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Abstract

Humans continuously learn from experience,
whereas conventional large language model
(LLM) evaluations ignore the models’ ability
to improve through inference-time interaction.
In this paper, we study how LLMs learn from
iterative experience at test time, a setting we
refer to as Chain-of-Experience (CoE), analyz-
ing how models improve across repeated at-
tempts with feedback. Through iterative inter-
actions with self or environmental feedback,
models accumulate experiential traces that in-
form future problem solving. This forms a
continual improvement loop beyond zero-shot
inference. We instantiate CoE with diverse
feedback mechanisms, including model self-
feedback and environmental signals such as
correctness or public coding test pass rates,
and evaluate across math, coding, and knowl-
edge domains using 7 LLMs, including GPT-5,
Gemini-2.5 Pro, and Claude-4.5 Sonnet. Our
study show that by leveraging iterative expe-
rience consistently outperforms feedback-free
baselines, achieving substantial performance
gains with self feedback alone, alongside a
5.6% overall improvement and 19% lower API
cost across tasks and models. We further ob-
serve a positive correlation between the LLM
base ability and its improvement capacity, and
show that models can still improve under weak
or spurious feedback, with different feedback
contributing to distinct improvement aspects
and most gains emerging early in the experi-
ence iterations.

1 Introduction

Humans naturally and continuously learn from
their experiences, each success or failure con-
tributes to an evolving understanding that informs
future decisions. Contemporary machine learning
systems — modern large language models (LLMs)
in particular (Achiam et al., 2023; Team et al.,
2023; Grattafiori et al., 2024; Liu et al., 2024a;
Yang et al., 2025) — behave quite differently: once

trained, they are deployed in a fixed state, treating
every inference as an isolated event and ignoring
the rich feedback embedded in the problem solv-
ing process itself. In contrast, learning should be
a continuous process, LLMs should be able to im-
prove not only during training but also at test-time
by iteratively interacting with their environment
— processing feedback, engaging in reflection to
constantly update their understanding, or shortly,
improving from their own knowledge and experi-
ence (Silver and Sutton, 2025; Snell et al., 2025).

Inspired by successes in reinforcement learn-
ing, search-based methods explore a vast range
of solutions. Heuristic strategies (Yao et al., 2023;
Hao et al., 2023), including majority voting (Wang
et al., 2022, 2024a) aim to identify higher-quality
answers leveraging verifiers from candidates paral-
lelly generated by LMs. Nevertheless, the model
experience from these methods is still temporary,
which is usually consolidated into a single answer
and then discarded, leaving models to restart each
problem without accumulated insight. An alterna-
tive paradigm is self-refinement, where models are
enabled to iteratively improve through self-critique
and correction (Madaan et al., 2023; Shinn et al.,
2023), internalizing feedback within a single con-
text. Extensions such as self-debugging (Chen
et al., 2023) and Reflexion (Shinn et al., 2023)
incorporate external signals like code execution
signals, but they remain fragmented and shallow in
the use of iterative experience.

Building on these existing attempts, we present
a comprehensive analysis of LLMs learning from
iterative experience, enabling models to improve
during inference through extended environmen-
tal interactions, feedback processing, and self-
reflection. We conceptualize this setting as Chain-
of-Experience (CoE), wherein models engage in
iterative problem-solving with feedback. Through
this lens, we investigate a central question: “How
can LLMs evolve from accumulated experience



with interactions and feedback to improve during
test time?” In this paper, we use the CoE frame-
work to systematically explore prolonged environ-
ment interactions across four types of feedback:
none, model feedback, executor feedback for code
tasks, and correctness feedback for general tasks.
This analysis offers new insights into how LLMs
evolve through iterative experience and demon-
strates their meta-capacity to leverage feedback
while generalizing across accumulated experience.

To evaluate CoE-based algorithms, we prompt
seven state-of-the-art models, including GPT-5, 03,
Gemini-2.5 Pro, and Claude-4.5 Sonnet, across
math, coding, and knowledge domains. Extensive
experiments over four feedback types—drawn from
existing algorithms and our designed paradigm
(i.e., none, executor, model, and correctness feed-
back)—show that CoE with feedback consistently
yields notable improvements (Figure 1). In particu-
lar, simple CoE methods substantially outperform
test-time scaling approaches that rely on experience
from other tasks (Suzgun et al., 2025; Zhang et al.,
2025b), achieving an average of 7-9% gain over
these algorithms with just self feedback (average
62.9% to 71.0%). Moreover, models leveraging
iterative experience and feedback also reason more
efficiently, delivering a 5.6% overall improvement
with 19% lower API cost across all tasks and mod-
els. We further observe a clear positive correlation
between learning gains from feedback and base
ability, with an average Pearson correlation of +0.5
across five benchmarks, indicating that stronger
models evolve more effectively from experience.
Finally, our analyses reveal deeper behavioral in-
sights: models remain robust under spurious or
weak feedback, most gains occur early in the itera-
tions, and distinct improvement trajectories emerge
under different feedback under the CoE framework.

