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Abstract

LLMs have improved at executing well-
specified chains of reasoning but remain weak
at conceptual ideation, which identifies what
is worth reasoning about in the first place. We
cast this as bilevel optimization over (i) a com-
pact hypothesis space © C O¢ and (ii) a point
0 € O, and derive a domain-agnostic prompt-
ing strategy — GENERATE-O! — that makes
hypothesis-space construction an explicit pre-
solving step. On two challenging puzzle do-
mains, GENERATE-O matches or exceeds the
max-thinking variant of the same base model
(Claude Opus 4.6 or DeepSeek-v3.2/v4) and
outperforms reasonable prompting baselines.
These results suggest our method works well in
tasks that are well-represented in the training
set but nonetheless require creativity to solve
new instances. Based on our formalism, we
propose extensions for solving less familiar
tasks as well. Results may provide insight into
strategies learned by “reasoning” models dur-
ing training. Our prompting strategy (or ex-
tensions thereof) could be integrated with RL
training to produce better exploratory data for
reasoning models in ideation-heavy tasks.

1 Introduction

Scientific progress, and ambitious problem solv-
ing, often requires conceptual ideation: looking
at a problem that does not fit a familiar template
and proposing a tractable formulation for it. Galois
proved general results about algebraic solutions to
polynomials by inventing new abstractions that re-
vealed hidden symmetries and groups, leading to
group theory. Maxwell invented classical electro-
dynamics by imagining a hypothetical machine that
could explain the known interactions between elec-
tricity and magnetism, leading to field theory. In
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these and other cases, finding the right formulation
was the principle breakthrough.

Our work here builds on important results in cog-
nitive science. For instance, our characterization
of the problem is consistent with Simon (Simon,
1973), who imagined an outer loop on his General
Problem Solver (Newell and Simon, 1972) that re-
trieved relevant structures from a knowledge bank
and “noticed” ways the problem statement should
be revised in light of the new information. Cog-
nitive historical work provides a complementary
view onto conceptual ideation strategies that lead
to breakthroughs in practice. Nersessian’s analyses
of how scientists and skilled problem-solvers boot-
strap novel problem formulations from old ones
suggest an iterative process based on analogy and
abstraction (Nersessian, 2008). Relatedly, a large
body of work has explored both qualitative and
formal algorithmic accounts of analogical struc-
ture mapping for constructing problem representa-
tions (Gentner, 1983; Hofstadter and Sander, 2013;
Mitchell, 2021; Hofstadter and Mitchell, 1994). Re-
search on “insight” problem solving has examined
the mechanisms that both cause and alleviate im-
passes for the solver on tricky problems, which
involve problem formulation and reformulation
(Ohlsson, 1992; Knoblich et al., 1999).

These lines of work have only begun to make
contact with research on problem-solving in LLMs
(Kargupta et al., 2025). Current LLM-based
agents can be remarkably strong at executing well-
specified chains of reasoning but weak at the
(re)formulation step. Recent empirical work doc-
uments three converging failure modes: LLMs
anchor strongly on the first formulation pre-
sented to them, and existing mitigations such
as chain-of-thought or self-reflection fail to re-
move the effect (Lou and Sun, 2024; Huang et al.,
2025); they under-sample distinct hypotheses, with
temperature-based sampling producing highly re-
dundant rollouts that diversity-promoting interven-
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tions noticeably improve (Wang et al., 2025; Song
et al., 2025); and they exhibit a marked choice-
supportive bias — inflating confidence in their first
answer and sticking with it at rates beyond rational
benchmarks even with no new evidence (Kumaran
et al., 2026).

Prior LLM scaffolding largely targets the sound-
ness of inference chains rather than the construction
of the hypothesis space. Chain-of-thought (Wei
et al., 2022), Self-Consistency, Plan-and-Solve
(Wang et al., 2023), SELF-DISCOVER (Zhou et al.,
2024), STEP-BACK (Zheng et al., 2024), and Re-
Act (Yao et al., 2023b) all assume the correct hy-
pothesis space is already understood. Cognitive-
operation scaffolds are closest in spirit (Ebouky
et al., 2025; Kramer and Baumann, 2025): cog-
nitive prompting sequences human-inspired oper-
ations (goal clarification, decomposition, abstrac-
tion) and even casts the choice of sequence as an
optimization (Kramer and Baumann, 2025). Some
proposed operators could result in hypothesis space
representation but fall short of doing so directly.
Tree- and graph-structured search over reasoning
steps (Yao et al., 2023a; Besta et al., 2024; Hao
et al., 2023) tests individual hypotheses but is not
designed to explore the hypothesis-space itself. Re-
cent hypothesis-generation techniques (Qiu et al.,
2024; Wang et al., 2024) are closely related to ours
in that they show performance benefits to explicitly
generating and testing hypotheses but they do not
explicitly output a representation of the space.

