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Abstract

Large language models (LLMs) can supply sci-
entific priors, but it remains unclear how such
priors might enhance high-stakes control under
uncertainty. We study this in a zero-current-data
epidemic-control setting on a deterministic SIQR
benchmark with five non-pharmaceutical interven-
tion levers. Our co-scientist pipeline elicits a con-
sensus DAG, constructs an LLM-elicited sample
pool, fits an LLM prior, and exposes the result-
ing artifacts to model-predictive control (MPC).
Against a Uniform-prior MPC baseline and a lit-
erature prior, the LLM prior plays a bounded but
useful role: its open-loop mode reduces cumula-
tive infections by 25.8% relative to the content-
free Beta(1, 1) (Uniform) baseline, but the inter-
vention strengths it recommends inside the con-
troller are less well calibrated than those of the
literature-based prior. Keeping the full pool of
LLM samples inside the controller works better
than collapsing it into a single point prior. Dis-
agreement among the samples then becomes an
explicit measure of regime uncertainty. These re-
sults suggest that co-scientist systems are useful
for prior structure and scenario coverage, while
robust control should ultimately update the LLM
prior with real observations and propagate poste-
rior uncertainty through MPC.

1. Introduction

Epidemic control is a high-stakes decision task under struc-
tural uncertainty. A decision maker must choose non-
pharmaceutical interventions (NPI) whose effects depend
on unobserved parameters, behavioral response, and a dy-
namical system whose causal structure is itself uncertain.
Classical model-predictive control (MPC) methods for epi-
demic mitigation usually assume the compartmental struc-
ture is given and recover parameters online (Carli et al.,
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2020; Kohler et al., 2021). The harder question is decided
before control begins: which causal drivers of the effective
contact rate should be controllable, and in what relative
order they should matter.

Literature-derived priors compress historical epidemic evi-
dence into sharp distributions over intervention magnitudes.
This is useful when the new regime resembles past COVID-
19, influenza, or respiratory-virus waves, but can be brittle
when a novel variant, compliance collapse, or large social
disruption pushes coefficients into regions that the literature
prior assigns little mass. We therefore use large language
models not as replacements for the literature, but as scenario-
conditioned samplers. Given a curated causal graph and a
regime description, the LLM proposes plausible component
values for the infection-rate equation, including values from
disrupted regimes that may not yet appear in data.

Recent work shows that LLMs can provide causal judg-
ments (Kiciman et al., 2024), edge priors for causal discov-
ery (Darvariu et al., 2024; Takayama et al., 2025; Du et al.,
2025), and structural equations at DAG nodes (Bynum and
Cho, 2025). Al co-scientist systems automate larger parts
of the research loop (Lu et al., 2024; Gottweis et al., 2025),

Table 1. Capability matrix across representative LLM-for-causal,
LLM-SCM, AI co-scientist, and epidemic-control works (2022—
2026). DAG: LLM proposes graph structure over domain vari-
ables. SE: LLM serves as structural equation at each node. Surr:
tractable distilled surrogate exposed for audit. MPC: closed-loop
control over intervention levers. Gate: explicit human-in-the-loop
review artifact. Epi: evaluated on an epidemic task. v full, v'*
partial, — absent.

Method (year)

Darvariu et al. (2024)
Kiciman et al. (2024)
Takayama et al. (2025)
Du et al. (2025) -
Bynum and Cho (2025) - v

Lu et al. (2024) - - -
Gottweis et al. (2025) - v

DAG SE Surr MPC Gate Epi

Du et al. (2024) - - v - - v
Polcz et al. (2025) - - Vv v - v
Hewing et al. (2020) - - v v - v
Mascaro et al. (2023) VA - - v
Ours v v v v v v
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while epidemic MPC and forecasting systems optimize or
predict under mostly fixed model structure (She et al., 2022;
Polcz et al., 2025; Du et al., 2024; Mascaro et al., 2023).
What remains unclear is whether LLM prior content trans-
fers into closed-loop decisions, which part transfers, and
how the samples should be consumed. Our answer is to
make the co-scientist contribution phase-separated and au-
ditable, so the graph, component samples, surrogate weights,
and MPC trajectories can be inspected separately.

Table 1 summarizes the closest work by capability. Prior
LLM causal-discovery and LLM-SCM methods provide
graph or mechanism priors, Al co-scientist systems auto-
mate broader research workflows, and epidemic-control
methods close the loop with MPC or forecasting. None
combines LLM-elicited DAG construction, LLM-elicited
structural-equation specification, surrogate distillation,
closed-loop MPC, a human review gate, and epidemic eval-
uation in one co-scientist pipeline.

We study this question in the zero-current-data setting,
where no observations from the current epidemic regime
are available for posterior updating. We compare an LLM
prior with a literature-based prior and a content-free Uni-
form baseline on a deterministic Susceptible-Infectious-
Quarantined-Recovered benchmark (Hethcote et al., 2002;
Odagaki, 2020) with five NPI control levers. The Uniform-
prior MPC keeps the regularizer form but removes prior
content, so performance differences isolate what the LLM
or literature prior adds.

The results show a bounded but useful role for the LLM
prior. In open loop, the LLM prior mode reduces cumu-
lative infections by 25.8% relative to Uniform, while the
literature prior mode reduces them by 91.3%. Inside MPC,
replacing the Uniform Beta regularizer with the LLM prior
improves cumulative infections from 382.18 to 313.66 per
1,000, while the literature prior reaches 40.49. A scenario-
softmin controller that consumes the same LLM sample
pool without collapsing it reaches 140.07 £ 99.36, suggest-
ing that the LLM samples may be more effective when used
as a scenario ensemble rather than collapsed into a single
point density.
Contributions. Our contributions are as follows.

1. A six-phase, fully inspectable co-scientist prior-
elicitation pipeline: DAG drafting; human-curated
consensus; scenario-conditioned component sampling;
structural-equation fitting; surrogate distillation; and
prior-regularized MPC.

2. A source-matched comparison of four prior-usage
modes (Table 2): a Uniform Beta(1,1) form-only
baseline, a point prior from the LLM, a point prior
from the literature, and a scenario-ensemble controller

that retains the LLM sample diversity without collaps-
ing it into a density.

