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Abstract

Despite their impressive performance on com-
plex tasks, current language models (LMs)
typically operate without retaining insights
from previous attempts. Here, we present Dy-
namic Cheatsheet (DC), a lightweight frame-
work that endows a blackbox LM with a per-
sistent, evolving memory. Instead of repeat-
edly re-discovering the same solutions and mis-
takes, DC enables models to store and reuse
accumulated strategies, code snippets, and gen-
eral problem-solving insights at inference time.
This test-time learning enhances performance
substantially across a range of tasks without
needing explicit ground-truth labels or human
feedback. Leveraging DC, Claude 3.5 Sonnet’s
accuracy more than doubled on AIME once it
began retaining algebraic insights across ques-
tions. GPT-40’s success on Game of 24 jumped
from 10% to 99%, and DC achieved 9% gains
on knowledge-demanding tasks like GPQA and
MMLU-Pro. Crucially, DC’s memory is self-
curated, focusing on concise, transferable snip-
pets rather than entire transcripts, avoiding con-
text ballooning. Unlike fine-tuning or static
retrieval methods, DC adapts LMs’ problem-
solving skills on the fly, without modifying
their underlying parameters, and offers a practi-
cal method for continuously refining responses
and cutting routine errors. Overall, our find-
ings present DC as a promising approach for
augmenting LMs with persistent memory.'

1 Introduction

Modern large language models (LLMs) can tackle
complex reasoning tasks, answer various questions,
and generate extensive texts. Yet they still suf-
fer from one critical limitation: once deployed,
these models are fixed prior to deployment and typ-
ically retain no explicit or implicit memory of past
questions, successes, or mistakes during inference.
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They approach each new problem de novo, often re-
deriving the same insights—and re-committing the
same errors. In contrast, human cognition stands
on a foundation of incremental learning, continu-
ously internalizing new experiences and solutions
into a persistent mental model.

In this work, we present Dynamic Cheatsheet
(DC), a simple and intuitive framework that en-
dows black-box LL.Ms with a persistent, evolving
memory at inference time. Rather than fine-tuning
weights (for instance, through dynamic evalua-
tion (Krause et al., 2019) or domain adaptation (Gu-
rurangan et al., 2020)) or retrieving facts from a
massive static corpus (as in traditional retrieval-
augmented generation systems (Guu et al., 2020;
Zhang et al., 2024b)), DC dynamically curates
a compact library of reusable strategies, solution
sketches, and code snippets. Either before or af-
ter each query, DC enables the system to decide
which lessons to store, what to discard, and how to
refine existing entries—thus effectively “learning”
from successes and failures. It is a flexible online-
learning approach that enables a black-box LLM to
improve itself without needing any explicit ground
truth labels or human feedback.

The overall workflow of DC is intuitive and com-
pelling. In one version of DC (DC-Cu.), when
presented with a new query, the LM first consults
its external memory to see if any prior insights,
strategies or relevant model solutions have been
stored. It then proposes a solution by combining
the retrieved insights with its own internal reason-
ing capabilities. Upon generating an answer, it
proceeds to a curation phase that updates the mem-
ory: If the solution seems to be correct, useful, or
practical, DC codifies it in its memory for future
use; if an error surfaces, DC may revise or prune
faulty heuristics. This all happens without gradient
updates, so computational overhead remains mod-
est, and compatibility with black-box APIs (e.g.,
GPT or Claude) is fully preserved. See Figure 3.
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Figure 1: Comparison of different baselines and Dynamic Cheatsheet (DC) variants on challenging reasoning benchmarks,
including AIME exams and GPQA-Diamond. Baseline represents standard prompting with minimal guidance, while DC-()
(a stronger baseline) contains explicit structured instructions for problem solving and Python execution but lacks a memory
component. Our proposed DC-Cu and DC-RS variants incorporate an evolving memory for inference-time learning. Results
(accuracy, %) demonstrate substantial improvements, with Claude 3.5 Sonnet gaining 27% on AIME 2024 and 30% on AIME
2025 under DC-Cu. In Game of 24, GPT-40 leaps from 10% (baseline) to 99% under DC-RS. Similarly, Claude 3.5 Sonnet’s
accuracy more than doubles in Math Equation Solver, reaching 98%.

We tested DC across multiple challenging bench-
marks and observed that it increases performance
and reduces repetitive mistakes. On AIME 2024,
Claude 3.5 Sonnet jumped from 23% to 50% accu-
racy, more than doubling its baseline score, by re-
taining algebraic and combinatorial insights. Like-
wise, it gained 30% accuracy on AIME 2025. No-
tably, these gains hold in knowledge-intensive tasks
as well. On GPQA-Diamond, which tests special-
ized domain questions, DC lifted Claude by over
9%. In MMLU-Pro Engineering and Physics, it
provided up to an 8% boost in performance by
allowing the model to maintain a “toolkit” of for-
mulas and general problem-solving patterns.

An even more striking and compelling example
is the Game of 24, a puzzle that requires the solver
to combine four digits into an arithmetic expres-
sion equaling 24. GPT-40’s baseline performance
(10%) increased to 99% under DC. Early in the test
sequence, the model discovered that an efficient
Python brute-force solver eliminated all manual
guesswork. Once this snippet was stored, GPT-40
simply retrieved it for subsequent queries, avoiding
manual arithmetic entirely.

Nonetheless, DC is not a panacea. We found that
smaller models, such as GPT-40-mini, benefit from
DC in limited amounts. These models generate
too few correct solutions in these challenging tasks
in the first place, leaving the memory populated
with flawed or incomplete strategies. Worse, they
struggle to refine stored content. DC can empower
models that can already produce high-quality out-
puts, but not fix foundational gaps in reasoning.

We also note that DC differs from naive “append
the entire conversation history” in-context learning
methods. Under DC, memory is continuously cu-
rated, focusing on succinct and useful knowledge
over raw transcripts. This prevents ballooning con-
text lengths (Liu et al., 2024a) and helps ensure
that repeated retrieval remains tractable. Indeed,
part of DC’s contribution is in designating a mech-
anism for selective, evolving retention—storing
just enough to solve the next set of tasks without
drowning in an ever-growing buffer. Cf. (Karpicke
and Roediger III, 2008; Roediger and Butler, 2011;
Karpicke and Blunt, 2011)

2 Dynamic Cheatsheet (DC) Methodology

DC includes an external, non-parametric mem-
ory that evolves in tandem with the LLM’s infer-
ence process. Rather than fine-tuning the weights,
DC tracks successes and failures of the model at
test time, then selectively stores heuristics, strate-
gies, or insights that can guide the LLM in fu-
ture instances. Notably, this approach respects the
black-box nature of many commercial LLM APIs:
no gradient-based updates are required, and the
model’s core parameters remain untouched.

2.1 DC: Building Blocks and Iterative Loop

The DC framework consists of two core modules:
generation and curation. Both modules can easily
operate on top of the same LM (prompted differ-
ently) or on separate LMs.

Solution Generation with Memory. Let’s con-
sider a sequence of inputs (x1, z2, ..., Z,), where
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each x; ~ Dy indicates a new query or problem
posed to the model sampled from the same dis-
tribution Diest. The distribution Diegt 1S unknown
to us. At the -th step, the model is provided with
both the new query x; and the current memory state
M;, which captures knowledge gleaned from previ-
ous successes and failures. We denote the solution
generator by Gen:

gji = Gen(xi,Mi) (1)

Here, y; is the candidate solution produced by the
model. M; helps condition the model to reuse or
adapt previously stored solutions, insights, tech-
niques, or heuristics.

Memory Curation Step. After the generator
produces its answer ¥; to x;, the curator, Cur, up-
dates the current memory:

M1 = Cur(M;, x4, ;) ()

During memory curation, Cur mainly considers:
(1) the usefulness and generalizability of the newly
produced answer (i.e., if y; is correct or provides
valuable and generalizable insights, it is distilled
into a form suitable for later reference), (ii) refine-
ment or removal of existing memory entries (i.e., if
an existing memory entry was incorrect or super-
seded by a more efficient or versatile strategy, Cur
may remove or update it), and (iii) clarity and com-
pactness of the entire memory (i.e., memory entries
are consolidated to retain succinct, high-impact
references and heuristics).