We make hypothesis-space construction a first-
class operation and cast conceptual ideation as
bilevel optimization over a problem instance (x, o),
with z the givens and o : J — R>( a (possibly
implicit) score on answers (lower is better). Let 11
be the space of solution programs 7 : x +— 7(x).
A solver maintains a compact parameter space ©
and a decoder g : © — II, with g(0)(z) the answer
for € ©. Ideally, dim(©) < dim(II) so that
O is tractable. We model the solver as resource-
bounded: a stochastic policy A draws at most B
candidates S = Ap(0©) C O and keeps the best.
To solve a problem, (z, o), the solver chooses both
the space and the point within it,

(5(0:2,0) = Eg. (0| mino(9(0)() |, ()

©*(z,0) = argmin 5(0;z,0), 2)
0C0Oy

where O is the concept library. The budget con-
straints makes the choice of © critical: ©*(z, o)

should be as narrow as possible while still cover-
ing 6. Solvers can also lean on prior experience
to quickly select an effective ©. E.g., LLMs have
strong prior knowledge of our tested domains and
related puzzles, so they can more quickly construct
©* compared to less familiar domains.

From this formalism we derive a four-stage
prompt graph, GENERATE-O: (1) generate vari-
ables — propose O as the variables that define
this class of problem, independent of the instance;
(2) enumerate values — discretize the support of
each axis; (3) generate combinations — enumer-
ate candidate 0’s; (4) a bounded keep-generating
loop. Stages (1)—(2) construct ©*(z, o) (Eq. 2) in
a single pass, approximating the arg min from the
model’s prior rather than iterating it, while stages
(3)—(4) realize the bounded policy A p of the inner
search (Eq. 1), the loop’s budget instantiating B.
To test this approach, we carefully select two dis-
tinct, decoding-style inference puzzles that require
conceptual ideation: cryptic crosswords and few-
shot translation with constructed languages. We
also chose domains where LLM prior knowledge
is strong in order to validate the approach on cases
where one-shot ©* construction is viable.

On our new Minute Cryptic benchmark of cryp-
tic crossword clues (unreleased), GENERATE-O on
a non-thinking Claude Opus 4.6 attains 100% on
the easier subset and 97.6% on the harder subset,
matching or exceeding the max-thinking variant of
the same model (97.7% and 97.6%) and beating
SELF-DISCOVER, STEP-BACK, iterated chain-of-
thought, and a no-strategy baseline. The same pat-
tern holds on DeepSeek v3.2 (chat vs. reasoner).
On a random 50-problem subset of BIG-Bench
Rosetta (few-shot translation), GENERATE-O on
DeepSeek v4-pro ties the max-thinking baseline at
38.0% — ~20 points above all other baselines.

Contributions:

1. An optimization-based formalization of con-
ceptual ideation (Eq. 2) that makes the hypoth-
esis space © a first-class object.

2. GENERATE-O, a domain-agnostic (i.e., no
domain-specific hints), four-stage prompting
scaffold derived from the formalism (Sec-
tion 3.3).

3. Empirical evaluation against four general-
purpose prompting baselines and “reasoning”-
mode backbones on two ideation-heavy
benchmarks (Minute Cryptic and BIG-Bench
Rosetta), spanning three LLM families
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(Claude Opus 4.6, DeepSeek v3.2, DeepSeek
v4-pro).

4. Analyses that jointly disentangle ideation
quality from output volume as drivers of strat-
egy success (Sections 4.2.2-4.2.1).

2 Related Work

Structured prompting. STEP-BACK (Zheng et al.,
2024), Plan-and-Solve (Wang et al., 2023), and
SELF-DISCOVER (Zhou et al., 2024) target the
soundness of inference chains; chain-of-thought
(CoT) (Wei et al., 2022) and its tree- and graph-
structured descendants (Yao et al., 2023a; Besta
et al., 2024; Hao et al., 2023) implement deduction-
oriented search algorithms that are complementary
to GENERATE-O, which can include deduction as
an inner loop for hypothesis testing.

