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Abstract

Most coding agent training methods judge the
quality of demonstrations based on their final
outcome, such as execution results or rubric
scores. However, we observe that the effec-
tiveness of training also substantially depends
on how the demonstrations achieve the results.
Previous work has manually made hypothe-
ses about which demonstration behaviors in-
fluence the performance. To find such influ-
ential behaviors for Coding Agent Training
more efficiently, we present CATRADAR, an
analysis method to automatically discover can-
didate behaviors by defining, extracting, and
comparing the behaviors of different trained
agents. CATRADAR enables us to find behav-
iors that are influential to at least one model, in-
cluding specific repo-exploration strategies, the
planning and verification patterns, and the ver-
bosity of the reasoning text. Our insights also
translate to performance gains by various meth-
ods, including data selection, agent step synthe-
sis, and behavior-conditioned rollout. Results
show that our agent step synthesis method im-
proves Qwen3-8B’s resolved rate from 11.6%
to 17.6% on SWE-Bench Verified.

1 Introduction

Agents have been trained to be effective in diverse
real-world coding applications (Miindler et al.,
2024; Zhao et al., 2025). Existing research im-
proves coding agent post-training by constructing
scalable environments (Pan et al., 2025; Yang et al.,
2025b), designing training methods (Wei et al.,
2025; Song et al., 2026), and synthesizing training
signals (Wang et al., 2026; Sun et al., 2026). Most
of them still derive training signals based on the fi-
nal outcome of the demonstrations, which is either
obtained by execution in sandbox environments or
simulated with manually-designed rubrics (Wang
et al., 2026) or LLM judges (Sun et al., 2026).
However, we observe that even when we only
use successful rollouts as demonstrations in train-
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Figure 1: To find demonstration behaviors that affect the
effectiveness of training, (left) prior works rely on hu-
man experts to manually make hypotheses, while (right)
CATRADAR narrows down the search space by auto-
matically discovering candidate behaviors by extracting
and comparing the behaviors of different trained agents.

ing, the exact behaviors reflected in the demon-
strations also substantially affect the performance
of the trained model. We conduct a preliminary
study under the setting of distilling a student model
from the teacher’s successful rollouts. As shown
in Figure 2, on the same set of training instances
and for a fixed student model, distilling from dif-
ferent teachers leads to substantially different per-
formance. Although they all successfully solve
the task, the teacher models may apply different
problem-solving strategies, use different tools, and
generate concrete actions with different patterns.
We thus would like to answer the question: what
are the demonstration behaviors that affect cod-
ing agent training performance? Existing research
presents manually defined rubrics on agent behav-
iors and empirically examines their impact on train-
ing (Yang et al., 2026; Wang et al., 2026; Xie et al.,
2026). However, the space of coding agent behav-
iors is vast and open-ended, ranging from high-
level problem-solving strategies to low-level tool-
use patterns. The influence of a behavior could also
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Figure 2: Across different training sets, on the same sets
of task instances, successful demonstrations generated
by different teacher models lead to substantially differ-
ent performance, and higher teacher performance does
not necessarily transfer to better student performance.

vary across training configurations and base mod-
els. Manually enumerating behavioral hypotheses
lacks scalability and human expertise may be lim-
ited to specific experimental settings.

In this paper, we present CATRADAR, an auto-
matic analysis method to efficiently discover can-
didate behaviors in training demonstrations that
could potentially affect Coding Agent Training
performance. We leverage an LLM agent to au-
tomatically define, extract, and compare the be-
haviors of coding agents trained on different data
sources that have different performances. We only
keep candidate behaviors that are well-defined and
can distinguish the two agents we compare. After
CATRADAR narrows down the search space of be-
haviors, we examine the impact of those candidate
behaviors through controlled interventions on the
presence of each behavior in the training data.

We apply CATRADAR to 8§ teacher models and
3 student models for two training tasks: R2ZEGym
(Jain et al., 2025) and Hybrid-Gym (Xie et al.,
2026). Guided by CATRADAR, we examine the
impact of 10 behaviors of coding agent demonstra-
tions and 7 of them are shown to positively affect
at least one model’s performance. As shown in Fig-
ure 1, such influential behaviors include specific
repo-exploration strategies, planning and verifica-
tion patterns, and the verbosity of reasoning text.

Furthermore, we demonstrate that finding such
influential behaviors can lead to actual performance
gains by various methods, including data selection,

agent step synthesis, and behavior-conditioned roll-
out. For instance, we demonstrate that data selec-
tion based on the repo-exploration strategies we dis-
cover improves all three student models on SWE-
Bench Verified (Jimenez et al., 2024) (e.g., improv-
ing the resolved rate of Qwen3-8B from 4.8% to
11.6%). We also discover that simply adding 4
LLM-synthesized planning steps to each demon-
stration improves the resolved rates of all three stu-
dent models (e.g., improving Qwen3-8B’s resolved
rate from 11.6% to 17.6%).

2 Analysis Method: Discovering
Influential Behaviors of Demonstrations

Figure 2 shows that coding agents trained on
demonstrations produced by different models can
achieve different performances, but the success
rates of the demonstrations cannot explain the per-
formance gap. We hence hypothesize that there
exist a set of properties of how the final results
are achieved that account for the performance gap,
which we denote as influential behaviors. Identify-
ing such behaviors is challenging because the space
of coding agent behaviors is vast, spanning from
high-level problem-solving strategies to low-level
implementation details. In this section, we first
present CATRADAR (§2.1) to automatically nar-
row down the space of candidate behaviors by dis-
covering the different behaviors of coding agents
with different performances. We then conduct con-
trolled data intervention experiments (§2.2) to em-
pirically examine the impact of the candidate be-
haviors we discovered. We released the code of the
CATRADAR framework and all the data interven-
tion experiments we designed.

2.1 CATRADAR: Automatic Candidate
Behavior Discovery

Figure 3 shows the overview of CATRADAR.

