rate. The F1 gain
(+57.7% ATC-3 drug-class F1 over SafeDrug)
is much larger than the exact-name Jaccard gain
(+1.5%). The two numbers are not directly compa-
rable: Jaccard is computed under strict exact-name
matching, which penalizes any clinically equiva-
lent substitution, whereas drug-class F1 credits it.
For the supervised baselines, whose label space
is already ATC-3, the two schemes coincide, so
the class-level gain should be read as evidence that
SEMPA recovers the correct therapeutic class far
more often, not as a 57.7% improvement under a
common strict protocol; matched exact-name F1
for all methods is reported in the supplementary
material. Consistent with this reading, SEMPA
achieves its exact-name Jaccard with a tighter reg-
imen (19.5 drugs) than RETAIN, GAMENet, and
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SafeDrug (24–25), i.e. without padding the pre-
dicted set with redundant “safe-bet” drugs. The
DDI rate is reduced by 77.5% relative to Safe-
Drug, a model explicitly designed for DDI con-
trol through differentiable regularization, suggest-
ing that hard logical constraints can complement
(and in some metrics exceed) loss-based safety.
SEMPA prescribes 19.5 drugs on average, com-
parable to LEAP (18.3) and well below GAMENet
(25.0), so the safety improvement is not from under-
prescription. Because ΨDDI is also the rule set used
by M5, we further audit the same outputs against
two independent criteria: the AGS 2023 Beers
Criteria for potentially inappropriate prescribing
in patients aged 65 and over (Panel, 2023), and
STOPP/START 3.0 (O’Mahony et al., 2023). Rel-
ative to RETAIN, SEMPA reduces Beers-flagged
prescribing by 61% and STOPP triggers by 58%,
while increasing START coverage of guideline-
mandated agents (e.g. ACE inhibitors for HFrEF,
anticoagulation for AFib with CHA2DS2-VASc
≥ 2) by 34%, indicating that the safety gain is
not an artefact of sharing a rule source with the
evaluation metric. Rule-level breakdowns are in
Appendix A.14.

4.3 Against LLM prompting and agent
baselines

To separate SEMPA’s framework contribution
from the underlying LLM, Table 2 compares
SEMPA against six LLM-based pipelines built
on the GLM-5 backbone. Three observations
follow. First, prompting (Zero-shot, CoT, Self-
Consistency) yields low Jaccard (≤ 0.15): without
a constrained candidate space, the model defaults
to cautious or generic prescriptions, an effect also
noted in clinical Human-LLM collaboration studies
(Wang et al., 2026a). Second, RAG with module
M2 attached lifts Jaccard to 0.245, indicating that
retrieval-grounded context is necessary but insuf-
ficient. Third, single-agent improvement loops do
not translate into better prescribing: ReAct’s tool-
driven reasoning produces the lowest DDI but a
very small Jaccard (0.094), and Reflexion’s monoc-
ular self-critique amplifies confirmation bias and
yields the worst result overall. SEMPA exceeds
all variants on Jaccard (+30% over RAG) while
remaining within safe DDI bounds, consistent with
the hypothesis that gains arise from the dual-role
adversarial setup and the closed-loop evolution
rather than from the backbone.

4.4 Qualitative evaluation by LLM judges

Beyond set matching, Table 3 reports two LLM-
judge studies along six clinical dimensions. Per-
judge breakdowns and cross-judge agreement are
in Appendix A.10. SEMPA is consistently ranked
highest by both judges. The GLM-5 judge shares a
backbone family with SEMPA’s reasoning engine,
yet the ranking is also reproduced by GPT-4o, re-
ducing the concern of LLM-judge self-preference
(Chen et al., 2026a). GAMENet receives relatively
high LLM-judge scores despite mid-pack Jaccard,
but inspection of its raw outputs shows that it emits
an essentially identical 25-drug regimen for nearly
all 100 patients. This degenerate templating pat-
tern aligns with prior observations that drug rec-
ommendation models can over-rely on prevalence
shortcuts (Lu et al., 2020; Bhoi et al., 2021).

4.5 Self-evolution dynamics and ablation

Table 4 traces SEMPA’s performance across evo-
lution epochs k. Gains plateau by k = 8 (Jaccard
0.3146 at k = 8, 0.3116 at k = 16, within run-to-
run variance), and the policy remains stable there-
after rather than collapsing under further evolution.
The whole-policy drift (cosine distance to π(0))
rises monotonically to 0.997. This saturation is ex-
pected rather than alarming: category-indexed en-
tries are appended to a short seed rather than replac-
ing it, so the embedding of the concatenated policy
necessarily moves away from the seed as coverage
broadens. The anchor of §3.5 is enforced per in-
crement, not on the concatenation. Performance
does not collapse at any point, indicating that the
accumulated text remains clinically valid. The aver-
age self-play length τ̄∗ drops from 5.0 to about 2.4
rounds, meaning that the evolved Critic identifies
failure patterns earlier and the Proposer addresses
them on the first draft, producing an emergent
“compile-time” efficiency. This behaviour is consis-
tent with prior reports on principle-driven adaptive
dialogue policies (Jiang et al., 2026a; Zhou et al.,
2026).

Table 5 isolates each module’s contribution. M3
(self-play) is the largest contributor: without it, the
Proposer is no longer challenged and Jaccard drops
by 40.1%. The DDI rate collapses to zero only be-
cause the unchallenged Proposer retreats to a small,
ultra-conservative regimen that does not cover the
patient’s diagnoses, representing a harm of omis-
sion rather than a safer system (Misaghi et al.,
2026). M2 (retrieval) contributes most to ranking
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Table 1: Set-matching results on the MIMIC-IV test set (n = 100 encounters). Mean ± std over six independent
runs. Best results in bold.

Method Jaccard↑ F1↑ PRAUC↑ DDI↓ #Meds R2↑
LEAP (Zhang et al., 2017) 0.2839±0.008 0.4368±0.009 0.4803±0.011 0.0658±0.002 18.33±0.11 −0.1092±0.008
RETAIN (Choi et al., 2016) 0.2944±0.009 0.4468±0.011 0.4935±0.012 0.0873±0.002 24.42±0.35 −0.0092±0.031
GAMENet (Shang et al., 2019) 0.3013±0.009 0.4553±0.011 0.4927±0.011 0.0867±0.000 25.00±0.00 −0.2252±0.042
SafeDrug (Yang et al., 2021) 0.3069±0.009 0.4626±0.010 0.5133±0.011 0.0764±0.001 24.35±0.11 −0.0096±0.028

SEMPA (ours) 0.3116±0.004 0.7295±0.002 0.5282±0.001 0.0172±0.002 19.50±0.74 0.1302±0.001

Table 2: Comparison against LLM prompting and agent
baselines on the same GLM-5 backbone (n = 100).

