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Abstract

Long-horizon software engineering agents of-
ten need to manage lengthy and noisy inter-
action histories under limited context budgets.
Existing memory management methods rely on
static compression workflows or rigid compres-
sion schedules, and often decouple memory
decisions from task-solving performance. We
present SWE-MEM, a training framework for
proactive and on-demand memory management
in software engineering agents. SWE-MEM
provides a flexible memory tool that lets agents
decide when, what, and how to compress based
on trajectory state, task progress, and remaining
context budget. We train agents with synthe-
sized proactive memory-management trajecto-
ries and Memory-aware GRPO, which jointly
optimizes memory management and issue reso-
lution through memory-aware trajectory split-
ting and step-level credit assignment. On SWE-
Bench Verified, SWE-MEM achieves 43.4%
and 60.2% resolve rate with 4B and 30B mod-
els, respectively, outperforming existing mem-
ory management baselines in both performance
and token efficiency.

1 Introduction

Solving long-horizon software engineering tasks
remains a key challenge for deploying agents
in real-world development workflows. Most ex-
isting agents follow a ReAct-style append-only
paradigm (Yao et al., 2023; Yang et al., 2024; Wang
et al., 2025d), where interaction history is continu-
ously accumulated to model context over time. In
software engineering tasks, numerous intermedi-
ate actions and lengthy environment feedback can
quickly accumulate into long and noisy trajectories,
often exceeding the context window of LLMs (Qiu
etal.,2025; Bai et al., 2026). Even when the history
fits within the window, agents still face the chal-
lenge of effectively utilizing task-relevant context
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information from long and noisy trajectories (Dou
et al., 2026; Du et al., 2025). These challenges
make effective memory management essential for
long-horizon coding agents.

To address these challenges, recent work has
explored memory management through threshold-
based summarization, subtask-level folding, and
learned compression tools (Wu et al., 2025; Sun
et al., 2025; Liu et al., 2025). These methods re-
duce context length by summarizing the full history
once a threshold is reached (Wu et al., 2025), fold-
ing completed subtasks (Sun et al., 2025), or com-
pressing earlier conversation turns while preserving
recent interactions (Liu et al., 2025).

However, they remain limited in both flexibil-
ity and optimization objective. First, fixed com-
pression rules cannot adapt to the heterogeneous
value of information in software engineering tra-
jectories: lengthy execution logs or irrelevant files
can typically be safely compressed at any point,
whereas code inspected early in the trajectory may
remain essential for later reasoning and therefore
may not be suitable for compression, as illustrated
in Figure 1(a) and (b). Second, existing methods
typically optimize context reduction rather than
task-solving efficiency. As shown in Figure 1(c),
although existing methods can substantially reduce
the agent’s peak context length, they still increase
total token usage or interaction steps dramatically,
leading to worse overall efficiency.

To address these issues, we propose SWE-
MEM, a training framework that equips long-
horizon software engineering agents with proac-
tive and on-demand memory management. SWE-
MEM provides a flexible memory tool that allows
the model to decide when to compress, what to
compress, and how to summarize the selected con-
tent based on the current trajectory state. We train
this capability by synthesizing task-solving trajecto-
ries with proactive memory-tool invocations, where
the compression timing and targets are chosen ac-
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Figure 1: Illustration of the tool flexibility issue in (a)
and (b), and the performance—cost comparison in (c),
where lower-right is better. SWE-MEM achieves the
highest resolve rate while maintaining relatively low
token and step usage compared with other methods.

cording to the current trajectory state and remain-
ing subtasks. We further apply curriculum learn-
ing to teach effective tool use, especially in proac-
tive compression scenarios. Finally, we introduce
Memory-aware GRPO, which jointly improves is-
sue resolution and memory management through
memory-aware trajectory splitting and step-level
credit assignment. On SWE-Bench Verified, SWE-
MEM achieves resolve rates of 43.4% and 60.2%
with Qwen3-4B-Instruct and Qwen3-Coder-30B-
A3B, respectively. Under a 32K context budget, it
outperforms existing memory management meth-
ods with higher resolve rates and fewer interaction
rounds. In summary, we make the following contri-
butions:

* We introduce an adaptive memory tool that
enables agents to decide when to compress,
what to compress, and how to summarize the
selected context based on the current trajec-
tory state.

* We propose a training framework that com-
bines memory-management trajectory syn-
thesis, curriculum fine-tuning, and Memory-
aware GRPO to jointly optimize memory de-
cisions and task-solving performance.

* Experiments on SWE-Bench Verified show

that SWE-MEM achieves resolve rates of
43.4% with a 4B model and 60.2% with a 30B
model under a 32K context budget, outper-
forming existing memory management meth-
ods in both performance and token efficiency.

2 Proposed Approach

2.1 Memory Management Tool Design

We introduce a flexible memory management tool
that enables software engineering agents to decide
when to invoke compression, which span to com-
press, and how to summarize the selected span,
rather than following fixed compression workflows.
To formalize the process, we represent the interac-
tion history at time step ¢ as:

Ct - <p) {ala 01}7 {(12,02}, ey

1
{at—laot—1}>7 ( )

where p is the initial problem statement, a; de-
notes the agent action at step ¢, including textual
responses, reasoning traces, and tool calls, and o;
denotes the corresponding environment observa-
tion, augmented with metadata such as the current
step number and remaining context length to in-
form the agent of its progress and context budget.

When the agent determines that compres-
sion is required, it can invoke this tool
compress (analysis, start_step_
number, end_step_number, content
, remaining_work) to proactively manage
its context. Here, analysis records the agent’s
assessment of the current progress and unresolved
subtasks. The arguments start_step_number
s and end_step_number e specify the span
to compress. The selected span usually contains
raw details that are less necessary for subsequent
reasoning such as lengthy logs, failed exploratory
attempts, or obsolete intermediate observations.
The content argument c is the summary that
replaces the selected span, which distills the
original information into a higher-level abstrac-
tion by removing unnecessary details. Finally,
remaining_work f records the remaining sub-
tasks and is appended to the end of the trajectory
to maintain task continuity. The agent generates all
arguments in this order within a single LLM call.
As shown in Figure 2, the resulting compression
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Figure 2: Comparison of different memory management methods. No compression mode causes the context to grow
indefinitely; threshold-trigger methods compress only after the budget is reached; fixed-scope methods rely on rigid
boundaries or windows; in contrast, SWE-MEM performs proactive and on-demand memory management over

flexible context spans.

operation is:

M
Ct — Ct/ = <p, {al,Ol}, .. .,{as_l,os_l},

{C}a {ae+17 06+1}7 ceey

{at—170t—1}?{f}>- (2)

Here, {c} and {f} are memory entries inserted into
the trajectory. This operation preserves temporal
ordering while reducing context length. Since a
compressed summary can itself be selected in later
tool calls, the agent can progressively compress the
content as the trajectory grows.

2.2 Curriculum Fine-Tuning with Synthesized
Memory Trajectories

To bootstrap the model’s ability to use the mem-
ory tool, we develop a synthesis workflow that
augments task-solving trajectories with memory-
management actions, together with a curriculum
training method for learning proactive memory be-
havior, as shown in Figure 3 (a).

2.2.1 Trajectory Synthesis Workflow

The synthesis workflow integrates task solving
and memory management into a single trajectory-
generation process, as detailed in Algorithm 1 in
Appendix A. For each task, the rollout is generated
by the base model that is later fine-tuned, rather
than by a stronger teacher model. The proprietary
model is used only for proactive-trigger judgment
and memory-tool argument synthesis; it does not
generate task-solving actions.

As shown in Figure 3(a), we introduce a con-
text monitor that checks whether a memory-
management action should be triggered at the be-
ginning of each step. Inspired by existing agent

context-compression designs (Sun et al., 2025; Wu
et al., 2025; Xiao et al., 2025), the monitor consid-
ers two types of triggers that reflect different trajec-
tory states: context budget pressure and proactive
memory management.

Context budget pressure addresses imminent
context exhaustion with a probabilistic scheduler.
The trigger probability becomes non-zero when
the remaining context budget drops below 20%
and increases monotonically as the budget shrinks,
reaching 1 when only 5% of the budget remains.
This soft schedule avoids relying on a single hard
threshold and improves the diversity of synthesized
trajectories.

Proactive memory management captures sit-
uations where compression is useful before the
context budget becomes critical. We consider
three common cases: subtask completion, where
a subtask has been completed and only its conclu-
sion needs to be retained; low-information density,
where recent rounds are dominated by verbose logs,
irrelevant file exploration, or other low-value con-
tent; and focus degradation, where long and noisy
context appears to distract the agent from the core
issue, and compression can restore a cleaner work-
ing context. These cases are detected with an LLM-
as-a-judge mechanism, with detailed prompts pro-
vided in Appendix A.S.

Once a trigger fires, we invoke the proprietary
model to synthesize the memory-tool arguments,
and the trajectory is reorganized according to Eq. 2.
The synthesis loop continues until the agent re-
solves the issue or reaches the maximum number
of steps.
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Figure 3: Overview of the SWE-MEM training pipeline.

2.2.2 Trajectory Quality Filtering

We first perform rejection sampling to retain only
trajectories that pass the test cases. We then ap-
ply a rule-based data-cleaning pipeline to reduce
noise in the retained trajectories before training.
Rather than discarding an entire trajectory when a
local defect is detected, we mask the correspond-
ing assistant message during training, allowing the
remaining valid steps to contribute to learning.

Our filtering criteria cover both compression and
non-compression actions. For compression actions,
we filter three types of defects. (1) Inappropriate
reduction ratio refers to summaries that are either
too aggressive or too conservative. We compute
the retained-token ratio between the compressed
summary and the original selected span, and mask
actions whose retained ratio is larger than 80% or
smaller than 20%. (2) Overly short compression
ranges occur when the selected span is too short
to yield meaningful context reduction, making the
compression overhead unnecessary. In practice, we
treat spans shorter than 5 rounds as overly short
unless they contain unusually long content. (3)
Range misalignment occurs when the summary
does not faithfully correspond to the declared step
range, either omitting information from steps inside
the range or incorporating content from outside the
range. We detect this mismatch by parsing round
indices from structured summary headers and com-
paring them with the declared compression range.
For non-compression actions, (4) low-quality re-
sponses are masked if they contain empty outputs,
repetitions, truncations, or invalid tool calls.

2.2.3 Curriculum Learning for Proactive
Memory Management

Proactive memory management is harder to learn
than budget-based compression because it depends
on semantic judgments about trajectory state. In
our synthesized trajectories, budget-based com-
pression also appears more frequently and follows
clearer context-budget patterns. We therefore adopt
a two-stage curriculum learning strategy to progres-
sively train the model to use the memory tool, with
a particular focus on proactive memory behavior.

In the first stage, we train the model on the
full set of filtered synthetic trajectories, allowing
it to learn the basic format and usage patterns of
memory-management tools. In the second stage,
we construct a more targeted training set. We first
extract trajectories that contain proactive memory-
management actions and apply rubric-based filter-
ing to retain high-quality instances. The rubrics
check whether the analysis argument provides
a reasonable assessment of the current progress
and remaining subtasks, and whether the com-
pressed content is consistent with this analysis.
The detailed rubric prompts are provided in Ap-
pendix A.5.

To avoid catastrophic forgetting, we also sample
an equal number of problems and collect trajecto-
ries that contain budget-based compression but no
proactive memory-management actions. For this
subset, we apply another set of LLM-as-a-judge
rubrics to retain trajectories in which the agent
effectively uses the compressed information in sub-
sequent steps, avoids redundantly re-acquiring in-
formation already preserved in memory, and main-
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tains coherent progress along the established so-
Iution path. Finally, we merge the two retained
subsets for the second-stage fine-tuning, strength-
ening proactive memory behavior while preserv-
ing budget-based compression and general task-
solving capabilities.

2.3 Reinforcement Learning with
Memory-aware GRPO

To further improve memory-tool use and task-
solving performance, we propose Memory-aware
Group Relative Policy Optimization (MGRPO),
which trains the model with reinforcement learn-
ing (RL) while accounting for the state changes
introduced by compression.

2.3.1 Memory-aware Trajectory Splitting and

Loss Aggregation

Unlike standard agent training, memory manage-
ment changes the context state after each compres-
sion and therefore affects all subsequent actions.
To maintain consistency with inference-time states,
as shown in Figure 3(b), we checkpoint the tra-
jectory at compression steps and split each roll-
out into sub-trajectories. Each sub-trajectory starts
from the exact compressed prefix that the agent
would observe online, rather than from the original
uncompressed history. We apply the same split-
ting scheme during supervised fine-tuning (SFT) to
maintain training-inference consistency.

Memory management can introduce large vari-
ance in trajectory length. Longer rollouts often
contain inefficient memory operations or fail to
reuse conclusions already preserved in compressed
memory, leading to redundant actions. To reduce
optimization bias from length variability, we ag-
gregate the loss in two stages: we first average
all valid token-level objectives within each roll-
out after splitting, and then average the resulting
rollout-level losses across the batch:

T,

i

1 S ~ B 1 K; k
L=< by Li=5> ) bire
i=1 v k=1

t=1

Here, ¢;j; denotes the loss of token t in sub-
trajectory k of rollout i, N; = S Ty}, is the
number of valid tokens in rollout ¢, and S is the
number of rollout samples in the batch. This aggre-
gation makes each rollout contribute equally to the
final loss, preventing extremely long trajectories or
sub-trajectories from being overweighted.

2.3.2 Step-level Mask for Credit Assignment

Standard GRPO assigns credit using only the final
issue-resolution outcome, which may incorrectly
penalize appropriate intermediate actions in failed
trajectories or reward problematic actions in suc-
cessful trajectories. We therefore introduce step-
level credit masks on top of multi-trajectory GRPO.
The step-level mask is broadcast to all tokens be-
longing to the corresponding assistant step:

K; Tik

1 . .

Jucrro = E; A Z Zmz’,k,t X HllIl(?“i,k,tAi,
KA

k=1 =1

)

clip(ripe, 1 —€, 1+ G)AZ>

“)
where m; 1, € {0,1} controls whether token ¢
contributes gradient, and M; = S| EtT;'{ M kot
is the number of unmasked valid tokens in rollout
1. We design the following masking strategies to
improve credit assignment:

Memory Management Action Quality. For
memory-management actions in successful trajec-
tories, we apply rule-based checks to mask steps
with inappropriate reduction ratios, overly short
compression ranges, or range misalignment.

Late Memory Management. In successful tra-
jectories, we also mask memory-management ac-
tions executed only after the remaining context bud-
get has fallen below threshold 7. Although these
actions may not cause failure in the current tra-
jectory, they delay memory management and may
increase overflow risk in similar future states.

Overflow Failure. If a trajectory exceeds the
length limit without invoking memory management
tools, we keep only the last overflow sub-trajectory
for penalty assignment. Within this sub-trajectory,
penalties are assigned only to steps where the re-
maining budget is below threshold 7 but the agent
still fails to invoke memory management.

Invalid Tool Usage. For successful trajectories,
we mask steps that contain invalid tool calls, such
as calls with incorrect formats or arguments, or
repetitive content, preventing the model from learn-
ing undesirable action patterns.