2 Related Work

Training-free Test-time Strategies. Large lan-
guage models can reason without additional train-
ing via various test-time prompting strategies.
Chain-of-Thought (CoT) elicits step-by-step rea-
soning and improves arithmetic, commonsense,
and symbolic tasks (Wei et al., 2022), spawning a
family of “Chain-of-X” methods (Yu et al., 2023;
Li et al., 2023; Huang et al., 2023; Chia et al.,
2023). Representative variants include contrastive
CoT (Chia et al., 2023), least-to-most prompt-
ing (Zhou et al., 2022), task-specialized forms

such as Chain-of-Explanation, Chain-of-Note, and
Chain-of-Knowledge (Huang et al., 2023; Yu et al.,
2023; Li et al., 2023), and Tree-of-Thought (ToT),
which explores multiple reasoning paths via search
and outperforms CoT on planning tasks (Yao et al.,
2023). With the emergence of large reasoning mod-
els such as OpenAl’s o series (Jaech et al., 2024)
and DeepSeek R1 (Guo et al., 2025), verifier-based
methods that select among parallel generations
have regained attention, including step-level (Light-
man et al., 2023; Wang et al., 2024b; Zhang et al.,
2024) and output-level (Zheng et al., 2023a; Cai
et al., 2024; Liu et al., 2025) verification. While
effective as post-processing using external feed-
back (Liu et al., 2024b; Wang et al., 2025; Tu et al.,
2025; Wang et al., 2024c), these methods lack the
iterative loop for model evolving. Our CoE is also
training-free, but differs by using feedback to drive
iterative self-evolving during inference.

Learning from Experiences. Learning from ex-
perience underlies both human intelligence and Al
systems. Reinforcement learning formalizes ex-
perience through policy gradients and actor—critic
methods (Williams, 1992; Schulman et al., 2017),
achieving success in games, robotics, and con-
trol (Silver et al., 2016), and more recently via post-
training on online generations to improve align-
ment and reasoning (Bai et al., 2022; Guan et al.,
2024; Shao et al., 2024; Yu et al., 2025). Beyond
training, experience can accumulate during infer-
ence. For cross-task experience, Dynamic Cheat-
Sheet (DC) (Suzgun et al., 2025), Agentic Con-
text Engineering (ACE) (Zhang et al., 2025b), and
related approaches (Zheng et al., 2023b; Wang
et al., 2024d; Zhao et al., 2024) maintain persis-
tent inference-time memories that distill reusable
strategies, while agentic scaffolds enable collec-
tive experience sharing across agents (Tang et al.,
2025; Chen et al., 2025a; Ouyang et al., 2025).
For same-task experience, Reflexion (Shinn et al.,
2023), Self-Refine (Madaan et al., 2023), Self-
Debug (Chen et al., 2023), S* (Li et al., 2025),
Iteration-of-Thought (Radha et al., 2024), and Re-
Veal (Jin et al., 2025) iteratively refine outputs us-
ing self-feedback or execution signals, while recent
pipelines further exploit offline model experience
for agent improvement (Zhang et al., 2025a; Chen
et al., 2025b). In contrast to prior work, we present
a unified framework that treats a model’s entire
solving history as experience and systematically
studies diverse feedback signals to enable contin-
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Figure 1: Summarized results on four benchmarks across math, code, and knowledge over four LLMs. Iterative
problem solving under CoE provides three benefits: upper: by incorporating feedback in CoE, the average
performance across four LLMs outperforms other test-time augmentations; lower left: models are capable of
achieving the better performance with lower API cost with feedback; lower right: LLMs that perform better on the
task display better improving capabilities through CoE with moderate to strong Pearson correlation. We present

more explanations regarding baselines in Section 4.1.

ual improvement at test time.

3 Model Improvement via CoE

In this section, we first provide general concepts of
the iterative problem solving setup, termed Chain-
of-Experience (CoE), followed by a detailed dis-
cussion of four diverse feedback types to enhance
model experience. Finally, we provide explanations
on how we scale up the iteration of experience to
probe model learning performance at test-time.

3.1 Overview

In the traditional question-answering set-
ting (Sutskever et al., 2014; Raffel et al., 2020;
Roberts et al., 2020; Brown et al., 2020), when
given a question (), large language models (LLMs)
will generate a plausible response A sampled from
the conditional distribution P(A | Q). To extend
this paradigm into the era of experience (Silver
and Sutton, 2025), we incorporate an environment
feedback variable F' to represent the observable
consequence or evaluation of responses when
grounded in an interactive environment. Formally,
the feedback f is sampled from the conditional
distribution f ~ P'(F | Q, A), where P’ is mod-
eled by an environment that can be instantiated
as a coding execution environment, an internal
world model of the agent, or even a real-world
environment, providing generative (Ouyang
et al., 2022; Mahan et al., 2024) or environment

feedback (Shao et al., 2024; Madaan et al., 2023)
for the given sequence.

In this paper, we investigate a paradigm that ex-
tends the single-turn formulation into a sequential
decision process, where each response a; at step
7 depends on the full history and corresponding
environmental feedback of prior attempts ; we refer
to this setting as Chain-of-Experience (CoE). The
generative process is defined:

(1

ag ~ P(ay | Q,eq,e1,...,ei-1)

where ¢; is the i*" experience consists of (a;, f;).

