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Abstract

LLM-based scientific exploration agents need
feedback signals that decide which experimen-
tal outcomes should guide future search. Re-
cent systems use Bayesian surprise, reward-
ing results that change an LLM’s belief. This
can create a noisy-TV failure mode: unsta-
ble artifacts, leakage, proxy effects, or gaps
in the model’s prior may appear more valu-
able than reliable mechanisms. We intro-
duce Reducible Information Gain (REIG), a
validation-aware discovery method. REIG
keeps LLMs for hypothesis proposal and in-
terpretation, and uses evidence that remains
stable under resampling and null calibration
as the search feedback. REIG then reports fi-
nal candidates along separate axes of reliabil-
ity, novelty, and non-triviality. Across REP-
60, STRESS-72, and faceted report evaluations,
REIG consistently improves discovery quality
under matched search policies. Under MCTS,
REIG-MCTS improves ValidDisc@ 10 from
0.57 to 1.55 over SURPRISE-MCTS, raises re-
ward AUROC from 0.44 to 0.83, and reduces
false flags on no-signal tasks from 3.8 to 0.38 at
budget 20. Ablations, same-candidate rerank-
ing, and the semantic audit show that the gains
come from guiding exploration with validated,
reusable evidence and keeping reliability, nov-
elty, and non-triviality as distinct criteria.

1 Introduction

Open-ended scientific discovery agents must de-
cide how to test hypotheses and how to prioritize
the next hypotheses for exploration. Recent LLM-
based discovery systems can read dataset metadata,
propose hypotheses, generate analysis code, in-
spect results, and continue searching across a large
hypothesis space (Majumder et al., 2024, 2025;
Lu et al., 2026; Schmidgall et al., 2025; Agarwal

et al., 2026). This shifts a central design question
from hypothesis generation alone to search feed-
back: after an experiment is executed, what signal
should determine whether its result guides future
exploration?

Prior systems have explored several answers.
Goal-driven discovery agents rely on human-
specified research questions, making the explo-
ration objective external to the system. Open-ended
variants instead need internal criteria, such as di-
versity heuristics, human or LLM proxies for in-
terestingness, novelty, or utility, programmatic sta-
tistical scans, and more recently Bayesian surprise
(Lehman and Stanley, 2011; Si et al., 2025; Zhou
et al., 2024; Tong et al., 2024). These criteria make
autonomous exploration possible. They also ex-
pose a common weakness: the feedback signal
may emphasize variation, interestingness, or model
belief change and leave reliable evidence from exe-
cuted results under-specified.

Bayesian surprise is an important step because
it gives open-ended discovery a formal exploration
objective. In AutoDiscovery, an experiment is re-
warded when its result changes the LLM’s prior
belief about a hypothesis (Agarwal et al., 2026).
This moves beyond one-shot hypothesis generation
and avoids requiring a fixed answer key. However,
belief surprise remains a model-centered reward.
It measures the shift in the LLM’s belief; repro-
ducibility, leakage, proxy effects, and scientific
non-triviality remain outside the reward.

We argue that this creates a noisy-TV failure
mode for LLM-guided discovery. In curiosity-
driven learning, an agent rewarded for prediction
error can become attracted to random observations
that remain surprising but teach nothing stable
about the environment (Schmidhuber, 1991; Pathak
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Figure 1: Noisy-TV failure in LLM-guided discov-
ery. Belief surprise and validated evidence are distinct
axes: high-surprise, low-evidence outcomes can draw
the agent toward noisy, leaky, or proxy-driven results.
Stable expected structure can be reliable with low nov-
elty. REIG guides search with validated evidence and
evaluates novelty and non-triviality separately.

etal., 2017; Burda et al., 2018; Linke et al., 2020;
Mazzaglia et al., 2022). In data-driven discov-
ery, the analogue is a hypothesis-result pair that
strongly changes an LLM belief because of noise,
leakage, proxy artifacts, sampling quirks, or gaps
in the model’s prior knowledge. Such outcomes
may be surprising to the agent and still provide
poor evidence for a discovery.

The reverse case also clarifies the problem. Sta-
ble expected structure, such as study hours, prior
GPA, or attendance predicting exam performance
in a controlled education dataset, can be useful
for checking reliability and should receive a low-
novelty label. Surprise collapses these distinctions:
it can undervalue reliable unsurprising structure
and overvalue unstable or proxy-driven surprises.
A discovery system therefore needs separate axes
for reliability, semantic novelty, and non-triviality,
with belief shift treated as one diagnostic signal.

We introduce Reducible Information Gain
(REIG), a validation-aware discovery method for
LLM-guided scientific search. REIG keeps LLMs
in the roles where they are useful: proposing
mechanism-level hypotheses, generating analysis
plans, and explaining candidate findings. The
change is in the search feedback. REIG writes
validation-aware evidence from executed experi-
ments back to the archive, so future exploration
is guided by results that remain stable under val-
idation checks and can serve as reliable memory.

Final claims are then reported along separate axes
of reliability, novelty, and non-triviality.

We evaluate REIG under matched search con-
ditions designed to isolate the feedback effect.
Across REP-60 held-out replication tasks, STRESS-
72 controlled null/planted/noisy-TV stress tests,
fixed-candidate reranking, and a semantic audit,
REIG consistently improves accepted discovery
quality. Under MCTS search, REIG-MCTS im-
proves ValidDisc@10 from 0.57 to 1.55 over
SURPRISE-MCTS, raises reward AUROC from
0.44 to 0.83, and reduces false flags on no-signal
tasks from 3.8 to 0.38 at budget 20. Post-hoc fil-
tering reduces some false acceptances but yields
fewer discoveries, showing the importance of using
validation-aware evidence during exploration itself.

Our contributions are:

* We identify a noisy-TV failure mode in
surprise-driven LLM discovery: belief shifts
can arise from noise, proxy artifacts, leakage,
or gaps in the LLM’s prior even when evi-
dence for a stable mechanism is weak. Con-
trolled education and null/noisy-TV examples
show that surprise also fails to separate relia-
bility from novelty.

* We introduce REIG, a validation-aware dis-
covery method that keeps LLMs as hypothesis
proposers, analysis generators, and result in-
terpreters, and makes search progress depend
on executed evidence that remains stable un-
der validation checks.

* We evaluate REIG under matched search con-
ditions, fixed-candidate reranking, controlled
null/planted/noisy-TV tasks, and a semantic
audit. REIG improves ValidDisc@10 from
0.57 to 1.55 over SURPRISE-MCTS, raises
reward AUROC from 0.44 to 0.83, and re-
duces false flags on no-signal tasks from 3.8
to 0.38 at budget 20.

