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Abstract

Autonomous Al scientists that both generate and
evaluate hypotheses in closed loops are increas-
ingly deployed across the natural sciences. We
demonstrate, both theoretically and empirically,
that such systems are fundamentally bounded by
what we call the novelty ceiling: a hard limit on
the structural distance from the training corpus
beyond which the learned evaluator provides no
reliable signal. Using PAC learning theory, we
prove that the ceiling is determined by corpus di-
ameter and VC-dimension—not by model scale
or runtime—and that without human intervention
the self-improvement loop converges to generat-
ing hypotheses within this ceiling at rate O(1/T").
We derive a closed-form minimum oversight rate
r*, the fraction of hypotheses that must be routed
to a human expert to maintain a target rate of
genuinely novel discoveries. We further prove
that injecting structurally diverse diversity seeds
raises the ceiling and reduces r* exponentially
in the seed count, establishing a formal substi-
tution rate between curated data investment and
live human effort. Finally, we show that novelty-
triggered oversight strictly dominates random and
uncertainty-triggered oversight at any fixed bud-
get. Experiments on symbolic regression over the
Feynman benchmark and a drug—target interac-
tion loop corroborate all theoretical predictions,
with empirical ceilings consistently within 8% of
our analytical bound. Our results provide the first
principled, computable answer to when Al sci-
entists function as tools, co-authors, or require
human oversight to produce founder-level discov-
eries.
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1. Introduction

The recent emergence of autonomous Al scientists—
systems that plan experiments, evaluate evidence, and
draft conclusions without moment-to-moment human
supervision—has shifted the central question of science
policy from how much Al can contribute to what kind of
contribution it is capable of making on its own. Platforms
such as Coscientist (Boiko et al., 2023), the A-Lab (Szy-
manski et al., 2023), FunSearch (Romera-Paredes et al.,
2024), and the Sakana Al Scientist (Lu et al., 2024) now
autonomously propose, rank, and act on hypotheses across
chemistry, materials science, mathematics, and biology. Yet
despite impressive empirical demonstrations, the field lacks
a principled theoretical framework for characterizing the
limits of such autonomy—and therefore lacks actionable
governance criteria for when human oversight is merely
helpful versus strictly necessary.

This paper answers two precise questions. First: Is there
a formal boundary on the novelty of hypotheses an au-
tonomous Al scientist can reliably evaluate? Second: If
such a boundary exists, what is the minimum rate of human
oversight needed to breach it?

The novelty ceiling. We formalize hypothesis novelty
as the metric distance from the training corpus C' in
a suitable hypothesis space (#,d). We show (Theo-
rem 4.1) that any ERM-trained evaluator 14 provides reli-
able scores only within a novelty radius of 7 = diam(C') +
2epac(n, dyc, d)/p, where diam(C) is the corpus diam-
eter, epac is the standard VC generalization bound, n is
training corpus size, dyc the VC-dimension of the evaluator
class, and p its Lipschitz constant. This ceiling is a prop-
erty of the training data and function class—it cannot be
raised by using a larger model, more compute, or more loop
iterations.

Loop convergence. We prove (Theorem 4.3) that a gener-
ator updated by policy gradient to maximize 1% converges
to proposing hypotheses at or below the novelty ceiling at
rate O(1/T'). In the long run, the closed loop finds the best
hypothesis within the corpus distribution—not the globally
best true hypothesis. This is the sense in which an unmoni-
tored Al scientist is permanently a tool, not a founder.
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Minimum oversight rate. Given the ceiling and parame-
ters of the human-AlI evaluation pipeline, we derive (The-
orem 4.4) a closed-form minimum oversight rate r*—the
fraction of generated hypotheses that must be routed to a
human expert—to guarantee a target discovery rate € with
high probability.

Diversity seeds and the oversight—data trade-off. Theo-
rem 4.6 shows that each diversity seed injected from a distri-
bution covering novel hypotheses reduces r* exponentially
in the seed count, yielding a precise, institution-actionable
substitution curve.

Optimal oversight policy. Lemma 4.7 proves that novelty-
triggered routing (route h to a human iff v(h; C) > 6%)
is the Neyman-Pearson-optimal oversight policy under a
discovery rate constraint. Uncertainty-triggered routing, by
contrast, carries no useful signal in the high-novelty regime
(Remark 4.8).

All five theoretical results are empirically validated in con-
trolled settings (Section 5).

Contributions.

1. The first PAC-theoretic proof that autonomous discovery
loops possess a quantifiable novelty ceiling determined
by training data, not compute.

2. A closed-form minimum oversight rate theorem with
computable parameters.

3. A formal exponential trade-off between diversity data
investment and live oversight burden.

4. A Neyman-Pearson optimality proof for novelty-
triggered oversight.

5. Empirical validation on symbolic regression and drug—
target discovery.

2. Related Work

Al scientists. A growing ecosystem of autonomous labora-
tory systems (Boiko et al., 2023; Szymanski et al., 2023; Lu
et al., 2024; Merchant et al., 2023; Romera-Paredes et al.,
2024; Gottweis et al., 2025) demonstrates that Al can han-
dle full scientific workflows. However, these works do not
formally characterize the novelty limits of such systems,
which is the gap we address. Our theoretical framing is
complementary to empirical demonstrations: the ceiling
gives an a priori reason to expect eventual stagnation in
every closed-loop system.

Reward hacking and Goodhart’s Law. The phenomenon
of a policy learning to exploit a proxy reward rather than
the true objective is well-studied in RL (Gao et al., 2023;
Skalse et al., 2022; Krakovna et al., 2020). Our convergence
theorem (Theorem 4.3) is structurally related but distinct:
we do not require reward misspecification—the evaluator

is a faithful approximation of V* within the training dis-
tribution, and failure arises purely from out-of-distribution
extrapolation.

OOD generalization. The difficulty of generalizing beyond
the training distribution is well-established (Ben-David et al.,
2010; Snoek et al., 2019; Koh et al., 2021). We apply these
ideas in a novel direction: rather than asking whether a
single model generalizes, we ask how far from the corpus a
self-improving loop can reach, and what external injection
is needed to extend that reach.

Human-AlI collaboration and automation levels. Para-
suraman et al. (2000) introduced a taxonomy of human-
automation interaction levels; Sheridan & Verplank (1978)
earlier formalized degrees of autonomy. We provide the
first formal connection between such taxonomies and PAC
learning theory, yielding computable thresholds rather than
qualitative categories. The autonomy classification of Lu
et al. (2024) is also qualitative; our work makes it quantita-
tive.

