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Abstract

Automated software engineering, particularly
resolving real-world issues on benchmarks like
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SWE-bench, remains a significant challenge
for Large Language Models (LLMs). To ad-
dress this, we introduce SWE-Swiss, a two-
phase training recipe that systematically devel-
ops these capabilities. Our approach first de-
composes issue resolution into three core skills:
Localization, Repair, and Unit Test Generation.
In the first phase, we perform multi-task Super-
vised Fine-Tuning (SFT) on three new, meticu-
lously curated datasets to build a versatile foun-
dation. The second phase applies targeted Re-
inforcement Learning (RL), using direct feed-
back from test execution to boost the critical
skill of code repair. The resulting model, SWE-
Swiss-32B, establishes a new state-of-the-art
for open-source models in its size class, achiev-
ing a 60.2% score on the SWE-bench Verified
benchmark and placing it in the same top-tier
performance bracket as much larger models.
Finally, we show that despite its specialized
training, SWE-Swiss-32B demonstrates strong
generalization to other common LLM bench-
marks. To accelerate research in the commu-
nity, we are open-sourcing the models and our
complete training datasets.

1 Introduction

Recent advancements in autonomous software en-
gineering (SWE) have shown the growing potential
of Large Language Models (LLMs) to address com-
plex, real-world problems like resolving GitHub
issues (Yang et al., 2024; Wang et al., 2024a; Xia
et al., 2024). Progress in this domain is system-
atically evaluated on benchmarks such as SWE-
bench (Jimenez et al., 2023). A persistent trend,
however, is the performance gap between leading

“Project Leads. Work done during Zhenyu’s internship at
ByteDance.
Corresponding to Di He <dihe@pku.edu.cn>.

Devstral-small-2505 (46.8%)

IS
&

DeepSeek-V3 + TTS (42.0%)

IS
8

SWE-agent-LM-328 (40.2%)

Performance on Swe-bench Verified (%)

@
&

Quwen3-235B-A22B (34.4%)

Qwen2.5-328-Ipsturct + TTS (30.2%)

@
H

20 40 80 320 640

160
Model Size (B)

Figure 1: Performance and model size comparison on
SWE-bench Verified. Our 32B model, SWE-Swiss-32B,
achieves a top-tier score of 60.2% with test-time scaling.
For Qwen2.5-32B-Insturct, the score is obtained via the
Agentless framework. The scores for other models are
reported from their respective blogs or papers.

proprietary models and their open-source counter-
parts. DeepSeek-R1 stands as a significant outlier,
being an open-weight model that has proven ca-
pable of reaching performance levels comparable
to the best proprietary models. Nevertheless, the
specific “training recipes”—from the composition
of supervised fine-tuning (SFT) and reinforcement
learning (RL) training data to the precise training
techniques and hyperparameters—that enable this
top-tier performance remain opaque, hindering re-
producible research and further progress within the
open-source community.

This lack of a clear, replicable methodology
highlights a foundational challenge. Frameworks
like Agentless (Xia et al., 2024) have demonstrated
the potential of breaking this challenge down into
a structured workflow that mimics a human devel-
oper: first locating the problem files, then generat-
ing a fix, and finally validating the fix. While this
paradigm is promising, it raises a critical question:
what is the most effective way to train a model
to excel at each stage of this process? To address
this, we introduce the SWE-Swiss recipe, a strategy
centered on decomposing the complex task of fix-
ing a GitHub issue into a curriculum of core, train-
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able competencies. This comprehensive, two-phase
training strategy is designed to create a powerful
and versatile issue-resolution model by explicitly
training it on three fundamental skills: (1) Localiza-
tion: Pinpointing the exact files that require mod-
ification. (2) Repair: Generating the correct code
patch to resolve the identified issue. (3) Unit Test
Generation: Creating new, relevant tests to validate
the proposed fix.