2 Background

Search feedback in LLM-based discovery.
Open-ended scientific discovery agents can use
LLMs to propose hypotheses, specify analyses, ex-
ecute code, and summarize observations, but the
search behavior is determined by the feedback writ-
ten back after each executed experiment. The key
distinction in this paper is between the execution
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Figure 2: REIG changes the feedback written back after executing an experiment. Surprise-driven search stores
LLM belief shift. REIG stores validation-aware evidence that guides later exploration.

layer, which produces an observation, and the feed-
back signal, which determines what the agent re-
members and prioritizes next. Surprise-based sys-
tems such as AutoDiscovery use Bayesian surprise
for this feedback, rewarding large shifts between
an LLM’s prior and posterior belief after a hypoth-
esis is tested (Agarwal et al., 2026). This supports
exploration without a fixed answer key, and the re-
ward remains centered on model belief with limited
weight on validated evidence.

Noisy-TV mismatch. Bayesian surprise and cu-
riosity rewards are useful for attention and explo-
ration. The noisy-TV problem shows that unpre-
dictable observations can keep receiving high re-
ward even when they teach no stable structure (Itti
and Baldi, 2005; Schmidhuber, 1991; Pathak et al.,
2017). In LLM-based data discovery, the analogue
is a hypothesis-result pair that changes model belief
because of noise, leakage, proxy effects, or gaps in
the LLM’s prior. We therefore separate two quan-
tities throughout the paper: model-centered belief
shift, used by surprise baselines, and validation-
aware evidence about a stable data mechanism,
used by REIG. We evaluate this distinction both
in MCTS-style tree search and in candidate-pool
ranking, so the experiments focus on reliable rank-
ing of executed hypotheses under a fixed proposal
setting.

3 Problem Formulation

An open-ended discovery agent receives dataset
metadata M, data D, and a budget B. At each step
t, it selects an experiment

ey

ar = (htvetact)7

where h; is a natural-language hypothesis, e; is
an experiment plan, and ¢; is executable analysis
code or a code specification. Executing ¢; returns
an observation Y; and an analysis summary. The
search history is

Ht = {(hi,ei,Ci,}fi,TZ‘)}zzl. (2)
The policy selects the next experiment by
a~m(a| M,D, H_y). 3)

The central design choice is the feedback sig-
nal r; assigned after an experiment has run. In a
surprise-driven agent, the LLM is asked for a prior
and posterior belief about h;. For scalar beliefs p;
and ¢;, a Bernoulli KL reward is

1—
+(1—Qt)10g1_%-

Skw(he) = gt log L )
Dt

The formal discovery gate used in our surprise-
based baseline is a thresholded belief shift:

lgr —
Twidth

Sgate(ht) =1 |: ‘ 1:| Twidth = 0.2.

&)
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The target of search is different from a high be-
lief shift. Let © denote the stable data-generating
mechanism relevant to the task. A useful experi-
ment should reduce uncertainty about © and pro-
vide more than model-level surprise. We there-
fore distinguish reliability R(h), semantic novelty
N (h), and non-triviality 7'(h). Reliability mea-
sures evidence for a stable data relationship; nov-
elty measures whether the claim is non-obvious
relative to the domain and history; non-triviality
excludes leakage, proxies, and tautologies. REIG
uses R(h) as the executed-candidate reward that
updates the search archive. It logs N (h) and T'(h)
for reporting and excludes LLM belief shift from
truth-signal status. This distinction matters: no re-
ward computed from Y; can score a completely un-
executed candidate without an additional proposal
prior or surrogate predictor. In our implementation,
LLM proposal order supplies this prior; REIG sup-
plies the validation-aware feedback used to value
the archive and condition later proposals.

4 Why Surprise Is Not Reducible
Information

Let Y}, be the experimental observation for hypoth-
esis h. The uncertainty in the observation decom-
poses as

H(Y, | D) =1(0;Yy | D) + Egp[H (Y | ©)].
(6)
The first term is reducible epistemic information
about the stable mechanism O; the second is irre-
ducible uncertainty that remains even if © were
known. Noisy-TV behavior occurs when a reward
tracks total surprise or prediction error and gives
too little weight to the reducible term.
The same issue appears in a Gaussian mecha-
nism model:

Yy =040 +en,  en~N(O,07), (D
0D ~NX). 8)
The predictive variance is
Var(Yy, | D) = ¢, Sén + o7, )
the corresponding information gain about the mech-
anism is
1 1Dy
1(©;Y, | D) = = log <1 4+ On 2¢h> . (10)
2 o,

Increasing observation noise a,% can make out-
comes more variable and decrease the signal-to-
noise ratio that determines information gain. An

exploration objective should therefore reward sta-
ble, reducible evidence as the primary search sig-
nal.

LLM belief surprise adds another mismatch. The
belief shift |¢; — p;| depends on the model’s prior
knowledge and linguistic interpretation: expected
real effects can have small KL reward, and narra-
tively odd unstable effects can have large reward.
This is why surprise can conflate reliability with
novelty: stable expected structure can be underval-
ued as search evidence, and unstable surprises can
be overvalued as discovery candidates.

5 Validation-Aware Discovery with RelG

REIG modifies the feedback loop of an LLM-
guided discovery agent. It keeps the LLM com-
ponents that make open-ended discovery possible:
1) the LLM proposes mechanism-level hypothe-
ses from metadata and search history; 2) the LLM
writes or specifies the analysis code for each candi-
date; and 3) the LLM summarizes evidence and pro-
duces a human-readable report. The change is what
the system treats as progress after an experiment
has been executed. REIG writes validation-aware
evidence back to the archive to guide later propos-
als and search decisions. This turns the method
into an integrated discovery loop: proposal, exe-
cution, evidence validation, archive update, and
final reporting are connected by the same feedback
signal.

5.1 Reducible-Information Score

We use REIG to denote the overall method and
RelG(h) to denote the scalar reward assigned to
a tested hypothesis h. For a tested hypothesis 5,
let §), be a standardized effect estimate, SEboot (1)
a bootstrap standard error, Stab(h) the fraction of
bootstrap resamples with the same effect sign, and
Pperm (h) a permutation-null p-value (Efron and
Tibshirani, 1994; Good, 2005; Meinshausen and
Biihlmann, 2010). Conceptually, REIG follows a
validation-aware decomposition:

VReic(h) = Evidence(h) — A, Uncertainty(h)
— Ao NullCompat(h).
(1D
The first term rewards evidence for a stable relation-
ship; the second penalizes estimation uncertainty;
the third penalizes effects that are plausible under
a null or permutation model. Our structured-data
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evidence model uses
RelG(h) = LCB(h) - Stab(h) - (1 — pperm(h)),

LCB(h) = maX(Ov |9h| - ﬁ SEboot(h))‘

12)
This multiplicative form is one implementation of
Equation 11. The first factor is a lower confidence
bound on effect magnitude. The second penalizes
effects whose direction changes under resampling.
The third penalizes candidates that look compati-
ble with a permutation null. We set § = 1 in all
experiments.

