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Abstract

With the growing adoption of Large Language
Model (LLM) agents in persistent, real-world
roles, they naturally encounter continuous
streams of tasks and inevitable failures. A
key limitation, however, is their inability to
systematically learn from these mistakes,
forcing them to repeat identical errors in
similar contexts. Unlike prior training-free
methods that primarily store raw instance-level
experience or focus on retrieving successful
trajectories, we propose Mistake Notebook
Learning (MNL), a novel memory framework
that enables agents to self-curate generalizable
guidance from batch-clustered failures. This
mechanism allows agents to distill shared
error patterns into structured “mistake notes,”
updating an external memory only when
batch performance improves to ensure
stability. To further amplify adaptability,
we integrate MNL with test-time scaling,
leveraging aggregated failure patterns to
actively steer the search process away from
known pitfalls. The code is available at
https://github.com/Bairong-Xdynamics/
MistakeNotebookLearning.

1 Introduction

Parameter-tuning is a standard approach for LLM
adaptation but suffers from high computational
costs, fragility to distribution shifts, and test-time
rigidity in dynamic environments (Zeng et al.,
2023; Chen et al., 2023; Zhai et al., 2025; Wang
et al., 2024), hindering the rapid iteration essential
for continual learning.

Training-free context methods offer an alterna-
tive, typically falling into two paradigms. Prompt-
based optimization refines a single system prompt
(Yang et al., 2024; Zhou et al., 2023; Pryzant et al.,
2023) but often suffers from context length con-
straints and signal dilution. Memory-based ap-
proaches store instance-level experience (Shinn
et al., 2023; Zhao et al., 2024; Zhang et al., 2024)

to correct errors locally. However, they frequently
lack subject-level abstraction, resulting in brittle
behavior with limited generalization.

We introduce Mistake Notebook Learning
(MNL), a training-free memory framework where
the Tuner Model clusters batch failures by sub-
ject, distills shared error patterns into structured
guidance, and commits updates only when batch
performance improves. MNL positions adaptation
as memory construction and context curation rather
than weight updates, integrating with test-time scal-
ing (TTS) to steer search away from erroneous
paths.

Across diverse domains including mathematics,
Text-to-SQL, and agentic tasks, MNL demonstrates
significant improvements with concise prompts and
compact memory structures. Our experiments in-
dicate that converting mistakes into generalized
guidance serves as an effective lever for robust,
low-overhead adaptation, achieving competitive
performance compared to parameter-tuning base-
lines while maintaining efficiency.

Our contributions are threefold: (1) A gen-
eral framework that enables evolution via batch-
clustered mistake abstraction and structured guid-
ance memory. (2) A conservative accept-if-
improves rule that stabilizes memory evolution
and prevents regressions. (3) Comprehensive vali-
dation across diverse domains—including mathe-
matical reasoning, Text-to-SQL, and agentic work-
flows—demonstrating MNL’s effectiveness and its
compatibility with test-time scaling strategies.

2 Related Work

Agent Evolution and Memory Systems Strate-
gies for agent evolution are generally categorized
into parameter-tuning and training-free paradigms.
Training-based methods, such as AgentEvolver
(Zhai et al., 2025), FireAct (Chen et al., 2023), and
AgentTuning (Zeng et al., 2023), typically rely on
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computationally intensive pipelines involving Su-
pervised Fine-Tuning (SFT), Reinforcement Learn-
ing (RL), or evolutionary optimization (Qiu et al.,
2025) to internalize capabilities into model weights.
In contrast, Training-Free approaches leverage
memory mechanisms to enable self-evolution with-
out gradient updates. Memory modules have be-
come a cornerstone in these systems, enabling
agents to leverage historical context for enhanced
decision-making (Wang et al., 2024). Contempo-
rary memory systems adopt diverse storage for-
mats, ranging from unstructured textual logs (Park
et al., 2023) and latent vector embeddings to struc-
tured knowledge graphs. Recent advancements
have further integrated Reinforcement Learning
(RL) to optimize memory management policies
(Yan et al., 2025; Wang et al., 2025a). For exam-
ple, Agentic Context Engineering (ACE) (Zhang
et al., 2025) treats context as an evolving “play-
book,” employing modular generation and reflec-
tion. Memento (Zhou et al., 2025) reframes con-
tinual learning as memory-based online reinforce-
ment learning, employing a Case-Based Reasoning
(CBR) mechanism to update memory without al-
tering model parameters. Similarly, Training-Free
GRPO (Cai et al., 2025) leverages group-relative se-
mantic advantages to distill experiential knowledge
into prompt-based token priors.

Learning from Mistakes Learning from mis-
takes is a critical capability for intelligent systems.
Early works like Reflexion (Shinn et al., 2023) and
Self-Refine (Madaan et al., 2023) utilize iterative
verbal feedback to correct errors within a single
session. However, these corrections are often tran-
sient and not retained for future tasks. To address
this, recent research focuses on persistent learning.
LEAP (An et al., 2024) and CoTErrorSet (Tong
et al., 2024) explicitly fine-tune models on error-
correction pairs to internalize mistake-avoidance
capabilities. In the context of in-context learning,
ExpeL (Zhao et al., 2024) and In-Context Principle
Learning (Zhang et al., 2024) extract principles or
rules from failures to guide future inference. While
these methods demonstrate the value of negative
feedback, they often treat mistakes as isolated in-
stances or rely on static rule extraction.

Mistake Notebook Learning (MNL) Distinct
from prior works that focus on retrieving success-
ful trajectories or procedural workflows, MNL es-
tablishes a framework centered on systematic mis-
take analysis. While methods like ACE and Me-

mento often operate at the instance level, MNL
introduces a batch-clustered mechanism that ag-
gregates errors to distill high-level, generalized in-
sights, thereby reducing the variance associated
with instance-specific corrections. Furthermore, we
explore the integration of memory with Test-Time
Scaling (TTS). Unlike ReasoningBank (Ouyang
et al., 2025), which enhances capabilities by retriev-
ing successful and failed reasoning traces, MNL
synergizes its “Mistake Notebook” with TTS to ac-
tively mitigate potential errors. MNL demonstrates
improved efficiency and adaptability in complex
agentic workflows compared to vanilla scaling ap-
proaches.

3 Methodology

3.1 Method Overview

We propose Mistake Notebook Learning (MNL),
a memory-based, training-free, self-evolving frame-
work designed to enhance the problem-solving pro-
ficiency of LLM-based agents. As illustrated in
Figure 1, MNL operates with two distinct roles to
enable evolution: the Tuning Model (πθ), which
generates responses and whose performance we
aim to improve; and the Tuner Model (πtuner),
which analyzes failures and updates the memory.
At its core, MNL maintains and continuously re-
fines an external dynamic memory M. Unlike prior
approaches that accumulate instance-level experi-
ences (Zhou et al., 2025; Zheng et al., 2024; Wang
et al., 2025b), MNL leverages a batch-clustered
mechanism: failed trajectories are clustered under
shared semantic subjects by the Tuner Model via
prompts, and generalized error patterns and correc-
tive strategies are distilled, forming stable and trans-
ferable memory (Zhang et al., 2024). To ensure
stability, updates are accepted only when they im-
prove batch performance; otherwise, the previous
memory state is retained. The framework follows
a closed-loop process, iteratively performing base-
line generation, memory update, and post-update
evaluation to enable agents to self-evolve across
different task domains and learning paradigms. The
implementation details are presented in Appendix
B. The specific prompts utilized in this process are
detailed in Appendix C.

