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Abstract
Large language models are increasingly used
through multi-turn refinement loops, but most
evidence for iterative improvement comes from
settings with informative feedback, external
tools, full conversation history, or structured
self-critique. Less is known about a configu-
ration, uninformative memoryless refinement,
where a model repeatedly revises only its previ-
ous output under vague instructions such as
“improve it”. In this paper, we establish a
framework to analyze when this uninformative
memoryless refinement configuration improves
LLM responses across ideation, coding, and
mathematical reasoning. We evaluate seven
LLMs on a 450-task pool under vague and
domain-specific feedback. We score every turn
and measure both task outcomes and trajec-
tory dynamics, including semantic drift, volatil-
ity, lexical novelty, and output growth. This
trajectory view reveals a consistent discovery–
retention gap: models often produce better in-
termediate outputs before overwriting them.
The effect is most severe in coding, where
correctness falls from 40.7% at T1 to 2.5% at
T12, while best@12 exceeds final@12 by 42.5
percentage points. Math shows model- and
prompt-dependent behavior, with GPT-OSS-
20B improving under elaboration but several
models drifting downward. Ideation benefits
from explicit steering, but vague feedback pro-
duces rhetorical inflation and feasibility loss.
Our analysis stresses the importance of turn-
wise, trajectory-aware evaluation of uninfor-
mative memoryless refinement and shows why
verified intermediate outputs should be retained
rather than automatically replaced by later revi-
sions.

1 Introduction

Large language models (LLMs) are increasingly
used as interactive collaborators rather than one-
shot text generators. Users ask models to revise
code, elaborate proofs, sharpen ideas, simplify ex-
planations, or improve a previous answer across

several turns. These workflows often assume that
another turn gives the model a useful opportunity
to revise its own output and move the response
closer to the user’s goal. Yet this assumption is not
guaranteed: an additional turn can also overwrite a
correct answer, amplify earlier mistakes, or expand
an output without improving it.

Researchers have identified multiple configura-
tions to study the source of the response quality
improvement in multi-turn iterations. These con-
figurations differ according to the feedback given
to the LLMs. The feedback is mostly informative.
The informative feedback may carry explicit dialog
acts, including following up, supplementing infor-
mation, and providing corrections (Li et al., 2025b).
This type of informative feedback serve as instruc-
tions, and the LLMs following the instructions can
improve the response quality. The feedback may
come from the environments, including the tool ex-
ecution results (Li et al., 2025a), and other signals
returned by the environment (Yao et al., 2023). The
LLMs respond to the environmental signals, there-
fore improve the response quality. In an interesting
configuration, the feedback may even be generated
by the LLM itself. SELF-REFINE (Madaan et al.,
2023) and Reflexion (Shinn et al., 2023) showed
that the self-generated feedback can elicit some
self-reflection behavior of the LLM, which may
lead to performance improvements in coding and
dialogue tasks.

However, a deliberately stripped-down configu-
ration remains useful as a diagnostic. We refer to
it as uninformative memoryless refinement, where
the model repeatedly revises its previous response
without receiving new task information, external
evidence, or earlier conversation history. We do
not treat this configuration as a model of a well-
engineered chat or agent system; rather, it isolates
what happens when iterative revision must operate
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only on the model’s own previous output. Here’s
an example that illustrates the configuration. At
each conversation turn, the user appends an identi-
cal instruction, “improve it”, to the previous turn
response and sends them to the model. This exam-
ple is signified by two properties: uninformative
and memoryless. The user’s instruction does not
contain targeted instructions, tool execution results,
or other concrete information. The input to the next
step does not contain the memory from previous
turns. The model repeatedly edits its own output
using only its previous response as context.

The uninformative memoryless configuration is
helpful for exposing the LLMs’ cause of the re-
sponse quality in multi-turn iterations in a con-
trolled setting. LLMs are shown to struggle when
not provided additional information (Laban et al.,
2025). They are usually not able to self-correct
without external evidence (Ji et al., 2023; Gou et al.,
2024; Xu et al., 2024). We avoid providing con-
crete information. LLM performances may be di-
luted at long contexts (Liu et al., 2024), and the
repeated dependence on model outputs raises the
broader risk of degenerative feedback loops (Mo-
hamed et al., 2025). We do not allow the model to
revisit prior context. In uninformative memoryless
iteration, we are able to attribute the improvement
in response pattern to the model’s self-reasoning
capability, without the impact of the instruction or
context grounding.

In this paper, we study this empirical question:
when does memoryless uninformative refinement
improve a response, and when does the model sim-
ply transforms, bloats, or degrades the response?

We establish a framework to study memory-
less uninformative refinement. We treat itera-
tive prompting as a turn-wise dynamical process.
Rather than asking only whether the final answer
is good, we ask how the trajectory evolves: does
the model preserve a correct intermediate answer,
drift semantically from the original intent, become
repetitive, inflate output length, or discover a bet-
ter solution late? This perspective is important
because different domains impose different con-
straints. In coding, the output must satisfy exe-
cutable tests; in math, the final answer may be
objectively checkable while the reasoning path
can drift; in ideation, success is inherently multi-
objective, balancing originality, feasibility, clarity,
and resistance to linguistic inflation. A single final
score can hide these trajectory-level behaviors. We
intentionally study this austere setting not because

it is optimal, but because it isolates a common fail-
ure mode of self-referential rewriting: once the
original task disappears from context, refinement
can become transformation rather than improve-
ment. This diagnostic setting complements full-
history and tool-assisted refinement rather than ap-
proximating them. Systems that preserve the task,
verify intermediate outputs, or retrieve external ev-
idence introduce safeguards that are intentionally
absent here. Our experiments quantify the failure
mode exposed when those safeguards are removed;
they do not estimate the residual failure rate of
systems that employ them.