Our approach begins by creating high-quality
datasets for each of these three tasks through a
meticulous process of generation and verified re-
jection sampling, where only outputs that pass vali-
dation in real test environments are retained. In the
first phase of our recipe, we perform multi-task Su-
pervised Fine-Tuning (SFT) on a base model using
this curated data. This embeds a broad, founda-
tional understanding of the entire issue-resolution
workflow into a single, cohesive model. In the sec-
ond phase, we sharpen the most critical and chal-
lenging skill, Repair, through a targeted Reinforce-
ment Learning (RL) phase. Using the GRPO algo-
rithm (Shao et al., 2024) and a curriculum learning
strategy, the model receives direct binary rewards
based on whether its generated patches pass the ac-
tual repository test suites, allowing it to learn from
environmental feedback.

Following this recipe, we train SWE-Swiss-32B,
a model based on Qwen2.5-32B-Instruct (Qwen
et al., 2025). Our experiments demonstrate the ef-
fectiveness of this approach, as SWE-Swiss-32B
achieves a score of 60.2% on the SWE-bench Ver-
ified benchmark. This result establishes a new
state-of-the-art for open-source models in its size
class and places it in the same top-tier performance
bracket as much larger models (e.g., DeepSeek-
R1-0528 (DeepSeek, 2025)). Furthermore, to ad-
dress the limitations of standard self-consistency in
code generation, we introduce an Enhanced Self-
consistency method that incorporates similarity-
based consistency to better identify the majority of
code answers.

Our primary contributions are three-fold:

1. We propose the SWE-Swiss recipe, a multi-
task SFT and two-stage RL training strategy
for creating high-performance issue resolution
models.

2. We construct and release three high-quality,
validated datasets for the core tasks of Local-
ization, Repair, and Unit Test Generation to
facilitate future research.

3. We release SWE-Swiss-32B, a state-of-the-art
32B open-source model for software engineer-
ing that is competitive with top-performing
proprietary models.

2 Related Work

2.1 System design for Software Engineering

The application of Large Language Models (LLMs)
to software engineering has evolved rapidly from
function-level code generation (Chen et al., 2021;
Austin et al., 2021) to complex repository-level
problem solving (Ding et al., 2023; Liu et al.,
2023c; Jimenez et al., 2023). More recently, the
field has shifted towards creating autonomous sys-
tems capable of handling entire software engineer-
ing tasks, such as resolving GitHub issues. Bench-
marks like SWE-bench (Jimenez et al., 2023; Yang
et al., 2025a; Zan et al., 2025) have been instrumen-
tal in driving and measuring progress in this area
by providing a standardized evaluation suite based
on real-world software repositories. To tackle these
complex tasks, agent systems (Yao et al., 2023)
like SWE-agent (Yang et al., 2024) and Open-
Hands (Wang et al., 2024a) have emerged, which
equip LLMs with tools to interact with a file sys-
tem, execute code, and browse the web. A parallel
line of works design workflows (Xia et al., 2024;
Orwall, 2024; Ma et al., 2024; Tao et al., 2025) to
tackle the problem. For example, Agentless (Xia
et al., 2024) focuses on structuring the problem
into a multi-stage work, typically involving identi-
fying relevant files (localization), generating a code
patch (repair), and validating the code patch (unit
test). While these agent-based and workflow ap-
proaches have proven effective, they often rely on
proprietary models to achieve top-tier performance.
Our work proposes a full training recipe to achieve
top-tier performance using open-weight models.

2.2 Training LLMs for Software Engineering

Beyond frameworks, a critical aspect of improving
SWE models is the training process itself. Current
training methodologies can be broadly categorized
into two groups: those that use static, execution-
free data and those that rely on execution-based
verification.

One category of methods relies on static
data from GitHub, thus forgoing live execution
from docker environments. For instance, CGM-
SWE (Tao et al., 2025) constructs a repository code
graph and directly uses the ground-truth patch for
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Supervised Fine-Tuning (SFT). Others apply more
sophisticated filtering or data augmentation; SWE-
fixer (Xie et al., 2025) uses a proprietary model
(GPT-40) to generate Chain-of-Thought demon-
strations for the oracle patch before SFT, while
Lingma SWE-GPT (Ma et al., 2024) and SWE-
RL (Wei et al., 2025) use a similarity-based metric
to heuristically compare generated patches against
the oracle patch, using the result for rejection sam-
pling or as an RL reward signal, respectively.