3. An empirical decomposition of nominal accuracy
versus scenario coverage (Section 3). The literature
prior gives the best nominal performance in the zero-
current-data setting, but the LLM samples are more
useful as a dispersed set of plausible regimes than as a
collapsed point prior. Consuming them as a scenario
ensemble lets the controller hedge against regime un-
certainty and recover much of the lost performance.

2. Methods

Pipeline overview. Our co-scientist pipeline has six au-
ditable phases (Figure 1). DAG drafting — human-curated
consensus — scenario-conditioned component sampling —
structural-equation fit for 5(-) — prior-regularized MPC.
Each phase produces an artifact that a reviewer can inspect.
A linear surrogate (Section 2) fit on roll-outs of this co-
scientist pipeline serves as the audit interface between the
DAG and the controller.

Prior sources. We compare three prior sources through-
out. The literature prior is a Beta distribution constructed
from published epidemiological estimates of NPI effect
sizes. The LLM sample pool contains 80 LLM-elicited,
scenario-conditioned samples under the consensus DAG,
with prompts designed to cover both nominal and disrupted
regimes. The LLM prior is the per-lever Beta density fit to
this sample pool. The Uniform prior is Beta(1, 1) on each
lever and serves as a content-free baseline that keeps the
regularizer form while removing prior information. Control
actions u; are optimized by MPC at each time step and are
not themselves prior samples.

SIQR dynamics. We adopt the standard Susceptible—
Infectious—Quarantined—Recovered compartmental model
(Hethcote et al., 2002; Odagaki, 2020) with a five-
dimensional normalized control u; € [0,1]° that modu-
lates the effective contact rate through the linear surrogate
(Equation (2)). Full equations and hyperparameters are in
Appendix C.

Phase 1: DAG drafting. We prompt the LLM to propose
a DAG over a fixed set of SIQR-relevant variables cover-
ing covariates of the contact rate, mitigation response, and
reporting lags. We draw K=10 candidate DAGs across
independent queries at temperature=0.8. Prompts are
reproduced in Appendix G.

Phase 2: Human-curated consensus. Candidate DAGs
are aggregated into an edge-frequency table. A human re-
viewer inspects the table and selects a single consensus
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Figure 1. Six-phase co-scientist pipeline: Phase 1 driver mining; Phase 2 causal discovery with edge-vote consensus and an explicit
human-in-the-loop DAG edit gate; Phase 3 DAG-to-SCM specification; Phase 4 LLM SCM inference with calibration samples and
monotonicity checks; Phase 5 surrogate distillation; and Phase 6 robust MPC with the Beta-prior regularizer. Yellow nodes are co-scientist
artifacts, green nodes are auditable objects distilled from those artifacts, and the hexagonal artifact-review node materializes the edges,
prompts, weights, and controls exposed for audit.
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Figure 2. Consensus causal DAG over infection-rate drivers produced by Phase 2 (edge-vote across K LLM-drafted DAGs, followed
by the human-in-the-loop edit gate). Five orange leaf nodes (Vaccination, Mobility, Quarantine, Masking, Ventilation) are the MPC
control levers u € [0, 1]°, and the remaining nodes are exogenous context variables. Edge labels show retention rates (%) across Phase 2
sampling rounds. Only edges above the consensus threshold survive into Phase 3. This is the object that makes Phase 2 (DAG elicitation)
separately inspectable from Phases 3-5.
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DAG G*. Edges with support of at least 0.5 across the
K candidates are accepted by default. Edges with lower
support are accepted only if the reviewer records a written
justification based on domain knowledge or prior literature.
The full edge-frequency table and the reviewer’s annota-
tions are both released with the code. Figure 2 visualizes
G™* with retained edge frequencies. The five orange leaves
correspond to the MPC control levers u € [0, 1]°.

Phase 3: Scenario-conditioned component sampling.
Conditioned on G*, we prompt the LLM to emit a structural-
equation specification for each component of the infection-
rate equation. The specification includes a functional form,
coefficient ranges, per-coefficient Beta summaries, and in-
teraction signs. For each lever k € {1,...,5}, we col-
lect 80 samples and fit an independent activation prior
Beta(ay, Ox). The prompt asks for plausible parameter
values under both familiar epidemic regimes and disrupted
regimes outside the historical literature. The same LLM
sample pool is used to construct the LLM point prior and
the Scenario-softmin ensemble. The fitted per-lever Beta
parameters are listed in Appendix F.

Phase 4: Structural-equation fit. We fit a structural equa-
tion to the component pool, yielding

Blx) = folo(x); G*),

where ¢(x) are the DAG-consistent features and 6 are coef-
ficients estimated from the LLM component samples.

ey

The fit is deterministic given the component samples, so
stochasticity in 3(-) is traceable to the upstream LLM sam-
pling phase.

Phase 5: Linear surrogate. For MPC gradients and
weight-level audit, we fit a linear surrogate

Blx) = b + w' pra(z), )

on N=50 pipeline rollouts using the top-d features screened
against G*. We report per-weight bootstrap confidence
intervals (B = 1000) so that each w; can be compared
directly with the corresponding DAG edge.

MPC objective.
tive

For rollout horizon H, we use the objec-

H—
T = 3 [tmlen) + allull® + A NLLpser(ue | (1))

t=

—

+ A,
(€)
with selected values A=0.1 and p=1 chosen from the grid
in Appendix F.

, B(a:))
Z?Zl —log Beta(ugl); a;, B;) is a per-lever soft penalty.
The lever-specific («;, 3;) are the Phase 4 summaries of
the Phase 3 LLM component samples and are reported in
Appendix F. Setting A=0 removes the prior-penalty pull.
This recovers an unregularized controller.

The prior log-density NLLpsor(us |
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Figure 3. Per-lever prior coverage. Blue curve shows the LLM
prior (fitted Beta density) and blue rug marks show the 80 sam-
ples drawn from Phase 3. Orange curve shows the literature
prior. Dashed vertical lines mark the prior modes used by Fixed-
PriorMode and prior-MPC rows in Table 2. The literature prior
concentrates mass near high activation on all five levers. The
LLM prior is broader by design and its modes sit lower on Mobil-
ity, Quarantine, and Ventilation. This breadth is the mechanism
through which the LLM prior acquires scenario coverage at the
cost of nominal accuracy.