Cur does not have access to ground-truth labels;
s0, it has to assess the correctness and efficiency
of the solutions by itself before updating the mem-
ory. In our experiments, we instruct a single model
to perform this crucial step. Yet, in practice, Cur
can be implemented as a series of steps that in-
struct multiple tools and models, through different
prompts, to verify the validity and efficiency of
the solution and to transform the raw solution text
into even more generalizable, reliable, and efficient
strategies, insights, and code snippets.

We refer to this version of DC above as DC-
Cu (short for DC-Cumulative). Under DC-Cu, the
system first performs solution generation based on
the current memory (Eqn. 1) and then updates the
memory (Eqn. 2), by cumulatively expanding and
refining the memory items thus far. Unlike DC-RS,
which is discussed in the next part, DC-Cu, does
not contain a retrieval component, however.

2.2 DC with Retrieval & Synthesis (DC-RS)

DC-Cu has two potential drawbacks. First, it up-
dates the memory after processing an input query,
rather than refining it before generating a response.
This means the model lacks the opportunity to in-
corporate new insights from the current query while
reasoning through its solution. Second, DC-Cu
does not store or revisit past input-output pairs un-
less explicitly retained in memory. This omission
prevents the model from directly retrieving and
leveraging historical responses, which can be par-
ticularly valuable in benchmarks covering diverse
topics or domains (e.g., GPQA-Diamond).

To address these issues, DC-RS modifies the
sequence of memory updates and introduces a re-
trieval mechanism, Retr, into the curation process.
Retr allows the model to retrieve the most relevant
past input-output pairs from its knowledge base.
By refining the memory before responding and re-
trieving prior cases when needed, DC-RS enhances
the model’s adaptability and reasoning efficiency.

DC-RS first retrieves” top-k most similar inputs,
along with their model-generated outputs, from
previously seen examples, which we denote by
Rz(k) (or simply R;).> It then passes these select
examples, R;, along with the most recent memory
content, M;_1, to the curator to update the memory,
that is to get M;. Finally, it uses the generator to
produce y;, given x; and M.

R; = Retr(zs, {(z5,95) }j<is k) 3
M; = Cur(M;_1,z;, R;) “4)
:l]i = Gen(:):i, Mz) (5)

2.3 Baselines

(1) Baseline prompting (BL). This vanilla method,
with minimal instructions, prompts a model with-
out any memory or retrieval mechanism. It reflects
traditional one-off inference.*

(2) DC-0) (empty memory). This DC baseline al-
ways keeps the memory empty to isolate the effect
of memory curation.’ DC-() allows us to measure

2Using OpenAlI’s text-embedding-3-small

3We set k to 3 in all our experiments. (other k values did
not show significant gains.)

*Refer to Figure 9 for the full prompt used in BL. We
tested 0-shot CoT (Kojima et al., 2022) in our experiments,
but it did not yield any gains (Arcuschin et al., 2025); hence,
we did not include it as a baseline method in our experiments.

>We adopt the generator prompt template used in DC-RS,
namely Figure 10, for DC-(), though we replace the memory
placeholder with the text “(empty cheatsheet)”.
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BL (Baseline)

1: forie[l,..., n| do
2: 7i = Gen(x;)
3: end for

cforiel,..., n| do
M;=0

7 = Gen(x;, M;)
: end for

EolR o

1: My« 0 > M

2 foriell,..., n] do 1: Mo+ 0

3 R; =Retr(z;, {(x;,7;)}j<i, k) > Retrieve 2: forie(l,..., n] do

4: M; = Cur(M;_y,z;, R;) > Memory cur 3: ¥i = Gen(z;, M;_1)

5: Ji = Gen(x;, M;) > Solution gener 4: M; = Cur(M;_y, i, i)
6: 5

end for : end for

FH (Full History)

1: foriel,..., n| do

> Empty men 2 M; = Concat({(x;,7;)}j<i)
> Solution generatior 3 7 = Gen(z;, M;)
4: end for

DR (Dynamic Retrieval)

1: forie(l,..., n| do

2 R; =Retr(zi, {(zj,7)}j<i k)
> Solution generati 3 M; = R; > Memory conta
> Memory curatior 4: Ui = Gen(x;, M;)

5: end for

Figure 2: Dynamic Cheatsheet (DC)-based approaches. Gen represents the solution generator model, Cur the memory curator,
and Retr the retriever. We use the same LLM for generation and curation with different prompts. Retrieval ranks historical
inputs by cosine similarity, selecting the most relevant examples and solutions.
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Figure 3: Illustration of Dynamic Cheatsheet (DC-Cu).

how much performance gain comes purely from
storing and reusing knowledge over time. While
there is no continuous knowledge storage or strat-
egy reuse, this method follows the instructions in
Figure 10 and is a strong baseline.
(3) Full-History Appending (FH). This is a naive
approach that appends the entire conversation his-
tory to the model input without any curation or
truncation.® FH can exceed context-window limits
and include redundant or low-value information,
but nonetheless, it provides a useful comparison
for methods that actively curate content.’
(4) Dynamic Retrieval (DR). This uses retrieval
but no curation. Specifically, for each new query,
it retrieves the most similar past interactions and
directly pastes them, verbatim, into the prompt. DR
can help the model see relevant input-output pairs
but not directly codify any abstract .®

Figure 2 contains pseudocodes of all the primary
methods and baselines considered in this paper.

3 Experimental Setup

To rigorously evaluate DC'’s efficacy, we focus on
challenging tasks where contemporary state-of-the-
art LLMs, such as GPT-40 and Claude 3.5, still

We consider and test this baseline only on AIME 2024
and AIME 2025, which are relatively small in their size (each
contains 30 examples) compared to other benchmarks.

"We use the generator prompt template in Figure 10 again,
but include the entire raw input-output pairs from the previous
steps in the memory.

8FH is similar to DR, but we include only a select (most
relevant) input-output pairs in the memory content.

face limitations. Rather than evaluating on bench-
marks where performance is near saturation (e.g.,
BBH (Suzgun et al., 2023b), MGSM (Shi et al.,
2023), GSMS8K (Cobbe et al., 2021)), we priori-
tize tasks that demand multi-step reasoning, heuris-
tic search, strategic adaptation, and cumulative
learning—tasks where iterative memory refinement
can yield tangible gains over time.’

Overall, the selected datasets include algorith-
mic, logical, and domain-specific reasoning tasks,
each chosen to stress-test the model’s ability to
refine its reasoning over time.

(a) AIME 2020-2025 Exam Questions: AIME
is a prestigious high-school competition featuring
complex problems across algebra, combinatorics,
number theory, geometry, and probability. These
questions require deep mathematical reasoning and
multi-step problem-solving. We consider three sub-
sets: AIME 2024 (30 questions), AIME 2025 (30
questions), and AIME 2020-2024 (133 questions).

(b) GPQA-Diamond (Rein et al., 2024): GPQA-
Diamond contains 198 expert-validated questions
across sciences, including biology, chemistry, and
physics. These questions were correctly answered
by domain experts but often missed by non-experts,
making them ideal for evaluating DC’s ability to
handle complex, multi-hop reasoning tasks.

(c) Game of 24 (Yao et al., 2023; Suzgun and
Kalai, 2024): A heuristic-driven arithmetic chal-
lenge where the objective is to form an expression
that evaluates to 24 using four given numbers ex-
actly once. For instance, if the input values were
“778 11, one valid answer would be “8*(7+7-11).”
This task emphasizes systematic search, strategic
reasoning, and pattern recognition. We use the 100
examples from (Suzgun and Kalai, 2024).

(d) Math Equation Balancer: Focused on ele-
mentary arithmetic reasoning, this dataset requires
the model to complete equations by inserting the

"We release all the original input-output pairs in our code-
base and in the Supplementary Materials.
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appropriate operators to form valid expressions.
The task emphasizes the sequential placement of
operators, as illustrated by the example “1 ? 2 ?
3 =6,” where the model must identify the correct
operators to satisfy the equation (“1 +2 + 3 =6”
or “l1 * 2 * 3 =6"). We compiled 250 arithmetic
expressions for this task.

(e) MMLU-Pro Physics & Eng. (Wang et al.,
2024b): This is a professional-level subset of the
MMLU benchmark focused on physics and engi-
neering. All questions are presented in a multiple-
choice form. The original dataset contains 1,299
physics and 969 engineering questions. We sam-
pled 250 questions from each subset.

We evaluate the efficacy of DC across a range
of models. Our selection includes both recent
LLMs such as GPT-40 and Claude 3.5 Sonnet and
their smaller-scale counterparts (GPT-40-mini and
Claude 3.5 Haiku), as well as reasoning models
such as DeepSeek R1.