Rollout and Discover Distinguishing Behaviors.
We run two coding agents on the same set of task
instances and provide their trajectories, paired by
instance, to a discovery agent (e.g., Claude-Opus-
4.7). We prompt the discovery agent to discover
different behaviors between the two agents, where
each behavior is defined by a judge metric that
specifies a rule for computing either a numerical
or a categorical value for each trajectory. Table 1
presents examples of behaviors and their associated
judge metrics. We only retain the behaviors with a
well-defined judge metric that can either be com-
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Figure 3: Overview of the CATRADAR automatic behavior discovery framework (§2.1). We run two trained coding
agents on the same task instances, use a discovery agent to propose behavioral differences with a well-defined judge
metric, and verify the distinguishability of each behavior by fitting a logistic regression.

puted by a deterministic script or scored by an LLM
judge with high consistency. Both are generated by
the discovery agent and manually examined. We
check consistency by applying the LLM judge to
the same set of examples for multiple times.
Verify Distinguishability. Given a candidate be-
havior and its associated judge metric, we compute
the metric score for each trajectory based on its
definition. Then we treat each trajectory as one
observation and fit a separate logistic regression,
with agent identity (i.e., the agent that produces the
trajectory) as the dependent variable and the judge
metric score as the predictor, where we encode cat-
egorical values with indicator variables. We label
N = 50 trajectories for each agent and consider
the behavior to be distinguishing if the Wald test
rejects the null hypothesis with p-value< 0.01.
Scale Up. We add all well-defined behaviors that
pass the distinguishability test to the candidate be-
havior list and repeat the discovery-and-verification
procedure for at most k = 5 iterations per task set
and agent pair. In each subsequent iteration, we
provide the discovery agent with all existing behav-
iors and prompt it to identify additional differences.
We repeat this procedure across multiple training
tasks and agent pairs. We manually review and
prioritize the retained behaviors for the data inter-
vention experiments (§2.2) to examine their impact
on the training performance.

2.2 Data Intervention Methods

This section aims to isolate and measure the im-
pact of each candidate behavior discovered in §2.1
on the training performance. We introduce two
complementary intervention methods that control
the presence of a target behavior while minimizing
changes to other properties of the demonstrations.
For both methods, we consider a behavior to be in-
fluential if the presence or absence of the behavior

leads to a substantial performance change.

Trajectory Post-Editing. This method adds, mod-
ifies, or removes one or more trajectory steps to
control the presence of a target behavior, which can
be performed by deterministic rules or an LLM.
One example is to remove the “verify after edit” be-
havior (as defined in Table 1) from a trajectory by
identifying the final file-editing action by pattern
matching and removing all subsequent steps.

One major challenge is to only conduct edits that
preserve trajectory consistency: every retained step
must remain supported by its preceding context.
Here we provide a non-exhaustive list of classes of
edits that preserve consistency: (1) Interchanging
two sequences of steps that produce the same in-
termediate results that are crucial for resolving the
task (e.g., two search sequences that both locate
the target file); (2) Removing steps whose outputs
and state effects are not required by subsequent
actions, such as unsuccessful searches whose re-
sults do not appear in subsequent actions; and (3)
Modifying steps that neither change the environ-
ment state nor provide information to subsequent
actions, including steps that contained only chain-
of-thought reasoning text and actions that are not
executed due to wrong syntax.

Behavior-Conditioned Trajectory Generation.
For behaviors that are difficult to manipulate
through local edits, we generate new demonstra-
tions for the same task instances by prompting the
agent to exhibit the target behavior. To limit differ-
ences unrelated to the target behavior, we retain an
original-generated trajectory pair only if both tra-
jectories successfully solve the task and reach the
same set of essential intermediate results, which
are pre-defined based on the task. For example, in
the issue-solving task, we require the original and
newly generated trajectories to identify the exact
same set of target files and pass all the unit tests.
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Verify after edit Has verification steps after the final file-editing action v v
Use think Use the <function=think> tool for explicit reasoning v
Reasoning text verbosity The length of the text part outside tool calls v v
Stuck in loop Try different commands after failing for 3 times U U

U

U

Trajectory length

Has < 7 agent actions: short; > 8 agent actions: long U v v

Table 1: Some of the behaviors discovered and examined by our framework. We present the full list of candidate
behaviors in §A.4. We use “v” to indicate that the behavior is shown to be relevant to the final performance for
some student models in related works and use “U” to indicate that the behavior is tested but not shown to be relevant.
“LEGO” (Yang et al., 2026), “Hybrid” (Xie et al., 2026), and “Others” refer to existing works.
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Figure 4: Student performance (Qwen2.5Coder-7B) is
not significantly correlated with trajectory-level features
such as teacher success rate or trajectory length.

3 Analysis Results: What Behaviors
Affect Coding Agent Training?

This section presents the analysis results of the
CATRADAR method. As a proof of concept,
we focus on the distillation setting. In principle,
CATRADAR can also be applied to other settings
such as self-training or reinforcement learning.

Experimental Setup. We conduct analysis on both
in-domain training: the R2E-Gym issue-solving
dataset (Jain et al., 2025), and transfer learning:
the Hybrid-Gym function localization dataset (Xie
et al., 2026), with SWE-Bench Verified (Jimenez
et al., 2024) as the evaluation dataset. We adopt
the distillation setting and apply CATRADAR to
8 teacher models and 3 student models, as de-
scribed in §A.2. We use the OpenHands agent
harness (Wang et al., 2025) for all the experiments.
Since the impact of one behavior may depend on
other factors such as other teacher behaviors or the
student’s capabilities, when we conduct data inter-
vention experiments and compare the performance
with the original data (§2.2), we experiment on

multiple training tasks, teacher models, and student
models (if applicable).

3.1 CATRADAR Discovers Diverse Candidates

Table 1 summarizes the candidate behaviors discov-
ered by CATRADAR and examined in our experi-
ments, along with their definitions. Compared with
the behaviors that are manually hypothesized and
examined in prior work, CATRADAR discovers a
broader range of behaviors of diverse granularity,
spanning trajectory-level features, problem-solving
strategies, and tool-use patterns. Our experiments
show that 7 of the 10 behaviors affect student per-
formance in at least one combination of student
model, teacher model, and training dataset. Some
of these findings are also consistent with prior work.
For instance, Terminal-LEGO (Yang et al., 2026)
shows that verification steps in training improve
performance. CATRADAR also discovers “verify
after edit” as a potentially important behavior.

3.2 Trajectory-Level Features are Not Good
Indicators of Training Effectiveness

Longer trajectories are commonly viewed as more
useful training examples because they provide the
model more information (Zhu et al., 2025). Un-
der the setting of distillation, it is also a common
belief that strong models often produce stronger
students (Pan et al., 2025).

Our results challenge both assumptions. As
shown in Figure 4 and Figure 10, none of the
trajectory-level features we examine is significantly
correlated with student performance. Our hypothe-
sis is that longer trajectories may reflect overly com-
plicated problem-solving strategies, which may not



[Case 1] Multi-Search: v/ Target-Read: X  Suff-Explore: v/
grep -r “def ” —include=’*.py’ . — 1771 files
Search for keywords “model” — 105 files
Read core/optimizers/function_marker.py — ...

[Case 2] Multi-Search: X  Target-Read: v/ Suff-Explore: v/
grep -r “node” —include=’*.py’ . — 6 files
Read core/optimizers/function_marker.py — ...

[Case 3] Multi-Search: v/ Target-Read: v/ Suff-Explore: v/
grep -r “model” —include=’x.py’ . — 105 files
grep -r “node” —include=’*.py’ . — 6 files
Read core/optimizers/function_marker.py — ...