Reproducibility protocol. The SIQR simulator and MPC
optimizer are deterministic given the co-scientist artifacts.
The only stochastic phases are DAG drafting and compo-
nent sampling; we quantify their variability with DAG-edge
Jaccard across three independent rounds in Section 3. Full
conditions, seeds, and prompts are listed in Appendices C
and G.

3. Experimental Results

Setup. All closed-loop experiments use the SIQR dynam-
ics (Hethcote et al., 2002; Odagaki, 2020) with step At=1
day, horizon H=60 days, and MPC lookahead 10 days. The
controller acts on five normalized levers u; € [0, 1]%: Vacci-
nation, Mobility reduction, Quarantine duration, Masking,
and Ventilation. These levers are the top-5 causal parents of
the infection rate in the consensus DAG G*.

We organize the comparison along two axes: prior source
(Uniform, LLM, literature) and prior usage (open-loop
mode, point density inside MPC, scenario ensemble in-
side MPC), giving seven conditions. The four closed-loop
MPC rows use the shared operating point A=0.1, y=1 cho-
sen from the grid in Appendix F. The simulator, MPC in-
ner loop, and static Beta tables are deterministic, so ev-
ery row except Scenario-softmin is a single-seed point esti-
mate. Scenario-softmin is reported as mean =+ std over seeds
{0, 1,2} because each seed draws a different K'=10 subset
of the 80-sample LLM pool. Per-condition definitions and
the scenario-softmin formula are in Appendix A.

Headline finding. In the zero-current-data setting, the liter-
ature prior wins on the nominal benchmark, but collapsing
the LLLM sample pool into a point prior discards its cover-
age value. Retaining the full pool via scenario-ensemble
consumption recovers a large fraction of that value at the
cost of higher variance.

Main result. Figure 3 shows the prior shapes before either
enters the controller. Table 2 organizes the results by prior
source and usage mode. Three findings stand out.

Open-loop ranking. Moving from Fixed-Uniform (456.72)
to Fixed-PriorMode-LLM (338.93) cuts cumulative infec-
tions by 25.8% without any optimizer. Fixed-PriorMode-
Literature pushes this further to 39.74, a 91.3% reduction.
The ranking signal is real and transfers across prior sources.
In the nominal benchmark regime the literature prior domi-
nates because it is calibrated to historical epidemic waves.

Closed-loop magnitudes.

Uniform-prior MPC fixes the regularizer to Beta(1,1) and
scores 382.18. Replacing the Uniform Beta with the LLM
prior at the same (\, u) takes this to 313.66, an improvement
of 68.52 per 1,000. The literature prior takes it to 40.49, an
improvement of 341.69. The LLM magnitudes help inside
MPC, but the gap to the literature prior is roughly half an
order of magnitude. This establishes a clear nominal-regime
gap between LLLM prior magnitudes and literature-calibrated
magnitudes.

Scenario-ensemble row.

Scenario-softmin MPC consumes the same 80-sample LLM
pool under a seed-drawn K =10 subset rather than collaps-
ing it into a point density. It lands at 140.07 £ 99.36 cu-
mulative infections over seeds {0, 1, 2}, between the LLM
and literature closed-loop rows. Because the simulator is
deterministic, this variance reflects disagreement among
sampled policies rather than rollout noise. Representative
trajectories are in Figure 7.

3.1. When the LLM is load-bearing and when it does not

With Uniform-prior MPC in the table, the closed-loop per-
formance decomposes into two pieces: the contribution of
the regularizer form and the contribution of the prior Beta
content. The form-only baseline is anchored at 382.18, and
the row-to-row deltas in the Main result paragraph isolate
the content piece. The roughly 5x gap between LLM and
literature content deltas reflects the difference between a
prior calibrated to the nominal benchmark regime and one
designed to cover a wider scenario space. The LLM’s lever
ordering is already useful at Phase 2, while the remaining
gap at Phase 5 reflects the cost of scenario breadth rather
than a failure of the elicitation procedure.

When the prior helps and when it does not. The per-
lever activation averages clarify the mechanism. Literature-
prior MPC and Scenario-softmin place high activation on
Vaccination and Ventilation, matching the two high-weight
levers in the surrogate. LLM-prior MPC and Uniform-prior
MPC use lower average activation, consistent with weaker
magnitude information in the point prior. Thus lever order-
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Table 2. Closed-loop performance on the SIQR benchmark (H=60, At=1 day, 5-D control). Rows separate prior source and prior usage.
Open-loop rows and Beta-prior closed-loop rows are deterministic point estimates at seed= 0. Scenario-softmin MPC reports mean =+ std
over seeds {0, 1, 2} because each seed draws a different size- K =10 subset of the 80-sample LLM pool. Cum. Cost and Prior NLL are
objective-function values. Bold marks the best closed-loop value among methods at matched (A, ©)=(0.1, 1).

Method Cum. Inf. (/1,000)  Cum. Cost Peak I+@Q  Mean |jul1/5 Prior NLL
Open loop (no MPC)

Fixed-Uniform 456.72 +5.74 0.151 0.400 —104.81
Fixed-PriorMode-LLM 338.93 +4.04 0.104 0.463 —162.78
Fixed-PriorMode-Literature 39.74 +0.61 0.012 0.670 —454.02
Closed loop (matched optimizer, surrogate, control space, A=0.1, u=1)

Uniform-prior MPC 382.18 +6.40 0.140 0.432 —+0.00
LLM-prior MPC 313.66 —11.55 0.093 0.473 —162.13
Literature-prior MPC 40.49 —42.89 0.013 0.669 —453.88

Scenario-softmin MPC (0=0.15, K=10) 140.07£99.36

+15.53£3.30 0.041+0.027 0.632+0.144 +118.44428.34

Bounded co-author decomposition (A = 0.1, jt = 20, seed = 0, anchor 0e06fbe)
= Uniform-prior MPC BN LLM-prior MPC B Expert-prior MPC [ Scenario-softmin MPC

