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Abstract

Large language models (LLMs) have shown re-
markable capabilities in interactive real-world
software engineering (SWE) scenarios. How-
ever, the execution-aware training data are
hard to scale and are mostly used for post-
training, leaving agentic mid-training under-
explored. To this end, we propose COMP-
SYNTH, a novel automated pipeline for syn-
thesizing reflective code completion trajecto-
ries. Specifically, based on executable reposi-
tory environments, COMP-SYNTH identifies
test-covered target functions, masks their im-
plementations, and prompts an LLM to com-
plete them under execution feedback. Then,
each generated completion is verified by run-
ning the associated tests. Furthermore, failed
attempts are augmented with diagnostic signals
to extract useful supervision. Thus, we con-
struct COMP-TRAJ, a mid-training dataset that
exposes models to repository context, execu-
tion feedback, and iterative code revision. Ex-
tensive experiments on repository-level SWE
benchmarks show that mid-training on COMP-
TRAJ effectively enhances capabilities in SWE.
Our code and data are publicly available at
https://github.com/uuam5/comp-traj.

1 Introduction

In recent years, Large language models (LLMs)
have made rapid progress in code generation (Chen
et al., 2021; Wang et al., 2023b). They can gener-
ate code from natural-language instructions, assist
with program implementation, and modify existing
code (Ribeiro, 2023; Gao et al., 2025). These ad-
vances have enabled LLMs to solve a wide range of
coding tasks with strong fluency and effectiveness.
A key reason for this progress is the continuous
improvement of training data.

Early synthetic code datasets are primarily con-
structed as independent, single-turn instruction-
solution pairs (Li et al., 2022; Wang et al., 2024).

*Corresponding author.

Figure 1: The comparison between traditional static
code data and our targeted agent-style data.

Each sample couples a natural-language prompt
with a self-contained snippet answer. This for-
mat improves instruction-following and local code
generation, but it remains far from real-world
repository-level software engineering (SWE). In
repository-level SWE, code must be consistent with
the broader codebase and verifiable through execu-
tion. More recent work has therefore paid increas-
ing attention to agent-style SWE settings (Jimenez
et al., 2024; Yang et al., 2024, 2025), where mod-
els interact with repositories, tools or execution
environments. Figure 1 highlights the difference
between these two forms of code data.

However, scaling such agentic data remains dif-
ficult. High-quality trajectories depend on reliable
executable environments and meaningful interac-
tion traces. Manual collection is costly, while au-
tomatic collection depends on repository environ-
ments that are hard to build, and verify at scale.
Moreover, most agentic data are introduced only
during post-training (Zhao et al., 2024; Song et al.,
2026; Golubev et al., 2025). This creates a gap
between pre-training and final task alignment. Pre-
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training gives models broad code knowledge, but it
rarely exposes them to repository interaction or ex-
ecution feedback. As a result, post-training alone
may be insufficient to develop complex agentic
coding behaviors.

To this end, we need to consider the following
questions. First, how can we automatically obtain
large amounts of diverse, environment-grounded in-
teraction data for code models? We need a reliable
pipeline for synthesizing verifiable tasks paired
with fully executable environments. A natural solu-
tion is to start from existing public repositories with
executable environments, and derive new software
engineering tasks and interaction trajectories from
them. This requires that the synthesized task re-
main grounded in realistic repository context while
also being verifiable through execution. Second,
when is the optimal stage to introduce such inter-
action trajectories? Mid-training emerges as an
intermediate stage between large-scale pre-training
and final post-training. It has been shown to effec-
tively inject targeted domain knowledge, such as
long-context and code (Yang et al., 2026). It can
also provide stronger priors for later reinforcement
learning (Wang et al., 2025c). We argue that this
stage is suitable for environment-interaction trajec-
tories. This helps models build stronger agentic
coding priors before final alignment.