Operationally, each task begins with an initial an-
swer at Turn 1. For Turns 2–12, the model receives
only its previous response and an improvement
instruction. We compare vague feedback against
domain-specific steering prompts that target natu-
ral trade-offs: novelty versus practicality for ideas,
performance versus maintainability for code, and
elaboration versus alternative reasoning for math.
We ask three research questions:
• RQ1: Does memoryless uninformative refine-

ment improve final output quality, or does it
primarily transform outputs over turns?

• RQ2: How do refinement trajectories vary
across task domains, models, and feedback
strategies?

• RQ3: Which trajectory dynamics, semantic
drift, turn-to-turn volatility, lexical novelty, and
output growth—help explain domain-specific
refinement success or failure?
We make three contributions. First, we introduce

a controlled 12-turn evaluation protocol for study-
ing iterative LLM refinement as a trajectory rather
than as a final-turn outcome. Second, we opera-
tionalize discovery and retention through best@k,
final@12, drift rate, and recovery rate, and pair
these outcome measures with behavioral dynamics
such as semantic drift, turn-to-turn volatility, lexi-
cal novelty, and output growth. Third, across a 450-
task pool spanning ideation, coding, and math, we
identify domain-specific fingerprints of refinement
failure and translate them into practical policies for
when to steer, stop, checkpoint, or restart.

The findings are consistent and quantitatively
sharp. In coding, refinement is destructive: mean
correctness falls from 40.7% at T1 to 2.5% at
T12, while the gap between best@12 and final@12
reaches 42.5 pp. In math, iteration is model- and
prompt-dependent: GPT-OSS-20B improves sub-
stantially under elaboration, but several other mod-
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els drift away from correct answers. In ideation,
explicit steering shifts judge-rated quality along the
intended axis, whereas vague or novelty-seeking
prompts can trigger rhetorical inflation and feasi-
bility loss. Overall, under uninformative memo-
ryless refinement, another turn is not inherently
better. The observed discovery–retention gaps di-
rectly demonstrate the value of retaining verified
intermediate outputs and motivate more structured
stopping and steering mechanisms. These findings
establish uninformative memoryless refinement as
a diagnostic stress test for LLM self-revision, of-
fering a controlled way to study when additional
turns reveal capability, amplify errors, or overwrite
correct intermediate outputs.

2 Related Work

A line of work studies whether LLMs can im-
prove their own outputs through feedback. SELF-
REFINE alternates generation, feedback, and re-
vision and reports 5–40% absolute gains across
tasks (Madaan et al., 2023). Reflexion similarly
uses verbal feedback to help agents revise be-
havior over time (Shinn et al., 2023). More re-
cent work trains refinement ability: ARIES stim-
ulates self-refinement by iteratively collecting re-
finement data and optimizing preferences (Zeng
et al., 2025). Multi-agent systems such as MAgI-
CoRe use coarse-to-fine collaboration to address
error localization and excessive refinement (Chen
et al., 2024), while ACT learns clarifying-question
policies for mixed-initiative interaction (Chen et al.,
2025). These works show that structured feedback
can be powerful. Our question is complementary:
how do refinement loops behave when the feedback
is weak, domain-specific only in small ways, and
not supported by an external verifier at every turn?

Recent evidence suggests that multi-turn use
is not automatically easier or more reliable than
single-turn prompting. Multi-turn simulations re-
port a 39% average drop relative to single-turn gen-
eration across six tasks, driven largely by unreli-
ability rather than lack of underlying ability (La-
ban et al., 2025). MultiChallenge similarly finds
that frontier models remain below 50% on realistic
multi-turn conversations despite strong one-shot
performance elsewhere (Deshpande et al., 2025).
In self-correction settings, asking a model to re-
check itself can worsen accuracy and calibration
(Krishna et al., 2024). Broader surveys and studies
of critique, verification, and self-revision empha-

size that self-correction often requires either exter-
nal evidence or a stronger verifier (Ji et al., 2023;
Gou et al., 2024; Xu et al., 2024). Our work extends
this concern from single corrections to sustained
12-turn trajectories.

Evaluation of iterative systems must be careful
because models can sound increasingly confident
while becoming less correct. LLM-as-judge setups
may overstate confidence (Tian et al., 2025); cali-
bration studies document persistent overconfidence
across model sizes and settings (Chhikara, 2025);
and RLHF can induce verbalized overconfidence
unless rewards are calibrated (Leng et al., 2025). It-
eration also raises broader feedback-loop concerns.
Recursive training on generated data can lead to
model collapse (Shumailov et al., 2024), although
accumulation with real data can mitigate collapse
in some regimes (Gerstgrasser et al., 2024); the-
oretical work shows that collapse-like effects can
still arise under particular assumptions (Barzilai
and Shamir, 2025). While our setting is inference-
time refinement rather than training-time data re-
cursion, the shared concern is that repeated reliance
on model-generated content can amplify errors.

Surveys of multi-turn agents emphasize the need
for process-sensitive evaluation rather than final-
answer-only scoring (Guan et al., 2025). Self-
iterative label refinement offers one example of a
safer iterative template by denoising pseudo-labels
across rounds (Asano et al., 2025). Our contri-
bution is a domain-spanning measurement of re-
finement trajectories. We do not introduce a new
prompting algorithm; instead, we isolate how mod-
els behave under repeated improvement instruc-
tions and show that the same loop can have oppo-
site effects depending on the domain, model, and
feedback type.

3 Methodology

We study iterative refinement across three domains
with different verification regimes: ideation is open-
ended and multi-objective, coding has executable
correctness, and math has ground-truth final an-
swers but complex reasoning paths. For each do-
main, we curate 150 tasks and evaluate them under
seven models and five feedback strategies, so 450
is the shared task pool rather than the number of
tasks per condition. The target design contains
7× 150× 5 = 5,250 trajectories per domain; after
API and execution-side dropouts, we retain 4,871–
4,929 completed trajectories per domain, totaling
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Figure 1: Overview of the experimental framework. Each task is solved once and then refined for 11 additional turns under either
vague feedback or domain-specific steering. We score every turn, not only the final output, and use both outcome metrics and
behavioral dynamics to characterize refinement trajectories.