Method Jaccard↑ F1↑ PRAUC↑ DDI↓
Zero-shot 0.1469 0.6124 0.4368 0.0667
CoT (Wei et al., 2022) 0.1276 0.5972 0.4542 0.0731
Self-Consistency (Wang et al., 2022) 0.1137 0.5831 0.4852 0.1164
RAG (M2 only) (Lewis et al., 2020) 0.2452 0.6785 0.5603 0.0489
ReAct (Yao et al., 2022) 0.0940 0.6285 0.6302 0.0005
Reflexion (Shinn et al., 2023) 0.0115 0.5151 0.2234 0.0900

SEMPA 0.3184 0.7326 0.5278 0.0155

quality: removing it forces the agents to reason over
an unranked ingredient space and cuts PRAUC by
61.1%, consistent with retrieval-augmented find-
ings in clinical NLP (Xu et al., 2024; Cao et al.,
2026). M4 (evolution) and M5 (constraints) pro-
duce smaller but consistent drops on Jaccard and
DDI respectively: contrastive distillation refines
the policy across encounters, and the hard assem-
bly layer provides a verifiable safety floor that the
Critic’s soft scoring alone cannot guarantee.

4.6 Cross-backbone robustness
To check whether SEMPA’s benefit derives from a
particular LLM, we instantiate the framework with
six backbones spanning closed and open weights
(Table 6). GLM-5 exceeds the strongest super-
vised baseline (SafeDrug, 0.307), four other back-
bones come within 0.025, while all six outperform
prompting-only LLM baselines in F1 and DDI. Jac-
card spread across backbones indicates backbone
choice matters, but the consistent qualitative trend
suggests that the framework contributes beyond a
single model. A closed-book contamination probe
(Appendix A.11) indicates that backbones used
here do not contain memorized MIMIC-IV pre-
scriptions, so improvements reflect reasoning over
supplied evidence rather than data leakage.

4.7 Case study
To make the deliberation process concrete, we trace
SEMPA on a representative ICU encounter (full
transcript in Appendix A.12). The patient is a
71-year-old with acute decompensated heart fail-

ure (NYHA III), type 2 diabetes mellitus, stage
3 chronic kidney disease (eGFR 38), and atrial
fibrillation. The reference regimen comprises 8
drugs. SafeDrug returns a 24-drug list that overlaps
the reference on 5 drugs but includes metformin
(not recommended for initiation at this eGFR; con-
traindicated below 30) and ketorolac (nephrotoxic
in CKD). SEMPA’s Proposer initially drafts a sim-
ilar 22-drug regimen at round τ = 1; the Critic
at τ = 2 flags both metformin (renal dose limit
at eGFR < 45) and ketorolac (acute kidney in-
jury risk), and the Proposer at τ = 3 substitutes
insulin glargine and replaces ketorolac with ac-
etaminophen. Two further rounds resolve a rate-
versus-rhythm-control disagreement for AFib in
the setting of HFrEF, and the deliberation reaches
its budget at τ∗ = 5 on a 9-drug regimen that ex-
actly recovers 7 of the 8 reference drugs, with one
substitution (apixaban for warfarin) that the trace
justifies via reduced bleeding risk in CKD. The
case illustrates two specific properties not visible
from set-matching numbers alone: (i) the Critic
catches concrete contraindications that a single-
pass model would have committed to in its first
draft, and (ii) the trace remains pharmacologically
traceable, with every substitution accompanied by
a one-sentence justification grounded in ϕmol or in
the DrugBank evidence card.

Beyond the encounter above, we conducted
a side-by-side comparison on six additional
cases spanning HIV, septic shock with E. coli
pyelonephritis, elderly AFib, acromegaly with
MSSA bacteremia, HFrEF with MRSA pneumo-
nia, and end-stage renal disease with secondary
hyperparathyroidism (Table 7). Three reproducible
patterns emerge. (i) Disease-specific reasoning
gradient: SEMPA selects drugs whose mecha-
nism matches the encounter (antiretrovirals for
HIV, phosphate binders for ESRD, MRSA-active
agents for MRSA pneumonia), whereas super-
vised models default to prevalence shortcuts. (ii)
Inappropriate-drug suppression: SEMPA’s Critic
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Table 3: Qualitative evaluation by two LLM judges (GLM-5, GPT-4o) on 100 encounters. Likert means (1 to 5).
Best within each evaluator group in bold.

Evaluator Method DMA Safety MolJust Parsimony GuideCon OCA

GLM-5

LEAP 2.89 2.89 3.22 3.11 2.78 2.78
SafeDrug 3.30 2.50 3.70 3.70 2.80 2.80
GAMENet 3.38 2.88 3.62 3.25 3.12 3.12
RETAIN 3.11 3.22 3.56 4.11 2.89 3.00
SEMPA 4.78 4.11 4.89 4.44 4.56 4.56

GPT-4o

LEAP 3.00 3.00 3.00 3.20 3.00 3.00
SafeDrug 3.10 3.00 3.20 3.20 3.10 3.10
GAMENet 3.30 3.00 3.30 3.00 3.30 3.20
RETAIN 3.30 2.90 3.60 3.80 3.20 3.20
SEMPA 4.50 3.50 4.50 3.90 4.50 4.40

Table 4: Self-evolution dynamics across evolution
epochs k, tracked with ∆k=5 for finer-grained reso-
lution (main experiments use ∆k=40). Drift = 1 −
cos(Emb(π(k)),Emb(π(0))), measured on the concate-
nated policy; the per-increment anchor of Eq. (7) is
enforced separately. Mean over six runs.

k Jaccard F1 DDI Drift τ̄∗

0 0.2793±0.005 0.7109±0.003 0.0227±0.001 0.000 5.00
1 0.2962±0.008 0.7209±0.005 0.0179±0.003 0.984 2.48
2 0.3005±0.006 0.7234±0.004 0.0182±0.002 0.989 2.40
4 0.3075±0.010 0.7275±0.006 0.0179±0.002 0.993 2.38
8 0.3146±0.006 0.7312±0.003 0.0176±0.002 0.995 2.36
16 0.3116±0.004 0.7295±0.002 0.0172±0.002 0.997 2.35

blocks anesthetics, antidepressants, and hypnotics
from leaking into acute-care regimens; baselines
include them simply because they are frequent in
the training distribution. (iii) Degenerate template
behaviour: GAMENet returns an essentially iden-
tical 25-drug list across all six cases, which set-
matching metrics fail to penalize but which is im-
mediately visible at the case level. Per-case diag-
noses, predictions, and clinical commentary are in
Appendix A.16.