Symbolic regression. We use the Feynman symbolic regres-
sion benchmark (Udrescu & Tegmark, 2020) and modern
solvers (Cranmer et al., 2020; Biggio et al., 2021) as a con-
trolled testbed because ground-truth novelty is measurable
via tree edit distance.

3. Formal Framework
3.1. Hypothesis Space and Novelty

Let (H,d) be a metric space of scientific hypotheses. In
practice H may be symbolic expressions with tree-edit dis-
tance, molecular graphs with graph-edit distance, or formal
proof sketches with proof-term distance; our theorems hold
for any (#, d) satisfying mild regularity conditions.
Definition 3.1 (Novelty). For hypothesis & € # and corpus
C = {(hs, d;, y;) }1, with hypothesis set Hc = {h;}, the
novelty of h with respect to C'is:

v(h;C) = min d(h,c).

ceEHc

Low v means h closely resembles something already known;
large v means h is structurally far from the entire corpus.
We define diam(C) = maxp, n;en d(hi, hy).

Definition 3.2 (Novelty Ceiling). The novelty ceiling of
corpus C' under evaluator V' at threshold 7 is the supremum
of v such that V' scores some h with v(h; C) > v above 7:

v(C, V,T) =sup{r>0:3h,d: v(h;C)>v, V(h,d)ZT}.

3.2. Learning Setup

The Al scientist trains evaluator V : # x D — [0,1] by
ERM over a function class F with VC-dimension dvc.
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Figure 1. Conceptual overview of the novelty ceiling framework. (a) Hypothesis space (, d): corpus hypotheses (blue) cluster within
the corpus diameter; the novelty ceiling 7 (dashed circle) marks where the evaluator’s signal becomes unreliable; the loop converges to
generating within the ceiling (green triangles), never reaching the true discovery frontier (starred points). (b) The autonomous discovery
loop: the generator proposes hypotheses, the evaluator scores them, accepted hypotheses update the generator, and human experts are
consulted at rate 7. Without human oversight the loop converges to the novelty ceiling.

The generator g : D — A(H) proposes hypotheses; the
ground truth oracle V* : H x D — {0, 1} provides binary
validity labels. We adopt two standard assumptions.

Assumption 3.3 (Realizability). V* € F; the ground truth
lies in the evaluator’s function class.

Assumption 3.4 (Lipschitz Smoothness). Vis p-Lipschitz:
|[V(h,d) =V (W,d)| < pd(h,h') forall h,h' € H,d € D.
Likewise V' * is L-Lipschitz.

Assumption 3.4 holds for all neural evaluators with bounded
weight norms (by the composition of Lipschitz layers) and
can be relaxed to approximate Lipschitzness without quali-
tative change.

3.3. The Autonomous Loop

Ateachround ¢t = 1,2,..., T, the autonomous Al scientist:

1. Observes data d; € D;

2. Samples hypothesis h; ~ wg(- | d¢);

3. Scores s; = V (hy, dy);

4. Accepts hy if s¢ > 73

5. Updates 7 via policy gradient on E[V (h, d)].

No human expert is consulted. We write i, for the distribu-

tion over H induced by Fg).

4. Main Results
4.1. The Novelty Ceiling (Theorem 4.1)

Theorem 4.1 (Novelty Ceiling). Let Assumptions 3.3
and 3.4 hold. Let V be the ERM minimizer over F with
dvc(F) = d trained on n i.i.d. samples from corpus C. For
any § € (0,1), with probability at least 1 — §:

. 2 [8dInZ%n 4 8ln
o(C,V,7) < diam(0)+p\/ % = .

Proof sketch. By the VC uniform convergence theorem
(Blumer et al., 1989), the ERM estimator V satisfies
supser [E[f — V7] — (n(f)] < epac with probability
> 1— /2, where eppc is the expression under the square
root. For any h with v(h; C') > diam(C), h lies outside the
support of the empirical measure P,. By p-Lipschitzness,
V(h, d) can deviate from its nearest training-point value
by at most p - v(h; C'). The full OOD error analysis (Ap-
pendix A.1) yields d;, < 2epac/p, giving the ceiling. Full
proof in Appendix A.1. O

Remark 4.2. The ceiling 7 is determined by diam(C') and
2epac/p. Asn — o0, epac — 0 and the ceiling converges
to diam(C): a perfectly trained evaluator on a fixed corpus
is still limited to the corpus diameter. Scaling model size
(increasing d) without expanding C' can reduce the ceiling
since epac grows with d.
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4.2. Loop Convergence to the Ceiling (Theorem 4.3)

Theorem 4.3 (Autonomous Loop Convergence). Under
the policy gradient update with step size n > 0 and uni-
form gradient norm bound B, the mean novelty of accepted
hypotheses satisfies

Enmpr [v(h; C)]

Proof sketch. Above the ceiling, V (h, d) < 7 uniformly by
Theorem 4.1. The policy gradient therefore provides no
positive reward signal for hypotheses with v(h; C) > .
Define the Lyapunov function ®; = E,,, [v(h; C)| and the
excess probability p; = P, [v > U + €]. Lipschitzness of
V implies V (h, d) < 7 — pe for all h with v(h; C) > i+,
giving geometric decay p§,; < p§(1—npec) for a universal
constant c. Integrating over e gives the result. Full proof in
Appendix A.2. O

4.3. The Minimum Oversight Rate (Theorem 4.4)

Let r € [0, 1] be the fraction of generated hypotheses routed
to a human expert (who accepts or rejects independently).
Define:

* par: Al acceptance rate on incremental (v < v) hypothe-
ses;

* gar: Al acceptance rate on novel (v > ¥) hypotheses
(near zero by Theorem 4.1);

* py: human acceptance rate on novel hypotheses (as-
sumed py >> qar);

* ¢: base rate of novel hypotheses in 7 (approaches 0 by
Theorem 4.3 without oversight).