Closed-loop minus matched open-loop Marginal infection reduction from prior content

o —le53g-ioop cumulative infections

8

~25.27

1004 7454
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Figure 4. Decomposition of closed-loop performance into
regularizer-form and prior-content contributions, at matched
(A, )=(0.1,1). Left: Cumulative infections for the four
closed-loop methods. Uniform-prior MPC (382.18) anchors the
regularizer-form-only contribution. LLM-prior MPC (313.66) and
Literature-prior MPC (40.49) measure the marginal effect of re-
placing Uniform Beta content with LLM and literature content
respectively. Center: Closed-loop minus matched-open-loop cu-
mulative infections per 1,000. LLM-prior MPC actually beats
its static reference by 25.27 once feedback is allowed, while
Literature-prior MPC is essentially tied with its static reference at
40.75. Right: Marginal infection reduction over Uniform-prior
MPC attributable to prior content alone. LLM content reduces
cumulative infections by 68.52 per 1,000, while literature content
reduces them by 341.69, a roughly half-order-of-magnitude gap
that the bounded contributor thesis makes explicit.

ing explains the open-loop ranking gain, while lever magni-
tudes determine how much the closed-loop optimizer can
exploit the prior once the objective form is fixed. Per-lever
means and prior modes are shown in Figure 5.

Surrogate uncertainty. The audit depends on the linear
surrogate being accurate enough to interpret. The surrogate
achieves train R?=0.88 and held-out R?=0.85 with RMSE
0.02 (Figure 6). All five weights have the expected negative
sign, and Masking and Vaccination are the two largest in
magnitude. Bootstrap intervals are shown in Figure 6 and
tabulated in Table 4.

Stability of the consensus DAG. Phases 1 and 3 are the
LLM-driven, non-deterministic parts of the pipeline. We
rerun Phases 1-5 under three independent elicitation rounds

Per-lever activation across four closed-loop methods. Prior modes overlaid on LLM and Expert bars.

1.0 W Uniform-prior MPC
I LLM-prior MPC

mean |u¥] over horizon

0.2

0.0
Vaccination

Mobility red.

Quarantine Masking Ventilation

Figure 5. Per-lever mean activation |u(¥)| over the 60-day horizon
for the four closed-loop methods, with the LLM and Literature
prior modes overlaid as black dashes on the corresponding bars.
Uniform-prior MPC and LLM-prior MPC track lower magnitudes
because their content-bearing modes are themselves lower than
the surrogate’s free optimum. Literature-prior MPC tracks the
literature mode lever-by-lever. Scenario-softmin departs from
any single mode because the ensemble removes the point-density
target.

and measure DAG-edge Jaccard between pairs of rounds.
Pairwise Jaccard on the merged edge sets is J12=0.800,
J13=0.762, J23=0.857 (mean 0.806). Restricting to the
direct parents of [ raises this to J;2=0.938, J;3=0.882,
J23=0.941 (mean 0.920).

The top-5 decision-relevant factors are less stable (J-mean
0.587), but the two surrogate-heaviest levers are robust:
Masking appears as a direct S-parent in 30/30 candidates
and Vaccination in 29/30. Thus the exact edge set varies,
but the dominant decision-relevant structure is stable. Per-
round edge-support tables are in Appendix E.

4. Discussion

Why the literature prior wins on the nominal benchmark.
The nominal SIQR benchmark lies close to the regime for
which the literature prior is calibrated. Its Beta modes are
high on the same levers that the surrogate weights identify
as most effective, especially Vaccination and Ventilation. As
a result, Literature-prior MPC is regularized toward actions
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Figure 6. Surrogate distillation (Phase 5). Left: parity plot be-
tween the SCM-rollout 5 ground truth and the surrogate B predic-
tion on 50 held-out rollouts; train R?=0.88, held-out R2=0.85
with RMSE 0.02. Right: learned linear weights wy with 95%
bootstrap CIs (B=1000). All weights are negative as expected
(each lever reduces transmission) and the ranking |wnasking| >
|'wVaccination‘ > ‘wVentilation| > |wQuarantinc| > |wMobility‘ is
the object audited in Section 3.

that are already close to the surrogate’s low-transmission
optimum. The LLM prior recovers the qualitative ordering
of important levers, but its modes are lower on these high-
weight levers, so the closed-loop controller under-intervenes
relative to the literature prior. We therefore interpret the gap
as a calibration gap in magnitudes, not as a failure of causal
ranking.

Where the LLM prior adds value. The LLM prior
should not be read as a cheaper substitute for a well-
calibrated epidemiological prior. Its role is different: it
supplies structured support over regimes that may be ab-
sent from the literature. Novel variants, abrupt compliance
changes, reporting disruptions, or conflict-driven mobility
changes can move intervention effects outside the high-mass
region of a sharp literature prior. In a zero-current-data
setting, such a prior can be confidently wrong before ob-
servations arrive to correct it. The LLM sample pool is
useful precisely because it keeps multiple plausible regimes
reachable.

How to consume LLM priors. The results suggest that
collapsing LLM samples into a single point-density prior
is the least attractive use of the elicited pool. A point Beta
summary is easy to optimize against, but it hides disagree-
ment among samples and converts scenario breadth into a
single magnitude target. Scenario-softmin preserves this
disagreement and lets the controller reduce the ensemble un-
der the current state rather than before optimization begins.
When no literature prior is available, the safer default is
therefore to expose the sample pool to the controller, while
reporting the induced variance as uncertainty rather than
treating it as noise. Phase 2 (consensus DAG curation) is
a human-in-the-loop gate, and we treat it as a load-bearing
design choice rather than a bottleneck to be automated away.

Future directions. Our present study deliberately stops at
the zero-current-data setting. The natural next step is to pair
the pipeline with collaborators who can provide real out-
break, mobility, hospitalization, or intervention-compliance
observations. In that setting, the LLM prior is only the ini-
tial distribution. As observations arrive, Bayes’ rule updates
it into a posterior over transmission and intervention-effect
parameters,

P(0 | y1:¢) o< p(y1:¢ | 0) pLim(0).

The control problem should then be posed over posterior
uncertainty rather than over a fixed prior, so that MPC de-
cisions become robust to what has and has not yet been
learned from data.