3 Experiment

3.1 Datasets

For training data, we construct trajectories from
SWE-ReBench (Badertdinov et al., 2025) and
SWE-Gym (Pan et al., 2025). For SFT, task-solving
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Resolve

Method/Model Base Model Base Scaffold Length Limitation Rate
<10B Models

ReAct Agent
Qwen3-4B-Instruct (Team, 2025) - OpenHands 128k 7.0
SWE-Gym-7B (Pan et al., 2025) Qwen2.5-Coder-7B OpenHands 32k 10.6
SWE-Mirror-7B (Wang et al., 2025b) Qwen2.5-Coder-7B MOpenHands 128k 22.8
SWE-Dev-7B (Wang et al., 2025a) Qwen2.5-Coder-7B OpenHands 160k 234
SWE-Master-4B (Song et al., 2026) Qwen3-4B-Instruct OpenHands 128k 334
Klear-Agent-8B (Wang et al., 2025¢) Qwen3-8B Mini-SWE-agent-plus 64k 39.4
SWE-Lego-8B (Tao et al., 2026) Qwen3-8B OpenHands 128k 42.2

SWE-MEM
SWE-MEM SFT Qwen3-4B-Instruct OpenHands 32k 41.6
SWE-MEM SFT+RL Qwen3-4B-Instruct OpenHands 32k 434
~30B Models

ReAct Agent
Qwen3-Coder-30B-A3B (Team, 2025) - OpenHands 256k 51.6
Qwen3-Coder-30B-A3B (Team, 2025) - OpenHands 32k 38.6
Seed-OSS-36B (ByteDance Seed, 2025) - OpenHands 327K 55.2
SWE-Gym-32B (Pan et al., 2025) Qwen2.5-Coder-32B OpenHands 32k 20.6
SWE-Dev-32B (Wang et al., 2025a) Qwen2.5-Coder-32B OpenHands 160k 36.6
DeepSWE-32B (Together Al, 2025) Qwen3-32B R2E-Gym 128k 43.2
SWE-Mirror-32B (Wang et al., 2025b) Qwen2.5-Coder-32B MOpenHands 128k 52.2
SWE-Lego-32B (Tao et al., 2026) Qwen3-32B OpenHands 128k 52.6

Summary Agent

Threshold-Compression Agent (Liu et al., 2025) Qwen2.5-Coder-32B OpenHands 64k 53.8
Threshold-Compression Agent (Sun et al., 2025) Seed-OSS-36B OpenHands 32k 55.0

Folding Agent
SWE-Compressor (150 step) (Liu et al., 2025) Qwen2.5-Coder-32B OpenHands 64k 54.8
SWE-Compressor (Liu et al., 2025) Qwen2.5-Coder-32B OpenHands 64k 57.8
Context Folding (Sun et al., 2025) Seed-OSS-36B OpenHands 32k 58.0

SWE-MEM

SWE-MEM Workflow-only Qwen3-Coder-30B-A3B OpenHands 32k 58.4
SWE-MEM SFT (150 step) Qwen3-Coder-30B-A3B OpenHands 32k 57.2
SWE-MEM SFT Qwen3-Coder-30B-A3B OpenHands 32k 58.8
SWE-MEM SFT+RL Qwen3-Coder-30B-A3B OpenHands 32k 60.2

Table 1: Performance comparison on SWE-Bench Verified.

rollouts are generated by Qwen3-Coder-30B-A3B,
while GPT-5.1 is used only for proactive-trigger
judgment and memory-tool argument synthesis.
For RL, we build filtered training groups from these
two datasets by removing problems whose sam-
pled rollouts are either all successful or all failed,
retaining groups with non-trivial outcome varia-
tion. For evaluation, we mainly use SWE-Bench
Verified (Jimenez et al., 2024) and report resolve
rate as the primary metric. Detailed dataset con-
struction and evaluation settings are provided in
Appendix B.1.

3.2 Baselines

We compare our approach against three categories
of baselines.

(1) ReAct agents without memory manage-
ment. We group these baselines by model scale,
including models below 10B and around 30B pa-
rameters. These agents follow a standard ReAct-

style framework and run without explicit memory
management under their reported context limits.

(2) Existing memory management ap-
proaches. We compare with summary-based
agents that compress context after reaching a
context threshold, as well as folding-based agents,
including SWE-Compressor (Liu et al., 2025) and
Context Folding (Sun et al., 2025).

(3) Our method variants. We report several
configurations. Workflow-only applies the pro-
posed memory-management workflow at inference
time to the untuned base model, with compression
decisions and arguments provided by the propri-
etary model. SFT and RL variants are trained mod-
els evaluated under different step limits. In these
settings, no workflow or proprietary-model assis-
tance is used during inference.
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Method Resolve Token Usage Relative Token Average Step Relative Step

Rate Usage Usage
Summary Agent
Threshold-Compression Agent (Liu et al., 2025) 53.8 5.18M 203.9% - -
Threshold-Compression Agent (Sun et al., 2025) 55.0 - - 74.9 151.3%
Folding Agent

SWE-Compressor (150 step) 54.8 1.89M 96.4% - -

SWE-Compressor 57.8 2.75M 108.3% - -

Context Folding 58.0 - - 96.5 194.9%

SWE-MEM

SWE-MEM SFT (150 step) 57.2 0.86M 89.0% 73.8 119.6%

SWE-MEM SFT 58.8 0.91M 94.7% 71.7 125.9%

SWE-MEM SFT+RL 60.2 0.91M 94.7% 77.0 123.5%

Table 2: Efficiency comparison with memory management baselines on SWE-Bench Verified. Relative usage
compares token usage and the number of steps with those of the corresponding base models using the ReAct agent.

3.3 Experiment Details

We use Qwen3-Coder-30B-A3B-Instruct (Team,
2025) and Qwen3-4B-Instruct-2507 (Team, 2025)
as base models, adopt OpenHands (Wang et al.,
2025d) as the base scaffold, and set the context
limit to 32,768 tokens throughout data collection,
SFT, and RL. For the 4B setting, we reuse tra-
jectories collected with Qwen3-Coder-30B-A3B-
Instruct. For memory-management baselines, all
methods use a maximum of 500 steps unless a dif-
ferent step budget is explicitly indicated in paren-
theses. Detailed hyperparameters and framework
settings are provided in Appendix B.2.

3.4 Main Results

Table 1 shows that SWE-MEM consistently out-
performs baseline methods at both the 4B and 30B
scales while using a compact 32K context limit.

In the 4B setting, SWE-MEM achieves a 41.6%
resolve rate with SFT and further improves to
43.4% with RL, outperforming all ReAct-agent
baselines in this scale range. In the 30B setting,
the Workflow-only configuration already achieves
a 58.4% resolve rate without model training, sub-
stantially outperforming the ReAct baseline using
Qwen3-Coder-30B-A3B. This result shows that ef-
fective memory management can substantially im-
prove long-horizon software engineering agents by
preserving task-relevant information and reducing
distraction from redundant context.

After training, SWE-MEM internalizes this ca-
pability and no longer relies on an external LLMs at
inference time. It reaches 58.8% after SFT and fur-
ther improves to 60.2% after RL. Compared with
existing memory-management baselines, SWE-
MEM also shows consistent gains. For example,

on their respective base models, Context Folding
improves Seed-OSS-36B from 55.2% to 58.0%,
whereas SWE-MEM improves Qwen3-Coder-30B-
A3B from 51.6% to 58.8% after SFT and 60.2%
after RL. These results suggest that SWE-MEM
provides stronger performance gains than prior
memory management approaches. Since Table 1
mixes different backbones, scaffolds, and context
budgets, we additionally conduct a controlled com-
parison under identical Qwen3-Coder-30B-A3B,
OpenHands, and 32K settings in Appendix Table 6.
It shows that SWE-MEM remains the strongest
workflow method.

4 Further Analysis

4.1 Efficiency Analysis

Table 2 compares the efficiency of SWE-MEM
with existing memory-management baselines.
SWE-MEM achieves the best task performance
while maintaining the lowest token usage among
these methods. It also uses fewer tokens than
the corresponding base ReAct agent, whereas
most competing memory-management baselines
increase total token usage. In terms of interaction
steps, the increase introduced by SWE-MEM re-
mains much smaller than that of Context Folding,
suggesting that selective compression can reduce
redundant context without inducing excessive re-
exploration.

4.2 Ablation Study

Analysis of agent design. We ablate two key de-
sign choices by replacing proactive invocation with
threshold-based invocation and replacing selective
span selection with full-trajectory summarization.
We conduct this analysis only on the 30B model,
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Figure 4: Ablation study.

as the original 4B model is too weak to provide a
stable comparison. As shown in Figure 4, replacing
these components reduces the resolve rate to 57.4%
and 57.6%, respectively. These results show that
both proactive triggering and selective compression
are important for final performance.

Analysis of curriculum SFT. As shown in Fig-
ure 4, curriculum SFT consistently outperforms
vanilla SFT, which uses only the first-stage training.
Specifically, performance increases from 40.8% to
41.6% for the 4B model. In addition, after the
second-stage training, the proportion of proactive
tool invocations increases from 2.3% to 16.1% for
the 4B model and from 4.1% to 14.7% for the 30B
model. These results suggest that the curriculum
design helps the model acquire more reliable proac-
tive memory-management behavior.

Analysis of memory-aware GRPO. Figure 4
also shows that Memory-aware GRPO consistently
outperforms vanilla GRPO on both model scales,
indicating that loss aggregation and step-level
credit assignment are important for long-horizon
RL training.

Analysis of memory management tool. We fur-
ther evaluate the role of the memory tool by running
the trained model with the vanilla OpenHands scaf-
fold and a much larger 256K context window. Af-
ter removing the memory tool, the model’s perfor-
mance drops substantially despite the larger context
budget. For example, on the 4B model, the resolve
rate decreases from 43.4% to 37.6%. This suggests
that memory management does more than prevent
context overflow: it provides a cleaner working
context and helps the model use task-relevant infor-

mation more effectively.

4.3 Memory Behavior and Failure Analysis

We further analyze the learned memory-
management behavior to understand what
the model actually learns beyond the final
benchmark score. Specifically, we analyze the
generated summaries and examine their trigger
types, covered spans, and summary lengths.
We then randomly sample 50 summaries for
manual fidelity analysis and manually inspect 50
failed trajectories to identify whether failures are
caused by memory quality or by the underlying
model’s issue-resolution capability. The results
show that 83.9% of sampled memory actions are
budget pressure triggered and 16.1% are proactive
compression. Among proactive compressions,
66.25% follow subtask completion, 25.00% follow
low information density situations, and 8.75%
correspond to critical issue refocusing. On average,
each compression covers 24.96 rounds and 33.75%
of the trajectory. Across all summaries, the average
summary length is 1,634.08 tokens, with most
summaries between 1K and 2K tokens.

To study summary quality directly, two authors
manually inspected 50 sampled compression
summaries. Among them, 39 summaries showed
no obvious quality issues, 6 contained important
omissions without clear hallucinations, and 5
contained hallucinated or incorrect statements.
For example, in django__django-12965,
the summary includes incorrect claims about
whether exists.
In astropy_ _astropy—-14508, how
original_card is constructed is not cor-
rectly specified. These examples show that
summary quality remains a limitation, but a
low-quality summary at a intermediate step does
not necessarily lead to failures of the trajectory.

We further inspect 50 failed trajectories and
analyze their failure reasons. Specifically, in 49
cases, the failure reason bottleneck is the under-
lying model’s issue-resolution capability rather
than memory management. Only one case, in
sympy___sympy—-21596, the trajectory fails be-
cause the compressed memory state introduces an
incorrect constraint that tests should not be modi-
fied and repeatedly suggests that the task is already
complete, which prematurely halts further debug-
ging. These findings suggest that the main bottle-
neck in performance still is from the model’s own
issue resolution ability.

test_fast_delete_gs
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SWE-Bench SWE-Bench

Model Length

Multilingual Pro
Qwen3-4B-Instruct 256k 7.3 2.6
+ SWE-MEM SFT+RL 32k 19.0 15.2
Qwen3-Coder-30B-A3B 256k 35.3 28.9
+ SWE-MEM SFT+RL 32k 40.7 31.7

Table 3: Experimental results on SWE-Bench Multilin-
gual and SWE-Bench Pro.

4.4 Performance on SWE-Bench Multilingual
and SWE-Bench Pro

We further evaluate SWE-MEM on two challeng-
ing benchmarks: SWE-Bench Multilingual, which
covers multiple programming languages, and SWE-
Bench Pro, which focuses on longer-horizon tasks.
As shown in Table 3, SWE-MEM consistently
improves over the corresponding base models on
both benchmarks despite using a smaller 32K con-
text limit instead of the 256K context used by
the base models. On SWE-Bench Multilingual,
SWE-MEM improves the resolve rate from 7.3%
to 19.0% with the 4B model and from 35.3% to
40.7% with the 30B model. On SWE-Bench Pro,
it improves the resolve rate from 2.6% to 15.2%
with the 4B model and from 28.9% to 31.7% with
the 30B model. Overall, these results suggest that
the learned memory-management behavior trans-
fers across programming languages and provides
clear gains on longer-horizon software engineering
tasks.

5 Related Work

5.1 Software Engineering Agents

Software engineering agents build on a progression
from atomic code-intelligence capabilities (Feng
et al., 2020; Gao et al., 2023) to autonomous
repository-level task solving (Yang et al., 2024;
Wang et al., 2025d). Early capability-oriented work
studied code generation (Chen et al., 2021; Gao
et al., 2025b), program repair (Xia et al., 2023;
Peng et al., 2024), code summarization (Zeng et al.,
2026), and test generation (Gao et al., 2025a; Chen
et al., 2024). Later work explored agent scaf-
folds for repository-level problem-solving, includ-
ing SWE-Agent, OpenHands, and Agentless (Yang
et al.,, 2024; Wang et al., 2025d; Xia et al.,
2024). Recent progress has further broadened
the ecosystem through richer environments and
benchmarks (Pan et al., 2025; Badertdinov et al.,
2025; Guo et al., 2025; Liang et al., 2026; Chen
et al., 2026; Sun et al., 2026), synthetic data gen-

eration (Wang et al., 2025b; Sonwane et al., 2025),
training recipes (Song et al., 2026; Wei et al.,
2025; He et al., 2025; Together Al, 2025), reward
or verifier modeling (Shum et al., 2025). Our
work complements this line by focusing on how
agents should learn to manage context during long-
horizon tasks.

5.2 Memory Management

Managing context in extended interactions is criti-
cal for agents operating long-horizon tasks across
hundreds of rounds. Early context compression ap-
proaches include token-level pruning methods like
LLMLingua (Jiang et al., 2023) and code-specific
optimization techniques such as DietCode (Zheng
et al., 2022). More recent work has rapidly ex-
panded this direction with context folding and rout-
ing, adaptive pruning, trajectory reduction, and
trainable context-management policies for web and
coding agents (Zeng et al., 2025; Feng et al., 2026;
Ye et al., 2025; Wang et al., 2026; Su et al., 2026;
Lu et al., 2025). For example, AgentDiet reduces
wasteful historical context through trajectory re-
duction (Xiao et al., 2025), Context Folding sum-
marizes completed subtasks and folds the associ-
ated action records into compact subtask-level sum-
maries (Sun et al., 2025), while SWE-Compressor
elevates context maintenance to a callable tool
integrated into the agent’s decision-making pro-
cess (Liu et al., 2025), enabling SWE agents to
compress context at appropriate milestones rather
than relying on passive or externally-triggered com-
pression strategies. Compared with methods that
rely on fixed compression rules or externally de-
fined scopes, SWE-MEM trains the agent to de-
cide when to compress, what span to compress,
and how to rewrite it under the current trajectory
state. Table 4 in Appendix provides a structured
comparison.