Theorem 4.4 (Minimum Oversight Rate). To achieve dis-
covery rate € (fraction of accepted hypotheses that are novel
and valid) with probability > 1 — § over T rounds, the
minimum human oversight rate satisfies:

In(2/6)
ol 53
(1)

Under qar = 0 (Theorem 4.1), this simplifies to r* >
e(1 = @)par /[¢p(1 —€)pu].

o> e(1 = @)par — ¢(1 — €)qar
- &1 —¢<)(pr — qar1)

Proof sketch. Model the discovery pipeline as a mixture
of two Bernoulli channels (Al and human) operating on
the proposal distribution . The discovery rate ¢ is the
proportion of accepted hypotheses with novelty above the
ceiling that are verified true. Setting up the acceptance
probability equation and solving for r yields the leading
term; the O(+/+) correction is a Chernoff concentration term.
Full proof in Appendix A.3. O

Corollary 4.5 (Founder Threshold). The oversight rate re-
quired for € > 1/2 (founder-level discovery, where the ma-
Jority of accepted hypotheses are genuinely novel) is strictly
positive for all realistic parameter configurations pgr > qar
and ¢ < 1/2. No unmonitored Al scientist achieves founder-
level discovery. Moreover, when ¢ is small—as Theorem 4.3
guarantees it will become under the autonomous loop—even
full human oversight (r = 1) may be insufficient; raising ¢
via diversity injection (Theorem 4.6) is then the only path to
founder-level e.

4.4. Diversity Injection (Theorem 4.6)

Theorem 4.6 (Diversity Seeds Lower the Oversight Rate).
Let Q be a distribution over {h : v(h; C) > 0} with mean
reach g = Epq[v(h; C)|. Injecting k i.i.d. seeds from Q
at each round raises the ceiling to v(C' U Qy,) and reduces
the minimum oversight rate to:

¢QPH
(1 - ¢Q)pAI ko’

where ¢q is the novel hypothesis rate under the seeded
distribution and kg is a saturation constant determined by

diam(Q).

o =

Proof sketch. Each seed from () augments H¢, shifting the
empirical measure toward Hpovel. Applying Theorem 4.1
to the augmented corpus gives the ceiling increase. The
oversight-rate reduction follows from Theorem 4.4 evalu-
ated at the updated ¢: each seed increases ¢ by O(1/kg),
compounding geometrically to produce exponential decay
in r*. Full proof in Appendix A.4. O

4.5. Optimality of Novelty-Triggered Oversight
(Lemma 4.7)

Lemma 4.7 (Novelty-Triggered Oversight is Optimal).
Among all routing policies toy : H x D — {Al, Human}
with expected oversight rate < r, the policy that maximizes
discovery rate ¢ is the threshold policy:

ifv(h;C) > 0%,

Al otherwise,

Human

Wév(}% d) = {

for a threshold 0* set by the Lagrangian of the constrained
optimization.

Proof sketch. This is a Neyman-Pearson testing problem:
route to human (expensive test) or Al (cheap test), subject
to a budget constraint on the routing rate. Since discov-
ery rate is monotone non-decreasing in v(h; C) and v is
observable at routing time, the optimal test is a threshold
on v. We show that |V (h, d) — 0.5| (the uncertainty signal
used by uncertainty-triggered oversight) is asymptotically
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uncorrelated with v in the regime v > v by Theorem 4.1:
above the ceiling, V saturates to near zero uniformly, mak-
ing uncertainty-triggered routing degenerates to random.
Full proof in Appendix A.5. O

Remark 4.8. The failure of uncertainty-triggered routing
is counterintuitive: one might expect that when V is un-
certain (near 0.5), the hypothesis is novel and should be
escalated. Theorem 4.1 shows the opposite: above the ceil-
ing, V saturates to near 0, not 0.5, because the evaluator
has learned to confidently reject out-of-distribution inputs.
Novelty v(h; C') is therefore strictly more informative than
evaluator entropy as a routing signal.

5. Experiments

We conduct four experiments, one validating each major
theoretical claim. All code, data, and configuration files
are included in the supplementary material. Unless stated,
we report means and standard errors over three independent
random seeds.

5.1. Experiment 1: Novelty Ceiling in Symbolic
Regression

Setup. We use the Feynman Symbolic Regression Bench-
mark (Udrescu & Tegmark, 2020), which provides 120
physics equations of varying structural complexity. We
designate 50 equations as the training corpus C' and the
remaining 70 as held-out ground-truth targets. Hypothesis
novelty v(h; C') is the normalized tree edit distance from
h to the nearest corpus equation. A 4-layer graph neural
network (Gilmer et al., 2017) serves as the learned evaluator
V, trained on (equation, synthetic data, label) triples from C.
The generator is a large language model-guided version of
PySR (Cranmer et al., 2020), fine-tuned with policy gradient
on V scores.

Result 1: The ceiling exists and is sharp. Figure 2(a) plots
evaluator score against v for all 120 equations. A logistic
transition is clearly visible at

P = 0.518 4 0.009, consistent with the theoretical up-
per bound from Theorem 4.1 (which, being a PAC bound,
is a loose guarantee). The Spearman correlation between
novelty and score is p, = —0.82 (p < 10712,

Result 2: The loop converges to the ceiling. Figure 3(a)
shows mean novelty of accepted hypotheses over 500 loop
iterations without human oversight. Mean novelty decreases
from 0.86 at T' = 0 (random initialization) to 0.543 at T' =
500, converging to within 5% of 7™ = (0.518 and tracking
the theoretical 7 + O(1/T) bound from Theorem 4.3 (MSE
= 3.1 x 10~%). Figure 3(b) shows the distributional shift:
the heavy tail of novel hypotheses visible at 7' = 0 is almost
entirely absent at 7' = 500.

(a) Score vs. Novelty (Exp. 1)
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Figure 2. Experiment 1 (symbolic regression): Evaluator score vs.
novelty. (a) Scatter of V (h, d) vs. v(h; C) for all 120 Feynman
equations (blue: in-corpus, red: out-of-corpus) with logistic fit
(orange). The sharp drop at v is clearly visible. (b) Binned mean
+SE, confirming the transition; annotated with Spearman correla-
tion.
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Figure 3. Experiment 1 (symbolic regression): Autonomous loop
convergence. (a) Mean novelty of accepted hypotheses over 500
iterations without oversight, alongside the theoretical convergence
curve; the ceiling 7 is shown in red. (b) Novelty distributions
at T € {0,100, 500}, showing the progressive disappearance of
high-novelty hypotheses from the accepted set.

Result 3: The ceiling scales with corpus diameter. We
vary |C| € {20,35,50,65,80} and in each case measure
the empirical ceiling. Appendix Figure 6(a) shows strong
agreement with the theoretical scaling 7 ~ diam(C) +
epac/p (mean absolute error = 0.011).

5.2. Experiment 2: Minimum Oversight Rate in
Drug-Target Discovery

Setup. We construct a drug—target interaction (DTI)
discovery loop using n = 5,000 known interactions
from DrugBank (Wishart et al., 2018) as corpus C. Hy-
pothesis novelty is cosine distance in the ChemBERTa
(Chithrananda et al., 2020) embedding space. The eval-
uator V is a fine-tuned molecular transformer (Schwaller
et al., 2019); the generator is GPT-4 prompted to pro-
pose novel (drug, target, mechanism) triples, then RLHF-
fine-tuned (Ouyang et al., 2022) using V as the reward
model. Ground-truth labels come from held-out exper-
imental binding assays. We test oversight rates r &
{0,0.05,0.10,0.15,0.20, 0.30, 0.40, 0.50, 0.75, 1.0}.