In contrast, the second line of approaches in-
volves creating high-fidelity training data through
execution-based verification. Works such as SWE-
Gym (Pan et al., 2024a), R2E-Gym (Jain et al.,
2025b), and Skywork-SWE (Zeng et al., 2025a)
collect real-world issues from GitHub and build
corresponding Docker environments to enable unit
test execution. Similarly, SWE-Smith (Yang et al.,
2025b) and SWE-Mirror (Wang et al., 2025b)
synthesize new issues within these environments.
These works typically employ a distillation strat-
egy: a powerful proprietary model (e.g., Claude
3.7 (Anthropic, 2025)) is used within an agent scaf-
fold (e.g., OpenHands (Wang et al., 2024a)) to gen-
erate solution trajectories. Only trajectories that
successfully pass the unit tests are collected and
used to fine-tune a smaller, open-weight student
model.

2.3 Reinforcement Learning from Verifiable
Rewards

Reinforcement Learning (RL) has become a cor-
nerstone for aligning LL.M behavior with desired
outcomes. While Reinforcement Learning from
Human Feedback (RLHF) (Ouyang et al., 2022) is
a widely used technique, it relies on costly and sub-
jective human annotations. An increasingly popu-
lar alternative is to source feedback directly from
a verifiable, objective environment, a paradigm re-
ferred to as Reinforcement Learning from Verifi-
able Rewards (Lambert et al., 2024; Luong et al.,
2024). This approach has shown great promise
in domains where correctness can be automati-
cally determined. For instance, in theorem proving,
models have been trained using feedback from for-
mal proof assistants like Lean (Moura and Ullrich,
2021; Xin et al., 2024); in mathematical reason-
ing, rewards are derived from the correctness of
the final answer when compared against an ora-
cle (Lambert et al., 2024; Luong et al., 2024; Shao
etal., 2024; Guo et al., 2025; Luo et al., 2025¢); and
in competitive programming, models are rewarded
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Figure 2: Data curation via rejection sampling. This
diagram illustrates the three parallel pipelines used to
generate and validate high-quality training data for the
Localization, Repair and Unit Test Generation tasks,
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Figure 3: Illustration of the LLM-driven patch gener-
ation process, which is enabled by three core abilities:
localization, repair and unit test generation.

for generating code that successfully passes a set
of predefined test cases (Le et al., 2022; Liu et al.,
2023a; Guo et al., 2025; Luo et al., 2025b). This
principle extends naturally to software engineer-
ing, where the test suite of a repository serves as
a powerful, built-in verifier. Several concurrent
works (Cao et al., 2025; Da et al., 2025; kim, 2025;
Luo et al., 2025a; Golubev et al., 2025) also lever-
age repository test suites as a reward source for
RL. Our work contributes to this emerging line of
research by integrating RL as the second phase of
our training recipe.

3 Methods: The SWE-Swiss Recipe:
Methodology

3.1 Decomposing Issue Resolution: A
Three-Skill Curriculum

Our SWE-Swiss recipe is founded on a prin-
cipled decomposition of this complex process.
We hypothesize that by breaking it down into a
curriculum of three fundamental and synergistic
skills—Localization, Repair, and Unit Test Gen-
eration—we can train more robust models. This
decomposition provides a structured approach to
model training, allowing for targeted data collec-
tion and skill development for each sub-task. Fig-
ure 3 illustrates how these skills synergize within
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the overall patch generation and validation process.

3.2 Data Curation via Verified Rejection
Sampling

We utilize rejection sampling (Zelikman et al.,
2022) as our core data curation methodology. This
strategy acts as a powerful filter, ensuring that every
data point in our training curriculum corresponds to
a verifiably successful outcome, thereby maximiz-
ing the quality of the learning signal. The process
involves two steps: first, using a powerful generator
LLM (DeepSeek-R1-0528 (Guo et al., 2025)) to
produce a large pool of candidate data points for
each skill, and second, applying a strict, execution-
based oracle (e.g., a test suite) to filter for only
successful examples. The data curation pipeline is
illustrated in Figure 2.