To tackle these questions, we propose COMP-
SYNTH, a pipeline that synthesizes execution-
grounded code completion trajectories as mid-
training data from containerized repositories. First,
we construct code completion tasks directly within
executable repository environments, so that each
training instance is grounded in realistic project
structure and constraints. Specifically, we identify
target functions that are covered by tests so that
each candidate completion can be automatically
verified. Simultaneously, we gather their relevant
repository context, including surrounding defini-
tions and key calling relations. We then mask the
target function and prompt an LLM to complete
it based on the provided context. All generated
attempts are immediately validated by running the
associated test in the same environment. We repeat
this process until all the tests pass or a maximum
attempt is reached. In this way, existing executable
repositories are automatically expanded into large-
scale, diverse, and verifiable interaction data.

Second, we organize the synthesized trajecto-
ries into learnable supervision by incorporating test
execution feedback into the mid-training data. A

naive option is to keep only the final passing solu-
tion. But this would discard the failure signals that
guide debugging, which are central to real software
development. Conversely, retaining raw trial-and-
error traces can introduce substantial noise and are
difficult to learn from. Therefore, for persistent
failures, we further augment trajectories by adding
a detailed root-cause analysis. Specifically, we pro-
vide an LLM with the history of failed patches and
execution errors, together with the ground-truth
solution. The LLM then explains why earlier at-
tempts failed and how the correct implementation
resolves the failing tests. This design exposes mod-
els to the write–run–debug loop. Models learn to
understand environment feedback, revise code ac-
cordingly, and build agentic coding behaviors for
later post-training.

Our contributions are summarized as follows.

• We propose COMP-SYNTH, a fully auto-
matic pipeline that synthesizes high-quality
multi-turn execution-grounded code comple-
tion trajectories with executable feedback
from real-world repositories.

• We build COMP-TRAJ, a novel training
dataset for mid-training that teaches models
to improve code generation under execution
feedback rather than imitating final solutions.

• We conduct extensive experiments on three
repository-level SWE benchmarks to show the
effectiveness of COMP-TRAJ in improving
SWE capabilities through mid-training.

2 Related Work

2.1 Synthetic Code Data
Due to the limited availability of high-quality
human-annotated data, researchers have increas-
ingly explored synthetic data generation as a scal-
able alternative. Early methods (Wang et al., 2023a;
Xu et al., 2024; Luo et al., 2024; Wei et al., 2024;
Wang et al., 2024) leverage pretrained LLMs to
generate instruction–response pairs for fine-tuning.
More recent work moves toward repository-level
software engineering data, where training instances
are grounded in executable environments, issue
contexts, tests, or agent interactions. Executable
repository environments provide the foundation for
such data by enabling agents to run code, execute
tests, and receive verifiable feedback (Pan et al.,
2025; Badertdinov et al., 2025; Jain et al., 2025;
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Figure 2: The overview of the proposed COMP-SYNTH pipeline.

Guo et al., 2026). Recent studies further curate
such executable environments and synthesize issue-
resolution trajectories for improving repository-
level code generation (Yang et al., 2025; Wang
et al., 2025a; Zeng et al., 2025; Wang et al., 2025b).
These studies show that environment-grounded
data is crucial for training models to solve realistic
software engineering tasks.

2.2 Mid-training for Code Models

Recent code LLMs increasingly treat mid-training
as a stage between pre-training and post-training.
Existing works have used this stage to expose mod-
els to more structured supervision before the fi-
nal alignment stage. For example, Qwen3-Coder-
Next (Cao et al., 2026) uses targeted mid-training
to further improve code reasoning and repository-
level understanding. In daVinci-Dev (Zeng et al.,
2026), mid-training includes agent-style trajecto-
ries so that models can observe more complete soft-
ware engineering processes. CWM (team et al.,
2025) introduces execution traces, agent trajec-
tories, and executable environments during mid-
training to improve the modeling of dynamic code
behavior. Our work is most closely related to this
line of research, but introduces a new method for
synthesizing execution-aware code completion tra-
jectories from real repositories.

3 Problem Formulation

Formally, a pre-configured software environment E
contains three elements: 1) a repositoryR with the
source code C, 2) a test suite T = {t1, t2, . . . , tn},

and 3) a runtime environment, including dependen-
cies, interpreter, and system configurations.