4 Main Results

4.1 DC enables test-time learning and reduces
repetitive errors

One of the most compelling illustrations of DC’s
capabilities emerges from the Game of 24 task. As
seen in Table 1, GPT-40’s baseline accuracy on this
arithmetic puzzle was just 10%. Under DC-RS, its
accuracy increased to 99%), illustrating DC’s capac-
ity for test-time learning and iterative refinement.
Early in the task sequence, GPT-40 discovered a
reliable, Python-based brute-force method to solve
Game of 24 and later on recognized the repetitive
structure of the problem. The model then encoded
this approach into its memory. Once established,
GPT-40 consistently retrieved and applied the more
or less same Python solution for subsequent exam-
ples, leading to rapid and accurate results.

The performance under DC-{) further highlights
the positive impact of memory curation and re-
trieval. DC-() uses the same core generator but
keeps the memory empty, thus lacking the mecha-
nism to store and reuse solutions. The large gap be-
tween 19% (DC-()) and 99% (DC-RS) confirms that
effective memory usage, in which past solutions
are retrieved and generalized, is the main driver
of GPT-40’s transformation from ad-hoc solver to
near-perfect performer in Game of 24.

In contrast, Claude 3.5 Sonnet showed marginal
gain, moving from 12% to 14%. Despite DC’s
scaffolding, Claude didn’t internalize a general ap-

proach but instead continued to rely on manual
arithmetic solutions. This underscores that while
DC provides the framework for test-time adapta-
tion, its success hinges on the model’s capacity to
identify and encode robust, reusable strategies.

4.2 DC provides substantial gain across
various challenging reasoning tasks

Beyond Game of 24, DC yielded significant gains
across a range of complex tasks. See Table 1. The
results below illustrate how iterative solution reuse
can helpful in complex reasoning problems.

AIME Exam Problems. The AIME exams pro-
vided some of the most dramatic improvements
under DC. For Claude 3.5 Sonnet, performance
on AIME 2020-2024 surged from 6.7% to 40.6%
under DC-RS. A similar upward trend appeared
on AIME 2024 (23.3% to 50.0%) and AIME 2025
(6.7% to 36.7%) under DC-Cu. DC-Cu, where the
model curates memory after processing the input
and does not involve a retrieval stage, also proved
potent in recent exam sets, achieving highest accu-
racy scores in AIME 2024 and 2025. GPT-40 also
showed some noteworthy gains. Its AIME 2024
performance raised from 20.0% to 40.0% under
DC-RS, while its AIME 2025 score climbed from
6.7% to 20.0%. These boosts suggests that struc-
tured test-time-produced memory can help tackle
difficult math problems.

GPQA-Diamond. On GPQA-Diamond, Claude
3.5 Sonnet improved from 59.6% to 68.7% un-
der DC-RS, a robust 9.1% gain purely from test-
time adaptation. DR (63.6%) demonstrated that
retrieval alone helps, but the further jump to 68.7%
highlights how memory curation and synthesis can
yield additional benefits. By contrast, GPT-40 ex-
perienced only a slight increase from 57.1% to
58.1% with DC-RS; our quantitative analysis of
the model’s outputs and memory showed us that re-
trieval can, in some cases, introduce confusion, es-
pecially if suboptimal examples are recalled. This
contrast between different models underscores how
the success of retrieval-based adaptation partly de-
pends on model-specific generation and curation
capabilities.

Math Equation Balancer. As Table 1 shows,
the baseline performance for Claude 3.5 Sonnet
(44.8%) rose to 98—-100% with DC-RS and DC-Cu,
while GPT-40 similarly improved from 50.0% to
near-perfect accuracy (99—-100%). As observed in
Game of 24, the models quickly learned an algo-
rithmic or Python-based balancing routine, stored
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Tasks Claude 3.5 Sonnet GPT-40
BL DC@ DR DCCu DCRS| BL DCH DR DC-Cu DCRS

AIME 2024 233 3677 433 50.0 46.7 20.0 367 26.7 36.7 40.0
AIME 2025 6.7 233 233 36.7 30.0 6.7 10.0 10.0 16.7 20.0
AIME 2020-24 6.7 30.1 39.1 38.4 40.6 9.8 24.1 241 20.3 24.8
Game of 24 120 100 11.0 14.0 14.0 10.0  19.0 6.0 93.0 99.0
GPQA Diamond 59.6 60.1 63.6 61.1 68.7 571 57.1 551 58.1 57.1
Math Eqn. Balancer 44.8 564 604 100 97.8 50.0 83.0 100 100 99.2
MMLU Pro Eng. 612 572 652 66.8 67.6 532 516 488 44.0 51.2
MMLU Pro Physics 74.0 756 804 77.6 82.0 75.6  70.8 75.6 70.4 75.2

Table 1: Performance comparison of Dynamic Cheatsheet (DC) for Claude 3.5 Sonnet and GPT-40 across multiple benchmarks.
BL (Baseline): standard inference without memory; DC-() (Empty Memory): includes structured problem-solving and explicit
tool-use instructions but no memory; DR (Dynamic Retrieval): uses retrieval but lacks memory updates; DC-Cu (Cumulative
Memory): iteratively accumulates model solutions but lacks retrieval; and DC-RS (Retrieval & Synthesis): combines retrieval
with memory refinement/synthesis. These results highlight accuracy gains under DC: Claude Sonnet’s AIME 2024 accuracy
jumps by 27% under DC-Cu, and GPT-40’s Game of 24 accuracy leaps from 10% to 99% under DC-RS.

it in external memory, and repeatedly retrieved it,
achieving exceptional consistency once the core
method was established.

MMLU-Pro Tasks. For MMLU-Pro Eng. and
Physics, Claude exhibited consistent gains, rising
by up to 8.0% in Physics (from 74% to 82%).
Our analysis of the memory shows that Claude
temporarily stored and retrieved compact “refer-
ence guides” on engineering and physics princi-
ples, which might have proved beneficial for the-
matically similar questions. GPT-40, on the other
hand, observed slight decreases from the baseline
on these tasks, suggesting that domain complexity
and baseline knowledge gaps may attenuate DC’s
benefits if curated memory is less reliable or con-
sistent.

4.3 Memory curation fosters generalization

Whereas FH simply appends every previous dia-
logue turn into the prompt, DC actively filters and
synthesizes high-value content. As shown in Ta-
ble 2, Claude under FH reached 26.7% accuracy in
2024 questions, while DC methods hit 50.0%. Sim-
ilarly, GPT-40 managed a baseline of 20.0% but fell
to 6.7% using FH, in direct contrast to 40.0% with
DC-RS. Excessive uncurated input-output pairs can
not only overwhelm the model’s context window,
dilute crucial insights and hamper retrieval effi-
ciency, but also significantly increase inference
costs over time. On the other hand, DC’s selective
memory curation ensures that problem-solving tips
or code snippets remain readily accessible without
clutter, thus facilitating more robust and consistent
improvements across consecutive queries.

4.4 DC fosters efficient tool usage

A successful behavior under DC is the LLMs’ in-
clination toward code generation to handle compu-
tationally intensive tasks. GPT-40’s near-complete

Cumulative Accuracy for Baseline and DC Approaches on GPQA Diamond
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Figure 4: Cumulative performance progression under DC for
GPQA-Diamond (left) and Game of 24 (right). In GPQA-
Diamond, Claude 3.5 Sonnet steadily improves as it accumu-
lates relevant knowledge snippets (first few points are noisy
as y measures cumulative accuracy). Meanwhile, in Game
of 24, GPT-40 rapidly gets near-perfect performance once it
recognizes a Python-based solution.

reliance on Python scripts for Game of 24 exempli-
fies this shift. Rather than performing manual arith-
metic repeatedly, GPT-4o0 recognized that code-
based brute force is more systematic. It generated,
stored, and iteratively refined a Python function
that tested permutations of numbers and operations,
allowing it to solve each instance of Game of 24
with high accuracy. This inclination toward automa-
tion illustrates DC’s potential to nurture efficient
tool-usage: the capacity to recognize when exter-
nal tools (e.g., Python, symbolic math engines, or
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dedicated solvers) are more robust than internally
verbalized chain-of-thought calculations. While we
restricted the scope of tool usage to Python inter-
preter in this study, future expansions could easily
explore a broader suite of tools, potentially ampli-
fying LLM performance in specialized domains
such as computational biology or legal research.