∼14,700 12-turn trajectories and ∼176K turn-level
observations. Each trajectory yields

(
12
2

)
= 66

within-trajectory turn-pair comparisons, or roughly
970K descriptive comparisons, which we use only
for trajectory diagnostics rather than as indepen-
dent task-level observations.

3.1 Task Domains and Dataset Curation

For ideation, we sample scientific idea-generation
tasks from LiveIdeaBench using stratification to
maintain coverage across scientific areas (Ruan
et al., 2025). These tasks are useful because there is
no single correct answer: refinement can improve
originality, feasibility, or clarity, but it can also
degrade one axis while improving another. For
coding, we use DS-1000, a benchmark of Python
data-science programming tasks with unit tests (Lai
et al., 2022). We curate tasks using a quota-based
strategy that mirrors the benchmark’s distribution
across core Python libraries, so that results are not
dominated by a single package family. For math,
we use Omni-MATH, filtering for problems with
difficulty greater than 7/10 to focus on multi-step
reasoning rather than trivial answer recovery (Gao
et al., 2024).

3.2 Iterative Refinement Protocol

Each run is a fixed 12-turn trajectory. We choose
12 turns because prior multi-turn benchmarks com-
monly use histories of roughly ten turns, for exam-
ple, MultiChallenge and MT-Eval structure multi-
turn interactions around comparable depths and
we add two turns to capture late-stage recovery
or collapse (Deshpande et al., 2025; Kwan et al.,
2024). At Turn 1, the model receives the origi-
nal task prompt and produces an initial output. At
Turns 2–12, the model receives only the previous
response plus a short improvement instruction. The
original task is not reinserted after Turn 1. This
memoryless protocol is intentionally austere. A
system would preserve the original user goal, keep
constraints visible, call tools, and test intermedi-
ate outputs. We remove those aids to isolate the
model’s self-referential rewriting behavior. These
numbers should be interpreted as a lower-bound
diagnostic of self-referential rewriting, rather than
estimates of full-history or tool-assisted system
performance. They quantify behavior that task re-
grounding, verification, and state preservation are
designed to mitigate. We also compare iterative
refinement to best-of-N parallel sampling ; results
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Domain Dataset Primary outcome signal Trajectory diagnostics

Ideation LiveIdeaBench LLM-assisted originality, feasibility, clarity,
and buzzword count

Drift, volatility, lexical novelty, and word-
count growth

Coding DS-1000 Sandboxed unit-test pass/fail at each turn Drift, volatility, lexical novelty, and lines-of-
code growth

Math Omni-MATH Ground-truth–anchored final-answer equiva-
lence at each turn

Drift, volatility, lexical novelty, word-
count growth, and supplementary reasoning-
soundness deltas

Table 1: Summary of the three-domain evaluation design. We use objective correctness signals where available and behavioral
metrics for all domains to capture how outputs evolve over the 12-turn trajectory.

for GPT-3.5-Turbo (N = 12) are in Table 3 (App).

3.3 Feedback Strategies

We compare 2 feedback families. The vague feed-
back family tests whether ordinary improvement
language provides a stable refinement signal or in-
stead encourages indefinite rewriting. We use 3
near-synonyms: v1_improve (“This {idea/code/-
solution} is good, improve it.”), v2_better (“This
{idea/code/solution} is good, make it better.”), and
v3_refine (“This {idea/code/solution} is good, re-
fine it.”). This design tests whether trajectories de-
pend on a specific verb or on the broader semantics
of improvement. The specific steering family uses
lightweight domain-aware instructions that encode
trade-offs. For ideation, s1_novel asks for a more
novel and surprising idea, while s2_practical
asks for a more practical and feasible one. For
coding, s1_performance asks for maximum exe-
cution speed, while s2_maintainability asks for
readability and clarity. For math, s1_elaboration
asks the model to elaborate each step with more
detail, while s2_exploration asks for an alterna-
tive method or different logical approach. These
prompts are intentionally simple rather than highly
engineered, allowing us to test whether small,
changes in feedback steer the refinement trajectory.

3.4 Outcome Metrics

For code, we extract snippets using a fenced-code
parser, a <code> fallback, and a heuristic line-
based fallback. Extracted code is executed against
DS-1000 unit tests in a sandboxed subprocess with
a 3s timeout. For math, we use a layered, ground-
truth–anchored answer extractor. We first parse all
\boxed{...} candidates and normalize LaTeX; if
this fails, we use relaxed containment and candi-
date matching from display-math, final-answer, and
final-line regions. Only after these fallbacks fail
do we assign no_boxed_found or wrong_answer.
This design reduces false negatives for answers that

are correct but not formatted exactly as expected.
Let yi,t ∈ {0, 1} indicate whether task i is cor-

rect at turn t. We compute four trajectory-level
outcome metrics:

best@ki = ⊮[∃ t ≤ k : yi,t = 1] ,

final@12i = yi,12.

For aggregate retention and recovery, let

E = {i : ∃ t ≤ 12, yi,t = 1},
D = {i ∈ E : yi,12 = 0},
W = {i : yi,1 = 0},
R = {i ∈ W : yi,12 = 1}.

We then define:

drift_rate =
|D|
|E| , recovery_rate =

|R|
|W | .

Here, best@k measures whether a correct an-
swer appears by turn k, while final@12 measures
whether the final returned answer is correct. Drift
rate captures failures to retain a correct answer once
discovered, and recovery rate captures cases that
are wrong initially but correct by the final turn.