Inference-time scaling and reasoning mod-
els. Recent “thinking” modes (OpenAl, 2024;
DeepSeek-Al, 2025) are trained to allocate large
internal CoT budgets at inference time, and anal-
yses of test-time compute trade-offs (Snell et al.,
2024) show that structured deliberation can rival
parameter scaling and be combined with reasoning-
specific reinforcement learning to improve out-
put quality (Xu et al.,, 2025). We show that
a deliberately simple external scaffold recovers
the non-thinking-to-thinking gap on conceptual-
ideation puzzles, raising the question of whether
reasoning models have implicitly learned a simi-
lar, hypothesis-space construction strategy. While
our results are limited to familiar puzzle domains
amenable to one-step O-generation, they suggest
the possibility of building stronger reasoning mod-
els for novel problem solving, either by characteriz-
ing what productive ideation consists of in algorith-
mic terms or by using more powerful prompting
strategies to bootstrap better exploratory data dur-
ing RL training.

Hypothesis-space search. Wang et al. (2024)
prompt an LLM to propose diverse natural-
language hypotheses then test them as programs
on ARC; Qiu et al. (2024) iteratively refine induc-
tive hypotheses against examples. Both are closely
related to our work, but they generate hypotheses
without explicitly outputting the space.

LLMs on hard puzzle benchmarks. Puzzles
and games have commonly been used to bench-
mark LLMs. Cryptic crosswords specifically have
been studied as a stress-test of LLLM linguistic rea-
soning (Efrat et al., 2021). While solvers have been

developed specifically for cryptic crosswords (An-
drews and Witteveen, 2025), here we target domain-
general strategies, with cryptics as one test case.
Other linguistic puzzles have been studied, includ-
ing remote-associates-style games like New York
Times’s Connections (Todd et al., 2025; Samdarshi
et al., 2024). Video game puzzles have also served
as a rich testbed for concept learning (Ahmed et al.,
2025; Tsividis et al., 2026). Our evaluation do-
mains here are chosen to de-confound logic (correct
application of domain rules to reach valid conclu-
sions) from ideation strategies, and therefore avoid
visuospatial and physical reasoning.

Automated-science / agentic systems. Lu et al.
(2024); Jansen et al. (2026) and related end-to-end
systems operate at the research-pipeline level; our
work targets the ideation primitive any such system
might deploy. Similar to literature reviewed above,
the Al Scientist leveraged hypothesis chaining but
did not generate the hypothesis space itself.

Topology of LLM reasoning. Tan et al. (2025)
apply persistent-homology analysis to reasoning
traces and find that topological features predict
trace quality better than standard graph metrics. We
share their motivation — that the shape of a search
trajectory contains signal — but operationalize it
with a domain-specific coding and information the-
oretic idea-diversity measures.

3 Methods

3.1 Tasks and Datasets

Minute Cryptic. Daily cryptic crossword puzzles
from minutecryptic.com, scraped from Septem-
ber 2025 through March 2026 (186 clues), split
by the puzzle’s published par rating — the aver-
age number of in-site hints a human solver took
— into par-1 (n = 43), par-2 (n = 85), and
par-3+ (n = 58, not used). Each clue is a self-
contained string with a length enumeration; solu-
tions are graded by literal, case-insensitive string
match (e.g., “Fifty-one trillion litres, to be precise
(7)” — LITERAL). Cryptic clues require concep-
tual ideation because the solver cannot simply use
logical deduction to infer the wordplay sub-type
but rather must search over a large inventory of
possibilities (anagrams, hidden-words, containers,
etc.).

BIG-Bench Rosetta. The first 50 problems of
the BIG-Bench Linguistics Puzzles task (Srivastava
etal., 2022). Each problem provides six aligned En-
glish/conlang pairs and asks for the seventh transla-
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tion (e.g., given pairs of the form “other: nu loduqu
zewa ... / English: birds chase the small person”,
translate a new conlang utterance into English).
The task requires the solver to induce the relevant
linguistic dimensions (word order, case marking,
number marking, agreement, etc.), which requires
exploring possible grammars.

Selection criteria. Both tasks require search
over problem formulations before any candidate
solution can be evaluated, both admit short verifi-
able answers, and both allow generation of fresh
instances outside training-set memorization.

3.2 Models

We evaluate three LLM families. Claude Opus
4.6 (Anthropic), two modes: instant (no extended
thinking) and thinking (max extended thinking).
DeepSeek v3.2 via the DeepSeek cloud API:
chat (no reasoning) and reasoner (reasoning on).
DeepSeek v4-pro, two modes (instant, thinking).
DeepSeek deprecated v3.2 API access between
our Minute Cryptic and Rosetta experiments, so
Rosetta results use v4. We did not run Opus on
Rosetta because of API cost constraints.

The per-turn output token budget was 8,192 for
all non-thinking DeepSeek runs, the per-model
maximum for all reasoning-mode runs, and the
provider default for Opus. Temperature was 0.7
throughout. All runs shared the system prompt:
“You are a precise and thorough problem-solver
who is an excellent scientific thinker.”