Completion instance. Given an environment E ,
we identify a set of test-covered target functions
F = {f1, f2, . . . , fm} ⊆ C, where each function
fi is covered by at least one test case in T . For
each target function fi ∈ F , we construct a com-
pletion instance Ifi = (f∗

i ,X (fi), T (fi)), where
f∗
i denotes the masked function, X (fi) denotes

the repository context of fi, and T (fi) ⊆ T de-
notes the associated tests used for verification. The
context X (fi) includes the function signature and
surrounding dependency context. Given this in-
stance, an LLM generates a candidate completion
g for the masked function body. We reconstruct the
repository code as C′ = C[fi ← g], and verify g by
running T (fi) in the same environment.

Trajectory synthesis. Thus, based
on each completion instance Ifi , we
synthesize a multi-turn trajectory τ =
{(p0, g0, r0), (p1, g1, r1), . . . , (pK , gK , rK)}.
Here, pk is the prompt at round k, gk is the
generated completion, and rk is the execution
feedback obtained after applying gk and running
the associated tests. If the tests fail, the feedback
rk is incorporated into the next prompt, and the
model is asked to revise its completion. The
process terminates when all associated tests
pass or when the maximum attempt budget is
reached. The final synthesized dataset is denoted
as Dsynth = {τi}Ni=1.
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4 Data Synthesis Methodology

COMP-SYNTH synthesizes execution-grounded
code completion trajectories for mid-training with
four stages: execution-guided function mining, con-
text extraction, iterative test-driven completion, and
failure diagnosis augmentation. Figure 2 illustrates
the overall COMP-SYNTH pipeline.

4.1 Execution-Guided Function Mining

To identify target functions that support automatic
verification, we mine functions that are exercised
by the repository test suite. Specifically, we run
the test suite T in the environment E with coverage
instrumentation enabled. This produces a line-level
execution signal cov(l) for each source line l. We
then map covered lines back to functions using the
repository’s syntax structure. For a function f , let
Lines(f) denote its source line span. We define a
function-level coverage score as follows,

covT (f) =
∑

l∈Lines(f)
I[cov(l) > 0]. (1)

We include f in the target set if covT (f) > 0,
i.e., it is executed by at least one test. This could
produce the target set F by Eq. (1). In addition, we
record the associated test set T (f) ⊆ T for each
target function.

4.2 Context Extraction

For each target function f ∈ F , we extract a com-
pact repository context X (f). This context has two
types of information that are critical in repository-
level completion: (i) how f is used by other parts of
the codebase and (ii) what code f relies on. Specif-
ically, we construct a directed call graph over func-
tions in the repository. Each node corresponds to a
function, and an edge from node u to node v indi-
cates that function u calls function v. We identify
these relations by extracting function calls within
each function body based on the syntactic names,
such as foo() or obj.foo().

Furthermore, we define the context of a target
function as follows,

X (f) =
(
Def(f), Callers(f), Callees(f)

)
, (2)

where Def(f) contains the function header in-
formation, such as the signature and docstring;
Callers(f) = {Def(u) | u→ f} summarizes rep-
resentative caller-side snippets containing call sites;
and Callees(f) = {Def(v) | f → v} summarizes

Algorithm 1 Iterative Test-Driven Completion for
a target function f

Require: Environment E , code C, target function
f , masked function f∗, context X (f), tests
T (f), budget maxtry

Ensure: Trajectory τ = {(pk, gk, rk)}Kk=0

1: τ ← ∅
2: H0 ← ∅
3: for k = 0 to maxtry−1 do
4: H̃k ← Recent(Hk)
5: pk ← BuildPrompt(f∗,X (f), H̃k)
6: gk ← LLM(pk)
7: C′k ← C[f ← gk]
8: rk ← RunTests(E , C′k, T (f))
9: τ ← τ ∪ {(pk, gk, rk)}

10: if rk indicates all tests pass then
11: break
12: end if
13: Hk+1 ← Hk ∪ {(gk, rk)}
14: end for
15: return τ

direct dependency snippets invoked by f . We se-
rialize these components into a prompt-friendly
format with explicit section boundaries. Thus, the
model can ground its completion in specific reposi-
tory usage and dependencies.