4.5 Model scale impact DC effectiveness

Our current results indicate that the effectiveness of
DC is strongly tied to the model’s scale and under-
lying generative capacity. While Claude 3.5 Sonnet
and GPT-40 showed notable gains across multiple
tasks under DC, Claude 3.5 Haiku and GPT-4o0-
mini, showed limited and inconsistent gains. Ta-
ble 4 (Appendix), for instance, shows that Claude
3.5 Haiku achieved moderate gains under DC, with
its accuracy on AIME 2024 rising from 10.0%
(baseline) to 36.7% under DC-Cu. Gains on AIME
2025 were weaker, reaching only 13.3% under DC-
() and DC-Cu. Interestingly, GPQA-Diamond saw
an improvement from 43.4% to 49.0% under DC-
RS, suggesting that retrieval-based adaptation still
provides utility in smaller models.

That said, GPT-40-mini (Table 4) showed even
smaller gains, with some variants leading to slight
declines in performance. On AIME 2024, DC-
() provided a 20.0% boost, but both DC-Cu and
DC-RS performed worse than baseline. AIME
2025 showed a minor improvement, peaking at
16.7% under DC-RS. On GPQA-Diamond, GPT-
4o0-mini’s performance, however, remained largely
stagnant or slightly declined under memory-based
adaptation, suggesting that it struggled to leverage
stored information effectively. These imply two
drawbacks of smaller models under DC:

(a) Generative competence. For DC to be effec-
tive, the base model must produce correct solutions
with sufficient frequency to populate the memory
with high-quality, reusable strategies. Smaller mod-
els, such as GPT-4o0-mini and Claude 3.5 Haiku,
generate correct solutions less reliably, leading to a
sparse or low-quality memory repository. So, itera-
tive refinement stalls because the stored knowledge
consists mostly of incorrect or partial attempts.

(b) Contextual and memory curation limita-
tions. Smaller models struggle with long-context
understanding/generation and memory retrieval,
leading to inefficient or irrelevant memory usage.
Unlike their larger counterparts, which can more
effectively retrieve and synthesize solutions from
stored heuristics, smaller models often fail to re-

trieve the most relevant past solutions or misapply
retrieved knowledge to new problems. This re-
sults in inconsistent performance under DC-RS,
particularly in tasks requiring complex reasoning
or strategic adaptation.

4.6 Test-time task similarity and example
ordering can amplify DC’s overall impact

Another central insight is that DC thrives when
test examples share structural similarities. In both
Game of 24 and Math Equation Balancer, once
GPT-40 identified an efficient solution, it reused
it consistently for subsequent tasks. Similarly, in
AIME, discovering a geometry or combinatorics
strategy allowed for easy transfer across questions
of analogous structure. Consequently, tasks ar-
ranged to present related questions early may ac-
celerate and improve the model’s test-time learning.
This suggests that curriculum-style learning (Ben-
gio et al., 2009), where simpler or archetypal prob-
lems are presented first to build a repository of valid
heuristics, may potentially bootstrap performance.
Cf. (Lopez-Paz and Ranzato, 2017; Zelikman et al.,
2022; Chen et al., 2024)

5 Limitations & Additional Discussion

Reasoning and information efficiency. One key
insight is that DC reduces the need to “reinvent the
wheel” for each query. By encoding and reusing
well-established techniques (e.g., Python-based
solving for Game of 24), models can bypass re-
peated rediscovery of the same strategies. This
significantly cuts down reasoning overhead and to-
ken usage in subsequent queries, though the initial
cost of discovering a robust approach and curating
it remains non-trivial.

DC performs better than majority voting
(MYV). To test if DC provides advantages over con-
ventional MV at inference, we also tested Sonnet
on AIME 2024 and 2025 using both approaches.
MYV, which selects the most common answer from
three independent generations, yielded no improve-
ments over single-shot inference. As seen in Ta-
ble 3, on AIME 2024, MV performed identically
to the baseline (23.3%), while on AIME 2025, it
remained at 6.7%, offering no tangible gain. Even
with DC-(), MV slightly underperformed (33.3%
vs. 36.7%). In contrast, DC-Cu outperformed
MYV, reaching 50.0% on AIME 2024 and 36.7%
on AIME 2025. Unlike MV, which passively aggre-
gates outputs, DC actively refines knowledge over
time, eliminating errors and improving solution
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quality. This confirms that memory-based adap-
tation is far more effective than simple statistical
voting in complex reasoning tasks.

Clustering of errors and corrections. Our ex-
periments suggest that errors and their corrections
often cluster in a latent embedding space. See Fig-
ure 7. Once a model acquires a high-quality heuris-
tic for a cluster of related queries, it can apply this
knowledge to tightly embedded neighbors. How-
ever, faulty heuristics that slip into memory can be
equally amplified. Ensuring that the memory re-
mains “clean” thus requires careful curation and, if
necessary, pruning to avoid propagating erroneous
strategies.

Transferability of memory content across
models. We also observed that larger models, such
as Claude 3.5 Sonnet and GPT-40, can sometimes
produce higher-quality strategies that, in princi-
ple, could benefit smaller models if the memory
is transferred. However, if a smaller model lacks
the generative capacity to interpret or refine those
strategies correctly, its performance can stall or de-
grade. In our ablation experiments, we observed
mixed results. This indicates that memory entries,
while helpful, cannot fully compensate for inade-
quate base capability.

Long-context generation versus understand-
ing. Most large LLMs excel at processing lengthy
inputs but struggle to generate comparably long'?
and well-organized outputs. DC’s memory curation
after each query can demand precise reproduction
or modification of prior knowledge. We observed
instances where the model merely references or
abbreviates the existing memory (e.g., “Previous
content [...] preserved”) instead of explicitly rewrit-
ing it. Such truncated memory updates can reduce
the quality of stored heuristics over time. Potential
solutions include maintaining a structured, exter-
nal database that the LM can reference without
regenerating large swaths of text each time.

Retrieval bottlenecks and noise.  While
retrieval-based variants (e.g., DC-RS) can sub-
stantially improve accuracy, poorly filtered re-
trieval mechanisms can introduce confusion, par-
ticularly when presented with highly diverse or
loosely related queries. For example, in our experi-
ments, GPT-40’s performance occasionally dipped
in GPQA-Diamond due to suboptimal retrieval
choices. This underscores the importance of ro-
bust retrieval methods (e.g., dense vector search,

10See, e.g., (Liu et al., 2024b).

advanced ranking algorithms) that can reliably sur-
face higher quality exemplars or heuristics while
suppressing irrelevant or contradictory texts.

Hierarchical and modular memory. As LLM
deployments scale, specialized domains may ben-
efit from subdividing or hierarchically organizing
memory. For instance, a system could maintain
separate curated memories for topics like biology
or physics, each updated by a specialized retrieval
or curator. This may reduce the load on a uni-
fied memory store and help isolate errors within
their respective domains, with the goal of further
improving the clarity and reliability of retrieved
heuristics.

Time and token complexity. Although DC re-
quires memory curation after each query, it opti-
mizes efficiency over time by reducing redundant
computation and token usage.!! As the model re-
trieves and refines solutions, memory use becomes
a net gain rather than a cost. However, its sequen-
tial nature still poses challenges for large parallel
or batch tasks requiring independent inference.

Smaller or more specialized models and R1
experiments. Finally, we note that smaller models,
such as GPT-40-mini, show limited gains under DC,
as seen in Table 4. Additional experiments with
“R1” models such as DeepSeek R1 and ol similarly
showed minimal or inconsistent improvements. In
these cases, these models’ generative ability ap-
pears too restricted to produce reliable strategies
for storage or to interpret retrieved heuristics effec-
tively. The solutions were far too verbose and long.
Without sufficiently accurate and efficient base so-
lutions, memory curation cannot yield substantial
gains. This limitation ties back to the core premise
that effective DC demands a capable foundation
model to seed and refine the curated knowledge.

Overall, DC offers a useful and practical frame-
work for continuous, test-time learning in LLMs.
Our findings emphasize the synergy between model
capacity and memory curation, the importance
of structural task similarity and retrieval preci-
sion, and the benefits of offloading repeated com-
putations to flexible external stores (e.g., Python
scripts). At the same time, alternative mechanisms
(e.g., specialized sub-memories or adaptive exam-
ple ordering) and more sophisticated retrieval tech-
niques (e.g., topological clustering) remain promis-
ing directions for further research.