3.3 Prompting Strategies

All strategies are instantiated as directed prompt
graphs executed by a multi-turn agent. Nodes are
prompt templates; edges define transitions; multi-
turn loops are bounded by a per-edge max_repeats
counter (set to 5 for the keep_generating edge in
all multi-turn strategies). A shared side-channel
subgraph runs after each “solve”-eligible node to
extract a one-line answer and check it against
ground truth; on success, the run terminates
early. This gives every strategy the same answer-
extraction machinery and the same early-stop se-
mantics.

DIRECT Single turn: present the problem, ask for
a solution. No continuation loop.

ITERATED-COT One “solve, think step-by-step”
turn, then up to k£ “you haven’t found the an-
swer yet, keep generating new ideas” continu-
ations.

STEP-BACK Paraphrase the problem into a more
generic, higher-level question, answer that
first, then solve grounded in those principles
(Zheng et al., 2024).

SELF-DISCOVER Four stages: select reasoning
modules from a fixed list of 39; adapt them
to the task; operationalize them into a JSON
reasoning plan; execute that plan (Zhou et al.,
2024). Keep thinking for up to k additional
turns.

GENERATE-O (ours) Two forced phases before
any solving: (i) generate variables (exhaus-
tively generate the variables that define this
class of problem, independent of the instance);
(i1) enumerate values (for each variable, ex-
haustively generate possible values), followed
by (iii) generate combinations (work through
reasonable combinations). Continue (iii) for
up to k additional turns.

Strategies were domain-general except for slight
modifications. Specifically, for Minute Cryptic we
simply noted that the puzzle was a cryptic cross-
word clue, which was only necessary to disam-
biguate a small number of examples that could
be misclassified without additional context. For
Rosetta, we injected a global simplicity prior by
including a sentence in the prompt stating that the
answer should not be overly complex. This was be-
cause, during piloting, we observed that DeepSeek
(under any prompting strategy) often put too much
probability mass on esoteric grammars after ini-
tially failing. We consider this to be an LLM-
specific nuisance factor related to achoring effects
(i.e. doubling down on an initial choice). In addi-
tion, we found that a stricter version of GENERATE-
© prompting was necessary for DeepSeek to ade-
quately follow the strategy on Rosetta, which re-
quired more complex reasoning. Specifically, we
forced hypotheses to be output in a standardized
format; without this restriction, outputs tended to
ignore the initially generated dimensions. Note that
the degree of additional structure was fully in line
with that of SELF-DISCOVER, which requires out-
putting a plan in JSON format. We also note that
we did not systematically test ablations for these
two tweaks, beyond piloting suggesting that the
stricter instructions regarding output format were
more critical. Regardless, all baselines received
the same simplicity prior hint and it is unlikely that
GENERATE-0 would have substantially benefitted
from it in an unfair way.
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3.4 Evaluation Protocol

We run evaluation through a standard task har-
ness, scoring with the same checker the agent uses
for early stopping. We sample three epochs per
problem for all DeepSeek v3.2 runs (Minute Cryp-
tic); single-epoch evaluation for Claude Opus and
DeepSeek v4-pro (due to API cost).

3.5 Per-Facet Idea Coding

To ask not just whether each strategy solves a
clue but how it explored ©, we code solvers’ turn-
by-turn outputs into a faceted idea space, taking
Minute Cryptic par-1 subset as a case study. For
each solver run we extract the complete chain of
outputs, and pass it to a coding LLM (claude-opus-
4-6, temperature 0.3) which is carefully prompted
to decompose the output into ideas. Each idea
commits to up to four facets of the problem:

Parse which substring of the clue is treated as
the definition (position € {start, end, whole,
other}).

Mechanism ordered list of wordplay types, drawn
from a fixed inventory of 13 standard types
(anagram, hidden_word, reversal, container,
deletion, charade, double_def, homophone,
cryptic_def, &lit, acrostic, substitution, let-
ter_selection).

Execution step-by-step instantiation referencing
indicator and fodder substrings of the clue.

Output the candidate answer guess.

A second LLM pass normalizes synonym mecha-
nism names to canonical ones, deduplicates, and
runs simple consistency checks. Ideas are orga-
nized into a hierarchy: idea P is treated as a parent
of idea C' when P’s non-null facets form a strict
subset of C’s with matching values, capturing the
natural refinement relation under which commit-
ting to additional facets specializes a partial idea.
Each leaf node is counted as a distinct hypothesis.

