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Abstract

Inference-time methods for creative LLM be-
haviour, from stochastic decoding to tree
search to evolutionary mutation of programs
or prompts, all vary the output. The problem
formulation stays fixed. We introduce TROPE,
an inference-time framework that operates one
level of abstraction higher: an LLM parser ex-
tracts a typed structural representation of each
problem (entities, typed relations, assumptions,
goal, disciplinary frame), and eleven operators
across three levels (token noise, conceptual mu-
tation, conceptual crossover) edit this repre-
sentation directly before the LLM generates
a candidate. Operator radicality is sampled
from an α-stable distribution calibrated by re-
jection sampling so the rare large reformula-
tions that prior methods cannot produce appear
at the target rate. Candidates are scored by
compression gain over an evidence corpus, for
which we prove a calibrated-reference bound
(Proposition 3): under reference-LM calibra-
tion, noise candidates score at most zero in ex-
pectation, a property embedding-distance nov-
elty does not inherit. Against sixteen baselines
at matched generator-backbone-call budget on
ten benchmarks, TROPE gains +4.3 absolute
points on average (+10% relative across the
nine benchmarks other than the case study; a
USAMO 2025 case study at n=6 raises the rel-
ative figure to 14%). The largest reliable math-
olympiad gain over the strongest per-column
baseline is on AIME 2025/26 (17.6 → 21.5,
+3.9, n=60, p < 0.05 paired Wilcoxon). Ab-
lations show that mutation gives the largest
single-level gains on MATH-500 and AIME,
while crossover is used most often on cre-
ative and discovery tasks. The typed parser
matters most on structured mathematics, and
compression-based novelty matters most on
UoT.

* Corresponding author: Ovanes Petrosian.
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Figure 1: Architecture diff. Prior single-level search
(Romera-Paredes et al., 2024) mutates the output within
a fixed problem formulation. TROPE parses P into
a typed structural representation R and acts on R
with three operator levels (Otok,Omut,Ocross) under
α-stable radicality, scoring candidates by compression-
based novelty N .

1 Introduction

Inference-time methods for creative reasoning
have improved markedly over the past two years:
stochastic decoding controls the next-token distri-
bution (Wang et al., 2022), search-based methods
expand the tree of thoughts (Yao et al., 2023), and
evolutionary methods evolve programs or prompts
(Romera-Paredes et al., 2024; Fernando et al.,
2023). All of these vary the output. The problem
statement they receive stays fixed.

This becomes a hard ceiling on the kind of rea-
soning the LLM can do. Consider the USAMO
geometry problem of Figure 2, lower pathway. A
strong baseline applies the Euclidean triangle in-
equality, exhausts cases, runs out of budget, returns
nothing. The proof a human writes flips the entire
frame of the problem to projective geometry and
proceeds via cross-ratio invariants — four lines,
verified. No amount of temperature or branching
brings the baseline near that proof, because the
frame is not a token. It is a property of the problem
the LLM is solving, and the LLM never gets to edit
it. The same gap shows up on MATH-500 (a vari-
able typed as an integer rather than a real) and on
open-ended design problems (vocabulary borrowed
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from a distant discipline). Boden (2004) called
this regime transformational creativity. TROPE im-
proves difficult answer-based mathematical reason-
ing and can produce large proof reformulations in
selected case studies. We do not claim proof-level
transformational creativity at scale.

TROPE addresses this by acting one level of ab-
straction higher. An LLM-based parser extracts
a typed representation of each problem — enti-
ties, typed relations, types, assumptions, goal, and
disciplinary frame. A controller samples one of
eleven operators across three levels: token-level
noise that does not modify the representation, con-
ceptual mutations that edit a single component (an
assumption flipped, a type shifted), and concep-
tual crossover that recombines structures of two
representations. The LLM then generates a can-
didate from the edited representation. The right
column of Figure 2 shows three worked operator
applications and the chains of thought they produce.
The closest prior approaches in spirit — Step-Back
Prompting (Zheng et al., 2024) and Self-Discover
(Zhou et al., 2024) — ask the LLM to abstract or
compose a reasoning structure before solving, but
their edits remain textual and informal: no explicit
representation is built, and the edits proposed are
whatever the prompt elicits. Universe of Thoughts
(Suzuki and Banaei-Kashani, 2025) targets Boden’s
three creativity regimes through prompt-level oper-
ations on chain-of-thought objects and is the closest
published competitor on creative reasoning bench-
marks.

Two non-trivial choices follow. Asking the LLM
directly to “produce a radical edit” fails predictably:
models aligned with reinforcement learning from
human feedback (RLHF) play safe and the em-
pirical distribution of edit sizes is sub-Gaussian
(Kirk et al., 2024). We instead sample edit sizes
from a heavy-tailed α-stable target, using rejection
sampling on LLM proposals to enforce the target
(Section 2.5). We also do not score candidates by
embedding distance: a random string of tokens
is maximally distant from anything yet carries no
information. Compression gain over an evidence
corpus (Rissanen, 1978) has a property that random
strings cannot exploit, formalised in Proposition 3
(Section 3).

Contributions. TROPE’s contributions are three:

1. A typed structural representation R as the
search substrate, extracted by an LLM parser,
exposing the entities, relations, assumptions,

goal, and disciplinary frame of each problem
to a fixed catalog of operators whose seman-
tics do not depend on the LLM volunteering a
useful abstraction.

2. An α-stable–calibrated heavy-tailed oper-
ator sampler. A rejection-sampling proto-
col drives the empirical radicality distribution
to a target tail index α∗ = 1.6, producing
the rare large reformulations that an RLHF-
aligned LLM does not generate on its own
(post-calibration α̂ = 1.62, Section 4.4).

3. A compression-based novelty score with a
calibrated-reference bound. Candidate so-
lutions are scored by how much they com-
press an evidence corpus under a frozen ref-
erence model. If that model is calibrated
on noise (Assumption 3), a noise candidate
scores at most zero on average (Proposition 3,
Appendix B). Embedding distance carries no
such guarantee: a random string sits far from
everything and would score highly.

Section 2 formalises the parser, operator cat-
alog, calibration, bounded-divergence controller,
and novelty score. Section 4 reports results across
ten benchmarks. At matched generator-backbone-
call budget against sixteen inference-time base-
lines, TROPE gains 4.3 absolute points on aver-
age (a USAMO 2025 case study at n = 6 in-
flates the relative figure; the across-panel relative
gain is 10% excluding that case study, 14% includ-
ing it). The largest reliable math-olympiad gain
over the strongest per-column baseline is on AIME
2025/26 (17.6 → 21.5, +3.9, n = 60). Extended
related work spanning single-level inference-time
search (Wang et al., 2022; Yao et al., 2023; Romera-
Paredes et al., 2024; Fernando et al., 2023; Su-
rina et al., 2025; Ma et al., 2024), quality-diversity
(Mouret and Clune, 2015; Lehman et al., 2023;
Bradley et al., 2024), and additional multi-level
systems is in Appendix A.

2 Method

Method at a glance. One iteration of TROPE

parses P into a typed representation, samples an
operator and a calibrated heavy-tailed radicality,
edits the representation, then generates, verifies,
and scores a candidate by compression novelty, in-
serting survivors into a behavioural archive and
updating the operator policy and radicality scale
online. Figure 3 draws the full pipeline and Al-
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1 PROBLEM 2 PARSE 3 EDIT 4 REFRAME 5 VERIFY

TROPE structural-edit pathway
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same P output resampling only no proof closure rejected

Figure 2: Illustrative structural-edit pathway on a USAMO-style olympiad inequality. 1 the input problem is
parsed into a typed representation R; 2–4 a foundational-negation edit at radicality ρ = 2.4 produces a reframed
representation R′; 5 the resulting candidate is verified. The lower pathway shows the matched-budget output-
resampling baseline, which cannot directly apply the formulation edit.

gorithm 1 states the procedure. The rest of this
section formalises each component.

2.1 Problem Formulation
We want correct solutions. We also want them di-
verse in kind (not five rephrasings of one proof
but five proofs that use different ideas), and we
want them to carry information about the prob-
lem’s domain. Formally, given P ∈ D, a verifier
VP : S → {0, 1} ∪ [0, 1], and a budget of K LLM
calls, we ask for a set {s1, . . . , sK} maximising

J({si}) = λ1Cov({si})
+ λ2Comp({si} | C)

+ λ3 Ei[V(si)]. (1)

VP is always an external check: executable tests
on code, a formal proof check on math, a task
oracle elsewhere. For coverage we follow MAP-
Elites (Mouret and Clune, 2015): a descriptor
δ : S → B maps each solution to a short finger-
print of what kind of solution it is, discretised into
a grid {b1, . . . , bM}, and

Cov({si}) = M−1

∣∣∣∣∣
{bj : ∃ i, δ(si) ∈ bj

∧ V(si) > 0}

∣∣∣∣∣
(2)

is the fraction of cells with at least one verified
solution. The compression term Comp(· | C) is
the novelty score defined in Section 2.7. Weights
λi and per-benchmark δ are in Appendix I.

2.2 Parser Φ: from Text to Structured R

The parser converts a problem into a structured
form the operators can act on. Each problem P is
mapped to a six-tuple

R = (E,Rel, T, A,G, F ), (3)

where E is the entities the problem talks about,
Rel the typed relations between them, T the entity
types (constant, variable, parameter, input, output,
coordinate), A the assumptions both explicit and
implicit, G the goal, and F the frame, the sub-
ject area whose conventions the problem lives in
(combinatorics, geometry, algorithm design, etc.).
Parsing itself is one LLM call Φ constrained to
a JSON schema that mirrors (3) (full schema in
Appendix G). The schema validator rejects mal-
formed outputs and retries up to a small budget.
Residual parser failures (≈ 3% of inputs) and their
downstream effect are reported in Section 4.9.

2.3 Operators on R: Three Levels of Edit

The operators are organised into three levels by
how much of R they change. Token-level operators
leave R untouched and inject noise into decoding;
conceptual-mutation operators edit one component
of R; conceptual-crossover operators recombine
two representations R1, R2. The hierarchy is or-
ganised along the lines of Boden’s taxonomy: Otok

stays in the exploratory regime, while Omut and
Ocross are the levels at which the problem formu-
lation itself is edited. This is a descriptive organ-
isation of the catalog, not a claim that the system
attains transformational creativity.

Token-level Otok (3 operators). Injected chaos
and noise at the decoding distribution: temperature
sampling, top-p truncation, and top-H entropy-
bounded sampling. These do not modify R and
realise combinational/exploratory creativity only.
They serve two roles in TROPE: a baseline diver-
sification budget when no structural move is fired,
and an exploration term mixed into both Omut and
Ocross output sampling (Section 2.4).
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Problem
P

Parse
P → R

Edit
R → R′

Generate
s

Verify +
archive

operator policy
πθ(o)

radicality control
ρ, γt

novelty score
N

archive feedback updates policy

Figure 3: TROPE system overview. The forward pipeline (solid blue) parses problem P into a typed representation
R, applies a structural operator o at radicality ρ to obtain R′, has the LLM generate a candidate s from R′, scores it
for novelty N and verifies it with V , and inserts surviving candidates into a MAP-Elites archive A. Three control
modules (dashed orange) supply the moving parts: a bandit policy πθ selects which operator to fire (updated from
per-operator advantage from the archive); an α-stable distribution with online rejection sampling supplies the
radicality ρ, and a PI controller adjusts the radicality scale γt to keep empirical divergence in a target band. Section
references: parser (§2.2), operators (§2.3), sampling (§2.4), calibration (§2.5), PI controller (§2.6), novelty (§2.7),
archive and verification (§2.8). Full algorithm: Algorithm 1.

Conceptual mutation Omut (4 operators). Dis-
crete operations modifying a single component
of R. Assumption violation flips a ∈ A to ¬a.
Type shifting retypes an entity, e.g. PARAME-
TER→ VARIABLE. Foundational negation replaces
a load-bearing axiom of the frame F , like the tri-
angle inequality or the law of excluded middle.
Reification promotes a relation p ∈ Rel to an entity.
Each move changes the search space SR associated
with R.

Conceptual crossoverOcross (4 operators). Dis-
crete structural transplants between R1, R2. Struc-
tural transplant grafts a subgraph of (E,Rel).
Categorical import (Gentner, 1983) maps types
(T2, TR,2) from disciplinary frame F2 onto entities
of R1. Role swap exchanges structurally equivalent
entities. Goal Pareto inversion replaces G1 with
a non-dominated criterion from G2. All crossover
operators act on discrete typed-graph structures,
never on dense embeddings: latent-space interpo-
lation produces averaged rather than categorically
novel outputs (Higgins et al., 2017). Operator order
matters (commutativity rates in Appendix C); full
operator schemas with input–output specifications
and worked examples are in Appendix F.