3.2 Feedback Spectrum

To fully characterize how different forms of expe-
rience shape the model’s iterative evolution, we
categorize feedback along a spectrum of richness
— from completely implicit to strongly explicit sig-
nals. Each feedback type corresponds to a specific
instantiation of the environment’s response, which
in turn influences the next-step action via the CoE
generative process. In general, the model can be
updated according to

as ~ P(as | Q, (a0, fo), - -, (at—1, ft—1)),

where the function f; is the feedback we employed
at the ¢—th iteration. Below, we describe these four
feedback types used in this study, together with
their formal definitions.
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Figure 2: An overview of our studies iterative improvement loop for LMs. The model M learns by repeatedly
interacting with the environment £ (e.g., model simulation or coding environment). In each cycle, M generates
actions conditioned on the input and accumulated experience, then receives feedback from &£ to form a new
experience. We investigate four specific feedback in this study: none, execution, model, and correctness feedback.

No feedback. The environment provides no evalua-
tion or signal, i.e., f; = &. The experience reduces
to e; = (a;, &), the next action is sampled from

a; ~ P(ay | Q,ap,a1,...,at-1),

meaning any improvement must arise from reflec-
tion on prior attempts, without external guidance.
Execution feedback. For tasks grounded in exe-
cutable or interactive environments (e.g., coding
tasks with interpreters or unit tests), feedback is
generated by running the model’s response a; in-
side the environment &£:

fi~P(F|Q,a;)=E(Q,a),

where f; may include execution traces, error mes-
sages, runtime logs, or test-case outcomes.

Model feedback. A (possibly identical) auxiliary
language model My, acts as a judge or critic:

fi = MﬂJ(Qa ai)a

where f; may include textual critiques, preference
scores, or structured evaluations. This enables re-
finement even in the absence of an external envi-
ronment, relying purely on linguistic or preference-
based signals.

Correctness feedback. When a domain-specific
verifier is available, the environment supplies bi-
nary correctness signals:

fi = 1{a; is correct} € {0,1}.

Such oracle-like information provides explicit fine-
grained evaluation of success and failure. Although
this type of feedback is often unrealistic in real-
world settings, where ground-truth verification is

costly or unavailable, still, we include it as a high-
signal reference setting to approximate an upper
bound on the benefits of iterative refinement.

3.3 [Experience Scaling

Unlike prior approaches that scale along the token
dimension (Wei et al., 2022; Wang et al., 2022),
the reasoning-step dimension (Kojima et al., 2022),
or rely on limited refinement steps (Madaan et al.,
2023; Suzgun et al., 2025), we focus on a more
realistic scaling paradigm that explicitly increases
turns of environment feedback. Specifically, we
scale the number of model-environment interac-
tions, allowing language models to accumulate and
evolve from experience. In this work, we attribute
the underlying “improving algorithm” to models’
inherent in-context learning capability, and system-
atically study how performance scales with both
interaction quantity and feedback richness. We con-
duct scaling experiments under all feedback types
within the CoE framework, enabling continual ex-
perience accumulation and evolution.

4 Experiments

In this section, we first outline experimental config-
urations, including benchmarks and models, then
we provide an overview of baselines under the CoE
context. Finally, we present comprehensive analy-
sis on scaling up iterative experience with diverse
feedback, highlighting three key findings.

4.1 Experiment Setup

Datasets. We focus on three different tasks:
math, , and knowledge. More specific,
we select two benchmarks for each task: AIME
2025 (Balunovi¢ et al., 2025), OmniMath (Gao



et al., 2024), (Jain et al.,
2024), (White et al., 2024),
Eval.earn (Dou et al., 2025), and GPQA Dia-
mond (Rein et al., 2024). Detailed descriptions
are in Appendix C.

Baselines. As for baselines, we examine model
skills in either (1) utilizing different levels of built-
in reasoning or (2) leveraging experience from
previously solved problems. For controlling rea-
soning depth, OpenAl and Claude models can be
tuned to produce varying amounts of reasoning to-
kens. For methods that absorb experience from
prior examples, we adopt few-shot in-context learn-
ing (ICL) (Brown et al., 2020) as a standard base-
line. For a more sophisticated approach, we se-
lect Dynamic CheatSheet (Suzgun et al., 2025)
and Agentic Context Engineering (ACE) (Zhang
et al., 2025b), which maintain a continually up-
dated external memory of reusable strategies. Al-
though follow-up works (Ouyang et al., 2025; Cai
et al., 2025) introduce finer-grained refinements
in a similar processing loop, we use these two as
the representative baseline. We select the most
k € [1,5,8,12,15,20] relevant solutions for ICL,
DC, and ACE to form their context, we present
baseline details in Appendix D.

Models. We focus on the latest language mod-
els with inherent reasoning abilities from various
developers to probe their improving capabilities
during test-time: GPT-5 (OpenAl, 2025a), GPT-5-
mini (OpenAl, 2025a), 04-mini (OpenAl, 2025b),
03 (OpenAl, 2025b), 03-mini (OpenAl, 2025b),
Gemini-2.5 Pro (Comanici et al., 2025), and Claude
4.5 Sonnet (Anthropic, 2025). We run all exper-
iments for three times and report the mean and
standard deviation statistics. We present detailed
prompting configurations in Appendix A.