Features. For each (strategy, clue) we compute
per-facet Shannon entropy (parse_entropy,
mechanism_entropy, execution_entropy,
output_entropy), the number of distinct ideas
(n_ideas), and the mean nearest-neighbor Jaccard
distance between idea sets within the strategy
(mean_nn_jaccard). Since the hypothesis space
may be unbounded, we assume a discrete space
spanned by the set of ideas generated across all
solvers. Thus, a solver that discovered most ideas

that other solvers came up with plus new ones
would likely receive the highest entropy score.

4 Results

4.1 Accuracy

Table 1 reports accuracy by strategy, model, and
dataset. GENERATE-O is the best prompt-only
performer in every column, tying the reasoning-
mode DIRECT on par-1/Opus, par-2/Opus, and
Rosetta/DSv4-pro, and slightly exceeding it on the
two DSv3.2 cryptic columns. SELF-DISCOVER
is the second-best prompt-only scaffold — consis-
tent with its long seed-module list plus enforced
JSON structure (an implicit partial formulation
step). STEP-BACK and ITERATED-COT tend to
cluster below the top two on both domains, al-
though all strategies besides GENERATE-O and the
reasoning model performed similarly on Rosetta.

To confirm the accuracy gaps are not sampling
artifacts, Table 1 reports percentile-bootstrap 95%
CIs (10,000 resamples over problems), and we test
each contrast with a paired sign-flip permutation on
the per-problem accuracy difference (GENERATE-
© minus competitor; Holm-corrected within each
model) — which remains valid at small n and is
more conservative than the bootstrap when few
problems discriminate. GENERATE-O significantly
beats DIRECT, ITERATED-COT, and STEP-BACK
in every dataset (+12 to +41 pp, Holm p < .05),
matches the max-thinking baseline (|A| < 3.1 pp,
all n.s.), and ties SELF-DISCOVER on the easier
columns while separating from it on the harder ones
(par-2/Opus +10.6 pp, Rosetta +18 pp, Holm p <
.05). Where GENERATE-O and SELF-DISCOVER
both reach 100% (Opus par-1) the test is power-
limited.

Figure 1 traces cumulative solve rate as a func-
tion of conversation turn. In some cases strategies
appear to asymptote within the budget but not all,
suggesting the ceiling was not always reached.

4.2 'What explains performance?

A possible account of performance differences is
that GENERATE-O simply produces more ideas,
either because it spends more output tokens gen-
erating them, or because more of its ideas land
in useful regions of ©. A second possibility is
that GENERATE-O pursues a qualitatively different
search policy through O, diversifying along the di-
mensions that matter most before committing. But
a key confounder is that harder problems require
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Table 1: Accuracy by strategy, model, and dataset. Best prompt-only result in each column in bold; reasoning-mode
baselines italicised. Subscripts are 95% bootstrap Cls (omitted at the 100% ceiling). n.r. = not run.

MC par-1 (n = 43)

MC par-2 (n = 85)

Rosetta (n = 50)

Strategy Opus-4.6 DSv3.2 Opus-4.6 DSv3.2 DSv4-pro
DIRECT (no-think) 76.7% 163,881  38.8% [27,50] 56.5% 146,671 30.2% (22,38 2.0% 10,61
DIRECT (thinking) 97.7% 193,000  68.2% (571,781  97.6% (94,1001  51.0% [43,59] 38.0% [26,52]
ITERATED-COT 93.0% (84,1001  57.4% 145691  81.2% 17389  40.0% [31.49] 16.0% (6,261
STEP-BACK 93.0% 84,1000  55.8% [43.68] 91.8% 186,98 38.0% 129,471 18.0% 8301
SELF-DISCOVER 100% 68.2% 57791  87.1%180941  47.5% 139,56 20.0% 110321
GENERATE-O (ours) 100 % 609.8% (59801 97.6% 94,1000  54.1% [45.63] 38.0% (26,521
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Figure 1: Cumulative solve rate as a function of turn count (excluding DIRECT, which has no continuation loop).

more search, so stronger strategies will on average
produce more tokens. We organize the remaining
results around three sub-questions that distinguish
these accounts.

4.2.1 Can output length explain the gap?

If accuracy were a monotone function of output
volume, more output tokens would mean more ac-
curacy, and prompting strategy would matter only
insofar as it elicits longer outputs. We present
two observations that speak to this question below,
which together rule out its strongest version.