Localization: To teach the model to identify
the correct files to edit, we used training sets from
SWE-bench (Jimenez et al., 2023) and SWE-Gym-
Raw (Pan et al., 2024a), which contain GitHub
issues and their corresponding commit IDs. By
analyzing the GitHub repositories, we identify the
exact set of files modified in the ground-truth com-
mit for each issue. The generator model is then
prompted with an issue description and repository
file structure to predict which files require modifi-
cation. To prevent data contamination, instances
from repositories present in the SWE-bench test
set are excluded. A prediction is accepted into the
dataset only if it meets two strict curation criteria:
the number of predicted files is five or fewer, and
the recall is 1.0 (meaning all ground-truth modified
files are correctly identified). This process yields a
targeted dataset of 5,302 high-quality localization
examples.

Repair: To train the core task of generat-
ing a code patch, we utilize 12,097 issues and
corresponding executable Docker environments
from SWE-gym (Pan et al., 2024a) and SWE-
smith (Yang et al., 2025b), which yields 12,087
prompts. The generator model is prompted with
the issue, the oracle files (the ground-truth modified
files), and plausible but incorrect “distractor” files
(see Appendix A for more details). The curation
criterion is stringent: a generated patch is accepted
as a valid training instance only if it successfully
passes the unit tests within the provided Docker
environment. This rigorous, test-driven approach
compiles a dataset of 3,935 successful Repair ex-
amples.

Unit Test Generation: To enable the system

to validate its own fixes, we prompt the genera-
tor model with 12,097 issues from SWE-gym (Pan
et al., 2024a) and SWE-smith (Yang et al., 2025b)
to create new unit tests. The curation criteria re-
quire that a generated test’s execution behavior
be perfectly consistent with the ground-truth tests.
Specifically, the generated test must pass for known
correct patches and fail for known incorrect patches
(collected during our RL experiments), mirroring
the oracle’s behavior. This process produces a
dataset of 1,017 validated examples.

Together, these three curated datasets form a
comprehensive curriculum designed to teach the
fundamental competencies of software engineer-
ing.

3.3 Two-Phase Training Strategy

The curated data is used in a two-phase training
process (Team et al., 2025) (depicted in Figure 4),
designed to first build a broad foundation of skills
through SFT, and then sharpen repair capabilities
with RL.

3.3.1 Supervised Fine-Tuning

In the first phase, we perform supervised fine-
tuning on the Qwen2.5-32B-Instruct (Qwen et al.,
2025) model, combining all 10,254 examples from
the Localization, Repair, and Unit Test tasks. This
multi-task learning approach embeds the three dis-
tinct skills into a single, cohesive model, providing
it with a comprehensive understanding of the en-
tire issue-resolution workflow. This foundational
phase alone is effective, achieving a 36.0% score
on SWE-bench Verified without test-time scaling.
We name this SFTed model SWE-Swiss-SFT.

3.3.2 Reinforcement Learning from Verifiable
Rewards

Building on this strong SFT foundation, we initiate
a second phase focused on improving the most crit-
ical task: Repair. Given the same prompts from our
repair data curation, the model generates patches it-
self. Leveraging Docker environments, the patches
are then immediately evaluated against the reposi-
tory’s actual test suite, providing real-world feed-
back on the correctness of its generated code. The
reward function is a direct binary signal based on
test outcomes:

1 if patch passes unit tests
Rrepair = P p (1)
—1 otherwise
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Figure 4: Overview of the two-phase training strategy. A base model is first fine-tuned via SFT on the curated
multi-task dataset. The resulting SFT model then serves as the initial policy for a targeted RL phase, which iteratively
improves the model’s repair capabilities based on direct feedback from test execution environments.