4.3 Iterative Test-Driven Completion
Given a target function f and its masked version
f∗, together with the repository context X (f) and
the associated tests T (f), we model repository-
level function completion as an iterative refinement
process driven by environmental feedback. Let Lθ

be an LLM parameterized by θ.
At iteration k, the model conditions on the trajec-

tory history, Hk = {(g0, r0), . . . , (gk−1, rk−1)},
where gj is the generated completion at step j and
rj is the corresponding execution feedback. In our
implementation, we use a compact prompt history

H̃k =

{
∅, k = 0,

{(gk−1, rk−1)}, k > 0,

which retains only the most recent completion-
feedback pair to control the context length. The
model produces a completion gk for the masked
function body, i.e.,

gk ∼ P (g | X (f), H̃k; θ). (3)

We apply gk to reconstruct code C′k and execute the
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Initial prompt (k = 0): p0 = Π(f∗,X (f), ∅)
Goal Complete the masked function so that the repository tests in T (f) pass.
Target Path: <file_path> Function: <signature>

<masked function code, i.e., f∗>
Repository context Local: <relevant imports / nearby definitions>

Callers: <representative call sites that invoke the target function>
Callees: <functions invoked by the target function>

Verification The completion will be validated by running pytest on <tests covering the target function>
in the same environment.

Output Return only the completion code for the masked body. Do not include explanations.

Revision prompt (k > 0): pk = Π(f∗,X (f), Hk)

History Previous completion: <gk−1>
Execution feedback: <rk−1> (e.g., failing tests, traceback, error messages).

Instruction Revise the completion to fix the failing tests. Keep the function signature unchanged.
Output Return only the updated completion code.

Table 1: Our prompt template for iterative test-driven completion. Here f∗ denotes the masked target function, X (f)
denotes its repository context, and Hk denotes the interaction history before round k. Placeholders are shown in <>.

associated tests to obtain feedback rk, i.e.,

rk = Execute(C′k, T (f)).

The process terminates if Pass(C′k, T (f)) = True.
Otherwise, we incorporate the execution feedback
into the next prompt and ask the model to revise its
completion. Algorithm 1 summarizes the iterative
test-driven completion.

We implement Eq. (3) with a deterministic
prompt template. For the initial round, the
prompt is constructed as p0 = Π(f∗,X (f), ∅) ,
For revision rounds, we construct the prompt
using the compact history H̃k, i.e., pk =

Π
(
f∗,X (f), H̃k

)
, k > 0. Table 1 shows the

template. This compact prompt provides the lat-
est execution signal while avoiding unnecessary
growth of the interaction history.

4.4 Failure Diagnosis Augmentation
Note that not all target functions can be completed
within the attempt budget. However, failed trajec-
tories still contain valuable learning signals. When
all attempts fail, we augment the trajectory with a
diagnosis step. Specifically, for a failed trajectory,
we provide an LLM with the original completion
prompt, the full history of attempted completions
and execution feedback, and the ground-truth im-
plementation of the masked function. The LLM
then produces a concise root-cause diagnosis dτ ,
explaining why previous attempts failed and how
the ground-truth solution resolves the failing tests.
We append dτ to the failed trajectory.

After iterative completion and failure diagno-
sis augmentation, we obtain the final synthesized
datasetDsynth = Dsucc∪Dfail, whereDsucc contains

trajectories that pass the associated tests within the
attempt budget, and Dfail contains trajectories that
remain failing and are augmented with diagnosis
supervision. We use this dataset to mid-train a
target code model.

5 Mid-training Objective

Our objective trains the target model to learn from
both successful test-driven refinement trajectories
and failure-derived diagnostic supervision. Specifi-
cally, our mid-training objective is as follows,

J (θ) = Jsucc(θ) + Jfail(θ). (4)

For successful trajectories, the model learns to
generate each completion gk conditioned on the
masked function, repository context, and previous
interaction history, i.e.,

Jsucc(θ) =
∑

τ∈Dsucc

(
Kτ∑

k=0

logP (gk | f∗,X (f),Hk; θ)

)
. (5)

For failed trajectories, the model learns from the
appended root-cause diagnosis dτ , i.e.,