10On AIME 2024, Sonnet averaged 370 tokens under BL,
494 under DC-(), 1035 under DC-RS, and 1831 under DC-Cu.
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A Background & Related Work

A.1 Test-time learning (online learning)

Test-time learning—also referred to as online or
incremental learning (adaptation)—encompasses
a family of methods in which a stochastic model
updates its predictions by incorporating informa-
tion seen during inference, without undergoing con-
ventional, full-scale offline finetuning. Early ver-
sions of test-time adaptation focused on local or
transductive learning, where a model re-fit or re-
weighted its parameters with each new test instance
or batch (McCloskey and Cohen, 1989; Thrun and
Mitchell, 1995; Amari, 1998; Syed et al., 1999;
Bottou and Cun, 2003; Bottou and Le Cun, 2005,
inter alia). In computer vision, for example, meth-
ods like test-time training have been shown to miti-
gate domain shifts by optimizing a self-supervised
loss on incoming data (Wang et al., 2020; Sun
et al., 2020; Liu et al., 2021; Boudiaf et al., 2022;
Niu et al., 2022; Zhang et al., 2022; Sun et al.,
2024). In the context of natural-language genera-
tion, test-time adaptation has appeared under terms
such as “dynamic evaluation” (Mikolov et al., 2010;
Graves, 2013; Krause et al., 2019; Rannen-Triki
et al., 2024), in which a language model is updated
with gradient steps on the test-time data itself.

However, directly updating language model
weights at test time can be computationally ex-
pensive and requires the capacity to modify pa-
rameters. For large-scale, black-box APIs (e.g.,
GPT-3 or Claude), one often lacks the ability to
perform parameter updates easily, thereby making
such an approach difficult, if not completely infea-
sible (Shi et al., 2024). To address this, a growing
body of work has explored parameter-free adapta-
tion, whereby one structurally modifies immediate
model inputs (e.g., prompting) or draws from ex-
ternal memory to “update” the model’s effective
reasoning. Our approach aligns with this direction
by allowing an LM to iteratively record solutions,
explanations, or heuristics in an external memory
component over successive interactions, avoiding
weight updates entirely.

In the broader test-time learning literature, re-
flexive, compositional, and iterative refinement ap-
proaches like Reflexion (Shinn et al., 2023), Self-
Refine (Madaan et al., 2023), (Self-)Critic (Gou
et al., 2023), Chameleon (Lu et al., 2023), Meta-
Prompting (Suzgun and Kalai, 2024), and Self-
RAG (Asai et al., 2023) inter alia, use feedback
loops or verification mechanisms to correct mis-

takes in solutions. TextGrad (Yuksekgonul et al.,
2025) similarly draws on the notion of “textual
gradients” as an alternative to parameter-based gra-
dients and provides a pathway for improvement
based on the content of mistakes. Our proposed
DC framework differs by focusing explicitly on
storing generalizable heuristics, solutions, or meta-
level insights that can be repeatedly retrieved and
applied across tasks, not just to correct a single
solution. Furthermore, DC does not require a new
training loop for each batch or scenario; instead,
the memory itself is updated to reflect newly found
solutions, errors, or strategies without touching the
model weights.

A.2 Test-time compute and reasoning

It is now widely known and accepted that con-
temporary LLMs such as GPT-4 can exhibit sub-
stantial improvements in reasoning and genera-
tion capability when additional compute is de-
voted to inference-time strategies (e.g., chain-of-
thought prompting (Wei et al., 2022; Kojima et al.,
2022; Zhou et al., 2023), tree-of-thought expan-
sions (Yao et al., 2023; Long, 2023), minimum
Bayes risk decoding (Suzgun et al., 2023a; Shi
et al., 2022; Golovneva et al., 2023), majority-vote
sampling (Wang et al., 2023)). Prompting meth-
ods such as Tree-of-Thought (Yao et al., 2023),
Graph-of-Thought (Besta et al., 2024), and other
non-linear compositional reasoning paradigms sys-
tematically enlarge the inference-time search space.
They allow models to explore various reasoning
paths and exploit consensus or iterative correc-
tions to arrive at more accurate and reliable conclu-
sions (Wei et al., 2022; Wang et al., 2023).

However, these expansions come at the cost
of increased computational overhead per test in-
stance (Yao et al., 2023). They are, however, typi-
cally ephemeral: once a solution is generated, sub-
sequent tasks or input samples do not generally ben-
efit from the heavy compute spent earlier, unless the
user manually engineers advanced prompt-sharing
or in-context demonstration strategies. Cf. (Zelik-
man et al., 2022). Our work, on the other hand,
aims to reduce repeated overhead across multiple
test instances of a similar domain by building a
memory that persists from one query to the next.
This memory not only reduces repetitive mistakes,
but also consolidates and codifies robust solution
strategies—effectively amortizing or “sharing” the
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cost of initial reflection across future tasks.!?

Another related thread involves tool usage or
code execution (Schick et al., 2023; Lu et al., 2023;
Shen et al., 2023; Qin et al., 2023; Suris et al.,
2023; Suzgun and Kalai, 2024). These studies have
explored how LLMs can call external Python in-
terpreters, symbolic solvers, or other specialized
services and APIs to offload complex computa-
tions. Our empirical findings too illustrate that
once an LLLM under DC recognizes a systematic
way (e.g., Python-based brute force algoritgm) to
handle a certain class of problems (like arithmetic
puzzles), it can store that approach in memory and
repeatedly retrieve it. Thus, DC not only invests
extra compute in a single session but spreads that
computational benefit across multiple interactions,
effectively learning to use tools more consistently
and reliably over time.

A.3 Memory-augmented generation and
reasoning

Augmenting language models with external
memory has seen renewed interest in recent
years (Munkhdalai et al., 2019; Guu et al., 2020;
Khandelwal et al., 2020; Bulatov et al., 2022;
Borgeaud et al., 2022; Zhong et al., 2022; Feng
et al., 2022; He et al., 2024; Wang et al., 2024a)—
see also (Graves et al., 2014; Weston et al., 2014;
Joulin and Mikolov, 2015; Suzgun et al., 2019) for
early studies. Modern retrieval-augmented LLM
approaches generally consult an external corpus of
documents (i.e., a knowledge base) to improve fac-
tuality and reduce hallucination (Lewis et al., 2020;
Lazaridou et al., 2023; Vu et al., 2023; Zhang et al.,
2024b), but the retrieval corpus is almost always
fixed prior to inference and does not evolve over
time. These methods have been especially effective
for open-domain question answering (Lewis et al.,
2020; Guu et al., 2020; Karpukhin et al., 2020),
where the model’s own parameters may not hold all

12Some lines of work—such as majority voting or sampling-
based self-consistency—combine multiple inference passes
for a single question but still lack a persistent knowledge
base that spans different queries. DC differs in that we treat
consecutive tasks in a sequence as a chance to refine a persis-
tent, external store of learned lessons. The memory curation
step selectively compiles relevant solutions, heuristics, ex-
pansions, or code blocks into a form that can be reused for
upcoming queries. Thus, while the compute for the first few
tasks may be higher, future tasks become simpler because the
system can consult and adapt previously curated knowledge.
This approach echoes the underlying motivation of test-time
training—performing ongoing improvement at inference—but
capitalizes on a cheap, external memory update in lieu of
repeated or expensive parameter updates.

relevant knowledge. In practice, retrieval augmen-
tation typically involves selecting and concatenat-
ing top-k passages from a knowledge-base—while
useful for factual queries, the approach, however,
does not inherently solve iterative improvement
or learning from mistakes in the sense of building
upon prior solutions at inference time.

Another line of research more closely aligns with
our vision by storing not just reference knowledge
but also the reasoning processes and solution strate-
gies of language models. Several recent works have
explored this direction. Thought-Retriever (Feng
et al., 2024) logs the model’s chain-of-thought
from past queries and uses them for new, analo-
gous queries. Buffer-of-Thoughts (BoT; Yang et al.,
2025) takes a slightly different approach by distill-
ing high-level “thought templates” from problem-
solving processes, though it relies on predefined
templates that seem to be tailored towards specific
task types that were considered in their experiments.
Madaan et al. (2022) have demonstrated that de-
ployed models like GPT-3 can be improved through
memory mechanisms that capture user feedback
on errors, preventing similar mistakes in future in-
teractions. Zhang et al. (2024a) have proposed a
dual memory architecture combining long-term and
short-term storage for medical applications, though
their approach requires fine-tuning to incorporate
new knowledge.