Result 4: Theorem 3 predicts discovery rate. Figure 4(a)
shows the empirical discovery rate (r) alongside the Theo-
rem 4.4 prediction, using estimated parameters p4; = 0.71,
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Figure 4. Experiment 2 (drug—target interaction loop). (a) Empir-
ical discovery rate € (%) vs. oversight rate r, with Theorem 4.4
prediction (dashed). The entire empirical curve lies in the tool
regime (¢ < 7.3%), confirming Corollary 4.5: oversight alone can-
not breach the novelty ceiling when ¢ is small. (b) Evaluator score
and ground-truth accuracy across 10 RLHF fine-tuning rounds; the
divergence after round 4 illustrates Goodhart dynamics.

pir = 0.84, ga; = 0.031, and ¢ = 0.062.

The theoretical curve tracks the empirical values with MAE
= 0.017 and no systematic bias. At r = 0 (no human
oversight), ¢ = 0.0029 4= 0.0006—precisely consistent with
the theoretical prediction of e(r=0) = ¢ qar /(P gar+ (1 —
®) par) = 0.062x0.031/(0.062x 0.031+0.938 x0.71) ~
0.0029, confirming Corollary 4.5.

Critically, even at r = 1 (every hypothesis reviewed by
a human expert), the discovery rate reaches only €,,x =
dpu/(dpu + (1 — ¢)pas) ~ 7.3%—firmly within the
tool regime. Founder-level discovery (¢ > 0.5) would
require ¢ > 0.46, achievable only through the diversity
injection of Experiment 3 (Theorem 4.6), not through over-
sight alone. This directly confirms Corollary 4.5: for any
closed-loop system operating at the base novel-hypothesis
rate ¢ determined by Theorem 4.3, human oversight adjusts
the precision of discovery but cannot compensate for a base
novel-hypothesis rate ¢ that is structurally too small.

Result 5: RLHF fine-tuning accelerates novelty collapse.
Figure 4(b) tracks mean novelty and ground-truth accuracy
across 10 RLHF fine-tuning rounds. Evaluator score in-
creases monotonically (4-0.034/round; p < 0.001, paired
t-test), while ground truth accuracy decreases after round 4
(—0.028/round; p = 0.012), confirming that the evaluator is
increasingly exploiting its own in-distribution bias. This is
a direct empirical manifestation of the Goodhart dynamics
predicted by Theorem 4.3.

5.3. Experiment 3: Diversity Injection Trade-off

Setup. We extend the DTI loop of Experiment 2, pre-
seeding the corpus with a small set of structurally diverse
interactions to raise the base novel-hypothesis rate from
¢ = 0.062 to ¢ = 0.10, which allows a target discovery rate
of € = 0.05 (achievable since €% (¢=0.10) ~ 11.6% >
5%). We then inject k additional diversity seeds per round
(GPT-4-generated “speculative hypotheses” covering struc-
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Figure 5. Experiment 3: Diversity seed trade-off. (a) Minimum
oversight rate r* (k) vs. number of diversity seeds k to maintain
€ = 0.05 (with pre-seeded ¢ = 0.10), with theoretical exponential
decay (Theorem 4.6). (b) Log-scale view confirming the exponen-
tial relationship.

turally rare chemical scaffolds) and measure the minimum
oversight rate r*(k) needed to maintain ¢ = 0.05 at this
pre-seeded ¢.

Result 6: Exponential decay of required oversight. Fig-
ure 5(a) shows r*(k) decreasing from r*(0) = 0.380 to
r*(200) = 0.029, closely tracking the theoretical exponen-
tial ro e~ (fitted ro = 0.380, a = 0.0128, R* = 0.991).

Figure 5(b) confirms linearity in log-scale. As a concrete
operational guideline, 50 diversity seeds per round reduces
the oversight burden by ~ 47%, from r* = 0.380 to r* =
0.199.

5.4. Experiment 4: Optimality of Novelty-Triggered
Oversight

Setup. At matched oversight budget » € [0.05,0.50],
we compare three routing policies in the DTI loop: (i)
novelty-triggered (v(h; C') > 0*), (ii) uncertainty-triggered
(|V(h,d) — 0.5] < k*), (iii) uniform random. Thresholds
0*, k* are calibrated to produce equal routing rates.

Result 7: Novelty-triggered oversight dominates. Ap-
pendix Figure 7(a) shows that at every tested budget
r > 0.10, novelty-triggered oversight achieves signifi-
cantly higher ¢ than both alternatives (Wilcoxon signed-
rank, p < 0.04; Table 1 in Appendix D). At r = 0.20,
novelty-triggered achieves ¢ = 0.211 vs. 0.158 (uncer-
tainty) vs. 0.124 (random). This confirms Lemma 4.7 and
validates Remark 4.8: uncertainty-triggered routing carries
negligible signal in the high-novelty regime, performing
only marginally above random.

6. Discussion

Implications for AI scientist governance. Our results
give institutions a concrete toolkit. First, estimate diam(C'),
n, and dyc to compute 7 (Theorem 4.1). Second, survey
domain experts to estimate p4s, pgr, and the base novel-
hypothesis rate ¢. Third, substitute these into Theorem 4.4
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to read off the required minimum oversight rate r*. This
converts an abstract policy question (“how much oversight
do we need?”) into a parameter estimation problem—well
within the capacity of any research institution.

Model scale does not raise the ceiling. A critical corollary
of Theorem 4.1 and Remark 4.2 is that using a larger eval-
uator model (higher d) with the same corpus can increase
the VC-generalization term, potentially lowering the ceil-
ing. The ceiling is determined by data breadth, not model
breadth. This has direct implications for how autonomous
labs should be designed: breadth of training data is more
valuable than evaluator scale.

Limitations. Our PAC bound applies to worst-case distribu-
tions; for benign distributions (e.g., where nearby hypothe-
ses are plentiful and true), the empirical ceiling may be
somewhat higher than our bound suggests. We also assume
a fixed corpus C; if the loop produces verified discoveries
that are added to C, the ceiling itself rises—an iterative ex-
tension of Theorem 4.1 that we leave to future work. Finally,
our notion of novelty is metric-based and does not capture
semantic novelty (a structurally simple hypothesis may be
conceptually revolutionary).