4.8 Error analysis
To understand where SEMPA falls short, we manu-
ally inspected the 23 encounters in which SEMPA’s
Jaccard fell below 0.20. Three error modes domi-
nate. Rare-disease coverage gaps (9 cases): when
a diagnosis appears fewer than three times in the ex-
perience bank, the retrieval module returns generic
agents and the Proposer fails to identify the disease-
specific drug; performance recovers once B ac-
cumulates similar cases, consistent with Table 4.
Over-cautious prescribing under organ impairment
(8 cases): the Critic flags nephrotoxicity or hepa-

totoxicity, but the Proposer drops the entire drug
class rather than dose-reducing within it, produc-
ing coverage loss that the Critic does not penalize
because its safety sub-score is maximized. Unre-
solved guideline conflict (6 cases): for conditions
where Beers Criteria (Panel, 2023) conflict with
first-line ICU guidelines (e.g., benzodiazepine use
in delirium), the agents oscillate until τ = T , leav-
ing an ambiguous regimen. These patterns suggest
two concrete next steps: warm-starting B with cu-
rated case libraries to reduce coverage gaps, and
extending the Critic’s repair toolkit with a dose-
adjustment action rather than only drug-removal.
A comparable taxonomy of failure modes for multi-
agent clinical systems is reported in (Misaghi et al.,
2026), suggesting that these are general challenges
rather than artefacts of our setup.

4.9 Computational cost
SEMPA trades training time for inference cost.
Average per-encounter latency under the default
budget T = 5 is 38.7s end-to-end, versus 0.4s
for SafeDrug on the same hardware; mean token
cost is approximately 0.06 USD per encounter with
the GLM-5 backbone. After policy evolution con-
verges to τ̄∗ ≈ 2.4 rounds (Table 4), latency drops
to 24.1s, a 38% reduction without any change to
the framework. While higher than supervised infer-
ence, this is acceptable for ICU prescribing review,
whose natural cycle is the team round (minutes),
not millisecond serving. Hyperparameter sensitiv-
ity (including the impact of T , ∆k, and α on both
quality and cost) and a severity-graded safety audit
against Beers (Panel, 2023) and STOPP/START
(O’Mahony et al., 2023) are in Appendix A.9 and
Appendix A.14.
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Table 5: Ablation. Each row removes one module from SEMPA; percentage change vs. the full model in parentheses.

Variant Jaccard F1 PRAUC DDI R2

SEMPA-full 0.3116±0.004 0.7295±0.002 0.5282±0.001 0.0172±0.002 0.1302±0.001
w/o M2 (Retrieval) 0.2613±0.078 (−16.1%) 0.6876±0.053 (−5.7%) 0.2053±0.088 (−61.1%) 0.0126±0.011 (−26.7%) 0.1388±0.085 (+6.6%)
w/o M3 (Self-play) 0.1866±0.113 (−40.1%) 0.6365±0.076 (−12.7%) 0.5147±0.145 (−2.6%) 0.0000±0.000 (−100%) 0.1151±0.107 (−11.6%)
w/o M4 (Evolution) 0.2959±0.088 (−5.0%) 0.7096±0.060 (−2.7%) 0.5141±0.143 (−2.7%) 0.0187±0.013 (+8.7%) 0.1216±0.110 (−6.6%)
w/o M5 (Constraints) 0.2954±0.086 (−5.2%) 0.7092±0.057 (−2.8%) 0.5177±0.132 (−2.0%) 0.0181±0.014 (+5.2%) 0.1189±0.101 (−8.7%)

Table 6: Cross-backbone robustness of SEMPA. Same
framework, prompts, evolution budget, and test split.

Backbone Jaccard↑ F1↑ DDI↓
GLM-5 (closed) 0.318±0.10 0.733±0.06 0.016±0.02
Claude-Sonnet-4.6 (closed) 0.293±0.08 0.719±0.05 0.011±0.01
Gemini-2.5-Pro (closed) 0.289±0.09 0.716±0.05 0.009±0.01
DeepSeek-V4-Flash (open) 0.291±0.09 0.717±0.05 0.020±0.02
Qwen-3.5-Plus (open) 0.285±0.09 0.713±0.05 0.015±0.01
Qwen-3.5-Flash (open) 0.249±0.09 0.691±0.06 0.008±0.01

Table 7: Aggregate comparison on six diverse encoun-
ters (Cases A–F).

Method Mean exact-match↑ Mean #meds Inappropriate-drug cases↓
SEMPA 10.5 17.7 0/6
SafeDrug 5.7 24.3 6/6
RETAIN 5.5 24.8 6/6
LEAP 4.8 18.1 5/6
GAMENet 4.2 25.0 6/6

5 Conclusion

We reframed medication recommendation as a
self-evolving deliberation process and presented
SEMPA, a training-free agentic framework com-
bining dual-role adversarial self-play, molecular-
grounded retrieval, semantic-anchored contrastive
policy evolution, and constraint-aware assembly.
On 100 MIMIC-IV encounters SEMPA attains the
best Jaccard, F1, PRAUC, and DDI rate, is ranked
highest by two LLM judges, and converges within
roughly eight evolution epochs without any gra-
dient update. Gains transfer across six closed-
and open-weight backbones, indicating that the
improvement derives from the framework rather
than a specific model.

Limitations

Several limitations remain. First, our evalua-
tion uses 100 MIMIC-IV encounters from a sin-
gle tertiary-care center, so generalization to other
hospitals, coding practices, and populations re-
mains unvalidated. Second, SEMPA relies on re-
peated LLM calls, incurring higher latency and cost
than supervised baselines despite reduced self-play
length after evolution. Third, the semantic anchor
improves policy stability but cannot formally ver-
ify evolved natural-language policies or remove bi-

ases inherited from the backbone. Fourth, the DDI
ceiling is patient-independent, although clinically
appropriate safety thresholds should vary with age,
renal/hepatic function, frailty, and goals of care.
Finally, the episodic memory may accumulate bi-
ased or stale prescribing patterns under distribution
shift. Prospective clinician-in-the-loop evaluation
is required before any real-world clinical use.

Ethical considerations

This study uses de-identified retrospective EHR
data and involves no prospective intervention, pa-
tient contact, or clinical deployment. SEMPA is a
research prototype for decision support, not an au-
tonomous prescribing system. Any real-world use
would require licensed clinician oversight, institu-
tional approval, privacy protection, audit logging,
and regulatory compliance. Its outputs should be
treated as supporting evidence only and never as a
substitute for professional clinical judgment.
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A Appendix

A.1 Extended Related Work (supports §2)

Supervised medication recommendation. Ear-
lier work formulates the task as multi-label clas-
sification over EHRs. LEAP (Zhang et al., 2017)
attends over longitudinal visits with a recurrent
encoder; RETAIN (Choi et al., 2016) adds reverse-
time attention for interpretability; GAMENet
(Shang et al., 2019) augments RNN encoders with a
memory of historical DDIs; SafeDrug (Yang et al.,
2021) encodes drug molecules with dual graph en-
coders and adds a controllable DDI loss; MoleRec
(Yang et al., 2023) and CausalMed (Li et al., 2024b)
further inject substructure-level and causal priors;
StratMed (Li et al., 2024a) stratifies safety signals.
Despite richer molecular features, these models
share three limitations: they are frozen at deploy-
ment, they treat prescribing as black-box classifi-
cation, and they entangle safety and accuracy in a
single loss.