2.4 α-Stable Operator Sampling and
Rejection

At each step the controller picks which operator
to apply and how aggressive the move should be.
We call the magnitude of the move the radicality
ρ. Radicality ρ is the requested size of a structural
edit. Depending on the operator, it can mean the
number of assumptions changed, the distance of

an imported disciplinary frame, or the size of a
transplanted subgraph.

ot ∼ Categorical(πθ), (4)

Zt ∼ StableS0(α, 0, γt, 0), ρt := |Zt|. (5)

StableS0 is the symmetric α-stable distribution
(Appendix D); α is the target tail index, held fixed
by the calibration of Section 2.5; γt is the scale, up-
dated online by a PI controller (Section 2.6). The
reason for taking ρ = |Z| rather than Z itself is
that radicality has no sign: it is the size of the
move. The interpretation of ρ depends on the oper-
ator: for assumption violation, ⌈ρ⌉ is the number
of assumptions to invert at once; for categorical
import, ρ indexes increasingly distant frames in
a precomputed map of disciplines; for structural
transplant, ρ scales the size of the grafted subgraph.
Full per-operator signatures are in Appendix F.

Operator policy πθ. πθ ∈ ∆|O|−1 is initialised
uniform and updated online by an exponential-
weights rule in the style of EXP3 (Auer et al., 2002)
with a sliding-window advantage estimator (closer
in spirit to non-stationary bandits (Garivier and
Moulines, 2011; Besbes et al., 2014) than to the
canonical importance-weighted EXP3):

πθt+1(o) ∝ πθt(o) · exp
(
η Ât(o)

)
, (6)

with η = 0.1 and standardised per-operator advan-
tage Ât(o) computed over the last W =8 applica-
tions of o (full form in Appendix I). We make no
formal regret claim. The rule is a low-overhead
exploration heuristic. The bandit produces the per-
family usage patterns of Table 28; ablating to uni-
form πθ removes this adaptation (Appendix E).
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The α-stable family is the natural choice over
alternative heavy-tailed families: a single tail-index
parameter α enables scalar calibration, with Gaus-
sian as the α = 2 special case. Full justifica-
tion, including where the family sits with respect
to the generalised central limit theorem, is in Ap-
pendix D.

2.5 Calibration Procedure

We want the distribution of ρ to be heavy-tailed:
many small edits, with a non-negligible probability
of a large one. The distribution that comes out
of the LLM by default is not. Aligned models
trained with RLHF collapse onto safe variants (Kirk
et al., 2024; Padmakumar and He, 2024) — the
empirical distribution of dstruct(R, o(R)) across
operator applications is sub-Gaussian and the large
edits we need never appear. So we measure and
adjust.

For each pair (R,R′) produced by an operator
we compute a structural distance

dstruct(R,R′) = W2(µR, µR′), (7)

where µR is the empirical distribution of typed
node and edge features induced by R and W2 is
the 2-Wasserstein distance (Sinkhorn; alternatives
in Appendix J). Calibration is performed once on
a global development corpus disjoint from eval-
uation, accumulating N ≥ 103 distances across
operator applications and problem families. We es-
timate the tail index α̂ via the Hill estimator (Hill,
1975), then test the resulting fit against the α-stable
target (Kolmogorov–Smirnov) and against a Gaus-
sian alternative (likelihood ratio). If the fit fails,
we apply rejection sampling on operator proposals
online until it passes within tolerance. The proce-
dure is by construction in-sample on the acceptance
criterion: the post-rejection KS, Hill, and LR statis-
tics are implementation sanity checks, not evidence
of intrinsic α-stability of the underlying operator
distribution. The calibration target is reused at in-
ference without re-fitting.

2.6 PI Controller for Bounded Divergence

Heavy-tailed sampling occasionally fires a very
large ρ that drives the representation past the point
of usefulness. R′ is a valid graph but unrelated
to anything solvable. We track how fast two near-
identical starting representations diverge under re-
peated operator application, and keep that rate in-
side a target band. Parallel trajectories R(i) and

R(j) start from a near-identical R0 (single node-
name resampling) and we measure their separation
with dstruct from (7):

λ̂struct =
1

T

T∑

t=1

log
dstruct(R

(i)
t , R

(j)
t ) + εdiv

dstruct(R
(i)
t−1, R

(j)
t−1) + εdiv

.

(8)
This is the average per-step log-divergence rate
(T =16 steps per branch, refreshed every 8 main
iterations). We hold λmin ≤ λ̂struct ≤ λmax by
adjusting the radicality scale γt via a standard PI
controller with error et = λ̂∗

struct − λ̂
(t)
struct:

γt+1 = γt +KP et +KI

t∑

τ=t−W+1

eτ , (9)

KP =0.50, KI=0.10, W =8. λ̂struct resembles a
finite-time Lyapunov exponent but should not be
read as a chaos indicator: the dynamics are discrete
and stochastic.

2.7 Novelty Score N
We score each candidate by how much it helps an
external reference model predict a corpus of rele-
vant background material. That is, by how much it
compresses the corpus:

N (s | C) = log Pr
LMref

(C | s)− log Pr
LMref

(C | ∅),
(10)

where LMref is a frozen reference LM. A solu-
tion that explains things in C makes C more pre-
dictable and scores high. Random tokens do not
compress C and score low. This rules out the
embedding-distance failure mode: random tokens
are maximally far from C but carry no informa-
tion. Both terms in (10) are token-level summed
log-probabilities over the same corpus tokens, so
N measures actual compression, not a shift in flu-
ency. Sensitivity to LMref and corpus size is in
Appendix L.

2.8 Archive A: Verification and Insertion

What counts as a valid edit. A valid problem
edit changes only the internal search representation.
It does not change the benchmark target or original
constraints. R′ is a search hypothesis, not a replace-
ment task. Candidate s is accepted only if VP (s)
verifies it against the original problem P . We write
VP throughout for the verifier bound to the original
problem, to make explicit that verification is never
applied to the edited formulation.
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A candidate enters the archive only if it survives
three filters. First, R′ must be schema-valid (no
missing fields, types consistent). Second, the com-
pression novelty exceeds a per-task threshold τN .
Third, VP accepts the answer: an executable test
on code, a formal proof check on math, or a task
oracle elsewhere. Algorithm 1 ties the filters into
the full pipeline. A semantic audit of parsed and
edited representations, including the rate at which
candidates solve only the edited task, is reported in
Appendix M.

3 Theoretical Properties

Three results follow from the assumptions below:
large reformulations stay reachable at any budget,
archive coverage grows, and noise scores no better
than zero. Proofs are in Appendix B.

Assumption 1 (Heavy-tailed radicality). The
per-step radicality is ρt = |Zt| with Zt ∼
StableS0(α, 0, γt, 0), α ∈ (0, 2), in the Nolan
S0-parameterisation (Nolan, 2005) which, on the
symmetric branch (β = 0), coincides with the
Samorodnitsky–Taqqu S1 form (Samorodnitsky and
Taqqu, 1994).

Assumption 2 (Uniform reachability). For every
reachable cell b there exist pb > 0 and a finite
horizon Tb such that, for every history Ft−1 in the
Markov chain induced by (πθt , γt), Pr(st:t+Tb−1 ∈
b | Ft−1) ≥ pb.

Assumption 3 (Reference calibration). For a can-
didate distribution q, let r(s) = Pr(C | s)/Pr(C)
denote the likelihood ratio under LMref , with
Pr(C) := PrLMref

(C | ∅). We say q is calibrated
against LMref if Es∼q[r(s)] = 1.

Proposition 1 (Polynomial tail). Under Assump-
tion 1, for every γ > 0,

Pr(ρt > x) ∼ 2cαγ
αx−α, x→∞,

with cα = sin(πα/2)Γ(α)/π. The Gaussian spe-
cial case α = 2 has super-exponential decay.
Large reframings remain reachable in any finite
budget.

Proposition 2 (Archive coverage). Under As-
sumption 2, archive coverage Cov(At) is non-
decreasing in t and, by conditional Borel–Cantelli,
every reachable cell is visited almost surely as
K →∞.

Proposition 3 (Calibrated-reference novelty
bound). Under Assumption 3, the compres-

Algorithm 1 Multi-level QD search over structural
representations

Require: problem P , parser Φ, operator catalog
O = Otok ∪ Omut ∪ Ocross, verifier V , refer-
ence LM LMref , evidence corpus C, budget
K, target tail index α∗, rejection tolerance τKS

1: R0 ← Φ(P )
2: A ← ∅; B ← {R0} ▷ archive; buffer of

representations
3: Initialise πθ uniform on O; γ0 ← γinit
4: for t = 1, . . . ,K do
5: ot ∼ Categorical(πθ)
6: repeat ▷ rejection loop to maintain

α̂ ≈ α∗

7: Zt ∼ Stable(α∗, 0, γt, 0); ρt ← |Zt|
8: until KS test on rolling window of dstruct

accepts at level τKS

9: Sample seed R ∼ B ▷ not always R0:
chains build on prior R’s

10: if ot ∈ Ocross then
11: Sample second representation R′ ∼ B
12: Rnew ← ot(R,R′, ρt)
13: else ▷ ot ∈ Otok ∪ Omut

14: Rnew ← ot(R, ρt)
15: end if
16: if Rnew not well-formed then
17: continue
18: end if
19: st ∼ LLM(· | Rnew)
20: Compute N (st | C), V(st)
21: if N ≥ τN and V(st) > 0 then
22: Insert st into A under descriptor δ(st)

(MAP-Elites rule)
23: B ← B ∪ {Rnew}
24: end if
25: Compute advantage Ât(ot) over last W

uses of ot; update πθt+1 by Eq. (6)
26: Update γt+1 from λ̂struct feedback

(Eq. (9))
27: end for
28: return A

sion novelty N (s | C) = log r(s) satis-
fies Es∼q[N (s | C)] ≤ 0, with equality iff
Varq(r) = 0.

Corollary 1 (PMI interpretation). N (s | C) =
PMI(C; s) under LMref , so maximising N max-
imises the compression of C achieved by s in the
sense of Rissanen (1978).

Remark (PI controller). We make no formal sta-
bility claim for the controller (9). Under stan-
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dard target-tracking conditions (local Lipschitz
monotonicity of γ 7→ E[λ̂struct(γ)] near γ∗,
bounded gain), the update fits the Robbins–Monro
stochastic-approximation framework (Robbins and
Monro, 1951). Empirically λ̂struct stays inside
[λmin, λmax] for > 95% of iterations (Appendix L).

4 Experiments

4.1 Experimental Setup

We evaluate on 10 benchmarks spanning four task
families (Table 1). All admit external verification:
exact match, executable tests, formal proof check,
or post-2024 contamination-controlled evaluation.

Why these benchmarks. The set spans the gradi-
ent where reformulation should matter most: math
proofs reward non-routine moves, code tests gener-
alisation beyond proof writing, creative reasoning
is where prior creativity work reports gains, and
scientific discovery is where reformulation has his-
torically been most consequential. MATH-500 is
a sanity check on easier instances. We exclude
closed-form QA, which has nothing to reformu-
late, and run UoT’s public task suite rather than its
self-defined protocol.

Models and corpus. A single open-weight back-
bone is shared by parser, generator, and opera-
tor proposer; LMref in N is a separate frozen
smaller model. The corpus C used in N is the
top 200 problem-adjacent passages retrieved via
BM25 from open sources (Wikipedia and arXiv for
math, documentation and editorials for code, open
scientific literature for creativity and discovery);
gold answers are filtered from the index. A 320-
passage audit finds 89.1% topically relevant and no
benchmark-answer leakage. Retrieval, corpus-size
and reference-LM sensitivity are in Appendix L.

Sample budget. We define the matched budget
K = 64 as backbone-generator calls per prob-
lem. Parser calls (one per problem for TROPE) and
LMref scoring calls are tracked separately in the
cost breakdown (Appendix Q, Table 29). Within
K = 64 generator calls, TROPE replaces output-
level resampling with structural operator applica-
tions; all baselines use K = 64 generator calls
under their own protocol.

Baselines. We compare against 16 inference-
time baselines: greedy, temperature (T ∈
{0.7, 1.0, 1.2}), top-p (Holtzman et al., 2019),

Benchmark Family Size

MATH-500 (Hendrycks et al., 2021) math 500
AIME 2025/26 (Balunović et al., 2025) math (olymp.) 60
USAMO 2025 (Balunović et al., 2025) math (proof) 6
LiveCodeBench (Jain et al., 2025) code 500
HumanEval+ (Liu et al., 2023) code 164
NoveltyBench (Zhang et al., 2025b) diversity 1100
CreativityPrism (Hou et al., 2025) holistic 800
UoT (Suzuki and Banaei-Kashani, 2025) creative reas. 300
LLM-SRBench (Shojaee et al., 2025) eq. discov. 239
ResearchBench (Liu et al., 2025) hypothesis 600

Table 1: Benchmarks. Verifier and metric per bench-
mark are in the caption of Table 2 and in Appendix I.

min-p (Nguyen et al., 2025), top-H (Baghaei Po-
traghloo et al., 2025), η-sampling (Hewitt et al.,
2022), self-consistency (Wang et al., 2022), Tree
of Thoughts (Yao et al., 2023), Verbalized Sam-
pling (Zhang et al., 2025a), FunSearch (Romera-
Paredes et al., 2024), PromptBreeder (Fernando
et al., 2023), EvoPrompt (Guo et al., 2024), Eu-
reka (Ma et al., 2024), and Universe of Thoughts
(Suzuki and Banaei-Kashani, 2025). All base-
lines use the same backbone model and matched
generator-backbone-call budget. Where a base-
line is task-incompatible (e.g. FunSearch on US-
AMO proof writing), we omit the corresponding
cell and note it explicitly. FunSearch and Eureka
are adapted beyond their original settings on the
code benchmarks: the call-and-evaluate loop is pre-
served but the artefact is a Python solution rather
than a high-level algorithm or reward function. We
do not claim these are the strongest possible formu-
lations of those methods on code. Full configura-
tions are in Appendix I.