First, SELF-DISCOVER sometimes uses substan-
tially more output tokens than GENERATE-O but
yields lower accuracy. On par-1/DSv3.2 SELF-
DISCOVER spends 189,320 tokens for 68.2%,

while GENERATE-O spends 125,147 tokens for
69.8%. The token cost / accuracy trade is therefore
likely strategy-specific, not driven by total output
volume alone. Second, we plotted tokens versus es-
timated problem difficulty to compare token-usage
behaviors more systematically. Figure 2 plots, per
strategy, observed output tokens spent on each prob-
lem against an empirical expected token count. For
each problem, we estimated the number of tokens
required to solve the problem by averaging the to-
ken counts across the non-thinking-mode strategies
for a fixed LLM model. In general, we can see
that weaker strategies under-generate compared to
their stronger counterparts (although estimates are
less reliable for harder problem, where only one or
two models managed to solve them). This is con-
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sistent with several possible explanations related
to LLM biases. E.g., LLMs may in some sense
be progress-aware, reluctant to spend more tokens
when little progress is being made. Or, they may
fake answers more on challenging problems, with
fake answers usually being shorter. Consistent with
these, STEP-BACK and ITERATED-COT are more
reluctant to spend tokens relative to the expected
budget on Rosetta (which is harder) as compared
to Minute Cryptic. To interrogate this question
further, we reran ITERATED-COT on Rosetta with
5 additional iterations available to it (“extended”).
Improvement was modest: accuracy rose from 16%
to 22% (8/50 to 11/50 solves), suggesting that ex-
tending the iteration budget on this scaffold has
diminishing returns at this difficulty.

Taken together, we cannot rule out that success-
ful strategies find more solutions in part because
they disrupt certain LLM biases. E.g., GENERATE-
© may be successful in part because its Cartesian
product instruction effectively creates a long to-do
list. Future work should determine the fuller space
of strategies that achieve this effect and whether
ours is particularly effective among these.

4.2.2 Do strategies differ in how they search?

The per-facet coding analysis lets us look at which
ideas each strategy generates, not just how many.
Table 2 reports per-facet Shannon entropy, distinct
idea counts, and mean nearest-neighbor Jaccard
distance for the four non-thinking-mode strategies
on MC par-1. (Fig. 7 visualizes the same data.)
Three qualitatively different ideation profiles
emerge. GENERATE-O front-loads variability on
the prerequisite facets: highest parse-entropy (0.63
vs. < 0.40 for every other strategy) and highest
mechanism-entropy (1.84 vs. < 1.57). It ties for
highest execution-entropy despite generating fewer
ideas overall than SELF-DISCOVER (6.54 vs. 7.40),
and its ideas are the most spread out in idea space
(nn_jaccard 0.82 vs. 0.72-0.79). SELF-DISCOVER
works backward from candidate outputs: highest
n_ideas and highest output-entropy (1.17), but sub-
stantially lower parse-entropy — the extra ideas
inflate the raw count without adding coverage of
the prerequisite facets, consistent with a guess-and-
check pattern. STEP-BACK and ITERATED-COT
both lean into step-by-step formats, parse the clue
once and rarely revisit; they have the lowest parse-
and mechanism-entropy, consistent with the an-
choring failure mode. The accuracy differences
in the coded subset (last row of Table 2) track the

prerequisite-facet entropies more closely than they
track raw idea count, suggesting qualitative differ-
ences in search strategy at least partially determine
outcomes. An illustrative case study — the recon-
structed idea forests for a single clue across all four
strategies — appears in Appendix B (Fig. 6).

5 Discussion

Summary. A deliberately simple, formulation-
first prompting scaffold closes the non-thinking-
to-thinking gap on two conceptual-ideation puz-
zle benchmarks. Analyses suggest the gain is not
driven by output volume alone. Per-facet entropy
analysis shows GENERATE-O explores the prereq-
uisite facets of © more thoroughly than the other
prompt-only strategies, while SELF-DISCOVER ex-
pends its idea budget on output guesses and STEP-
BACK/ITERATED-COT anchor on the first parse.

Backbone capability matters. GENERATE-O
works well on strong recent models (Opus 4.6,
DeepSeek v3.2 chat/reasoner, DeepSeek v4-pro)
but works much less well on weaker LLMs we
tested during development (e.g., “flash” variant
of DeepSeek v4 and earlier DeepSeek versions).
On Rosetta, even DeepSeek v4-pro required the
stricter-formatting instruction to follow the strategy
reliably. This is consistent with the view that disci-
plined hypothesis-space construction is a capability
that has only recently become usable for LLMs; be-
low a threshold, models have too many reasoning
and knowledge failure modes to take advantage.