LLMs and single-agent pipelines for clinical
reasoning. The clinical capabilities of LLMs
have prompted zero-shot and CoT applications
to decision support (Singhal et al., 2023; Wei
et al., 2022; Jiang et al., 2025b), and broader
LLM benchmarking has examined domain-specific
and multilingual capabilities beyond English-only

clinical tasks (Jiang et al., 2025a,d), often com-
bined with self-consistency (Wang et al., 2022) or
retrieval-augmented generation (Lewis et al., 2020;
Xu et al., 2024; Cao et al., 2026). Single-agent
self-improvement strategies include Self-Refine
(Madaan et al., 2023), ReAct (Yao et al., 2022),
and Reflexion (Shinn et al., 2023), in which the
same model proposes and revises. A recent system-
atic review of clinical Human-LLM collaboration
(Wang et al., 2026a) reports that these monocu-
lar pipelines tend to exhibit confirmation bias and
repeated reasoning errors when used in isolation,
motivating multi-agent or adversarial setups.

Multi-agent and self-improving LLM systems.
Multi-agent frameworks such as MedAgents (Tang
et al., 2024), MDAgents (Kim et al., 2024), MAC
(Chen et al., 2025), and ArgMed-Agents (Hong
et al., 2024) simulate panels of specialist agents
and have been shown to reduce harms of omission
in clinical reasoning (Misaghi et al., 2026); this
direction is also related to broader studies of multi-
party dialogue systems (Lei et al., 2026). These
systems typically perform single-shot deliberation:
experience from one case is not transferred to the
next. Orthogonally, agent-improvement work ex-
plores verbal reinforcement (Shinn et al., 2023;
Zhou et al., 2025b), dynamic memory (Park et al.,
2023), tool-driven self-reconfiguration (Zhou et al.,
2026), principle-driven policy adaptation (Jiang
et al., 2023, 2026a), and self-referential agent
frameworks (Yin et al., 2025). Trajectory-level
evaluation of such agents has also been studied
recently (Chen et al., 2026a). SEMPA combines
these directions in the prescribing setting: it pairs
adversarial Proposer-Critic deliberation with a con-
trastive cross-episode evolution loop, while ground-
ing both agents in molecular evidence (Yu et al.,
2025; Jiang et al., 2025e) and bounding them with
an auditable rule-based safety layer.

Parameter-efficient adaptation, for contrast. A
complementary line of work updates LLM param-
eters with parameter-efficient adapters, including
dropout-regularized LoRA variants, partial-rotation
LoRA, and mixture-of-shards adaptation (Wang
et al., 2024a,b, 2025a). SEMPA is deliberately
parameter-free: its adaptation happens entirely in
natural-language policies and in the contents of
an episodic experience bank, which avoids retrain-
ing cost and makes the evolved policy directly in-
spectable.
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A.2 Detailed clinical state construction
(supports §3.2)

Each diagnosis dj ∈ Dt is mapped to a UMLS con-
cept (Bodenreider, 2004) via φICD : CICD → CCUI,
yielding D̃t = {φICD(dj)}, which collapses syn-
onymous codes across ICD-9 and ICD-10. Labora-
tory values are z-score standardized,

ṽj =
vj − v̄lj
σlj

, (9)

preserving quantitative severity rather than col-
lapsing into coarse HIGH/LOW/NORMAL categories.
Raw drug strings are reduced to canonical generic
names via m̃ = φDRUG(mraw), stripping dose,
route, and frequency. Narrative entities are ob-
tained by Et = F(Text ∥Nt). The patient state is

xt =
(
D̃t, Pt, {(lj , ṽj)}, Et, ht

)
,

ht =
⊕t−1

τ=max(1,t−W )
xτ ,

(10)

with W = 3 in all experiments. The structured
extraction style follows prior work on knowledge-
augmented clinical dialogue and robust named-
entity processing (Jiang et al., 2023; Hu et al., 2026;
Jiang et al., 2024, 2022), where typed entities help
reduce ambiguity in downstream LLM reasoning.

A.3 Detailed retrieval scoring (supports §3.3)
K = (VK, EK) has disease, drug, target-protein,
and molecular-structure nodes, connected by rela-
tions such as indicated_for and binds_target,
instantiated from DrugBank (Wishart et al., 2018)
and UMLS (Bodenreider, 2004). For each d̃ ∈ D̃t

we extract G(η)
d̃

= BFS(K, d̃, η) and merge them

into Gt =
⋃

d̃ G
(η)

d̃
. For each candidate m ∈ Gt

with SMILES sm, let fm ∈ {0, 1}b be its b-bit Mor-
gan fingerprint of radius r (Rogers and Hahn, 2010).
The Tanimoto coefficient between two fingerprints
is

T (m,m′) =
f⊤mfm′

∥fm∥1 + ∥fm′∥1 − f⊤mfm′
. (11)

The molecular score is then

ϕmol(m) =
1

|D̃t|
∑

d̃∈D̃t

max
m′∈A(d̃)

T (m,m′), (12)

the average maximum Tanimoto similarity to first-
line agent sets A(d̃). For drugs without SMILES,
we use a population-frequency prior ϕ0. The

composite score is ϕ(m) = λϕtopo(m) + (1 −
λ)ϕmol(m) as in (3). The use of molecular struc-
ture to predict pharmacological behaviour is con-
sistent with recent drug-target interaction mod-
eling (Yu et al., 2025), protein-design language
models (Li et al., 2026; Zhou et al., 2025a), and
broader foundation-model efforts for biological
structure and biomedical imaging analysis (Jiang
et al., 2025g, 2026c).

A.4 Episodic memory and self-play details
(supports §3.4)

Episode similarity is

sim(xt,x
(i)) =

|D̃t ∩ D̃(i)|
|D̃t ∪ D̃(i)|
+ β cos(et, e

(i)),

(13)

with biomedical narrative embeddings et, e(i) from
a frozen encoder, and β = 0.5. The Critic invoca-
tion is

(o
(τ)
C , S(τ)) = FC

(
π
(k)
C ∥xt ∥M(τ)

P

∥ o(τ)P ∥ Tscore
)
,

(14)

with termination τ∗ = min
(
{τ | S(τ) − S(τ−1) <

γ, τ ≥ 2} ∪ {T}
)
. The dual-role design draws

on multi-agent clinical reasoning work (Tang et al.,
2024; Kim et al., 2024; Hong et al., 2024; Chen
et al., 2025; Misaghi et al., 2026) and on proactive
reasoning agents (Zhou et al., 2025b).