6 Conclusion

We presented SWE-MEM, a framework for train-
ing long-horizon SWE agents with proactive and
on-demand memory management. By combining
a flexible memory tool, trajectory synthesis with
curriculum fine-tuning, and Memory-aware GRPO,
SWE-MEM improves SWE-Bench Verified perfor-
mance, reaching 43.4% and 60.2% resolve rate in
our 4B and 30B settings, respectively, and outper-
forming existing memory management baselines
in both performance and token efficiency.
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Limitations

A current limitation of SWE-MEM is that, under a
limited context budget, memory management can
increase the number of interaction steps. This oc-
curs because the agent may need additional steps to
compress the context and resume task solving from
the compressed state. However, as discussed in Sec-
tion 4.1, overall token consumption is still reduced
despite the increase in step count. A second limi-
tation is that MGRPO only partially mitigate the
credit assignment problem. An early compression
may be syntactically valid yet semantically poor,
and such errors are only not fully captured by the
rule-based masking strategy. In addition, our man-
ual analysis shows that some summaries still omit
task-critical information. Jointly optimizing task
success, interaction steps, token usage, and wall-
clock latency, including the overhead introduced by
memory operations, remains an important direction
for future exploration.
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Appendix
A Method Details

A.1 Detailed Trajectory Synthesis Procedure

Algorithm 1 describes the details of memory-
management trajectory construction process.

Step 1: rollout initialization. As shown lines
1-3 of Algorithm 1, we initialize the conversation
with the task prompt, the context budget, the base
model, and the Proprietary model. The base model
is used for generating ordinary agent actions, while
the Proprietary model is only used when we need
synthetic memory-management supervision. This
separations help us study to what extent training
that focuses solely on memory management can
improve the SWE agent’s capabilities.

Step 2: budget-aware monitoring. At each
iteration, lines 4—7 compute the remaining token
budget and initialize the compression state. Lines
8—12 then decide whether the current trajectory
should trigger compression. The budget-pressure
branch in lines 8—10 uses the remaining-budget
heuristic p; to increase compression probability
as the context window becomes saturated. The
proactive branch in lines 11-12 corresponds to the
context-monitoring judge described by the Context
Monitor Prompt. In practice, we do not query the
Proprietary model at every step because doing so
would be unnecessarily expensive and most states
are not suitable for proactive compression. More-
over, patterns such as subtask end do not always
yield a useful compression opportunity, so the goal
of SFT cold start is only to expose the model to
basic proactive-memory behavior rather than to
enforce compression at every possible timing. Con-
cretely, after each step we query the monitor with
only 10% probability; in the remaining 90% steps,
proactive compression is skipped entirely. We fur-
ther skip the monitor if any compression action has
occurred within the most recent five steps, since
the required conditions are unlikely to be satisfied
again at such short intervals.

Step 3: generating the compression action.
Once compression is triggered, lines 9-12 call the
Proprietary model to synthesize the actual mem-
ory operation. The generated action follows the
Compression Generation Prompt, which asks the
model to first reflect on current progress, then se-
lect a valid compression span, and finally produce
the compressed content together with a concrete
remaining-work plan. The prompt also constrains

Algorithm 1 Trajectory Synthesis with Dynamic
Memory Management

1: Input: Task prompt p, max iterations 7', context bud-
get B, local trajectory model Moca, Proprietary model
Mpmp

2: Output: Trajectory with memory operations 7 =

{(ctsae, 00) bima

: Initialize conversation history C' <— [system, user(p)]

: while ¢ < T and task not finished do

t < t + 1, compute remaining budget b, < B —

TokenCount(C)

NeedCompression <— False

(Tsar, Tend, €, 9) < (9,2, D, D)

// Category (1): Context Budget Pressure

Dt — max(O7 min(l, 0.205—b, ))

0.15B
10:  if u ~ Uniform(0, 1) < p; then

v W

LoD

11: (7start, Tend €5 ) <— Mprop.BuildCompression(C')

12: NeedCompression <— True

13:  else if NeedProactiveCompression(C') then

14: // Category (2): Proactive Memory Management

15: (Tstam Tend, C, g) —
M prop.BuildProactiveCompression(C')

16: NeedCompression <— True

17: end if

18:  if NeedCompression then

19: Update C following Eq. (2)

20: else

21: at + Mioca(C) {Generate agent action }

22: Execute a;, observe o, update C' and record 7

23: end if

24: end while
25: return 7

the selected span to avoid illegal overlaps with
previously compressed ranges and encourages the
model to preserve information that will still be
needed in later rounds.

Step 4: trajectory update and continued roll-
out. After the compression action is synthesized,
line 14 updates the context according to Eq. (2): the
selected source span is replaced by compressed con-
tent and the remaining-work summary is appended
to the end of the trajectory. If no compression is
triggered, lines 15—16 simply let the base model
continue interacting with the environment.

A.2 Detailed Comparison of Different SWE
Memory Management Methods

Figure 5 and Table 4 compare representative SWE
memory-management methods from the perspec-
tives of when to compress, what to compress, and
how to compress.

The main distinction highlighted by Figure 5 is
that prior SWE memory-management tools hard-
code one or more dimensions of the compression
decision space. Threshold-based methods hard-
code when: they compress only after a fixed budget
trigger and usually summarize the whole accumu-
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Idea indefinitely and start fresh ) subtask completes )\ exceptrecentktums ) summarize.
Figure 5: Detailed comparison of different memory management methods.
Method When What How
Threshold Compres- Fixed budget threshold Whole accumulated prefix ~ One coarse summary replacement
sion
Context  Folding Completed subtask Finished subtask span Fold into subtask-level summary
(Subtask) boundary
SWE-Compressor  Fixed window-preserving  All but recent k rounds Structured compression of old pre-
(Window) policy fix
SWE-MEM Budget-driven or proac- Arbitrary selected span Adaptive mix of verbatim retention

tive trigger

and summarization

Table 4: Detailed comparison of different SWE memory management methods.

lated prefix. This is simple but purely reactive, so
a large amount of low-value content may already
have polluted the working context before compres-
sion happens.

Context Folding makes the trigger more seman-
tic by compressing at completed subtask bound-
aries, but it still ties both when and what to a fixed
structural unit. In SWE trajectories this is often too
restrictive: some completed subtasks still contain
code evidence that must be preserved, while some
highly compressible content does not align cleanly
with subtask boundaries.

Sliding window approaches such as SWE-
Compressor instead hard-code what through a
recent-window rule: they preserve the latest k
rounds and compress older context with a fixed
scheme. This protects recency, but recency is not al-
ways the same as relevance. In long-horizon SWE
tasks, old file inspections or earlier bug-triggering
tests may remain crucial, while some recent rounds
may contain low-value test logs which are safe to
compress.

Our method treats memory management as an
explicit decision over all three dimensions. In terms

of when, the agent can act either because the re-
maining budget is tight or because the current state
satisfies a proactive condition such as low infor-
mation density or subtask completion. In terms of
what, it can select an arbitrary span rather than be-
ing forced to compress the whole prefix, a finished
subtask, or everything outside a recent window. In
terms of how, it can preserve crucial code or er-
ror evidence nearly verbatim, summarize medium-
importance content at finer granularity, and aggres-
sively compress low-value content while appending
remaining-work guidance.

This also gives SWE-MEM a stronger behav-
ioral space after training. Rather than following
a fixed rule, the trained agent can spontaneously
adopt behaviors resembling threshold-based com-
pression, context folding, or window-preserving
schemes when those choices are appropriate, while
still switching to more selective policies under
other trajectory states. This makes the learned pol-
icy more flexible: it can choose the strategy that
best matches the current budget, the semantic role
of the candidate span, and the future need for spe-
cific evidence. Those fixed-rule methods cannot
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make such context-dependent trade-offs. As a re-
sult, they cannot express the on-demand scenarios
in Figure 1: they cannot selectively remove lengthy
but low-information logs or irrelevant files when
these do not match their fixed trigger/scope rules,
and they cannot preserve old but still task-critical
code evidence while compressing other parts of the
trajectory.

A.3 Detailed Description of Trajectory
Splitting Process

Suppose memory-management actions are trig-
gered at turns {¢1,...,tx_1}, with0 =1ty < t; <
- <tg_1 <tg =T.For the (k—1)-th memory
event, let (sg, e, ¢, fx) denote the selected com-
pression span and generated summary contents,
where only the source range [sg, ej] is replaced
while all earlier and later context outside this span
is retained. Following Eq. (2), the compressed con-
text after this event can be written directly as

Cék = <p7 {(11,01}, te {ask‘_l’Osk_l}’
{Ck;}, {aek+1a O€k+1}7 T

{atkflaotkfl}’{fk}) &)

Thus, the post-compression context is a mixed tra-
jectory consisting of retained original rounds, one
compressed span, and the appended remaining-
work item, rather than a single summary of the
whole prefix.

We then split the full rollout at compression
boundaries so that each segment starts from exactly
the compressed context that would be available at
deployment time:

T(k) = <C£k—1’ {atkfﬁ*lv Otk,1+1}, BRI
{ar, 00,}), k=1,...,K. (6)

Equivalently, the full rollout is decomposed as
r 4 {+W, 7@ 7}, Here Ci, _, already
preserves all uncompressed context outside the se-
lected source span of the previous memory event,
so each sub-trajectory 7(¥) is conditioned on the
same partially compressed information state that
the agent would actually observe online. This keeps
the consistency of model training and inference
state.

A.4 Additional Implementation Details for
MGRPO

We provide the implementation details of MGRPO.
For each problem, we sample 8 rollouts and com-

pute the final issue-resolution reward for each roll-
out. Rewards and advantages are computed at the
rollout level rather than at the split-trajectory level.
Group-relative normalization is then applied across
these 8 rollout rewards, and the resulting rollout-
level advantage is broadcast to all trainable tokens
in all split sub-trajectories from the same rollout.

For rule-based masks, we use the following
checks. For compression quality, we compute the
retained-token ratio between the compressed sum-
mary and the original selected span, and mask
steps whose retained ratio is larger than 80% or
smaller than 20%. We treat spans shorter than 5
rounds as overly short unless the selected region
contains unusually long content. Range misalign-
ment is detected by regular expression matching
over structured summary headers such as “Round
117 or “Rounds 9-10 (Merged)” and then compar-
ing the extracted indices with the declared compres-
sion range. We also mask steps containing empty
outputs, malformed tool-call arguments, repetitive
degenerate text, or truncation artifacts.

A.5 Prompts

Context Monitor Prompt Prompt used by the
context monitor to decide whether compression
should be triggered.

You will be provided with a complete trajectory of an AI agent resolving a software
bug. Your task is to determine whether compression is needed and identify the
compression type.

sxInput Trajectory:ss
<trajectory>
{text_conversation}
</trajectory>

Please evaluate whether the trajectory meets ANY of the following conditions for
compression:

«xCondition 1: Subtask Completion with Redundant Details::
— The last action marks the #xcompletion: of a whole phase rather than an
intermediate step or the ssstartsx of a new phase. The next logical action would be to
proceed to a subsequent phase
— All errors encountered during this phase have been resolved and validated
— #xCRITICAL EXCLUSION:«x: If the last step shows the agent senterings+ a new
phase without completing substantive work, this does NOT qualify as subtask
completion
— Do NOT choose " subtask_end" if the last 1-3 rounds show unresolved blocker
evidence, active debugging of bugs, or unvalidated regressions
— #xCRITICAL: Low overall information densitys:

— The completed subtask is lengthy but s:overall information density is lowss

— ##Only key conclusions or final statess (e.g., "bug found in file X", "all tests pass
") will be referenced in subsequent steps

— #xIntermediate details are NOT needed for future actions::: Future steps only
need the "what was accomplished" rather than the "how it was accomplished"

#+Condition 2: Low Information Density with No Future Utility:
Evaluate recent actions (only consider last 1-5 rounds, don't consider earlier rounds)
for lengthy outputs with low information value that will NOT be needed in subsequent
steps:
— xxSuccessful file modificationsx: —HIGH density (don't compress)
— ««Early exploration phases: Examining files/directories —relatively HIGH density
(they are likely to be referenced in future steps, so they should be carefully decided
whether to compress)
— =xUntested test cases that reproduce the bug or examine the fix++ —HIGH density (
don't compress)
— =xScript execution or test resultsss:

— Execution succeeded with verbose output unlikely to be referenced again —LOW
density

— Execution failed with useful error messages needed for debugging —HIGH
density (don't compress)

— Execution failed with configuration/usage errors already resolved —LOW density
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— s«xLengthy failed execution with simple failure reasons that won't inform future
decisions —LOW density

— sxLong thinking processs only the conclusion is useful —LOW density

— sxKey criterions:x: The content should be compressible because its information
density is low and future actions won't need to refer to this step's detailed content

— #*REQUIRED: Standalone/isolated contents:: Recent rounds must contain self—
contained, one—off tasks completely unrelated to subsequent workflow and future tasks
. If the content is part of an ongoing workflow or may be referenced in future steps, do
NOT compress regardless of information density.

— #xCRITICAL: Consecutive low—density requirement:: Only compress when the
last 3—5 rounds (counting backwards from the most recent round) are ALL low density
. If any round within this range is high density or potentially useful for future steps, do
NOT compress at all. Prefer compressing 3—5 consecutive low—density rounds
together. Don't just compress for only one or two rounds unless they are too long.

s+Condition 3: Focus Degradations Requiring Agent Alerts

#*ONLY evaluate this condition AFTER a patch has been generated. = Before patch
generation, ignore this condition entirely.

Use " critical_issue” conservatively:

— Do NOT use " critical_issue” only because a problem just appeared; the agent may
fix it in the next few steps.

— Do NOT use " critical_issue” only because tests have not been run yet; the agent
may still test later.

— Do NOT use " critical_issue” based on generic risk wording without concrete, recent
evidence.

— Use " critical_issue” when the same core issue remains unresolved across multiple
recent attempts, or when repeated attempts still fail to fix it.

— Use " critical_issue” when the patch itself shows clear correctness risk (e.g., wrong
edit location, broken boundary conditions, contradictory logic, or likely regression)
and the agent is not correcting it.

— Use " critical_issue” when the agent is moving to final review / summarization /
submission while key risks are still unresolved.

— Do NOT repeat the same " critical_issue" in consecutive decisions unless new
evidence appears.

— Require concrete evidence: include specific failing test/error/traceback or explicit
wrong behavior in recent rounds.

— Require persistence: the core issue should remain unresolved across at least two
recent attempts (or one attempt plus clear prior failed attempt evidence).

— If the same issue was already flagged and there is no new evidence in recent rounds,
return " should_compress: false" .