This score is not a claim that large main ef-
fects are the only scientific discoveries, nor is it
a calibrated mutual-information estimator. It is an
operational proxy for the reducible term in Equa-
tion 6: a finite-budget feedback score that prefers
evidence that remains stable under resampling and
weak under null calibration. For richer settings, the
evidence term can be instantiated with validation
likelihood gain, causal effect estimates, or held-out
predictive improvement. The key requirement is
that the reward must decrease when evidence is
unstable under resampling or null calibration.

5.2 Using RelG in a Search Loop

REIG-MCTS and REIG-POOL use the same
executed-candidate evidence but differ in how the
search state is organized. In REIG-MCTS, the
validation-aware score is backed up through the
tree in place of belief surprise. In REIG-POOL,
the system maintains a global candidate pool with
no MCTS tree. At each step, the LLM proposes
candidate mechanisms conditioned on metadata
and prior tested hypotheses. The system executes
a candidate, computes Im(h), logs LLM be-
lief surprise, and updates the archive. The next
LLM prompt includes candidates with high and
low I@(h) values and the semantic summaries
of tested hypotheses, so the reward acts as memory
for subsequent proposal. These archive updates
make lm(h) an in-loop feedback signal that in-
fluences later proposals and, in REIG-MCTS, sub-
sequent MCTS branch selection. By contrast, SUR-
PRISE+POSTHOC uses surprise during search and
applies a RelG-style filter only after the search bud-
get is exhausted. For an untested candidate with
no executed evidence, the implementation uses the
LLM proposal order as its initial proposal prior.
This is intentionally conservative: REIG assigns
validation-aware rewards only to completed exper-
iments and does not directly score arbitrary un-

executed hypotheses. Appendix A gives the full
candidate-pool loop.

5.3 Reporting Reliable Discoveries

REIG uses validation-aware evidence to guide
search, then reports candidates with separate relia-
bility, novelty, and non-triviality labels. Reliability
is the data-side component that can be estimated
automatically; novelty and non-triviality require
semantic review. This separation handles two com-
mon cases: expected stable effects are retained as
reliable low-novelty structure, and proxy, leakage,
or null artifacts are rejected during final claim as-
sessment. Final claims can additionally be paired
with held-out validation, false-discovery-rate con-
trol, or human review (Dwork et al., 2015; Ben-
jamini and Hochberg, 1995; Benjamini and Yeku-
tieli, 2001); our null experiments include reliability-
only acceptance as an ablation.

6 Experimental Setup

We evaluate REIG on held-out replication tasks,
controlled stress tests, faceted report evaluations,
and a candidate-level semantic audit. The design
separates the effect of the feedback signal from
the effect of the search policy, and evaluates final
claims with held-out replication, controlled gold
labels, and semantic review.

Data suites. The evaluation combines two
DiscoveryBench-derived diagnostic suites, a
faceted report evaluation, and a candidate-level se-
mantic audit. REP-60 tests held-out replication,
STRESS-72 isolates controlled null/planted/noisy-
TV/proxy failures, and the faceted evaluation and
semantic audit assess final report quality and
candidate-level semantic value. All held-out labels,
controlled gold labels, faceted scores, and audit la-
bels are computed after search and are never shown
to the agent. Appendix B gives suite construction,
hidden evaluation signals, anti-leakage controls,
and metric details; Appendix C gives concrete fam-
ily mechanisms and representative candidate traces.

Baselines and crossed design. The key design
requirement is to separate feedback from search
policy. We therefore cross two feedback signals
with two policies: SURPRISE-MCTS and REIG-
MCTS use MCTS but differ in whether node val-
ues are backed up with belief surprise or REIG.
SURPRISE-POOL and REIG-POOL use a global
candidate pool but differ in the same feedback sig-
nal. We also include SURPRISE+POSTHOC, which
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searches with surprise but applies a RelG-style fi-
nal filter, DATAONLY-BH, which uses data-side
scoring with BH-FDR or held-out control, and a
random proposal baseline. All methods use the
same LLM backbone, metadata prompt, candidate
parser, code executor, bootstrap/permutation har-
ness, retry policy, and final reporting template.
Each executed candidate uses 100 bootstrap and
100 permutation replicates; we fix 5 = 1, UCT
c = 1.0, and the LLLM temperature at 0.7. REIG-
MCTS changes only the backed-up feedback in
the MCTS archive relative to SURPRISE-MCTS;
REIG-POOL changes only the feedback score rel-
ative to SURPRISE-POOL. The semantic gate is
excluded from the search reward and is applied af-
ter search for final candidate acceptance and Valid-
Disc evaluation. This prevents the main compar-
ison from conflating the proposed feedback with
candidate generation, analysis execution, or failure
handling. Appendix D lists the full method matrix.

Metrics. We report discovery yield, false dis-
coveries, reward alignment, and report quality.
TrueDisc @B counts reliable or gold true findings;
ValidDisc @B additionally requires semantic nov-
elty and non-triviality. DiscoveryFDR and Null-
FalseFlags @B measure false accepted claims, Re-
ward AUROC measures how well feedback ranks
executed candidates by held-out reliability, and
FacetedScore evaluates final reports. Full metric
definitions, budgets, confidence intervals, paired
tests, cost reporting, and semantic-audit agreement
are given in Appendix B.

7 Main Results

Matched policies. Table 1 shows the REP-60
outcome at budget 10. The crossed design separates
feedback effects from search-policy effects. Un-
der MCTS, REIG-MCTS improves ValidDisc@10
from 0.57 to 1.55 and Reward AUROC from 0.44 to
0.83. Under a global pool, REIG-POOL improves
ValidDisc @10 from 0.55 to 1.48 and RewardAU-
ROC from 0.46 to 0.82. SURPRISE+POSTHOC
improves FDR relative to SURPRISE-MCTS and
leaves TrueDisc @ 10 nearly unchanged, showing
why validation-aware feedback needs to influence
the exploration trajectory itself.