Jfail(θ) =
∑

τ∈Dfail

logP (dτ | f∗,X (f),Hτ ; θ) . (6)

6 Experiments

6.1 Experimental Setup
Evaluation benchmarks and metrics. We evalu-
ate all models on three SWE benchmarks: SWE-
bench Verified (OpenAI, 2024), SWE-bench Mul-
tilingual (Zan et al., 2025), and SWE-bench Pro
(Deng et al., 2026). SWE-bench Verified is a
human-validated subset of 500 instances from the
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Model Params. Funcs. Pass Count Avg. Rounds
First Final

gpt-oss-120b 117B 1000 255 339 1.47
deepseek-v3.2 685B 1000 233 310 1.41
glm-4.7 358B 1000 118 249 2.03

Table 2: The performance comparison of candidate mod-
els for our trajectory synthesis.

original SWE-bench. SWE-bench Multilingual ex-
tends the setting beyond Python to multiple pro-
gramming languages. SWE-bench Pro provides
a more challenging setting with harder issue in-
stances than predecessors. Furthermore, we use the
OpenHands scaffold with a 150-step budget. We
report Pass@1 as the resolved percentage, where a
task is considered resolved if the generated patch
passes the official tests. For each setting, we report
the average result over two runs.

Data sources for synthesis. Our synthetic tra-
jectory data are built from executable repository
environments drawn from SWE-rebench (Badertdi-
nov et al., 2025), SWE-Gym (Pan et al., 2025), and
DockSmith (Zhang et al., 2026). For each reposi-
tory instance, we identify test-covered target func-
tions, mask the function body, and ask the synthesis
model to iteratively complete the function under
execution feedback. We keep only trajectories that
can be verified in the corresponding environment.

Base model and training protocol. We use
Qwen3-8B-Base (Team, 2025) as the base model
for all the experiments. Our baseline applies su-
pervised fine-tuning (SFT) to the base model with
the open-source SFT dataset (StepFun AI, 2025).
Furthermore, we investigate whether our synthe-
sized repository-level trajectories are more effec-
tive when used in mid-training before the final SFT
stage. Unless otherwise specified, all proposed
variants follow the same two-stage recipe: 1) mid-
training on synthetic trajectory data produced by
our pipeline, and 2) SFT on the same SFT dataset.
This design isolates the effect of our synthetic data
from the downstream instruction-tuning stage.

6.2 Experiments on Synthesis Model Selection

To select the best model for trajectory synthesis,
we compare gpt-oss-120b (OpenAI et al., 2025),
DeepSeek-V3.2 (DeepSeek-AI et al., 2025), and
GLM-4.7 (Team et al., 2025). Specifically, we ran-
domly sample 200 repository instances and extract
up to five target functions from each instance, yield-
ing 1,000 function completion tasks. For each func-

Figure 3: Illustration of three synthetic pipeline variants.

tion, we allow at most five completion attempts and
report first-round success, eventual success within
the five-round budget, and the average number of
attempts required to reach a passing completion.

As shown in Table 2, gpt-oss-120b achieves the
best overall performance among the compared mod-
els. Therefore, we use it as the default model for
data synthesis. It offers an optimal trade-off be-
tween effectiveness and computational cost, mak-
ing it practical for large-scale trajectory generation.

6.3 Synthetic Pipeline Variants and Statistics
After constructing executable function completion
tasks, we synthesize trajectories using three vari-
ants of our data-generation pipeline. These variants
differ in their attempt budgets and in how failure di-
agnosis is incorporated into the trajectory. Figure 3
illustrates the differences among the three variants.
The details of three variants are given as follows.

Variant #1: post-hoc diagnosis after bounded
attempts. This variant follows the default synthesis
pipeline described in Section 4, using a 5-round
attempt budget. If the function still fails after 5
attempts, we collect the execution feedback from
the five rounds together with the final completion
attempt and ask the model to produce an overall
failure analysis. In practice, execution feedback
is often verbose but highly redundant, so it can
therefore be distilled into a shorter representation
without losing the key error signals, making the
pipeline practical for large-scale synthesis.