Compress with special alert if ANY of the following serious problems exist:

#x]. Patch Quality Issues with High Correctness Riskss

The generated patch itself contains clear flaws that pose significant correctness risks:
— Wrong edit location or scope (modifying unrelated code sections)

— Broken boundary conditions or edge case handling

— Contradictory logic or likely regressions

— #xANDs== the agent shows no awareness of these critical flaws or is not attempting
to correct them

#%2. Unresolved Core Issues After Multiple Attempts:

The same fundamental problem persists across multiple iterations:

— The agent has made repeated attempts but the core issue remains unresolved
— Validation or tests continue to fail for the same underlying reason

— The problem is not merely "not fixed yet" but shows a pattern of ineffective
approaches

+x3. Premature Finalization with Unaddressed Risks:s

The agent is moving toward completion while critical risks remain:

— Entering final review, summarization, or submission phase

— While the patch has unresolved correctness concerns that were identified in previous
steps, or tests may pass (or haven't been run) but there are untested edge cases, likely
impact on related code paths, or the test coverage is clearly inadequate for the scope of
changes

#+*[MPORTANT:: If Condition 3 applies, you should still compress and use type *
critical_issue"" to alert the agent about these problems.

#xOutput Format:

<analysis>

[Your detailed analysis evaluating all conditions and determining which (if any)
applies]

[If compression is needed, explain which condition triggered it]

[DO NOT specify the exact round numbers — this will be determined in the next step
based on detailed reflection]

</analysis>

<decision>
[Your decision in JSON format]

s+Importantss: When compression is needed, write the reason field in first—person
perspective describing why you want to compress the content, based on the
compression type. Describe naturally what happened without following a fixed
template.

If compression is needed:

{
"should_compress": true,
"type": "subtask_end" | "low_density" | "critical_issue",
"reason": "[First—person description of what you just completed and why it can be
compressed]"

1

If no compression is needed:

"should_compress": false,

"type": "none”,
"reason": "[Brief explanation why compression is not needed]"

1

</decision>

Compression Generation Prompt Prompt used
to generate the compressed content and remaining-
work plan.

You are an AT agent working on resolving a software bug. You need to reflect on your
debugging progress and compress portions of your conversation history to maintain
context efficiency while preserving critical information.

{compression_context}
## Context
Here is your complete debugging trajectory so far:

<trajectory>
{text_conversation}
</trajectory>

## Your Tasks
Complete the following tasks in order:
#### Task 1: Comprehensive Reflection and Compression Planning

Write a natural, flowing reflection about your debugging process—think of it as your
internal thoughts. This should be a cohesive narrative (not bullet points or a list of
answers) that weaves together:

sxPart 1: Current Status Reviews

— Briefly summarize what you have accomplished in the current trajectory, referencing
specific round numbers for key milestones. The summarization should be very concise
and focus on the key achievements. Do not describe too much details about each part.

— Taking a critical perspective, carefully review the current solution to identify

whether it contains any of the following problems: incorrect issue understanding,
incorrected issue location (Truly identify the root problem, or is it just a superficial

error influenced by the current test case? Is there any verification?), previously failing
tests that were left unresolved before moving forward, tests that failed to run and were
simply skipped or abandoned, fixes that do not represent the minimal necessary
changes, patches that modify aspects beyond the issue description (such as
inconsistent boundary handling that may introduce regressions), or after modification
not write more tests to verify various edge cases (such as empty or none input). Make
your own independent judgment about each problem type-this is not a reading
comprehension task where you summarize what have been found in the trajectory; you
need to actively detect these issues based on your own analysis.

ssPart 2: Future Task Planning and Information Requirementss:

— What are your pending tasks and what specific actions are you planning to take in
the next few steps? (Note that you cannot engage in any communication with users and
should only focus on resolving this issue without any interaction with users.)
— sxInformation Requirements Analysiss:: Before selecting compression ranges,
explicitly think through: If you were to hand off these pending tasks to another person
who can only see the compressed trajectory, what specific information would they
absolutely need to complete each action successfully? For example:

— If writing a patch: They need the original file content, the exact location of the bug
, and the root cause explanation

— If running tests: They need to understand what each test case is validating and why

— If implementing a fix: They need the context of how the code is used and what
edge cases to consider

Naturally articulate these information requirements in your reflection before moving
to compression selection.

s#Part 3: Compression Range Selections

Based on the information requirements for your future actions, identify which range of
rounds should be compressed. Your selection should balance the positioning of task—
relevant content with compression efficiency, prioritizing ranges with a lower
proportion of information that will be needed for pending tasks. However, this doesn't
mean you can't include such content—if your selected range contains information that
will be needed later, that's acceptable, as you can choose to preserve it verbatim. Your
selected range must satisfy the following Mandatory Requirements and carefully
consider the Selection Priorities:

sxMandatory Requirements:s

— You cannot select the entire trajectory range from start to end

— First list existing compressed ranges only from previous user compression messages
(content in <compressed_content>, specifically {existing_ranges_text}). Do NOT treat
merged round titles inside compressed text (e.g., "Rounds 4-7 (Merged)") as existing
compressed ranges. The new range must be either disjoint, or a full combination that
fully covers any existing compressed ranges. Do not choose identical ranges or partial
overlaps.

— Allowed: existing [11-20], [21-30] —> new [11-30] (combine two adjacent
ranges), or existing [11-20], [21-30] —> new [21-35] (combine compressed content
with uncompressed content)

— Not allowed: existing [11-20] —> new [15-25] (overlap), or new [11-20] (
identical)
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— The issue description cannot be compressed, so the starting round number must be at
least 1

— The compression range should cover approximately 30% of the total trajectory token
length. Avoid selecting too few rounds at once (generally no fewer than 5 rounds)

sxSelection Priorities: s
— Try not to compress the last few rounds that are still in progress
— Prioritize compressing earlier rounds over later ones when possible
— Prioritize selecting ranges containing:
1. Lengthy code execution outputs with minimal relevance to subsequent steps
2. Large file openings or directory listings where only limited information is utilized
later
3. Consecutive rounds completing a phase where intermediate results have no
bearing on subsequent processes
4. Steps from many rounds earlier that have little impact on the most recent round
5. Multiple adjacent existing compressed segments that can be combined

sxPart 4: Content Importance Assessments:
For your selected range, assess the importance level of each piece of content:

— #xNeed preserve verbatim:x: Content that might be referenced by future steps, such
as test cases revealing the bug, error traces showing root cause, key code snippets
related to the bug, the files you modified

— xxSummarize while retaining details++: Content with limited ongoing relevance,
such as long grep or list results, repeated trials, errors that are ultimately resolved and
methods that you tried but didn't work

— #xCan compress heavily with key findings/lessons:: Content unlikely to be
referenced again, such as long passed logs, script execution method, or useless
execution outputs

In general, you should verbatim preserve about 30% of the content in your selected
range. Make sure all information relevant to future steps is preserved.

Naturally integrate these assessments into your reflection, explaining which content
needs to be preserved, and which can be summarized or heavily compressed.

At the end of your reflection, naturally indicate which rounds you will compress (you
don't need to use a fixed format—just make it clear which range you've selected).

### Task 2: Generate Compressed Content
Compress your selected range following these guidelines:
#x1. Structure for each round:

<example>
s#Round X or #*Rounds X-Y (Merged):: (Phase 1 optional) —[Brief description]

— s Action:ssr

Based on your reflection in Task 1, extract and write a concise summary that includes:

#xAnalysis of Past Steps:##

— Briefly state the Phases that you have completed in one sentence

— Clearly identify if there are any mistakes, oversights, or problems in your previous
actions that haven't been corrected yet

— If exists, Be specific about what went wrong and why

— If no significant issues were found, state this clearly

#+Future Action Plan:s

— List the specific next steps you plan to take and where in the trajectory the
information needed to complete these tasks can be found (with round numbers)

— The plan here must be precise and cannot be vague. For example, you cannot write
what can optionally be done, nor can you simply say "run more tests" — you must
specify which cases still need to be tested.

This summary should be clear, actionable, and distilled from your reflection—focusing
on concrete problems and solutions without repeating all the details from the reflection.

## Output Format

<reflection>

[Your natural narrative reflection that includes: your accomplishments with round
numbers, assessment of your process, pending tasks, compression range selection with
rationale, and importance assessment of content within the selected range. End by
naturally stating which rounds you will compress.]

</reflection>

<start_round_number>
[integer]
</start_round_number>

<end_round_number>
[integer]
</end_round_number>

<compressed_content>
[Your compressed content for the selected range only]
</compressed_content>

<progress_summary>
[Your concise summary of issues with past steps and future action plan, extracted from
your reflection above]
</progress_summary>

Stage-2 Filtering Prompt: Compression Quality
Rubric prompt from stage-2 filtering for judging
whether a synthesized compression sample should

[What was done and why—focus on purpose and outcome]

— sxResults/Findings & Relevance:s
[Important discoveries or results (either preserve verbatim or summarize), with brief
note on why this information is/isn't still needed.]

</example>

— You can merge multiple adjacent rounds together to describe their content. If the
range to be compressed includes content that has already been compressed, you can
further expand the scope of the existing merges and appropriately reduce the
description of unimportant details.

— #xCRITICAL: Phase annotations is optional, but must strictly follow the Original
Conversation's phase declarations:s# When rounds are annotated with phase numbers (
e.g., "#xRounds 1-5sx (Phase 1)"), these phase labels MUST come from explicit
phase declarations in the Original Conversation. If the original text does not explicitly
mention phases, do NOT add phase annotations. Phase numbers should logically
increment (e.g., Phase 1, Phase 2, Phase 3) and should not appear out of order.

#%2. Apply compression based on importance level:ss

— #xNeed preserve verbatim:: Preserve verbatim with full context

— sxSummarize while retaining details==: Summarize results and keep key details that
are relevant to future steps

— #xCan compress heavily with key findings:+: Key results/findings or merge with
adjacent rounds

#x3. Content—specific handling:s

— #xCode files=x: Keep essential and problem-related sections, omit boilerplate code
or code comments containing lengthy but unnecessary explanations

— sxTest results=x: One sentence for all passing tests; for failures that are still relevant,
keep key error message

— sxError tracebacks+x: Keep entry point and actual error line, omit system library
paths and framework internal calls

— s«xRepetitive Content like list or grep results:#: Summarize directory contents
instead of listing every file, such as "Under " /testbed/src/docx/opc/” there are: part.py,
parts/, phys_pkg.py, pkgreader.py, pkgwriter.py. Under " /testbed/src/docx/oxml/*
there are: __pycache__, coreprops.py, document.py, drawing.py, exceptions.py"

#x4. Always exclude:sx

— Content outside your selected range

— Meta information in * <NOTE>" tags

— Explanatory text about the compression process in user message

#x5. Maintain continuity s

— No placeholders like "...rest remains the same..."

— Ensure compressed content flows naturally

— Preserve enough information so future rounds remain understandable

### Task 3: Progress Summary and Forward Planning

be kept.

You are judging whether a context—compression trajectory is a good training sample.
Only use the full trajectory below as evidence.

Judge these five conditions as true or false:
1. reflection_identifies_process_problem_and_future_fix_plan:

The reflection must identify real problems, weaknesses, mistakes, risks, or gaps in
the current problem—solving process itself, and it must propose how the later work
should change because of that. If the reflection only says progress is fine, a phase is
complete, tests passed, or that it wants to compress to save context, then this condition
must be false.

2. source_selection_is_good:

The selected compressed range is worth compressing. It should not be too short in
actual content volume. A small round span is still acceptable if the source itself is long
or dense, such as long logs or detailed debugging content.

3. compressed_content_preserves_source_critical_information:

The produced compressed content preserves the source—critical information for
this specific source range. Judge this relative to the actual source content: for logs,
preserving the key signals and conclusions may be enough; for analysis,
implementation, or verification rounds, the summary should preserve the technically
important facts needed for later continuation.
4. compression_plan_matches_actual_compressed_content:

This must be judged strictly. The pre—tool analysis, the claimed compression range,

and the actual compressed content must point to the same material. If the analysis

says it will compress one part but the result actually summarizes another part, or if the
summary mixes in out—of—range material, or if it omits the very material it said it
would compress, then this condition must be false.
5. future_plan_is_specific_and_actionable:

The future plan in the final parameter/progress—summary style content must be
concrete and actionable, not generic phase language. It should name specific next
checks or actions, such as running tests for a particular file/function/bug scenario,
checking a specific behavior, or verifying a specific risk. Generic statements like '
continue verification', 'move to the next phase', or 'keep working' are not enough.

Return strict JSON only with this schema:

{
"reflection_identifies_process_problem_and_future_fix_plan": true,
"source_selection_is_good": true,
"compressed_content_preserves_source_critical_information": true,
"compression_plan_matches_actual_compressed_content": true,
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"future_plan_is_specific_and_actionable": true,
"failed_conditions": ["..."],
"reason": "brief explanation"

}

If any condition is not satisfied, set it to false and name it in failed_conditions.
Do not output scores.

Full trajectory:
{sample.full_trajectory_rendered or '[EMPTY]'}

Stage-2 Filtering Prompt: Split Quality Rubric
prompt from stage-2 filtering for judging post-
compression trajectory quality.

You are judging whether this trajectory is a good training sample.

Judge these conditions as true or false:
1. no_bad_assistant_content:

Assistant messages should NOT be bad content such as obvious repeated output,
repetitive low—value text, malformed garbage, bizarre or corrupted characters, broken
formatting artifacts, or other clearly abnormal content that should not be learned.

2. post_reflection_actions_follow_future_plan:

After the reflection/compression user message, the later assistant actions should
substantially follow the future plan implied by that reflection and compressed
summary. It is okay if the agent adapts slightly, but it should not ignore the future plan
and jump to unrelated work.

3. no_unnecessary_repeated_actions_after_compression:

After the reflection/compression user message, there should NOT be clearly
unnecessary repeated actions caused by forgetting compressed context. For example, if
the earlier trajectory already established some file contents, logs, test results, or
conclusions, the later assistant should not redundantly redo the same file viewing,
same test runs, or same checks without a clear new reason.

Return strict JSON only with this schema:

{
"trajectory_type": "with_compressed_user_message",
"no_bad_unmasked_assistant_content": true,
"post_reflection_actions_follow_future_plan": true,
"no_unnecessary_repeated_actions_after_compression": true,
"failed_conditions": ["..."],
"reason": "brief explanation"

}

If any condition is not satisfied, set it to false and include it in failed_conditions.
Do not output scores.

Full trajectory:
{sample.rendered_trajectory or '[EMPTY]'}

B Experiment Details

B.1 Dataset Details

Training Data. We construct the SFT and RL data
from SWE-ReBench (Badertdinov et al., 2025) and
SWE-Gym (Pan et al., 2025). For SFT data syn-
thesis, we use Qwen3-Coder-30B-A3B-Instruct as
the base model and GPT-5.1 as the proprietary syn-
thesis model, perform three rollouts per problem,
and apply the filtering pipeline described in Sec-
tion 2.2.2. For fully correct problems, we keep
only one trajectory to avoid overweighting overly
simple instances. The resulting SFT data statistics
are summarized in Table 5.

For RL, we further construct a filtered non-
trivial subset from the same two sources. We first
run ground-truth evaluation and remove instances
whose reference patches fail the associated test
cases. We then apply best-of-n verification to re-
tain instances with intermediate pass rates so that
the RL training set avoids both trivially easy and

Statistic

Data size
Sample number 8,728
Unique problem number 5,867
Total sub-trajectory number 27,088
Avg sub-trajectories per sample 3.10
Compression
Avg tokens before 9,657.93
Avg tokens after 1,496.52
Avg ratio (%) 15.50

Table 5: Statistics for the SFT dataset.

completely intractable samples. This procedure
yields 2,194 training instances.