Faceted report evaluation. Because REP-60
and STRESS-72 are diagnostic suites, we also run
a faceted report evaluation on 30 held-out task con-
texts. The faceted scorer is applied only after each

Validation-aware feedback improves early discovery yield
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Figure 3: True discoveries as search budget increases.
REIG-guided search finds more held-out reliable find-
ings at every budget. Post-hoc filtering tracks the
surprise-driven trajectory because it does not change
exploration.

run and is not used to tune REIG, select candi-
dates, or construct the semantic audit. Table 2
shows that the feedback-level effect persists under
this external evaluator: REIG-MCTS improves
FacetedScore from 0.214 to 0.319 over SURPRISE-
MCTS; SURPRISE+POSTHOC reduces false ac-
ceptance and trails the discovery yield of feedback-
aware search.

Budget curves. Table 12 shows the budget
curve. REIG-MCTS and REIG-POOL improve
early discoveries; SURPRISE+POSTHOC tracks
SURPRISE-MCTS because the search trajectory
is still surprise-driven. This is the key anti-filter
result: changing only final acceptance improves
precision with limited exploration-efficiency gain.

The corresponding numeric budget curve is re-
ported in Appendix D.

Null and noisy-TV stress tests. On pure null
tasks, FDR is not the most informative metric be-
cause any accepted claim is false. The decisive
quantity is the number of false flags and the frac-
tion of budget spent on distractor families. Ta-
ble 3 shows the STRESS-72 null/noisy-TV sub-
set. REIG-MCTS reduces false flags from 3.8
to 0.38 at budget 20 and sharply lowers noisy-TV
attraction. Appendix C gives examples of high-
surprise null candidates and reliable report-invalid
proxy candidates, illustrating why reliability, sur-
prise, and non-triviality are evaluated separately.

Planted effects and proxy traps. The con-
trolled planted suite distinguishes stable expected
structure, non-obvious findings, interactions, and
proxy/leakage traps. Surprise feedback has low re-
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Method TrueDisc@10 ValidDisc@10 Rel. Recall FDR Reward AUROC Cost/task
Random-Proposal 0.72 +£0.10 0.31 +0.07 0.18 048 0.50 1.0x
SURPRISE-POOL 1.124+0.14 0.55 + 0.09 027 041 0.46 1.1x
SURPRISE-MCTS 1.20 £ 0.15 0.57 £ 0.10 0.29 0.39 0.44 1.7x
SURPRISE+POSTHOC 1.19 £ 0.15 0.71 &+ 0.09 0.29 0.21 0.44 1.8x
DATAONLY-BH 1.68 £ 0.18 0.83 +0.11 0.41 0.18 0.75 1.2x
REIG-PooOL 2.34 4+ 0.21 1.48 +0.15 0.57 0.11 0.82 1.3x
REIG-MCTS 241 +£0.22 1.55 £ 0.16 0.59 0.10 0.83 1.8x

Table 1: REP-60 main results at budget 10. Reward AUROC is evaluated on candidates from adaptive search traces.

Method FacetedScore Validity Novelty Usefulness Accepted/task Cost/task
Random-Proposal 0.128 4+ 0.016 0.27 0.31 0.24 0.41 1.0x
SURPRISE-POOL 0.201 £ 0.020 0.39 0.43 0.36 0.58 l.1x
SURPRISE-MCTS 0.214 + 0.021 0.41 0.46 0.38 0.62 1.7x
SURPRISE+PoOsTHOC  0.238 £ 0.020 0.53 0.44 0.41 0.58 1.8x
DATAONLY-BH 0.251 + 0.023 0.62 0.31 0.34 0.70 1.2x
REIG-PooL 0.307 + 0.025 0.68 0.48 0.52 1.01 1.3x
REIG-MCTS 0.319 + 0.026 0.70 0.50 0.54 1.06 1.8x

Table 2: Faceted report evaluation at budget 10. The scorer is applied after the run and is not used as search

feedback.

False flags at budget 20

Figure 4: Null and noisy-TV stress tests. REIG sharply
reduces false flags on no-signal tasks and lowers at-
traction to distractor families, indicating that validation-
aware evidence prevents search from chasing raw sur-
prise.

call on obvious planted structure because expected
effects are not surprising; REIG-MCTS improves
obvious recall from 0.18 to 0.80, non-obvious re-
call from 0.36 to 0.71, interaction recall from 0.19
to 0.49, and proxy rejection from 0.42 to 0.83. The
full table is in Appendix D.

8 Analysis

Same-proposal reranking. The cleanest anti-
confound analysis fixes a candidate pool before
ranking. For each task, the LLM generates 30 can-
didates; different feedback signals then rank the
same candidates. Table 4 shows the result. KL sur-
prise ranks unreliable, interesting candidates above
stable ones. The full ReIG(h) reward improves
both true discovery and null behavior.

Method False@20 NullFDR Attract. Redis.
SURPRISE-MCTS 3.8 1.00 0.46 1.7
SURPRISE-POOL 34 1.00 0.42 1.2
DATAONLY-BH 1.5 1.00 0.21 0.3
REIG-PooL 0.42 0.62 0.10 0.1
REIG-MCTS 0.38 0.58 0.09 0.1

Table 3: Null/noisy-TV stress results. False @20 is more
informative than FDR on pure null suites. Attract. is
the budget share spent on noisy-TV distractors; Redis.
counts repeated rediscovery of false patterns.

Ranker True@10 False@10 AUC
Random 0.74 1.8 0.50
KL surprise 1.03 26 045
Raw effect 1.61 2.9 0.62
LCB 2.05 1.4 0.76
Full-RelG 2.36 06 0.83

Table 4: Same-proposal reranking. AUC is evaluated by
reranking the same fixed candidate pool.

Factor ablation. Table 5 decomposes the RelG
score. Effect size alone overfits null artifacts. LCB
adds uncertainty control; stability and permuta-
tion each reduce null false flags; the semantic gate
mainly improves accepted discovery quality, with
little additional change in raw reward AUROC.

Semantic audit robustness. The candidate-level
semantic audit uses three LLM judges blind to
method identity, reward scores, held-out labels,
and gold labels, plus two human annotators on

5602



Score AUC False@20 True@10
EffectOnly 0.61 3.0 1.72
LCBOnly 0.73 1.9 2.01
LCB+Stability 0.78 1.2 2.20
LCB+Permutation 0.79 0.9 2.18
Full-RelG 0.83 0.42 2.41
Full-RelG+Semantic 0.83 0.38 2.36

Table 5: RelG factor ablation. Each factor addresses a
different failure mode.

a 100-candidate subset. We use LLM judges as
a scalable semantic screen with known reliability
limits, following evidence that such judges can ap-
proximate human preferences but remain sensitive
to prompt design, bias, and domain shift (Zheng
etal., 2023; Gu et al., 2026; Elangovan et al., 2024;
Huang et al., 2025). Agreement is moderate but
usable: pairwise LLM x = 0.63 for novelty and
0.69 for non-triviality; majority LLM versus hu-
man x = 0.58 and 0.66, respectively. Under this
audit, REIG-MCTS accepted semantic precision
is 0.86 with LLLM majority vote and 0.82 with hu-
man audit. Together, reranking, ablations, and the
semantic audit show that the gain comes from vali-
dated search feedback. Final discovery claims still
require separate novelty and non-triviality checks.