Reasoning-mode training. GENERATE-O on a
non-thinking model matches or exceeds the max-
thinking variant of the same model, which raises
a possibility worth testing: part of what thinking-
mode training has produced could be internalized
hypothesis-space construction. This invites two
follow-ups. First, if true, neural decoding should
reveal a sequence of variable proposals before so-
lution attempts. Second, continuing to interro-
gate what search algorithms work best for con-
ceptual ideation is an obvious collaboration point
between Al and cognitive science, and explicitly
representing this process provides additional poten-
tial impact when tackling non-linguistic problem
domains, such as strategizing and puzzle solving.
This approach allows for parameters of cognitive
behaviors such as information foraging (Fu and
Pirolli, 2007) to be modeled and learned in diverse
domains.

Outer-loop revision. GENERATE-O assumes
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Figure 2: Observed output tokens vs. expected tokens. Expected tokens F(P) are estimated from instant-variant
runs on solved problems of similar predicted difficulty; failed (filled) and solved (open) markers are overlaid.
Problems unsolved by any strategy are omitted, since their token cost cannot be estimated.

a reasonable © can be proposed up-front; it does  straction, analogy to known problems) as well as
no meta-control over which facet is most worth  integration with specialized reasoning agents that
varying next, and does not explicitly revise © when  return structured failure feedback (proof attempts,
the initial frame is wrong. The natural next steps  code execution, calculations) to drive that revision.
include ©-revision operators motivated by human

. . . Token efficiency. A practical limitation is over-
problem solving (e.g., reasoning-base pruning, ab-

head: GENERATE-O routinely spends more output
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Table 2: Per-facet Shannon entropy, idea counts, and intra-strategy nearest-neighbor Jaccard distance on MC par-1
(DeepSeek-v3.2; mean £ SE across clues). Bold = best in row. “Acc” counts the problems in the coded subset

solved at least once across three epochs.

GENERATE-O SELF-DISCOVER STEP-BACK ITERATED-COT

n_ideas 6.54 7.40 6.28 5.58
parse ent. 0.63 0.40 0.33 0.40
mech. ent. 1.84 1.57 1.22 1.18
exec. ent. 2.06 2.09 1.89 1.70
output ent. 0.63 1.17 0.96 0.98
nn_jaccard 0.82 0.79 0.77 0.72
Acc 30/43 29/43 24/43 26/43

tokens than DIRECT or ITERATED-COT. Internal-
izing the formulation stage — via fine-tuning or
RL — is one direction for reducing this overhead
while retaining the ideation gains.

Limitations

Our results here addressed one isolated facet of
creative ideation, identified by our formalism, and
tested its simplest possible implementation. Specif-
ically, we chose problems where a workable O is
reachable up front due to extensive domain cov-
erage in the training set, side-stepping the need
for a © revision loop. Future work will be needed
to disentangle confounders related to LLM biases
and determine what kinds of extensions may be
needed for more reasoning-heavy domains such
as competition coding or math. More substan-
tially, GENERATE-O is not fully general, as it lacks
hypothesis-space revision. Major extensions will
be needed to produce a strategy that can handle less
familiar domains using O-revision.

Several additional limitations stem from statisti-
cal concerns. First, due to API costs, we were un-
able to run multiple epochs on every dataset, some-
what limiting statistical reliability (although see
our bootstrap tests above, suggesting main effects
are likely real). Second, training set contamination
could have impacted our results in some way. Al-
though it is difficult to know precisely which data
is in frontier model training sets, it is likely that
at least some of BIG-Bench, which contains our
Rosetta task, is in the training sets of all models
we tested. It is less likely that our Minute Cryptic
dataset is in training sets—it is fully past the cutoff
for Opus 4.6 (August, 2025), and at least half of
the puzzles we scraped are after the final release
date for DeepSeek V3.2. (API queries were run
Mar 17-25 2026 (DeepSeek v3.2), Mar 19-Apr
7 2026 (Claude Opus 4.6), and May 12-22 2026

(DeepSeek v4-pro).) Moreover, puzzles beyond
one day old are hidden behind a paywall (and we
have not released our subset), meaning scrapes
would need to be daily to collect all problems. Re-
gardless, our results still showed an intervention
effect despite all prompting strategies receiving the
same potential training-leakage benefit. And re-
sults using Opus 4.6 on Minute Cryptic cannot be
due to training set contamination.

Finally, systematic ablation studies would likely
provide additional insight into why our interven-
tion was effective. For example, which prompting
choices elicit the most effective Ag—do LLMs
rely on reasoning to choose their next hypothesis
given outcomes of previous ones, and if so, does
it need to be externalized in token-space? We con-
ducted preliminary investigations into this question
by testing a variant where the prompt enforced
strict hypothesis chaining with only minimal inter-
vening thoughts allowed. This resulted in worse
performance on the Rosetta task despite more out-
put tokens. However, more thorough investigations
will be necessary to draw strong conclusions and
rule out alternatives.
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Per-strategy tokens vs problem difficulty rank
Difficulty score = mean tokens across family strategies (within-family)
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Figure 3: Minute Cryptic par-1. Output tokens vs. difficulty rank.