We utilize the GRPO (Shao et al., 2024) algo-
rithm and adopt techniques including no KL loss,
clip higher, dynamic sampling, and token-level pol-
icy gradient loss from DAPO (Yu et al., 2025):

Jparo(0) = EQND {0} ~moy (1a)
G ol
min (7;4(0 zt>
[21 o 2 min @

clip <7°z‘,t(9), 1 — clow, 1 + Ehigh) Ai,t)

where g refers to the prompt sampled from the
dataset D. {0;}%, refers to a group of G out-
put sequences generated by the policy. 7;:(0) =
79 (04,¢19,04, <t)
o4 (03,¢1,0i,<t)
pling ratio and €y, €pign define the clipping range.

is the per-token importance sam-

Ai,t represent the advantage estimate, computed

based on the relative rewards of outputs within
R;—mean({R;}& ;)

std({R:}& )
Inspired by the principles of curriculum learning,

as demonstrated in POLARIS (An et al., 2025), we
implement a two-stage RL training process. This
ensures the model focuses its learning capacity on
problems where it stands to improve the most:

each group

» Stage One: The model first trains on the com-
plete set of prompts for 200 steps to build
broad competency across all problems.

 Stage Two: This stage involves performance-
based pruning of the training data, where
we remove prompts that the model has al-
ready achieved over 90% accuracy (we also
tried 75% but performed poorer). This cre-
ates a more challenging curriculum for a sec-
ond, concentrated training phase, pushing the

model to overcome its most persistent weak-
nesses. This stage consists of 90 steps of RL
training.

The impact of this targeted RL phase is pro-
found. On the SWE-bench Verified benchmark,
the model’s score jumps from a post-SFT baseline
of 36.0% to 45.0% based on single-patch genera-
tion alone, surpassing DeepSeek-R1-0528 (43.2%)
under the same evaluation setting. When combined
with multi-patch test-time scaling methods, the fi-
nal performance is further boosted to an impressive
60.2%.

4 Experiments

4.1 Experimental Setup

Training Configurations. SFT Phase: We fine-
tune SWE-Swiss-SFT-32B from the Qwen2.5-32B-
Instruct model (Qwen et al., 2025) for 2 epochs us-
ing the curated dataset from Section 3.2. This phase
uses a 100k context window, a dynamic batch size
averaging around 60, a learning rate of 2 x 1075,
and a weight decay of 0.1. RL Phase: The SWE-
Swiss-32B model is initialized from SWE-Swiss-
SFT-32B and trained using a two-stage curriculum:
an initial 200 steps on the full dataset, followed by
90 steps on the pruned, more challenging subset.
For rollouts, we use a prompt batch size of 128 and
sample 8 responses per prompt. For training, we
use a mini-batch size of 128, performing 8 gradient
updates per rollout step. The learning rate is set to
1 x 1075, Maximum prompt and response lengths
are 65,536 and 32,768 tokens, respectively. The
clipping parameters €., Enign are set to 0.2 and
0.28. For both training phases, we use the AdamW
optimizer (Kingma and Ba, 2014; Loshchilov and
Hutter, 2017).
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Table 1: Model performance across different approaches on SWE-Bench Verified. Rows corresponding to Qwen-
2.5-32B-Instruct are highlighted in a light cyan background. * Results are based on our own evaluation; all other

results are taken from their respective blogs or papers.