Table 2: A case study showing that demonstrations with
different repo-exploration strategies can all be labeled
as “sufficient exploration” by the LLM judge.
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Figure 5: Planning steps in demonstrations have differ-
ent effects on different models. We highlight significant
performance changes after removing all task-tracker ac-
tions from demonstrations (with p-value < 0.05).

be suitable for the student model. Similarly, a
stronger teacher model’s strategies may rely on
its sophisticated context understanding abilities,
which are difficult to transfer to the student model,
making the learned strategies less effective.

3.3 CATRADAR Discovers Effective
Problem-Solving Strategies

Prior work shows that demonstrations should in-
clude a non-trivial repository-exploration stage and
leverage an LLM judge to check whether it con-
ducts sufficient exploration (Xie et al., 2026). How-
ever, it does not specify how the exploration is con-
ducted. Instead, CATRADAR goes a step further
by identifying two concrete exploration strategies:
Multi-Search, which searches for multiple key-
words iteratively, and Target-Read, which only
reads a file after narrowing down the target to a few
files. As shown in Table 2, the two strategies we
discovered capture more fine-grained information
than the high-level rubric used in prior works.

We think these two strategies are potentially use-
ful for training for the following reasons: by having
multiple search actions in the demonstrations, the

agent is trained to try different keywords if the pre-
vious ones are too broad or fail to match any files.
“Target-Read” teaches the model not to blindly read
files with low relevance, which improves the effi-
ciency of localizing the target file. We will show in
§4.1 and §4.3 that demonstrations containing these
specific strategies improve training performance.

3.4 Planning Steps have Different Effects on
Different Models

CATRADAR discovers that the planning pattern
also vary across different demonstrations. For in-
stance, OpenHands has a “task-tracker” tool that
creates and keeps a to-do list for the task, which
is frequently used by some agents but not oth-
ers. Intuitively, the task-tracker tool assists high-
level planning and plays a similar role as chain-
of-thought reasoning (Wei et al., 2023), which
conducts explicit reasoning to guide the agent’s
decision-making process.

To examine whether the usage of task-tracker
affects the performance, we directly remove all the
task-tracker actions from the demonstrations and
train the model. We additionally query an LLM to
rewrite the text that explicitly refer to the removed
steps to maintain the consistency of the trajectory.

However, results in Figure 5 show that hav-
ing more planning steps in training does not al-
ways improve performance. On the demonstra-
tions generated by Claude-Opus-4.5, the presence
of task-tracker steps improves the performance of
Qwen2.5Coder-7B and Qwen3-8B, while degrad-
ing the performance of Qwen3-4B. One possible
explanation is that the 4B model has lower capac-
ity and could benefit more from simpler and more
straightforward demonstrations, while the larger
models can better exploit complex reasoning pat-
terns. We will further show in §4.2 that inserting
LLM-synthesized task-tracker steps improves both
the 7B and 8B models.

3.5 Verification Abilities Transfer from
Simple Tasks to Complex Tasks

Verification is an important stage for coding agent
tasks, where the agent examines its solution after
it is generated. It can be complex for some tasks
(e.g., issue-solving, where the agent needs to exe-
cute unit tests) but simple for others (e.g., function
localization, where the agent only needs to read
files and conduct reasoning). CATRADAR discov-
ers that the average number of verification steps
varies across different teacher models.



Teacher Model Teacher Qwen2.5Coder-7B Qwen3-4B Qwen3-8B

(Hybrid-Gym) # Verify # Verify Res % Loc% Patch% # Verify Res% Loc% Patch% # Verify Res % Loc% Patch%

Opus-4.5 44 13.3 13.6 42.8 57.2 11.6 16.0 43.0 55.0 144 17.2 41.4 54.6
Remove Verify 0.0 8.9 11.0 (-2.6) 39.6 53.0 7.0 18.6 (+2.6) 46.4 60.2 7.7 158 (-1.4) 37.4 50.9

Opus-4.7 1.1 43 9.4 32.8 47.8 47 12.2 334 46.8 9.3 11.6 30.2 454
Add Verify 4.2 11.2 10.8 (+1.4)  34.0 54.2 9.9 134 (+1.2) 384 50.8 15.2 15.0 (+3.4)  36.2 50.8

Table 3: Verification procedure in a simple training task (e.g., function localization) transfers to more complex
tasks (e.g., issue-solving). However, the effect of verification steps depends on the student and teacher model. We
highlight significant increases and decreases in resolved rates (with p-value < 0.05).
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Figure 6: When the verbosity of reasoning text increases
(including non-tool-call text and content of the “think”
actions), the trajectory length in general increases, and
the performance first increases and then decreases.

To examine the effect of verification steps in
training, we design the following data interven-
tion experiments to control the presence of verifi-
cation steps in training demonstrations: (1) “Re-
move Verify”, where we remove all the steps after
the last file-editing action, and (2) “Add Verify”:
for demonstrations without any verification steps,
we copy the verification steps from the demonstra-
tion of the same task instance generated by another
agent (e.g., Claude-Opus-4.5). Other demonstra-
tions are kept unchanged.

Surprisingly, as shown in Table 3, we observe
that the verification behavior transfers across dif-
ferent tasks. When training the agent on function
localization demonstrations with more verification
steps, it also learns to perform more verification
steps on the issue-solving task.

However, similar to the planning behavior, we
observe that verification improves the performance
of the 7B and 8B models, but does not consistently
improve Qwen3-4B. This can also be explained
by the hypothesis that models with lower capacity
could benefit more from simpler demonstrations.

Our results make a further step beyond the find-
ing in Terminal-LEGO (Yang et al., 2026), which
shows that the inspect-act-verify pattern in training
trajectories improves coding agents’ performance
on terminal tasks. We further show that the impact
of verification also depends on other factors such

as properties of the student model.

3.6 Training on Reasoning Text Increases
Trajectory Length

CATRADAR discovers that the length of the text
outside tool calls varies across different teacher
models, which is on average 39 tokens for Claude-
Opus-4.5, 98 for Qwen3-80B-NEXT, and 298 for
GPT-5-mini on Hybrid-Gym.

To examine the effect of the verbosity of the rea-
soning text, we design an experiment that prompts
an LLM to rewrite the reasoning text to reduce or
increase the verbosity proportionally to its original
length without adding new information. We de-
fine “reasoning text” as the combination of (1) the
non-tool-call text and (2) the content of the “think”
actions. We conduct post-checking with an LLM
checker to ensure the rewritten text is natural and
does not add new information. We also include a
“Ox” ablation that removes all reasoning text.

Surprisingly, Figure 6 shows that increasing the
verbosity of the reasoning text increases the trajec-
tory length. Our hypothesis is that more verbose
reasoning encourages the model to articulate addi-
tional intermediate considerations, which in turn
induces extra tool interactions. Similarly, we ob-
serve in Figure 11 that when we completely remove
the non-tool-call text but keep the “think™ actions,
the trajectory length still substantially decreases.