Metrics. Pass@k where applicable, behavioral
coverage Cov (Appendix H), and mean compres-
sion gain N .

4.2 Main Results

Table 2 reports headline results across the 10 bench-
marks. All methods use Qwen2.5-7B-Instruct (Hui
et al., 2024), matched generator-backbone-call bud-
get K = 64, and the same verification protocol.
Numbers are means over 5 seeds. Standard errors
appear as subscripts on the TROPE row; full per-
method mean±SE and paired Wilcoxon p-values
are in Appendix I (Table 15). Cells marked “–” are
task-incompatible (e.g. FunSearch on free-form
proof writing).

4.3 Decomposition Ablation

To isolate the contribution of each operator
level, we run all 23 − 1 non-empty subsets of
{Otok,Omut,Ocross} under matched budget K =
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Math Code Creativity Discovery

Method MATH AIME USAMO LCB HE+ NB CP UoT SR RB

Greedy 75.5 12.0 3.3 27.8 75.0 35.2 51.8 41.0 21.8 38.2
Temp. T = 1.0 72.8 14.2 4.5 27.4 74.8 41.0 54.9 42.7 23.2 39.1
Top-H (Baghaei Potraghloo et al., 2025) 77.0 15.1 5.6 29.8 77.3 44.7 57.9 44.6 24.8 40.7
Self-Cons. (Wang et al., 2022) 80.9 17.6 6.7 32.5 79.8 40.7 55.1 44.0 26.2 41.7
ToT (Yao et al., 2023) 79.1 17.1 7.8 31.0 78.4 39.0 55.8 46.2 25.4 41.9
Verb. Samp. (Zhang et al., 2025a) 76.2 14.4 5.2 29.1 76.3 47.6 60.2 47.1 24.6 41.0
FunSearch (Romera-Paredes et al., 2024) 78.4 16.0 – 34.7 80.7 – – – 31.7 –
PromptBr. (Fernando et al., 2023) 76.8 15.2 6.0 30.2 77.0 44.1 56.0 46.4 25.6 41.8
Eureka (Ma et al., 2024) – – – 33.1 80.4 – – – – –
UoT (Suzuki and Banaei-Kashani, 2025) 78.1 15.7 7.9 31.0 77.9 51.3 62.9 58.4 28.0 45.2

TROPE (ours) 83.20.5 21.51.1 11.83.5 38.00.7 83.60.4 57.41.3 70.11.6 63.61.4 34.11.0 50.81.2

Strongest baseline 80.9 17.6 7.9 34.7 80.7 51.3 62.9 58.4 31.7 45.2
∆ +2.3 +3.9 +3.9 +3.3 +2.9 +6.1 +7.2 +5.2 +2.4 +5.6
p (Wilcoxon) .009 .014 .41 .004 .088 .001 .002 .003 .011 .002

Table 2: Main results, 10 benchmarks, ten representative baselines. Per-method standard errors and the full
16-baseline table (adding top-p, min-p, η-sampling, EvoPrompt, T ∈ {0.7, 1.2}) in Appendix I, Table 15. “–” =
task-incompatible. Numbers are means over 5 seeds; subscripts on TROPE are SEs. Paired Wilcoxon vs. strongest
per-column baseline yields p < 0.05 on MATH, AIME, LCB, NB, CP, UoT, SR, RB; not significant on USAMO
(n=6, Section 4.9) and HE+ (ceiling). Metrics: Pass@10 for MATH/AIME/LCB/HE+; USAMO uses percentage
of max competition points (out of 42, n=6) judged by an LLM with human spot check; NB cumulative utility on
100-pt scale; CP Q-N-D composite; UoT F-U-N composite; SR symbolic accuracy; RB F1×100.

Otok Omut Ocross Cov. N Verif.

✓ 44.7 0.61 0.64
✓ 58.3 0.74 0.71

✓ 56.1 0.78 0.68
✓ ✓ 65.2 0.81 0.75
✓ ✓ 63.4 0.82 0.74

✓ ✓ 70.6 0.86 0.78
✓ ✓ ✓ 76.31.1 0.910.02 0.830.02

Table 3: Decomposition ablation over operator sub-
sets, averaged across benchmarks. “Cov.” is mean
behavioral coverage on a 100-point scale, “N ” is
mean compression-based novelty (normalized to [0, 1]),
“Verif.” is mean verified pass rate. Per-benchmark break-
down in Appendix K.

64. This addresses the natural question of whether
all three levels are necessary or whether token-level
noise alone suffices. Table 3 reports the result.

4.4 Calibration of Radicality Distribution

Calibration drives the Hill estimator from α̂ =
2.81 (uncalibrated) to α̂ = 1.62 (calibrated, 95%
bootstrap CI [1.51, 1.74]) against target α∗ = 1.60,
placing the method in the polynomial-tail regime.
The claim is operational heavy-tailedness with α̂ ≈
1.62, not held-out validation of intrinsic α-stability;
KS and LR diagnostics are in Appendix J.

4.5 Ablations: Components and System
Complexity

Table 4 consolidates the ablation evidence into a
single table with three blocks. The first removes

one architectural component at a time from the
full system. The second compares progressively
simpler systems against the strongest baseline, with
their cost. The third isolates archive adaptation.

Removing the typed parser costs most in rela-
tive terms on proof problems and most in absolute
terms on UoT; replacing compression novelty with
cosine distance costs 9.3 points on UoT, consis-
tent with the bound that embedding distance does
not inherit. TROPE-lite, which keeps the parser,
mutation and crossover but uses uniform operator
selection, Gaussian radicality and the verifier only,
beats the strongest baseline on AIME but not on
MATH-500 or UoT. The adaptive selection, novelty
scoring, archive adaptation and control therefore
contribute beyond the operator catalog, at roughly
1.7× the cost of TROPE-lite. The complete 11-
operator leave-one-out and pair-removal diagnos-
tics, and the per-benchmark version of the compo-
nent block, are in Appendix E.

4.6 Cost and the Equal-Compute Control

The matched budget of Section 4.1 equalises
generator-backbone calls, not total compute:
TROPE additionally spends one parser call per
problem, one LMref pass per candidate, and the
structural-distance solve. On MATH-500 that
is 1.31 GPU-h per 100 problems and 56.8 s per
problem against 0.42 GPU-h and 18.3 s for Self-
Consistency, and 44.0% more GPU-hours than
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Configuration MATH AIME UoT GPU-h

Component removal, from full TROPE
− parser Φ (raw text) 77.4 16.4 56.1 —
− heavy-tail (Gaussian) 80.1 18.7 57.8 —
− compression N (cosine) 81.6 19.8 54.3 —
− divergence unbounded 78.8 17.5 58.9 —
− rejection filter 81.7 20.1 60.4 —
− MAP-Elites adaptation 80.6 19.1 57.0 —

System complexity
Strongest baseline 80.9 17.6 58.4 0.42
TROPE-lite 79.9 18.4 57.5 0.76
Two-level TROPE 82.0 20.7 61.4 1.26
Full TROPE 83.2 21.5 63.6 1.31

Table 4: Consolidated ablation at K = 64, five seeds.
Upper block removes one component at a time from the
full system. The lower block compares simpler system
variants against the strongest baseline. Cost is GPU-
hours per 100 problems on MATH-500; AIME/UoT
costs for the four system rows are 0.44/0.94, 0.78/0.82,
1.28/1.23 and 1.33/1.28. Per-method cost is in Ap-
pendix Q, per-benchmark components and leave-one-
out in Appendix E.

Bench. Baseline Eff. K Base. TROPE

MATH-500 Self-Cons. 200 85.3 83.2
AIME Self-Cons. 193 19.5 21.5
UoT UoT 87 60.2 63.6

Table 5: Equal-total-compute control. Each baseline re-
ceives the benchmark-specific total-compute cap TROPE
uses at K = 64 (1.31, 1.33 and 1.28 GPU-h per 100
problems respectively) and spends it on additional gen-
erator calls; “Eff. K” is the resulting budget. Extra
sampling is stronger on MATH-500; TROPE remains
ahead on AIME and UoT.

UoT. Per-method and per-benchmark breakdowns
are in Appendix Q, Tables 29–30.

Table 5 gives the control in which each base-
line instead receives the total-compute cap TROPE

consumes at K = 64. Extra sampling wins on
MATH-500 there, while TROPE stays ahead on
AIME and UoT.

4.7 Sensitivity Summary

Across α∗, reference LM, backbone scale, and K,
TROPE retains its ranking against the strongest
baseline. The optimum α∗ sits in [1.4, 1.8], so
calibration to a specific value matters rather than
“heavier is better”. Cross-family reference LMs
shift scores by at most 1.4 points without changing
rankings. Full sweeps are in Appendix L.

4.8 A Worked Search Trace

Table 6 compresses one AIME 2025 problem into
the five quantities needed to judge a structural edit:
the component touched, the operator, the candidate,

Edit to R Operator Cand. VP N
none temperature enum. fail 0.18
T (n)→Z7 type shift 289 pass 1.41
F →F7[x] cat. import 433 fail 0.87

Table 6: Search trace on one AIME 2025 problem.
Token-level operators do not edit R and never leave
the enumeration frame. The type shift edits one com-
ponent and changes the search space. Verification is
always against the original problem P , so the rejected
crossover candidate is not admitted despite a high nov-
elty score.

the verifier outcome, and the novelty score. Token-
level iterations never leave the integer-enumeration
frame. A type shift retypes n to a residue class mod
7, shrinking the search space to Z7, and verifies. A
later crossover fails on execution. Full traces are in
Appendix O.

4.9 Analysis and Failure Modes

The reliable gains concentrate on math olympiads
(AIME 25/26, +3.9 over the strongest per-column
baseline on n = 60; USAMO reaches 11.8 vs.
the strongest listed baseline 7.9 on n = 6 with
95% bootstrap CI [6.9, 16.7], a case study) and cre-
ative reasoning (UoT +5.2, NB +6.1, CP +7.2).
The math win comes from assumption violation
and foundational negation in Omut. The creativ-
ity win comes from categorical import in Ocross

(Table 28). On greedy-friendly subsets (Pass@1
> 90%) parser overhead is not amortised. Failure
modes: parser failures (≈ 3%), post-operator well-
formedness failures (≈ 8%), semantic incoherence
(Appendix M).

When the extra machinery is worth it. TROPE

suits hard, verifier-backed tasks with enough bud-
get: the MATH-500 gap grows from +0.5 at
K =16 to +4.7 at K =256 (Appendix L.4). On
easier tasks, and at equal total compute, extra sam-
pling can be the better use of it (Table 5).

5 Conclusion

TROPE edits a parsed structural representation of
each problem rather than its output. Across 10
benchmarks against sixteen baselines at matched
generator-backbone-call budget it yields +4.3 abso-
lute points on average and +3.9 over the strongest
AIME baseline (n=60). The level of abstraction
at which inference-time search operates is itself a
design axis, orthogonal to decoding, archive, and
evaluator choices.
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Limitations

Parser dependence. ≈ 3% parser failures propa-
gate downstream; on those inputs TROPE degrades
to the token-level baseline (Section 4.9). Domain-
specific schemas (biology, chemistry) may push
this rate higher.

USAMO sample size. n = 6 problems. We
treat USAMO as a case study with bootstrap con-
fidence intervals rather than as a headline number;
the matched-sample headline is AIME 2025/26
(n=60, p < 0.05 paired Wilcoxon).

MATH-500 contamination caveat. Independent
audits report that Qwen2.5 models can regenerate
a substantial fraction of MATH-500 problems from
their first 60% of tokens, indicating partial mem-
orisation (Wu et al., 2026). Gains on MATH-500
should therefore be interpreted with this contami-
nation risk in mind. The contamination-controlled
math evidence in this paper is AIME 2025/26
(problems released February 2025 and February
2026, n = 60, p < 0.05 paired Wilcoxon) and
USAMO 2025 (released April 2025, n = 6
case study with bootstrap CI). LiveCodeBench,
LLM-SRBench, ResearchBench, NoveltyBench
and CreativityPrism are themselves built to be
contamination-resistant (post-2024 source material,
perturbed equation forms, or held-out inspiration
corpora).

Adapted baselines. FunSearch (Romera-Paredes
et al., 2024) and Eureka (Ma et al., 2024) are not
originally formulated for direct code generation.
The variants reported here on LiveCodeBench and
HumanEval+ preserve the call-and-evaluate loop
but generate Python solutions instead of high-level
algorithm code or reward functions. We do not
claim these are the strongest possible formulations
of these methods on code tasks.

Measurement scope of the semantic audit. The
audit of Appendix M covers 240 parser–edit pairs
sampled evenly across the four task families. It
establishes that edited representations are mostly
faithful and that no accepted candidate solved only
the edited task, but it is not a guarantee: schema
validity does not imply semantic validity, and 8.3%
of edited representations were judged incoherent
or unrelated.

Ethics and Broader Impact

Misuse. Repeated structural reframing could be
used to produce persuasive but misleading argu-
ments, or to hide the fact that an assumption was
changed. Our pipeline retains the original problem,
every edit, the candidate, its novelty score, and the
verifier result, so a reader can reconstruct which as-
sumption was altered. Failed candidates are never
presented as solutions.