As illustrated in Figure 2, we distinguish two
learning regimes. MNL operates in a Super-
vised Evolution regime (Figure 2a), where explicit
ground-truth answers (r∗) are used to determine
output correctness and provide feedback for mem-
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Figure 1: Overview of Mistake Notebook Learning (MNL). We use q for queries and r for answers throughout. The
symbol t denotes the iteration index (Eq. 5) or the task index in sequential settings. By utilizing a Tuning Model
(the agent being improved) and a Tuner Model (the supervisor analyzing errors), the whole process consists of
three steps: 1) Baseline Generation — The Tuning Model produces initial responses with the current prompt and
memory to establish a performance baseline. 2) Memory Update and Response Generation — The Tuner Model
performs batch-level subject clustering via prompts (cluster-first: mapping the entire batch to semantic spaces before
filtering failures), analyzes baseline errors, creates structured guidance items, and selectively updates the memory.
The Tuning Model then generates updated responses. 3) Post-Update Evaluation — Compare performance before
and after the update to assess the effectiveness of the revised memory and decide whether to accept the update.

(a) Supervised Evolution (b) Self-Evolution

Figure 2: Comparison of the two operating regimes
in MNL. (a) Supervised Evolution relies on explicit
ground truth (r∗) for direct trajectory correction. (b)
Self-Evolution leverages a proxy verifier (LLM Judge)
to generate binary utility signals, enabling the agent
to evolve solely from interaction experience without
accessing ground truth labels.

ory construction. For agent tasks, MNL operates
in a Self-Evolution regime (Figure 2b), in which a
proxy verifier implemented as an LLM-based judge
assesses trajectory outcomes and produces binary
utility signals. The LLM Judge is instantiated using

the Tuner Model (πtuner), which enables memory
generation without access to ground-truth labels;
the specific LLM judge prompts are provided in
Appendix C.5 (Ouyang et al., 2025; Gu et al., 2025;
Sun et al., 2025). Furthermore, we combine MNL
memory with Test-Time Scaling (TTS) in agent
tasks, performing memory induction on the test set
prior to the final evaluation.

3.2 Problem Formulation

We formulate MNL as a context optimization prob-
lem aiming at constructing a semantic memory M
that maximizes the expected reward of a frozen
policy πθ. Rather than updating model parame-
ters, MNL improves performance by refining the
memory M to ensure that the retrieved context
Ret(q,M) provides effective guidance for each in-
put q.

Formally, for a task distribution D = {(q, r)},
we seek an optimal memory

M∗ = argmax
M

E(q,r)∼D
[
R(πθ(z))

]
, (1)

where z = q ⊕ Ret(q,M). (2)
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where ⊕ denotes prompt concatenation and R is
a scalar reward function that returns a score for
each model output (in supervised settings, R(r̂)
compares r̂ to ground truth r; in self-evolution, it
is the LLM Judge’s binary score).

The optimization of M is delegated to a ded-
icated Tuner Model (πtuner). Distinct from the
inference role of Tuning Model πθ, the Tuner
Model acts as a reflective supervisor. It aggregates
failed trajectories from πθ, performs prompted sub-
ject clustering to identify systematic error patterns
across batches, and synthesizes structured correc-
tions to update the memory. This decoupling of
execution (πθ) and evolution (πtuner) allows MNL
to support various deployment configurations, such
as self-correction (Madaan et al., 2023) or expert-
guided distillation (Kim et al., 2025). Detailed
prompts governing the Tuner Model’s operations
are provided in Appendix C.

Depending on the available resources, these roles
can be instantiated in two tuning configurations: (1)
Self-Tuning, where a single base model functions
as both the Tuning Model and the Tuner Model
to autonomously refine its own memory; and (2)
Cross-Model Tuning, where a stronger model
serves as the Tuner Model to distill high-quality
guidance for a weaker Tuning Model. Table 8 later
compares these two configurations on Qwen3-8B.

3.3 The MNL Evolution Protocol
As illustrated in Figure 1, the MNL framework
operates through a closed-loop iterative process
consisting of three sequential steps: Baseline Gen-
eration, Memory Update, and Post-Update Evalua-
tion. This cycle ensures the continuous refinement
of the memory M based on empirical performance
feedback.

Step 1: Baseline Generation The process com-
mences with the Tuning Model πθ generating initial
responses for a batch of queries. For each query
q, the system retrieves relevant memory entries
Ret(q,M) to serve as advisory context. The Tun-
ing Model is instructed to critically evaluate this
context rather than blindly following it, thereby
mitigating the risk of hallucination (see Appendix
C.1). These initial responses establish a perfor-
mance baseline for the current iteration.

Step 2: Memory Update and Response Gener-
ation The Tuner Model πtuner analyzes the base-
line generation outputs. To solve the context op-
timization problem in Eq. (1)-(2), we propose a

cluster-first batch-clustered approach. At itera-
tion t, we sample a batch B = {(qi, ri)}Bi=1 ∼
D and generate baseline outputs r̂i = πθ

(
qi ⊕

Ret(qi,Mt)
)
. We first cluster the entire batch to

map semantic spaces: a subject mapper σ : Q → S
(implemented by the Tuner Model via prompted
clustering, see Appendix C.2) assigns each query
qi to a subject s. This yields subject groups over
the full batch. We then identify the failure index set
F = {i | R(r̂i) = 0} and restrict to failure clusters
Ss = {i ∈ F | σ(qi) = s} for guidance extraction.
The tuner extracts cluster-level guidance

gs = E
(
{(qi, ri, r̂i)}i∈Ss ;Mt

)
, s ∈ SF , (3)

where E is the extraction operator that distills struc-
tured guidance from multiple failed trajectories
within the same subject, and updates memory via

Mt+1 = Update
(
Mt, {(s, gs)}s∈SF

)
. (4)

This batch-level abstraction is coupled with the
accept-if-improves criterion in Eq. (5) to ensure
stable memory evolution. New memory nodes are
integrated either by merging with existing similar
entries or by appending them as new nodes (see
Appendix C.3 and C.4). Following this update, the
Tuning Model generates refined responses condi-
tioning on the updated memory.