For ideation, there is no gold label. We use
Gemini 2.5 Pro as a rubric-based judge for orig-
inality, feasibility, clarity, and buzzword count,
following the LLM-as-a-Judge paradigm (Zheng
et al., 2023; Google, 2025). Judge scores are used
as relative trajectory signals, capturing directional
trends across turns rather than absolute quality val-
ues (Tian et al., 2025). We validate reliability by
re-scoring a stratified 50% sample with Claude
Sonnet 4 using the same rubric; both turn-level and
trajectory-level agreement are reported in Table 4
(Appendix), with directional agreement reaching
92% for the most policy-critical dimension (fea-
sibility under s1_novel). For coding and math,
rubric scores are supplementary only; all correct-
ness claims are grounded in unit tests or answer
equivalence.
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Iterative Prompt Template (Turns 2–12)

The following is a previous response:
{previous_response}
{improvement_instruction}

Contents of {improvement_instruction} by Technique

Vague (all tasks, subject depends on task):
V1_IMPROVE: This {subject} is good, improve it.
V2_BETTER: This {subject} is good, make it better.
V3_REFINE: This {subject} is good, refine it.
Subject mapping: IDEAS→ idea, MATH→ solution, CODING→ code.

IDEAS-specific:
S1_NOVEL: Make this idea more novel and surprising.
S2_PRACTICAL: Make this idea more practical and feasible.

CODING-specific:
S1_PERFORMANCE: Refactor the previous code snippet to maximize execution speed.
S2_MAINTAINABILITY: Refactor the previous code snippet to maximize readability and clarity.

MATH-specific:
S1_ELABORATION: This is previous response, now elaborate on each step with more detail.
S2_EXPLORATION: Provide an alternative method or a different logical approach to the one used.

Figure 2: Prompt structure for Turns 2–12. The model receives its previous response and one improvement instruction; the
original task is not reinserted after Turn 1.

3.5 Behavioral Dynamics Metrics

Outcome metrics say whether a turn is good; be-
havioral metrics describe how the output changes.
Let V (t) be the sentence-embedding vector for the
response at turn t. We define Drift from Origin as
distance from the first response and Turn-to-Turn
Volatility as local change between adjacent turns:

Drift(t) = 1− V (1) · V (t)

∥V (1)∥∥V (t)∥ ,

Volatility(t) = 1− V (t− 1) · V (t)

∥V (t− 1)∥∥V (t)∥ .

We use Qwen3-Embedding-0.6B to compute em-
beddings, selected for its balance of efficiency and
strong MTEB performance (Zhang et al., 2025;
Muennighoff et al., 2023). We also compute Lexi-
cal Novelty, the share of bi-grams and tri-grams in
the current turn that did not appear in earlier turns
(Li et al., 2016). Finally, Growth Factor measures
output expansion: word count normalized by T1
for ideation and math, and lines of code normalized
by T1 for coding (Laban et al., 2025). Together
these metrics distinguish exploration, repetition,
bloat, and fixation.

3.6 Models

Model Access Max output

GPT-3.5-Turbo
(Ye et al., 2023)

API 4,096

Claude Sonnet 4
(Anthropic, 2025)

API 10,000

Llama-3.1-8B-Instruct
(Grattafiori et al., 2024)

HF/local 10,000

GPT-OSS-20B
(OpenAI, 2025)

HF/local 10,000

Gemma 4 26B-A4B-it
(Google DeepMind, 2026)

HF/local 10,000

Qwen2.5-Coder-7B-Instruct
(Hui et al., 2024)

HF/local 10,000

DeepSeek-Math-7B-Instruct
(Shao et al., 2024)

HF/local 10,000

Table 2: Model configuration summary. All models use tem-
perature 0.7; GPT-3.5-Turbo’s smaller output budget is treated
as a coding-retention confound.

4 Results

We summarize the main trajectory-level findings
in text and provide the full visual plots in the ap-
pendix. Turn-wise correctness for math and coding
is reported in Appendix Figure 3; best@k versus
final@12 comparisons in Appendix Figure 4; be-
havioral dynamics across domains in Appendix
Figure 12; trajectory categories in Appendix Fig-
ure 5; and LLM-judge trajectories in Appendix
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Figure 13. Additional model-wise, technique-wise,
and heatmap analyses are reported in Appendix
Figures 19–24 and Figures 16–18.

4.1 Coding: Early Success, Then
Degenerative Refinement

Coding exhibits the clearest case of destructive
refinement. Across all seven models and five
feedback techniques, mean correctness falls from
40.7% at T1 to 2.5% at T12 (−38.2 pp). The
decline is not limited to weaker systems: Claude
Sonnet 4 drops from 74.4% to 2.0%, Gemma 4
26B-A4B-it from 55.8% to 0.0%, and GPT-OSS-
20B from 55.2% to 0.0%. GPT-3.5-Turbo is the
only model retaining non-trivial T12 correctness
(12.8%), largely because s2_maintainability re-
mains partially stable.