This raises a second question: which samples actually affect
the controller? Posterior samples may change the MPC
policy through the infection forecast, the prior penalty, the
scenario ensemble, or the risk measure used in the objective.
Tracing these pathways would show when sample diversity
improves robust decision making and when it is washed
out by the optimizer. Warm-starting from LLM modes,
disrupted-regime probes, and state-dependent (A, ) sched-
ules are useful ablations, but the broader goal is a prior-to-
posterior-to-control pipeline that connects LLM elicitation,
empirical observations, and robust epidemic decisions.

5. Limitations

No current-regime observations. This study deliberately
evaluates the zero-current-data setting. We do not condi-
tion on real outbreak, mobility, hospitalization, compli-
ance, or intervention-response observations from the tar-
get regime. The reported priors are therefore elicited or
literature-derived initial distributions, not posteriors. In
deployment-facing work, these priors should be updated
with observations through Bayes’ rule before being used
for robust decision making. Collaborations with groups
that hold such data are necessary to test whether the LLM-
elicited support remains useful after posterior updating.

No posterior-control loop. Our MPC controller con-
sumes either point Beta summaries or scenario samples
from the elicited prior. It does not yet propagate posterior
samples through the SIQR dynamics or optimize against
posterior predictive uncertainty. As a result, we can measure
whether LLM samples improve the fixed-prior controller,
but we cannot yet claim that they produce calibrated uncer-
tainty under real observations. A full posterior-to-control
pipeline would need to identify which samples change the
MPC policy, which are ignored by the optimizer, and how
uncertainty should affect the intervention schedule.

Sample size and LLM stochasticity. The linear surrogate
is trained on /N=>50 pipeline rollouts, with cross-validation
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and bootstrap confidence intervals. The closed-loop num-
bers in Table 2 are deterministic given the consensus DAG
and Phase 5 surrogate, but the upstream Phase 1 and Phase 3
LLM calls are stochastic. We report DAG-edge Jaccard
across three elicitation rounds in Section 3, but we do not
claim prompt-level determinism or full coverage of LLM
sampling variability.

Reproducibility Statement

Code, prompts, Phase 1 edge-frequency tables, Phase 3 com-
ponent samples, and raw LLM call logs for every reported
experiment will be released in an anonymized form upon
acceptance. A make reproduce target regenerates ev-
ery figure and table in this paper from the released artifacts.
Pseudocode for the six-phase pipeline and the MPC objec-
tive is given in Appendices C and D, and the prompts used
at Phases 1 and 3 are reproduced in Appendix G.

Ethics Statement

This work studies LL.M-assisted epidemic control entirely
in simulation. The SIQR benchmark and the five-lever NPI
vector are research abstractions, and none of the reported
numbers correspond to a deployed policy or a real pop-
ulation. We do not claim counterfactual validity against
historical epidemic waves and explicitly flag this as the pri-
mary follow-up in Section 5. Any real-world use of an LLM
prior or controller regularized by an LLM prior in epidemic
policy would require clinical and public-health oversight
that this system does not provide.

The pipeline is also designed against a specific failure mode:
an LLM that drafts a controller objective without leaving
an inspectable trail. We caution against removing this gate
in deployment-facing variants of the pipeline, since the
consensus DAG and LLM prior are exactly the artifacts a
downstream reviewer needs to sign off on. The dual-use
surface of automated policy recommendation, including
the risk that a confident but poorly calibrated LLM prior
is mistaken for a literature prior, is one of the reasons we
report the LLM-versus-literature magnitude gap as a central
finding rather than as a caveat.
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A. Per-condition Definitions and
Scenario-softmin Formula

The seven conditions in Table 2 are organized along two
axes (prior source and prior usage). The three open-loop
rows are Fixed-Uniform (with u; = (0.4,0.4,0.4,0.4,0.4)
for all ¢, ignoring both DAG and prior), Fixed-PriorMode-
LLM (with u; held at the LLM Phase 4 prior mode
(0.733,0.286, 0.292,0.560, 0.444), using LLM ranking
without an optimizer), and Fixed-PriorMode-Literature
(same construction with the literature-based mode vector
reported in Table 3).

The four closed-loop rows all share the same optimizer
and the same operating point A=0.1, y=1. Uniform-prior
MPC replaces the Beta prior with Beta(1,1), so the regu-
larizer becomes a constant and the controller sees no prior
content (form-only baseline). LLM-prior MPC exposes
the LLM Phase 4 Beta prior as a soft NLL term. Literature-
prior MPC replaces that Beta with the literature-based one
at the same (A, 11). Scenario-softmin MPC consumes the
LLM Phase 4 sample pool of 80 samples and, instead of
reducing them to a Beta density, evaluates the stage cost on
each of a seed-drawn size- K =10 subset:

K
1 .
_ ;logZexp(—T J(ug; ul(‘]L)I\/I))7 )

j=1

with 7 tied to A and per-draw Gaussian perturbation
0=0.15. Across seeds {0,1,2} the row averages cum.
inf. 140.07£99.36, cum. cost +15.534+3.30, peak [+@Q
0.041+0.027, mean |ju|l;/5 0.6324+0.144, prior NLL
+118.44+28.34.

B. Future Threads (extended)

Risk-adaptive prior weights. A fixed (A, ) pair is a
blunt instrument. Early in an outbreak, when the Infectious
compartment is still small, the prior’s conservative modes
are close to the conditional optimum. Once I; crosses a
threshold, they are not. Replacing scalar weights with a
state-dependent schedule \(1;), u(I;) that decays as risk
rises would keep the prior where it helps (structure at low
risk) and release it where it hurts (magnitudes at high risk).
The experimental cost is a second grid sweep, but the con-
ceptual payoff is a principled reconciliation of the two
columns of Table 2.

Multi-agent co-scientist audits. The decomposition in
Table 2 is written for a single LLM contributor. In a multi-
agent co-scientist setting, different agents may contribute
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to different pipeline phases (one drafts the DAG, another
fits the SCM components, a third proposes controllers). An
auditable version of our four-row comparison, with one
ablation row per agent’s contribution, would extend the
human-in-the-loop account from “where did this LLM help”
to “which agent, at which phase, was load-bearing.” We
view this as the most direct path from our single-paper audit
to a reusable template for multi-agent co-scientist systems.