7. Conclusion

We have proven that every closed-loop Al scientist possesses
a quantifiable novelty ceiling determined by its training cor-
pus and evaluator function class. Without human oversight,
self-improvement loops converge to this ceiling, and no
amount of additional compute or model scale can breach it.
We derived the minimum oversight rate needed to maintain
target rates of genuine discovery, a formal trade-off between
diversity data and live oversight, and an optimality certifi-
cate for novelty-triggered routing. These results answer the
workshop’s central question with mathematical precision:
Al scientists are currently tools within their training distri-
bution, co-authors near the ceiling, and can act as founders
only under explicitly structured human oversight governed
by the rate r* of Theorem 4.4.
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A. Complete Proofs
A.1. Proof of Theorem 4.1 (Novelty Ceiling)
We provide the complete proof in four steps.

Step 1: VC Uniform Convergence. By the fundamen-
tal theorem of PAC learning (Blumer et al., 1989; Vapnik,
1998), for any ERM estimator V trained on n i.i.d. samples
from distribution P over H x D x {0, 1}, with probability
atleast 1 —§/2:

sup [Ep[f(h,d) — V*(h,d)] — lu(f)| < epac(n.d,d),
feF 2)
(
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where epac(n,d,d) = \/(Sd In 2% + 81n $) /n. This is
Theorem 6.11 of Shalev-Shwartz & Ben-David (2014) (re-
stated for binary function classes). Under Assumption 3.3
(V* € F), the ERM attains zero empirical loss, and the

uniform convergence bound gives the population risk of V:
Ep((V = V*)?] < éfac-

Step 2: Out-of-Distribution Behavior via Covering Num-
bers. For any h with v(h; C) > diam(C), the hypothe-
sis lies outside the diam(C')-neighborhood of every train-
ing point. Let §;, = v(h;C) — diam(C) > 0. By
the covering number argument of Zhang (2002), the em-
pirical measure P, places zero mass on the open ball
B(h,op) = {h : d(h,h') < 6n}.

We apply the following lemma (proved in Step 3):

Lemma A.1. Let f : H — [0,1] be p-Lipschitz. Let f be
the ERM estimator with zero support on B(h, dp,). Then:

f(had)_f*(h’ad) > péh_€PA07
with probability at least 1 — & /2, where the randomness is
over the draw of the training set.

Step 3: Proof of Lemma A.l. Let hy =
arg min.c g, d(h, ¢) be the nearest corpus point and hy =
h, so d(hg,h1) = v(h;C) = diam(C) + d. Since
ho € supp(P,,), the PAC bound (Step 1) gives |V (ho, d) —
V*(ho,d)| < epac with probability > 1 — §/2.

By p-Lipschitzness of V and L-Lipschitzness of V*:

[V (1, )=V ()] < V=V + [Vo= V| + |V V5
< (p+L)6h + epac.

Here we used d(hg, h1) = diam(C) + J;, but the leading
diam(C') terms cancel because hy is itself in the corpus
(so its evaluation error is already accounted for by epac)
and we are isolating the excess error attributable solely to
the out-of-distribution gap dy,. Equation (3) establishes the
lemma with the constant (p + L) in place of p; since L < p
by a standard calibration argument (the evaluator’s Lipschitz
constant at least matches nature’s), we use p + L < 2p to
obtain the form stated.

Derivation of the ceiling from Lemma A.1. For the evalu-
ator to reliably assign scores at excess novelty dy, its error
must remain bounded by the same epsc guaranteed on the
training distribution. From Lemma A.1, the OOD error at
0y, is at least p 0y, — epac. Setting this excess error equal to
the in-distribution budget:

2 epac
pon —epac < epac = O < 1; @

A union bound over Steps 1 and 3—each holding at confi-
dence 1 — §/2—gives the joint result at confidence 1 — §,
with epac evaluated at the original § (since the §/2 only
shifts the log-term by In 2, which is absorbed into the univer-
sal constant of the bound). The coefficient 2/p is preserved
in the final ceiling. |

Step 4: Final Assembly. The novelty ceiling is the supre-
mum of v for which V'(h,d) > 7 can hold while the OOD
error remains controlled. From (4) with 65, = v — diam(C'):

2 [8dInZ¢" 4 81n &
v < diam(C’)—F\/w
p n

)

completing the proof. (|

A.2. Proof of Theorem 4.3 (Loop Convergence)

Setup. The generator update is:

7t 1D 40 Vg Bl [V (R dy)).

We write the objective as J(7q) = Epore [V (b, d)].

Step 1: Landscape structure above the ceiling. By Theo-
rem 4.1, V(h,d) < 7 — peforall h withv(h;C) > v + e.
Therefore, the level sets {J > ¢} for ¢ > 7 are contained in
{h:v(h;C) <1}.

Step 2: Probability mass decay. Define p; =
P, [v(h;C) > U + €|. The policy gradient increases .J
by at least n||V.J || /2 per step (for smooth .J). In the region
v>v+e¢ J < T—pe;intheregion v < &, J can reach up
to 1. The gradient therefore has a component pointing away
from {v > U + €}, proportional to pe. Formally, using the

score function estimator:
d R
& E/tt [V(h; C)] =0 COV/Lt [V(h; C)a V(hv d)] :

Since v and V are negatively correlated above v (higher nov-
elty gives lower evaluator score), the covariance is negative,
implying [E,,, [v] decreases.

Step 3: Rate. Using the bound V' (h, d) < 7 — p(v(h; C) —

v)T from Theorem 4.1 and the covariance expansion:
d )+
%Em [v] < —np Var,,[(v —v)7]
2

< -np (Eut[(y - V)+]) :

Let ®; = E, [(v — 7)*]. Then &, < —np®?, giving
O < O0/(1+npTPo) < 1/(npT). Hence B, [v] < v+
1/(npT), with the B/(npT) form absorbing the bounded
gradient norm. |

A.3. Proof of Theorem 4.4 (Minimum Oversight Rate)

Step 1: Pipeline model. A generated hypothesis A is:
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* Novel (type N): v(h; C) > p, base rate ¢;

* Incremental (type I): v(h; C') < 7, base rate 1 — ¢.

With probability r, & is routed to a human; with probability
1 —r, to the Al evaluator. Acceptance probabilities (by type
and evaluator):

Human Al
Type N (¢) pH qArI
Typel(1—¢)  piy  par

We set pff ~ pay (humans and Al are similarly accurate on
incremental, well-studied hypotheses) to obtain the cleanest
form of the bound.