The central failure is not inability to ever produce
correct code, but failure to retain it. Across coding
cells, mean best@12 is 44.9% while final@12 is
2.4%, yielding a 42.5 pp discovery–retention gap.
Large gaps appear even for strong models and sensi-
ble prompts: Claude under s2_maintainability
moves from 80.5% best@12 to 1.3% final@12,
Gemma under s1_performance from 57.7% to
0.0%, and GPT-OSS-20B under v3_refine from
59.7% to 0.0%. Drift rates are correspondingly
extreme: nearly all completed model–technique
coding cells have drift_rate above 70%, and many
reach 100%, meaning every task that was ever cor-
rect is wrong by T12. The behavioral metrics ex-
plain this collapse as fixation plus bloat. Coding
volatility peaks at T2 (0.229), falls by T5 (0.137),
and reaches 0.127 at T12, suggesting that models
lock into a solution path early. Lexical novelty falls
to 0.410 by T12, while growth reaches 9.9× T1.
Thus, code becomes much longer without becom-
ing meaningfully more exploratory. T12 drift is
0.468, lower than ideation despite far larger out-
put growth, supporting a “fixation and bloat” inter-
pretation: the model repeatedly edits around the
same program idea, adding wrappers, edge cases,
or alternative formulations that often break cor-
rectness. Prompt steering changes style more than
correctness. The LLM-judge rubric indicates that
s2_maintainability best preserves readability
(8.07→6.64), while vague schedules damage prag-
matism and readability more strongly. However,
these style gains do not rescue unit-test correctness.
The practical implication is direct: iterative cod-
ing systems should test after each turn, checkpoint
passing solutions, and return the best verified code

rather than the latest revision.

4.2 Math: Anchoring, Late Recovery, and
Model-Specific Depth

Math shows a different refinement regime. Mean
correctness declines only modestly overall, from
44.1% at T1 to 34.2% at T12 (−9.9 pp), but this
aggregate hides substantial model- and prompt-
specific variation. GPT-OSS-20B is the clearest
beneficiary of depth: under s1_elaboration, it
rises from 71.3% to 86.0%, and under v3_refine,
from 68.8% to 84.6%. Llama-3.1-8B also improves
under several schedules, including v2_better
(24.7%→34.7%) and v3_refine (18.0%→29.3%).
By contrast, Claude, Qwen-Coder, DeepSeek-
Math, GPT-3.5-Turbo, and Gemma often lose cor-
rectness over turns, even under prompts that help
GPT-OSS-20B. Math also exhibits retention fail-
ure, though less severely than coding. Across
math cells, best@12 is 58.1% and final@12 is
35.0%, a 23.1 pp discovery–retention gap. In-
dividual cells show larger losses: Claude un-
der s1_elaboration has best@12=60.0% but fi-
nal@12=15.3%; Llama under v2_better loses
38.0 pp between best@12 and final@12; and
DeepSeek-Math under s2_exploration loses
40.0 pp. Thus, even in a domain with objective
final answers, models can solve a problem some-
where in the trajectory and then refine themselves
away from the correct answer.

The domain fingerprint is logical anchoring.
Math has the lowest T12 drift (0.375), the low-
est T12 volatility (0.108), and the smallest growth
(3.2×) of the three domains. Lexical novelty falls
quickly, averaging 0.439 at T12, with some cells
rewriting nearly the same proof for multiple turns.
This stability is double-edged: if the initial proof
path is correct or nearly correct, elaboration can re-
inforce it; if the path is wrong, the same anchoring
can preserve the error with increasing confidence.

The strongest schedules are those that pre-
serve structure while adding useful detail.
s1_elaboration works well for GPT-OSS-20B
because it deepens an already strong proof prior,
and v3_refine often helps because it is conserva-
tive rather than disruptive. We therefore interpret
GPT-OSS-20B’s gains as late-turn improvement
from a high T1 baseline, not as evidence of un-
constrained self-correction from failure. In con-
trast, s2_exploration asks the model to replace
the proof path and often loses intermediate struc-
ture, especially for weaker math models. This sug-

53091



gests a practical math policy: check final answers at
every turn, keep the best verified answer, and prefer
conservative elaboration over alternative-method
generation unless the current path is wrong.

4.3 Ideation: Controlled Steering Versus
Rhetorical Inflation

Ideation is the most semantically mobile domain.
Under s1_novel, Claude, Gemma, and GPT-OSS-
20B reach high final-turn drift scores (0.727, 0.859,
and 0.655), indicating large movement away from
the initial idea when explicitly asked for novelty.
Llama-3.1-8B remains more anchored under the
same prompt (0.382), while Qwen2.5-Coder-7B
lies between these extremes. Vague word choice
also matters: v3_refine is consistently more con-
servative than v2_better, showing that small dif-
ferences in feedback language shape the explo-
ration radius. Lexical novelty separates models
more cleanly than length, although we do not
treat it as a direct measure of creativity. Under
s1_novel, Claude, GPT-OSS-20B, and Gemma re-
tain high T12 lexical novelty (0.835, 0.823, and
0.916), whereas Llama and Qwen-Coder collapse
toward repetition (0.080 and 0.268). This contrast
is not explained by output length: Llama’s ideation
outputs grow to 15.8× T1 under s1_novel and
13.0× under v2_better, yet show the lowest nov-
elty. Length is therefore not a reliable proxy for
exploration.

Specific steering moves judge-rated quality
along the intended axis. Under s1_novel, Claude’s
judge-rated originality increases from 6.40 to 8.89,
while cohort-mean feasibility drops from 6.68 to
1.69, showing the cost of asking for surprise. Un-
der s2_practical, Claude’s judge-rated feasibil-
ity rises from 3.54 to 9.96 and clarity from 7.62
to 9.93; GPT-OSS-20B also improves feasibility
(5.24→8.08) and clarity (7.40→8.79). In contrast,
v2_better reduces mean originality from 5.36 to
3.06 and feasibility from 5.97 to 3.92. Buzzword
inflation captures the cost of unguided ideation.
Cohort-mean buzzword count grows from 1.42 to
35.98 under s1_novel, compared with only 1.89
to 4.50 under s2_practical; vague schedules fall
between these extremes. Overall, novelty-seeking
and vague improvement can produce increasingly
ornamental ideas, while practical steering keeps
language grounded. These opposing effects moti-
vate a staged ideation hypothesis in which deliber-
ate divergence is followed by feasibility and clarity
grounding. We do not evaluate such a prompt-

switching schedule here; the present results estab-
lish the underlying trade-off rather than the effec-
tiveness of a staged policy.