C. SIQR Dynamics and MPC Details

Continuous-time SIQR ODEs. The benchmark dynam-
ics are a standard four-compartment SIQR model (Heth-
cote et al., 2002; Odagaki, 2020) with a five-dimensional
NPI vector u; € [0,1]°. The vector u; is mapped by the
Phase 5 surrogate to a scalar effective transmission rate
B¢ (ut), which enters the SIQR dynamics:

S = —Bi(u) SI/N, ©)
I'= B(u)SI/N - (v+q)1, (6)
Q=ql — XQ, 0)
R=~vI + \Q. ®)

with S+7+@Q+ R = N and N=1 (population-normalized).
The transmission rate [3; is produced by the Phase 4 fitted
structural equation (Section 2) and is not a free parameter
of the MPC. We discretize with explicit Euler at step At=1
day over an evaluation horizon of H =60 steps, initialized
at (SQ, Iy, Qo, Ro) = (0995, 0.005, 0, 0)

MPC problem. At each outer step ¢ we re-solve a
receding-horizon optimal control problem over a lookahead
of L=10 steps:

L—1
min E [[ 4 Y+ allu 2
Upitt1,—1€[0,1]5L Pt (Lt + Qetr) lluerrll

N k) + o D3]

€))

subject to the Euler-discretized SIQR dynamics above. Only
the first control u;} is applied; the horizon then advances by
one step. ¢, (-,-) is the Phase 4 prior negative log-density
(see Section 2).

Inner solver.
scipy.optimize.minimize
with box constraints up €

ul?=clip(uy_1, 0.05, 0.95),  maxiter=50,  and
ftol=10"5. The A-forecast over the lookahead is
produced by evaluating the Phase 4 structural equation
at the predicted states; the forecasting RNG is forked

The inner problem is solved with
using L-BFGS-B
[0,1], warm-started at

Closed-loop trajectories on the SIQR benchmark (H =60, At =1 day)
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Figure 7. Closed-loop trajectories for the four closed-loop methods
in Table 2. Top panel: active cases I(¢)+Q(t). Remaining pan-
els: per-lever control activation u*) () for Vaccination, Mobility
reduction, Quarantine, Masking, and Ventilation. The simulator
is deterministic, so each Uniform, LLM, and Literature curve is a
single trajectory rather than a seed-averaged band. The Scenario-
softmin row, by contrast, depends on the random K=10 subset
drawn from the 80-sample LLM pool, and the trajectory shown
is for seed 0. Uniform-prior MPC and LLM-prior MPC produce
similar trajectories with low-magnitude lever activation. Literature-
prior MPC pushes Vaccination and Ventilation hardest, suppress-
ing I(t)+Q(t) to a small fraction of its peak in the other rows.
Scenario-softmin sits between them while remaining responsive to
I.

deterministically from the outer loop so that the MPC inner
problem is reproducible.

Hyperparameters. Table 3 lists all dynamics and MPC
hyperparameters used to produce Table 2 and the (X, 1) grid
in Appendix F. The values of « and of (A, 1) are the only
method-distinguishing quantities; all other values are shared
across all seven conditions in Table 2.

Reproducibility. All closed-loop runs use fixed seeds
and deterministic SciPy solvers, and the S-forecast RNG is
forked from the outer seed. A single seed reproduces every
deterministic row in Table 2 and every cell in Table 7. The
Scenario-softmin row of Table 2 additionally depends on
the random K'=10 subset drawn from the 80-sample LLM
pool, and we report it as mean+std over three seeds.
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Table 3. SIQR dynamics and MPC hyperparameters used in every closed-loop run. o, A, i are the only method-distinguishing values; all

other rows are shared.

Symbol Value Description

SIOR dynamics

v 0.10/ day recovery rate I - R

q 0.15/ day quarantine rate [ — Q)

AQ 0.05 / day release rate Q — R

N 1.0 normalized population

(So, 1o, Qo, Ro) (0.995, 0.005, 0, 0) initial condition

At 1 day Euler step size

H 60 steps evaluation horizon

MPC inner loop

L 10 steps lookahead (receding horizon)
Solver L-BFGS-B box-constrained quasi-Newton
maxiter 50 inner iterations per outer step
ftol 107° inner convergence tolerance
u© clip(us—1,0.05,0.95) warm-start

Cost weights (method-distinguishing)
FIXED-UNIFORM
FIXED-PRIORMODE-LLM
FIXED-PRIORMODE-LITERATURE
LLM-PRIOR MPC
LITERATURE-PRIOR MPC
SCENARIO-SOFTMIN MPC

u:= Mode (Beta%LM)
u:= Mode (BetaI{“)

u¢=(0.40, . . ., 0.40), =0, A=0, u=0

a=0.05, A=0.1, pu=1, pk:BetazLM
a=0.05, A=0.1, u=1, pp=Betak"
a=0.05, A=0.1, u=1, K=10 subsampled from 80, =0.15

open loop, no optimizer
open loop at LLM prior modes

open loop at literature prior modes

MPC, point LLM prior
MPC, point literature prior
MPC, scenario ensemble

Table 4. Linear surrogate bootstrap 95% Cls (top-5 features, ranked
by |w|). Weights are fit by OLS on the n¢yain =40 Phase 5 training
rollouts, and CIs are obtained from B=500 nonparametric boot-
strap resamples of the training split. All five Cls exclude zero,
consistent with the sign and ranking reported in the main text (cf.
Figure 6).

Feature w 95% CI w/00?
Masking compliance ~ —0.126  [—0.145, —0.103] v
Vaccination coverage  —0.074  [—0.090, —0.058] v
Ventilation rate —0.043  [—0.059, —0.022] v
Quarantine duration —0.040 [-0.064, —0.009] v
Mobility reduction —0.030 [—0.049, —0.009] v

C.1. Additional results

D. Surrogate Details

We keep the surrogate strictly linear. Higher-capacity al-
ternatives (polynomial features, small MLP) would absorb
residual nonlinearity but would also obscure the per-lever
weight read in Table 4, which is the object the audit reaches
into. The reported R?=0.85 on held-out rollouts is suffi-
cient for the ranking to be stable, and the linear form is what
makes the bootstrap Cls interpretable as confidence in indi-
vidual lever contributions rather than in a single nonlinear
summary.
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E. DAG Stability

We rerun Phase 1 (candidate DAG drafting) under three
independent elicitation rounds, each drawing K =10 can-
didates at temperature=0.8 with distinct seeds and the
same 20 SIQR-relevant factor vocabulary. All other pipeline
phases are held fixed. Each round is passed through the
same support-> 0.5 merge rule described in Phase 2 of
Section 2.