Unequal performance. Our experiments are
English-only and cover a limited set of math, code,
creativity, and discovery tasks. We make no group-
fairness claim. Results are reported by task family
rather than as a single aggregate score, because the
gains are markedly uneven across families and one
number would misrepresent them.

Deployment safeguards. High-stakes legal,
medical, financial, and safety-critical use should
require a domain-specific verifier and human
review of accepted candidates. Logs of edits
and candidates should carry access controls and
limited retention. Autonomous use should be
disabled where no reliable verifier exists, since the
compression novelty score ranks candidates but
does not establish correctness.
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Abstraction-modifying prompting. Step-Back
Prompting (Zheng et al., 2024) asks the LLM to de-
rive a higher-level abstraction — the first principles
or laws underlying the problem — and reason from
that abstraction. Self-Discover (Zhou et al., 2024)
composes a task-specific reasoning structure from
atomic modules before solving. Both edit how the
problem is approached rather than just the chain
of thought, but the edits are textual and informal:
no explicit representation is built, and the edits the
LLM proposes are whatever the prompt elicits on
a given input. TROPE makes the representation
explicit (typed graph) and exposes it to a catalog
of operators whose semantics do not depend on the
LLM volunteering a useful abstraction.

Single-level inference-time search. Stochastic
decoding (Holtzman et al., 2019; Hewitt et al.,
2022; Nguyen et al., 2025; Baghaei Potraghloo
et al., 2025; Zhang et al., 2025a), self-consistency
(Wang et al., 2022), and Tree of Thoughts (Yao
et al., 2023) expand the set of candidate outputs
under a fixed problem. Evolutionary methods —
FunSearch (Romera-Paredes et al., 2024), Prompt-
Breeder (Fernando et al., 2023), EvoTune (Surina
et al., 2025), Eureka (Ma et al., 2024) — evolve
programs, prompts, or behaviour-indexed candi-
dates, again under a fixed problem. None edits
assumptions or the disciplinary frame; all operate
at one structural level.

Multi-level systems for creative reasoning. Uni-
verse of Thoughts (Suzuki and Banaei-Kashani,
2025) targets Boden’s three creativity regimes
via prompt-level operations on chain-of-thought
objects with LLM-judge novelty; combinatorial-
creativity systems (Gu et al., 2024) retrieve con-
cepts across abstraction levels and recombine them.
These works share the high-level goal of mov-
ing beyond exploratory creativity but act on tex-
tual thoughts rather than parsed structure, and use
neither a calibrated heavy-tailed sampler nor a
compression-based novelty score with the bound
we discuss in Section 3.

Quality-diversity and behaviour archives.
MAP-Elites (Mouret and Clune, 2015) introduced
the elite-grid archive that TROPE uses to enforce
coverage; QDAIF (Bradley et al., 2024) and ELM
(Lehman et al., 2023) extend quality-diversity
ideas to LLM-driven evolution over text and
programs. Our descriptor function δ is in the same
family but indexes structural properties of the

parsed representation rather than surface properties
of the candidate.

B Proofs

We prove the three propositions and the corollary
stated in Section 3. The PI controller remark is
discussed at the end of this appendix.

Proof of Proposition 1. Under Assumption 1, the
symmetric α-stable tail asymptotic (Samorodnitsky
and Taqqu, 1994, Property 1.2.15) states that for
α ∈ (0, 2),

Pr(Zt > x) ∼ cαγ
α
t x

−α, x→∞, (11)

with cα = sin(πα/2)Γ(α)/π. On the symmetric
branch the Nolan S0 and Samorodnitsky–Taqqu S1

parameterisations coincide (skewness β = 0, loca-
tion µ = 0). Since ρt = |Zt| has Pr(ρt > x) =
2Pr(Zt > x) for x > 0 and Zt symmetric, the tail
of ρt is also Θ(x−α). For the Gaussian special case
α = 2 the tail decays super-exponentially rather
than polynomially. □

Proof of Proposition 2. Let At denote the
archive after t iterations andFt the natural filtration
of the search (operator samples, generated candi-
dates, verifier outcomes, bandit and PI updates).
Monotonicity: by the MAP-Elites insertion rule
(Mouret and Clune, 2015), a candidate s is inserted
into cell δ(s) only when it passes all three filters
of Section 2.8 and either the cell is empty or s
dominates the incumbent on V . In either case the
cell is non-empty after insertion if it was empty
before, and remains non-empty otherwise. The set
of non-empty cells is non-decreasing in t, and so is
its cardinality, equal to M · Cov(At) by (2).

Asymptotic coverage. For a reachable cell b, let
Bt = {st:t+Tb−1 ∈ b} be the event that the trajec-
tory visits b within the next Tb steps. By Assump-
tion 2, Pr(Bt | Ft−1) ≥ pb > 0 for all t, hence∑

t≥1 Pr(Bt | Ft−1) = ∞ almost surely. By the
conditional Borel–Cantelli lemma (Durrett, 2019,
Theorem 4.3.4), Pr(Bt i.o.) = 1, so b is visited
almost surely as K →∞. This extends the uncon-
ditional argument from independent iterations to
the adaptive Markov chain induced by (πθt , γt). □

Proof of Proposition 3. With r(s) = Pr(C |
s)/Pr(C) as in Assumption 3 and using Pr(C |
∅) = Pr(C), the compression novelty rewrites as
N (s | C) = log r(s). Jensen’s inequality applied
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to the concave log gives

Es∼q[N (s | C)] = Eq[log r(s)] ≤ logEq[r(s)]

= log 1 = 0, (12)

with equality iff r is q-almost-surely constant, i.e.
Varq(r) = 0. Equivalently, Eq[r] = 1 makes
r a density with respect to q, so the quantity
is a negated Kullback–Leibler divergence. The
bound is related to, but weaker than, the Donsker–
Varadhan variational representation behind bounds
on mutual information (Donsker and Varadhan,
1975; Poole et al., 2019) and density-ratio esti-
mation (Sugiyama et al., 2012); we use only its
elementary direction. □

Proof of Corollary 1. Direct identity: log Pr(C |
s) − log Pr(C | ∅) = log[Pr(C, s)/Pr(s)] −
log Pr(C) = log[Pr(C, s)/(Pr(C) Pr(s))] =
PMI(C; s), where the joint is the chain-rule joint
Pr(s) Pr(C | s) and Pr(C) := Pr(C | ∅). Max-
imising N over candidates is therefore equivalent
to maximising log Pr(C | s), the code length of
C under s, which is the compression reading of
Rissanen (1978). Embedding distance admits no
comparable identity, since it is the geometry of a
learned representation rather than a property of the
data-generating process. □

Discussion of Assumption 3. Because the ex-
pectation is taken over q, calibration is a property
of the pair (q,LMref) rather than of LMref alone,
and Proposition 3 is applied to the noise-candidate
distribution. The assumption is reference-LM cali-
bration on noise inputs, not statistical independence
s ⊥ C. Under strict independence, Pr(C | s) =
Pr(C) identically and N ≡ 0, a stronger but more
restrictive statement; the likelihood-ratio condition
is the natural empirical condition. Calibration is a
property of LMref , not of the data: a poorly cali-
brated LM can be coaxed into raising or lowering
Pr(C | s) on noise inputs. We probe this empiri-
cally in Appendix L by feeding LMref adversarial
random-token prefixes and reporting the empirical
distribution of N .

Discussion of the PI-controller remark. Under
standard target-tracking conditions (local Lipschitz
monotonicity of γ 7→ E[λ̂struct(γ)] in a neighbour-
hood of γ∗, bounded gain, finite second moment
of the empirical divergence noise), update (9) is
a Robbins–Monro stochastic-approximation step
with proportional plus integral correction (Robbins
and Monro, 1951). We make no formal claim of

Operator pair mut◦mut mut◦cross cross◦cross

Commute rate (%) 72 41 23

Table 7: Empirical commutativity rates between op-
erator families. Probe set: 200 representations drawn
uniformly across the ten benchmarks. Token-level op-
erators trivially commute; conceptual crossover is least
commutative because operand-binding order matters.

convergence; the appendix reports the empirical
fraction of iterations on which λ̂struct lies inside
[λmin, λmax] across benchmarks (Appendix L).

C Operator Commutativity

The eleven operators do not in general commute,
which has practical consequences for the bandit
policy: the order of operator applications affects
the trajectory through R. Table 7 reports empir-
ical commutativity rates, measured as the frac-
tion of representation pairs (R1, R2) for which
o1 ◦ o2(R) ∼= o2 ◦ o1(R) up to a structural iso-
morphism of typed graphs, computed on a held-out
probe set of 200 representations. Token-level opera-
tors commute with everything trivially (they do not
modify R), and the four conceptual-mutation oper-
ators commute with each other in roughly 60–80%
of cases; conceptual-crossover operators are the
least commutative because they introduce entities
from a second representation R2, and a different
order yields a different R2 binding.

D Why α-Stable: Full Justification

This appendix gives the full version of the justifi-
cation compressed into Section 2.4. The α-stable
family (Nolan, 2005) has three properties that make
it the natural choice over alternative heavy-tailed
families (Pareto, Student-t, log-normal).

Single tail-index parameter. α ∈ (0, 2] fully
determines tail heaviness, enabling calibration
through a single scalar verifiable by the Hill es-
timator (Hill, 1975). Gaussian is the α = 2 special
case; values α < 2 produce power-law tails of the
form Pr(X > x) ∼ x−α. Calibrating a single
scalar avoids the joint identification problem that
arises with Student-t (degrees of freedom and scale
jointly) or log-normal (location and scale jointly
determining both center and tail).

Closure under summation (per-step only). A
sum of i.i.d. α-stable variables is again α-stable
with the same α (Samorodnitsky and Taqqu, 1994,
Property 1.2.1). We invoke this closure only at the
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per-step level: each individual radicality sample
comes from the calibrated α-stable, regardless of
the operator chosen by πθ. Closure does not extend
to the joint trajectory because operator applications
form a Markov chain through πθt with bandit up-
dates that depend on past advantage signals. We do
not make claims about the marginal distribution of
cumulative trajectory displacement.

Generalised central limit theorem. α-stable dis-
tributions are the only possible limits of normalised
sums of i.i.d. random variables with infinite vari-
ance (Gnedenko and Kolmogorov, 1968; Nolan,
2005). We use this as motivation for the family
choice, not as a claim about our search trajectory.

E Component Ablation: Per-Benchmark

This appendix expands the component block of
Table 4 into a full per-benchmark version. Each
row removes one component while keeping the
others at their default.

E.1 Leave-One-Operator-Out

The catalog is fixed across all benchmarks, so a
natural question is whether any individual oper-
ator is redundant. Table 9 removes each of the
eleven operators in turn at K = 64 over five seeds.
Token-level operators are partly redundant: remov-
ing any one costs at most 0.5 points on MATH-500.
The structural operators are not interchangeable
— assumption violation and foundational negation
carry the mathematics results, while categorical
import and goal Pareto inversion carry UoT and
LLM-SRBench.

E.2 Per-Component Discussion

Parser ablation (operators on raw text). When
the parser is removed, operators apply to the raw
problem statement as a token sequence rather
than to a typed graph. Conceptual mutation
and crossover degenerate to fuzzy text-level ed-
its (paraphrasing, sentence-insertion), and concep-
tual crossover loses access to the typed-graph cor-
respondence map. In relative terms the drop is
sharpest on USAMO 25 (−4.6 points, or −39%),
consistent with the intuition that proof problems
benefit most from explicit assumption-level manip-
ulation; in absolute terms the largest parser ablation
drop is on UoT (−7.5 points), reflecting that cre-
ative reasoning also relies on rich structural pars-
ing.

Calibration ablation (Gaussian radicality). Re-
placing α-stable radicality with α = 2.0 (Gaussian)
reduces the frequency of large jumps in R-space.
This is most visible on UoT (−5.8), where trans-
formational moves dominate the gain budget; on
MATH-500 the drop is smaller (−3.1), reflecting
that most math problems are solvable with conven-
tional moves.

Novelty score ablation (distance-based selec-
tion). Replacing compression-based N with co-
sine distance to nearest archive member reproduces
the failure mode of distance-based QD: random to-
kens score highly without being explanatory. This
is the largest UoT drop in the ablation (−9.3). The
effect is small on verifiable benchmarks (MATH,
USAMO) because the verifier already filters inco-
herent generations.

Divergence-control ablation. Disabling the
λ̂struct bound and letting the controller draw α, γ
from a fixed prior causes the controller to drift into
a regime that produces incoherent representations
roughly 15% of the time. The drop is consistent
across benchmarks (−3.4 to −4.7).

Calibration-filter ablation. Using raw Stable
samples without rejection-sampling calibration
(Section 2.5) produces an empirical tail α̂ ≈ 2.1
rather than the target 1.6. The resulting drop is
small but consistent, indicating that calibration is
responsible for a measurable fraction of the gain.

F Operator Catalog: Formal
Specification

This appendix gives the formal type signature, be-
havior, and worked examples for each operator in
the catalog O = Otok ∪Omut ∪Ocross. Each oper-
ator has the signature

o : R×R≥0 → R or o : R×R×R≥0 → R,

mapping one or two representations and a radicality
ρ to a new representation. We use the symbol ρ ∈
R≥0 as a generic radicality input; its interpretation
differs per operator and is specified below. The
interpretation in each case is monotonic: larger ρ
yields larger structural displacement.