4 Practical Utility of Our Discoveries

We apply the discoveries in §3 through three meth-
ods, ordered by increasing data-construction cost:
selecting demonstrations with beneficial behav-
iors (§4.1), augmenting existing demonstrations
with synthesized steps (§4.2), and generating new
demonstrations with influential behaviors (§4.3).

4.1 Method 1: Behavior-Aware Data Selection

Data Selection. Given a fixed training-data budget,
we select demonstrations that exhibit beneficial
behaviors identified by CATRADAR. Following



SWE-Bench Verified

Teacher Model Qwen2.5Coder-7B Qwen3-4B Qwen3-8B
Res% Loc% Patch% Res% Loc% Patch% Res% Loc% Patch%
Training: R2E-Gym Issue-Solving
GPTS5-mini Subsets (250 examples)
w/o Multi-Search 9.0 344 524 10.0 43.8 62.2 10.2 43.8 60.4
w/o Target-Read 8.6 36.2 52.0 13.2 48.8 62.4 10.4 424 56.6
Both Strategies (ours) 11.4 (+2.8) 49.4 63.6 14.2 (+4.2) 58.4 75.4 13.8 (+3.6) 48.2 63.2
Training: Hybrid-Gym Func-Localize
Claude-Opus-4.5 Subsets (250 examples)
w/o Multi-Search 2.8 13.6 31.6 11.8 38.0 514 4.8 15.2 29.2
w/o Target-Read 5.4 17.6 33.0 8.0 16.6 44.0 5.8 15.4 304
Both Strategies (ours) 7.2 (+4.4) 21.2 39.0 13.2 (+5.2) 354 50.8 11.6 (+6.8) 28.4 41.8
Claude-Opus-4.7 Subsets (350 examples)
w/o Multi-Search 2.8 15.8 42.8 7.2 27.5 40.0 8.6 26.8 40.2
w/o Target-Read 34 9.4 25.0 7.6 20.6 33.6 4.2 11.8 26.8
Both Strategies (ours) 6.0 (+3.2) 27.2 61.4 9.6 (+2.4) 25.8 36.8 10.2 (+6.0) 27.2 394

Table 4: Data selection results with the repo-exploration strategies we discovered. Parenthesized results are absolute
gains compared to the lower resolved rate of the two ablations. We highlight gains for resolved rates that are
significantly better than both ablations and one of the ablations (with p-value < 0.05).

§3.3, we retain demonstrations that exhibit both
the Multi-Search strategy (at least three keyword
searches) and Target-Read (narrow down to <
50 candidate files before reading). We compare
against equally sized subsets lacking either strategy:
“w/o Multi-Search” and “w/o Target-Read”.
Results. Table 4 shows that selecting demonstra-
tions with both strategies consistently yields higher
resolved rates than either ablation across the evalu-
ated settings. For example, training Qwen3-8B on
250 Claude-Opus-4.5 function-localization demon-
strations with both strategies achieves 11.6% on
SWE-Bench Verified, compared with 4.8% with-
out Multi-Search and 5.8% without Target-Read.
A possible explanation is that agents trained on
the “w/o Multi-Search” ablation do not learn to
recover from unsuccessful searches, and the “w/o
Target-Read” ablation does not teach the strategy
to progressively narrow down the candidate files.
One common failure case for agents trained on
“w/o Target-Read” is to repeatedly read irrelevant
files until exhausting their action budget, without a
more efficient strategy to locate relevant files.

4.2 Method 2: Adding Synthesized Agent
Steps to Training Trajectories

Agent Step Synthesis. Another method is to aug-
ment existing demonstrations by inserting LLM-
synthesized steps that instantiate a beneficial be-
havior (e.g., has high-level planning). Particularly,
we prompt an LLM to generate a task-tracker call
for each function localization demonstration that
specifies a to-do list: identify the target file, locate

the function, generate its docstring, and verify cor-
rectness. We insert subsequent task-tracker calls
at completion points to update the corresponding
items. Implementation details are provided in §A.6.
Results. As shown in Table 6, adding four syn-
thesized task-tracker actions per demonstration im-
proves the resolved rates of Qwen2.5Coder-7B and
Qwen3-8B in all evaluated settings. For Qwen3-8B
trained on Claude-Opus-4.7 demonstrations, the re-
solved rate increases from 11.6% to 17.6%. These
steps may provide explicit planning structure that
helps the student organize subsequent actions. Note
that we train on the function localization task and
improve issue-solving performances, suggesting
that the planning behaviors transfer across tasks.

4.3 Method 3: Behavior-Conditioned
Demonstration Generation

Prompt Generation. For behaviors that are diffi-
cult to incorporate through local edits, we generate
new demonstrations using a behavior-conditioned
teacher prompt (§2.2). We iteratively (1) ask an
agent to write a prompt to elicit the target behav-
iors, (2) generate a small set of demonstrations, and
(3) use an LLM judge to label their presence. We
repeat this procedure until the generated prompt
significantly increases the proportion of demonstra-
tions exhibiting the target behaviors (p < 0.05),
then use it to generate the training set.

Results. We apply this method to the two repo-
exploration strategies we discovered in §3.3: Multi-
Search and Target-Read. Table 5 shows that by gen-
erating demonstrations with the LLM-generated



Teacher (Hybrid-Gym Func-Loc)

Student (SWE-Bench Verified)

Teacher Model Multi-Search% Target-Read% Res% | Multi-Search% Target-Read % Res % Loc% Patch%

GPT-5-mini 58.8 1.5 89.7 74.9 53.2 6.0 44.6 66.2
+ prompt student 58.8 1.5 89.7 75.6 57.6 72 (+1.2) 48.2 67.0
+ prompt teacher 72.5 10.4 85.9 78.2 64.3 9.2 (+3.2) 43.4 55.6

Table 5: Student performance (Qwen2.5Coder-7B) on SWE-Bench Verified under different teacher models and
prompting strategies. We highlight significant changes in resolved rates .

SWE-Bench Verified

Training Setting
(Teacher — Student) Res% Loc% Patch%
Training: Hybrid-Gym Func-Localize
GPT-5-mini — Qwen2.5Coder-7B 6.0 44.6 66.2
Add task-tracker 9.6 (+3.6) 332 48.4
GPT-5-mini — Qwen3-8B 10.8 56.6 71.6
Add task-tracker 13.0 (+2.2) 49.2 61.6
Opus-4.7 — Qwen2.5Coder-7B 9.4 32.8 47.8
Add task-tracker 12.2 (+2.8) 38.6 55.2
Opus-4.7 — Qwen3-8B 11.6 30.2 45.4

Add task-tracker 17.6 (+6.0) 40.6 53.0

Table 6: We can improve performance by adding syn-
thetic task-planning steps in training trajectories. We
highlight significant improvements in resolved rates .

prompt, we increase the prevalence of the strate-
gies for both the teacher and the student models.
Furthermore, training Qwen2.5Coder-7B on the re-
sulting demonstrations significantly improves its
resolved rate on SWE-Bench Verified from 6.0%
to 9.2%. We also observe that directly prompting
the student to follow the same strategies (“prompt
student”) yields a smaller gain, from 6.0% to
7.2%, suggesting that the student model has limited
instruction-following capabilities to incorporate the
strategies as prompted, and prompting the teacher
model is more effective in this setting.