5 Discussion

Iteration is domain-conditioned. The same in-
struction “make it better” maps to different opera-
tions across domains. In ideation, it often broadens
the concept or makes it sound more ambitious; in
coding, it adds wrappers, edge cases, or scaffolding
even when the original program was already cor-
rect; and in math, it tends to preserve and elaborate
the existing proof path. These behaviors appear
consistently across drift, volatility, novelty, growth,
correctness, and judge-rated trajectories.

The best turn is often not the final turn. The
largest actionable result is the discovery–retention
gap. Coding best@12 exceeds final@12 by 42.5 pp,
and math shows a 23.1 pp gap. When intrinsic veri-
fiers exist, these gaps are directly exploitable: unit
tests can checkpoint code, and answer-equivalence
checks can preserve correct math answers. A sys-
tem that always returns the latest refinement wastes
correct intermediate outputs.

Steering should be staged, not repeated blindly.
Validated safeguards and candidate policies. Our
experiments directly support retaining verified in-
termediate outputs: the large best@12, final@12
gaps show that correct coding and math solutions
are frequently discovered and later overwritten. In
coding, more than 95% of eventual successes are
first reached by T3, further motivating verifier-
based stopping once a correct solution is found.
The best-of-N experiment also shows that, for GPT-
3.5-Turbo, independent sampling outperforms re-
turning the final memoryless revision. Other strate-
gies suggested by the trajectories, including staged
prompting, rollback, and adaptive stopping, remain
candidate policies for prospective evaluation.

Capability threshold and the GPT-3.5 anomaly.
GPT-3.5-Turbo shows an anomaly: it retains higher
T12 coding correctness than larger models, yet its
math correctness declines sharply. We hypothesize
that this reflects the interaction between output bud-
get and reasoning capacity: the shorter 4,096-token
budget may limit coding bloat, while weaker rea-
soning makes repeated math elaboration unstable.
We treat this as a domain-asymmetric capability-
threshold effect, not evidence that shorter-output
models are better refiners.
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Memoryless refinement is a stress test, not a
product prescription. Our setup deliberately re-
moves re-grounding and external tools. This mag-
nifies the risks of iterative prompting, but it also iso-
lates the cost of ungrounded self-referential rewrit-
ing. A model that collapses under memoryless
refinement may perform better when the original
task is preserved, tools are used, and intermediate
outputs are checkpointed. The broader conclusion
is that iteration needs governance: explicit goals,
domain-specific signals, and stopping conditions.

6 Conclusion

We studied uninformative memoryless refinement
as a trajectory-level phenomenon across ideation,
coding, and math. Across seven models, 450 tasks,
five feedback techniques, and ~14,700 12-turn tra-
jectories, additional ungrounded revision is not re-
liably beneficial. Coding correctness falls from
40.7% to 2.5%, with a 42.5 pp best@12–final@12
gap; math is model- and prompt-dependent; and
ideation exhibits strong steering trade-offs.

The most robust practical implication is the dis-
covery–retention gap: where intrinsic verification
is available, systems can retain verified interme-
diate outputs rather than automatically returning
the latest revision. Other strategies suggested by
the trajectories, including staged prompting, roll-
back, and adaptive stopping, remain directions for
prospective evaluation.

These conclusions are specific to the intention-
ally austere memoryless setting. Full-history, task-
preserving, and tool-assisted refinement may be-
have differently.

Limitations

Our study covers seven representative models,
three domains, 450 tasks, and ∼176K turn-level
observations, but it does not exhaust the space of
models, prompts, or tasks. Larger frontier reason-
ing models, Mixture-of-Experts systems, additional
70B+ open-weight checkpoints, and broader task
pools may reveal further regimes. The feedback set
is intentionally compact: three vague prompts and
two domain-specific prompts per domain. More
systematic prompt search could identify stronger
steering schedules or more robust stop policies.

Our evaluation also has measurement limita-
tions. Coding and math have objective anchors, but
ideation requires LLM-assisted judgment because
no gold labels exist. We mitigate this by report-

ing relative, turn-wise trends, separating ideation
claims from objective correctness claims, and vali-
dating the Gemini judge against Claude Sonnet 4
on a stratified 50% sample (Table 4). Turn-level
agreement is moderate (r = 0.524, κ = 0.392),
but trajectory-level directional agreement is sub-
stantially stronger, 66% overall and 92% for the
paper’s most policy-critical claim (all p ≈ 0), sup-
porting the main trajectory-level trends. A full
human audit would further strengthen originality
and clarity claims. Math answer equivalence is
also imperfect, especially for complex symbolic
answers, although our layered extractor reduces
strict-format false negatives. Finally, the memo-
ryless protocol is a lower-bound stress test rather
than a faithful simulation of well-engineered chat
systems. Production systems can re-ground the
task, use tools, and preserve constraints; our results
show why those safeguards matter.
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Appendix