4.2 Scaling with Experience

By incorporating experiences of varying levels
into generations, we observe three notable find-
ings spanning task performance, efficiency, and
improving capability.

Findings 1: Performance: The Chain-of-
Experience setting with feedback boosts rea-
soning LL.Ms on various tasks.

LLMs equipped with feedback consistently
outperform almost all baselines and settings.
As shown in Figure 3, across six benchmarks,
the Chain-of-Experience (CoE) paradigm—where

models iteratively absorb and reuse prior feed-
back—delivers substantial performance gains (full
results in Appendix G). With self feedback or ex-
ecutor/correctness feedback (as an upper bound),
seven modern reasoning models achieve average
improvements of 5.6% and 11.1% over their no-
feedback counterparts, underscoring the value of
explicit outcome-based signals for model refine-
ment. For coding-centric tasks such as LiveBench
(Code) and LiveCodeBench (V6), programmatic
executor feedback derived from public test-case
verification drives sharp accuracy gains of 8.6%
on average (from 66.4% to 75.0%), while self-
judgement feedback still provides a 7.0% lift. This
indicates that models can internalize both fine-
grained and abstract feedback cues into subse-
quent reasoning. On non-coding tasks (e.g., AIME
2025, OmniMath, GPQA Diamond), the same
trend holds: correctness feedback establishes an
upper bound, and self feedback—though nois-
ier—continues to foster improvement (e.g., 75.1%
> 67.1% > 62.5% w/o feedback).

In comparison, although ICL, DC, and ACE
remain widely used, none demonstrates reliable
scaling under advanced reasoning models. Av-
eraged across six benchmarks in Table 2, ICL,
ACE, and DC achieve only 62.1%, 64.0%, and
62.7% respectively, all trailing a simple without
baseline (66.8%). In contrast, incorporating ex-
plicit feedback yields consistent gains: results with
model self feedback reaches 71.0% (+7-9% over
ICL/ACE/DC), while the best feedback signal fur-
ther improves performance to 79.3%. Overall,
these results proves that feedback-driven CoE acts
as a more general and effective test-time scaling
framework, enabling LLLMs to autonomously im-
prove across domains over no-feedback inference
and other baselines.

Findings 2: Efficiency: LLMs with feedback
strikes a balance between performance and
API calling cost.

As shown in Figure 4, incorporating feedback
into the Chain-of-Experience framework not only
enhances model performance but also improves
efficiency by lowering the total API calling cost re-
quired to achieve strong results — as models with
feedback tend to perform better with lower API
costs (at the upper left of sub-figures). We present
full results are in Appendix G. Across these tasks,
most LLMs using feedback-based variants (blue ob-
jects) consistently dominate the no feedback base-
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Figure 3: Results of five state-of-the-art LLMs on six benchmarks using different generation techniques. Models

under CoE with different levels of feedback (correctness/executor, self, and
perform better than the baseline strategies (no feedback,

feedback) generally
R , and the ones with different reasoning efforts).

Results are averaged over 3 runs and we shade the standard deviation with a lighter color and plot bars showing
model performance under different reasoning efforts. The full results are in Appendix G.

lines (gray square), achieving higher accuracy at
lower total price (except Gemini 2.5 Pro). We
present the full results in Figure 12, Appendix G.
For the two coding tasks, self feedback emerges as
a cost-effective compromise: it captures the major-
ity of the performance gain of executor (i.e., 73.4%
vs. 75.0%) while incurring 13.4% fewer API calls
(e.g., $70.7 vs. $81.6), and moreover, requires 20%
less cost than the no-feedback counterpart. Simi-
larly, on AIME 2025 and Eval_earn, self feedback
provides more informative input with substantially
lower API cost with 47.3% and 7.0% reductions
across all seven LLMs, even compared with the no-
feedback solution (e.g., $8.8 vs. $4.6 on AIME 25
and $325.3 vs. $302.4 on Evalearn), while still
yielding an average 4.4% and 6.9% accuracy im-
provement, respectively. One exception is Gemini
2.5 Pro: its self-feedback produces much more out-
put (i.e., incurring higher costs) but yields smaller
gains, suggesting Gemini may be less effective than
other mainstream LL.Ms at judging and improving

its own responses. These observations indicate that
large models are capable of performing meaningful
self-evaluation and internal calibration without the
need for expensive external evaluators.

Findings 3: Improving Capability: LLMs that
perform better on the task shows higher learn-
ing gain during test-time.

We calculate the improving capability of a model

Smax _

M using Ay = =42 Sli::“, where Spase denotes
the model’s initial zero-shot performance without
feedback and Sp.x represents its peak accuracy
achieved under our CoE setting with model self
feedback. All numbers are averaged across three
runs. In Figure 5, we observe a clear positive trend
between base performance and improving capa-
bility across benchmarks. For instance, models
on both coding tasks e.g., LiveBench (Code) with
r = 0.97) and LiveCodeBench (V6) (r = 0.83)
show strong correlations, indicating that models
with stronger initial reasoning ability tend to learn
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Figure 5: Zero-shot performance of models (Base Capacity) and the learning gain show positive Pearson correlations
(r), indicating that better-performing LLMs possess greater improving capability. Scores are averaged across 3 runs.

more effectively from feedback. Although tasks
like AIME 2025 (r = 0.33) and OmniMath (r =
0.24) show relatively weaker correlations, the over-
all trend remains consistent, with an average task-
level Pearson correlation of 0.50. These findings
suggest that learning from experience is an emer-
gent property that scales with model capacity —
larger and more capable LLMs not only start from
a higher baseline but are also inherently better at
digesting feedback, adapting to new information,
and improving through iterative interactions.