5 Related Work

Coding Agent Training. For both supervised fine-
tuning (SFT) and reinforcement learning (RL), the
quality of the final patch is typically used as the
training signal, which can be defined based on
the test execution results (Yang et al., 2025b; He
et al., 2026; Yuan et al., 2026), similarity to the
reference solution (Shen et al., 2026; Wei et al.,
2025), or scores produced by a judge model (Shum
et al., 2025). Another line of work also incorporate
pre-defined metrics for the entire trajectories, in-
cluding the structure of actions (Tao et al., 2026),
trajectory-level, segment-level or step-level qual-
ities (Han et al., 2026; Zhang et al., 2026; Wang
et al., 2026), recovery attempts on failures (Liufu
et al., 2026), and data distribution (Xie et al., 2025;
Zheng et al., 2026). In comparison to manually-

defined rubrics, our CATRADAR automatically
discovers the demonstration behaviors that could
potentially affect training effectiveness.

Analyses on Coding Agent Training. Prior
work identifies demonstration properties that affect
training effectiveness, including retaining failed
terminal-agent trajectories (Pi et al., 2026), the pat-
tern of inspect, act, and verify (Yang et al., 2026),
combining explanary text and actions into the same
step (Xie et al., 2026), and combining thinking
and non-thinking traces (Ahmad et al., 2026). Par-
ticularly, Wang et al. (2026) manually define 24
rubrics to assess trajectory quality. Other analyses
find that some factors are less predictive of training
value, including task difficulty (Yang et al., 2025b),
and trajectory length (Yang et al., 2026). However,
most prior analyses start by manually making hy-
potheses on influential factors, which is limited by
human expertise and potentially confined to partic-
ular training settings. Instead, CATRADAR assists
such analyses by narrowing down the search space
of potentially influential factors.

6 Conclusions

We present CATRADAR, an efficient analysis
method, to discover potentially influential be-
haviors for training coding agents. Guided by
CATRADAR, we conduct data intervention experi-
ments and find influential behaviors including spe-
cific repo-exploration strategies, the planning and
verification patterns, and the verbosity of reasoning
text. Our insights further lead to practical improve-
ments through data selection, agent step synthesis,
and behavior-conditioned rollout, with step syn-
thesis improving Qwen3-8B’s resolved rate from
11.6% to 17.6% on SWE-Bench Verified. Beyond
the supervised finetuning setting studied here, we
envision CATRADAR supporting behavior discov-
ery in other training settings including self-training
and reinforcement learning, providing insights for
why coding agent training fails or succeeds and
guiding the design of the training process.



7 Limitations and Potential Risks

We identify the limitations of this work as follows:

Training and Evaluation Tasks and Models. Due
to computational resource constraints, our exper-
iments are limited to the R2E-Gym issue-solving
and Hybrid-Gym function localization datasets for
training, the SWE-bench Verified dataset for eval-
uation, and Qwen2.5Coder-7B, Qwen3-4B, and
Qwen3-8B as student models. These choices limit
the extent to which our findings can be generalized
to other tasks, benchmarks, and model families or
scales. We leave the exploration of additional tasks
and models to future work.

Analysis Details. For most of the behaviors ex-
amined, we conduct data intervention experiments
under only two or three training configurations,
each defined by a combination of training dataset,
teacher model, and student model. Although these
experiments provide evidence of the effects of spe-
cific behaviors within the configurations studied,
they do not establish that these effects hold consis-
tently across a broader range of training conditions.
More extensive experiments are needed to char-
acterize how these effects depend on the training
configuration and interactions among behaviors.

Analysis Settings. Our analysis is restricted to
the distillation setting, in which student models are
trained through supervised fine-tuning on teacher
demonstrations. In principle, CATRADAR could
also be applied to identify influential behaviors
in other training settings, such as self-training and
reinforcement learning (RL). For example, the pres-
ence or absence of identified behaviors could in-
form adjustments to reward scores for RL rollouts,
enabling controlled experiments on their effects
on training outcomes. The effectiveness of such
extensions remains untested, and we leave their
investigation to future work.

Potential Risks. We have not identified risks spe-
cific to this work beyond those generally associated
with the use of large language models.
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A Appendix

A.1 Additional Related Work

Analyses on the Effectiveness of General Agent
Training. Outside SWE, Agent-FLAN (Chen et al.,
2024) shows that agent corpora entangle format
following with reasoning and redesigns them to
separate the two. With regard to reasoning, the
structure and behaviors of a trace matter more than
its correctness: with verification, backtracking, and
related behaviors, RL would be able to gain even
from incorrect solutions (Gandhi et al., 2025), and
long-CoT distillation tolerates wrong answers but
not shuffled or deleted steps (Li et al., 2025). Fur-
thermore, Jin et al. (2026) find the same for agentic
search, where SFT on trajectories exhibiting ben-
eficial behaviors before RL outperforms SFT on
outcome-correct ones.

A.2 Experimental Setup

Datasets and Models. We conduct evaluation on
the SWE-bench Verified dataset (Jimenez et al.,
2024) and analysis on both in-domain training:
the R2E-Gym issue-solving dataset (Jain et al.,
2025), and transfer learning: the Hybrid-Gym func-
tion localization dataset (Xie et al., 2026). We
experiment on 3 student models: Qwen2.5Coder-
7B (Hui et al., 2024), Qwen3-4B, and Qwen3-
8B (Yang et al., 2025a) and 8 teacher models:
Claude-Opus-4.5 (Anthropic, 2025), Claude-Opus-
4.7 (Anthropic, 2026), Claude-Sonnet-3.5 (An-
thropic, 2024), GPT-5-mini (OpenAl, 2025), GPT-
5.5 (OpenAl, 2026), DeepSeek4-flash (DeepSeek-
Al and et al., 2026), Qwen3-80B (Yang et al.,
2025a), and Qwen3.5-397B (Team, 2026).

Training Details. We fine-tune each student on the
teacher demonstrations with supervised fine-tuning:
we use 8 A6000 GPUs and search hyper-parameters
in the range of learning-rate={5e-5, le-4}, num-
epochs={3, 5}, and batch-size={8, 16}.