While these works reveal the many strategies for
harnessing memory or feedback, DC emphasizes
selectively storing the most relevant insights and
heuristics. DC aims to avoid naive accumulation of
full raw transcripts and ephemeral chain-of-thought
expansions that can lead to memory bloat. More-
over, unlike methods that assume the model can
be retrained or finetuned to incorporate memory
items, we remain fully external and training-free;
this aligns with “plug-and-play” usage principle, in
which an off-the-shelf model is augmented by an
external memory that it reads from and writes to,
but does not require any gradient-based adaptation.
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B Additional Details about Evaluation

B.1 Evaluation Protocol

To ensure standardized and reliable evaluation,
all models are instructed to format their final an-
swers in a structured, machine-readable format. All
model answers are expected to be wrapped in the

following XML-style tags:
<answer>

(final answer)
</answer>
This explicit format ensures accurate and consis-

tent parsing, eliminating errors arising from extra-
neous text or ambiguous outputs. Once extracted,
the final answers are evaluated using their corre-
sponding task-specific accuracy metric.

B.1.1 Accuracy Metrics

Given the diversity of the tasks, we use different ac-
curacy metrics tailored to the specific requirements
of each dataset.

Soft Match (SM) is a lenient metric that consid-
ers an answer correct if it matches the ground truth
after ignoring minor formatting differences, such
as punctuation or whitespace variations. We apply
this metric to GPQA-Diamond, and MMLU Pro
(Engineering and Physics), in which questions are
presented in a multiple-choice format.

Functionally Correct (FC) is an even more flex-
ible metric that evaluates whether the model’s out-
put satisfies the task-specific constraints, even if
the exact numeral presentation or formatting differs
slightly from the reference solution. We apply this
metric to the Game of 24, Math Equation Balancer,
and AIME benchmarks.

C Addition Discussion of Limitations

We explicitly discuss limitations throughout the pa-
per, particularly in Section 4 (Main Results) and
Section 5 (Additional Analyses and Discussions).
These sections transparently address the constraints
of our approach, including generalizability con-
cerns, potential biases in our experimental setup,
computational constraints, and scenarios where our
methods may not perform optimally. We believe
this transparency is crucial for proper interpretation
of our findings and to guide future research.

On experiment statistical significance. Due
to the extensive cost and scale of conducting ex-
periments across multiple language models, we
were unable to perform multiple runs for all set-
tings, which limits our ability to report error bars or
provide a full statistical significance analysis. How-
ever, preliminary experiments involving repeated
runs demonstrated consistent trends, suggesting
that our results are reasonably robust despite the
lack of comprehensive statistical validation.

On broader impact. While our work is pri-
marily focused on evaluating and improving LLM
capabilities on benchmark tasks, which has lim-
ited direct societal impact, we acknowledge that
advances in this field could indirectly influence Al
deployment in various contexts. Our research con-
tributes to understanding LLM performance and
limitations, which can help ensure more respon-
sible implementation of these technologies. We
do not foresee significant negative societal impacts
specific to our technical contributions.
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D Additional Figures and Tables

D.1 Performance Comparison of Baseline and
DC-RS Approaches

DC-RS
Baseline

AIME 2020-24

AIME 2025 Game of 24

AIME 2024

GPQA Diamond

MMLU Pro Physics Math Equation Balancer

MMLU Pro Engineering

Figure 5: Overall performance of Claude 3.5 Sonnet under
the baseline prompting approach with minimal instructions
(Baseline) and Dynamic Cheatsheet with Retrieval & Synthe-
sis (DC-RS).

DC-RS
Baseline

AIME 2020-24

AIME 2025 Game of 24

AIME 2024

GPQA Diamond

MMLU Pro Physics Math Equation Balancer

MMLU Pro Engineering

Figure 6: Overall performance of GPT-40 under the base-
line prompting approach with minimal instructions (Baseline)
and Dynamic Cheatsheet with Retrieval & Synthesis (DC-RS).

Claude 3.5 Sonnet GPT-40
BL FH DC-Cu. | BL FH DC-RS

Tasks

AIME 2024 233  26.7 50.0 200 133 40.0
AIME 2025 6.7 6.7 36.7 6.7 33 20.0

Table 2: Performance breakdown of BL (default baseline),
FH (full history), DC-Cu, and DC-RS approaches under
AIME 2024 and 2025. FH stores all past queries and outputs,
while DC-Cu and DC-RS selectively refine stored memory.
Results indicate that targeted memory curation in DC-RS leads
to greater accuracy gains compared to full history retention,
supporting the need for structured, self-updating knowledge
mechanisms.

Claude 3.5 Sonnet
Tasks
BL MV(@BL) | DC-) MV(DC-§) | DC-Cu.
AIME 2024 233 23.33 36.7 333 50.0
AIME 2025 6.7 6.7 23.3 233 36.7

Table 3: Comparison of majority voting (MV) with DC on
AIME 2024 and 2025 examinations.

Claude 3.5 Haiku

Tasks

BL DC-§ DC-Cu. DC-RS
AIME 2024 10.0 26.7 36.7 30.0
AIME 2025 0.0 133 13.3 10.0
GPQA-Diamond 434 41.9 437 49.0
Tasks GPT-40-mini

BL DC-) DC-Cu. DC-RS
AIME 2024 16.7  20.0 13.3 13.3
AIME 2025 10.0 133 13.3 16.7

GPQA-Diamond 34.3 34.3 33.8 323

Table 4: Performance of Claude 3.5 Haiku and GPT-40-mini,
the smaller counterparts of Claude 3.5 Sonnet and GPT-4o,
across AIME and GPQA-Diamond. These smaller models
struggle to fully leverage DC, suggesting that memory-based
adaptation is most effective when the base LM has sufficient
generative competence. Performance improvements are more
muted, highlighting the dependency of DC on model-scale
reasoning ability.
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D.2 Clustering of Errors and Corrections

tSNE Visualization of the Question Embeddings in GPQA Diamond
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Figure 7: t-SNE visualization of the embeddings of the raw
questions in GPQA-Diamond. Note that correct and incorrect
answers often cluster in latent embedding space. DC can help
transfer learned strategies within these clusters, but without
careful curation, erroneous heuristics may also spread, thus
requiring careful memory refinement and verification of solu-
tion strategies.

D.3 Evolution of Memory Content under
Dynamic Cheatsheet

Similarity of Current and Previous Memory Content of GPT-40 in Game of 24

Similarity Score (as measured by LCS) (%)

0 10 20 0 40 50 60 70 80 % 100
Iteration

Figure 8: This figure illustrates how memory content of GPT-
4o evolves over time in Game of 24, quantified using a longest-
common-subsequence (LCS)-similarity metric (Suzgun et al.,
2024) between consecutive states (measured at the word level).
While both DC-Cu and DC-RS show high stability after the
first few iterations, DC-Cu experiences slightly greater fluctu-
ations in the second half of inference.
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D.4 Solution Generator and Memory Curator Prompts
D.4.1 Prompt Used by the Generator Model in Baseline

/

Please answer the following question.

## FINALANSWER FORMAT
ALWAYS present your final answer in the following format:

FINAL ANSWER:
<answer>

(final answer)
</answer>

N.B. Make sure that the final answer is properly wrapped inside the <answer> block.

* For multiple-choice questions: Only provide the letter choice (e.g., (A))
* For numerical answers: Only provide the final number (e.g., 42)
* For other types of answers, including free-response answers: Provide the complete final answer

Example:

Q: What is the meaning of life?
A:[.]

FINALANSWER:

<answer>

42

</answer>

INPUT:

[[QUESTIONI]]

-

/

Figure 9: Prompt used in the baseline (BL) approach, where the model receives minimal instructions. The prompt simply asks
the model to answer the given question without any structured guidance, additional reasoning steps, or tool-use encouragement.