Evaluation Data. We evaluate on SWE-Bench-
Verified (Jimenez et al., 2024). We also evalu-
ate on SWE-Bench Multilingual, which extends
SWE-Bench-style evaluation to repositories in mul-
tiple programming languages, and SWE-Bench
Pro, which emphasizes more difficult long-horizon
issue-resolution tasks; for both benchmarks, we use
the full benchmark sets. In the evaluation environ-
ment, we remove future commits to avoid leakage
from unintended repository history. We report issue
resolve rate as the main evaluation metric.

B.2 Training Details

We use Qwen3-Coder-30B-A3B-Instruct and
Qwen3-4B-Instruct-2507 as the base models for
all experiments, adopt OpenHands as the agent
scaffold, and set the context limit to 32,768 tokens
throughout data collection, SFT, and RL.

Supervised Fine-Tuning. We train the SFT
models with the VeOmni framework (Ma et al.,
2025) using a global batch size of 128, a learning
rate of 2 x 10~°, a cosine learning-rate schedule,
and 3 training epochs. We then run a second-stage
curriculum tuning pass on the filtered proactive-
memory subset with learning rate 2 x 1076 for
1 epoch. For Qwen3-4B, we directly reuse the
training data collected by Qwen3-Coder-30B-A3B-
Instruct.

Reinforcement Learning. We train the RL mod-
els with the Verl framework (Sheng et al., 2025)
using a batch size of 64, 8 rollout samples per in-
stance, learning rate 2 x 1075, and 7=0.05, match-
ing the low-temperature setting used during tra-
jectory synthesis. We follow the DAPO clipping
setting (Yu et al., 2025) with clip low 0.2 and clip
high 0.27, and set the rollout temperature to 1.0.
We also enable R3 Rollout Routing Replay to mit-
igate training-inference inconsistency during RL,

29873



Method Base Model  Scaffold  Length Resolve Rate

ReAct Q3C-30B  OpenHands 256K 51.6
ReAct Q3C-30B OpenHands 32K 38.6
Context Folding-style workflow Q3C-30B  OpenHands 32K 54.6
SWE-Compressor-style workflow ~ Q3C-30B  OpenHands 32K 56.0
Threshold compression workflow ~ Q3C-30B  OpenHands 32K 56.6
SWE-MEM workflow Q3C-30B  OpenHands 32K 58.4

Table 6: Controlled workflow-level comparison under
the same backbone, scaffold, and context budget. Q3C-
30B is the abbreviation for Qwen3-Coder-30B-A3B.

and apply it only in the 30B RL training setting.
To control training cost, we set the max interaction
steps as 150 during RL. Error samples that exceed
this maximum step limit are filtered and masked
out during training. We do not use entropy reg-
ularization or KL-divergence penalties in the RL
objective.

C More Analysis

C.1 Controlled Comparison

To factor out differences in backbone, scaffold, and
context budget when comparing SWE-MEM with
prior memory-management workflows, we conduct
a controlled workflow-level comparison under the
same Qwen3-Coder-30B-A3B backbone, Open-
Hands scaffold, and 32K context budget. Table 6
shows that SWE-MEM achieves the best resolve
rate under the same experimental setting. Com-
pared with the 32K ReAct baseline, SWE-MEM
improves the resolve rate from 38.6% to 58.4%,
indicating that adaptive memory management sub-
stantially mitigates the performance drop caused
by a tighter context budget. Compared with Con-
text Folding-style, SWE-Compressor-style, and
Threshold compression workflows, SWE-MEM
still achieves higher resolve rates, which suggests
that the gain is not achieved only by using memory
compression, but also by the flexibility of agent-
decided triggers and agent-selected compression
spans.

C.2 Efficiency Analysis

We further provide a more detailed efficiency anal-
ysis, including the wall-clock time analysis and
detailed token usage analysis. As shown Table 7,
we find that SWE-MEM reduces total token usage
mainly by lowering input-context tokens, but this
does not lead to lower wall-clock latency because
memory actions add extra generation steps and con-
text rewriting can reduce cache reuse. Specifically,
it increases the wall-clock time by about 25.04%.
Meanwhile, we believe this overhead is not funda-

Method Input Tokens Output Tokens Total Tokens
ReAct baseline 956,513,704 8,426,394 964,940,098
SWE-MEM SFT, 150 steps 844,469,235 14,484,134 858,953,369
SWE-MEM SFT 898,055,458 15,742,814 913,798,272
SWE-MEM SFT+RL 897,105,327 15,607,387 912,712,714

Table 7: Input/output token details on SWE-Bench Ver-
ified. SWE-MEM reduces total token usage mainly
by lowering input-context tokens, while output tokens
increase because memory actions and more steps.

mental to the proposed method and could poten-
tially be reduced by combining SWE-MEM with
KV-cache optimization techniques such as position-
independent cache (Hu et al., 2025). We will ex-
plore these system-level optimizations in future
work.

C.3 Supervision-Source Analysis

We further conduct the analysis on the supervi-
sion source. Our training pipeline uses GPT-5.1
for proactive trigger judgment and memory tool
argument synthesis, so it is important to validate
whether the observed gains mainly come from
this proprietary teacher rather than from the pro-
posed adaptive memory-management workflow it-
self. Second, the 4B model reuses trajectories col-
lected with the stronger Qwen3-Coder-30B-A3B
model, so we also need to validate the benefit of
generic stronger model distillation.

To validate whether our gains mainly depend
on proprietary models, we replace GPT-5.1 with
the open-sourced DeepSeek-V3.2 model in the two
places where the teacher is used, including com-
pression trigger judgment and memory tool argu-
ment synthesis. We perform two kinds of compar-
isons. In the workflow comparison, we keep the
same 30B model and evaluation setting, and change
only the teacher model used to support memory
decisions. Table 8 shows that replacing GPT-5.1
with DeepSeek-V3.2 only reduces the workflow-
only resolve rate from 58.4% to 57.0%. We also
compared the SFT performance when using trajec-
tories collected by different teacher models. We
collect 3K trajectories with DeepSeek-V3.2 and
compare them against 3K randomly sampled GPT-
5.1 trajectories for a fair comparison. Under the
same data scale and Stage-1 training setting, we
find that using GPT-5.1 data reaches 35.6% while
using DeepSeek-V3.2 data reaches 33.8%. These
results indicate that proprietary model supervision
provides stronger signals, but data synthesis does
not necessarily have to rely on closed-source pro-
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Setting Teacher Model Size  Data Size  Resolve Rate

Workflow-only GPT-5.1 30B - 58.4
Workflow-only DeepSeek-V3.2 30B - 57.0
Base Model - 4B - 7.0
Stage-1 SFT GPT-5.1 4B 3K sampled 35.6
Stage-1 SFT DeepSeek-V3.2 4B 3K 33.8

Table 8: Teacher model ablation. Replacing GPT-5.1
with the open-source DeepSeek-V3.2 teacher causes
only a moderate drop.

Model / Training Setting Data Size  Resolve Rate
4B base model - 7.0
+ SFT on normal OpenHands trajectories 3K 32.8
+ SFT on SWE-MEM trajectories 3K sampled 35.6

Table 9: Ablation of the trained trajectories for the 4B
model.

prietary models.

To analyze the supervision source for the 4B
model more carefully, we construct two SFT
datasets using the same Qwen3-Coder-30B-A3B-
Instruct collection pipeline. The first dataset con-
tains 3k normal OpenHands trajectories without
memory compression, and the second samples
the same number SWE-MEM trajectories with
memory-management behavior. Table 9 shows that
distilling 3K normal OpenHands trajectories al-
ready improves the 4B model substantially, from
7.0% to 32.8%, confirming that distillation is impor-
tant. However, training with 3K SWE-MEM tra-
jectories further improves the resolve rate to 35.6%,
showing that the gain is not only achieved by
generic distillation alone and the adaptive memory-
management could contributes additional improve-
ment.

D Case Study

In this section, we present some cases on the mem-
ory management tool. We first show several ex-
amples of real memory management invocations,
and then illustrate several complete trajectories that
contain memory management actions.

D.1 Memory Management Action Examples

We show four real memory management actions.
Each box includes the short assistant rationale im-
mediately before compression and the complete
tool call. These four action examples do not over-
lap with the trajectory cases in the next subsection.

Example 1: Context-Budget Pressure. Instance:
django__django-11551-0. Step: 38.

[analysis]

So far in this trajectory I've gone from initial orientation to a concrete code change, but
the fix still isn't behaving as the issue description's "correct behaviour" example
promises. In round 1 I restated the problem and constraints. Rounds 2—7 (already
compressed) covered repo inspection and confirming this is a Django source tree with
tests and no " manage.py " . In rounds 8—14 I located * _check_list_display_item" in

* django/contrib/admin/checks.py *, inspected the current implementation, and then
used " git show" to compare it with the historical commit that broke the behaviour. By
round 22—-25 I had a small reproduction script (* simple_reproduce.py ) that
demonstrated * admin.E108" being raised for a * MockPositionField* —like descriptor.
In rounds 30--34 I added more debug scripts (* debug_reproduce.py ", *
debug_reproduce2.py ) to understand how " hasattr™, * getattr™, and * _meta.get_field
* behave for the descriptor. Finally in rounds 37--38 I reworked *
_check_list_display_item" again, aligning it more closely with the "correct behaviour"
snippet from the issue description.

Looking critically at the current solution, there are several issues. First, my
understanding of the root cause is broadly correct——the bug stems from the 28490—fix
that introduced a " hasattr(model, item)" guard that blocks * _meta.get_field(item)*
for instance—only descriptors—but I haven't yet achieved the desired behaviour. The
latest * _check_list_display_item" (round 38) now tries * _meta.get_field(item)" first,
falls back to * getattr(model, item)* on " FieldDoesNotExist ", and only errors if that
fails. However, my debug script in round 30 showed that * getattr(Thing, 'order’)"
raises * AttributeError: PositionField can only be accessed on model instances ", which
means my fix still ends up hitting the E108 path instead of treating this as a valid
callable/attribute. That indicates my logic conflates "no field at all" with "invalid
list_display entry"; the correct behaviour should treat anything callable or attribute—
like as valid, regardless of whether * _meta.get_field" finds a real Django field. So
Phase 5 is incomplete——my fix is still wrong relative to the issue's expectations.

Second, I haven't run any of Django's own tests yet; only my standalone scripts have
been executed. That means I have no assurance about regressions in the broader admin
checks or anywhere else that * _check_list_display_item" is used. There are no
skipped or abandoned failing tests; I simply haven't invoked the test runner at all,
which is an oversight relative to good practice. Third, my patch may be slightly less
minimal than ideal because it changes the control flow around * FieldDoesNotExist "
and " AttributeError™ in a way that might not perfectly mirror the historical behaviour,
but it is still localized to * _check_list_display_item" . The more serious problem is
that I haven't yet validated against the expected behaviour table in the issue description
; I've only checked that E108 still appears for the descriptor case.

Looking ahead, my pending tasks are clear. First, I need to refine *
_check_list_display_item" so that it truly follows the "correct behaviour" logic
described in the issue: treat any callable or attribute—like item as valid, and only treat it
as an error when neither * _meta.get_field(item)" nor " getattr(model, item)"
succeeds and yields something callable/attribute—like. That likely means treating the "
field found by * _meta.get_field" " and "field found by  getattr(model, item)" " as two
distinct success paths, not conflating them. Second, I must re—run * simple_reproduce.
py" to confirm that E108 no longer appears for the descriptor case, and adjust my
logic if it still does. Third, I need to run Django's own tests——specifically * python —-m
pytest tests/admin_checks/tests.py” and ideally some additional admin—related
modules——to ensure there are no regressions in existing admin checks. Only after
those tests pass will I be confident the fix is correct.

If I were handing these tasks to someone else who only saw a compressed trajectory,
they would absolutely need a few key pieces of information. To adjust *
_check_list_display_item", they need to know where it lives (" django/contrib/admin/
checks.py "), its current implementation (round 38), and the historical diff from
commit 47016adbf5 (round 14) showing how it was changed and why. They also need
the precise semantics of the bug: that a descriptor like * MockPositionField* (rounds
30--34) is not a Django field and thus * _meta.get_field(‘'order')" raises *
FieldDoesNotExist", but " getattr(Thing, 'order')" raises an " AttributeError” with a
specific message. They need my debug observations that " hasattr(Thing, 'order)" is
False and " hasattr(instance, 'order')" is True, plus instance access works (" instance.
order” returns 1). That's essential context for designing a correct fix. For running tests,
they need to know how tests are executed in this repo (no * manage.py ", use * python
—m pytest " ), and which test module is most relevant (" tests/admin_checks/tests.py " ).
For implementing the patch properly, they need the issue description's "correct
behaviour” function (quoted in round 28) and the expectations table; those encode how
different combinations of " hasattr(model, item)" and * _meta.get_field(item)" should
be interpreted.

Given those information needs, I should compress earlier exploratory rounds that don't
carry unique insights, while keeping verbatim the key code snippets, diffs, and
reproductions. The user has already compressed rounds 2——7; per the rules I can't
partially overlap that range, but I can extend around it. Rounds 8——14 are important:
they contain locating * _check_list_display_item", viewing its code, and showing the
historical diff from commit 47016adbf5. Those I should preserve with enough detail to
reconstruct what changed. Rounds 22—-25 are also important because they introduce
and run * simple_reproduce.py *, confirming the E108 error. Rounds 30—-34 contain
crucial debug outputs about how * MockPositionField" behaves——hasattr/ggetattr/
meta/getattr interactions——which are necessary for understanding why the current fix
fails. By contrast, rounds 16——21 are mostly directory browsing and an abandoned
attempt to create a huge settings dict; they can be heavily compressed. Similarly, some
of the intermediate thinking steps (e.g., round 26's meta—analysis) are useful but can
be summarized rather than preserved verbatim.

To balance context and efficiency, I'll compress rounds 16——21 into a concise merged
summary. These rounds include viewing parts of " tests/admin_checks/tests.py ", some
grep output for list_display tests, and an overly verbose attempt at creating a settings
configuration in " reproduce_issue.py " . The only truly important content there is that I
inspected " tests/admin_checks/tests.py " and saw how list_display checks are
structured; the rest (the huge INSTALLED_APPS list) is not needed later. So within
16—-21: the fact that tests exist and where list_display checks live should be
summarized; the long settings configuration dump can be heavily compressed; there's
nothing that needs to be preserved verbatim. That range is disjoint from the already—
compressed [2——7], doesn't touch the issue description or initial understanding in
round 1, and focuses on early exploration rather than core bug logic.
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So I will compress rounds 16 through 21 into a merged summary, keeping only the key
findings about test structure and discarding the noisy settings snippet.

[start_round_number]
16

[end_round_number]
21

[content]
#+Rounds 16——21 (Merged)=# —— Inspecting admin checks tests and first failed
reproduction attempt

— sxAction:

— Listed contents of " tests/admin_checks/" and opened " tests/admin_checks/tests.
py" to understand existing admin checks tests.

— Searched within that file for " list_display " usage.

— Attempted to create a standalone reproduction script (" reproduce_issue.py ") with
ahuge " INSTALLED_APPS" configuration to mimic Django's settings.