Training and Evaluation Prompts. All Hybrid-
Gym teacher rollouts use the function localization
prompt in Figure 7, which asks for a single func-
tion or class, except the strategy-prompted roll-
outs in §A.6. The students are evaluated on SWE-
Bench Verified (Jimenez et al., 2024) with the issue-
solving prompt in Figure 9. On R2E-Gym, whose
images come with a ready virtual environment
instead of conda, the Claude-Sonnet-3.5 rollouts
come from the original R2ZEGym dataset and use
the original R2E-Gym prompt (Jain et al., 2025)

(Figure 8). Other models use the same prompt as
our SWE-Bench Verified evaluation.

Function Localization Prompt

I’ve uploaded a python code repository in the
directory {{ workspace_dir_name }}

Your goal is to locate the {{ module_type }} described
below and write its docstring.

<{{ module_type }}_description>
{{ description }}
</{{ module_type }}_description>

Known details:

- Target type: {{ module_type }}

- The original docstring was removed; please
restore/author it.

- Note: The target name is not provided. You must
identify the correct {{ module_type }} based on the
functionality description above.

Follow these steps:

1. EXPLORATION: Search the codebase (no file path
provided) to find where this {{ module_type }} is
defined.

2. UNDERSTANDING: Read the implementation to fully
understand its arguments, return values, and side
effects.

3. RECHECK: Verify that the {{ module_type }} you
located actually matches the given description.
Compare the implementation behavior with the
description to ensure you found the correct target.
4. GENERATION: Insert a clear, concise Python
docstring inside the definition using triple quotes.
Cover purpose, parameters, return value(s), and
important behaviors or exceptions.

5. REVIEW: Double-check formatting and accuracy;
avoid changing code outside the docstring unless
strictly necessary.

Be thorough in your exploration and reasoning. It’s
fine if your thinking process is lengthy - quality and
completeness are more important than brevity.

Figure 7: The Hybrid-Gym function localization prompt.
module_type is function or class.

Original R2E-Gym Prompt

Consider the following github issue:
<github_issue>

{{ instance.problem_statement }}
</github_issue>

Can you help me implement the necessary changes to the
repository to fix the <github_issue>?

I’ve already taken care of all changes to any of the
test files described in the <github_issue>. This means
you DON’T have to modify the testing logic or any of
the tests in any way!

Your task is to make the minimal changes to non-tests
files in the /testbed directory to ensure the
<github_issue> is satisfied.

IMPORTANT TIP:

Follow these steps to resolve the issue:

1. As a first step, it might be a good idea to explore
the repo to familiarize yourself with its structure.
2. Create a script (’reproduce_issue.py’) to reproduce
the error and execute it to confirm the error

3. Edit the sourcecode of the repo to resolve the
issue

4. Rerun your reproduce script and confirm that the
error is fixed!

5. Think about edgecases and make sure your fix
handles them as well

Figure 8: The original R2E-Gym prompt (Jain et al.,
2025), used by some of the R2E-Gym rollouts.



Issue-Solving Prompt

I have access to a python code repository in the directory {{ instance.repo_path }} . You can explore and modify files
using the available tools. Consider the following issue description:

<issue_description>
{{ instance.problem_statement }}
</issue_description>

Can you help me implement the necessary changes to the repository so that the requirements specified in the
<issue_description> are met?

I’ve already taken care of all changes to any of the test files described in the <issue_description>. This means you DON’T
have to modify the testing logic or any of the tests in any way!

Also the development Python environment is already set up for you (i.e., all dependencies already installed), so you don’t
need to install other packages.

Your task is to make the minimal changes to non-test files in the {{ instance.repo_path }} directory to ensure the
<issue_description> is satisfied.

Follow these phases to resolve the issue:

Phase 1. READING: read the problem and reword it in clearer terms

1.1 If there are code or config snippets. Express in words any best practices or conventions in them.
1.2 Hightlight message errors, method names, variables, file names, stack traces, and technical details.
1.3 Explain the problem in clear terms.

1.4 Enumerate the steps to reproduce the problem.

1.5 Hightlight any best practices to take into account when testing and fixing the issue

Phase 2. RUNNING: install and run the tests on the repository
2.1 Activate the environment by running
./opt/miniconda3/etc/profile.d/conda.sh ; conda activate testbed
2.2 Follow the readme

2.3 Install the environment and anything needed

2.4 Iterate and figure out how to run the tests

Phase 3. EXPLORATION: find the files that are related to the problem and possible solutions
3.1 Use ‘grep‘ to search for relevant methods, classes, keywords and error messages.

3.2 Identify all files related to the problem statement.

3.3 Propose the methods and files to fix the issue and explain why.

3.4 From the possible file locations, select the most likely location to fix the issue.

Phase 4. TEST CREATION: before implementing any fix, create a script to reproduce and verify the issue.
4.1 Look at existing test files in the repository to understand the test format/structure.

4.2 Create a minimal reproduction script that reproduces the located issue.

4.3 Run the reproduction script to confirm you are reproducing the issue.

4.4 Adjust the reproduction script as necessary.

Phase 5. FIX ANALYSIS: state clearly the problem and how to fix it
5.1 State clearly what the problem is.

5.2 State clearly where the problem is located.

5.3 State clearly how the test reproduces the issue.

5.4 State clearly the best practices to take into account in the fix.
5.5 State clearly how to fix the problem.

Phase 6. FIX IMPLEMENTATION: Edit the source code to implement your chosen solution.
6.1 Make minimal, focused changes to fix the issue.

Phase 7. VERIFICATION: Test your implementation thoroughly.

7.1 Run your reproduction script to verify the fix works.

7.2 Add edge cases to your test script to ensure comprehensive coverage.

7.3 Run existing tests related to the modified code to ensure you haven’t broken anything.

8. FINAL REVIEW: Carefully re-read the problem description and compare your changes with the base commit {{
instance.base_commit }3}.

8.1 Ensure you’ve fully addressed all requirements.

8.2 Run any tests in the repository related to:

8.2.1 The issue you are fixing

8.2.2 The files you modified

8.2.3 The functions you changed

8.3 If any tests fail, revise your implementation until all tests pass

Be thorough in your exploration, testing, and reasoning. It’s fine if your thinking process is lengthy -

quality and completeness are more important than brevity.

Figure 9: The issue-solving prompt used to evaluate the students on SWE-Bench Verified (first box) and its Phase 2
in our R2E-Gym rollouts (second box).



A.3 Computation of Significance

With the paired bootstrap test of Berg-Kirkpatrick
et al. (2012), we test whether two students differ
in resolved rate on SWE-Bench Verified. Let ()
be the gain in resolved rate of the better student
over the other on the 500 instances x. We draw
b = 10% samples 2(? of 500 instances from = with
replacement and estimate the one-sided p-value
as the fraction of samples with 6(z(¥)) > 2§(z);
the threshold is 20 () rather than §(z) because the
samples are centered at d(z) instead of at 0. We
mark a change as significant if p < 0.05.