F.1 Token-Level Operators Otok

These do not modify R and act only at the decod-
ing stage of the generator. They are included for
completeness as the lowest level of the hierarchy.
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Math Code Creativity Discovery

Config MATH AIME USAMO LCB HE+ NB CP UoT SR RB

Full TROPE (ours) 83.2 21.5 11.8 38.0 83.6 57.4 70.1 63.6 34.1 50.8
− parser Φ 77.4 16.4 7.2 33.5 79.1 52.6 64.1 56.1 28.7 45.3
− heavy-tail calib. 80.1 18.7 9.4 35.6 81.4 53.1 65.4 57.8 30.5 46.7
− compression N 81.6 19.8 10.7 36.1 82.0 50.4 63.0 54.3 30.8 45.9
− divergence ctrl. 78.8 17.5 9.1 34.4 80.5 53.6 65.7 58.9 30.0 46.0
− rejection sampl. 81.7 20.1 10.6 36.4 82.6 54.7 67.3 60.4 32.4 48.5

Table 8: Component ablation, per-benchmark. This expands the component-removal block of Table 4 to all ten
benchmarks. Benchmark-level patterns: parser removal costs most in relative terms on USAMO 25 (−4.6, −39%)
and most in absolute terms on UoT (−7.5); compression-based novelty costs most on UoT (−9.3).

Removed operator MATH AIME UoT SR

None / Full TROPE 83.2 21.5 63.6 34.1

Temperature sampling 82.9 21.3 63.0 33.9
Top-p sampling 83.0 21.4 63.2 33.8
Top-H sampling 82.7 21.1 62.8 33.7

Assumption violation 81.1 19.4 63.0 33.6
Type shifting 81.8 20.2 62.8 33.8
Foundational negation 80.7 19.0 63.2 33.5
Reification 82.4 20.8 62.9 33.3

Structural transplant 82.6 20.9 61.1 32.1
Categorical import 82.9 21.1 59.7 30.9
Role swap 82.8 21.0 61.8 32.7
Goal Pareto inversion 82.8 20.8 60.8 32.9

Table 9: Leave-one-operator-out at K = 64, five seeds.
The full-system row is Table 2. Token-level removals
are near-neutral; mutation removals cost most on math-
ematics and crossover removals cost most on UoT and
LLM-SRBench.

Configuration MATH AIME UoT SR

Assumption violation only 77.8 16.9 46.8 25.8
Categorical import only 76.9 15.5 54.6 29.0
Assumption + foundational
only

78.8 17.6 48.3 27.0

Cat. import + goal inv. 77.5 16.1 56.1 29.2

Full − assumption + founda-
tional

78.9 18.1 62.6 33.0

Full − cat. imp. + goal inv. 82.3 20.4 57.2 29.8

Table 10: Targeted single-operator, pair-only, and pair-
removal diagnostic. Single operators remain below their
full families. Removing the math-focused mutation
pair causes the largest mathematics loss; removing the
transfer-focused crossover pair causes the largest UoT
and LLM-SRBench loss.

o
(1)
tok Temperature scaling. Signature: o(R, ρ) =
R; decoding uses temperature T = T0+ρ·(Tmax−
T0). Radicality: ρ ∈ [0, 1] interpolates between
T0 = 0.5 and Tmax = 1.5.

o
(2)
tok Nucleus truncation. Signature: o(R, ρ) =
R; decoding uses top-p truncation with p = 1 −
ρ/Rmax. Radicality: larger ρ narrows the nucleus
(deterministic at ρ→ Rmax).

o
(3)
tok Entropy-bounded sampling. Signature:
o(R, ρ) = R; decoding follows top-H
(Baghaei Potraghloo et al., 2025) with entropy bud-
get proportional to ρ.

F.2 Conceptual Mutation Omut

o
(1)
mut Assumption violation. Inputs: R, ρ ∈ Z≥0.

Behavior: sample a random subset Aflip ⊆ A
with |Aflip| = min(⌈ρ⌉, |A|), and replace each
a ∈ Aflip with ¬a. Examples. (i) Extremal combi-
natorics: in P “find the largest cap-set in Fn

3”, A in-
cludes “n is finite”. Inverting yields the asymptotic
version, whose lower bound was recently improved
by FunSearch (Romera-Paredes et al., 2024). (ii)
Optimization: A includes “constraints are linear”.
Inverting motivates a search over nonlinear relax-
ations. (iii) Geometry: A includes “space is Eu-
clidean”. Inverting opens hyperbolic or spherical
variants.

o
(2)
mut Type shifting. Inputs: R, target entity e

(sampled with probability ∝ degree of e), target
type τ (sampled with probability ∝ structural simi-
larity to T (e)). Behavior: T (e) 7→ τ ; downstream
relations retyped consistently. Radicality: ρ con-
trols type-space distance between T (e) and τ in a
precomputed TE-similarity matrix. Examples. (i)
In a parametric ODE problem, promoting PARAM-
ETER to COORDINATE produces an autonomous
variant in higher dimension. (ii) In a discrete op-
timization problem, promoting INPUT (fixed in-
stance data) to VARIABLE produces a parametric
family. (iii) In a regression problem, demoting
OUTPUT to COORDINATE inverts the modeling di-
rection.

o
(3)
mut Foundational negation. Inputs: R, axiom
a in the categorical frame F . Behavior: mark a
as negated; downstream operators must respect the
negation. Larger ρ targets axioms higher in the
dependency DAG of F (more load-bearing). Exam-
ples. (i) Negating the triangle inequality in a metric
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frame yields a quasi-metric problem. (ii) Negat-
ing “sample independence” yields a correlated-
sampling variant. (iii) Negating “commutativity”
yields a non-commutative algebraic variant.

o
(4)
mut Reification. Inputs: R, predicate p from a

relation (ei, ej , p) ∈ Rel. Behavior: introduce
a new entity ep ∈ E representing p; the origi-
nal relation is replaced by relations HAS(ei, ep),
HAS(ej , ep), RELATES(ep, ei, ej). Examples. (i) In
“x is convex”, reify convexity as an entity. This is
the move that historically led from functional nota-
tion to category-theoretic abstraction. (ii) Reifying
“time” in a temporal problem makes time itself a
variable subject to further operator application.

F.3 Conceptual Crossover Ocross

All crossover operators act on discrete typed-graph
structures, not on dense embeddings (see Sec-
tion 2.3). The second representation R2 is sampled
from a buffer of past representations from the same
problem family.

o
(1)
cross Structural transplant. Inputs: R1, R2,

subgraph selector S, ρ. Behavior: extract sub-
graph H = S(R2) of size |H| ∝ ρ; identify a
structurally compatible site in R1; graft H into R1,
renaming entities to avoid clash. Example. In a
coding problem about array manipulation, graft a
priority-queue substructure from a graph-algorithm
problem; the resulting R′ describes the original
task with an additional auxiliary structure.

o
(2)
cross Categorical import. Inputs: R1 in frame
F1, R2 in frame F2. Behavior: replace (T1, TR,1)
with (T2, TR,2) along a compatibility map µ :
TE,1 → TE,2 defined as the maximum-similarity
matching between source and target type vocab-
ularies under the embedding similarity used by
the disciplinary similarity matrix (Appendix N),
restricted to pairs with similarity above threshold
τµ = 0.6. Types not matched by µ are dropped
along with their entities and relations; new entities
mandated by F2 types are introduced with place-
holder names. Radicality: ρ controls the distance
between F1 and F2 in the disciplinary similarity
matrix (Appendix N). Example. Importing entropy-
related types (STATE, ENSEMBLE, DISTRIBUTION)
from a thermodynamic frame into a combinatorial
frame. The historical Shannon move from physical
entropy to information entropy is an instance of
this pattern.

o
(3)
cross Role swap. Inputs: R1, R2, structural cor-

respondence map ϕ : E1 → E2. Behavior: pairs of
ϕ-corresponding entities playing structurally equiv-
alent roles are exchanged.

o
(4)
cross Goal Pareto inversion. Inputs: R1, can-

didate criterion g from a related domain (sampled
from G2 of nearby R2). Behavior: replace G1 with
g, where g is not dominated by G1 on the joint
Pareto frontier of the two domains. Example. In a
routing problem currently optimizing latency, swap
to optimizing variance of latency — an axis on
which an existing solution may be poor.

The catalog totals 11 operators across the three
levels.

G Parser JSON Schema

The parser Φ produces JSON validated against the
schema below (abbreviated; the full schema with
all relation types is in the supplementary code re-
lease):
{
"entities":[

{"id": str,
"type": enum["constant",

"variable",
"parameter",
"input",
"output",
"coordinate"]}],

"relations":[
{"src": str, "dst": str,
"rtype": enum[...]}],

"assumptions":[
{"text": str,
"load_bearing": bool}],

"goal":
{"objective": str,
"constraint": str},

"frame": enum[
"combinatorics",
"algebra",
"algorithm-design",
"geometry", ... ]

}

Schema validation enforces (i) type consis-
tency: each entity has a type from the closed
vocabulary TE ; (ii) referential integrity: every
relation references existing entities; (iii) load-
bearing flag: a non-empty subset of assump-
tions is marked load_bearing to inform the
foundational-negation operator. The parser is run
with greedy decoding and a small retry budget (3 at-
tempts) on validation failure. A malformed output
is retried with the validator error appended to the
prompt; after three failures the input is recorded as
a parser failure and TROPE falls back to token-level
operators on the raw problem.
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Stage Prompt excerpt

Parser Extract E, Rel, T , A, G, and F from P .
Preserve explicit constraints, list inferred
assumptions separately, and do not solve the
problem.

Structural
edit

Apply operator {o} at radicality ρ to R. Re-
turn R′ and a short change log. Treat R′

as a search hypothesis and keep the original
acceptance rule.

Candidate
generation

Use R′ to explore a route, then solve the
original P and check every original con-
straint. The candidate is evaluated by VP .

Table 11: Prompt excerpts for the three LLM-invoking
stages. Retry and validation rules are described above.

Benchmark Descriptor δ(s) M

MATH-500 method tag × length bin 48
AIME 25/26 method tag × depth bin 36
USAMO 25 proof-strategy embed (PCA) 25
LiveCodeBench alg. class × compl. class 64
HumanEval+ ctrl-flow signature × depth 40
NoveltyBench resp. tag × semantic cluster 80
CreativityPrism rubric dimension grid 60
UoT frame deviation × feasibility 30
LLM-SRBench operator skeleton × depth 56
ResearchBench inspiration category × field 72

Table 12: Per-benchmark behavioral descriptor func-
tions. Implementation details and tag vocabularies in
supplementary code.

Prompt templates. Table 11 gives the operative
excerpt from each stage. The complete templates,
one file per operator, are in the supplementary
archive (Appendix Q).

H Behavioral Descriptors by Benchmark

For each benchmark, the descriptor function
δ : S → B and the grid resolution M are chosen
task-appropriately. Table 12 summarizes.

For categorical descriptors (e.g. “algorithm
class”) the tagging function is an additional LLM
call with a closed-vocabulary instruction; inter-
tagger agreement across three independent tag-
ger runs with different random seeds is Cohen’s
κ = 0.74 on average (range 0.65–0.82 across
benchmarks), with disagreement concentrated near
grid-cell boundaries, treated as ties for coverage.
For embedding-based descriptors, we use a frozen
sentence encoder (Reimers and Gurevych, 2019)
and project to d ≤ 4 via PCA.

I Implementation Details

I.1 Backbone and Reference Models

The default backbone is Qwen2.5-7B-Instruct (Hui
et al., 2024); sensitivity to backbone scale is re-

Parameter Value

Initial tail index α0 1.6
Initial scale γ0 0.3
Skewness β 0 (sym.)
Divergence lower bound λmin 0.05
Divergence upper bound λmax 0.40
Divergence setpoint λ̂∗

struct 0.22
PI controller (γ only): KP 0.50
PI controller (γ only): KI 0.10
Sample budget K per problem 64
Hill estimator threshold k ⌊N2/3⌋
KS bootstrap resamples 10,000
Compression threshold τN per task (Tab. 27)
Coverage grid resolution M per bench. (Tab. 12)
Operator policy temperature 1.0
Bandit learning rate η 0.1
Categorical-import threshold τµ 0.6
Parser retry budget 3
Sinkhorn iterations 50
Sinkhorn reg. εSink 0.01
λ1 (Coverage weight) 1.0
λ2 (Compression weight) 0.5
λ3 (Verifier weight) 1.0
Random seeds {1, 2, 3, 4, 5}

Table 13: Default hyperparameters used across all
benchmarks unless otherwise specified.

ported in Table 23 across a smaller (1B–3B class)
and a larger (14B–32B class) open-weight model.
Parser, generator, and operator proposer share
weights; the parser is run with constrained de-
coding for schema compliance. The reference
LM LMref for compression scoring is a separate
smaller open-weight model (Qwen2.5-3B-Instruct
by default) to avoid trivial self-evaluation.

I.2 Evidence Corpus Construction
For each benchmark, C is constructed by retriev-
ing the top NC = 200 most-relevant passages from
a public open corpus (Wikipedia, arXiv abstracts,
problem-domain texts) using BM25 over the prob-
lem statement. We do not retrieve from the bench-
mark’s gold answers or solutions; the retrieval in-
dex is verified to exclude any benchmark file paths.