Variant #2: round-wise fine-grained diagnosis.
This variant also uses at most 5 completion at-
tempts, but differs in how failed trajectories are
analyzed. Instead of producing a single diagnosis
after all attempts fail, Variant #2 generates a diag-
nosis for each failed round. For each round, the
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Source Lang. Repo Envs. Trajectory Max Attempts Total Funcs. Success Count Avg. Rounds
First Final

SWE-rebench Python 7,512 Variant #1&#2 5 110,885 29,508 (26.61%) 40,591 (36.61%) 1.481
Variant #3 20 41,757 (37.66%) 66,573 (60.04%) 2.628

SWE-Gym Python 1,073 Variant #1&#2 5 21,431 9,671 (45.13%) 12,516 (58.40%) 1.369
Variant #3 20 10,003 (46.68%) 14,906 (69.55%) 2.346

DockSmith Multi 23,645 Variant #1&#2 5 321,364 129,083 (40.17%) 164,466 (51.18%) 1.352
Variant #3 20 132,032 (41.08%) 191,070 (59.46%) 2.310

Table 3: The synthetic data statistics by source and trajectory variant. Repo Envs. denotes executable repository
environments, and Total Funcs. denotes function-level completion instances. Final success is defined as success
within the allowed attempt budget.

(a) Language distribution (b) Trajectory length profile

(c) Contribution of execution feedback

Figure 4: Visualization of the synthesized trajectory data. (a) Language distribution of executable repository
environments. (b) Length profile of synthesized trajectories, including average sequence length and long-sequence
ratios. (c) Contribution of iterative feedback to trajectory synthesis.

model analyzes the failed completion and the corre-
sponding test feedback. This design alleviates the
context burden of full-history analysis in Variant
#1 and provides finer-grained attribution signals.

Variant #3: long-horizon synthesis with trajec-
tory compression. This variant extends the attempt
budget to 20 rounds. To support longer interac-

tion histories, we introduce automatic trajectory
compression. Whenever the prompt length exceeds
64k tokens, we summarize the accumulated his-
tory into a compact reflective memory and insert
it back into the prompt. This allows us to preserve
long-horizon debugging information while keeping
generation within the model’s context limit.
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Method Prompt Policy SWE-bench

Verified Multi. Pro

Baseline – 29.2 10.1 6.2

Variant #1 No_Instruction 34.5 12.7 10.9
Variant #2 No_Instruction 36.8 14.8 12.9
Variant #3 No_Instruction 38.4 16.2 18.0

Variant #1 Masked_Instruction 34.7 2.7 8.8
Variant #2 Masked_Instruction 34.5 17.2 12.2
Variant #3 Masked_Instruction 34.0 7.8 9.3

Table 4: Main results on three software engineering
benchmarks under a unified training recipe. All pro-
posed variants perform synthetic mid-training before
the same downstream SFT stage.

Data Statistics and Insights. Table 3 reports
detailed synthesis statistics across different data
sources and trajectory variants. For each source,
we report the number of executable repository en-
vironments, target functions, first-round successes,
eventual successes within the allowed attempt bud-
get, and average rounds-to-success over successful
samples. The variation across sources reflects dif-
ferences in repository complexity, test coverage,
and target function difficulty.

Moreover, Figure 4 presents an intuitive view
of our synthesized trajectory data. First, the lan-
guage distribution in (a) shows that our data in-
volves multiple programming languages beyond
Python. Second, the length profile in (b) shows
that Variant #3 produces longer trajectories and a
higher proportion of samples over 32k tokens, re-
flecting the effect of long-horizon synthesis. Third,
(c) highlights the value of iterative feedback. The
orange segments represent functions that fail in the
first round but are later solved through feedback-
driven revision. The additional successes indicate
that execution feedback improves trajectory synthe-
sis rather than merely serving as a final verifier.