— sxResults/Findings & Relevance:s

— Confirmed that " tests/admin_checks/tests.py” contains various admin checks tests
, including ones around list_display and list_editable.

— Identified how list_display—related tests are structured (e.g., checking for E125
when fields are non—editable), which may be relevant for ensuring no regressions after
modifying * _check_list_display_item" .

— The initial attempt at " reproduce_issue.py " produced an extremely verbose
INSTALLED_APPS" list with many repeated postgres entries; this approach was
abandoned in favour of simpler, more focused scripts (" simple_reproduce.py ")
created later.

— These rounds mainly established where admin checks tests live; no unique
technical insights beyond confirming test structure were needed later. The long
settings configuration snippet is not required for future steps and can be safely omitted.

[remaining_work]

I've completed Phase 1 (understanding the issue), Phase 3 (locating relevant code and
history), Phase 4 (creating reproduction/debug scripts), and part of Phase 6 (
implementing a fix) in * _check_list_display_item" . The main outstanding issue is that
my current implementation still returns E108 for a descriptor—based field (like *
MockPositionField " ) because it treats any AttributeError from * getattr(model, item)*
as an invalid list_display entry, instead of recognizing that such descriptors are
acceptable when accessed via instances. I also haven't run Django's own tests at all, so
regressions are unverified.

Next steps are concrete: (1) refine * _check_list_display_item" in * django/contrib/
admin/checks.py" so that it follows the "correct behaviour" logic from the issue
description: treat any callable or attribute—like item as valid, and only error when both
* _meta.get_field(item)" and * getattr(model, item)" fail; this should be implemented
around lines 718--749 as shown in round 38. (2) Re-run " python simple_reproduce.
py" (from rounds 22—-25) to confirm that E108 no longer appears for descriptor—
based list_display entries such as " 'order'" . (3) Run at least * python —m pytest tests/
admin_checks/tests.py " to validate existing admin checks still pass with the new logic;
additional admin—related test modules may be run if time allows. The information
needed for these tasks——current implementation and diff (rounds 14 and 38),
behaviour of * MockPositionField" (rounds 30—-34), and test locations (rounds
16——21)——is preserved in the trajectory.

Example 2: Low-Density Exploration. Instance:
django___django-15382-0. Step: 40.

[analysis]

Up to this point, I've mostly been in the exploratory and reproduction phases rather
than actually fixing anything. Early on, in rounds 2—-3, I inspected the repo structure
and README to understand how Django tests are normally run. In rounds 6——11 I
experimented with various ways to invoke the test suite (pytest, * python —m django
test”, " tests/runtests.py " ) and discovered that pytest isn't available and Django's
normal test runner needs settings, so I switched to using " tests/runtests.py " as the
canonical entry point. In rounds 12—-15 I located the relevant code for * Exists* and *
EmptyResultSet® via " grep", opening  django/db/models/expressions.py ", * django/
db/models/sql/query.py ", and * django/db/models/sql/where.py ", which gave me a
good sense of where subqueries and WHERE clauses are handled. Rounds 16—-21
were focused on reading the * Exists® and * Subquery® implementations and the query
compiler's “as_sqgl" logic, including the * EmptyResultSet" handling in the WHERE
clause compilation. In rounds 22—-31 I dug into the compiler's WHERE handling and
existing tests around * EmptyResultSet™ and " Exists", confirming how empty/
Nothing nodes are treated. Finally, in rounds 33——39 I created a standalone
reproduction script " reproduce_issue.py ", iterated on its settings, and confirmed the
bug: a query with " ~Exists(MyModel.objects.none())" raises " EmptyResultSet”
when the compiler tries to render the WHERE clause.

Looking critically at what I've done so far, there are a few things to note. The issue
understanding is broadly correct: the problem is that a combination of a negated *
Exists® over an empty subquery and another filter (like * name="test'* ) causes Django
to raise * EmptyResultSet™ during query compilation, instead of generating a valid
SQL with a WHERE clause (or, at minimum, returning an empty result without
blowing up). I've confirmed this behavior with a minimal script in round 38--39, so
the root cause is not just inferred from tests; it's observed. However, I haven't yet
pinpointed the exact line or branch that decides to raise * EmptyResultSet" in this
particular case; I've identified the relevant areas (WHERE node compilation, * Exists.
as_sql", and " Subquery.as_sql" ) but not yet derived the minimal change that will fix
it. There were also several small dead ends: trying pytest directly (round 10), trying
the normal Django test command without settings (round 8), and overcomplicating the
reproduction script settings (rounds 33——37) before simplifying them. Those missteps
were harmless but somewhat verbose and not strictly necessary for the final fix.

In terms of minimality, I haven't touched any library code yet, so there's no risk so far
of over—broad patches or regressions. The only code changes are in the reproduction
script, which is not part of the library and is allowed. I also haven't run the project's
actual test suite yet (only via the reproduction script), so there is an outstanding step to
confirm that whatever fix I implement doesn't break existing tests. The reproduction
script itself is a good tool for manual verification but doesn't replace automated tests.

Looking ahead, the pending tasks are clear. First, I need to perform a more precise root
—cause analysis: for the specific scenario * MyModel.objects. filter(~Exists(MyModel.
objects.none()), name="test’) ", I must trace through how " Exists.as_sql* and *
Subquery.as_sql" interact with the WHERE node compilation, and identify exactly
where the logic decides that the whole WHERE is "empty" and raises *
EmptyResultSet " . That likely involves reading more of * where.py*'s * WhereNode.
as_sql” (especially around lines 79——105) and possibly how " Exists" is treated as a
boolean expression in that context. Once I understand that, I can propose a minimal
change: for example, ensuring that a negated " Exists"® over an empty queryset is
treated as a known predicate (such as returning * "0 =1"" for the WHERE clause
rather than raising * EmptyResultSet" ), so that the outer query remains valid and the
result is an empty set rather than an exception. After implementing that fix in " django/
db/models/expressions.py " or " django/db/models/sql/where.py ", I need to re—run my
reproduction script to verify that * gs.query.as_sql()" no longer raises
EmptyResultSet™ and that " list(qs)" returns an empty list. Then I must run targeted
tests: at minimum, the existing " ExistsTests* and any tests that mention *
EmptyResultSet” or WHERE—-node edge cases (e.g., in " tests/queries/tests.py and *
tests/expressions/tests.py * ). Depending on where the fix sits, I might also run a
broader subset of tests around queries or expressions.

If T were handing these pending tasks to another person who only sees a compressed
trajectory, they would absolutely need several pieces of information. For writing the
patch, they need to know the exact behavior we're trying to change: that * MyModel.
objects.filter(~models.Exists(MyModel.objects.none()), name="test')* currently raises
* EmptyResultSet™ when calling * gs.query.as_sql()", as demonstrated in round
38—-39. They also need pointers to the core code paths: the definition of * Exists® and
“ Subquery" in * django/db/models/expressions.py* (rounds 15——19), the query
compiler's *as_sql® method and its handling of * where" /" having" using *
EmptyResultSet™ (rounds 22—-23), and the WHERE node logic in " django/db/
models/sql/where.py " around lines 70——110 (rounds 26——28). For running tests, they
need to know that the canonical test runner is " tests/runtests.py” (round 11) and that
pytest is not installed, so they should rely on that script with appropriate module
arguments. For implementing the fix safely, they need context on how existing tests
around * EmptyResultSet” and WHERE-node handling behave (round 31), so they
can ensure they don't break those cases. Finally, they need awareness that the current
reproduction script exists at " /testbed/reproduce_issue.py* and what it currently prints
(round 39), so they can reuse or adapt it.

Given these information requirements, I should compress a range that is relatively
verbose but doesn't contain unique, irreplaceable insights. The early rounds where I
inspected the repo structure (round 2), read README (round 3), tried pytest (round 4),
attempted Django's test command without settings (round 8), and probed " tests/
runtests.py " help establish context but aren't crucial once we know that we use " tests/
runtests.py " as the test runner. The most important technical content for remaining
work lives in rounds 12——15 (locating " Exists* and * EmptyResultSet" ), round 19 (
Subquery), rounds 22—-23 (compiler's WHERE handling), rounds 26——28 (WHERE
node logic), rounds 31-—32 (existing tests), and rounds 38——39 (reproduction and
error trace). Those should remain largely intact. The rounds where I experimented
with pytest and generic Django test invocation are less critical now; they are mostly
trial-and—error steps with long command outputs that don't inform the fix.

Within my chosen range, some parts should be preserved verbatim: the error trace
from running * reproduce_issue.py " in round 38 is important because it pinpoints that
the exception arises in * where.py:99" during WHERE compilation; that exact
traceback will be useful when reasoning about how to adjust WHERE handling. The
fact that pytest is not installed (round 4) is also mildly important as context for why
tests are run via " tests/runtests.py *, but only needs a brief summary. Other content——
like directory listings from round 2, generic help output from * ——help® commands,
and long, repetitive attempts to use different test runners——can be heavily compressed
into short descriptions of "attempted X, failed because Y".

Given all of this, I'll compress rounds 2 through 11. That range covers initial
environment exploration and test—running attempts; it's not the very start (round 1 has
the issue description) nor the very end (rounds 12+ contain core code analysis). It's
also large enough to give a meaningful compression benefit while leaving later, more
fine—grained technical analysis intact for remaining work.

[start_round_number]
2

[end_round_number]
11

[content]
##Rounds 2—-3 (Merged):: —— Initial repo inspection and test instructions

— s Action: s

Listed the " /testbed” directory tree to understand project layout (saw Django source
under " /django", tests under " /tests”, docs, etc.) and opened * README.rst” to see
how Django tests are normally run.

— #xResults/Findings & Relevance:

Confirmed this is a Django checkout with extensive test suite under " /tests" .
README mentions running unit tests via docs but doesn't provide concrete
commands. This established that tests are centralized under " /tests ", but no specific
test invocation method was determined yet. The detailed directory listing is not needed
going forward; only the knowledge that Django's code is under " /django" and tests
under */tests” remains relevant.

sxRounds 4——5 (Merged)#: —— Attempted pytest usage
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— wxAction:sx
Tried running * python —m pytest ——version" from " /testbed" to see if pytest was
installed and usable.

— sxResults/Findings & Relevance:

Command failed with "No module named pytest," confirming pytest is not available
in this environment. This led to seeking an alternative test runner; the exact error
message is mildly relevant as justification for not using pytest later, but the full
command output is not needed.

#+xRounds 6-—8 (Merged)s# —— Django test command exploration

— sxAction:sks

— Ran * python manage.py ——help" (failed because there is no * manage.py " ).

— Attempted * python —m django tests.runtests —help" .

— Opened " tests/runtests.py " to see how tests are orchestrated.

— Ran a simple import to confirm Django works (" python —c "import django; print(
django.VERSION)"").

— #xResults/Findings & Relevance:

Discovered there is no standard Django project layout here (no * manage.py "), so
Django's usual test command can't be used directly. Running " tests/runtests.py —help
* showed that it sets up Django via " django.apps.apps.populate”, imports settings—
related modules, and defines a custom runner; this is exactly how tests are meant to be
run here. The Django version printed (" (4, 1, 0, 'alpha’, 0)* ) confirms we're working
against a specific Django version but isn't directly used later. The key takeaway is: use
* testbed/tests/runtests.py " as the main test entry point; detailed help output is not
needed.

#+Rounds 9-—10 (Merged)+: —— Attempted direct Django test command and pytest
again

— sxAction:

— Ran " python —m django test —help" (failed due to missing settings).

— Tried again with pytest on a single test file (* python —m pytest tests/queries/
test_query.py ...~ ) which failed because pytest is unavailable.

— #xResults/Findings & Relevance:

Confirmed multiple times that:

— The Django test command requires settings configuration or an environment
variable (* DJANGO_SETTINGS_MODULE" ) —— not trivial here without a project
layout.

— Pytest is not installed, so it cannot be used for running tests.

These attempts reinforce that we must rely on " tests/runtests.py " . The repeated
stack traces are not needed; only the conclusion matters.

#xRound 11:# —— Discovering " tests/runtests.py " usage

— sexAction:ssr
Ran " cd /testbed && python tests/runtests.py —help .

— sxResults/Findings & Relevance:s
Saw detailed help text for " runtests.py ", including options like *—v", * —failfast™,
*——settings ", " ——parallel*, * —k", and positional module arguments. This confirmed
that:
— Tests can be run via * python tests/runtests.py [options] [module ...]".
— There are several optional flags for controlling verbosity, parallelism, etc.

This information is important as a canonical way to run tests later, but the full help
text can be summarized as above without losing essential context.

[remaining_work]

I've completed Phases 1-—4 and part of Phase 5: I understood the issue, explored the
relevant Django code (" Exists”, " Subquery ", compiler, WHERE handling),
confirmed there's no pytest installation, learned that tests must be run via " /testbed/
tests/runtests.py *, and created a standalone reproduction script that demonstrates the
bug (" EmptyResultSet" raised when compiling a query with * ~Exists(MyModel.
objects.none()) " ). There are no incorrect library code changes yet——only exploratory
commands and a reproduction script——but I haven't yet found the precise root cause or
implemented a fix.

The main outstanding issues are: I haven't yet traced exactly where in * where.py™'s *
WhereNode.as_sql" logic it decides to raise * EmptyResultSet" for this specific
combination of filters; I also haven't run any of Django's own tests after a fix because
no fix has been applied yet. There were some minor inefficiencies earlier (trying pytest,
various test runner invocations) but those were corrected by standardizing on " tests/
runtests.py " .

Next steps:

1. sxDeep root—cause analysisss:

— Re—examine " django/db/models/sql/where.py ", especially the loop from lines
~79--105 where children are compiled and counts of "full" vs "empty" nodes
determine whether to raise or return an empty string (see context from round 27—-28).

— Trace how a filter like * ~Exists(MyModel.objects.none())" plus another filter (*
name='"test'* ) is represented in the WHERE node tree and why it ends up raising *
EmptyResultSet " .

— Cross—check this behavior with the existing tests in " tests/queries/tests.py " that
exercise WHERE—node empty/full handling (round 31) to ensure any fix preserves
those semantics.

2. #=Implement a minimal fixses:
— Based on that analysis, adjust either:
— " Exists.as_sql" / * Subquery.as_sql" in " django/db/models/expressions.py " (
rounds 15--19) so that a negated empty EXISTS behaves like a known false predicate
(e.g., *"0=1"") rather than triggering an exception; or
— The WHERE-node logic in " django/db/models/sql/where.py" so that when
all children are effectively "empty" but we're dealing with a negated EXISTS over an

empty queryset, we generate an always—false predicate instead of raising *
EmptyResultSet" .

— Ensure the patch is minimal and doesn't change behavior for non—empty EXISTS
or other WHERE—-node edge cases.

3. sxVerificationses:
— Re-run " /testbed/reproduce_issue.py" to confirm that:

— “gs.query.as_sql()* no longer raises * EmptyResultSet" .

— A query such as * MyModel.objects. filter(~models.Exists(MyModel.objects.
none()), name="test')" yields an empty result when evaluated (" list(gs)" returns an
empty list).

— Run targeted tests via * python tests/runtests.py " :

— At least all tests in modules that mention WHERE-node behavior or EXISTS
(" tests/queries/tests.py ", " tests/expressions/tests.py *, which were inspected around
rounds 31--32).

— Potentially an additional subset like all expression-related tests if needed.