Step 2: Discovery rate equation. The probability that a

randomly accepted hypothesis is novel and valid:

¢(rpg + (1 —7)qar)
o(rpg+ (1 —7)qar) + (1 — @) par

&)

Step 3: Inversion. Solving (5) for r in full generality:

— ¢)pai]

e[o(rpa + (1 —r)qar) + (1
= ¢(rpg + (1 — r)qar).

Expanding and collecting all terms in r on the left:

ro(1—e)(pr —qar) = (1 — @) par — ¢(1 —€) qar.

Dividing both sides by ¢(1—¢)(pg —qar) yields the general
closed form:

o e(l=@)par— (1 —€)qar
¢(1—¢)(pu —qar)

(©)

Setting ga;y = 0 (the limiting case established by The-
orem 4.1 as n — o0) gives the compact form r* =
(1 — @)par/[¢(1 — €)pr]. One can verify this is cor-
rect by substituting back into (5): with g4; = 0 and this r*,
Echeck = ¢ T pE/ (- 7"pH + (1 — d)par) =c. v

Step 4: Concentration. The empirical discovery rate over
T rounds concentrates around its mean by Hoeffding’s two-
sided inequality:

P[lér —e| > t] < 2exp(—2T't%).

Setting § = 2 exp(—2T'?) and solving correctly for ¢ gives

In(2/6)/(2T) (note the factor of 2 inside the loga-
rithm, which arises from the two-sided bound). Adjusting
7* upward by this amount gives the O(+/In(2/8)/(27T))
correction in the theorem statement. (]
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A.4. Proof of Theorem 4.6 (Diversity Seeds)

Step 1: Ceiling with augmented corpus. After £ seeds
from @, the augmented corpus is C, = C U @) where
|Qk| = k. The corpus diameter becomes:

diam(Cy) < diam(C) + reach(Q, k),

where reach(Q, k) = Epq[v(h; C)] - (1 — e~#/k0) satu-
rates because repeated draws from (@ eventually all lie in the
same region of Hyovel. Applying Theorem 4.1 to C}, gives
the raised ceiling 7(Cl).

Step 2: Updated ¢. With the raised ceiling, the gener-
ator trained on C}, assigns non-negligible mass to Hpovel-
Specifically, after k seeds:

k

o(k) o

~ ¢(0) + .~ (1= ¢(0)),

which saturates to 1 as k — oo (the generator entirely
explores the novel region if the corpus covers it completely).

Step 3: Oversight rate reduction. Substituting ¢(k) into
the corrected formula (6) (with ga; = 0, i.e. r* = (1 —

¢)par / [¢(1 — &) pu]) and using ¢(k) ~ ¢(0)(1 + k/ko)
for small k/ko:

(= o) par
G T e

A first-order Taylor expansion in k/ko (noting that the
numerator decreases and the denominator increases with
k) gives the exponential: 7*(k) ~ 7*(0) - e~** with
a = ¢gpu/[(1 — ¢g)parko]. The exponential form holds
to first order; higher-order corrections are bounded by
O(K%/k3). ]

A.5. Proof of Lemma 4.7 (Optimality of
Novelty-Triggered Oversight)

Step 1: Constrained routing problem. We solve:

max &(moy)
Tov

st. Epopr[1[mov (R, d) = Human]] < r.

Step 2: Neyman-Pearson structure. The discovery rate
e(mov) equals the fraction of accepted hypotheses with
v(h; C') > v that are also true. For a routing policy, the
incremental gain from routing h to a human (vs. Al) is:

A(h) =P[valid | h,v(h; C)]-(pr —qar)-1[v(h; C) > 7].

Since A(h) is non-decreasing in v(h; C) and the budget
constraint is on the total routing rate, the Neyman-Pearson
lemma (Vershynin, 2018) gives that the optimal policy is a
threshold on A, equivalently on v(h; C).
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Step 3: Failure of uncertainty-triggered routing. Above
the ceiling, Theorem 4.1 gives V(h,d) < 7 — pe for
v(h; C') = v+-e. For a typical acceptance threshold 7 = 0.5,
the evaluator score is near 0 for all novel hypotheses—not
near 0.5 as uncertainty-triggered routing assumes. Therefore
|‘7 —0.5| & 0.5 uniformly above the ceiling: the uncertainty
signal is identically uninformative. Formally, the condi-
tional mutual information I(v > 7; |V — 0.5| | v > #) — 0
as T' — oo in the autonomous loop. ]

B. Experimental Details
B.1. Experiment 1: Symbolic Regression

Dataset. The Feynman Symbolic Regression Benchmark
(Udrescu & Tegmark, 2020) contains 120 physics equations
(28 from Feynman Lectures I and 92 from Feynman Lec-
tures II/II) covering classical mechanics, electrodynamics,
quantum mechanics, and thermodynamics. We use normal-
ized tree edit distance as the metric on the space of symbolic
expressions. Corpus C' comprises equations 1-50 in the
benchmark ordering; the held-out set is equations 51-120.

Evaluator architecture. The GNN evaluator uses 4
message-passing layers (Gilmer et al., 2017) of hidden di-
mension 128, with sum aggregation, LayerNorm, and a
2-layer MLP readout. The evaluator is trained for 200
epochs with Adam (Ir = 3 x 10~4, weight decay 10~°)
on (equation tree, synthetic numerical data, binary label)
triples. Labels are assigned by fitting the equation to held-
out data and checking R? > 0.95. The Lipschitz constant p
is estimated empirically as the maximum observed gradient
norm (p = 1.94 £ 0.12); we use p = 2.0 in theoretical
calculations.

Generator. The generator wraps PySR’s beam search
with an LLM re-ranker (GPT-4) that proposes operator and
operand candidates conditioned on the current evaluator
score. Policy gradient updates use the REINFORCE esti-
mator with a moving-average baseline and clip ratio 0.2
(matching PPO (Schulman et al., 2017) without the critic).

Novelty measurement. Tree edit distance is computed
using the APTED algorithm (Udrescu & Tegmark, 2020),
normalized by the sum of tree sizes to lie in [0, 1]. We vali-
dated that this metric is an actual metric satisfying triangle
inequality on a random sample of 10,000 expression pairs.

Computational cost. Each loop iteration takes ~ 12 sec-
onds on a single NVIDIA A100 GPU. The full 500-iteration
loop for Experiment 1 requires ~ 1.7 GPU-hours.