6.4 Main Experiments and Results
We compare an SFT Qwen3-8B-Base baseline
against the six methods. These methods involve
three synthetic pipeline variants and two prompt
policies. All three synthetic pipeline variants intro-
duce execution-aware coding behaviors during mid-
training. This allows us to test whether repository-
grounded synthetic trajectories provide useful su-
pervision before the final post-training stage. The
two prompt policies control whether prompt in-
structions are included during training. Specif-
ically, No_Instruction excludes prompt instruc-
tion text during trajectory stitching. In contrast,

Mid-training Data SWE-bench

Verified Multi. Pro

SFT-only baseline 29.2 10.1 6.2
Static function completion 33.5 12.1 9.6
Successful trajectories only 36.9 14.6 14.2
Full trajectories 38.4 16.2 18.0

Table 5: Ablation study of mid-training data under the
Variant #3 and No Instruction setting. Static function
completion uses the same target functions and repos-
itory context without execution feedback. Successful
trajectories only keep trajectories that pass within the
attempt budget.

Masked_Instruction concatenates it into the se-
quence but masks it out from the loss.

The experimental results are reported in Table 4.
Overall, synthetic mid-training consistently im-
proves downstream SWE performance over the
baseline. The baseline achieves 29.2% on SWE-
bench Verified, 10.1% on SWE-bench Multilin-
gual, and 6.2% on SWE-bench Pro. In contrast,
most settings outperform the baseline on all three
benchmarks. This shows that repository-grounded
synthetic trajectories provide useful supervision
beyond standard post-training alone. This improve-
ment is consistent with the nature of repository-
level SWE tasks. SWE-bench-style issue resolu-
tions ultimately require localized code generation
or modification under the repository context. There-
fore, repository-level code completion is a funda-
mental atomic capability for these tasks. Our trajec-
tory data directly targets this underlying operation
through test-verified completion and revision, mak-
ing the resulting mid-training signal well aligned
with downstream issue-resolution benchmarks.

6.5 Further Analysis and Discussion

Effect of context efficiency. We analyze two
trajectory organization strategies, No_Instruction
and Masked_Instruction. As shown in Table 4,
No_Instruction provides a more stable strategy
across trajectory variants and benchmarks. This
suggests that the main supervision signal in our
data comes from the execution-grounded trajectory
content itself, including generated completions, test
feedback, and subsequent revisions, rather than
from retaining the original prompt instructions.
This difference is closely related to context effi-
ciency. Although masked instruction tokens are
excluded from the loss, they still remain in the
input sequence and participate in attention.
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Method Backbone Mid-training Post-training Scaffold SWE-V

R2EGym-Agent (Jain et al., 2025) Qwen2.5-Coder-32B-Inst ✗ SFT R2E-Gym 34.4
SWE-Dev (Wang et al., 2025a) Qwen2.5-Coder-32B-Inst ✗ SFT+RL OpenHands 36.6
Skywork-SWE (Zeng et al., 2025) Qwen2.5-Coder-32B-Inst ✗ SFT OpenHands 38.0
SWE-Agent-LM (Yang et al., 2025) Qwen2.5-Coder-32B-Inst ✗ SFT SWE-Agent 40.2
DeepSWE-Preview (Luo et al., 2025) Qwen3-32B-Inst ✗ RL R2E-Gym 42.2

Seed-Coder-Instruct (Seed et al., 2025) Seed-Coder-Base-8B ✗ SFT+RL Agentless 19.2
SWE-Mirror-LM (Wang et al., 2025b) Qwen2.5-Coder-Instruct-7B ✗ SFT OpenHands 22.8

Our SFT-only baseline Qwen3-base-8B ✗ SFT OpenHands 29.2
Our COMP-SYNTH Qwen3-base-8B ✓ SFT OpenHands 38.4

Table 6: Performance comparison with representative methods on SWE-bench Verified.

Effect of longer interaction. We discuss Vari-
ant #1 and #3 on whether extending the interaction
horizon from 5 rounds to 20 rounds produces ad-
ditional gains. We focus on the No_Instruction
setting for this analysis, since it better isolates the
effect of trajectory content without introducing ad-
ditional prompt tokens into the training sequence.
Under this setting, Variant #3 consistently outper-
forms #1 across all three benchmarks. This indi-
cates that longer write–run–debug trajectories pro-
vide richer supervision beyond short completion
traces. With more rounds of completion and exe-
cution feedback, the model observes how revisions
change test outcomes.