Table 5 reports pairwise Jaccard similarity on three repre-
sentations of the merged per-round DAG: the full edge set,
the direct parents of the target node (3, and the LLM’s self-
nominated top-5 decision-relevant factors. Edges into 3 are
substantially more stable than either the full edge set or the
top-5 self-nominations, which is consistent with our finding
that the LLM’s ranking of levers is transferable but its full
causal structure is not.

Table 5. Pairwise DAG Jaccard similarity across three independent
elicitation rounds (K =10 candidates each, merge rule support>
0.5). Merged edge counts: |E1|=17, |E2|=19, |E5|=20.

Jio Jis Jos mean
Full edge set 0.800 0.762 0.857 0.806
Direct 3-parents 0.938 0.882 0.941 0.920
LLM top-5 factors  0.667 0.429 0.667 0.587

Per-round edge support. Table 6 lists every edge with
support > (.5 in at least one round. An entry is the fraction
of the round’s K'=10 candidate DAGs that contained that
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edge; a blank cell means the edge fell below 0.5 in that
round. All but four rows are direct S-parents, as one would
expect from a target-ranking prompt.

What this table tells us. (i) Nine direct S-parents are
unanimously supported in at least one round and carry sup-
port > 0.9 in all three; these are the edges that survive
regardless of the elicitation seed. (ii) The two surrogate-
heaviest levers from Equation (2), Masking and Vaccina-
tion, sit in this unanimous-or-near-unanimous band, so the
lever-ranking claim in Table 2 is not an artifact of a sin-
gle elicitation run. (iii) Non-3 mediated edges appear at
exactly the 0.5 threshold and drift across rounds, which is
why we required a written reviewer justification for any
sub-threshold edge in Phase 2: at this elicitation scale the
LLM is reliable on which factors touch  but not on how
they interact upstream. (iv) The LLM-nominated top-5 has
the lowest Jaccard because it collapses > 9 near-unanimous
parents into a length-5 list; the merged /3-parent set (which
we actually use) is a strictly stronger statistic.

F. Prior- and Smoothness-Weight Grid

Table 7 reports LLM-prior MPC on a 4x4 grid
over (A, p). The prior parameters used through-
out are the Phase 4 Beta summaries («y,[;)
(3.2,1.8),(1.8,3.0),(1.7,2.7),(2.4,2.1),(2.2,2.5)  for
Vaccination, Mobility reduction, Quarantine duration,
Masking, and Ventilation, respectively. The (A, 1)=(0, 0)
cell is omitted because it removes both the prior pull and
the smoothness regularizer and leaves an underdetermined
controller.

Within the active cells, cumulative infections move mono-
tonically along each axis. Increasing y at fixed A raises
infections (the smoothness penalty makes the controller less
responsive). Increasing A at fixed p also raises infections
(the prior pull biases the controller toward LLM-elicited
modes that are less aggressive than the surrogate’s free op-
timum). The Table 2 operating point at (A, z)=(0.1,1) is
not the cell-wise minimum. We report at this cell because it
is the smallest grid cell at which both the prior pull (A>0)
and the smoothness penalty (1>0) are nontrivially active,
which lets us attribute closed-loop differences to elicited
content rather than to a regularizer corner. The qualita-
tive ranking among Uniform-prior MPC, LLM-prior MPC,
and Literature-prior MPC is preserved across the broader
region A € [0.01,0.1] and px € [0,1], so the choice is a
robustness-aware reporting decision rather than a narrow
tuning artifact.
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G. Prompts

We use a single instruction-tuned LLM at two elicita-
tion phases. Phase 1 (DAG drafting) is run with K=10
candidate queries per elicitation round, each conditioned
on a different diversity-prior instruction (listed below) at
temperature=0.8. Three independent rounds are used
for the Jaccard stability analysis in Section 3. Phase 3
(component sampling) is run at temperature=0.7 with
80 draws, which seed both the LLM-prior Beta fit and
the 80-sample LLM pool from which scenario-softmin
MPC samples. We do not fix the LLM’s internal
sampling seed and treat run-to-run variation as part of
the upstream stochasticity reported in Section 5. Both
prompts are implemented as Python f-string templates
in src/causal_workflow.py, and the placeholders
({factor_block}, {candidate_id}, etc.) are filled
in at runtime from the curated factor table and the selected
candidate.

Diversity priors used at Phase 1. Each Phase 1 query is
conditioned on one of the following ten instructions, drawn
in order so the K=10 candidates span structurally different
hypothesis classes.

Policy-first DAG: make public
interventions upstream of behavioral
changes and beta.

Behavior-first DAG: emphasize mobility,
masking, gatherings, and social
distancing as mediators.

Environment-first DAG: emphasize
seasonality, ventilation, temperature,
and air filtration effects.

Quarantine/testing-first DAG: emphasize
testing, tracing, and quarantine
pathways into beta.

Vaccination-first DAG: emphasize
vaccination as the main upstream driver

with downstream policy/behavior links.

Variant-first DAG: emphasize variant
strength as an upstream driver
affecting multiple downstream factors.

Household/community DAG: emphasize
household density and superspreader
pathways.

Sparse DAG: keep edges minimal and only
include the strongest causal
assumptions.

Mediated DAG: prefer multi-step mediation
over many direct edges into beta.

Intervention—-heavy DAG: emphasize
controllable policy levers that
ultimately change beta.

Phase 1: DAG drafting prompt. Reproduced verbatim
from src/causal_workflow.py. The target node
"Transmission rate beta" is appended as a sink,
and the factor list is the curated 20-factor table from the
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Table 6. Edge support fraction across K =10 candidates per round. Rows sorted by average support. “/3” denotes the target node
Transmission rate beta. Blank cells indicate support <0.5 in that round.