Step 3: Post-Update Evaluation To ensure the
reliability of memory evolution, the system com-
pares the performance of the updated responses
against the baseline. Let ∆B denote the net im-
provement in batch accuracy:

∆B =
B∑

i=1

(
I[R(r̂′i) > R(r̂i)]

− I[R(r̂′i) < R(r̂i)]
)
,

(5)

where r̂i and r̂′i correspond to the model outputs be-
fore and after the update, respectively. Here R(r̂i)
denotes the scalar reward (in supervised settings it
compares r̂i to ground truth ri; in self-evolution it
is the LLM Judge’s binary success/failure score).
The memory update is accepted if and only if
∆B > 0; otherwise, the previous memory state is
retained. This ensures that only beneficial updates
are kept, preserving the integrity of the “Mistake
Notebook”.

Algorithm 1 presents the complete pseudocode
for MNL, which formalizes the three-step cycle
described above.
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Algorithm 1 Mistake Notebook Learning (MNL)
Require: Task distribution D, Tuning Model πθ , Tuner

Model πtuner, Reward function R, Batch size B
1: Initialize global memoryM← ∅
2: for each batch B = {(qi, ri)}Bi=1 ∼ D do
3: // Step 1: Baseline Generation
4: Rbase ← ∅
5: for i = 1 to B do
6: ci ← Ret(qi,M)
7: zi ← qi ⊕ ci
8: r̂i ← πθ(zi)
9: Rbase ←Rbase ∪ {r̂i}

10: end for
11: // Step 2: Memory Update and Response Genera-

tion
12: Gall ← ClusterBatchBySubject({(qi, r̂i)}Bi=1, πtuner)

13: F ← {i | r̂i is identified as a failure}
14: if F = ∅ then
15: continue
16: end if
17: Gfail ← {S ∩ F | S ∈ Gall, S ∩ F ̸= ∅} {Failure

subsets per subject}
18: M′ ←M {Initialize candidate memory}
19: for each subject group S ∈ Gfail do
20: PS ← DistillPatternsAndStrategies(S, πtuner)
21: M′ ← UpdateMemory(M′,PS ,method =

MergeOrAppend)
22: end for
23: Rnew ← ∅
24: for i = 1 to B do
25: r̂′i ← πθ(qi ⊕ Ret(qi,M′))
26: Rnew ←Rnew ∪ {r̂′i}
27: end for
28: // Step 3: Post-Update Evaluation
29: ∆B ←

∑B
i=1

(
I[R(r̂′i) > R(r̂i)] − I[R(r̂′i) <

R(r̂i)]
)

30: if ∆B > 0 then
31: M←M′ {Accept evolution}
32: else
33: DiscardM′ {Retain previous state}
34: end if
35: end for
36: returnM

4 Experiments

In this section, we empirically validate the effective-
ness of Mistake Notebook Learning (MNL) across
three modalities: mathematical reasoning, Text-to-
SQL, and interactive agents. We evaluate both task
performance and efficiency, reporting memory size
and inference-time guidance-token length along-
side accuracy or success metrics. We further study
sensitivity to key design choices (e.g., batch-level
abstraction and training epochs) and compare MNL
with supervised fine-tuning and cross-model tuning
(Section 4.3).

4.1 Experimental Setup
We evaluate MNL on three reasoning modalities:
Mathematical (AIME 2024/2025 (Mathematical

Association of America, 2025), GSM8K (Cobbe
et al., 2021)), Text-to-SQL (KaggleDBQA (Lee
et al., 2021), Spider (Yu et al., 2019)), and In-
teractive Agent (Mind2Web (Deng et al., 2023),
AppWorld (Trivedi et al., 2024)). Specifically,
AIME utilizes DAPO-100 as the training set, com-
prising 100 problems randomly sampled from the
DAPO-Math-17K dataset (Yu et al., 2025). Fol-
lowing Cai et al. (2025), Spider and GSM8K adopt
their respective standard training and test splits,
consistent with their official configurations: Spi-
der uses 7,000 training examples and 1,034 de-
velopment samples for evaluation, while GSM8K
uses 7,473 training and 1,319 test samples. On
KaggleDBQA, we use the 87 provided examples
for training and evaluate on the 185 test sam-
ples. We employ Qwen3-8B (Yang et al., 2025),
DeepSeek-V3.2-Exp (DeepSeek-AI, 2025b), and
the proprietary commercial model Qwen3-Max
(Yang et al., 2025) as our base models. Further-
more, to evaluate Test-Time Scaling on interactive
agent tasks, we additionally incorporate DeepSeek-
Reasoner (DeepSeek-AI, 2025a) and Mimo-v2 (Xi-
aomi, 2026) (including its w/o-think and w/-think
variants). Evaluation metrics include Pass@32 for
AIME, execution accuracy (EA) for Text-to-SQL,
as well as Task Success (TS) and Step Accuracy
(SA) for agent benchmarks. Vanilla baselines fol-
low standard prompting strategies per benchmark.1

Unless otherwise specified, we adopt the Self-
Tuning configuration (the tuner shares the same
base model as the tuning model); Table 8 later
compares this with Cross-Model Tuning. Detailed
settings, datasets, and baselines are provided in
Appendix D.1.

4.2 Main Results: Effectiveness and Efficiency
We first present results on standard reasoning
benchmarks (Math and Text-to-SQL) where MNL
operates under Supervised Evolution, followed by
interactive agent tasks under Self-Evolution.

Mathematical Reasoning Results Table 1 re-
ports AIME 2024/2025 results. MNL improves
or preserves accuracy across vanilla models while
keeping memory compact. On Qwen3-8B, MNL
achieves 33.0%/30.0% using 51 memory en-
tries and a guidance-token length of 66.8, out-
performing retrieval-heavy baselines (e.g., Me-

1Math and Text-to-SQL use Chain-of-Thought prompting
(Wei et al., 2023); Mind2Web uses few-shot prompting aligned
with prior work; AppWorld uses ReAct-style prompting (Yao
et al., 2023).
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Table 1: Main results on AIME 2024/2025 and KaggleDBQA. Acc: Pass@32 (AIME) / EA (KaggleDBQA). Mem:
memory entries. Len: average guidance tokens (lower is better). Best in bold; “-” not applicable.

Method AIME 2024 / 2025 KaggleDBQA

Acc-24 (%) Acc-25 (%) Mem Len EA (%) Mem Len
Qwen3-8B

Vanilla 30% 23% - - 19% - -
TFGO 23% 23% - 703 22% - 34
Memento 20% 27% 100 3100 15% 87 530
ACE 27% 10% 100 7355 22% 98 6289
MNL 33% 30% 51 67 28% 50 752

DeepSeek-V3.2-Exp
Vanilla 87% 80% - - 24% - -
TFGO 93% 90% - 696 24% - 100
ACE 80% 67% 163 21318 54% 96 9406
Memento - - - - 19% 87 1419
MNL 90% 83% 9 60 64% 54 514

Qwen3-Max
Vanilla 93% 96% - - 40% - -
TFGO 90% 90% - 1452 47% - 125
Memento - - - - 47% 87 992
MNL 93% 96% 10 0 46% 54 375

mento, ACE) that rely on much longer contexts
(3k–7k tokens). On DeepSeek-V3.2-Exp, MNL
attains 90.0%/83.0% with 9 memory entries and
a guidance-token length of 60; TFGO achieves
slightly higher AIME accuracy but requires longer
traces with a length of 696 tokens. On Qwen3-
Max, MNL matches the vanilla model on both
years (93.0%/96.0%), indicating no degradation
on a highly capable base model. On GSM8K (Ta-
ble 2), MNL improves accuracy by +2.1 points and
narrows the gap to SFT to 0.4 points.