9 Related Work

LLM-based scientific discovery and data-
analysis agents. Recent LLM-agent work stud-
ies systems that decompose research workflows
into hypothesis generation, coding, tool use, ex-
ecution, and report writing (Wang et al., 2024;
Lu et al., 2026; Schmidgall et al., 2025; Li et al.,
2024). DiscoveryBench and related data-driven
discovery work focus this agenda on generating
and validating hypotheses from structured datasets
and metadata (Majumder et al., 2024, 2025). Au-
toDiscovery extends this line by combining MCTS
with Bayesian surprise for open-ended exploration
(Coulom, 2006; Kocsis and Szepesvéri, 2006;
Agarwal et al., 2026). Other scientific agents
demonstrate tool-augmented chemistry or materials
workflows, and data-science benchmarks evaluate
whether agents can plan analyses, execute code,
and recover expert analytical decisions (Bran et al.,
2024; Ghafarollahi and Buehler, 2025; Gu et al.,
2024; Hong et al., 2025; Guo et al., 2024; Chan
et al., 2025). Our work studies a shared interface
across these systems: after an experiment has been
executed, what evidence should be written back to

guide later search?

Open-ended search signals: novelty, surprise,
and noisy-TV. Open-ended systems need inter-
nal search signals when no fixed answer key is
available. Novelty search and LLM-based ideation
work show how diversity, novelty, and human
or model judgments can expand a search space
(Lehman and Stanley, 2011; Si et al., 2025; Zhou
et al., 2024; Tong et al., 2024; Lin et al., 2025).
Bayesian surprise and curiosity-driven learning
provide formal intrinsic rewards based on belief
change, novelty, or prediction error (Itti and Baldi,
2005; Schmidhuber, 1991; Pathak et al., 2017,
Burda et al., 2018; Linke et al., 2020; Mazzaglia
et al., 2022). These signals are useful for explo-
ration. The noisy-TV problem shows that raw un-
predictability can be rewarding even when it is not
learnable. Our formalization places this lesson in
LLM-based discovery by distinguishing belief shift
from information about a stable data mechanism.

Validation-aware evaluation for adaptive dis-
covery. Bayesian experimental design and active
learning select measurements by expected value
of information (Chaloner and Verdinelli, 1995;
MacKay, 1992). REIG follows the same princi-
ple at the level of LLM-based hypothesis search:
completed experiments should receive higher feed-
back when they reduce uncertainty about a stable
mechanism. The implemented score uses standard
validation ingredients—bootstrap uncertainty, per-
mutation tests, resampling stability, and held-out
evaluation—to separate stable effects from noise
(Efron and Tibshirani, 1994; Good, 2005; Mein-
shausen and Biihlmann, 2010; Dwork et al., 2015).
REIG does not introduce these tools as new statis-
tics; the contribution is to make them part of the
feedback loop during search. Because open-ended
discovery agents adaptively test many hypotheses,
final claims may still require false-discovery con-
trol and domain review (Benjamini and Hochberg,
1995; Benjamini and Yekutieli, 2001; Foster and
Stine, 2008; Javanmard and Montanari, 2018). Fi-
nally, semantic novelty and non-triviality require
human or LL.M-assisted review, so we treat LLM
judges as scalable audit tools with known relia-
bility limits (Zheng et al., 2023; Gu et al., 2026;
Elangovan et al., 2024; Huang et al., 2025).
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10 Conclusion

Surprise-based exploration gives open-ended LLM
discovery agents an intrinsic reward and remains
vulnerable to a noisy-TV mismatch: it does not
reliably distinguish validated evidence from model-
centered surprise. REIG addresses the mismatch by
writing validation-aware evidence from executed
experiments back to the search archive. Across
matched search policies, fixed candidate pools,
null/noisy-TV stress tests, and planted mechanism
controls, RelG feedback ranks held-out reliable
candidates better than KL surprise, improves early-
budget valid discoveries, and reduces attraction to
null artifacts. Controlled tasks clarify both the ben-
efit and the boundary: stable planted structure is
useful for reliability assessment, and final discovery
claims still require novelty, non-triviality, and mul-
tiplicity checks. The broader lesson is that LLMs
should guide mechanism proposal and semantic
interpretation, but stable data evidence should pro-
vide the reliability feedback for scientific search.

Limitations

The current validation score is a practical surro-
gate and is not calibrated as a mutual-information
estimator. Its factors are standard statistical in-
gredients, so the contribution depends on show-
ing that using them as agent feedback changes
search behavior under matched policies. REP-60
and STRESS-72 are diagnostic suites constructed
to isolate feedback failures, so the faceted report
evaluation is included as a broader post-run check.
Broader benchmark coverage remains necessary.
The method remains strongest when candidate hy-
potheses can be operationalized as structured ef-
fects, subgroup contrasts, interactions, or validation
likelihood gains. High-order compositional mech-
anisms require stronger proposal representations
and are treated as a boundary case for future work.
Finally, semantic novelty and non-triviality require
human or LLM review; REIG separates these axes
from reliability and still depends on domain judg-
ment.

Ethical Considerations

Autonomous discovery agents can produce plau-
sible claims that users may over-trust. This risk
is amplified when a system treats surprise or nar-
rative interest as evidence of truth. Our results
support reporting reliability, semantic novelty, and
non-triviality separately, preserving candidate-level

traces, and requiring human review before auto-
mated findings are treated as scientific conclusions.
The experiments use benchmark-style structured
data and synthetic/null transformations, with no pri-
vate user data. We use existing benchmark and soft-
ware artifacts only for research evaluation, and fol-
low the original licenses, access conditions, and re-
distribution terms of the underlying datasets, code,
and LLM/model providers.
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A RelG Candidate-Pool Loop

Table 6 gives the candidate-pool version of the
REIG loop used in our controlled and fixed-
candidate analyses. The table is included to make
the feedback interface explicit: the LLM still
proposes hypotheses and analysis plans, and the
archive update after execution stores validation-
aware evidence as the feedback for later search
steps. This is the minimal loop needed to separate

proposal quality from the reward written back to
guide later search.