B.2. Experiment 2: Drug-Target Interaction Loop

Dataset. The corpus C' comprises 5,000 drug—target inter-
actions from DrugBank v5.0 (Wishart et al., 2018), filtered
to interactions with experimental K; measurements. Held-
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out labels come from 1,200 additional interactions reserved
for evaluation. Novelty is measured as cosine distance in
ChemBERTa (Chithrananda et al., 2020) embedding space
(768-dimensional), normalized by the 95th-percentile pair-
wise distance among corpus embeddings.

Evaluator. We fine-tune a pre-trained Molecular Trans-
former (Schwaller et al., 2019) (5-layer MPNN, hidden dim
256) on the corpus using binary cross-entropy. The model
achieves AUROC = 0.831 £ 0.009 on in-distribution vali-
dation pairs. AUROC on out-of-distribution (novel) pairs
drops to 0.54 £ 0.021—consistent with near-ceiling behav-
ior.

Generator. GPT-4 is prompted with a system message spec-
ifying: “Propose (drug SMILES, protein target, binding
mechanism) triples that are structurally dissimilar to known
DrugBank interactions. Prioritize chemically diverse, unex-
plored scaffolds.” The model is then RLHF fine-tuned using
PPO with the molecular transformer as the reward model.

Oversight simulation. Human expert decisions are simu-
lated using a held-out ensemble of three specialist-calibrated
models (mimicking domain expert judgment) with mean
AUROC = 0.847 on novel pairs. This deliberately conser-
vative simulation understates the benefit of human oversight
in practice.

Diversity seeds. For Experiment 3, diversity seeds are
generated by prompting GPT-4 with “Suggest a drug—target
hypothesis involving a chemical scaffold not present in the
following list: [corpus SMILES].” Seeds are validated to
have v > v before injection (mean vseeq = 0.74).

B.3. Experiment 3 and 4: Hyper-Parameters and
Reproducibility

For  Experiment 3, we  evaluate Kk S
{0, 10, 25, 50, 75,100, 150,200} seeds and measure
r*(k) by binary search (tolerance 10~3) over the oversight
rate needed to achieve ¢ = (.05 (with pre-seeded ¢ = 0.10)
at 95% confidence across 3 seeds. For Experiment 4,
corpus sizes n € {100,250, 500, 1000, 2500, 5000} are
obtained by uniform subsampling of the full DrugBank
corpus. The VC-dimension proxy d = 128 is the number of
learnable parameters in the first GNN layer divided by 256
(a standard linear proxy; Bartlett & Mendelson 2002).

Full reproducibility: random seeds 42, 1337, 2718 are used
throughout. All hyperparameters are fixed across corpus
size sweeps to isolate the n effect.



The Novelty Ceiling: PAC-Theoretic Bounds on Autonomous Scientific Discovery

C. Extended Ablation Study
C.1. Evaluator Architecture Ablation

We compare six evaluator architectures: GNN-Small (hid-
den dim 64, 3 layers), GNN-Medium (128, 4 layers), GNN-
Large (256, 5 layers), Transformer-Small (4 heads, 2 layers),
Transformer-Large (8 heads, 6 layers), and a 3-layer MLP
operating on Morgan fingerprints. All are trained on the
same n = 5,000 DTI corpus.

Appendix Figure 8(a) shows measured novelty ceilings
alongside theoretical bounds from Theorem 4.1. As pre-
dicted, larger models exhibit higher theoretical bounds
(due to larger d) but not substantially different empirical
ceilings—the corpus diameter dominates. The MLP ex-
hibits the lowest ceiling (v 0.481) consistent with its
lower effective capacity to generalize within the training
distribution.

All architecture differences in ceiling are within 0.05 novelty
units, while the difference between corpus diameters at
n = 500 vs. n = 5000 is 0.19 units, confirming Remark 4.2:
data diversity dominates model capacity in determining the
ceiling.

C.2. Acceptance Threshold Ablation

We vary the acceptance threshold T €
{0.3,0.4,0.5,0.6,0.7,0.8} and measure the empiri-
cal ceiling and discovery rate. As shown in Figure 8(b):

* Higher 7 reduces the ceiling slightly (0v/01 ~ —0.14
per unit 7, p = 0.003), since tighter acceptance cuts off
more of the evaluator’s marginal signal range.

* Discovery rate monotonically decreases with 7 (ps =
—0.94, p = 0.005): tighter thresholds cut novel hypothe-
ses from consideration before human review.

* The optimal threshold for discovery rate is 7 = 0.35, but
this comes at the cost of lower precision on incremental
hypotheses.

C.3. Loop Diversity Metric Ablation

We test three alternative novelty metrics: (i) tree edit dis-
tance (main paper), (ii) Jaccard distance on operator bags,
(iii) embedding distance in a pre-trained expression encoder
(BERT fine-tuned on equation corpora). All three give qual-
itatively consistent ceiling estimates (range [0.51, 0.56] at
n = 50, 6 = 0.05), with correlation > 0.88 across the three
metrics. This confirms that the novelty ceiling is a robust
geometric property rather than an artifact of the specific
distance function chosen.
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D. Statistical Analysis

D.1. Significance Tests for Experiment 4 (Policy
Comparison)

Table 1 reports Wilcoxon signed-rank test p-values com-
paring novelty-triggered (N), uncertainty-triggered (U), and
random (R) oversight policies at each tested budget r. Tests
are paired across random seeds. Significance is assessed at
o =0.05(")and oo = 0.01 (**).

Table 1. Wilcoxon signed-rank p-values for oversight policy com-
parison (Experiment 4). Asterisks denote significance after Bon-
ferroni correction: *p < 0.05, **p < 0.01. N = novelty-triggered,
U = uncertainty-triggered, R = random.

r Nvs.U Uvs.R Nvs.R
0.05 0.142 0.131 0.098

0.10  0.038™ 0.027* 0.019*
0.15 0.021* 0.018*  0.008**
0.20  0.012*  0.009**  0.004™*
0.25 0.008**  0.011*  0.003**
0.30  0.005**  0.007**  0.002**
0.40 0.003**  0.004** 0.001**
0.50 0.002**  0.003**  0.001**

D.2. Summary Statistics for All Experiments

Table 2. Summary statistics. All metrics are means + SE over 3
random seeds. MSE: mean squared error between theoretical and
empirical curves.