Text-to-SQL Results Table 1 reports execution
accuracy on KaggleDBQA. Across base models,
MNL improves over vanilla while keeping mem-
ory compact and guidance-token length moderate.
The gains are most pronounced on DeepSeek-V3.2-
Exp: MNL boosts EA from 24.0% to 64.0% us-
ing 54 memory entries and 514 guidance tokens,
whereas ACE (Zhang et al., 2025) attains 54.0%
but requires a much longer context of 9406 tokens.
On Qwen3-8B, MNL reaches 28.0% with 752 guid-
ance tokens, notably shorter than ACE (6289 to-
kens) and more accurate than vanilla (19.0%). On
Qwen3-Max, MNL improves over vanilla (46.0%
vs. 40.0%) with a compact memory and a short
prompt compared to retrieval-heavy alternatives
like Memento (Zhou et al., 2025). Table 2 further
shows that MNL improves Spider accuracy over
vanilla without parameter updates, narrowing the
gap to SFT.

Table 2: MNL vs. SFT and LoRA on Qwen3-8B
(Pass@1, %). Best results in bold.

Dataset Vanilla MNL SFT LoRA
GSM8K 91.8% 93.9% 94.3% 92.2%

Spider 68.9% 71.7% 79.0% 69.8%

Interactive Agent Results Tables 4 and 5 sum-
marize the performance of interactive agents in
the Self-Evolution regime, primarily evaluated via
Task Success (TS) and Step Accuracy (SA). On
the Mind2Web benchmark, MNL significantly im-
proves Step Accuracy while reducing the guidance
token overhead by several orders of magnitude
compared to retrieval-heavy baselines such as ACE
(Zhang et al., 2025). Specifically, with DeepSeek-
V3.2-Exp, MNL outperforms the vanilla baseline
in both TS and SA (18.86/67.55 vs. 15.49/66.32)
using a memory footprint of only 12 entries (395
tokens), whereas ACE requires 58,602 tokens. The
advantage of MNL is even more pronounced for
smaller (8B) models, where ACE fails to achieve
any successful completions (0% TS/SA). This fail-
ure is primarily attributable to context collapse
(Zhang et al., 2025)—a phenomenon where perfor-
mance degrades as accumulated context (reaching
nearly 24K tokens in ACE’s Mind2Web guidance)
overwhelms the effective processing window of
smaller LLMs (Liu et al., 2024; Du et al., 2025).
This impact is particularly severe in complex, multi-
round agentic scenarios, where the accumulation
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Table 3: Impact of batch-level clustering on Qwen3-8B.

Model GSM8K (ACC) / Len KaggleDBQA (EA) / Len Mind2Web (SA) / Len

Qwen3-8B 91.8% / – 19.1% / – 11.54% / –
Single-Level 87.4% / 2825 22.1% / 1744 12.7% / 2742
+ Batch Clustering 93.2% / 1087 27.7% / 912 15.2% / 1710
Full (+ If-Accept) 94.1% / 577 28.4% / 752 15.6% / 556

Table 4: Results on interactive agent tasks on
Mind2Web (%).

Method TS (%) SA (%) Mem Len
Qwen3-8B

Vanilla model 1.35% 11.54% - -
ACE 0.67% 4.21% 363 24284
MNL 2.02% 15.64% 695 556

DeepSeek-V3.2-Exp
Vanilla model 15.49% 66.32% - -
ACE 15.82% 57.80% 580 58602
MNL 18.86% 67.55% 12 395

Table 5: Results on interactive agent tasks on AppWorld
(%).

Method TS (%) Mem Len
Qwen3-8B

Vanilla model 12.5% - -
Memento 12.5% 50 707
ACE 0.0% 61 3217
MNL 14.3% 12 391

DeepSeek-V3.2-Exp
Vanilla model 73.2% - -
Memento 64.2% 56 602
ACE 44.6% 8 6902
MNL 73.2% 0 0

of long-range trajectory histories and dense envi-
ronmental feedback rapidly exhausts the model’s
reasoning capacity. By contrast, MNL’s concise
and structured updates ensure robust performance
in these extended interactions without prompt in-
flation.

Integration with Test-Time Scaling (TTS)
Main results use no-think models; we additionally
evaluate TTS-enabled variants in Tables 6 and 7.
MNL remains compatible with TTS and provides
gains (e.g., Mind2Web: 1.01%→1.35% Task Suc-
cess; AppWorld DeepSeek: 75.0%→76.2%). The
Tuner Model is not retrained for think experiments:
the non-thinking model constructs the memory, and
the thinking model retrieves it at inference; memory
from non-thinking traces effectively steers thinking
models.

4.3 Analysis
Ablation Study: Batch-Level Clustering and
If-Accept Mechanism We validate batch-level

Table 6: Results on Mind2Web with think-enabled
(TTS) models and Mimo-v2 variants (%).

Method TS (%) SA (%) Mem Len
Qwen3-8B-w/-think

Vanilla model 1.01% 11.13% - -
MNL 1.35% 12.60% 695 505

Mimo-v2-w/o-think
Vanilla model 8.75% 41.12% - -
MNL 8.08% 40.71% 410 413

Mimo-v2-w/-think
Vanilla model 10.77% 47.63% - -
MNL 11.09% 48.51% 410 423

Table 7: Results on AppWorld with think-enabled
(TTS) models and Mimo-v2 variants (%).

Method TS (%) Mem Len
Qwen3-8B-w/-think

Vanilla model 8.9% - -
MNL 10.7% 12 391

DeepSeek-Reasoner
Vanilla model 75.0% - -
MNL 76.2% 4 341

Mimo-v2-w/o-think
Vanilla model 69.6% - -
MNL 71.4% 1 206

clustering and the if-accept rule on KaggleD-
BQA, Mind2Web, and GSM8K (Table 3). The
Single-Level approach yields limited improve-
ments, while Batch Clustering boosts accuracy by
+5.8% (GSM8K), +2.5% (Mind2Web), and +5.6%
(KaggleDBQA) with 40–60% less memory. The
Full (+ If-Accept) method further enhances perfor-
mance with the most compact memory.