5 Further Discussion and Conclusion

To further investigate LLMs’ learning capacity un-
der CoE, we conduct four ablations on the iter-
ative problem-solving setup, including spurious
feedback and improvement pattern analysis. We
additionally study model behavior under varying
feedback strengths (Appendix E.3) and extended
experience iterations (Appendix E.2).

Learning from Spurious Feedback. To investi-
gate the robustness of LL.Ms under spurious feed-
back, we design an experiment where models re-
ceive exclusively incorrect or correct feedback

(e.g., always stating “the answer is incorrect” or
vice versa). We report the best model performance
over 20 iterations in Table 1. This setup evaluates
whether models can recover from (or even bene-
fit under) misleading feedback signals. We find
that spurious feedback generally degrades perfor-
mance by average 7.6% on AIME 2025 and 2.6%
on GPQA-Diamond. Yet, stronger models such as
GPT-5 mini exhibit greater robustness, with only
minor drops of 2.5% and 0.6%, compared to 04-
mini’s larger declines of 12.8% and 4.6%.

To further enhance reliability, we introduce Se-
lective Majority Voting (SelMV-n), which aggre-
gates final answers via majority voting among the
first n valid attempts. This method mitigates ran-
domness and reinforces consistent reasoning be-
haviors even when feedback is misleading. Inter-
estingly, on GPQA-Diamond, SelMV with incor-
rect feedback surpasses model feedback by 0.9%
(79.4% — 80.3%), while accuracies after SeIMV
improve by average 1.2% and 2.3% on AIME 2025
and GPQA-Diamond, respectively. These results
underscore the robustness of reasoning LLMs, be-
ing capable of learning stable reasoning trajecto-
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Figure 6: Percentages of different reasons for LLMs’ improvement patterns from 6,630 incorrect to correct response
pairs. We employ GPT-5 to conduct this automatic analysis.

ries despite adversarial or spurious signals. To
demistify the role of different feedback, we provide
more results about spurious and different levels of
feedback in Appendix E.1 and E.3.

Analysis of Improvement Patterns. To better un-
derstand reasons for the improvement of LLMs
through iterative feedback, we design the experi-
ments to analyze the “why” behind each flip from
incorrect to correct answer of LLMs. We collect
6,630 examples across all tasks and five models
(i.e., GPT-5, GPT-5 mini, 04-mini, 03, 03-mini)
and leverage the latest GPT-5 model to analyze
the cause. Full prompt for this task is available
in Appendix H. We define four factors behind the
improvement of LL.Ms: Feedback Fidelity for im-
proving from trail feedback, Self Reflection for
referring to self-reflection, Specification Recall for
correcting based on the question and/or format re-
quirements, Random for model improving from
other reasons. We present the detailed criteria of
these factors in Appendix E.4.

In Figure 6, we have several observations re-
garding the reasons of models’ iterative improv-
ing. (1) LLMs can effectively leverage feedback
for improvement. Across the five feedback set-
tings, 47.7% of all improvements are attributed to
feedback-related reasons, showing that large lan-
guage models can meaningfully interpret and act on
feedback signals to refine their subsequent outputs.
(2) Coding feedback often drives specification-
oriented refinement. In coding-related tasks, an
average of 30.0% of improvements originate from
specification recall, reflecting that coding tasks
are highly format- and syntax-sensitive, encour-
aging models to focus on precise compliance with

Feedback AIME 2025 GPQA Diamond
GPT-5 o4 GPT-5 o4

mini mini mini mini
Self 93.3 91.1 79.9 78.8
SelMV Self 91.1 88.9 80.4 79.5
All Correct 90.0 73.3 79.3 75.8
SelMV Correct 93.3 73.3 79.3 76.3
Incorrect 91.7 83.3 79.3 72.7
SelMV Incorrect 89.7 86.7 82.8 77.8

Table 1: The best performance over 20 iterations under
constant correct” or incorrect” feedback (e.g., “the an-
swer is correct”). Selective majority voting (SelMV)
helps LLMs maintain performance. Results are aver-
aged over 3 runs with best scores emphasized.

structural and formatting requirements. (3) Model-
generated feedback elicits stronger learning ef-
fects. Improvements under model feedback show
a higher feedback-related proportion compared to
other feedback sources (e.g., 58.7% > 41.1%), sug-
gesting that self-generated feedback tends to be
more detailed and contextually aligned, thereby
enhancing models to leverage it for improvement.
Conclusion We present a comprehensive analy-
sis of Chain-of-Experience (CoE), showing that
LLMs can improve during inference through
iterative feedback and accumulated experience.
Across math, coding, and knowledge tasks, meth-
ods in CoE consistently enhances performance
and efficiency, demonstrating the effectiveness of
feedback-driven test-time learning. Our analysis
also reveals a positive correlation between model
ability and improvement capacity, and shows that
most gains emerge early, even under weak or spuri-
ous feedback. Finally, we analyze various model
improvement patterns during this iterative process.