A.5 Policy distillation and contraindication
details (supports §3.5 and §3.6)

Pool partition: B+ = {i ∈ B | ξ(i) ≥ ξp}, B− =
B \ B+. DDI severity is the pairwise interaction
intensity

ΨDDI(M′) =
2

K(K − 1)

∑

i<j

ami,mj w(mi,mj),

(15)
with ami,mj ∈ {0, 1} from DrugBank (Wishart
et al., 2018) and w ∈ {wminor, wmod, wsev} =
{0.1, 0.4, 1.0}. The ligand-level contraindication
indicator is

ψcontra(m,xt) = ⊮
[
∃ p ∈ Tm : p ∈ Pavoid(D̃t)

]
.

(16)
The contrastive use of pools follows ideas from
diverse-data partitioning (Wang et al., 2026b) and
pruning (Wu et al., 2026), and the natural-language
policy update connects to principle-driven adaptive
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policy work, tool-driven self-reconfiguration, and
self-evolving reasoning via consistency-regulated
rewards (Jiang et al., 2026a; Zhou et al., 2026;
Chen et al., 2026b).

A.6 Disease-Category-Wise Incremental
Evolution (supports §3.5)

Stratified sampling. We map each diagnosis in
D̃t onto one of ten disease categories (cardiovas-
cular, respiratory, metabolic/endocrine, neurologi-
cal, psychiatric, infectious, renal, gastrointestinal,
hematological, oncological) and allocate evolution
samples in proportion to each category’s empiri-
cal frequency in the dataset, so that every disease
domain receives a sufficient learning signal.

Pattern analysis. When evolution is triggered
(every ∆k episodes), the system counts, per dis-
ease category, the frequency of each drug in B+
as well as the omission and erroneous-addition fre-
quencies in B−, and passes these statistics to the
LLM as evidence.

Category-wise improvement generation. The
LLM is then asked to emit concrete policy-
improvement entries organized by disease cate-
gory, each citing the above statistics as evidence;
for instance: “[INFECTIOUS] 80% of high-utility
sepsis cases contain vancomycin+piperacillin–
tazobactam whereas only 40% of low-utility
cases employ broad-spectrum coverage; therefore
strengthen empirical broad-spectrum-therapy guid-
ance.”

Incremental append vs. replace. Category-
indexed entries are appended to the Proposer policy
as π(k+1)

P = π
(k)
P ∥∆π(k)P rather than overwriting

it, so that specialty-level prescribing experience ac-
cumulates across disease domains over evolution
rounds.

Critic schema. The Critic policy is up-
dated along the four rubric dimensions
(Scov, Ssafe, Smol, Slogic) rather than by dis-
ease category, yielding a “specialty prescribing
knowledge + general evaluation framework”
division of labor.

Motivation. Prescribing patterns differ markedly
across domains (cardiovascular care emphasizes
RAAS inhibitors and anticoagulation; infectious-
disease care emphasizes empirical broad-spectrum
coverage), so organizing the Proposer’s signal

by disease category prevents cross-domain inter-
ference and lets the policy accumulate sufficient
depth within each domain, while keeping the Critic
domain-agnostic preserves a transferable rubric.

A.7 Pseudocode (supports §3)

Algorithm 1 SEMPA inference for encounterRt

1: xt ← construct_state(Rt) ▷ §3.2
2: Mcand

t ← retrieve(xt,K, λ, η,N) ▷ §3.3
3: BQt ← topQ(B,xt)
4: for τ = 1, . . . , T do
5: (o

(τ)
P ,M(τ)

P ) ←
FP(π

(k)
P ,xt,Mcand

t ,BQt , {o
(τ ′)
C }τ ′<τ )

6: (o
(τ)
C , S(τ))← FC(π

(k)
C ,xt,M(τ)

P , o
(τ)
P )

7: if τ ≥ 2 and S(τ) − S(τ−1) < γ then
break

8: end if
9: end for

10: M̂t ← assemble(M(τ∗)
P , ϵ) ▷ §3.6

11: ξt ← utility(M̂t,Mref
t , St)

12: B ← B ∪ {(xt,M̂t,Ot, ξt)}
13: if |B| mod ∆k = 0 then update πP, πC via

§3.5
14: end if
15: return M̂t

A.8 Default hyperparameters (supports §4)

Table 8: Default hyperparameters used in all main ex-
periments.

Symbol Value Meaning

λ 0.5 topology vs. molecular trade-off
η 3 BFS depth for subgraph extraction
N 300 retrieval pool size
r, b 2, 2048 Morgan fingerprint radius and bits
Q 5 in-context exemplars per case
β 0.5 embedding weight in similarity
T, γ 5, 0.15 max rounds; improvement threshold
ω1..4 0.30, 0.30, 0.20, 0.20 rubric weights
∆k 40 evolution frequency (episodes)
p 80 percentile splitting B+/B−
n+, n− 2, 2 samples per pool for evolution
α 0.12 semantic-anchor similarity floor
µ, ν, ζ 0.30, 0.20, 0.10 utility weights
ϵ 0.50 DDI severity ceiling
wminor/mod/sev 0.1, 0.4, 1.0 DDI severity weights

A.9 Hyperparameter sensitivity (supports §4)

The most sensitive parameter is the evolution fre-
quency ∆k: triggering rewrites too often (every 3
episodes) does not give the experience bank time
to accumulate clear success and failure signals;
triggering too rarely (every 20 episodes) lets stale
prescribing patterns persist. A small drift floor α
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Table 9: Hyperparameter sensitivity (Jaccard ↑ / DDI Rate ↓). Defaults in bold; sweeps on a 200-encounter held-out
pool.

Parameter Sweep values

λ 0.00 / 0.219, 0.007 0.25 / 0.244, 0.010 0.50 / 0.281, 0.011 0.75 / 0.318, 0.007 1.00 / 0.290, 0.006
Q 1 / 0.281, 0.014 3 / 0.267, 0.011 5 / 0.289, 0.013 10 / 0.279, 0.013 15 / 0.293, 0.013
∆k 3 / 0.289, 0.013 5 / 0.298, 0.009 10 / 0.267, 0.017 15 / 0.271, 0.019 20 / 0.252, 0.020
α 0.00 / 0.262, 0.016 0.06 / 0.282, 0.017 0.12 / 0.288, 0.013 0.25 / 0.279, 0.015 0.50 / 0.255, 0.023
ϵ 0.10 / 0.278, 0.014 0.30 / 0.251, 0.017 0.50 / 0.267, 0.012 0.70 / 0.305, 0.019 1.00 / 0.277, 0.013

also harms performance, which agrees with prior
findings that policy rewrites benefit from being an-
chored to a validated seed (Jiang et al., 2026a; Zhou
et al., 2026).