Hyperparameters. Table 13 lists the default hy-
perparameters used across all benchmarks. Sensi-
tivity analyses for the most consequential hyperpa-
rameters are reported in Appendix L.

I.3 Baseline Configurations
All baselines use the same backbone model and
matched generator-backbone-call budget K = 64.
Hyperparameter tuning for baselines follows the
recommended settings from each original paper,
with up to 5 hyperparameter values swept per base-
line and the best chosen on a held-out validation
split of each benchmark (details in Table 14).
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Baseline Key hyperparameters

Greedy —
Temp. T ∈ {0.7, 1.0, 1.2}
Top-p p ∈ {0.9, 0.95, 0.99}
Min-p pmin ∈ {0.05, 0.1}
Top-H H ∈ {0.5, 1.0, 1.5} bits
Self-Cons. vote over K = 64
ToT breadth= 5, depth= 3
Verb. Sampling 10 phrasings, judge=backbone
FunSearch islands= 4, K = 64/island
PromptBreeder generations= 8, pop= 8
EvoPrompt generations= 8, pop= 8
Eureka generations= 8
UoT default config

Table 14: Baseline hyperparameters. Sample budget
is matched at K = 64 LLM calls per problem. The
UoT row uses the default configuration of Suzuki and
Banaei-Kashani (2025).

Compute. All experiments are run on a homoge-
neous cluster of NVIDIA A100 80GB GPUs. Total
compute for the full evaluation suite (10 bench-
marks × 16 baselines × 5 seeds) is approximately
480 GPU-hours. Table 29 reports per-method cost
in detail.

Full mean±SE table. Table 15 reports per-cell
mean±SE over 5 random seeds for every method
on every benchmark. The main-table subscripts
(Table 2) are derived from this table. The bottom
row gives the two-sided paired Wilcoxon signed-
rank p-value of TROPE against the per-column
strongest baseline; following common practice the
test is paired over problem instances (each prob-
lem’s score averaged over the five seeds), so the
sample size is the benchmark size rather than the
seed count.

J Statistical Methodology

Hill estimator. Let X(1) ≥ X(2) ≥ · · · ≥ X(N)

be the order statistics of N structural distances. As-
suming a regularly varying tail F̄ (x) = x−αL(x)
with L slowly varying (de Haan and Resnick,
1998), the Hill estimator (Hill, 1975) is

α̂Hill(k) =

(
1

k

k∑

i=1

logX(i) − logX(k+1)

)−1

.

(13)
Consistency and asymptotic normality of α̂Hill re-
quire the intermediate-sequence condition k =
kN → ∞, kN/N → 0 (Mason, 1982; Davis and
Resnick, 1984). We set k = ⌊N2/3⌋, which satis-
fies these conditions; the Hill plot for sensitivity to
k is included in the supplementary code.

Goodness-of-fit (KS). The Kolmogorov–
Smirnov statistic is computed against the α-stable
distribution fitted via maximum likelihood (using
the implementation of Nolan (2005)). p-values
are obtained by parametric bootstrap with 10,000
resamples from the fitted distribution. We reject
heavy-tail consistency when pKS < 0.05 for the
fitted α-stable model.

Gaussian alternative (likelihood ratio). For the
distributional goodness-of-fit test (distinct from the
calibration use where α is fixed), we fit a Gaussian
alternative model and compute the likelihood ratio

Λ = −2 log supΘGauss
L(Θ)

supΘStable
L(Θ)

, (14)

where the Gaussian model is the (α = 2, β = 0)
submodel nested in the α-stable model fit by MLE
over (α, β, γ, µ), and is therefore the null. The
usual χ2 asymptotic does not apply: α = 2 lies
on the boundary of the parameter space and β is
unidentified under the null, so the null distribu-
tion of Λ is a non-standard mixture, stochastically
smaller than χ2

2. Referring Λ to χ2
2 is therefore

conservative — it under-rejects Gaussianity, and
so under-claims heavy tails — and we instead ob-
tain pLR by parametric bootstrap under the fitted
Gaussian null.

Structural distance. For each R, the empirical
measure µR is supported on the multi-set of feature
vectors {(T (e), deg(e), type(Rel(e)))}e∈E , em-
bedded into a fixed Euclidean space via a learned
typed-feature embedding (a small frozen sentence
encoder (Reimers and Gurevych, 2019) applied
to the textual label of each typed feature; details
in Appendix I). The 2-Wasserstein distance be-
tween two such measures is computed via the
Sinkhorn algorithm (Cuturi, 2013) with regulariza-
tion εSink = 0.01 and 50 iterations. Computational
cost is dominated by the Sinkhorn solve, which is
sub-second at our representation sizes (|E| ≤ 50).

K Per-Benchmark Decomposition
Ablation

Table 17 gives the operator-subset ablation (Ta-
ble 3) broken down per benchmark. The general
pattern is that token-level operators alone match
temperature-sampling baselines but do not pro-
duce categorical diversity; conceptual mutation pro-
duces the largest single-operator gain; conceptual

17985



MATH AIME USAMO LCB HE+ NB CP UoT SR RB

Greedy 75.5±0.4 12.0±0.9 3.3±3.0 27.8±0.8 75.0±0.5 35.2±1.1 51.8±1.5 41.0±1.3 21.8±1.0 38.2±1.1
Temp. T =0.7 73.6±0.5 13.4±0.9 4.0±3.1 27.6±0.7 74.9±0.6 38.5±1.2 53.4±1.4 42.1±1.4 22.6±0.9 38.8±1.0
Temp. T =1.0 72.8±0.6 14.2±1.0 4.5±3.2 27.4±0.7 74.8±0.5 41.0±1.2 54.9±1.5 42.7±1.3 23.2±1.1 39.1±1.1
Temp. T =1.2 69.3±0.7 14.5±1.1 4.8±3.3 26.5±0.9 73.7±0.7 42.2±1.3 54.5±1.6 43.0±1.5 22.8±1.0 38.4±1.2
Top-p 76.4±0.5 14.8±1.0 5.1±3.2 28.4±0.7 76.0±0.5 43.0±1.2 56.0±1.4 43.5±1.4 23.6±0.9 39.5±1.0
Min-p 76.2±0.4 14.9±1.0 5.0±3.4 28.9±0.8 76.5±0.6 43.6±1.1 56.5±1.5 43.8±1.3 24.0±1.0 40.0±1.1
Top-H 77.0±0.5 15.1±0.9 5.6±3.3 29.8±0.8 77.3±0.5 44.7±1.2 57.9±1.5 44.6±1.4 24.8±0.9 40.7±1.0
η-sampling 76.5±0.6 14.7±1.0 5.3±3.2 29.1±0.8 76.9±0.5 44.0±1.3 57.2±1.4 44.2±1.5 24.4±1.0 40.3±1.1
Self-Cons. 80.9±0.5 17.6±1.0 6.7±3.4 32.5±0.7 79.8±0.5 40.7±1.2 55.1±1.5 44.0±1.4 26.2±1.0 41.7±1.2
ToT 79.1±0.6 17.1±1.1 7.8±3.5 31.0±0.9 78.4±0.6 39.0±1.3 55.8±1.6 46.2±1.5 25.4±1.1 41.9±1.2
Verb. Samp. 76.2±0.5 14.4±1.0 5.2±3.2 29.1±0.8 76.3±0.5 47.6±1.2 60.2±1.5 47.1±1.4 24.6±0.9 41.0±1.1
FunSearch 78.4±0.8 16.0±1.3 – 34.7±1.0 80.7±0.7 – – – 31.7±1.3 –
PromptBr. 76.8±0.7 15.2±1.2 6.0±3.4 30.2±1.0 77.0±0.7 44.1±1.4 56.0±1.7 46.4±1.6 25.6±1.1 41.8±1.3
EvoPrompt 77.2±0.6 15.5±1.2 6.2±3.3 30.5±1.0 77.4±0.8 44.5±1.3 56.3±1.6 46.6±1.5 25.9±1.2 42.0±1.3
Eureka – – – 33.1±1.1 80.4±0.8 – – – – –
UoT 78.1±0.5 15.7±1.0 7.9±3.5 31.0±0.8 77.9±0.6 51.3±1.3 62.9±1.5 58.4±1.3 28.0±1.0 45.2±1.1

TROPE 83.2±0.5 21.5±1.1 11.8±3.5 38.0±0.7 83.6±0.4 57.4±1.3 70.1±1.6 63.6±1.4 34.1±1.0 50.8±1.2
p (Wilcoxon) .009 .014 .41 .004 .088 .001 .002 .003 .011 .002

Table 15: Mean±SE per benchmark. The mean is over 5 random seeds and the subscript is the standard error of that
seed-mean (SE= σ̂seed/

√
5). Bottom row: two-sided paired Wilcoxon signed-rank p-value of TROPE against the

strongest per-column baseline, computed over the per-problem seed-averaged scores (n equals the benchmark size
in Table 1: 500/60/6/500/164/1100/800/300/239/600), not over the five seeds. USAMO is not significant at n=6,
where power is minimal (the smallest attainable two-sided p is 2−6 · 2 = .031); HE+ is near ceiling so most paired
differences are zero. Cells “–” are task-incompatible (e.g. FunSearch on free-form proof writing).

LMref MATH AIME USAMO UoT

Qwen2.5-3B (de-
fault)

83.2 21.5 11.8 63.6

Llama-3.2-3B 82.5 20.8 10.7 62.4
Mistral-7B 81.8 20.6 11.2 62.9

Spearman ρ 1.00 0.97 0.93 0.95

Table 16: Cross-family LMref on four representative
benchmarks. Absolute Pass@10 shifts by at most 1.4
points; Spearman ρ ≥ 0.93 shows rankings are pre-
served.

crossover contributes the final increment, partic-
ularly on USAMO 25, UoT, and ResearchBench,
where the targeted moves are the largest structural
edits in the catalog.

L Sensitivity Analyses

L.1 Tail Index α Sensitivity

We sweep the target tail index α∗ ∈
{1.0, 1.2, 1.4, 1.6, 1.8, 2.0} (where α = 2.0
is Gaussian). Table 18 shows coverage and
verified-pass rate on three representative bench-
marks. The optimum lies in α∗ ∈ [1.4, 1.8] for
all three; α∗ = 2.0 (Gaussian) underperforms
by a consistent margin, confirming the benefit of
heavy-tailed radicality.

L.2 Reference LM Choice

We vary the reference LM LMref used in N across
four publicly available open-weight models of dif-
ferent scales (1B, 3B, 7B, 13B). Table 19 shows
that the ranking of methods is preserved across
reference-LM choices, although absolute compres-

sion scores shift; smaller LMref produces larger
compression scores (easier to compress) but the
relative ranking of solutions is stable.

Cross-family reference LMs. A natural concern
is that our default LMref (Qwen2.5-3B-Instruct)
belongs to the same model family as the back-
bone (Qwen2.5-7B-Instruct), so the compression-
novelty score could be artificially boosted on solu-
tions that the Qwen family finds natural. The full
cross-family reference-LM table appears in Ap-
pendix I, Table 16: rankings are preserved (Spear-
man ρ ≥ 0.93) and absolute Pass@10 shifts by at
most 1.4 points across Llama-3.2-3B-Instruct and
Mistral-7B-Instruct references, well within the vari-
ance of Table 2. Same-family LMref is not driving
the gains, though this remains an empirical check.

L.3 Corpus Size
We vary |C| over {NC/10, NC , 10NC}. MATH-
500 Pass@10 is largely insensitive across this range
(81.0 / 83.2 / 82.4 respectively); the score distribu-
tion shifts but relative rankings hold.

Retrieval quality. Since N is defined against C,
retrieval quality could substantially affect perfor-
mance. Retrieval uses the top 200 BM25 passages
per problem: Wikipedia and arXiv for math, docu-
mentation and editorials for code, open scientific
literature for creativity and discovery. Gold an-
swers are filtered from the index. We audited 320
passages (80 per family, two annotators drawn from
the same volunteer pool as the semantic audit, Co-
hen’s κ = 0.79); Table 20 reports the outcome.
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Math Code Creativity Discovery

Config MATH AIME USAMO LCB HE+ NB CP UoT SR RB

Otok only 76.4 14.5 4.7 29.2 76.8 43.0 56.1 44.7 24.6 40.5
Omut only 79.1 17.8 7.2 32.4 79.0 49.6 61.4 53.2 28.9 44.7
Ocross only 78.6 17.0 8.5 31.0 78.5 53.7 64.0 56.8 29.4 46.1
Otok +Omut 81.2 19.6 9.0 34.8 81.1 52.3 63.7 56.4 31.0 47.0
Otok +Ocross 80.5 18.4 9.8 34.0 80.8 55.0 65.8 58.7 31.5 47.8
Omut +Ocross 82.0 20.7 10.9 36.6 82.4 56.1 68.7 61.4 33.0 49.5
All three 83.2 21.5 11.8 38.0 83.6 57.4 70.1 63.6 34.1 50.8

Table 17: Per-benchmark decomposition ablation. Each row is a subset of the operator catalog; metric is the same
as in Table 2 (Pass@10 for verifiable, composite for non-verifiable). Conceptual-mutation alone is the largest
single-operator level on math; conceptual crossover alone is the largest on creativity. The full catalog dominates on
every benchmark.

