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1 Motivation

Humans can step back from a problem and examine how they are thinking about it [9, 15].
Apart from solving problems, we can also design procedures for solving them, reason about why
those procedures work, and build confidence in their correctness. This reflective capacity which
enables automation underlies much of mathematics and computer science, where progress often
comes from turning informal problem-solving skills into explicit algorithms.

Recent advances in Al have shown that automated problem solving can also be achieved
by processes that are largely opaque. When a process is not interpretable, it cannot be
inspected, and systematically improved, even if the final answer can be checked. In human
terms, producing good outcomes without access to the generative mechanism resembles what
we often call creativity.

A recurring theme in math and CS is the "automation of creativity": taking what looks like
inspired trial-and-error and converting it into a systematic procedure. Our goal is to bring this
paradigm to large language models. Rather than relying on an LLM’s reasoning to produce
an answer, we want the model to externalize its problem solving into an explicit mechanistic
procedure, which is much more efficient to run than the LLM itself.

2 The Proposed Approach

We propose a four-stage pipeline that extracts explicit, executable procedures from opaque LLM
problem solving traces. In the discovery stage, the model is allowed to solve a target class of
problems through its usual reasoning, producing solution traces that are otherwise discarded.
These traces are then subjected to extraction, in which recurring sub-procedures are isolated as
candidate algorithmic components [8, 3]. Formalization renders the candidates as code, and
testing evaluates them on held-out instances to confirm that the explicit procedure reproduces,
and where possible surpasses, the implicit behavior it was distilled from. Iterating this loop is
intended to yield a growing library of reusable building blocks rather than ad hoc one-off scripts.

The pipeline is reflective in the sense that the LLM both generates the traces and participates
in their analysis [17, 23, 1]. This dual role lets the model surface intermediate decisions that
would otherwise remain internal, turning a successful but opaque problem-solving episode
into an object of study. Although our initial experiments target mathematical reasoning, the
methodology is not specific to mathematics; it applies to any domain in which the gap between
informal expertise and a formal procedure is the dominant source of difficulty. A further benefit
of producing explicit artifacts is that they can be composed with conventional symbolic tools,
including proof assistants and decision procedures, providing a concrete interface between learned
and verified components [22, 25, 5].

Once a reliable explicit procedure has been obtained, the question becomes how to integrate it
back into the model so that the procedure is invoked when appropriate. We treat this as a problem
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of sparse adaptation: the model’s general reasoning ability should be preserved, while specific
sub-tasks are delegated to external components. We consider two complementary mechanisms.
In-context learning exposes the procedure through demonstrations or tool descriptions, leaving
the weights untouched [4, 7]. Sparse fine-tuning tries to adjust the weights of the model in
such a way that it rewires it only at the segments where the sub-procedure occured while
leaving the rest of the behaviour intact [21, 20, 24]. We study and compare several ways of
fine-tuning including fine-tuning external memory modules which can gate the model at specific
points [12, 16, 2] and low-rank finetuning methods which update only a small subspace of the
model’s parameters [13, 6, 11].

Taken together, the extraction pipeline and the integration mechanism describe a hybrid
architecture in which the LLM contributes flexible, open-ended reasoning, while a library of
explicit procedures, derived from its own traces, handles the steps where correctness and efficiency
are most consequential.

The experimental results evaluated on AIME problems [18, 19, 10] and the OpenR1-Math-
220k dataset [14] will be presented at the workshop.
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