A.4 List of Candidate Behaviors

In Table 7, we provide a list of candidate behaviors
on which we do not conduct further experiments.
The reason is that we prioritize the behaviors that
are more likely to be useful for training.

A.5 Detailed Analysis Results
A.5.1 Exploration Length is Not a Good
Indicator of Trajectory Effectiveness

Following §3.2, we show that the exploration
length of demonstrations is, however, not a good
indicator of trajectory effectiveness.
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Figure 10: The exploration length of demonstrations is
also not a good indicator of demonstration effectiveness.

A.5.2 Strong Teacher Does Not Always
Translate to Strong Student

Some Claude-Opus-4.7 demonstrations open the
target file without saying why they chose it, as is
shown in Table 8. On an instance that asks for
a class with “attributes [...] such as their nick-
name, username, and hostname”, Claude-Opus-
4.7 lists the repository’s Python files, cut at 50 by
head, and then opens the 9th entry, the target file,
saying only “The file sopel/tools/target.py
looks promising.”; it runs no content search such
as grep and does not narrow the listing in any
form. In other words, the trajectory itself does
not show any reason why it picks the target file

Traj Length —#— Resolved Rate
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Figure 11: When we increase the verbosity of non-
tool call text, the trajectory length in general increases.
However, the performance does not change much.

out of the 50 searched results. In comparison,
Claude-Opus-4.5 has a clearer strategy for file lo-
calization. It first names four candidate files with
a reason each, and it checks where the class is
used before editing it. Similarly, for function lo-
calization, on open-mmlab__mmengine-304_415,
Claude-Opus-4.7 likewise opens the 44th entry of
a 50-file listing (“The class description matches
base_model.py.”), while Claude-Opus-4.5 first
lists the six requirements of the description and
browses two directories.

A.5.3 Non-Tool-Call Text Increases
Trajectory Length

Similar to §3.6, we observe that when we only
increase the verbosity of non-tool call text, the tra-
jectory length in general increases, but the perfor-
mance doesn’t change much.

A.6 Concrete Data Intervention
Implementation for each Candidate
Behavior

In this section, we introduce how we design exper-
iments to control the presence or absence of each
candidate behavior in training demonstrations. We
manually design different experiments for different
behaviors.

A.6.1 Label Demonstrations with the
Presence of Repo-Exploration
Strategies

We label the two strategies with rule-based statis-
tics.

Multi-Search. A keyword search is a terminal
command that contains grep or rg, or find with
-name. A trajectory exhibits the “Multi-Search” be-
havior if it runs at least two keyword searches be-
fore its first file-editing action (file_editor with
create, str_replace, or insert, or a sed -i or



Behavior Judge Metric

Search frequency
Search-view ratio
Multi-round file view
Start with thinking

Start with task-tracker
Frequent command chain
View file before edit

Use Git commands

The frequency of search (> 15: high; 7-14: medium; < 7: low)
The ratio of keyword searching to file-viewing commands is > 3
Run file-viewing actions for > 3 times

Use the <function=think> tool as the first action

Use the <function=task_tracker> tool as the first action

Use command chaining on 50% or more of terminal commands
Has a file-viewing action before the first file-editing action

Use git log, git diff, or other Git commands

Table 7: The candidate behaviors discovered by CATRADAR that we do not conduct further experiments on.

Claude-Opus-4.7 (5 actions)

Claude-Opus-4.5 (16 actions)

1 find <repo> -type f -name "x.py" | head -50
&& 1s <repo> — 50 file paths (listing cut by head)

2 “The file sopel/tools/target.py looks promising.
Let me check it.” view sopel/tools/target.py —
target class User

3 str_replace: add the docstring to User

1 view /workspace — directory tree

2 view sopel/ — directory tree

3 think: “[...] this sounds like a User class in an IRC
context. Let me look at relevant files:
1. sopel/tools/target.py - the name ‘target’ could
represent users/channels 2. sopel/trigger.py -
might contain user-related classes 3. sopel/bot.py -
could contain user tracking classes 4. sopel/irc.py -
IRC-specific classes”

4 python -c "from sopel.tools.target import 4 view sopel/tools/target.py — target class User
User; print(User.__doc__)"
5 finish 5 think: “I found the User class [...]”
6 grep for the modules that import User
7-8 view sopel/bot.py, view sopel/coretasks.py
9 think: “Now I’m certain the User class [...] is the
correct target.”
10 str_replace: add the docstring to User
11-16 view the edited file, import check, run the test suite (3
commands), finish
Table 8: Demonstrations of Claude-Opus-4.7 and Claude-Opus-4.5 on the Hybrid-Gym instance

sopel-irc__sopel-1344_101 (both successful). <repo> abbreviates the repository path, and file paths are shown
relative to it. Claude-Opus-4.7 opens the target file directly from a listing cut at 50 files, while Claude-Opus-4.5
takes a more comprehensive strategy: picking several candidate files with detailed reasoning, and then reading them

one-by-one (action 3).

git apply command).

Target-Read. We take the first action that is a
file_editor view (of a file or a directory), a
terminal command that contains cat, head, tail,
less, or more, or a file-editing action. Its path is
the file_editor path, or the first argument after
cat, head, tail, less, or more in the command.
The trajectory exhibits Target-Read if an earlier
keyword search lists at most 30 distinct files and
its output contains this path: a listed path equals
it, ends with it, or is a suffix of it, has the same
file name, or the path or its file name occurs in the
output text.

A.6.2 Prompt the Models to Adopt our
Repo-Exploration Strategies

This section introduces the experimental settings
for the “prompt teacher” and “prompt student”
ablations in Table 5. Prompt Teacher. To in-
struct the teacher to follow the strategies for the
Hybrid-Gym function localization task, we add the
<localization_strategy> block in Figure 12 af-
ter the steps of the function localization prompt
(Figure 7) and end step 1 with “Use the localiza-
tion strategy below.” GPT-5-mini produces 1,289
successful demonstrations with this prompt, which
keep the strategy block in their task prompt. It
produces 1,346 successful demonstrations with the
original prompt (i.e., without the strategy block).
We train the student on all 1,289 demonstrations



and evaluate it with the unchanged issue-solving
prompt (Figure 9).

Prompt Student. As for the “prompt student” ab-
lation, we train the student model on the original
1,346 GPT-5-mini demonstrations. In inference, we
insert the <repo_exploration_strategy> block
in Figure 12 in the prompt for the SWE-Bench
Verified issue-solving task, which states the same
principles for issue solving, after Phase 3 (EXPLO-
RATION) of the issue-solving prompt at evaluation
time.