All information needed for these steps——exact reproduction behavior and error trace——
is in round 38—-39; core code locations are in rounds 15-—19, 22—-23, and 26—-28;
and canonical test—running instructions are summarized from rounds 6—11.

Example 3: Subtask-End Consolidation.
Instance: sphinx-doc_ sphinx-9281-0.
Step: 46.

[analysis]

Looking back over this trajectory, the core debugging work is already complete. Early
on, in rounds 2—-7, T oriented myself in the repo, confirmed this is Sphinx 4.1.0, and
located the autodoc and util modules. In rounds 10—-18 I drilled into * sphinx/ext/
autodoc/__init__.py" and " sphinx/util/inspect.py ", using " grep" to find where
signatures are built and where default values are formatted. By round 18 I had
identified  stringify_signature” and its use of " object_description" as the key code
path for function signatures. In rounds 22—-23 I created a small reproduction script (*
test_enum_issue.py ) and demonstrated that " object_description(MyEnum.ValueA)*
produced * <MyEnum.ValueA: 10>, matching the user's reported behavior. In rounds
24--26 I analyzed the root cause and then implemented a minimal fix in * sphinx/util/
inspect.py " (round 26) by specialcasing enum attributes in " object_description” to
use " ClassName.ValueName" instead of " repr" . From rounds 27—-31 I verified that
this fix produced clean enum output and that nonenum behavior remained intact.
Finally, in rounds 32——45 I ran the relevant Sphinx test suites (e.g., " tests/
test_util_inspect.py ", " tests/test_ext_autodoc.py ", " tests/
test_ext_autodoc_autofunction.py ") and additional custom scripts to confirm the
change behaves correctly and doesn't regress other functionality.

Critically reviewing the solution, the understanding of the issue is correct: the problem
is not in autodoc per se but in how default values are rendered in signatures,
specifically via " stringify_signature® and * object_description " . The location is also
correct: " stringify_signature® calls " object_description(param.default)", and *
object_description” was using “repr()" for everything. The fix is minimal and
localized: a small conditional at the top of * object_description” that only changes
behavior for enum attributes, using the existing " isenumattribute” helper. I verified
behavior with direct calls to * object_description™ and " stringify_signature ", and with
real Sphinx builds (via simple integration scripts), so the root cause is not just inferred
from tests but validated by concrete outputs. There were no failing tests that I ignored;
when I hit a small issue in an adhoc integration script (round 36——37, where the
temporary module wasn't importable by Sphinx), I recognized it as an environment/
configuration problem rather than a regression from the fix and didn't treat it as a
blocker for the core change. I also didn't change any test files, per instructions. One
could argue that I could have added more edgecase tests for enums (e.g., enums with
string values, enums with custom * __repr__", etc.), but the existing tests plus my
custom scripts already cover regular enums, string enums, and the interaction with
signatures, which is sufficient for this issue. I don't see evidence of overbroad
modifications or behavior changes beyond what the issue describes.

At this point, there are essentially no pending technical tasks for fixing this bug: the
patch is in place, the relevant tests have been run and passed, and the behavior matches
the issue description. If I were to continue, the only remaining work would be
housekeeping: perhaps removing the adhoc helper scripts (" test_enum_issue.py ", *
test_comprehensive.py ", " test_final_verification.py ", " test_sphinx_integration.py ")
if this were a real PR, or adding a formal unit test under " tests/~ specifically for *
object_description” and enums. But the user explicitly said tests are already handled,
so those tasks are out of scope. If I were handing off to someone else to do such
followup work, they would need to know: (1) the exact change made to * sphinx/util/
inspect.py” (the new " isenumattribute” branch in " object_description™), (2) the
rationale for that change (ugly enum repr in signatures), (3) the exact behavior we
want (signature should display * MyEnum.ValueA" instead of * <MyEnum.ValueA:
10>"), and (4) where the relevant tests live and what they validate (" tests/
test_util_inspect.py" for inspect utilities, * tests/test_ext_autodoc.py" and related tests
for autodoc behavior). For running tests, they'd need to know that * pytest" is the test
runner and that the key suites are " tests/test_util_inspect.py " and the autodoc test
modules. For implementing any further fix, they'd need the context that *
stringify_signature” uses " object_description” for default values, and that *
isenumattribute” is already imported and defined in the same module.

Given that there are no substantial pending tasks, the main goal of compression is to
keep enough context for someone to understand what was changed and why, while
trimming redundant or lowvalue detail. The most important information to preserve
verbatim includes: the exact diff/patch to " object_description” (round 26/44), the key
code snippet showing how " stringify_signature® uses " object_description” (round
18), and at least one concrete demonstration of the pre and postfix behavior (e.g., the
output from " test_enum_issue.py " in round 23 and the final verification script in
round 39). These are crucial for understanding the root cause and validating the fix.
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On the other hand, there's a lot of content that can be compressed heavily. For example
, the initial directory listing and README inspection (rounds 2—-3), the repeated *
pytest —version" and " sphinx.__version__" checks (rounds 4—-5), and generic *
grep” searches that just confirmed where autodoc and inspect live (rounds 6, 10—13)
are not needed going forward. The multiple test runs that simply report "all tests
passed” (rounds 32, 33, 34, 35, 43) can be summarized briefly. Similarly, the creation
and execution of helper scripts like " test_comprehensive.py” and *
test_final_verification.py” (rounds 28—-31, 38——39) are useful for my own validation
but don't need to be preserved verbatim; their key findings (enum values rendered
cleanly, nonenum values unchanged, signatures correct) can be summarized. The
Sphinx integration script (* test_sphinx_integration.py " ) in round 36—-37 is
particularly noisy and not essential; the only important lesson is that Sphinx was able
to build successfully, even though that particular script had a module import issue (
which was unrelated to the fix).

With that in mind, the best range to compress is a midtolate segment where I'm mostly
running tests and confirming behavior after the fix is in place. I should avoid
compressing the very last few rounds where I reinspect the final patch (rounds
44—-45) and the final verification (round 45), because those are still useful as a
concise reference. I also want to keep the initial identification of the relevant code (
around rounds 10——18) more intact, since that's the reasoning trail that explains why
the fix is where it is. The most compressible region, balancing these constraints, is
roughly rounds 28——41: this is where I create multiple adhoc test scripts, run them,
and run various pytest invocations, much of which is repetitive confirmation. Within
that range, I'll preserve verbatim the essential behavioral observations (e.g., that *
object_description(MyEnum.ValueA)" now returns * MyEnum.ValueA" and that
function signatures look clean) but I can heavily summarize the creation and execution
of each helper script and the detailed stdout of the pytest runs.

So I will compress rounds 28 through 41, summarizing the creation and results of the
helper scripts and tests while preserving the key conclusions about enum rendering
and nonregression.

[start_round_number]
28

[end_round_number]
41

[content]
#xRounds 28——31 (Merged)* — Creating and running a comprehensive local
verification script

— s Action: s

I created * test_comprehensive.py " to exercise " object_description” and *
stringify_signature” across several scenarios: enums (* MyEnum", * AnotherEnum" ),
nonenum types (strings, ints, lists, dicts, sets), and functions with default values.
Initially I tried to include * enum.AutoEnum", which raised an " AttributeError*
because " enum.AutoEnum” doesn't exist in this Python version; I then removed that
part and reran the script.

— «xResults/Findings & Relevance: s

After fixing the script, running it showed:

— " object_description(MyEnum.ValueA)" and * object_description(AnotherEnum.
X)" both returned clean names like * MyEnum.ValueA" and * AnotherEnum.X",
instead of the verbose * <MyEnum.ValueA: 10>" style.

— Nonenum values (strings, ints, lists, dicts, sets) were still rendered in their
previous formats (e.g., “'test'>, “42°, “[1,2,3]%, " {'a" 1}°, *{1,2,3}").

— Function signatures were clean: for example, * (e: __main__.MyEnum = MyEnum.

ValueA) —> None" for the enum default case, and * (s: str = 'default’) —> None ", " (i:
int =42) —> None", " (Ist: list =[1, 2, 3]) —> None" for other defaults.

— " isenumattribute(MyEnum.ValueA)" returned " True", and " isenumattribute('not
an enum')” and isenumattribute(42)" returned  False® .

These results confirm that the new enum handling in " object_description™ works as
intended and that enum detection logic is correct. The detailed printouts are not needed
going forward; the key takeaway is that enums are now formatted cleanly and
nonenum behavior is unchanged.

#xRound 32:## — Running Sphinx's inspect util tests

— s Action:ser
I ran * python —m pytest tests/test_util_inspect.py —v" .

— sxResults/Findings & Relevance: s

All 38 tests in " tests/test_util_inspect.py” passed. This includes tests for *
object_description” behavior, " stringify_signature" , and other inspect utilities. The
only output was pytest's usual "PASSED" lines and some unrelated deprecation
warnings from external libraries. This confirms that the change to " object_description
* did not break any existing inspect behavior.

#+Rounds 33——35 (Merged)+#* —— Running autodoc tests

— sxAction:

Iran:

— " python —m pytest tests/test_ext_autodoc.py —v —k "test_" | head -30" to get a
subset of autodoc tests.

— " python —m pytest tests/test_ext_autodoc_autofunction.py —v | head —20" to
focus on autofunction behavior.

— " python —m pytest tests/test_ext_autodoc.py::test_format_signature —v" to
specifically test signature formatting.

— sxResults/Findings & Relevance:s

All selected tests passed. This indicates that the change to " object_description™ has
not interfered with autodoc's signature handling. The exact test names and "PASSED"
lines are not crucial; what matters is that autodoc's signature formatting tests, which
rely on inspect utilities, still pass, reinforcing that the fix is compatible.

#+Rounds 36——37 (Merged)+* —— Attempted Sphinx integration via temp build

— sxAction:s

I created " test_sphinx_integration.py*, which:

— Writes a temporary " test_module.py " containing an enum and a function with an
enum default.

— Writes a minimal " conf.py" and " index.rst" .

— Builds HTML using * Sphinx" (with * buildername="html"" ) and attempts to
inspect the generated " index.html” for enum representations.

— #xResults/Findings & Relevance:

Sphinx successfully built the HTML with a warning:

— * WARNING: autodoc: failed to import module 'test_module'; the following
exception was raised: No module named 'test_module'*

The script then printed the HTML content (first 2000 chars) and tried to search for
enum values in the generated HTML. The important lesson is that the Sphinx build
itself succeeded (including autodoc), but the test script's approach to importing *
test_module” was flawed (the module wasn't on the Python path), so the integration
test isn't a reliable signal for the fix. The detailed HTML output is not needed; the key
is simply that Sphinx built successfully, indicating the core integration is fine despite
the adhoc script's limitations.

+xRounds 38——39 (Merged):: — Final verification script and confirmation

— s Action: s

I created " test_final_verification.py ", which:

— Defines a * MyEnum" enum and " ugly_enum_func(e: MyEnum = MyEnum.
ValueA) —> None " .

— Asserts that * object_description(MyEnum.ValueA)" returns * MyEnum.ValueA"
and that * stringify_signature(sig)" contains * MyEnum.ValueA" but not * <MyEnum.
ValueA: 10>".

— Tests several enum scenarios (* Color.RED", " Color.GREEN", " Status.
PENDING", " Status. RUNNING ") to ensure they render as ~ Color.RED", etc.

— Verifies that nonenum values (string, int, list, dict, set) are still rendered in their
original formats.

— =xResults/Findings & Relevance:s:

Running * python test_final_verification.py " produced:

— For the exact issue scenario, * MyEnum.ValueA object_description: MyEnum.
ValueA" and the function signature * (e: __main__.MyEnum = MyEnum.ValueA) —>
None" (with no ugly * <MyEnum.ValueA: 10>").

— Enum tests showing " Color.RED —> Color.RED" etc., confirming consistent
formatting.

— Nonenum tests showing " 'string'>, “42%, *[1, 2, 3]", " {'key": 'value'} ", “ {1, 2,
3}" as before.

All assertions passed and the script ended with "ALL TESTS PASSED! The fix is
working correctly."

This script succinctly captures the expected behavior after the fix and is a good
summary of the final verification. The exact printout is not critical beyond confirming
that the clean enum representation is present and the old ugly format is absent.

s#Round 40s# —— Attempting a filtered inspect test run

— s Action: s
Iran * python —m pytest tests/test_util.py —v —k "inspect" ——tb=short" .

— #xResults/Findings & Relevance:s

All tests in " tests/test_util.py " were deselected by the * —k "inspect”"" filter, so
nothing actually ran; only the "selected 8 items / 8 deselected" message appeared. This
is not informative for the fix and can be safely ignored.

sxRound 41 — Quick sanity check of enum helpers

— sxAction:#x
I ran a small inline Python snippet:
— Defined " TestEnum(enum.Enum)* with * VALUE=1".
— Imported " object_description” and " isenumattribute” and printed their results for
* TestEnum.VALUE" .

— =xResults/Findings & Relevance:s:

The output was:

— "isenumattribute TestEnum.VALUE: True®

— " object_description TestEnum.VALUE: TestEnum.VALUE®

— "All basic tests passed!"

This confirms that the new enum branch in " object_description* works as intended
for a simple enum, and that " isenumattribute correctly identifies enum attributes.
This is a concise sanity check and doesn't add new insights beyond what was already
confirmed by " test_final_verification.py " .

[remaining_work]

I have completed all the main phases: I understood and restated the problem, explored
the repository and located the relevant code paths (" stringify_signature* and *
object_description” in * sphinx/util/inspect.py * ), created a reproduction script to
demonstrate the ugly enum repr, implemented a minimal fix to specialcase enum
attributes, and then verified the change with both custom scripts and the existing
Sphinx test suites. I also checked integration via a Sphinx build and confirmed that no
tests were left failing or skipped for the core functionality.

In reviewing my work, I don't see unresolved mistakes or oversights: the issue
understanding is correct (ugly enum repr in function signatures), the fix is applied at
the true root cause (default value formatting via " object_description ), and I verified
behavior after the change. The only "failure" encountered was an adhoc integration
script that failed to import a temporary module, which is an environment issue rather
than a regression from the patch and does not affect the code change itself. I did not
modify any test files, as required, and the patch is minimal and focused. I also ran the
key tests for inspect utilities (" tests/test_util_inspect.py ") and autodoc behavior (*
tests/test_ext_autodoc.py ",  tests/test_ext_autodoc_autofunction.py "), all of which
passed.

There are no mandatory technical tasks left to complete this issue. If I were to extend
the work, the next concrete steps would be:
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1. Optionally add a formal unit test under " tests/" that specifically asserts *
object_description(MyEnum.ValueA) == "MyEnum.ValueA"" and that *
stringify_signature” for a function with an enum default yields the clean
representation (this would use the behavior already validated in *
test_final_verification.py" from rounds 38——39).

2. Optionally clean up or remove the adhoc helper scripts (" test_enum_issue.py ",
test_comprehensive.py ", " test_final_verification.py ", " test_sphinx_integration.py )
if this were a real PR, relying instead on the official test suite.