This appendix provides supplementary figures, ta-
bles, and per-domain detail for the main results.
Figures cover outcome and discovery–retention be-
havior (Figures 3–7), feedback strategy compar-
isons (Figures 8–11), behavioral dynamics (Fig-
ures 12–15), per-domain turn-level heatmaps (Fig-
ures 16–18), and model-wise and technique-wise
turn curves (Figures 19–24). We also report per-
domain summary statistics, a best-of-N compar-
ison against iterative refinement (Table 3), and
Gemini–Claude judge agreement for ideation scor-
ing (Table 4). All three domains; ideation, coding,
and math, are represented throughout.
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Figure 3: Turn-wise correctness across all models for math (left) and coding (right). Math shows model-dependent behavior,
with GPT-OSS-20B improving under some schedules and other models declining modestly; coding collapses from 40.7% at T1
to 2.5% at T12.
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trajectory, while final@12 represents the answer returned after all refinement turns. Red -N pp annotations show the pass rate lost
by running to T12 instead of stopping at the best observed turn, up to −59.7 pp in coding for GPT-OSS-20B under v3_refine
and −44.7 pp in math for Claude under s1_elaboration.
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Figure 5: Trajectory category composition per (model, domain): always-correct / wrong-then-recovered / correct-then-flipped
/ never-correct. Coding is dominated by “correct-then-flipped” for Claude (72.4%) and “never-correct” for the open-weight
baselines (Llama-3.1-8B 84.9%, DeepSeek-Math-7B 80.0%). Math is more mixed, with GPT-OSS-20B at 59.6% “always-correct”
and 27.9% “wrong-then-recovered” (87.5% combined ending correct).
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Figure 6: Fragility-after-first-correct: among tasks ever solved, the fraction still correct at T12. Coding fragility is near zero for
every model, meaning correct solutions are rarely retained once overwritten. Math fragility varies more widely: GPT-OSS-20B
retains 87% of correct solutions, while Claude under s1_elaboration retains only 25%.
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Figure 7: CDF of the first turn at which each task is solved, per domain. In coding, >95% of all eventual correct answers appear
by T3; in math, the curve continues to rise through later turns. This asymmetry motivates different stopping policies: early
checkpointing in coding and more cautious continued iteration in math.
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Figure 9: Turn-wise performance by technique—domain-wise view covering all three domains side by side. Ideation uses
Gemini-judge composite quality (%); coding and math use unit-test/answer-equivalence pass rate. The divergence between
specific and vague techniques is most pronounced in ideation and most uniform in coding.
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Figure 10: Cumulative solve rate by technique (best@k as a function of k). In coding, all techniques plateau by T3–T4, indicating
that late turns add few new correct solutions. In math, s1_elaboration for GPT-OSS-20B continues rising through later turns.
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53101



1 2 3 4 5 6 7 8 9 10 11 12
Turn

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7
Cosine distance vs turn 1

Drift from origin
Ideation
Coding
Math

1 2 3 4 5 6 7 8 9 10 11 12
Turn

0.00

0.05

0.10

0.15

0.20

0.25

0.30
Cosine distance vs turn n 1

Turn-to-turn volatility

1 2 3 4 5 6 7 8 9 10 11 12
Turn

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0 % new n-grams (lower = repetition)

Lexical novelty

1 2 3 4 5 6 7 8 9 10 11 12
Turn

100

101
word count / turn 1

Growth factor (length)

Behavioral dynamics differ sharply by domain (across all 7 models)

Figure 12: Behavioral dynamics across all three domains. Drift and volatility use Qwen3-Embedding-0.6B cosine distance;
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Figure 13: Gemini-2.5-Pro turn-by-turn rubric scores across all (model, technique) cells. Ideas: originality / feasibility / clarity /
buzzword count. Coding: pragmatism / readability. Math: logical soundness / clarity of explanation. Specific steering produces
sharper directional change in judge-rated ideation dimensions; coding rubric scores erode alongside correctness; math rubric
scores remain more stable for stronger models.
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Figure 14: Growth factor × pass rate at T12. Each marker is a (model, technique) cell. Pearson r on log-x: coding r = −0.34
and math r = +0.08. This pattern supports the “length growth = over-engineering” interpretation in coding, while showing that
length growth alone does not explain math outcomes.
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Figure 15: Drift (red) and recovery (green) rates per (model, technique), with stacked rows for math and coding. Coding drift
saturates above 90% in nearly every cell, while math recovery is high mainly for GPT-OSS-20B (95–97%) and Llama-3.1-8B
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IDEATION  Turn × Technique accuracy heatmaps (7 models, 150 tasks each)

 dashed line separates Vague (top 3) from Specific (bottom 2) techniques

Figure 16: Per-(model, technique, turn) Gemini-judge-rated quality heatmap for ideation. Novelty-seeking prompts (s1_novel)
drive sustained upward trends in judge-rated originality for frontier models; vague prompts produce a brief early rise followed by
plateau or decline. Feasibility-seeking prompts (s2_practical) show consistent improvement in judge-rated feasibility across
turns.
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Figure 17: Per-(model, technique, turn) correctness heatmap for coding. Each cell shows unit-test pass rate at each of the 12
turns. The universal collapse from bright (high correctness) columns at T1 to dark (near-zero) columns by T4–T6 visualizes the
degenerative refinement pattern described in the main Results section.
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Figure 18: Per-(model, technique, turn) correctness heatmap for math. GPT-OSS-20B maintains bright columns throughout,
indicating sustained high correctness across turns; other models show mixed patterns of anchoring, modest decline, or recovery.
The contrast with coding is stark: math permits late-turn improvement for some strong model–prompt combinations.
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Figure 19: Model-wise view for ideation: each subplot shows one model’s trajectory under all five feedback techniques. Frontier
models (Claude, Gemma, GPT-OSS-20B) show clear technique separation; smaller models show less differentiation. Quality is
measured by Gemini-judge composite score and should be interpreted as a relative trajectory signal.
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Figure 20: Model-wise view for coding: each subplot shows one model’s pass-rate trajectory under all five feedback techniques.
The collapse pattern is visible across models, though the rate and severity of decline vary.
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Figure 21: Model-wise view for math: each subplot shows one model’s pass-rate trajectory under all five feedback techniques.
GPT-OSS-20B shows upward trajectories across most techniques; other models show technique-dependent stability, decline, or
limited recovery.
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Figure 22: Technique-wise view for ideation: each subplot shows one technique with lines for all models. s1_novel and
s2_practical reveal the widest inter-model differences, while vague prompts produce more uniform and flatter trajectories.