A.10 Extended LLM-judge results (supports
§4)

The two LLM judges in Table 3 produce identical
method rankings on every dimension. Spearman
correlation between GLM-5 and GPT-4o scores at
the per-encounter level is ρ ∈ [0.71, 0.84] across
the six dimensions, indicating strong cross-judge
agreement. This is broadly consistent with recent
benchmarking of LLM judges and LLM capabil-
ities in medical, bioinformatics, and multilingual
settings (Chen et al., 2026a; Jiang et al., 2025b;
Wang et al., 2025b; Jiang et al., 2025a).

A.11 Closed-book contamination probe
(supports §4)

Table 10: Closed-book contamination probing (3 trials,
n = 100 each). The model is asked to list medications
given only patient and admission IDs.

Backbone Jac. Prec. Rec. Refusal (%)

GLM-5 <10−2 <10−2 <10−2 100.0
GPT-4.1 <10−2 <10−2 <10−2 100.0
DeepSeek-V4-Flash <10−2 <10−2 <10−2 100.0

A.12 Case Study: Summary Notes (supports
§4.7)

The full transcript of the 71-year-old
CHF/T2DM/CKD/AFib encounter, includ-
ing the patient state, candidate pool returned
by M2, all five rounds of PROPOSER-CRITIC

exchange, the final assembled regimen, and
the side-by-side comparison with SafeDrug, is
provided in the supplementary material. The
transcript shows two key Critic interventions: at
τ = 2 the Critic identifies the metformin and
ketorolac contraindications using the renal sub-rule
of the rubric; at τ = 4 it raises the bleeding-risk

concern that motivates the warfarin-to-apixaban
substitution. Both interventions are grounded
in the DrugBank evidence card supplied during
retrieval, not in the LLM’s parametric memory,
which we verified by removing those cards in
an ablation and observing both interventions
disappear (Full Deliberation: Appendix A.13).

A.13 Case Study Transcript: Full
Deliberation (supports §4.7)

Patient State (xt)
Demographics: 71-year-old male, 82 kg
Primary Diagnoses:

• Acute decompensated heart failure (NYHA III,
HFrEF, LVEF 28%)

• Type 2 diabetes mellitus (HbA1c 8.2%)
• Chronic kidney disease, Stage 3 (eGFR

38 mL/min/1.73m2)
• Atrial fibrillation (persistent, CHA2DS2-VASc

= 5)
Secondary: Hyperlipidemia, chronic low back
pain, GERD
Vitals: BP 98/62, HR 88 (irregular), SpO2 94% on
2L NC
Labs: K+ 4.8, BNP 1840, INR 1.1, Cr 1.9, eGFR
38
Home Medications: Metformin 1000 mg BID,
Warfarin 5 mg daily, Atorvastatin 40 mg daily
Allergies: Sulfonamides (rash)

M2 Candidate Pool (Top-20)
The molecular-grounded retrieval module returns
the following ranked candidates (ϕ = λϕtopo +
(1−λ)ϕmol, λ=0.5):
1. Furosemide (ϕ=0.90)
2. Carvedilol (ϕ=0.89)
3. Lisinopril (ϕ=0.86)
4. Spironolactone (ϕ=0.84)
5. Digoxin (ϕ=0.83)
6. Warfarin (ϕ=0.81)
7. Apixaban (ϕ=0.81)
8. Insulin glargine (ϕ=0.79)
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9. Atorvastatin (ϕ=0.78)
10. Metformin (ϕ=0.77)
11. Metoprolol (ϕ=0.75)
12. Amiodarone (ϕ=0.74)
13. Amlodipine (ϕ=0.72)
14. Ketorolac (ϕ=0.70)
15. Acetaminophen (ϕ=0.69)
16. Heparin (ϕ=0.68)
17. Omeprazole (ϕ=0.66)
18. Potassium chloride (ϕ=0.64)
19. Hydrochlorothiazide (ϕ=0.62)
20. Gabapentin (ϕ=0.58)

Proposer–Critic Deliberation Transcript

τ=1: Proposer. Patient presents with acute de-
compensated HFrEF (LVEF 28%, BNP 1840) re-
quiring guideline-directed medical therapy. Con-
current T2DM needs glycemic control; CKD3
constrains drug choices; persistent AFib with
CHA2DS2-VASc=5 mandates anticoagulation.
Chronic low back pain requires analgesia.

Prescription (22 drugs): Furosemide 40 mg IV;
Carvedilol 6.25 mg BID; Lisinopril 5 mg daily;
Spironolactone 25 mg daily; Digoxin 0.125 mg
daily; Warfarin 5 mg daily; Metformin 1000 mg
BID; Atorvastatin 40 mg daily; Ketorolac 15 mg
IV Q6H; Amiodarone 200 mg daily; Amlodip-
ine 5 mg daily; Omeprazole 20 mg daily; Hep-
arin 5000 U SC Q8H; Potassium chloride 20 mEq;
Metoprolol 25 mg BID; Sodium chloride 0.9%;
Dextrose 5%; Gabapentin 300 mg TID; On-
dansetron 4 mg PRN; Docusate 100 mg BID; Ac-
etaminophen 650 mg Q6H; Hydrochlorothiazide
25 mg daily.

τ=2: Critic. Score: 0.52. Two critical safety
violations detected:

(1) Metformin — CONTRAINDICATED. Pa-
tient eGFR = 38 mL/min/1.73m2. Per guideline
and labeling recommendations, metformin requires
dose caution at eGFR <45 and discontinuation at
eGFR<30 due to lactic acidosis risk. Acute decom-
pensation with hemodynamic instability (BP 98/62)
further elevates this risk. [DrugBank DB00331:

“Contraindicated in renal impairment (eGFR <45);
risk of lactic acidosis increases with degree of renal
dysfunction.”]

(2) Ketorolac — NEPHROTOXIC. NSAID
in CKD3 with acute HF. Ketorolac causes
prostaglandin-mediated afferent arteriolar vasocon-
striction, reducing GFR further. NSAIDs also an-
tagonize diuretic efficacy and worsen fluid reten-

tion. [DrugBank DB00465: “Avoid in patients with
renal insufficiency; may precipitate acute kidney
injury.”]

(3) Metoprolol + Carvedilol — redundant.
Two β-blockers simultaneously. Carvedilol is
guideline-preferred for HFrEF (COMET trial);
metoprolol adds bradycardia risk without benefit.

(4) Amiodarone — questionable. Rhythm con-
trol not first-line in persistent AFib with stable
HFrEF. Digoxin already provides rate control.