B Evaluation Construction and Metrics

Table 7 summarizes how each evaluation suite
is constructed, what signal is hidden from the
agent during search, and what anti-leakage con-
trols are applied. The components serve differ-
ent roles: REP-60 tests held-out replication on
DiscoveryBench-derived tasks, STRESS-72 iso-
lates known feedback failures with exact gold la-
bels, the faceted report evaluation checks post-run
report quality, and the semantic audit sample evalu-
ates candidate-level novelty and non-triviality. The
concrete family mechanisms and candidate traces
in Appendix C instantiate the abstract construction
choices listed in Table 7.

Metric definitions. We evaluate budgets B €
{3,5,10,20}. TrueDisc@B counts unique held-
out reliable or gold true findings. ValidDisc@B
applies the same reliability criterion and addition-
ally requires semantic novelty and non-triviality
labels from the candidate-level audit protocol in
Appendix E. DiscoveryFDR is the false accepted
discovery rate. NullFalseFlags@B counts false
accepted claims in null settings. Reward AUROC
measures how well a feedback score ranks exe-
cuted candidates by held-out reliability. Faceted-
Score is the aggregate score returned by the post-
run faceted report evaluator. We report cost per
task and semantic-audit agreement where available.
Intervals are 95% bootstrap confidence intervals
over task units, and matched method comparisons
use paired permutation tests over the same tasks.

C Dataset Examples and Candidate
Traces

This appendix gives concrete examples for the con-
structed suites used in Section 6. The examples are
included to make the evaluation auditable: STRESS-
72 isolates known failure modes, and REP-60
provides DiscoveryBench-derived fixed-candidate
cases where the same mismatch appears outside
the controlled stress suite.

These examples also mark the boundary of the
evidence. REP-60 fixed-candidate traces test re-
ward alignment on a shared candidate pool un-
der a controlled, non-adaptive setting. STRESS-
72 makes failure modes explicit, so it should be
read together with the faceted report evaluator and
the semantic audit in the main experiments. The
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Algorithm

REIG feedback in a candidate-pool loop

Input
1

2
3
4

[V}

Metadata M, data D, budget B, LLM proposer, analysis executor, evidence archive A = ().
Generate candidate mechanisms from (M, A) using the LLM.
Select the highest-priority untested candidate h: using the proposal prior and archive state.
Generate and execute an analysis plan for h; on the discovery split.

After execution, compute O, bootstrap uncertainty, sign stability, permutation evidence, and

ReIG(he).

Elicit LLM prior/posterior belief only for logging and comparison with surprise reward.
Add (ht, RelG, Ski, Sgate, summary) to the archive and condition later proposals on the

archive.

Repeat until budget B is exhausted, then report candidates with reliability, novelty, non-triviality,

and validation labels.

Table 6: REIG keeps LLM-based mechanism proposal and analysis generation, and writes validation-aware evidence

back to the search archive after an experiment as reliability feedback for later search.

Component

Construction

Hidden evaluation signal

Anti-leakage control

REP-60

STRESS-72

Faceted evaluation

Semantic audit sample

DiscoveryBench-derived meta-
data/data pairs, stratified by do-
main, target type, variable mix,
and row count.

Six  DiscoveryBench-derived
stress-test families with 12
seeds each: null schema,
noisy-TV null, obvious planted
main, non-obvious planted
main, planted interaction, and
proxy/leakage planted.

Task reports evaluated with a
post-run faceted scorer.

All accepted candidates plus
stratified rejected/follow-up can-
didates.

Held-out replication label com-
puted after the run.

Exact gold mechanism and
false-discovery label.

Validity, novelty, usefulness,
and aggregate score.

Novelty, non-triviality, proxy
risk, and leakage risk.

Agent receives only meta-
data and discovery rows;
held-out rows and labels are
excluded from prompts.
Gold mechanism text is held
out; all generated schemas
use neutral variable names
before prompting.

Scorer output is used only
after the run and is not used
for feedback tuning.

Judges are blind to method
identity, reward values, held-
out labels, and gold labels.

Table 7: Construction and leakage controls for the evaluation components.

proxy/leakage rows in Table 9 are intentionally
reliability-positive and report-invalid, illustrating
why REIG uses validated evidence for search feed-
back and final claims still require novelty and non-
triviality checks.

D Additional Results

Same-candidate reranking isolates reward alignment
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Figure 5: Same-candidate reranking. When all rankers
choose from the same candidate pool, KL surprise se-
lects more false candidates. REIG improves true discov-
eries and reward alignment.

E Audit Rubric

The semantic audit is blinded to method identity,
held-out reliability, controlled gold labels, and re-
ward scores. The semantic audit sample includes
every accepted candidate and a stratified sample
of rejected or follow-up candidates balanced by
method, task suite, reward quantile, and candidate
type. For each candidate, the judge receives dataset
metadata, variable descriptions, the hypothesis text,
and the generated analysis summary. It returns:

* semantic novelty: low, medium, or high;
* non-triviality: pass, fail, or uncertain;

* proxy risk: low, medium, or high;

* leakage risk: low, medium, or high;

* semantic value: low, medium, or high;

* a short rationale grounded in the schema and
candidate text.
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Family Diagnostic role

Typical target

Controlled mechanism

Null schema Ordinary false-discovery con-

trol under plausible schemas.

Noisy-TV null Semantically attractive but

statistically null distractors.

Obvious
main

planted  Reliable but expected main ef-

fects.

Stable main effects that are
less obvious from variable
names alone.

Higher-order structure and in-

Non-obvious
planted main

Planted interaction

complete univariate recovery.  ment
Proxy/leakage Reliability/report-worthiness ~ Final
planted separation. score

Wellbeing score

Breakout success

Exam score

Viewer retention

Performance improve-

The target is generated independently of mixed
numeric and categorical predictors such as
sleep, commute time, reading, exercise, de-
vice type, and city region.

Narrative variables such as viral-trend expo-
sure, aesthetic identity, and novelty-signal
strength are present, but the target is indepen-
dent noise.

The target depends on obvious education
predictors: study hours, prior GPA, and at-
tendance, plus smaller distractor effects and
noise.

Retention depends on subtitle synchronization
error, pre-show chat density, and fan prior
affinity, with moderate but stable effects.

The target includes a planted training-intensity
by recovery-sleep interaction, plus a main ef-
fect from baseline fitness.

True pre-outcome predictors affect the tar-
get, then leakage-like variables such as post-
outcome summaries are generated from the
target and should not be reported as discover-
ies.

assessment

Table 8: STRESS-72 family examples. Each family has 12 seeds and 500 rows per dataset. The suite is designed to
separate held-out reliability from LLM belief surprise and from semantic report-worthiness.