A.6.3 Add Task-Tracker Steps to Training
Demonstrations

Neither Claude-Opus-4.7 nor GPT-5-mini uses the
task-tracker tool in its original Hybrid-Gym demon-
strations. To implement the “Add Task-Tracker”
ablation, we insert LLM-synthesized task-tracker
plans at four points of each demonstration: (1) be-
fore the first action; (2) once the target file is found,
i.e., before the last action prior to the first edit that
mentions the target file (the file of the last success-
ful edit); (3) before the first file-editing action; and
(4) right after the output of the first file-editing ac-
tion. If two points coincide, only the earlier point’s
plan is inserted. Each plan is a task-tracker ac-
tion with command=plan, followed by the tool’s
usual output, “Task list has been updated with N
item(s).”

We use an LLM (DeepSeek4-flash) to write the
plans at temperature 0.3 without seeing the demon-
stration: the first plan from the task description,
asked to list 4-6 tasks with the first one in progress,
and each later plan from the task description and the
first plan, asked to keep the task titles and update
their status. For GPT-5-mini, 1,325 demonstrations
receive four plan turns and 21 receive three, and
every planning step is consistent with the remain-
ing part of the trajectory. For Claude-Opus-4.7,
1,466 demonstrations receive four plan turns and
one receives three. However, we cut off 354 of
these turns because they change task titles in a later
plan item, or generate too few or too many plans in
the first task-planner tool call.

A.6.4 Add Verification Steps to Training
Demonstrations

We take the verification steps from Claude-Opus-
4.5, whose demonstrations contain more of them
(Table 3). For each Claude-Opus-4.7 demonstra-
tion whose instance also has a successful Claude-
Opus-4.5 demonstration that first edits the same file

(the same path relative to the repository root), we
keep the Claude-Opus-4.7 trajectory before its first
file-editing action and append the Claude-Opus-4.5
trajectory from its first file-editing action on, with
the workspace directory renamed. This applies to
1,389 of the 1,467 demonstrations and we keep the
other 78 unchanged. In other words, we copy both
the file editing steps and verification steps from
Claude-Opus-4.5’s trajectories.

A.6.5 Verbosity Experiments

We use DeepSeek4-flash (with thinking disabled)
to rewrite the Claude-Opus-4.5 demonstrations of
Hybrid-Gym, which have 30,615 assistant turns, in-
cluding 3,738 think and 683 task-tracker actions.
For every multiple £ > 0, only the reasoning text
changes: every tool call apart from the thought pa-
rameter of think calls, and every tool output, stays
byte-identical, which we verify on the released
datasets.

Non-tool-call text. For Figure 11, we rewrite the
text before the tool call to k times its own length
in Qwen3 tokens, for k € {0.5,2,4,8}, in every
turn except think and task-tracker turns. 10,513 of
these 26,194 turns have text; the others, including
4 with a malformed tool call, stay unchanged. The
rewriter sees only the turn’s text and its tool call and
is told to keep the meaning and intent, not to invent
facts, findings, file contents, or results that the text
and the call do not imply, and to write as the agent
at this step: longer versions elaborate on what the
agent is looking for, why, and what it expects to
learn, without adding steps or discoveries; shorter
versions condense the same content. The versions
of a turn are written as a ladder in one request:
the 0.5x version condenses the original, the 2x
version elaborates it, and the 4 x and 8 x versions
each elaborate the previous one. Furthermore, a
version is accepted if its length is within +25%
of the target; otherwise it is requested again with
its measured length as feedback, for at most three
rounds, after which the turn keeps its original text,
as do turns whose target is below 4 or above 2,000
tokens. On average, the rewritten texts are 0.5, 1.9,
3.9, and 8.1 times as long as the originals. Out
of the 10,513 turns with text, 0.8%, 1.3%, 3.0%,
and 4.1% keep their original text in the first release
described below. The second release has the same
rounded rates except at 8x (4.2%). The 0x variant
removes the text of all turns except the think and
task-tracker turns.

Thinking Content. For Figure 6, we also rewrite



Strategy Block for the Teacher

<localization_strategy>

(summarized from successful trajectories):

short list.

description to pick the correct one.
</localization_strategy>

When searching for the target {{ module_type }}, follow these two principles

1. MULTI-ROUND REFINEMENT. Treat localization as iterative. After each
search, look at the matches as a whole, pick the most promising signal,
and run a follow-up search refining on it (different keyword, restricted
path, different surrounding pattern). Do not commit to a single candidate
on the first search - expect 2-3 rounds of refinement before you have a

2. READ AFTER NARROWING. Do not open and read full file contents until you
have narrowed to a small handful (<=3) of plausible candidates. Opening
files too early wastes context on irrelevant code. Once you have a short
list, then read each candidate’s definition and compare against the

Strategy Block for the Student

<repo_exploration_strategy>

correct one.
</repo_exploration_strategy>

| '

When searching the repository for the file(s)/function(s) relevant to the issue,
follow these two principles (summarized from successful trajectories):

1. MULTI-ROUND REFINEMENT. Treat localization as iterative. After each search,
look at the matches as a whole, pick the most promising signal, and run a
follow-up search refining on it (different keyword, restricted path, different
surrounding pattern). Do not commit to a single candidate on the first search -
expect 2-3 rounds of refinement before you have a short list.

2. READ AFTER NARROWING. Do not open and read full file contents until you have
narrowed to a small handful (<=3) of plausible candidates. Opening files too
early wastes context on irrelevant code. Once you have a short list, read each
candidate’s definition and compare against the issue description to pick the

Figure 12: The strategy blocks added to the teacher’s function localization prompt (first box; module_type is
function or class) and to the student’s issue-solving prompt (second box).

the thought parameter of each think call, and the
text before the call, to the same multiple of its own
length; the other turns are as in the non-tool-call
setting with the same k. The rules for thoughts are
the same, adapted to the agent’s reasoning: keep
its reasoning, conclusions, and concrete references
(files, functions, line numbers), and reach no new
conclusions or plan different steps. Thoughts in
the trajectories are long (median 304 tokens), so
every version above 600 tokens is written in several
parts, each continuing the text so far, up to 8,000
tokens. The 0x variant removes all think actions
with their outputs and the text of all other turns
except the task-tracker turns, which stay whole (99
of them have text).

Post-Checks. We do not check the meaning of
the rewrites. Instead, we check: (1) whether the

rewriting describes the rewriting task instead of the
agent’s reasoning (e.g., “the thought doesn’t men-
tion testing, so I won’t plan that”; 4.6%, 10.0%, and
19.8% of the thoughts at 2x, 4x, and 8 x) or ended
with JSON left from the rewriter’s reply (3.3% of
the rewritten 2x and 4x texts); (2) whether the
written reasoning text is natural and consistent with
the remaining part of the trajectory. We keep the
original reasoning text if the rewriting does not
meet any of the requirements.
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