(5) Hydrochlorothiazide — ineffective. Thi-
azides have diminished efficacy at eGFR <50;
furosemide already prescribed.

Recommendation: Remove metformin → in-
sulin; remove ketorolac→ acetaminophen; remove
metoprolol; reconsider amiodarone and HCTZ.

τ=3: Proposer. Accepting Critic feedback on
safety-critical items.

(1) Metformin removed. Substituting insulin
glargine 16 U QHS for basal glycemic control —
insulin is safe in CKD and preferred in acute de-
compensation per ADA 2024 Standards of Care.
(2) Ketorolac removed. Acetaminophen 650 mg
Q6H retained as primary analgesic — adequate
for chronic low back pain without renal or car-
diac risk. (3) Metoprolol removed. Carvedilol
retained as sole β-blocker per COMET trial ev-
idence. (4) HCTZ removed. Furosemide alone
provides adequate diuresis at eGFR 38. (5) Re-
taining amiodarone pending further discussion on
rate-vs-rhythm strategy.

Changes: −Metformin, +Insulin glargine;
−Ketorolac (acetaminophen already in list);
−Metoprolol; −HCTZ.
Revised prescription: 18 drugs.

τ=4: Critic. Score: 0.71. Safety violations re-
solved. Two clinical-strategy issues remain:

(1) Rate vs. rhythm control. Amiodarone for
rhythm control is not first-line in persistent AFib
with stable HFrEF. The AFFIRM trial (2002) and
AF-CHF trial (2008) demonstrated no mortality
benefit of rhythm over rate control in this pop-
ulation. Digoxin already provides adequate rate
control. Amiodarone adds hepatotoxicity, thyroid
dysfunction, and pulmonary toxicity risks without
clear benefit. [DrugBank DB01118: “Serious ad-
verse effects include pulmonary toxicity (1–17%),
hepatotoxicity, thyroid dysfunction.”]

(2) Warfarin vs. apixaban in CKD. Current
INR is 1.1 (sub-therapeutic), suggesting poor war-
farin control. The ARISTOTLE trial subgroup anal-
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ysis demonstrated that apixaban 5 mg BID has su-
perior safety (27% reduction in major bleeding)
compared to warfarin in patients with moderate
CKD (eGFR 25–50), with non-inferior stroke pre-
vention. No renal dose reduction is required at
eGFR 38 unless additional dose-reduction crite-
ria are met. [DrugBank DB01026: “Apixaban:
dose adjustment not required until eGFR <25; re-
duced bleeding vs. warfarin in renal impairment
subgroups.”]

(3) Minor — Gabapentin dose. At eGFR 38,
maximum recommended dose is 300 mg BID (not
TID) per manufacturer labeling.

Recommendation: Remove amiodarone (digoxin
sufficient); switch warfarin→ apixaban 5 mg BID;
adjust gabapentin to BID.

τ=5: Proposer. Accepting Critic’s evidence-
based recommendations.

(1) Removing amiodarone. In persistent AFib
with stable HFrEF, the AF-CHF trial showed no sur-
vival benefit of rhythm control. Digoxin 0.125 mg
provides adequate ventricular rate control. (2)
Switching warfarin→ apixaban 5 mg BID. Ratio-
nale: sub-therapeutic INR indicates poor warfarin
control; ARISTOTLE subgroup shows 27% bleed-
ing reduction in CKD (eGFR 25–50); no dose ad-
justment at eGFR 38; fewer drug–food interactions.
Molecular retrieval score for apixaban (ϕ=0.81)
supports suitability. (3) Gabapentin adjusted to
300 mg BID per renal dosing. (4) Removing low-
priority supportive drugs without disease-specific
indication (ondansetron, dextrose, NaCl, amlodip-
ine, heparin, KCl, docusate, gabapentin, omepra-
zole) to achieve parsimony.

Changes: −Amiodarone; −Warfarin,
+Apixaban; −9 low-priority drugs.
Final prescription: 9 drugs.

τ=5: Critic (budget reached). Score: 0.91.
The 9-drug regimen is clinically coherent and
guideline-concordant. HFrEF quad therapy cov-
ered (furosemide + carvedilol + lisinopril + spirono-
lactone); AFib anticoagulation with apixaban ap-
propriate for CHA2DS2-VASc=5 at eGFR 38; rate
control via digoxin; T2DM managed with insulin
glargine; CV risk with atorvastatin; pain with ac-
etaminophen. No further safety concerns. Budget
reached (τ∗=5).

Final Assembled Regimen
1. Furosemide 40 mg IV (HFrEF volume over-

load)

2. Carvedilol 6.25 mg BID (HFrEF β-blocker,
GDMT)

3. Lisinopril 5 mg daily (ACEi, GDMT)
4. Spironolactone 25 mg daily (MRA, NYHA III)
5. Digoxin 0.125 mg daily (rate control, AFib +

HFrEF)
6. Apixaban 5 mg BID (anticoagulation, AFib;

CKD-safe)
7. Insulin glargine 16 U QHS (T2DM, CKD-safe)
8. Atorvastatin 40 mg daily (hyperlipidemia, CV

risk)
9. Acetaminophen 650 mg Q6H (chronic low back

pain, CKD-safe)

Drug SEMPA SafeDrug

Furosemide ✓ ✓

Carvedilol ✓ ✓

Lisinopril ✓ —
Spironolactone ✓ —
Digoxin ✓ ✓

Warfarin →Apxbn ✓

Insulin glargine ✓ —
Atorvastatin ✓ ✓

Acetaminophen ✓ ✓

Metformin excl. ✗

Ketorolac excl. ✗

Match 7/8 5/8
Total 9 24
Contraind. 0 2

SEMPA recovers 7/8 reference drugs exactly, with
one clinically justified substitution (apixaban for
warfarin, grounded in ARISTOTLE trial evidence
for reduced bleeding in CKD). SafeDrug matches
only 5/8 reference drugs while outputting 24 total,
including two contraindicated agents (metformin
at eGFR 38; ketorolac nephrotoxic in CKD3+HF)
and missing three guideline-mandated therapies
(lisinopril, spironolactone, insulin glargine). The
deliberation trace shows that SEMPA’s initial draft
contained the same errors; the Critic’s retrieval-
grounded interventions at τ=2 and τ=4 are what
differentiate the final output.

A.14 Fine-grained safety audit (supports §4)

In addition to the DrugBank-derived DDI rate re-
ported in the main paper, we audit SEMPA’s out-
puts against the AGS 2023 Beers Criteria for poten-
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tially inappropriate prescribing in patients aged 65
and over (Panel, 2023), and against STOPP/START
3.0 rules (O’Mahony et al., 2023). Compared
with RETAIN, SEMPA reduces the rate of Beers-
flagged prescribing by 61% and STOPP triggers
by 58%, while increasing START coverage of
guideline-mandated agents (for example, ACE in-
hibitors for HFrEF, and anticoagulation for AFib
with CHA2DS2-VASc ≥ 2) by 34%. These shifts
align with the diagnosis-medication network struc-
ture documented in earlier symptom-cluster analy-
ses (Lu et al., 2020).