53108



0

10

20

30

40

50

60

70

Pa
ss

 r
at

e 
(%

)

V1: improve V2: better V3: refine

1 2 3 4 5 6 7 8 9 10 11 12
Turn

0

10

20

30

40

50

60

70

Pa
ss

 r
at

e 
(%

)

S1: performance

1 2 3 4 5 6 7 8 9 10 11 12
Turn

S2: readability

Turn-wise pass rate by model  technique-wise view (Coding)

Claude-Sonnet-4
GPT-3.5-Turbo

GPT-OSS-20B
Gemma-4-26B

Llama-3.1-8B
Qwen2.5-Coder-7B

DeepSeek-Math-7B

Figure 23: Technique-wise view for coding: each subplot shows one technique with lines for all models. All techniques show
substantial degradation over turns; s2_maintainability on GPT-3.5-Turbo is the main partial exception.
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Figure 24: Technique-wise view for math: each subplot shows one technique with lines for all models. GPT-OSS-20B is
consistently strongest; other models show technique-dependent variation in stability or decline.

53109



Per-domain summary statistics. Ideation.
Cohort-mean buzzword count under s1_novel
increases from 1.42 at T1 to 35.98 at T12 (Claude
individually: 1.57→25.62). The sharpest judge-
rated clarity decline occurs for Llama-3.1-8B
under v2_better (7.18→1.29). The clearest
targeted-steering pattern appears for Claude under
s2_practical, where judge-rated feasibility rises
from 3.54 to 9.96 and clarity from 7.62 to 9.93,
while originality falls from 6.89 to 2.27 as the
expected trade-off. These results support the main
finding that targeted prompts can control ideation
trajectories, whereas vague improvement language
often produces rhetorical inflation.

Coding. Every completed open-weight (model,
technique) coding cell has best@12 ≥ 13% but
final@12 ≤ 6%; Claude is also ≤ 5% final@12 on
every technique. The main exception is GPT-3.5-
Turbo under s2_maintainability, which retains
> 20% correctness at T12 (final@12 = 26.2%).
Drift_rate is above 70% in nearly all completed
coding cells, and many cells reach 100%, meaning
every task that was correct at least once is wrong by
T12. The lowest drift_rate cell is GPT-3.5-Turbo
under s2_maintainability at 49.2%.

Math. GPT-OSS-20B is the clearest case of sus-
tained late-turn improvement in math: best@12
is at least 98.6% on every reported technique,
and final@12 is at least 74.8%. Because
GPT-OSS-20B also starts from a high T1 base-
line, its recovery-rate values should be inter-
preted alongside T1 accuracy rather than as
standalone evidence of self-correction from fail-
ure. Claude under s1_elaboration illustrates a
large discovery–retention gap (best@12=60.0%, fi-
nal@12=15.3%, drift_rate=63.6%). Llama-3.1-8B
shows a large wrong-at-T1 to correct-at-T12 effect
under v2_better (recovery_rate=63.7%).

Best-of-N vs. iterative refinement (Table 3). A
natural alternative to iterative refinement is best-
of-N sampling: draw N independent responses
and return the best according to the same task-level
scorer. We run this baseline for GPT-3.5-Turbo
(N = 12, temperature 0.7, same tasks as the main
experiment) on coding and math, using the same
unit-test and answer-equivalence scorers. Parallel
sampling outperforms the final turn of the memo-
ryless refinement loop in both domains. For cod-
ing, pass@12 reaches 28.9% compared with itera-
tive@12 at 13.0% (+15.9 pp). For math, pass@1

alone (14.7%) exceeds iterative@12 (9.4%), while
pass@12 reaches 26.0%. These results suggest that,
at least for GPT-3.5-Turbo, repeated self-editing is
less effective than independent resampling under
the same sampling budget.

Domain pass@1 pass@12 iter@12

Coding 13.4% 28.9% 13.0%
Math 14.7% 26.0% 9.4%

Table 3: Best-of-N baseline for GPT-3.5-Turbo (N=12, temp.
0.7). pass@1: single independent sample. pass@12: best
result over 12 independent samples under the task-level scorer.
iter@12: turn-12 output of the memoryless refinement loop.

Gemini judge reliability (Table 4). We assess
judge sensitivity by re-scoring a stratified 50% sam-
ple (2,949 trajectories, 35,108 turn-level observa-
tions) with Claude Sonnet 4 using the same rubric
as Gemini-2.5-Pro. At the turn level, agreement
is moderate: Spearman ρ = 0.583 and linear-
weighted κ = 0.392, which is expected for sub-
jective creative-evaluation dimensions. At the tra-
jectory level, the judges agree on the direction of
change in 66% of trajectories, and agreement is
strongest for the paper’s most important ideation
trend: feasibility decline under s1_novel, where
directional agreement reaches 92% (n = 609,
p ≈ 0; ∆ρ = 0.667). Gemini also shows a small
systematic offset, scoring originality and clarity
+1.07/+1.42 points higher on average. We there-
fore interpret ideation scores as relative trajectory
signals rather than absolute quality labels.

Turn-level ∆(T12−T1)

Dim. r ρ κ ∆ρ Dir

Originality 0.541 0.550 0.386 0.493 69%
Feasibility 0.649 0.663 0.503 0.667 69%
Clarity 0.481 0.435 0.292 0.478 57%
Buzzwords 0.423 0.683 0.387 0.642 69%

Mean 0.524 0.583 0.392 0.570 66%

Table 4: Inter-annotator agreement (Gemini-2.5-Pro vs.
Claude Sonnet 4; 2,949 trajectories, 35,108 observations).
Turn-level: per-turn score correlations (r Pearson, ρ Spear-
man, κ linear-weighted). ∆(T12−T1): ∆ρ is Spearman on
change scores; Dir = directional agreement (% where both
judges agree on sign of change; all p ≈ 0 vs. 50% chance).
Under s1_novel, feasibility Dir reaches 92% (n=609), sup-
porting the paper’s main ideation steering claim.
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