Source Target r=1 r=2 r=3
Contact tracing efficiency B8 1.0 1.0 1.0
Household density 153 1.0 1.0 1.0
Masking compliance B 1.0 1.0 1.0
Quarantine effectiveness B 1.0 1.0 1.0
Superspreader events 8 1.0 1.0 1.0
Variant strength B 1.0 1.0 1.0
Ventilation rate 8 1.0 1.0 1.0
Mobility reduction B8 1.0 09 1.0
Vaccination coverage B8 1.0 1.0 0.9
Vaccine efficacy B 0.9 0.9 1.0
Seasonality B8 0.8 1.0 0.8
Social distancing measures [ 0.9 0.5 0.8
Quarantine duration B 0.9 0.6 0.6
Age structure B 0.8 0.7 0.6
Population mixing B 0.7 0.7 0.6
Public health interventions (3 0.5 0.5
Quarantine compliance 15 0.5
Quarantine compliance Quar. effectiveness 0.7 0.5

Quarantine capacity Quar. effectiveness 0.5 0.5
Mobility patterns Mobility reduction 0.5 0.5
Economic factors Mobility patterns 0.5 0.5

Table 7. Cumulative infections per 1,000 for LLM-prior MPC over
the (A, 1) grid (single seed, deterministic). The (X, 1)=(0, 0) cell
is omitted as N/A. The Table 2 operating point (A, )=(0.1,1) is
shown in bold.

A0 0.01 0.1 1

0 - 193.04 309.17 335.67
0.1 10776 199.13 309.76 335.72
1 17506 22697 313.66 336.12
5 253.69 279.13 32498 337.73

upstream factor-extraction phase.

You are helping with a toy SIQR causal
modeling study for methodological
research.

Task:

— Propose exactly one literature-informed
draft DAG candidate over the given 20
factors.

— Treat this as a toy hypothesis graph,
not as validated real-world policy
advice.

— Add one sink node named "Transmission
rate beta".

— Use the exact factor names provided
below. Do not invent new factor names.

- Keep the graph acyclic.

— Include 12 to 22 directed edges.

— Include some mediated relationships
between factors, not only direct edges
into beta.

— Pick exactly 5 factors as the current
most decision-relevant factors for
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later SD-SCM and control analysis.

Diversity instruction for this candidate:
- {diversity_prior}

Factors:
{factor_block}

Return JSON only in this schema:
{

"candidate_id": "{candidate_id}",

"title": "short descriptive title",

"target_node": "Transmission rate beta",

"nodes": ["Transmission rate beta", <
factor names>],

"edges": [

{"source": "factor A", "target": "
factor B or Transmission rate beta",
"reason": "short reason"}
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"beta_parents": ["factor names that
directly point into Transmission rate

beta"],

"top5_factors": ["exact factor name",
exact factor name", "exact factor
name", "exact factor name", "exact
factor name"],

"rationale": "2-4 sentence summary"

}

Important rules:

— The only allowed node names are: {
factor_1list}, Transmission rate beta

— Use exact spelling from the factor list.

- Do not include markdown fences.

— Do not include any explanation outside




Robust Epidemic Control via LLM-Elicited Causal Discovery

the JSON.

Phase 1 system prompt for upstream factor extraction.
The 20-factor table that feeds the Phase 1 DAG drafter is
itself elicited from the literature with a separate single-shot
prompt, reproduced verbatim from src/prompt . py.

You are an expert epidemiologist
specializing in SIQR (Susceptible-
Infected-Quarantined-Recovered) models.

From the provided recent papers (arXiv
abstracts and content), extract exactly
20 distinct factors that directly
influence the transmission rate beta(t)
in an SIQR model.

For each factor, output in this exact
format:

1. Factor name | Hypothesized causal
pathway | Reference (paper title/year)

Rules:
— Factor name must be short and clear (e.g.
"Mobility reduction", "Ventilation
rate")
- Hypothesized pathway must explain HOW it
affects beta (e.g. "reduces contact
rate between S and I", "increases
effective transmission probability")
— Prioritize quarantine-related, mobility,
ventilation, masking compliance,
variant strength, superspreader events,
seasonality, household density, policy
interventions
— Do not repeat similar factors
— Only use information from the provided
papers
— Output exactly 20 lines, nothing else.

Phase 3: component sampling (SD-SCM
spec) prompt. Reproduced verbatim from
src/causal_workflow.py. Phase 3 consumes

the consensus DAG selected in Phase 2 and emits, for each
node, a structural-equation specification (parents, role,
state space, and a natural-language generator prompt) that
downstream phase render into Beta priors over the five
intervention levers.

You are helping with a toy SIQR causal
modeling study.

Task:

- Convert the selected draft DAG into an
SD-SCM style specification.

— Treat the DAG as fixed.

- Do not discover new edges.

- For each node, describe how an LLM could
generate its value from its parents.

— Focus on methodological use in a toy
model only.
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Selected DAG:

candidate_id: {candidate_id}
title: {title}

target node: {target_node}
top5 factors: {top5_factors}

Node descriptions:
{factor_descriptions}

Edges:
{edges_text}

Return JSON only in this schema:

{

"candidate_id": "{candidate_id}",
"graph_title": "{title}",
"target_node": "{target_node}",
"top5_factors": [...],
"node_specs": [
{
"name": "node name",
"parents": ["parent 1", "parent 2"],
"role": "root|mediator|target|
intervention",
"state_type": "binary|ordinal|
continuous|categorical",
"state_space": "short textual
description",
"generator_prompt": "natural-language
structural equation prompt for
this node",

"intervention_values": ["example value
1", "example value 2"],
"notes": "short note"
}

1,

"simulation_protocol": {
"topological_order": ["ordered nodes"],
"root_node_strategy": "how to

initialize roots",
"beta_generation_note": "how the target

node is generated from its parents"

’
"example_interventions": [

{"node": "factor", "value": "value", "
expected_effect_on_beta": "short
note"}

]
}
}
Rules:

Include every node from the DAG exactly
once in node_specs.

Use the DAG parents exactly as given.

Keep the output concise but complete
enough to drive an SD-SCM
implementation.

Do not include markdown fences.