Ablation Study: Batch-Level Abstraction Fig-
ure 3 confirms that batch-level abstraction reduces
variance and improves generalization. Increasing
batch size from 1 to 16 on KaggleDBQA improves
accuracy by 17% while reducing memory size by
a factor of 3. This validates our hypothesis that
aggregating errors allows the model to distill more
general principles rather than overfitting to isolated
instances. Intuitively, clustering semantically re-
lated failures and averaging their signals reduces
estimation noise, leading to more reliable memory
updates (see Appendix A for theoretical analysis).
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Figure 3: Effect of batch size on KaggleDBQA. Batch
size 16 achieves optimal balance: 28% accuracy with
only 23 memory entries vs. 24% accuracy with 69 en-
tries at batch size 1.
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Figure 4: Effect of training epochs on KaggleDBQA.
Single-epoch achieves optimal test accuracy (28.1%)
with 50 memory entries. Multiple epochs cause cross-
epoch overfitting: test accuracy drops to 23.2% at epoch
2 while training accuracy rises to 62.1%, demonstrating
the memory overfits to training patterns.

Ablation Study: Training Epochs Figure 4
shows that multi-epoch training leads to overfitting.
Single-epoch training yields the highest test accu-
racy (28.1%), while subsequent epochs increase
training accuracy but degrade test performance.
This suggests that the "Mistake Notebook" is best
constructed by seeing each error type once and
generalizing, rather than repeatedly fitting to the
training set. We thus adopt single-epoch training
as a standard practice.

Comparison with Supervised Fine-Tuning and
LoRA Figure 5 (in Appendix) compares MNL
with SFT on Qwen3-8B. Table 2 summarizes
GSM8K and Spider results, including LoRA base-
lines. LoRA (Rank 8, Alpha 32) gives only a small

Table 8: Self-Tuning vs. Cross-Model Tuning on
Qwen3-8B. Cross-Model Tuning (DeepSeek-V3.2-Exp
as tuner) outperforms Self-Tuning, suggesting stronger
tuner models can generate more effective guidance.

Dataset Cross-Model Self-Tuning
AIME 2025 30.0% 30.0%
KaggleDBQA 31.0% 28.0%

improvement over the base model on GSM8K
(92.2% vs. 91.8%) and remains below both MNL
(93.9%) and full SFT (94.3%); on Spider, LoRA
(69.8%) slightly outperforms vanilla (68.9%) but
lags behind MNL (71.7%) and SFT (79.0%). MNL
narrows the gap to SFT on GSM8K and improves
over the vanilla model on Spider without parameter
updates. Training details (LoRA, SFT, hardware)
are in Appendix D.2.

Self-Tuning vs. Cross-Model Tuning We com-
pare self-tuning (Qwen3-8B tuner) vs. cross-model
tuning (DeepSeek-V3.2-Exp tuner) on Qwen3-
8B. Table 8 shows that while cross-model tuning
yields slightly higher performance on KaggleD-
BQA (31.0% vs. 28.0%), self-tuning remains com-
petitive. This confirms MNL’s practical applicabil-
ity even when a stronger supervisor model is not
available.

Computational Overhead and Training Effi-
ciency The two forward passes (Baseline Gen-
eration and Post-Update Evaluation) occur only
during memory construction; at inference, MNL
requires a single forward pass with retrieved guid-
ance. Despite this two-stage design, MNL achieves
competitive performance at lower training cost
than Memento and ACE, with a standard retrieve-
then-generate inference pipeline (see Appendix D.4
for training time, per-batch overhead, and cost-
accuracy trade-off).

5 Conclusion

We introduced Mistake Notebook Learning (MNL),
a training-free framework that shifts LLM adapta-
tion from parameter updates to structured memory
curation. By leveraging batch-wise error abstrac-
tion and an accept-if-improves rule, MNL evolves
compact memory that steers frozen LLM behavior
without gradient computation. Experiments across
Supervised Evolution (Math, Text-to-SQL) and
Self-Evolution (Mind2Web, AppWorld) regimes
show consistent gains with short prompts and small
memories.
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Limitations

Retrieval and Subject Granularity MNL re-
trieves subject-level guidance via embedding sim-
ilarity. Semantic asymmetry between concrete
queries and abstract subjects can cause retrieval
misses or mismatches, especially when subjects
are overly broad or overly specific. Performance
can therefore be sensitive to embedding quality,
similarity thresholds, and the granularity of the
subject taxonomy.

Feedback Quality and Verifier Reliability In
supervised settings, memory construction depends
on the availability and correctness of ground-truth
signals. In self-evolution settings, proxy verifiers
such as LLM judges may introduce bias or incon-
sistency, which can propagate into the memory and
lead to suboptimal or unstable updates. Although
the accept-if-improves rule mitigates regressions at
the batch level, it cannot fully eliminate systematic
verifier errors.

Scalability, Maintenance, and Safety As tasks
and interactions grow, the memory can expand and
increase retrieval and prompt-construction over-
head. Additional mechanisms for memory consol-
idation and lifecycle management may be needed
for long-running deployments. Finally, storing and
reusing failure traces may raise privacy or safety
concerns if trajectories contain sensitive informa-
tion.

6 Reproducibility Statement

We have made extensive efforts to ensure the repro-
ducibility of our work. The full methodology of
Mistake Notebook Learning (MNL) is detailed in
Section 3, with additional implementation details
provided in Appendix B. Experimental setups, in-
cluding datasets (AIME, GSM8K, KaggleDBQA,
Spider, Mind2Web, AppWorld), baselines, evalua-
tion protocols, and hyperparameters, are described
in Section 4 and Appendix D.1. For clarity, we pro-
vide ablation studies (Section 4.3) on batch-level
abstraction, batch clustering, training epochs, and
self-tuning vs. cross-model tuning, as well as ef-
ficiency analyses (Appendix D.4) to validate the
robustness of our findings. To further facilitate
replication, we include precise descriptions of the
memory schema, RAG retriever, and MNL evolu-
tion protocol in Appendix B.2, B.1, and B.3, and
we outline all prompts for subject clustering, guid-
ance extraction, merging, and LLM judging in Ap-

pendix C. We released our full codebase to the
open-source community to foster transparency, re-
producibility, and future research.
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A Theoretical Analysis

A.1 Why Batch-Level Abstraction Improves
Decision Stability

We provide a brief proof sketch explaining why
batch-level (cluster-level) abstraction can reduce
the probability of spurious updates under the
accept-if-improves criterion.

Setup. Consider a fixed subject s with cluster
Ss. Let ∆i denote the per-instance reward change
induced by updating memory from M to M′ with
subject-level guidance:

∆i =R
(
πθ(qi ⊕ Ret(qi,M′))

)

−R
(
πθ(qi ⊕ Ret(qi,M))

)
.

(6)

where R(r̂i) denotes the scalar reward (comparing
r̂i to ground truth ri in supervised settings).

For theoretical intuition, we assume an additive
model for i ∈ Ss:

∆i = µs+εi, E[εi] = 0, Var(εi) = σ2
s < ∞.

(7)
Here, µs captures the shared directional effect of
the memory update on instances within the same
semantic cluster, while εi models instance-specific
noise. We assume independent noise among cluster
members, which is reasonable when instances are
grouped by semantic similarity rather than arbitrar-
ily.