Human audit protocol. The human audit was
conducted only to validate the semantic audit la-
bels used for novelty and non-triviality assessment.
Two domain experts independently labeled a 100-
candidate subset. The experts were recruited based
on expertise in machine learning, data analysis,
scientific-discovery evaluation, or LLM-based eval-
uation; no crowdworkers were used. They were
shown the same candidate-level materials as the
semantic audit judges: dataset metadata, variable
descriptions, the hypothesis text, and the generated
analysis summary. They were asked to assess se-
mantic novelty and non-triviality, and to note proxy
or leakage concerns when applicable.

The experts were informed that their labels
would be used only in aggregate to validate the
semantic audit and consented to this use. The au-
dit did not collect new human-subject data, did
not expose experts to private or identifiable user
records, did not collect sensitive personal infor-
mation from experts, and reports only aggregate
agreement statistics.

F Candidate Trace Schema
Each retained trace stores:

¢ dataset and task identifier;

* hypothesis and focal variables;

* proposal type, such as main effect, subgroup,

interaction, range condition, or compositional
mechanism;

 generated test plan and analysis summary;

* effect estimate, bootstrap uncertainty, sign sta-
bility, permutation evidence, and validation-
aware evidence score;

* LLM prior, posterior, KL surprise, and formal
belief-surprise flag;

¢ semantic audit labels;
¢ held-out or controlled evaluation label.

The final field is computed only after the run and is
not available to the agent during search.

G Baseline Implementation Details

Shared components. All methods use the same
metadata serializer, LLM candidate-generation
prompt, code-generation prompt, execution sand-
box, result parser, and final report template. The
candidate generator is asked for mechanism-level
hypotheses, and every method receives the same
maximum number of generated candidates per ex-
pansion step. Generated code is executed on the
discovery split only. The held-out split, faceted
score, controlled gold label, and semantic audit
labels are computed after the budget is exhausted.
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Case

Dataset and candidate

Hypothesis

Reliable, expected

Reliable, low-surprise

Surprising null arti-
fact

Obvious-main seed 10;
study hours — exam score

Non-obvious-main seed 8;
fan affinity — viewer reten-
tion

Null-schema seed 7; city re-
gion — wellbeing score

Study hours are associ-
ated with exam score.

Fan prior affinity is as-
sociated with viewer re-
tention.

City region is asso-
ciated with wellbeing
score.

Post-outcome
mary score

Report-invalid  reli-

able proxy

Proxy/leakage seed 9; post-
outcome summary — final
score

sociated with final
assessment score.

Full-RelG [/ LLM belief Interpretation
held-out
0.618 / reliable; 095 —  0.80; Stable evidence with
held-out effect |A]=0.15 low semantic novelty.
0.679 It is a reliability an-
chor with limited nov-
elty.
0.536 / reliable; 0.85 —  0.85; A domain-specific sta-
held-out effect |A|=0.00 ble effect can receive
0.530 little belief-shift re-
ward.
0.044 / not reli- 0.75 — 0.20; High belief change
able; held-outef-  |A| = 0.55 reflects a changed
fect 0.069 LLM  expectation
with weak held-out
evidence.
sum- 0.957 / reliable; 0.15 —  0.70; The effect is reliable
as- held-out effect |A|=0.55 and surprising with

0.984 leakage-like  struc-
ture;  non-triviality
and proxy checks
must reject it as a

reportable discovery.

Table 9: Representative STRESS-72 candidate traces. Full-RelG is computed on the discovery split; held-out
reliability is computed only after the run. LLM beliefs are prior-to-posterior probabilities elicited without showing

held-out labels.

REP-60 task Candidate hypothesis Full-RelG / held- LLM surprise Reading
out effect
Ancient history Centralized religious structure is as-  0.970 / 1.000 0.150; not surpris- ~ Strong held-out rela-
sociated with type of government. ing tionship with low be-
lief shift.
Ancient civilizations External conflict presence is associ- 0.821/0.859 0.500; surprising ~ Positive control
ated with years of political stability. where surprise and
reliability align.
Jazz music Artist fame level is associated with  0.000 / 0.000 0.850; surprising ~ High belief shift with-
festival participation count. out data-side reliabil-
1ty.

Table 10: REP-60 fixed-candidate examples. These cases come from the same-proposal probe, where every ranker
sees the same predictor-to-target candidate pool; they illustrate that the surprise/reliability mismatch is not limited

to STRESS-72.

Method Policy Feedback Purpose
SURPRISE-MCTS MCTS KL surprise  baseline
REIG-MCTS MCTS REIG feedback effect
SURPRISE-POOL pool KL surprise  policy control
REIG-PooL pool REIG fast variant
SURPRISE+POSTHOC MCTS KL surprise  post-hoc filter test
DATAONLY-BH pool data + FDR  statistics baseline

Table 11: Method matrix. The main comparison is
feedback-matched within policy: REIG-MCTS vs
SURPRISE-MCTS and REIG-POOL vs SURPRISE-
PooL.

Surprise-MCTS. SURPRISE-MCTS follows the
AutoDiscovery-style search interface: each node
stores a hypothesis, analysis result, LLM prior
belief, LLM posterior belief, KL surprise, visit
count, and backed-up value. Selection uses the
same UCT constant across SURPRISE-MCTS and
REIG-MCTS. Expansion calls the shared LLM
proposer. The rollout step executes the generated

Method @3 @5 @10 @20
SURPRISE-MCTS 042 0.68 1.20 1.95
SURPRISE+POsTHOC 041 067 1.19 194
REIG-PooL 078 120 234 348
REIG-MCTS 081 126 241 3.62

Table 12: TrueDisc @B budget curves. RelG feedback
changes which candidates are explored before budget is
exhausted.

analysis code. Backup differs only in the scalar
reward: SURPRISE-MCTS backs up KL surprise;
REIG-MCTS backs up REIG.

Pool policies. SURPRISE-POOL and REIG-
POOL remove tree structure but keep the same pro-
posal and execution machinery. The pool policy
selects from a global list of untested candidates.
Untested candidates are initially ordered by the
LLM proposal order; after execution, their sum-
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Method Obvious  Non-obv. Interact. Proxy rej.
SURPRISE-MCTS 0.18 0.36 0.19 0.42
SURPRISE+POSTHOC 0.19 0.35 0.18 0.71
DATAONLY-BH 0.64 0.55 0.28 0.58
REIG-PooL 0.78 0.69 0.45 0.81
REIG-MCTS 0.80 0.71 0.49 0.83

Table 13: Controlled planted results: recall on obvious
truths, non-obvious truths, interactions, and proxy rejec-
tion.

maries and rewards are written to the archive and
included in subsequent proposal prompts. This
isolates the reward signal from tree-expansion de-
cisions.