6 Limitations

Our evaluation focuses primarily on math, knowl-
edge, and coding benchmarks. While these do-
mains offer controlled settings to probe iterative
improvement, there are interaction-intensive sce-
narios where experience unfolds over long hori-
zons (Jimenez et al., 2023; Yao et al., 2024), to
which the CoE paradigm should naturally extend.
In addition, we do not update model parameters
in this study. This choice isolates the Chain-of-
Experience mechanism as a test-time paradigm,
but it also means that the observed improvements
arise from contextual reuse of experience rather
than true learning; incorporating weight updates to
internalize experience remains an important next
step toward training models with persistent the
“learning-from-experience” abilities.
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A Detailed Experimental Setup

Different Reasoning Efforts. For OpenAl mod-
els, we employ the default ‘low’ and ‘high’ in the
reasoning_effort parameter to twitch models’ rea-
soning level. For Claude 4.5 Sonnet, we disable
the thinking mode and set the thinking budget to
10,000 as the low and high reasoning variants, re-
spectively.

Decoding Parameters. For OpenAl models ex-
cept GPT-OSS-120B, we use the default decoding
parameter with temperature set to 1.0. For Gem-
ini, Claude, and GPT-OSS-120B models, we use a
temperature of 0.2 for decoding.

B Averaged Results

We present the averaged best scores over 20 iter-
ations of different methods in Table 2. From the
table, we can clearly draw the conclusion that feed-
back helps LLMs perform better on all six bench-
marks, while existing self-improving algorithms
(i.e., ACE, DC) do not perform decently on this
testing suite.

C Evaluated Benchmarks

We present detailed descriptions of our evaluated
benchmarks below:

e AIME 2025 (Balunovi¢ et al., 2025) is a chal-
lenging and universal math benchmark con-
sists of 30 cases from AIME in 2025.

OmniMath (Gao et al., 2024) is a universal
olympiad level mathematic benchmark con-
sists of a total of 4,428 problems, and we sam-
ple 200 examples across all difficulties for
evaluation.

(Jain et al., 2024) is an
evolving benchmark for challenging code gen-
eration. We select its latest version (V6) alone
with a total of 175 samples.

(White et al., 2024) is orig-
inated from a living benchmark spans across
six aspects. We select the coding aspect, com-
prising 128 samples for evaluation.

Eval.earn (Dou et al., 2025) is the first bench-
mark that evaluate the experience learning
abilities of language models, which includes
total 648 examples.
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* GPQA Diamond (Rein et al., 2024) is a chal-
lenging multiple-choice question set in biol-
ogy, chemistry, and physics, authored by PhD-
level experts. It consists of 198 examples in
total.

D Baselines

Built-in Reasoning: A native test-time scaling
mechanism implemented in OpenAl models allows
the reasoning effort to be adjusted between low
and high. We treat this as a built-in and straightfor-
ward scaling baseline and present further details in
Appendix A

Few-shot In-Context Learning (ICL). In few-
shot ICL, each demonstration is a previously solved
question—answer pair. As the model processes
tasks sequentially, all past pairs are stored in an
experience buffer. For a new question, we retrieve
the £ most similar past questions using embed-
dings from OpenAl’s text-embedding-3-large
model (OpenAl, 2024), and include their original
question—answer formats as demonstrations, fol-
lowed by the new question. When fewer than &
examples are available, all prior examples are used.
We evaluate ICL with k € [1,5, 8,12, 15, 20].

Dynamic CheatSheet (DC) (Suzgun et al.,
2025). Dynamic CheatSheet (DC) is a test-time
learning method that maintains an adaptive exter-
nal memory of reusable strategies or code snippets
distilled from prior solutions. As new problems
are solved, DC summarizes high-level strategies
from selected past tasks—using ground-truth an-
swers for clean experience curation—and stores
them as structured cheatsheets. Past tasks are re-
trieved using the same similarity-based retrieval as
few-shot ICL; when fewer than £ tasks exist, all
available examples are used. Consistent with ICL,
cheatsheets are synthesized from the most recent
ke [1,5,8,12,15,20] relevant solutions.

Agentic Context Engineering (ACE) (Zhang
et al.,, 2025b). Agentic Context Engineering
(ACE) is a context adaptation framework that
treats prompts as evolving playbooks rather than
static demonstrations. It incrementally distills
reusable strategies and domain insights through
a generate—reflect—curate process, producing lo-
calized context updates that preserve prior knowl-
edge and avoid monolithic rewrites. Similar to
few-shot ICL, ACE retrieves relevant past trajec-
tories and integrates insights from the most recent
k € [1,5,8,12,15,20] trajectories into its evolv-