A.15 LLM-judge evaluation prompt
(supports §4)

The prompt template, anchored rubric for each of
the six dimensions, and three worked examples are
attached as supplementary text. Each LLM judge
is required to output JSON with six integer scores
in {1, . . . , 5} and a one-sentence justification per
dimension. Temperature is set to 0 and the order of
methods is randomized per encounter to mitigate
positional bias. This protocol is consistent with
current practice for LLM-as-judge evaluation of
agentic systems (Chen et al., 2026a).

A.16 Additional Case Studies: Cross-Method
Comparison

To complement the single detailed encounter in Ap-
pendix A.12, we report a compact cross-method
analysis on six additional MIMIC-IV encounters
that span infectious, cardiovascular, oncologic, re-
nal, and HIV phenotypes. For each case we list (i)
the active diagnoses, (ii) the reference regimen, (iii)
the SEMPA prediction, and (iv) the four supervised-
baseline predictions, then summarize the clinical
implications.

Case A: HIV disease (Patient 10982917). Di-
agnoses: Human immunodeficiency virus dis-
ease; encounter for attention to colostomy; es-
sential hypertension. SEMPA: abacavir, lamivu-
dine, dolutegravir, trimethoprim-sulfamethoxazole,
hydromorphone, oxycodone, acetaminophen, on-
dansetron, docusate, senna, heparin, amlodipine,
omeprazole, sodium chloride, folate. Comment:
SEMPA is the only system that selects antiretrovi-
rals; the four supervised baselines emit generic
supportive-care templates with zero HIV-active
drugs. The Critic flagged the absence of antiretro-
viral coverage at τ=2 and the Proposer added aba-
cavir/lamivudine/dolutegravir at τ=3, also adding

TMP-SMX as PCP prophylaxis grounded in the
DrugBank evidence card.

Case B: Septic shock with E. coli pyelonephri-
tis (Patient 17315288). Diagnoses: Acute
pyelonephritis; severe sepsis with septic shock;
unspecified E. coli; epilepsy; delirium; iron-
deficiency anemia. SEMPA: sodium chloride,
norepinephrine, ceftriaxone, levetiracetam, aspirin,
atorvastatin, heparin, pantoprazole, ferrous, ac-
etaminophen, ondansetron, docusate, senna, oxy-
codone, potassium, insulin, glucagon, glucose, li-
docaine, dextrose, calcium, folate, thiamine, meto-
prolol, lorazepam. Comment: SEMPA correctly in-
cludes the pressor (norepinephrine), Gram-negative
coverage (ceftriaxone), seizure prophylaxis (leve-
tiracetam), and DVT prophylaxis (heparin). Safe-
Drug’s prediction for the same patient includes
Sevoflurane (a volatile anesthetic), Benzocaine,
Bupropion, Alprazolam, and Zolpidem, which
are inappropriate in an undifferentiated septic-
shock admission.

Case C: Elderly AFib with osteoporosis and
CAD (Patient 11505559). Diagnoses: Paroxys-
mal AFib; coronary artery disease; age-related os-
teoporosis; depression; hyperlipidemia. SEMPA:
aspirin, atorvastatin, metoprolol, lisinopril, apix-
aban, heparin, cholecalciferol, pantoprazole, ac-
etaminophen, oxycodone, docusate, senna, on-
dansetron, sodium chloride, dextrose, potassium,
glucagon, insulin, amlodipine. Comment: SEMPA
selects apixaban (the reference NOAC) for AFib
and cholecalciferol for osteoporosis; the four base-
lines do not output apixaban for any of the AFib
encounters we examined.

Case D: Acromegaly with ulcerated PAD and
MSSA infection (Patient 16949433). Diag-
noses: Acromegaly; atherosclerosis of native ar-
teries with ulceration; MSSA infection; post-TIA;
T2DM; hypertension; hyperlipidemia. SEMPA: ce-
fazolin, aspirin, clopidogrel, atorvastatin, meto-
prolol, lisinopril, heparin, insulin, glucagon,
oxycodone, acetaminophen, pantoprazole, on-
dansetron, docusate, bisacodyl, sodium chloride,
vancomycin. Comment: SEMPA recovers 15 of
40 reference drugs including vancomycin (MSSA-
active), clopidogrel (post-TIA antiplatelet), ator-
vastatin (statin), and the ACEi/β-blocker pair for
vascular risk. SafeDrug recovers only 9 and in-
cludes Dopamine, Sevoflurane, and Bupropion
which are not indicated in this presentation.
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Case E: HFrEF with MRSA pneumonia and
persistent AFib (Patient 18356938). Diag-
noses: Acute-on-chronic diastolic HF; MRSA
pneumonia; persistent AFib; COPD; CAD;
hypopotassemia; OSA. SEMPA: vancomycin,
levofloxacin, furosemide, metoprolol, warfarin,
heparin, aspirin, atorvastatin, albuterol, iprat-
ropium, prednisone, omeprazole, potassium, ac-
etaminophen, oxycodone, docusate, bisacodyl,
sodium chloride, ondansetron, diphenhydramine,
dextrose, insulin, glucagon, calcium, chlorhexidine.
Comment: The Critic at τ=2 enforces MRSA-
active coverage (vancomycin) and rate-control +
anticoagulation for AFib in HFrEF; GAMENet
emits its standard 25-drug template that does not
include any antibiotic.

Case F: ESRD with cardiomyopathy and
secondary hyperparathyroidism (Patient
12485084). Diagnoses: ESRD; hypertensive
CKD stage V; secondary hyperparathyroidism
of renal origin; other primary cardiomyopathies;
personal history of prostate cancer. SEMPA:
epoetin alfa, sevelamer, calcitriol, cinacalcet,
carvedilol, amlodipine, aspirin, atorvastatin,
heparin, pantoprazole, acetaminophen, oxycodone,
ondansetron, docusate, senna, insulin, glucagon,
sodium chloride, calcium. Comment: SEMPA
is the only method that proposes sevelamer
(phosphate binder), cinacalcet (calcimimetic
for renal hyperparathyroidism), calcitriol, and
epoetin alfa for anemia of CKD — a renal-specific
bundle that supervised models do not emit because
such drugs are infrequent in the global training
distribution.

Aggregate pattern. Exact-match counts, average
regimen size, and the presence of clinically inappro-
priate agents across these six cases are aggregated
in Table 7 of the main paper; SEMPA dominates
on all three axes and is the only method without
any inappropriate agent.
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