Cluster-Average Estimator. Define the cluster-
average reward change:

µ̂s =
1

|Ss|
∑

i∈Ss

∆i. (8)

Standard results imply µ̂s is unbiased:

E[µ̂s] = µs,

with variance

Var(µ̂s) =
σ2
s

|Ss|
.

Implications for Accept-if-Improves. The
accept-if-improves decision depends on the sign of
the observed reward change. Let us consider the
probability of an incorrect update decision given a
true positive improvement µs > 0:

One-by-one: P(∆i ≤ 0 | µs > 0) = P(εi ≤ −µs),

(9)

Cluster-avg: P(µ̂s ≤ 0 | µs > 0)

≤ 2 exp

(
−c|Ss|

µ2
s

σ2
s

)
, (10)
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where the second line follows from standard con-
centration inequalities for sub-Gaussian noise (c >
0 is a constant).

Thus, using the cluster-average µ̂s exponentially
reduces the probability of spurious sign flips com-
pared to one-by-one updates. In other words, batch-
level abstraction directly improves the reliability of
the accept-if-improves decision rule.

B Implementation Details

We provide a comprehensive overview of the MNL
framework’s implementation. We first describe the
RAG retriever (Appendix B.1), define the struc-
tured Memory Schema (M) in Appendix B.2, then
detail the technical execution of the MNL Evolu-
tion Protocol (Appendix B.3). The formal algo-
rithm is presented in Algorithm 1 in Section 3.

B.1 RAG Retriever Implementation
We use a lightweight embedding-based cosine-
similarity retriever over a JSONL memory store,
without relying on an external vector database.
Queries are encoded with the same embedding
model (bge-m3). Retrieved entries are filtered by a
similarity threshold, and the top-k guidance entries
are injected into the system prompt. Memory up-
dates either merge with existing entries or append
new ones based on similarity thresholds. Further
details are in Appendix B.2 and B.3.

B.2 Memory Schema and Storage
To ensure scalability and efficient retrieval, we
maintain the memory M in a JSONL format,
where each entry is defined as a structured tu-
ple e = ⟨s, g, ϕ(s)⟩. The Subject (s) serves as
a high-level semantic cluster identifier (e.g., “SQL:
Join conditions on null values”) to facilitate broad
topic matching. The Memory (g) comprises five
mandatory components to ensure actionability and
safety: (1) Corrected Examples that provide ex-
plicit mistake-answer pairs to ground the abstrac-
tion; (2) a Correct Approach detailing the step-by-
step reasoning methodology; (3) a Mistake Sum-
mary identifying the root cause of the error; (4)
a Generalizable Strategy summarizing reusable
problem-solving patterns; and (5) Anti-Patterns,
which are critical warnings specifying misapplica-
tion scenarios to prevent over-generalization. Fi-
nally, the Embedding ϕ(s) represents the semantic
vector of the subject, pre-computed to enable effi-
cient cross-modal retrieval against incoming query
embeddings.

B.3 MNL Evolution Protocol

Baseline Generation. The process commences
with a retrieval-augmented generation step (RAG
implementation details in Appendix B.1). For a
batch of incoming queries, we compute query em-
beddings and perform a similarity search against
the subject embeddings ϕ(s) in M, retrieving the
top-k entries where the cosine similarity exceeds a
specific threshold. These retrieved memory items
are concatenated into the system context. To mit-
igate the risk of the Tuning Model πθ blindly fol-
lowing potentially irrelevant historical advice, we
append a specific applicability assessment instruc-
tion (see Appendix C.1). This compels the model
to critically evaluate the relevance of the retrieved
guidance before generating the initial baseline re-
sponses.

Memory Update and Response Generation.
Following baseline generation, we employ a
cluster-first workflow. We first perform Subject
Clustering on the entire batch to map seman-
tic spaces (prompt in Appendix C.2); this yields
subject groups over all queries. We then iden-
tify failures: for deterministic domains (Text-to-
SQL, Math), correctness is determined by ground
truth comparison; for open-ended agentic tasks,
we utilize an LLM-as-a-judge (instantiated with
the Tuner Model πtuner) to produce binary suc-
cess/failure signals (see Appendix C.5). The update
process operates at the subject level. For each sub-
ject cluster that contains failures, the Tuner Model
πtuner analyzes the collective failure trajectories
within that cluster to distill the structured five-part
memory described in Appendix B.2. To consolidate
these insights into M, we calculate the semantic
similarity between the new subject and existing
memory nodes. If the similarity exceeds a merge
threshold, the new insights are fused into the ex-
isting node to refine the strategy; otherwise, a new
node is appended.

Post-Update Evaluation. To guarantee the re-
liability of the evolving memory, we implement
a closed-loop verification mechanism. The batch
of queries is re-processed using the updated mem-
ory M′, and we calculate the net performance im-
provement ∆B (see Eq. (5)). The memory update
is committed only if ∆B > 0; otherwise, the sys-
tem rolls back to the previous state, ensuring that
the memory M accumulates only beneficial and
experimentally validated guidance.
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C Prompts

C.1 Applicability Assessment Prompt

To prevent the model from blindly adopting re-
trieved memories that may be contextually mis-
matched, we prepend this instruction to the system
prompt, enforcing a critical relevance check.

Applicability Assessment Prompt

The following mistake notes are not necessarily tied
to the current question, but you may use them to
deepen your analytical approach. IMPORTANT:
Before applying any guidance below, carefully
evaluate:

1. Does the current problem match the
applicability conditions stated in the
guidance?

2. Is the problem type and context similar to the
examples in the guidance?

3. If the problem is fundamentally different
(e.g., combinatorics vs modulo arithmetic,
complex numbers vs number theory), do
NOT force-fit the guidance.

4. Only use guidance that is clearly relevant to
the current problem structure and
requirements.

Before solving, review the attached guidance. State
whether it is: “applicable”, “partially applicable”,
or “irrelevant”. Use only applicable parts when
answering.

C.2 Subject Clustering Prompt

We cluster each question into a high-specificity
subject for RAG retrieval:

Subject Clustering Prompt

You are an expert in categorizing questions into
precise, high-relevance subjects for
Retrieval-Augmented Generation (RAG). Your goal
is to assign each question a subject label that:

• Maximizes retrieval relevance by precisely
describing the problem type and solution
method

• Groups only genuinely similar questions
together (same domain AND same approach)

• Avoids over-broad categories that would
match unrelated problems

Include: (1) Mathematical Domain, (2) Problem
Type, (3) Solution Method. Examples of GOOD
subjects:

• “Combinatorics: Counting arrangements in
grids with row and column sum constraints
using stars and bars”

• “Complex Analysis: Evaluating products over
roots of unity using polynomial evaluation”

Examples of BAD subjects (too broad):

• “modulo arithmetic” – could match any
modulo problem

• “number theory” – could match any number
theory problem

C.3 Structured Guidance Extraction Prompt

We derive structured batch-level clustered memory
with a prompt template designed to capture our
five-component memory representation.