LiveCodeBench LiveBench

GPQA

Method AIME 2025 (V6) (Code) OmniMath Diamond Eval.earn
ICL 71.83% 62.50% 65.46% 53.12% 78.45% 40.99%
ACE 71.98% 66.94% 69.38% 50.33% 76.58% 42.54%
DC 73.33% 63.59% 68.58% 48.64% 79.56% 42.68%
w/o Feedback 77.78% 72.57% 60.16% 65.17% 80.02% 44.91%
Reasoning-high 69.05% 70.63% 55.46% 61.81% 76.21% 39.58%
Reasoning-low 60.48% 61.03% 55.38% 50.60% 72.92% 29.34%
Binary-Executor - 72.90% 71.65% - - -
Self 82.22% 75.69 % 69.94% 67.52% 81.03% 51.73%
Correctness/Executor 89.05 % 74.50% 75.78 % 79.61 % 99.52 % 57.05 %

Table 2: Average performance comparison (%) across different LLMs on different datasets. For baselines, ICL,
ACE, DC stands for few-shot in-context learning, agentic context engineering, and dynamic cheatsheet, respectively.

ing playbook.

E Full Discussions

In this section, we present the full version of differ-
ent discussions in

E.1 LLM with All Spurious “Correct”
Feedback

In Figure 7, we further present model performance
under two extreme conditions: receiving uniformly
“correct” feedback (e.g., the answer is correct) and
the SelMV-augmented results. We observe that al-
though performance initially drops after exposure
to such incorrect feedback, which suggests tempo-
rary confusion in adapting to inconsistent supervi-
sion. The models quickly recover and even improve
as they adapt to the underlying pattern. Interest-
ingly, both GPT-5 mini and o4-mini exhibit larger
gains when exposed to entirely incorrect feedback,
as such feedback compels the models to re-evaluate
their reasoning and verify their outputs. In contrast,
consistently positive feedback tends to induce over-
confidence, misleading the models into accepting
their initial responses without critical reassessment.
This observation suggests that, paradoxically, con-
structive noise (in the form of seemingly negative
feedback) can sometimes stimulate deeper reason-
ing and enhance robustness in iterative test-time
learning.

E.2 Extended Rounds of Iterations

To further probe the learning capacity of LLMs, we
extend the number of experience iterations from 20
to 50, as shown in Figure 8. Across both AIME
25 and OmniMath, we observe that most perfor-
mance gains occur within the first 20 iterations,
while later stages yield only marginal improve-
ments (e.g., average 16.7% > 2.2% on AIME 25;

14

21.2% > 3.5% on OmniMath). This trend con-
sistently holds across different models, suggesting
that LLMs quickly internalize and consolidate the
useful feedback signals in the early stages, after
which learning saturates. These results highlight
that the majority of test-time learning under CoE
happens rapidly — shorter adaptation loops in our
CoE are sufficient for most reasoning tasks, with
less significant returns from prolonged experience
accumulation.

E.3 Feedback Strength

For experience with model feedback, one intuitive
exploration is to design CoE with different feed-
back providers. Specifically, we cluster GPT-5 and
GPT-5 mini as a pair and allow each to serve as a
feedback generator for the other on a mathematical
and a coding task, as illustrated in Figure 9. In-
terestingly, external model feedback proves to be
highly effective on these two benchmarks, where it
even slightly surpasses correctness-based/executor
feedback. For instance, GPT-5 mini achieves a
peak accuracy of 94.4% with model feedback, com-
pared to 93.0% with correctness feedback; simi-
larly, GPT-5 reaches 93.3% vs. 92.2%, showing
that high-quality model-generated judging signals
can substitute explicit correctness supervision. On
the more challenging OmniMath benchmark, GPT-
5 continues to help its mini variant outperform its
self-feedback baseline. However, because GPT-5
mini starts with only 62.5% zero-shot accuracy,
it is unable to provide sufficiently reliable feed-
back to improve GPT-5, resulting in inferior perfor-
mance relative to correctness feedback. Moreover,
both GPT-5 and GPT-5 mini underperform their
AIME 2025 results (>60% vs. >80%), and correct-
ness feedback remains clearly superior: GPT-5 gets
82.8% with correctness feedback but only 74.5%
with external model feedback. Overall, these find-
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Figure 7: Model performance using constant “incorrect” and “correct” feedback. By leveraging the selective
majority voting, LLMs show decent performance when facing spurious feedback on math tasks.
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Figure 8: Performance of GPT-5 mini, 04-mini, and 03-mini with extended iterations of experience to 50 on math
tasks. We mark performance points within the first 20 iterations of experience in blue, and those from iterations 20

to 50 in green.

ings highlight a consistent trend: feedback quality
correlates with the verifier’s base ability on the task,
and model-generated feedback becomes compet-
itive with correctness supervision only when the
verifier is sufficiently strong, suggesting a practical
threshold for deploying model-as-judge in iterative
experience frameworks.

E.4 Analysis of Improvement Patterns

We present the detailed criteria that we used for
classifying the

* Feedback Fidelity: Improvements directly
driven by external feedback, where the model
explicitly incorporates provided guidance or
corrections into its next response.
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* Self Reflection: Improvements arising from
the model’s own reasoning, identifying and
correcting errors with little reliance on exter-
nal feedback.

Specification Recall: Adjustments motivated
by task instructions or formatting require-
ments, as the model re-aligns with the original
question or output schema.