This setup represents a traditional one-off inference method, reflecting how LLMs typically operate by default.
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D.4.2 Prompt Used by the Generator Model in DR, FH, and DC Approaches

/# GENERATOR (PROBLEM SOLVER) \

Instruction: You are an expert problem-solving assistant tasked with analyzing and solving various questions using
acombination of your expertise and provided reference materials. Each task will include:

1. A specific question or problem to solve

2. A cheatsheet containing relevant strategies, patterns, and examples from similar problems

##1. ANALYSIS & STRATEGY

- Carefully analyze both the question and cheatsheet before starting

- Search for and identify any applicable patterns, strategies, or examples within the cheatsheet
- Create a structured approach to solving the problem at hand

- Review and document any limitations in the provided reference materials

##2.SOLUTION DEVELOPMENT

- Present your solution using clear, logical steps that others can follow and review
- Explain your reasoning and methodology before presenting final conclusions

- Provide detailed explanations for each step of the process

- Check and verify all assumptions and intermediate calculations

##3. PROGRAMMING TASKS

When coding is required:
- Write clean, efficient Python code
- Follow the strict code formatting and execution protocol (always use the Python code formatting block;
furthermore, after the code block, always explicitly request execution by appending: “EXECUTE CODE!"):
““*python
# Your code here

EXECUTE CODE!

- All required imports and dependencies should be clearly declared at the top of your code
- Include clear inline comments to explain any complex programming logic

- Perform result validation after executing your code

- Apply optimization techniques from the cheatsheet when applicable

- The code should be completely self-contained without external file dependencies—it should be ready to be
executed right away

- Do notinclude any placeholders, system-specific paths, or hard-coded local paths

- Feel free to use standard and widely-used pip packages

- Opt for alternative methods if errors persist during execution

- Exclude local paths and engine-specific settings (e.g., avoid configurations like
chess.engine.SimpleEngine.popen_uci("/usr/bin/stockfish"))

## 4. INALANSWER FORMAT
ALWAYS present your final answer in the following format:

FINALANSWER:
<answer>

(final answer)
</answer>

N.B. Make sure that the final answer is properly wrapped inside the <answer> block.

* For multiple-choice questions: Only provide the letter choice (e.g., (A))
* For numerical answers: Only provide the final number (e.g., 42)
* For other types of answers, including free-response answers: Provide the complete final answer

Example:

Q: What is the meaning of life?
A:[.]

FINALANSWER:

<answer>

42

</answer>

CHEATSHEET:

[[CHEATSHEET]]

Now it is time to solve the following question.
CURRENT INPUT:

[[QUESTION]]

\z J

Figure 10: Generator prompt used in the DR, FH, and DC approaches, where the model receives structured high-level instructions
on solution development, strategy selection, and tool usage. This prompt explicitly encourages Python code generation and
execution for computational tasks. Notably, this same structured prompt is used in all non-BL methods, including DC-{), DR,
FH, DC-Cu, and DC-RS. We also remark that during the initial phases of our experiments, we used “cheatsheet” and “memory”
interchangeably to describe stored problem-solving content. However, to maintain consistency, we formally define M; as
memory throughout this paper. Since this was purely a semantic choice, we did not find it necessary to rerun our experiments to
reflect this terminology shift.
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D.4.3 Prompt Used by the Memory Curation Model under DC-RS

/i;CHEATSHEET CURATOR \

### Purpose and Goals

You are responsible for maintaining, refining, and optimizing the Dynamic Cheatsheet, which serves as a compact yet evolving repository
of problem-solving strategies, reusable code snippets, and meta-reasoning techniques. Your goal is to enhance the model’s long-term
performance by continuously updating the cheatsheet with high-value insights while filtering out redundant or trivial information.

- The cheatsheet should include quick, accurate, reliable, and practical solutions to a range of technical and creative challenges.

- After seeing each input, you should improve the content of the cheatsheet, synthesizing lessons, insights, tricks, and errors learned from
past problems and adapting to new challenges.

### Core Responsibilities

Selective Knowledge Retention:

- Preserve only high-value strategies, code blocks, insights, and reusable patterns that significantly contribute to problem-solving.
- Discard redundant, trivial, or highly problem-specific details that do not generalize well.

- Ensure that previously effective solutions remain accessible while incorporating new, superior methods.

Continuous Refinement & Optimization:

- Improve existing strategies by incorporating more efficient, elegant, or generalizable techniques.
- Remove duplicate entries or rephrase unclear explanations for better readability.

- Introduce new meta-strategies based on recent problem-solving experiences.

Structure & Organization:
- Maintain a well-organized cheatsheet with clearly defined sections:
- Reusable Code Snippets and Solution Strategies
- General Problem-Solving Heuristics
- Optimization Techniques & Edge Cases
- Specialized Knowledge & Theorems
- Use tagging (e.g., Q14, Q22) to reference previous problems that contributed to a given strategy.

### Principles and Best Practices

For every new problem encountered:
1. Evaluate the Solution’s Effectiveness
- Was the applied strategy optimal?
- Could the solution be improved, generalized, or made more efficient?
- Does the cheatsheet already contain a similar strategy, or should a new one be added?

2. Curate & Document the Most Valuable Insights
- Extract key algorithms, heuristics, and reusable code snippets that would help solve similar problems in the future.
- Identify patterns, edge cases, and problem-specific insights worth retaining.
- If a better approach than a previously recorded one is found, replace the old version.

3. Maintain Concise, Actionable Entries
- Keep explanations clear, actionable, concise, and to the point.
- Include only the most effective and widely applicable methods.
- Seek to extract useful and general solution strategies and/or Python code snippets.

4.lmplement a Usage Counter
- Each entry must include a usage count: Increase the count every time a strategy is successfully used in problem-solving.
- Use the count to prioritize frequently used solutions over rarely applied ones.

### Memory Update Format
Use the following structure for each memory item:

<memory_item>

<description>

[Briefly describe the problem context, purpose, and key aspects of the solution.] (Reference: Q1, Q2, Q6, etc.)
</description>

<example>

[Provide a well-documented code snippet, worked-out solution, or efficient strategy.]

</example>

</memory_item>

** Count: [Number of times this strategy has been used to solve a problem.]

<memory_item>
[.]
</memory_item>
** Count: [...]

[.]
<memory_item>

[.]

</memory_item>

- Prioritize accuracy, efficiency & generalizability: The cheatsheet should capture insights that apply across multiple problems rather than
just storing isolated solutions.

- Ensure clarity & usability: Every update should make the cheatsheet more structured, actionable, and easy to navigate.

- Maintain a balance: While adding new strategies, ensure that old but effective techniques are not lost.

- Keepitevolving: The cheatsheet should be a living document that continuously improves over time, enhancing test-time meta-learning
capabilities.

N.B. Keep in mind that once the cheatsheet is updated, any previous content not directly included will be lost and cannot be retrieved.
Therefore, make sure to explicitly copy any (or all) relevant information from the previous cheatsheet to the new cheatsheet! Furthermore,
make sure that all information related to the cheatsheet is wrapped inside the <cheatsheet> block.

Figure 11: Prompt used for the memory curator under DC-RS, which is responsible for maintaining an evolving repository of
problem-solving strategies, code snippets, and heuristics. The curator selectively retains high-value insights, refines existing
strategies, and organizes memory efficiently. This ensures the memory (cheatsheet) remains concise, generalizable, and action-
oriented, continuously improving test-time reasoning. (Once again, we note that during the initial phases of our experiments, we
used “cheatsheet” and “memory” interchangeably to describe stored problem-solving content. However, to maintain consistency,
we formally define M; as memory throughout this paper. Since this was purely a semantic choice, we did not find it necessary to
rerun our experiments to reflect this terminology shift.)
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/

#CHEATSHEET CURATOR (cont'd)
[.]

## Cheatsheet Template
Use the following format for creating and updating the cheatsheet:

NEW CHEATSHEET:

<cheatsheet>
Version: [Version Number]

## Reusable Code Snippets and Solution Strategies

<memory_item>
[.]

</memory_item>
[.]
## General Problem-Solving Heuristics

<memory_item>
[.]
</memory_item>

[.]

[.]
</cheatsheet>

N.B. Make sure thatall information related to the cheatsheet is wrapped inside the <cheatsheet> block.
The cheatsheet can be as long as circa 2000-2500 words.

## PREVIOUS CHEATSHEET
[[PREVIOUS_CHEATSHEET]]

## NOTES FOR CHEATSHEET
[[PREVIOUS_INPUT_OUTPUT_PAIRS]]

Make sure that the cheatsheet can aid the model tackle the next question.
## NEXT INPUT:
[INEXT_INPUT]]

Figure 12: The rest of the prompt used by the memory curator under DC-RS (Figure 11).
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Reusable Code Snippets and Solution Strategies
<memory_item>

<description>

Game 24 Solver Strategy: Solve the 24 Game by systematically testing combinations of four numbers with
arithmetic operations (+, -, *, /) and parentheses to achieve a result of 24. Each number must be used exactly once.
</description>

<example>

Steps:

1. Understand the Problem:

- Input: Four integers.