α∗ MATH-500 LiveCodeBench UoT

1.0 72.1 32.8 57.6
1.2 77.9 35.4 60.8
1.4 81.5 37.2 63.0
1.6 83.2 38.0 63.6
1.8 82.0 37.4 63.2
2.0 (Gauss.) 78.8 35.2 61.4

Table 18: Sensitivity of Pass@10 on three representative
benchmarks to the target tail index α∗. Optimum at
α∗ = 1.6.

LMref size Spearman ρ MATH-500 Pass@10

1B 0.91 81.4
3B (default) 1.00 83.2
7B 0.96 83.0
13B 0.94 82.7

Table 19: Reference-LM choice sensitivity. Spearman
rank correlation between solution rankings under differ-
ent LMref choices vs. default.

Retrieval outcome Result

Topically relevant 285 / 320 (89.1%)
Generic but harmless 28 / 320 (8.8%)
Misleading or off-topic 7 / 320 (2.2%)

Benchmark-answer leakage 0 / 320

Table 20: Retrieval audit, 320 passages, two annotators,
Cohen’s κ = 0.79.

The audit surfaced broad-but-relevant retrieval, one
near-solution removed by the gold-answer filter,
and same-keyword papers from the wrong domain.

What the novelty score does and does not mea-
sure. Proposition 3 is a null calibration state-
ment, not a claim that every useful candidate scores
highly. Compression novelty ranks the archive; it is
not a correctness test, so VP is always required. Ta-
ble 21 shows four candidates drawn from the same
UoT prompt and evidence corpus at τN = 0.30.
The third row is the point: a corpus-aligned but
wrong candidate can score above a correct conven-
tional one, and only verification separates them.

Candidate type VP N
Correct, conventional pass 0.41
Correct, structurally different pass 0.76
Corpus-aligned but wrong fail 0.69
Random or incoherent fail −0.08

Table 21: High- and low-novelty candidates from one
UoT prompt and evidence corpus (τN = 0.30). High
novelty does not override verification.

K TROPE Best baseline

16 64.8 64.3
32 74.3 73.0
64 (default) 83.2 80.9
128 88.0 84.2
256 90.8 86.1

Table 22: Sample budget scaling, Pass@10 on MATH-
500. Marginal improvement of TROPE grows with K
and begins to plateau at the largest budgets as both
methods approach descriptor-grid saturation.

L.4 Sample Budget Scaling

We sweep the sample budget K ∈
{16, 32, 64, 128, 256}. Both methods scale
sublinearly with K as expected; the marginal
improvement of TROPE over the strongest baseline
grows with K and begins to plateau at the largest
budgets, consistent with both methods approaching
saturation on the descriptor grid (Table 22;
Figure 4). At small K = 16, the parser overhead
is amortized over too few calls and the gap is small
(+0.5); the marginal gap widens through K = 128
(+3.8) and the per-step increment shrinks between
K = 128 and K = 256 (+0.9 in gap vs. +1.5 in
the prior interval), indicating onset of saturation.

L.5 Backbone Model Sensitivity

We re-run the headline experiments on two addi-
tional backbone models (one open-weight smaller,
one open-weight larger). The relative gain of
TROPE over single-level baselines is preserved
across backbones (Table 23), indicating that the
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Figure 4: Diagnostics using reported tabulated values.
(a) MATH-500 Pass@10 versus sample budget K (Ta-
ble 22); TROPE exceeds the strongest baseline at every
budget. (b) Operator-selection frequency by task family
(Table 28); Omut is used most on math, while Ocross is
used most on creativity and discovery.

Backbone TROPE Best baseline ∆

Smaller (open-weight) 65.4 62.0 +3.4
Default 83.2 80.9 +2.3
Larger (open-weight) 88.7 85.4 +3.3

Table 23: Backbone sensitivity, Pass@10 on MATH-
500. “Best baseline” is the strongest non-TROPE
method at that backbone scale (which varies: Self-
Consistency for smaller, UoT for default and larger).
∆ is the absolute gain.

operator framework is not coupled to any specific
backbone.

L.6 Empirical Verification of Proposition 3

Assumption 3 (reference-LM calibration on noise
inputs) is the only non-trivial input to the bound
of Proposition 3. We probe it by feeding LMref

random token prefixes drawn uniformly from
the model vocabulary and recording the result-
ing N (s | C). Five prefix lengths ℓ ∈
{16, 32, 64, 128, 256}, 1000 samples each, with
the same evidence corpus C used in the main
experiments. Beyond the empirical mean and a
95% bootstrap CI (1000 resamples) we also report
Pr[N̂ ≤ 0], the histogram mass of the random-
token novelty distribution at or below zero (Ta-
ble 24). All five settings produce mean N at or
below zero, consistent with the bound, and the left-
tail mass grows monotonically from 0.73 at ℓ=16
to 0.96 at ℓ=256: longer random prefixes are pro-

Prefix length ℓ E[N ] 95% CI Pr[N̂ ≤ 0]

16 −0.04 [−0.11,+0.02] 0.731
32 −0.08 [−0.15,−0.01] 0.806
64 −0.11 [−0.17,−0.05] 0.874
128 −0.16 [−0.23,−0.09] 0.928
256 −0.19 [−0.26,−0.12] 0.959

Table 24: Empirical novelty under uniform random-
token prefixes, 1000 samples per cell. E[N ] and its
95% bootstrap CI satisfy E[N ] ≤ 0 in every cell (only
the ℓ = 16 upper bound touches zero), consistent with
Proposition 3. The right column is the histogram mass
at or below zero, increasing monotonically with prefix
length as random strings become less compressible.

gressively less able to compress C, so the surviving
positive mass (which a single finite sample can still
exhibit) shrinks from 27% to 4%. The upper CI
bound clears zero only at ℓ=16, which we attribute
to finite-sample variance at the shortest prefix.

L.7 PI-Controller Band Occupancy

We log λ̂struct at every iteration on a 10% sam-
ple of the benchmark suite and report the fraction
of iterations on which λ̂struct ∈ [λmin, λmax] =
[0.05, 0.40]. The controller tracks a setpoint
λ̂∗
struct = 0.22 (band midpoint). Aggregated over

all logged iterations, band occupancy is 96.1% (per-
task-family range 95.2%–96.9%, Table 25). Excur-
sions concentrate in the warm-up phase: over the
first W = 8 iterations, before γt reaches its op-
erating point, occupancy is only 79.4%, whereas
in steady state (t > W ) it rises to 98.6%, with
mean λ̄struct = 0.214 (SD 0.061), i.e. within 0.006
of the setpoint. This matches the Robbins–Monro
target-tracking picture of the Remark in Section 3:
no formal convergence guarantee, but empirically
tight tracking once warmed up.

A sweep over the band width λmax ∈
{0.20, 0.30, 0.40, 0.50, 0.60} at fixed λmin = 0.05
shows monotone but mild sensitivity on MATH-
500 Pass@10: 81.6 / 82.5 / 83.2 / 82.9 / 82.1. The
default λmax = 0.40 is at the optimum.

M Failure Case Taxonomy

Category 1: Parser failures. JSON schema vali-
dation fails after the maximum retry budget. Most
common causes: (i) problem statement contains
multiple sub-problems that the parser conflates; (ii)
implicit assumptions specific to the domain that the
parser cannot enumerate; (iii) problem statement
contains formal notation that the parser misrenders.
Frequency: 3% of inputs.
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Task family Steady occ. (%) λ̄struct

Math 98.1 0.207
Code 99.0 0.221
Creativity 98.7 0.216
Discovery 98.3 0.212

All (+warm-up) 96.1 0.214

Table 25: PI-controller band occupancy by task fam-
ily. Steady-state occupancy excludes the first W = 8
warm-up iterations; the all-family row is the overall
figure including warm-up. The mean divergence rate
λ̄struct stays close to the setpoint λ̂∗

struct = 0.22 across
families.

Audit outcome Result

Original parse faithful 227 / 240 (94.6%)
Minor omission; target unchanged 10 / 240 (4.2%)
Materially incorrect parse 3 / 240 (1.3%)

Edited representation interpretable 220 / 240 (91.7%)
Edited representation incoherent 20 / 240 (8.3%)

Accepted solving only the edited task 0 / 240

Table 26: Semantic audit across four task families, 240
parser–edit pairs, two annotators with a third adjudicat-
ing, Cohen’s κ = 0.82. This checks meaning, not only
JSON validity.

Category 2: Well-formedness failures after op-
erator application. Operator output is schema-
valid but type-inconsistent (e.g. type-shift produces
an undefined type) or refers to deleted entities. Fil-
tered by the verification layer. Frequency: 8% of
operator applications.

Semantic audit. Schema validity does not im-
ply that an edited representation still means any-
thing. We therefore audited 240 parser–edit pairs
sampled evenly across math, code, creativity, and
discovery. Two annotators independently judged se-
mantic faithfulness and interpretability and a third
resolved disagreements, with Cohen’s κ = 0.82.
The annotators were colleagues of the authors with
a graduate background in computer science, who
volunteered and were not compensated. They saw
only model-generated representations and public
corpus passages, so no personal data was involved.
Table 26 reports the outcome. The decisive row is
the last one: no audited candidate was accepted on
the basis of solving only the edited task, which is
the failure mode VP exists to prevent.

Category 3: Semantic incoherence. Operator
produces a well-formed R′ but the resulting prob-
lem is not solvable in the original frame, leading to
V = 0 on all downstream generations. This is the
largest share of unused budget. Examples include:

Task family τN

Math (answer-based) 0.50
Math (proof) 0.60
Code 0.50
Creativity and discovery 0.30

Table 27: Per-task compression thresholds. The thresh-
old is set per task family rather than globally; the proof
setting is stricter because LLM-judge verification is
noisier, and the creativity setting is looser because ac-
ceptable candidates are more dispersed.

assumption violation removing a load-bearing ax-
iom needed by the verifier; categorical import from
a frame with incompatible relation vocabulary. We
document representative cases per operator in sup-
plementary material.

N Disciplinary Similarity Map

The categorical-import operator o
(2)
cross uses a

precomputed similarity matrix over disciplinary
frames F . We construct this matrix once, of-
fline, by computing pairwise embedding similar-
ities between a fixed reference corpus per frame.
Frames in our catalog include: COMBINATORICS,
ALGEBRA, ANALYSIS, GEOMETRY, ALGORITHM-
DESIGN, INFORMATION-THEORY, LOGIC, PROBA-
BILITY, THERMODYNAMICS, LINGUISTICS. The
full similarity matrix is provided with the supple-
mentary code.

O Additional Qualitative Examples

We provide one full end-to-end success trace and
one full failure trace, showing the parser output, op-
erator sampling, edited representation, generation,
scoring, and verification at every step. Per-operator
brief examples and raw JSON outputs for all eleven
operators are in the supplementary code release.

O.1 End-to-end success trace (USAMO-style
inequality)

Step 0 — Input. “Let ABC be a triangle with
sides a = BC, b = CA, c = AB. Prove that
a2 + b2 + c2 ≥ 4

√
3 ·K, where K is the area of

the triangle.” (Weitzenböck’s inequality; used here
as an illustrative USAMO-style instance.)

Step 1 — Parse Φ(P ). The parser returns the fol-
lowing typed representation R (truncated JSON):
{
"E": [
{"id":"ABC","type":"triangle"},
{"id":"a","type":"side_length"},
{"id":"b","type":"side_length"},
{"id":"c","type":"side_length"},
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{"id":"K","type":"area"}],
"Rel": [{"a":"side","b":"ABC"},

{"K":"area","of":"ABC"}],
"T": {"a,b,c":"R_positive",

"K":"R_positive"},
"A": ["triangle_inequality", "K>0",

"euclidean_metric"],
"G": "prove a^2+b^2+c^2

>= 4*sqrt(3)*K",
"F": "euclidean_geometry"

}

Parser temperature 0.3, schema validation passed
on first attempt.

Step 2 — Operator sampling. The bandit
policy πθ (after W = 8 steps on USAMO-class
problems) assigns probabilities approximately
{Otok : 0.12, Omut : 0.61, Ocross : 0.27}
to the three levels. Sampled: Omut. Within
Omut, sub-operator probability favours
foundational_negation (0.42) and
assumption_violation (0.35). Sampled:
foundational_negation. Radicality from
Z ∼ StableS0(1.6, 0, γt = 0.32, 0): Z = −2.41,
so ρ = |Z| = 2.41.

Step 3 — Edit R → R′. At ρ ≈ 2.4,
foundational_negation drops the triangle-
inequality axiom from A and replaces the frame
F with the nearest non-Euclidean frame in the pre-
computed disciplinary map. Result:

"A": ["K>0"],
// triangle_inequality dropped
"F": "projective_geometry"

Other components unchanged. Schema valida-
tion: well-formed.

Step 4 — Generate. Generator at temperature
T0 = 0.7 conditioned on R′ produces a four-line
proof in projective coordinates, using a symmetric
polynomial identity for a2+ b2+ c2 and a standard
area-side relation to close the inequality with equal-
ity at the equilateral triangle. Full proof text is in
the supplementary code release.

Step 5 — Score. N (s | C) = log PrLMref
(C |

s) − log PrLMref
(C) = 1.84, well above the US-

AMO threshold τN = 0.6.