Post-hoc and statistics baselines. SUR-
PRISE+POSTHOC searches with SURPRISE-
MCTS and applies the same final reliability filter
used by REIG only after the run. It tests whether
improvements come merely from filtering final
reports. DATAONLY-BH ranks candidates by
data-side statistics with BH-FDR control and
does not use LLM belief surprise for search
feedback. It tests whether a purely statistical
pipeline is sufficient without semantic novelty or
non-triviality review.

H Belief Elicitation and Prompt Controls

For surprise-based methods, the LLM first receives
dataset metadata, variable descriptions, and the
natural-language hypothesis; the experimental re-
sult is withheld. It returns a probability that the
hypothesis will be supported. After execution, the
same LLM receives the result summary, estimated
effect, uncertainty, and test output, and returns a
posterior probability. We use four independent
samples for both prior and posterior beliefs, parse
numeric probabilities into [0.01, 0.99], and average
them before computing Equation 4. Malformed
probability outputs are retried once with a con-
strained JSON prompt. If parsing still fails, the
candidate is marked as a belief-elicitation failure
and is included in cost but excluded from reward-
AUROC calculations. The same candidate text and
result summary are used for surprise logging in
REIG methods, so belief measurements are com-
parable across methods.

I Failure Handling and Multiple Testing

Tool and API failures are handled identically across
methods. Transient API failures are retried up
to five times with exponential backoff. Code-
generation failures are repaired with at most two

LLM repair attempts using the traceback and the
original analysis plan. If execution still fails, the
candidate is counted against cost and recorded as
an execution failure with no method-specific extra
replacement candidate. This prevents one method
from gaining additional search budget through re-
tries.

For final reporting, all methods use the same
acceptance interface. When a candidate yields a
valid p-value family within a task, we apply BH-
FDR at ¢ = 0.10 over the accepted candidate set.
Held-out replication is then computed on REP-60,
and controlled truth labels are used on STRESS-72.
On pure null tasks, every accepted claim is false
by construction; therefore we report both NullFDR
and False @B. False @B is the primary null metric
because it distinguishes conservative methods that
make no claims from methods that make many
false claims, even when both have FDR equal to
one.

J REP-60 Construction

REP-60 is constructed from DiscoveryBench-
derived metadata/data pairs to evaluate whether an
experiment feedback reward ranks candidates that
replicate beyond the rows used during discovery.
Task units are selected before running any method
and stratified by domain, target type, row count,
and variable-type mixture. For each task unit, we
create a discovery split and a held-out split using a
deterministic seed. The agent receives the dataset
description, variable metadata, and discovery split
during search. Hidden answer fields and post-run
evaluation labels are not included in prompts.
After the run, an evaluator maps each candidate
summary to a focal non-target variable or variable
set. The held-out evaluator then reruns the corre-
sponding relationship test on held-out rows using
the same candidate type where possible. This pro-
duces a reliability label that is independent of LLM
belief surprise and independent of the semantic au-
dit. The resulting trace therefore separates three
roles: agent-side search decisions, held-out relia-
bility evaluation, and semantic value assessment.

K STRESS-72 Construction

STRESS-72 contains 72 task identifiers organized
into six families, each with 12 random seeds: null
schema, noisy-TV null, obvious planted main, non-
obvious planted main, planted interaction, and
proxy/leakage planted. Null-schema tasks con-
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tain no relationship between the proposed variable
family and the target. Noisy-TV-null tasks con-
tain semantically attractive distractors, while the
target remains independently generated. Obvious
and non-obvious planted-main tasks contain stable
main effects that differ in how readily they can be
anticipated from the metadata. Planted-interaction
tasks contain higher-order structure beyond the cor-
responding main effects. Proxy/leakage-planted
tasks contain stable but scientifically invalid post-
outcome or proxy relationships that should not be
reported as discoveries. All gold labels are stored
outside the prompt context and are used only by
the post-run evaluator.

L Faceted Report Evaluation

The faceted report evaluation uses the same agent
traces as the diagnostic suites but evaluates final
reports with a post-run faceted scorer. The scorer
receives the final candidate report and task context
after the run. It does not receive reward values,
held-out labels, or method identity. We report the
aggregate FacetedScore and its validity, novelty,
and usefulness components. This evaluation is in-
cluded to ensure that improvements are not lim-
ited to REP-60 held-out labels or STRESS-72 gold
mechanisms.

M Evidence Estimation Details

The evidence estimator operates on typed variables
and candidate templates produced by the LLM. All
numeric variables are standardized on the discov-
ery split before effect estimation. For continuous-
continuous candidates, éh is the Pearson correla-
tion or standardized regression coefficient used by
the generated analysis. For categorical-continuous
candidates, it is the standardized mean contrast
between the selected group and complement, or
the maximum pairwise standardized contrast for
multi-level factors. For binary outcomes, it is the
standardized log-odds or risk-difference estimate
returned by the analysis harness. For categorical-
categorical candidates, it is a normalized associa-
tion statistic derived from the contingency analysis.

Subgroup candidates first define the subgroup
predicate proposed by the LLM and then estimate
the target relationship inside that subgroup and
its complement. Interaction candidates estimate
the additional contrast explained by the interaction
term beyond the corresponding main effects when
the generated analysis exposes that model. Com-

positional candidates are represented as structured
predicates over multiple variables and are evaluated
by the same resampling and permutation interface.
Our current pool search does not generate enough
such candidates to solve the PLANTED-FASHION
boundary case.

Bootstrap uncertainty is computed by resam-
pling discovery rows with replacement and rerun-
ning the same estimator. Sign stability is the frac-
tion of bootstrap estimates whose sign matches the
original estimate. The permutation test shuffles
the target or outcome column within the discovery
split, preserves the candidate variables, and reruns
the estimator to obtain pperm (7). These operations
define the reward written back after candidate exe-
cution; held-out labels are computed only after the
candidate budget is exhausted.

N Reproducibility Statement

The evaluation uses fixed prompts within each con-
dition, DeepSeek-V3.2 as the primary LLM back-
bone, four belief samples per candidate, and the
same analysis execution harness across methods.
REP-60 uses 60 DiscoveryBench-derived task units
with discovery/held-out splits and budgets of 3, 5,
10, and 20 candidate experiments per task. STRESS-
72 uses DiscoveryBench-derived null, planted,
noisy-TV, proxy, and interaction datasets with
known gold labels. We retain prompts, candidate
traces, generated analysis summaries, reliability
statistics, belief-surprise values, semantic-audit la-
bels, held-out labels, faceted scorer outputs, run
configurations, retry logs, and scoring scripts.
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