The information needed to perform any such followup is: the exact patch to *
object_description” (round 26/44), the role of " stringify_signature® in formatting
defaults (round 18), and the behavioral expectations validated by the helper scripts (
compressed rounds 28—-39, especially the outputs showing clean enum rendering and
nonregression for other types). No further bugfixing steps are currently necessary; the
issue is resolved and wellverified.

relevant to designing the patch. Rounds 51—-54 are mostly thought—tool calls and yet
another reproduction script (* test_exact. e.py " ); the essential insight is that the
bug is reproducible and tick labels behave as described, but the script itself can be
summarized. Rounds 56——60 are important test runs and should be kept verbatim.

So the best compression candidate is rounds 29——40. This range doesn't overlap the
already—compressed 2——28, covers a substantial chunk of tokens, and is mostly
exploratory scripts and outputs. Within 29—-40, some content needs to be preserved
more carefully: the fact that * reproduce_issue.py" and  reproduce_issue2.py" show
tick labels appearing after " clear()" (even if the exact outputs aren't needed), and that
*test_visual_issue.py" confirms the behavior difference between "with clear” and "
without clear" plots. The detailed printouts of tick label counts and texts can be
summarized while retaining the key findings. The exact code of those scripts can be
heavily compressed, since I've already internalized their purpose and behavior and can
reconstruct them if needed. No critical stack traces or error messages appear in these
rounds; they're mostly stdout and file creation.

Therefore, I will compress rounds 29—-40 into a merged summary that preserves the

Example 4- Critical_lssue Refocusing Instance. important conclusions (bug reproduced in this repo, behavior differs from 3.4.2 but

matplotlib__matplotlib-20826-0.
Step: 65.

[analysis]

So far in this trajectory, I've moved through understanding, exploration, and early
verification. In round 1 I restated the issue and constraints. Rounds 2——28 (now
already compressed by the user) covered initial repo inspection and locating the key
code paths: * Axes.clear”/” Axes.cla” in " lib/matplotlib/axes/_base.py" and " Axis.
clear® in " lib/matplotlib/axis.py ", plus the shared—axis machinery using * _sharex",

* _sharey", * _shared_axes", and " cbook.Grouper" . In rounds 29——40 I created
several small reproduction/debug scripts (" reproduce_issue.py ", * reproduce_issue2.
py", reproduce_issue3.py ", " test_visual_issue.py" ) to observe behavior with  clear
()" and shared axes, and confirmed that in this older Matplotlib (1.3.1) the behavior is
different from the reported 3.4.2 bug but still shows tick—label issues. In rounds
46—-50 and 61-—62 I dug deeper into " Axes.cla”, " sharex", “sharey", and tick
labels, and in rounds 57——60 I ran the project's existing tests, including those around *
cla®, shared axes, and autoscaling, all of which currently pass. In rounds 61-—62 I
wrote " debug_tick_visibility.py" to compare tick label counts and visibility before
and after " clear()" on a 2x2 shared grid and saw that after " clear()" all axes
incorrectly show xtick labels, whereas before " clear()" the expected pattern is that
only the bottom row shows them.

Looking critically at the current state, there are several gaps. First, I haven't
implemented any fix yet; the code is still at the exploratory/debugging stage. Second,
my understanding of the root cause is still incomplete: I've identified that * Axes.cla®
calls * Axis.clear()" on the x/y axes and then re—invokes " sharex* /" sharey ", but I
haven't yet demonstrated conclusively how this leads to tick labels being shown when
they should be hidden. I have strong evidence that the bug is real and reproducible in
this repo (round 62), but I haven't tied that to a specific line in the code that changed
between 3.4.1 and 3.4.2. Third, I haven't run the full test suite; I only ran " test_axes.py
* with specific *—k" filters, and those all passed, which is good but doesn't guarantee
that the specific shared—axis tick—label behavior is covered by tests. Fourth, I haven't
yet checked whether any tests have been added specifically for this issue (the user said
tests are already updated, but I only ran a subset). Finally, I haven't yet designed and
applied a minimal patch——no changes to library code have been made——so all of my
analysis is theoretical so far.

Going forward, the pending tasks are clear. I need to (1) pinpoint the exact root cause
in the code: likely in * Axes.cla® or in the shared—axis helper logic (e.g., * sharex™ /*
sharey " or " Grouper" ) that controls tick—label visibility; (2) design a minimal fix that
restores the 3.4.1 behavior after * clear()® on shared axes, ensuring that labels on "
edge" axes (top row, right column) remain hidden; (3) implement that patch in the
appropriate non—test file (likely in " axes/_base.py" and/or " axis.py " ); (4) re—run the
reproduction scripts (" test_tick_visibility.py ", " debug_tick_visibility.py ", and the
bug-report—style script I haven't yet created) to verify that the bug is fixed; and (5) run
the relevant tests again, especially * lib/matplotlib/tests/test_axes.py " and perhaps any
new tests the user added for this issue, plus maybe " test_ticker.py " if they touch tick
behavior. I also need to consider edge cases: non—shared axes should still behave as
before, and clearing and re—plotting should not affect limits or inversion flags.

If T were to hand these tasks off to another person who only sees a compressed
trajectory, they would absolutely need some specific information. To write the patch,
they must know the current behavior of * Axes.cla® and * Axis.clear” (rounds 8——15
and 46—-48), the semantics of * _sharex”, * _sharey", * _shared_axes", and * Grouper
* (rounds 16——23 and 63), and the observed behavior from " debug_tick_visibility.py
* (round 62) that shows tick labels incorrectly appearing after " clear()” on a 2x2
shared grid. They also need to know that all existing tests in " test_axes.py" pass (
rounds 57——60), so any fix must preserve that. For running tests, they need to
understand which tests are relevant: the shared—axis tests and the “cla” tests in *
test_axes.py " (round 59). For implementing the fix, they need to know the exact
reproduction scenario: " plt.subplots(2, 2, sharex=True, sharey=True)" followed by *
ax.clear()* and " ax.plot(x, y)* (rounds 54, 61-—62). For edge cases, they need
awareness that non—shared axes and inversion behavior are already covered by existing
tests (round 59).

Given these information needs, I should compress a range that mostly contains
exploratory scripts and outputs whose detailed content isn't essential, while preserving
the key discoveries and code snippets. The user already compressed rounds 2—-28, so
that's off-limits for partial overlap. The later rounds (57—--65) are still active and I
want to keep them as—is for now since they contain test runs and the latest *
debug_tick_visibility.py " output. The mid-range rounds 29——40 are heavy on ad-hoc
scripts (" reproduce_issuex.py ", " test_visual_issue.py ") and their outputs, which
were useful at the time but don't need to be preserved verbatim; the main lessons from
those runs are already captured in my reasoning. Rounds 41—45 contain some direct
code viewing (" sharex" /" sharey "), but those snippets are short and still relevant, so I
prefer to keep them uncompressed. Rounds 46——50 include a large " cla()" dump and
“sharex " /" sharey® dumps; I'd like to preserve those verbatim because they're directly

still wrong) and omits the verbose script bodies and console outputs.
[start_round_number]

29

[end_round_number]

40

[content]

sxRounds 29-—40 (Merged)#: — Exploratory reproduction scripts and initial
observations

— sk Action: s
Created several standalone Python scripts in " /testbed” to reproduce and inspect the
* clear() " /shared—axes behavior:

— “reproduce_issue.py" and " reproduce_issue2.py" (rounds 29—-32): used " plt.
subplots(2, 2, sharex=True, sharey=True)" with " ax.clear()" followed by " ax.plot(x,
y)" and printed/inspected axis visibility and tick label counts.

— “reproduce_issue3.py" (round 33——34): compared plots with and without " clear
()" and printed internal state (* _sharex® arey ", visibility).

— " debug_shared_axes.py" (round 37--38): probed tick counts and axis visibility
before/after plotting and after " clear()" on a shared 2x2 grid.

— “test_visual_issue.py" (round 39—-40): created simple 1x2 and 2x2 subplot
layouts, saved images, and printed tick label texts and counts.

— #+Results/Findings & Relevance:s:

— All these scripts confirmed that in this repository (Matplotlib 1.3.1) the behavior is
different from the 3.4.2 bug report but still incorrect: after * ax.clear()" on shared axes
, tick labels and tick counts behave oddly, and the visual appearance includes
unwanted ticks and labels.

— Detailed console output (exact tick label texts, counts, and paths) is not needed
going forward; the key takeaway is that " clear()" on shared axes causes tick labels to
appear or change behavior in ways that should not occur.

— The scripts were useful for initial diagnosis but are not required to be preserved
verbatim; their main contribution is the confirmation that the bug is reproducible and
that tick label behavior is affected by " clear()" on shared axes.

[remaining_work]
I have completed the early phases: understanding the issue (Phase 1), basic
environment and test setup (Phase 2), exploration of relevant code (* Axes.clear”/*
Axes.cla”, * Axis.clear”, shared—axis machinery) and creation of several reproduction
/debug scripts (Phase 3 and 4), and partial test execution (Phase 2/7) with * pytest®
runs on " test_axes.py " focused on shared axes and " cla” . I have also started Phase 5
by analyzing the behavior of * Axes.cla®, " sharex /" sharey", and tick labels, and by
confirming the bug with " debug_tick_visibility.py" (round 62), which shows that after
“ax.clear()® on a 2x2 shared grid, all axes incorrectly display xtick labels while only
the bottom row should show them.

There are still unresolved issues: I have not yet pinpointed the exact root cause in the
code, have not implemented any fix, and have not run the full test suite or any newly
added tests for this issue. I haven't validated that a future patch will not regress other
behaviors (like axis inversion or non—shared axes). The main gap is that my analysis is
still conceptual; I know that * Axes.cla® calls * Axis.clear()" and then re—invokes *
sharex " /" sharey ", but I haven't yet proven how that leads to tick labels not being
hidden after " clear()" .

Next, I will: (1) revisit the code in " lib/matplotlib/axes/_base.py* and " lib/matplotlib/
axis.py " (notably * Axes.cla®, * Axis.clear", " sharex", "sharey", and tick label
visibility logic, as examined in rounds 46——48 and 65) to identify the precise
mechanism that should hide tick labels on shared axes after " clear()" ; (2) design a
minimal patch that restores the 3.4.1 behavior (e.g., by ensuring tick label visibility is
reset or re—applied correctly when axes are re—shared in *cla”, or by adjusting how *
Axis.clear” interacts with shared axes); (3) implement this patch in the appropriate
non—test files (likely " axes/_base.py” and possibly " axis.py " ); (4) re—run the key
reproduction scripts " test_tick_visibility.py" and * debug_tick_visibility.py" (rounds
47-—-48 and 61--62) to confirm that after " clear()" on shared axes, tick labels appear
only on the correct axes; and (5) re—run the relevant tests in * lib/matplotlib/tests/
test_axes.py " (rounds 57-—60) and any new tests the user added for this issue, plus
consider running " test_ticker.py " if it touches tick behavior, to ensure no regressions.

D.2 Trajectory Examples

We present examples of complete trajectories.
Here, a segment represents a continuous sequence
of issue resolution operations without memory
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management.

Case A: scikit-learn-14087-0. This
case progresses from reproduction to diagnosis and
then broad regression testing.

* Segment 1.

— Understand the issue and confirm the en-
vironment is usable.

— Inspect logistic.py to locate the
relevant LogisticRegressionCV

path.
— Build an initial reproducer and
debugging scripts to expose the

refit=False failure.

* Memory Management 1. It compresses
the early setup, code reading, and first
reproducer/debug-script ~ attempts  from
rounds 5-23.

* Segment 2.

— Revert to the original failing state and
compare candidate fixes more carefully.

— Trace the exact branch behavior for bi-
nary versus multinomial handling.

— Add targeted debugging around the
implementation to isolate where the
shape/index assumption breaks.

* Memory Management 2. It compresses the
detailed diagnosis work from rounds 24-33,
including branch tracing, reverting to the origi-
nal failing state, and isolating the exact failing
path.

¢ Segment 3.

— Check that the main fix resolves the orig-
inal issue.

— Probe multinomial and refit=True
cases to ensure the patch is not too nar-
row.

— Run focused logistic-regression tests
from the upstream suite.

* Memory Management 3. It compresses the
targeted validation stage from rounds 34-54,
including reproducer re-checks, multinomi-
al/refit probes, and focused logistic-regression
tests.

* Segment 4.

— Add a more comprehensive verification
script covering multiple scenarios.

— Run broader logistic test subsets and
exact-issue checks.

— Finish after the regression suite confirms
that the fix generalizes cleanly.

Case B: astropy astropy-13579-0.
This case shows a non-monotonic summary order.
In raw tool-call order, the agent first compresses a
mid-trajectory reproduction block, later goes back
to compress the earlier setup block, and only then
summarizes the subsequent diagnosis block.

* Segment 1.

— Understand the sliced-WCS bug, confirm
the Astropy environment, and locate the
relevant wcsapi files and tests.

— Build the first full reproduction attempts
with high-level coordinate helpers.

— Discover that these attempts introduce
unnecessary frame-resolution complica-
tions.

* Memory Management 1. It compresses
rounds 16-25, not the initial prefix. The
compressed content is the first full repro-
duction attempt, including failed detours
through wcs_to_celestial frame,
SkyCoord, and related frame machinery.

* Segment 2.

— Rewrite the reproducer around the low-
level WCS API.

— Confirm that the sliced WCS returns an
enormous first pixel coordinate.

— Keep the older repo/setup context in full
while the current debugging thread re-
mains focused on reproduction quality.

* Memory Management 2. It compresses
rounds 1-15, so the raw range moves back-
ward. The compressed content is the earlier
issue restatement, environment checks, file-
location search, and initial code reading that
had remained uncompressed after Summary
1.

* Segment 3.

— Inspect sliced_wcs.py and instru-
ment the internal slicing state.
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— Trace how dropped world dimensions are

represented.

— Narrow the bug to how
world_to_pixel_values re-
constructs the full input tuple for the
underlying WCS.

* Memory Management 3. It compresses
rounds 26-45. The compressed con-
tent is the clean bug-confirming repro-
ducer together with the diagnosis around
dropped spectral-dimension handling inside
world_to_pixel_values.

* Segment 4.

— Finalize the patch and run targeted WCS
tests.

— Add a final verification script for the
original scenario and nearby sliced-WCS
checks.

— Finish without reopening the earlier
frame-related detours.

Case C: django__django—-12193-0. This
case gives a compact example of progressive re-
compression. The second summary does not start
from a new boundary; instead, it re-compresses
the already summarized rounds 3—10 block while
extending the range forward to rounds 3-21.

* Segment 1.

— Probe the Django environment and try
the usual test entry points.

— Confirm that pytest, manage.py,
and python -m django.test are
not the right way to run this case here.

— Narrow the setup plan to standalone ver-
ification scripts plus direct code inspec-
tion.

* Memory Management 1. It compresses
rounds 3-10. The compressed content is the
early environment probing, failed test-entry
attempts, and the conclusion that the standard
test entry points are unavailable in this setup.

¢ Segment 2.

— Locate SplitArrayField and the
relevant widget code.

— Read through the widget context path
and nearby checkbox handling.
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— Connect the earlier setup findings to the
Boolean-field rendering path.

* Memory Management 2. It compresses
rounds 3-21, further compressing the al-
ready summarized rounds 3-10 block and
extending the range to cover the later
SplitArrayField code inspection and
widget diagnosis.

* Segment 3.

— Finish after the final verification scripts
confirm that the checkbox-attribute be-
havior matches the expected rendering
logic.

— End without reopening the -earlier
environment-probing steps as separate
context.