14641



Structured Guidance Extraction

You are an expert in analyzing model errors and
maintaining a “mistake notebook” to improve
future performance. Subject: {subject} Error
Examples: {error_context} Task: Extract insights
from the mistakes and rewrite them as a structured
mistake note. Your response must include: 1.
Corrected Examples with mistake answers

• For each, include: the original question and
mistake answer; correct answer and correct
reasoning process.

2. Correct Approach

• Provide the correct reasoning method or
step-by-step approach that should be applied.

3. Mistake Summary

• Identify the root cause behind the errors
(reasoning flaw, misunderstanding of concept,
missing steps, incorrect logic, etc.).

4. Generalizable Strategy

• Summarize reusable problem-solving
patterns and how to avoid future mistakes.

5. ANTI-PATTERNS List specific things to
AVOID:

• Common ways this guidance gets misapplied

• Situations where following this guidance
would be WRONG

• Red flags that indicate the guidance doesn’t
fit

Output format should resemble a mistake notebook
entry: concise, structured, knowledge-focused, and
reusable for similar future questions.

C.4 RAG-Based Guidance Merging Prompt

We merge new memory with related existing entries
to enable memory updating:

RAG-Based Guidance Merging Prompt

You are synthesizing guidance for subject: {subject}
Existing guidance from related subjects in the
memory: {existing_guidance} New guidance to
incorporate: {new_guidance} Task: Merge these
into a single coherent guidance that:

• Combines insights from related subjects with
new guidance

• Eliminates redundancy while preserving key
information and examples of the mistakes

• Preserves and emphasizes applicability
conditions—clearly state when each method
applies

• Focuses on actionable advice

• Maintains consistent style

• Includes warnings about when NOT to
apply the guidance to avoid misapplication

Merged guidance:

C.5 LLM Judge Prompts

To evaluate agent performance across different en-
vironments without relying solely on ground truth,
we design specialized LLM-as-a-judge prompts.
We tailor these prompts to the specific granularities
of the Mind2Web and AppWorld benchmarks.

C.5.1 Mind2Web Evaluation Prompts
For the Mind2Web benchmark, we employ two
distinct judging mechanisms. The Pairwise Com-
parison Judge (Appendix C.5.1) is utilized when
the agent generates multiple candidate actions; it
analyzes two options simultaneously to identify the
optimal next step based on UI logic. Conversely,
the Single Trajectory Judge (Appendix C.5.1) acts
as a binary verifier, analyzing a specific action in
isolation to determine its validity within the inter-
action flow.
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Pairwise Comparison Judge Prompt

You are an expert in web navigation and user
interface interaction. Given this web navigation
task: {question} Compare these two proposed
actions and determine which one is MORE
CORRECT: Action A: {answer1} Action B:
{answer2} Evaluation criteria (in order of
importance): Task relevance - Does this action
directly help achieve the stated goal? UI logic - Is
this a logical next step given the current page state?
Element availability - Does the target element
actually exist on the page? Efficiency - Is this the
most direct path to accomplish the task? Think step
by step, then respond with exactly ONE of these
options: “Action A is more correct” / “Action B is
more correct” / “Both are equally correct or equally
wrong” Your response must start with one of these
exact phrases.

Single Trajectory Judge Prompt

You are an expert in web navigation and user
interface interaction evaluation. Your task is to
determine if a candidate answer is correct for a
given web navigation task. You DO NOT have
access to a ground truth answer, so you must judge
strictly based on the provided web context (HTML),
the user’s task goal, and the interaction history.
Context and Task: {question} Proposed Action
to Evaluate: {candidate_answer} Evaluation
Steps: Goal Analysis: What is the user trying to
achieve? State Analysis: Based on previous actions,
where are we in the flow? Element Verification:
Does the element selected in the proposed action
exist in the HTML? Is it the correct element to
interact with? Action Validity: Is the action
(CLICK, TYPE, SELECT) appropriate for this
element and goal? Judgment Criteria: CORRECT:
The action is the logical, necessary, and correct next
step to advance the task. INCORRECT: The action
is irrelevant, interacts with the wrong element, uses
the wrong action type, or hinders the task. Respond
with exactly ONE of the following lines, followed
by your reasoning: “Judgment: CORRECT” or
“Judgment: INCORRECT”.

C.5.2 AppWorld Evaluation Prompt
Unlike the step-by-step UI interactions in
Mind2Web, the AppWorld benchmark requires
evaluating complete API interaction chains and
Python code execution. Therefore, the AppWorld
Judge (Appendix C.5.2) is designed to assess the
full execution log, determining success based on
the final output validity and the absence of fatal
runtime errors.

AppWorld Execution Judge Prompt

You are an expert Judge for an AI Agent execution
log. Your goal is to determine if the Agent
successfully completed the user’s task based on the
provided execution log. Input Data: 1. Task
Question: “{question}” 2. Execution Log (JSON
format): «<EXECUTION_LOG_START»>
{trajectory} «<EXECUTION_LOG_END»>
Judgment Criteria: SUCCESS: The agent found
the requested information, performed the requested
action, or provided the correct answer in the final
turn. The code executed without fatal errors.
FAILURE: The agent encountered a Python
exception that stopped progress, got stuck in a loop,
failed to call the correct API, authorized incorrectly,
or the log ends abruptly without an answer. Output
Format: You must output a single JSON object
with: "reasoning" (brief analysis, max 50 words)
and "is_success" (true or false).

D Experiment Details

D.1 Evaluation Protocol and Experimental
Settings

Evaluation Protocol. We evaluate all settings
under greedy decoding with temperature set to
0.0. We adopt task-dependent Pass@k: for mathe-
matical reasoning, we report Pass@32 on AIME
2024/2025 to mitigate sampling variance on chal-
lenging problems, while all other tasks (including
GSM8K, Text-to-SQL, and agent benchmarks) are
evaluated with Pass@1.

Evaluation metrics are task-specific: for Text-to-
SQL, we report execution accuracy, where a pre-
dicted SQL query is executed on the target database
and matched against the gold execution result; for
mathematical reasoning, we use normalized ex-
act match after symbolic simplification; for agent
tasks, we evaluate Mind2Web using Task Success
and Step Accuracy, and AppWorld by whether
the agent successfully completes the user-defined
task goal in the real application environment. This
“task-specific metrics” framing follows common
practice in agent evaluation setups.

Detailed Dataset Statistics and Splits. AIME
2024/2025 training uses 100 examples randomly
sampled from DAPO-Math-17K, and the test sets
contain 30 problems each for AIME 2024 and
AIME 2025. GSM8K uses 7,473 training exam-
ples and 1,319 test examples. KaggleDBQA uses
87 training examples and 185 test examples. Spi-
der uses 7,000 training examples and 1,034 test
examples. For Mind2Web, we select 3 subjects;
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for each subject we randomly sample 100 tasks.
Each task contains average 6 steps, resulting in
1,707 training instances and 1,707 test instances.
For AppWorld, we randomly sample one instance
from each of the 56 scenarios for both training and
testing, yielding 56 training instances and 56 test
instances.