* Random: Changes with no identifiable cause,

typically minor rewording or stylistic varia-
tions unrelated to feedback or specification.
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Figure 9: Model performance of GPT-5 and GPT-5 mini with external model feedback on two math tasks.

F BrowseComp-Plus

We also report model performance on
BrowseComp-Plus (Chen et al., 2025c). It
is a benchmark to evaluate deep research systems,
isolating the effect of the retriever with a local
database. It is sourced from the BrowseComp (Wei
et al., 2025) and we sample 200 examples to
accelerate the evaluation.

In Figure 10, we observe that unlike coding and
math tasks, BrowseComp-Plus requires knowledge
beyond the scope of the models’ training data. Con-
sequently, for most models, incorporating self feed-
back leads to a performance decline compared to
the no-feedback setting, highlighting the limita-
tion of relying solely on self feedback in out-of-
distribution knowledge scenarios.

G Full Results of Performance and
Efficiency

We present full results of model performance (Fig-
ure 3) and API costs (Figure 12) regarding seven
reasoning LLLMs over six benchmarks.
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H Prompt for Improvement Pattern

Analysis

\

DUAL-AXIS LIFT/CHANGE ATTRIBUTION
JUDGE

You are a **dual-axis attribution judge**. Your
job is to identify both **why** the model
changed and **what** specifically changed be-
tween two consecutive attempts on the same
problem. Do **not** decide if the solution is
correct overall — correctness labels are pro-
vided. Instead, attribute the observed change
along two orthogonal dimensions:

* *#*Change Driver (WHY)** — the motivation
or trigger behind the change. * **Change Man-
ifestation (WHAT)** — the concrete locus or
type of modification made.

I. Change Driver (WHY the change occurred)
These categories capture *the source or motiva-
tion* of the update in the second attempt.

1. **Feedback Fidelity** — The model directly
*uses* the provided feedback to modify its out-
put. *Signals:* Edits match failing test or cri-
tique location; added clause mirrors feedback.
2. **Self-Reflection / Internal Reasoning** —
The model self-identifies an error or improve-
ment without (using) explicit feedback or tests
a different approach to see if it performs bet-
ter. *Signals:* “I realized...,” “previously I
miscalculated. ..,” or internally consistent refor-
mulation not prompted by feedback or when
there’s no feedback.

3. **Specification Recall / Compliance Aware-
ness** — The model remembers or re-aligns
with task instructions or formatting require-
ments. *Signals:* Adds “FINAL ANSWER:”
wrapper, adheres to requested schema, restores
omitted step explicitly mentioned in prompt.
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knowledge.
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Full results of seven state-of-the-art LLMs on six benchmarks incorporating different generation

techniques. Model accuracies with different levels of feedback (correctness/executor, self, and
feedback) generally perform better than the baseline strategies.
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4. **Random / Drift / Unknown Driver** —
The motivation cannot be inferred; the change
appears stochastic or stylistic. *Signals:* Su-
perficial rewording, minor ordering changes, no
logical link to feedback or instruction.

II. Change Manifestation (WHAT changed)
These categories describe *the technical or
structural form* of the change between at-
tempts.

A. *#*Structural Plan / Algorithm Revision**
— A new high-level approach or reformulation
(e.g., brute force — DP, heuristic — formula).
*Signals:* Rewritten main structure, new helper
functions, change in complexity or data repre-
sentation.*

B. **Local Step Soundness & Invariant Fix** —
Correction of a local logic, variable, arithmetic,

J

or invariant violation while keeping the over-
all plan. *Signals:* Fixed off-by-one in loop,
corrected variable update, repaired algebraic
derivation.*

C. **Edge / Boundary Condition Handling** —
Added or fixed guard for extreme/special cases
(e.g., empty, zero, overflow, tie). *Signals:* ‘if

¢, ‘<=* ‘<‘, added epsilon, handled ‘len
== 1%

D. #*Qutput / Format Compliance** — Adjusted
presentation or output schema without changing
algorithmic content. *Signals:* Added “FINAL
ANSWER:,” fixed JSON/CSV layout, printing
only required token.*

E. **Other / Ambiguous Change** — Cannot
clearly assign to A-E or insufficient evidence.
*Signals:* Stylistic edits, reordering, or unre-
lated cleanup.*
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Figure 12: Full results of total API cost (in dollar) vs. best model performance over 20 iterations. LLMs with

detailed feedback (i.e., self feedback) achieves decent results with fewer costs, while CoE without feedback generally
falls behind (at lower right).

’

dently without reliance on Al tools.

* Do **not** recompute correctness or logic.
* Focus on identifying the **causal link
(WHY)** and the **technical locus (WHAT)**
of the change. * Be concise: cite only minimal
evidence sufficient to justify your judgment. *
If code is long, highlight the 1-2 lines most di-
agnostic of change. * If feedback is visible but
not followed, set ‘"visible": true, "operational-
ized": false‘. * Always describe the *learning
pattern* observed in Attempt_t+1.

I Declaration of AI Tool Usage

During the preparation of this manuscript, we used
OpenAI’s GPT-5 model for minor language refine-
ment and smoothing of the writing. The Al tool
was not used for generating original content, con-
ducting data analysis, or formulating core scientific
ideas. All conceptual development, experimenta-
tion, and interpretation were conducted indepen-
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