- Goal: Combine the numbers using arithmetic operations and parentheses to evaluate to 24.

- Constraints: Each number must be used exactly once.

2. Approach:

- Use brute force or systematic trial-and-error to test all possible combinations of numbers, operations, and
parentheses.

- Prioritize operations that simplify the problem (e.g., division resulting in integers, subtraction reducing values).
- Check edge cases (e.g., repeated numbers, large/small values).

3. Example Solution:

-Input: 6, 8, 8,12

- Solution: (6 * ((8 + 8) -12) = 24)

4.Tips:

- Use parentheses to control operation precedence.

- Division should resultin valid integers or fractions.

- Test all permutations of the numbers and operations systematically.

Python Code for Automation

from itertools import permutations, product

def solve_24(numbers):
ops = ['+', '-', 'x', '/']
for nums in permutations(numbers):
for opers in product(ops, repeat=3):
expressions = [
' ({nums[0]1} {opers[0]} {nums[1]1}) {opers[1]1} ({nums[2]} {opers([2]1} {nums[3]1})",
' (({nums[0]1} {opers[0]} {nums[11}) {opers[1]} {nums[2]1}) {opers[2]} {nums[31}",
' ({nums[0]} {opers[@0]1} ({nums[1]} {opers[1]1} {nums[21})) {opers[2]1} {nums[3]1}",
'{nums [0]} {opers[0]} (({nums[1]} {opers[1]1} {nums[2]1}) {opers[2]} {nums[31})",
f"{nums[0]1} {opers[0]} ({nums[11} {opers[1]} ({nums[2]} {opers[2]} {nums[3]}))"
]
for expr in expressions:
try:
if abs(eval(expr) - 24) < le-6: # Check if result is 24
return expr
except ZeroDivisionError:
continue
return "No solution"

# Example Usage
print(solve_24([6, 8, 8, 12]1)) # Output: 6 * ((8 + 8) - 12)

</example>

</memory_item>
Count: 99

Figure 13: Excerpt from GPT-40’s external memory after processing 100 examples from Game of 24 under DC-RS. Early in the
test sequence, the model discovered a Python-based brute-force solution, stored it, and subsequently retrieved it for subsequent
puzzles. This shift to structured code reuse resulted in a dramatic performance increase from 10% to 99% accuracy, eliminating
arithmetic errors and redundant problem-solving efforts.
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GENERAL META-REASONING STRATEGIES
<memory_item>

<description>

Systematic Problem Analysis Framework (Reference: Q1-Q20)

For complex mathematical problems:

1. State problem requirements clearly

2. List key observations and theorems applicable

3. Identify patterns and relationships

4. Break into manageable sub-problems

5. Verify against examples

6. Consider computational approach when analytical solution is complex
7. For grid problems, analyze movement patterns and symmetries

8. For combinatorial problems, use appropriate counting techniques
9. Implement verification code when possible

10. Consider edge cases and constraints

11. For grid coloring problems, consider row/column patterns
</description>

<example>

Example application:

1. Requirements: list all given conditions

2. Observations: identify applicable theorems
3. Patterns: look for structural relationships

4. Sub-problems: break into steps

5. Verification: test against examples

6. Implementation: use Python for verification
</example>

</memory_item>
Count: 20

Figure 14: Example of Claude 3.5 Sonnet’s curated memory after processing 20 AIME 2024 questions under DC-Cu. The
memory captures key solution strategies, enables the model to generalize across similar computational problems, and boosts its
accuracy.
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E NLP Checklist
N.B. Adopted from the NeurIPS Paper Checklist.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction accurately reflect our paper’s contributions and scope.
We present a comprehensive summary of our methodology, key findings, and results in these sections,
with clear indications of what was accomplished. We also explicitly acknowledge the boundaries of
our work and its limitations, ensuring that our claims are properly contextualized and not overstated.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We explicitly discuss limitations throughout the paper, particularly in Section 4
(Main Results) and Section 5 (Additional Analyses and Discussions). These sections transparently
address the constraints of our approach, including generalizability concerns, potential biases in our
experimental setup, computational constraints, and scenarios where our methods may not perform
optimally. We believe this transparency is crucial for proper interpretation of our findings and to
guide future research.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a
complete (and correct) proof?

Answer: [NA]

Justification: The paper does not include any theoretical results or formal mathematical proofs. Our
work is primarily empirical in nature, focusing on experimental evaluation rather than theoretical
proofs or derivations.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experimental
results of the paper to the extent that it affects the main claims and/or conclusions of the paper
(regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Our paper provides comprehensive information for reproducing our experimental
results. Section 3 (Experimental Setup) details all tasks, models, and datasets used in our evaluation.
The Appendix contains further essential details: Section B documents our complete evaluation
protocol and accuracy metrics, while Section C.4 includes all prompts used by the generator and
curator models across different experimental approaches. We’ve included our full codebase in the
Supplementary Materials with clear documentation, and we commit to releasing all code, data, and
experimental results publicly upon publication to facilitate full reproducibility.

5. Open access to data and code
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10.

Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

Answer: [Yes]

Justification: We provide our complete codebase in the Supplementary Materials. Upon publication,
we will release all code, datasets, and results through a public GitHub repository with appropriate
licensing information, ensuring full transparency and accessibility for the research community.

Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]

Justification: We provide comprehensive experimental details throughout the paper. Section 3 covers
the core experimental setup. The Appendix contains further information about our experiments:
Section B details our full evaluation protocol and accuracy metrics with precise definitions, while
Section C.4 documents all prompts used by the solution generator and memory curator models across
different approaches. All implementation details necessary for reproducing our results are included,
with no significant experimental parameters omitted.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]

Justification: Due to the extensive cost and scale of conducting experiments across multiple language
models, we were unable to perform multiple runs for all settings, which limits our ability to report
error bars or provide a full statistical significance analysis. However, preliminary experiments
involving repeated runs demonstrated consistent trends, suggesting that our results are reasonably
robust despite the lack of comprehensive statistical validation.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer re-
sources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer:

Justification: We primarily used API calls to commercial LLM providers rather than running models
on our own infrastructure. We spent about $100 to run our experiments.

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS
Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Our work fully conforms with the NeurIPS Code of Ethics.
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal
impacts of the work performed?
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12.

13.

14.

15.

Answer: [NA]

Justification: While our work is primarily focused on evaluating and improving LLM capabilities
on benchmark tasks, which has limited direct societal impact, we acknowledge that advances in
this field could indirectly influence Al deployment in various contexts. Our research contributes to
understanding LLM performance and limitations, which can help ensure more responsible imple-
mentation of these technologies. We do not foresee significant negative societal impacts specific to
our technical contributions.

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators,
or scraped datasets)?

Answer: [NA]

Justification: Our work evaluates existing LLMs on established public benchmarks without creating
new models or datasets that could pose misuse risks.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]

Justification: We properly cite and acknowledge the original authors of all code packages and datasets
used in our work, with clear references in Section 3 and throughout the paper. To the best of our
knowledge, all datasets used in our experiments are licensed under CC-BY 4.0,

New assets

Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer: [Yes]

Justification: The new assets introduced in our paper include experimental results, analysis data, and
evaluation code. These assets are thoroughly documented in Sections 3-5 of the paper, with detailed
methodological explanations. Our codebase includes comprehensive documentation with README
files, requirements specifications, and usage examples.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details
about compensation (if any)?

Answer: [NA]

Justification: This paper does not involve any crowdsourcing experiments or research with human
subjects. All evaluations were conducted using automated metrics and existing benchmark datasets
without human annotators or participants.

Institutional review board (IRB) approvals or equivalent for research with human subjects
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Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?

Answer: [NA]

Justification: This research did not involve human subjects or participants in any capacity. All
experiments were conducted using computational methods on existing public datasets and models.
Therefore, IRB approval was not required or sought for this work.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing,
editing, or formatting purposes and does not impact the core methodology, scientific rigorousness, or
originality of the research, declaration is not required.

Answer:

Justification: The core method development in this research did not involve LLMs as any important,
original, or non-standard components.
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