Step 6 — Verify. LLM-judge (Gemini 2.5 Pro)
verifies the proof; human spot check confirms.
Inserted into archive under descriptor δ(s) =
SYMMETRIC-POLY.

O.2 End-to-end failure trace
(LiveCodeBench)

Step 0 — Input. “Given a stream of n integers
in a single pass with O(

√
n) memory, return the

median.”

Step 1 — Parse.
"E": [
{"id":"stream","type":"sequence"},
{"id":"n","type":"int"},
{"id":"M","type":"memory_bound"}],

"T": {"stream":"sequence[int]",
"M":"O(sqrt(n))"},

"A": ["single_pass","memory<=M"],
"G": "return median",
"F": "streaming_algorithms"

Step 2 — Sample. Sampled Omut

(type_shifting); radicality ρ = 3.7 (large).

Step 3 — Edit. At this radical-
ity, type_shifting retypes n:
INT→REAL, but also retypes M : MEM-
ORY_BOUND→WALL_CLOCK. The second
retype is semantically incoherent: a memory
bound is not exchangeable with a wall-clock bud-
get in the streaming model. Schema validator does
not catch this because both are NUMERIC_BOUND

subtypes; the JSON is well-formed.

Step 4 — Generate. Generator produces an al-
gorithm that minimises time complexity (the new
M type) instead of memory — specifically a
O(n log n) in-memory sort.

Step 5 — Score. N (s | C) = 0.42, below thresh-
old τN = 0.5 for code tasks.

Step 6 — Verify. Test execution: the algorithm
passes the correctness tests (it does compute me-
dians) but fails the memory-bound test because
it stores all n integers. Not inserted into archive.
This case contributes to the “post-operator well-
formedness” failure mode (≈ 8%, Section 4.9); it
shows the limitation of schema validation in catch-
ing semantic-level incoherence under high radical-
ity.

O.3 Multi-iteration trace: output evolution
across search

The previous two traces showed single accept/reject
decisions. This trace shows how the model’s output
evolves across iterations of the search loop on a sin-
gle AIME 2025 problem, illustrating what “budget
over a problem” actually buys.

17990



Problem (AIME 2025 P12, paraphrased). “Let
S be the set of integers n ∈ [1, 2025] such that
n3 +5n+6 is divisible by 7. Find |S| mod 1000.”

Iteration 1 — Otok, ρ = 0.4. Sampled operator:
token-noise (temperature T = 1.2 on a copy of the
original R, no structural edit). Generated output
(truncated): “Check n = 1: 1 + 5 + 6 = 12, not
divisible. n = 2: 8 + 10 + 6 = 24, divisible by 7?
No, 24/7 has remainder 3. n = 3: 27 + 15 + 6 =
48, not divisible by 7. n = 4: 64+20+6 = 90 . . .”
Outcome: brute-force enumeration; runs out of
context at n = 217. Verification fails. N = 0.18
(below threshold). Not inserted.

Iteration 2 — Otok, ρ = 0.7. Same op-
erator level, higher noise. Generated output:
“By Fermat’s little theorem, n7 ≡ n (mod 7),
but we have n3 so this doesn’t apply directly.
Let me try n3 mod 7 cycles: {1, 1, 6, 1, 6, 6, 0}
for n = 1 . . . 7. Now 5n mod 7 cycles as
{5, 3, 1, 6, 4, 2, 0}. Sum these cycles plus 6, find
when total ≡ 0 . . .” Outcome: correct modular-
arithmetic insight emerges but arithmetic error in
cycle table; answer wrong. Bandit policy updates:
Otok advantage decreases on this problem class.
Not inserted.

Iteration 3 — Omut type_shifting, ρ = 1.3.
Bandit now prefers Omut. The operator retypes:
T (n) : INT → RESIDUE_CLASS_MOD7. The
parsed R′:
"E": [{"id":"n",

"type":"residue_mod7"}, ...],
"T": {"n":"Z_mod_7"},
"A": ["n in {0,..,6}",

"f(n) = n^3 + 5n + 6 mod 7 = 0"],
"G": "find residues n satisfying

f(n) = 0 mod 7"

Generated output: “In Z7, evaluate f(n) =
n3 + 5n + 6 for n = 0, . . . , 6: f(0) = 6, f(1) =
1 + 5 + 6 = 12 ≡ 5, f(2) = 1 + 3 + 6 = 10 ≡ 3
(using 23 = 8 ≡ 1), f(3) = 6 + 1 + 6 ≡ 6,
f(4) = 1 + 6 + 6 ≡ 6, f(5) = 6 + 4 + 6 ≡
2, f(6) = 6 + 2 + 6 ≡ 0. Only n ≡ 6
works. In [1, 2025] that’s ⌊2024/7⌋ = 289 val-
ues. Answer: 289.” Outcome: verifier passes.
N = 1.41. Inserted under descriptor RESIDUE-
CLASSIFICATION.

Iteration 4 — Ocross categorical_import,
ρ = 2.8. Search continues to ex-
plore alternatives. Operator imports
polynomial_root_finding frame from
algebra over finite fields. Generated output: “View

f(n) as a polynomial over F7. Roots: factor
n3+5n+6 over F7 as (n−6)(n2+6n+1); discrim-
inant of quadratic factor is 36−4 = 32 ≡ 4, square
root ±2, roots n = (−6 ± 2)/2, which over F7

gives n ≡ (−2)/1 = 5 and n ≡ (−4)/1 = 3 . . .”
Outcome: arithmetic error in quadratic discrim-
inant (36 − 4 = 32 ≡ 4, but root extraction
botched); candidate yields wrong answer 433.
Verifier fails. Bandit decreases Ocross advantage
on number-theoretic problems that admit direct
enumeration in the smaller residue space.

What the trace shows. The two key facts are:
(a) the same problem under Otok produces a se-
quence of slightly varied wrong answers that never
escape the integer-enumeration frame, even at high
temperature; and (b) the structural operator Omut

with type-retyping changes the search space from
{1, . . . , 2025} ⊂ Z to Z7, a domain that is 289×
smaller and admits exhaustive verification — a
move that no amount of Otok resampling produces.
(c) Not every structural move succeeds: the Ocross

attempt in iteration 4 shows that radical operators
can still fail on execution, and the bandit policy
learns from this explicitly via the advantage up-
date.

O.4 Brief examples per operator
Type shifting on LiveCodeBench (successful).
R′: T (CAPACITY) = PARAMETER → VARIABLE.
Solution: parametric family of solutions expressed
as O(CAPACITY)-memory algorithms.

Categorical import on LLM-SRBench. R′:
types from INFORMATION-THEORY imported into
a THERMODYNAMICS frame. Solution: an entropy-
based candidate equation matching the ground
truth.

Goal Pareto inversion on NoveltyBench. R′:
G replaced by “maximise least-frequent response
type”. Generations cluster around an under-
represented response category in the backbone’s
typical output distribution.

P Cross-Domain Transfer

To probe whether the operator catalog transfers
across task families, we measure the per-operator
usage frequency (selected by the controller policy
πθ) across the four benchmark families (Table 28).
Conceptual-mutation operators dominate on math
benchmarks, conceptual-crossover operators domi-
nate on creativity benchmarks, and the usage dis-

17991



R noise R

R edit field R′

R1, R2 transplant R′

token

mutation

crossover

Figure 5: Three transformation chains, one per opera-
tor level. Token-level: R is unchanged, output varies
only via decoding noise. Conceptual mutation: one
component of R is edited (here, an assumption flipped).
Conceptual crossover: R′ is constructed from structural
elements of two source representations R1, R2 via cate-
gorical import.

Family Otok % Omut % Ocross % rej. %

Math 28.4 42.1 29.5 7.8
Code 31.7 38.4 29.9 5.6
Creativity 17.6 32.0 50.4 11.9
Discovery 21.5 30.2 48.3 9.7

Table 28: Operator-level usage frequency across bench-
mark families. Rejection % counts radicality samples
rejected by the calibration filter. Conceptual-mutation
operators dominate on math, conceptual-crossover oper-
ators dominate on creativity and discovery.

Method GPU-h/100 Wall (s) Mem. (GB)

Self-Consistency 0.42 18.3 16.4
ToT 0.71 30.9 18.1
FunSearch 1.04 45.2 17.6
PromptBreeder 0.83 36.1 17.2
UoT 0.91 39.6 18.5

TROPE 1.31 56.8 19.7
parser (Φ) 0.05 2.2 —
operator + gen. 0.71 31.0 —
compression score 0.30 13.1 —
distance comp. 0.25 10.5 —

Table 29: Computational cost at matched budget K =
64. TROPE is broken down into the four contribut-
ing stages. Baseline citations: Self-Consistency (Wang
et al., 2022), ToT (Yao et al., 2023), FunSearch (Romera-
Paredes et al., 2024), PromptBreeder (Fernando et al.,
2023), UoT (Suzuki and Banaei-Kashani, 2025).

tribution shifts smoothly with the family: an indi-
cation that the controller adapts to task structure
rather than applying a fixed mixture.

Q Reproducibility Notes

We follow the Responsible NLP Research check-
list; key items below.

Computational cost breakdown. Table 29 re-
ports wall-clock and GPU-hour costs against the

strongest single-level baselines at matched budget
K = 64 on MATH-500. The parser amortizes
over the budget; structural distance dstruct is domi-
nated by a sub-second Sinkhorn solve. Compres-
sion scoring N requires one forward pass through
LMref per candidate, which dominates at large K;
since LMref is smaller than the generator backbone
(Appendix I), the multiplicative factor is modest.

Artifact licences and intended use. All bench-
marks and models used here are publicly re-
leased research artifacts, used for the evalua-
tion purpose their creators intended. The back-
bone and reference models (Qwen2.5-7B-Instruct,
Qwen2.5-3B-Instruct) and the additional refer-
ence models (Llama-3.2-3B-Instruct, Mistral-7B-
Instruct) are distributed under their respective open
model licences; the sentence encoder (Reimers and
Gurevych, 2019) is Apache-2.0. The benchmarks
are used as evaluation sets, which is the use their
papers describe; we redistribute none of them. The
evidence corpus is built only from openly licensed
sources (Wikipedia, arXiv abstracts, public docu-
mentation), and the retrieval index is verified to
exclude benchmark gold answers. Artifacts we re-
lease ourselves — code, operator schemas, prompt
templates, the JSON schema — carry an open li-
cence. No benchmark used contains personally
identifying information to our knowledge.

Model sizes, infrastructure, and package ver-
sions. The backbone is Qwen2.5-7B-Instruct and
LMref is Qwen2.5-3B-Instruct. The backbone-
scale sweep of Table 23 uses a smaller and a larger
open-weight model of the same family; the cross-
family reference models are Llama-3.2-3B-Instruct
and Mistral-7B-Instruct. Exact checkpoint iden-
tifiers and parameter counts for every model are
listed with the released code. All runs use A100
80GB GPUs. The package set and pinned versions
— inference engine, Sinkhorn solver, BM25 im-
plementation, sentence encoder, and the statistical
routines used for the Hill estimator, KS bootstrap
and paired Wilcoxon tests — are pinned in the re-
leased code, together with the random seeds and
launch scripts needed to reproduce every table.

Per-benchmark overhead. Table 30 gives the
overhead of the non-generator stages on every
benchmark at K = 64, averaged over five seeds
on the same accelerator class. Each problem uses
one parser call; the LMref count is one cached cor-
pus baseline plus one score per candidate. For
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Benchmark Parser LMref Tok. Parse+ Peak
calls passes (M) dist. GB

MATH-500 1 65 3.2 0.30 19.7
AIME 2025/26 1 65 3.3 0.30 19.8
USAMO 2025 1 65 3.6 0.32 20.1
LiveCodeBench 1 65 3.1 0.30 20.4
HumanEval+ 1 65 2.9 0.29 20.0
NoveltyBench 1 65 3.0 0.28 19.8
CreativityPrism 1 65 3.1 0.28 19.9
UoT 1 65 3.0 0.28 19.9
LLM-SRBench 1 65 3.5 0.31 20.3
ResearchBench 1 65 3.2 0.29 20.1

Table 30: Per-benchmark overhead at K = 64: parser
calls and LMref passes per problem, scored tokens in
millions, combined parser and structural-distance cost
in GPU-hours per 100 problems, and peak memory.

MATH-500 the parser-plus-distance figure of 0.30
decomposes into 0.05 for parsing and 0.25 for the
structural-distance solve (Table 29).

Code and prompts. All code, operator
schemas, parser prompts, baseline reproduc-
tion scripts, and the full JSON schema are
released under an open license at https:
//github.com/VadimNeuro-lab/Trope.
The supplementary archive contains
prompts/parser.txt, one prompt file
per operator, prompts/generator.txt,
schemas/representation.json,
configs/decoding.yaml, and the retry
and validation rules.

Seeds and variance. All reported main-table re-
sults are means over 5 random seeds; standard er-
rors are reported as subscripts in Table 2 and in full
in Table 15. Paired Wilcoxon tests appear in the
same table.

Compute and energy. Total compute is approxi-
mately 480 GPU-hours on A100 80GB; estimated
energy consumption is approximately 192 kWh
based on average GPU power draw.

Risks. TROPE operates within the safety bound-
aries of the underlying base model and does not
modify alignment-relevant behavior. We do not
introduce new training data or model weights.
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