Table Conventions. In all result tables, higher
accuracy/success is better; best performance values
are marked in bold. Mem Cnt denotes the num-
ber of memory entries constructed during training,
and Avg. Len (tok) denotes the average number of
guidance tokens used during inference. Mem Cnt
is not applicable to TFGO due to prompt-based op-
timization. For cost reasons, we omit ACE results
with Qwen3-Max where applicable; similarly, Me-
mento and TFGO are omitted in some large-scale
experiments due to their high token consumption
and associated budgetary constraints.

Main Result Notes. On AIME 2024/2025, MNL
improves or preserves accuracy across base mod-
els with small memory. On KaggleDBQA, MNL
yields consistent accuracy gains over the vanilla
model and avoids the large context overhead of
retrieval-heavy baselines. On Mind2Web and Ap-
pWorld, MNL improves agent success under self-
correction while keeping inference context short.

Following our ablation results (Section 4.3), all
experiments use single-epoch training to avoid
cross-epoch overfitting. Unless otherwise speci-
fied, we adopt the Self-Tuning setting, where the
tuner shares the same architecture as the model
being tuned. We use model-specific maximum gen-
eration lengths: Qwen3-8B and Qwen3-Max use
a 32K-token limit, while DeepSeek-V3.2-Exp sup-
ports up to 8K tokens and is therefore evaluated
with an 8K limit. All vanilla models are evaluated
under the no-think setting.

Implementation Details. For Text-to-SQL,
mathematical reasoning, we use an supervised
evolution setting, i.e., ground-truth answers are
available during training/tuning to support explicit
error attribution and feedback construction. In con-
trast, for Mind2Web and AppWorld we use an
self-evolution setting: no ground-truth answers are
provided during training, and an LLM Judge de-
termines the agent’s task success based on the final
interaction outcome, which is then used to generate
feedback signals for self-tuning. Finally, all meth-
ods (including TFGO, ACE, Memento, and MNL)

Table 9: Training time and cost comparison on Kag-
gleDBQA.

Dataset Method Time (min) Cost ($)

KaggleDBQA MNL 11 0.19
KaggleDBQA Memento 25 1.66
KaggleDBQA ACE 46 3.06

Table 10: Per-batch training overhead of MNL with
Qwen3-8B (1× H20 GPU).

Batch Size Avg Cluster Time (s) Avg Guidance Gen. (s)

8 2.26 37.00
16 3.73 73.62
32 6.88 141.27

are evaluated under the same protocol with ground
truth to ensure fair and reproducible comparison.

Reproducibility Settings. To ensure repro-
ducibility, we fix the hyperparameters to Tem-
perature=0, Presence Penalty=1.5, and Ran-
dom Seed=42. For Qwen3-8B, we use max-
tokens=32K; for DeepSeek and Qwen3-Max,
we set max-tokens=8K. To better match dif-
ferent evaluation settings, we further set max-
tokens=8K for Text-to-SQL and all ablation stud-
ies (Section 4.3). For method-specific con-
figurations, MNL uses epoch=1 and batch-
size=16, with bge-m3 as the embedding model;
during retrieval we set topk=1 and retrieval-
threshold=0.6. Memento sets memory-max-pos-
examples=4, memory-max-neg-examples=4, and
memory-max-length=256, and also uses bge-m3
as the embedding model. For Memento, META-
MODEL, EXEC-MODEL, and JUDGE-MODEL
share the same backbone model. TFGO uses
batchsize=64, rollout-concurrency=5, and rollout-
max-tokens=4096. ACE uses epoch=1, max-
num-rounds=3, and playbook-token-budget=80K;
generator-model, reflector-model, and curator-
model are instantiated with the same backbone
model. The experimental settings for the other
methods largely follow the default configurations
provided in their open-source implementations.

D.2 LoRA and SFT Training Details

For the LoRA and SFT baselines on GSM8K and
Spider (Table 2), we use the following configura-
tions. LoRA: Rank 8, Alpha 32, Learning Rate
2 × 10−5, Batch Size 16, 1 Epoch. SFT: Full-
parameter fine-tuning, 1 Epoch, Global Batch Size
16, Learning Rate 2× 10−5. Hardware: All exper-
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Table 11: Training time and cost comparison on GSM8K
and Spider (with LoRA baseline).

Dataset Method Time (min) Cost ($)

GSM8K MNL 15 0.99
GSM8K SFT 30 1.98
GSM8K LoRA 21 1.39
Spider MNL 30 1.98
Spider SFT 50 3.32
Spider LoRA 40 2.66

iments run on a single H20 GPU (141 GB).

D.3 Cost Calculation Details
For KaggleDBQA, we use Qwen3-Max as the self-
tuning mode and compute learning cost based on
its official API pricing. Specifically, the pricing
for Qwen3-Max-3 is 0.0032 RMB per 1k input
tokens and 0.0128 RMB per 1k output tokens.
The total learning cost is obtained by aggregat-
ing the number of input and output tokens gener-
ated during training according to these rates. For
GSM8K and Spider, we use Qwen3-8B as the base
model and conduct training on a single H20 GPU
(141GB). The GPU usage cost is computed at a
rate of $3.99 per hour. GPU prices follow the
publicly listed on-demand pricing at the time of
experiments. MNL+Qwen3-8B completes training
in 15 minutes on GSM8K, resulting in a total learn-
ing cost of $0.99, while SFT+Qwen3-8B requires
30 minutes of training under the same hardware
configuration, incurring a cost of $1.98. On Spider,
MNL+Qwen3-8B completes training in 30 minutes
with a cost of $1.98, whereas SFT+Qwen3-8B re-
quires 50 minutes of training time and incurs a cost
of $3.32 under identical computational resources.

D.4 Computational Overhead and Training
Efficiency

Table 9 compares training time and cost on Kag-
gleDBQA; Table 10 reports per-batch overhead of
MNL with Qwen3-8B (1× H20 GPU). Table 11
provides the GSM8K and Spider cost compari-
son including LoRA. Figure 6 illustrates the cost-
accuracy trade-off. Cost calculation methodology
is detailed in Appendix D.3.
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Figure 5: MNL vs. SFT on Qwen3-8B. On GSM8K,
MNL (93.9%) nearly matches SFT (94.3%). On Spider,
SFT (79.0%) leads, but MNL (71.7%) improves over
Vanilla model (68.9%) without parameter updates.

Figure 6: Cost-accuracy trade-off. Top: On KaggleD-
BQA, MNL achieves 45.9% accuracy at $0.19, while
Memento reaches 47.0% accuracy at $0.43 (2.3× cost).
Bottom: On GSM8K/Spider, MNL approaches SFT ac-
curacy at 40% lower cost.
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