Per-strategy tokens vs problem difficulty rank
Difficulty score = mean tokens across family strategies (within-family)
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Figure 4: Minute Cryptic par-2. Output tokens vs. difficulty rank.
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Output tokens

Per-strategy tokens vs problem difficulty rank
Difficulty score = mean tokens across family strategies (within-family)

deepseek family (7 strategies)
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Figure 5: BIG-Bench Rosetta. Output tokens vs. difficulty rank.
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generate-© (9 ideas, solved)

Exclusive school's tall characters expelled by petite pri... [answer: SCOOP /] [step 9/9]
strategy=generate_vars | model=deepseek-chat
treel tree2 tree3 treed o parse
- o @ mechanism

© execution

G = mech: deletion - @ output
def: “petite i P
principal® (end) ans: CHIEF “None” (petite

S exec: -expelled” (schoo

principal)-P 1'5)+5C00; “by" (petite
principal)-P

ans: SCOOP

mech: deletion ~

: charade
mech: deletion agran

- ‘,;“,,ND,,'; s “expelled” (None)-None . oy

ans: SCOOP

self-discover (10 ideas, failed)

Exclusive school's tall characters expelled by petite pri... [answer: SCOOP, solver: ELITE X] [step 10/10]
i | hat

treel tree2 tree3 treed @ parse

© mechanism
® execution
® output

- exec
ans:RELLTE principal” (petite)-p

ans: ELITE

step-back (7 ideas, failed)

Exclusive school's tall characters expelled by petite pri... [answer: SCOOP, solver: ELITE X] [step 7/7]
strategy=step_back | model=deepseek-chat
treel tree2 @ parse
@ mechanism

mech: deletion @ execution

expelled output
by (tall o outp
characters)-ELITE

ans: ELITE

def: “Exclusive

school” (start)

i

exec: "None”(petite

exec: "expelled exec: "expelled principal)-P; pelled pelled
by* (tall by" (tall "expelled by"(tall by" (ta by"(ta
characters)-UPER characters)-SIRE characters)-ELITE characters)-ALHA characters)-PELITE

ans: ELITE

keep-thinking-step-by-step (9 ideas, failed)

Exclusive school's tall characters expelled by petite pri... [answer: SCOOP, solver: ELITE X] [step 9/9]
strategy=keep_thinking_step_by_step | model=deepseek-chat
treel tree2 tree3 treed @ parse
@ mechanism
@ execution

def: ® output

exec: . def: “Exc
“principal” (petite)-P BnsiECITE school” (sta

school”

mech: charade -
mech: deletion deletion

exec: "expelled (petit [f exec: “expelled” (petit
e)-PELE e)-PEIE

mech: deletion

“expelled” (Exclusive

school)~EIE

principal)-P;
"expelled” (PELT)-PE

ans: ELITE

Figure 6: Reconstructed idea forests for all four prompt-only strategies on par-1 problem 16: “Exclusive school’s
tall characters expelled by petite principal” — SCOOP. Wordplay: definition = Exclusive (a news scoop); from
SCHOOL, remove the typographically “tall characters” (H, L) to leave SCOO, then append petite principal (the first
letter of petite, P) to give SCOOP — mechanism: deletion then charade. Panels (top to bottom): GENERATE-O (9
ideas) considers two alternative parses — petite principal as definition (suffix) and Exclusive as definition (prefix) —
and converges on the latter, which matches the gold parse/mechanism/execution in the coding analysis (highlighted
gold); SELF-DISCOVER (10 ideas), STEP-BACK (7 ideas), and ITERATED-COT (9 ideas) all anchor on Exclusive
school as the definition — the salient surface reading — and return ELITE. Node colors encode facet (purple = parse,

orange = mechanism, blue = execution, green = output). All four strategies were run on DeepSeek-chat.
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Strategy Profiles (normalized)

se_entropy —e— generate-O

—eo— keep-thinking-step-by-step
—o— self-discover
—e— step-back

mechanism,

execution_gntre

Accuracy
generate-©: 30/43
keep-thinking-step-by-step: 26/43
self-discover: 29/43
step-back: 24/43

Figure 7: Per-strategy radar profile on MC par-1
(DeepSeek-chat, three-epoch any-correct). Axes are nor-
malised across strategies; the outer ring is the maximum
within-row value. GENERATE-O dominates on prereq-
uisite facets (parse, mechanism) and on idea spread
(nn_jaccard); SELF-DISCOVER dominates on output
entropy and total idea count.

1403