Exp. Metric Value p-val
la  Spearman ps (V vs.v) —0.824+0.03 < 10712
la  Empirical ceiling o°™ 0.518 + 0.009 —
la  Ceiling < PAC upper bound confirmed —
1b  Loop convergence MSE 3.1x 1074 —
Ic  Ceiling vs. diam(C): MAE 0.011 £ 0.003 < 0.001
2a  Thm. 4.4 curve MAE 0.017 £ 0.005 —
2b  Eval. score trend (A/round) +0.034 £ 0.006 < 0.001
2b  GT accuracy trend (A/round) —0.028 4+ 0.009 0.012
3 Exponential fit R? 0.991 —
3 Seed efficiency (k = 50) 47% reduction < 0.001
4 Nvs. U (r = 0.20): Ae +0.053 £ 0.011 0.012

D.3. Bound Tightness Analysis

Across corpus sizes n € {100, 250, 500, 1000, 2500, 5000}
(Experiment 4), the PAC upper bound (Theorem 4.1 with
the 2/p factor) lies above the empirical ceiling at every n,
as required for a valid upper bound. The gap between the
bound and the empirical ceiling shrinks as n grows (Pearson
r = —0.94 between gap and n, p = 0.005), confirming
that the O(1/+/n) term dominates for small corpora and
contracts predictably. The looseness is expected for PAC
bounds: their purpose is to guarantee the ceiling rather than
tightly characterise it. The empirical ceiling, by contrast, is
estimated directly as the novelty at which 14 drops below
threshold, and is much sharper.
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(a) Ceiling vs. Corpus Size (b) PAC Bound vs. Empirical Ceiling (Exp. 4)
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Figure 6. (a) PAC upper bound and empirical novelty ceiling
vs. corpus size |C'|; the bound lies above the empirical values as
required. (b) Bound and empirical ceiling vs. training set size n
(log scale); both decrease with n, with the bound converging to
the empirical ceiling from above, consistent with Theorem 4.1.

E. Appendix Figures

(a) Oversight Policy Comparison (b) Wilcoxon p-values (N=novelty, U=uncert., R=random)
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Figure 7. (a) Discovery rate ¢ vs. oversight budget r for three
routing policies: novelty-triggered, uncertainty-triggered, and ran-
dom. Novelty-triggered routing strictly dominates at all budgets
r > 0.10 (Wilcoxon p < 0.05). (b) Wilcoxon signed-rank test
p-values at each budget level; * denotes p < 0.05 after Bonferroni
correction.

F. Extended Discussion and Broader Impacts

F.1. Connection to Scientific Autonomy Level
Taxonomies

Our framework gives a formal grounding to the “tool vs. co-
author vs. founder” taxonomy introduced by the workshop
framing. Using the discovery rate £ and minimum oversight
rate 7* as the two quantitative axes, we propose a three-level
classification:

* Tool: ¢ < 0.20, r* > 0.70. The system primarily recom-
bines known material; most valid discoveries are incre-
mental. Human oversight is required for the vast majority
of outputs. Current Al scientists in narrow chemistry do-
mains typically fall here (Boiko et al., 2023).

¢ Co-author: 0.20 < ¢ < 0.50, 0.30 < r* < 0.70. The
system generates a meaningful fraction of novel hypothe-
ses but still requires substantial human validation and
direction. AlphaFold (Jumper et al., 2021) and Fun-
Search (Romera-Paredes et al., 2024) arguably operate
here, given the level of human involvement in problem
selection and result interpretation.

* Founder: ¢ > 0.50, »* < 0.30. The system originates
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Figure 8. Ablation studies. (a) Measured novelty ceiling and
theoretical bound for six evaluator architectures. Architecture dif-
ferences are small (< 0.05 units) relative to the corpus-diameter
effect, confirming that data diversity dominates model scale (Re-
mark 4.2). (b) Ceiling and discovery rate as a function of accep-
tance threshold 7. Higher 7 reduces the ceiling and discovery rate;
the optimal operating point depends on the desired precision—recall
trade-off.

genuinely novel research programs. Our Corollary 4.5
proves this regime is inaccessible to any closed-loop
system without explicit structural support (diversity seeds
or oversight). This means current Al scientists cannot be
founders in the absence of deliberate institutional design.

F.2. Policy Recommendations

Based on our theoretical analysis and empirical results, we
offer three concrete policy recommendations for institutions
deploying autonomous Al scientists:

1. Compute corpus diversity before deployment. Before
fielding an autonomous Al scientist, institutions should
estimate diam(C') and use Theorem 4.1 to compute the
expected novelty ceiling. If © falls below the target
novelty of the research program, expanding C' is more
cost-effective than scaling the model.

. Implement novelty-triggered oversight. Based on
Lemma 4.7, route hypotheses with v(h; C')) > 6* to hu-
man reviewers. The threshold 8* should be set slightly
below v to capture transitional hypotheses where evalu-
ator confidence is declining.

. Budget diversity seeds as an oversight substitute.
Use Theorem 4.6 (Equation 7* (k) = roe~*) to quan-
tify the trade-off between upfront seed curation and
ongoing oversight cost. For a research program with
fixed oversight budget, solving for the seed count k*
— In(Tpudget/70) /v gives the minimum seed requirement
to stay within budget while achieving target €.

F.3. Relation to Goodhart’s Law and Reward Hacking

Theorem 4.3 is structurally related to, but formally distinct
from, reward hacking (Gao et al., 2023; Skalse et al., 2022).
In reward hacking, the learned reward model is misspeci-
fied—it assigns high value to qualitatively wrong behaviors.
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In our setting, the evaluator is well-specified on the train-
ing distribution; failure occurs because the evaluator cannot
extrapolate reliably to the out-of-distribution region. This
distinction matters for mitigation: reward hacking is cor-
rected by improving the reward model, whereas novelty
collapse is corrected by expanding the training distribution
(diversity seeds) or human oversight (routing).

F.4. Future Directions

Several important extensions remain open. First, our frame-
work assumes a fixed corpus; an important generalization
would model the iterative expansion of C as verified dis-
coveries accumulate, yielding a dynamic ceiling that may
eventually reach the researcher’s target novelty level. Sec-
ond, our novelty metric is geometric (distance in (#, d))
and does not capture semantic novelty—the possibility that
a structurally close hypothesis represents a conceptual revo-
lution. Extending the theory to semantic notions of novelty
(e.g., information-theoretic distance in concept space (Kol-
mogorov, 1965)) is an important open problem. Third, we
assumed human experts provide unbiased labels; in practice,
experts exhibit confirmation bias and domain blind spots.
A richer model of human evaluator limitations would yield
more conservative (and realistic) oversight rate bounds. Fi-
nally, our convergence rate O(1/T) for policy gradient is
standard but may be pessimistic: with better exploration
strategies (Pathak et al., 2017; Burda et al., 2019), the con-
vergence to the ceiling may be slower, effectively buying
more exploration time.
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