Effect of diagnosis granularity. We examine
Variant #1 and #2 to show the effect of diagno-
sis granularity under an identical 5-round attempt
budget. The results show that Variant #2 gener-
ally improves over #1. This suggests that the fine-
grained design brings more consistent gains than
the post-hoc design.

6.6 Ablation Study

We further conduct ablations under the best-
performing setting, Variant #3 with the No In-
struction policy, to isolate the effect of different
mid-training data designs. The results are shown
in Table 5. First, static function completion im-
proves over the SFT-only baseline, indicating that
repository-level completion data itself is beneficial
for downstream SWE performance. However, it
remains clearly below full trajectory training across
all three benchmarks. This suggests that the im-
provement is not only due to adding more reposi-
tory training data. Second, successful trajectories
only further improve over static function comple-
tion, showing the benefit of retaining intermediate
completions and execution feedback. Further incor-
porating diagnosis-augmented failed trajectories
brings additional gains.

6.7 Comparison with Representative Methods
Table 6 shows the results of our method with repre-
sentative methods on SWE-bench Verified. Among
7B/8B-scale models, our COMP-SYNTH achieves
the strongest result, reaching 38.4% compared
with 19.2% for Seed-Coder-Instruct and 22.8% for
SWE-Mirror-LM. Our method also outperforms
two larger-backbone methods evaluated with Open-
Hands, SWE-Dev and Skywork-SWE. These re-
sults show that execution-grounded mid-training
enables a relatively small 8B model to achieve com-
petitive performance on SWE-bench Verified.

7 Conclusion and Future Work

In this paper, we propose COMP-SYNTH, an auto-
matic pipeline for synthesizing execution-grounded
code completion trajectories from executable repos-
itories. The resulting dataset COMP-TRAJ exposes
models to repository context, execution feedback,
and iterative code revision, making it promising for
mid-training before final post-training. Extensive
experiments on SWE benchmarks show that such
trajectories effectively improve software engineer-
ing capabilities. In future work, we plan to extend
our synthesis framework to more comprehensive
SWE trajectories, covering bug localization, cross-
file reasoning, and broader tool-use behaviors.
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Limitations

Our method relies on executable repository tests
for verification. Although test execution provides a
practical way to automatically validate synthesized
completions, its effectiveness depends on both the
availability and the quality of tests. When a repos-
itory or target function lacks executable tests, the
completion cannot be directly verified and thus can-
not be used for synthesis. When test coverage is
incomplete, an implementation may pass execu-
tion while still missing important corner cases or
intended behaviors. A natural extension is to incor-
porate automatic test generation or test augmenta-
tion. This would make more target functions verifi-
able and help the synthesized trajectories cover a
broader range of repository behaviors.

In addition, our current synthesis process fo-
cuses on repository-level function completion. This
setting captures an important operation underly-
ing many software engineering tasks, but it does
not cover the full decision-making process of soft-
ware engineering agents, such as issue localization,
multi-file planning, and tool-use decisions. Future
extensions could increase task complexity by mov-
ing beyond single-function completion, requiring
the model to complete multiple related functions.
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A Training Details

We provide the training hyperparameters used in
our experiments. All models are initialized from
Qwen3-8B-Base, and each training stage is run for
one epoch. The SFT-only baseline directly applies
the SFT recipe to Qwen3-8B-Base. For settings
with synthetic mid-training, we first train the base
model on the synthesized trajectory data and then
apply the same downstream SFT recipe as the base-
line.

Mid-training configuration. For synthetic mid-
training, we use a global batch size of 128 and a
sequence length of 32,768 tokens. The peak learn-
ing rate is set to 2× 10−5 with 100 warmup steps,
and the weight decay is set to 0.1.

SFT configuration. After mid-training, all pro-
posed models are further fine-tuned using the same
SFT recipe. We use a global batch size of 128 and
a sequence length of 131,072 tokens. The peak
learning rate is set to 1× 10−5 with 200 warmup
steps.

B AI Assistance Disclosure

We used generative AI tools to assist with language
polishing, grammar checking, and improving the
clarity of writing. All research ideas, experimental
design, data construction, analysis, and conclusions
were developed and verified by the authors.
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