Approach #Params Framework Model Resolve Rate (%)
Proprietary Models
Agentless-1.5 (Xia et al., 2024) + GPT-40 (OpenAl, 2024a) — Agentless GPT-40 38.8
ol (OpenAl, 2024b) — Agentless ol 489
GPT-4.1 (OpenAl, 2025a) — Internal scaffold OpenAI-GPT-4.1 54.6
OpenHands + 03-mini (OpenAl, 2025¢) — OpenHands 03-mini 43.7
OpenHands + o4-mini (OpenAl, 2025b) — OpenHands 04-mini 56.8
03-mini (OpenAl, 2025¢) — Internal scaffold 03-mini 49.3
04-mini (OpenAl, 2025¢) — Internal scaffold o4-mini 68.1
OpenHands + Claude-3.7-Sonnet (Anthropic, 2025) — OpenHands Claude-3.7-Sonnet 60.6
Claude-3.7-Sonnet (Anthropic, 2025) — Internal scaffold Claude-3.7-Sonnet 70.3
OpenHands + Claude-4-Sonnet (Anthropic, 2025) — OpenHands Claude-4-Sonnet 70.4
Claude-4-Sonnet (Anthropic, 2025) — Internal scaffold Claude-4-Sonnet 72.7
Open-source Models
Devstral-Small-2505 (Mistral AT, 2025) 24B  OpenHands Mistral-Small-3.1-24B-Base-2503 46.8
SWE-Gym-32B (Pan et al., 2024b) 32B  OpenHands Qwen-2.5-Coder-32B-Instruct 32.0
Qwen-2.5-32B-Instruct* (Qwen et al., 2025) 32B  Agentless Qwen-2.5-32B-Instruct 30.2
Qwen-2.5-32B-Instruct* (Qwen et al., 2025) 32B  Agentless-Ours Qwen-2.5-32B-Instruct 222
SWE-Dev-32B (Wang et al., 2025a) 32B  OpenHands Qwen-2.5-Coder-32B-Instruct 36.6
SWE-agent-LM-32B (Yang et al., 2025b) 32B  SWE-Agent Qwen-2.5-Coder-32B-Instruct 40.2
Skywork-SWE-32B (Zeng et al., 2025b) 32B  OpenHands Qwen-2.5-Coder-32B-Instruct 47.0
R2E-Gym-32B (Zeng et al., 2025b) 32B  OpenHands Qwen-2.5-Coder-32B-Instruct 51.0
SWESynlInfer + Lingma SWE-GPT 72B (Ma et al., 2024) 72B  SWESynInfer Qwen-2.5-72B-Instruct 30.2
SWE-Fixer-72B (Xie et al., 2025) 72B  RAG Qwen-2.5-72B-Instruct 30.2
CGM-SWE-PY (Tao et al., 2025) 72B  Agentless + graph RAG Qwen-2.5-72B-Instruct 30.2
Agentless-1.5 + DeepSeek-V3 (Liu et al., 2024) 671B  Agentless DeepSeek-V3 42.0
Agentless-1.5 + DeepSeek-R1 (Guo et al., 2025) 671B  Agentless DeepSeek-R1 49.2
Agentless-1.5 + DeepSeek-R1-0528 (DeepSeek, 2025) 671B  Agentless DeepSeek-R1-0528 57.8
Ours
SWE-Swiss-32B * 32B  Agentless-Ours Qwen-2.5-32B-Instruct 58.0
SWE-Swiss-32B * 32B  Agentless-Ours + TTS heavy Qwen-2.5-32B-Instruct 60.2

Benchmark. All evaluations are conducted on
the SWE-bench Verified benchmark (Jimenez et al.,
2023; OpenAl, 2024c), a high-quality subset of 500
real-world software issues that have been manually
confirmed as solvable by human engineers.

Evaluation Pipeline. Our evaluation pipeline is
adapted from Agentless with the following mod-
ifications: 1) Simplified localization: Inspired by
Agentless Mini (Wei et al., 2025), we streamline
the localization stage. Instead of the original hi-
erarchical process (file — class/function — final
location), our model is only required to identify the
relevant files for a given issue. 2) Enriched prompts
for unit test generation: During the unit test gener-
ation phase, we enhance the model’s input prompt.
In addition to the original issue description, we
directly incorporate the full contents of the rele-
vant files identified in the localization stage. 3)
Enhanced self-consistency for patch selection: For
the final patch selection, we replace the standard
self-consistency method (majority vote) with our
own enhanced self-consistency algorithm (detailed
in Section 4.2). This allows for a more nuanced
selection from the generated patches. Maximum
prompt and response lengths are 65,536 and 32,768

tokens, respectively. More details can be found in
Appendix B.

4.2 Enhanced Self-consistency for Code
Generation

Vanilla self-consistency methods (Wang et al.,
2022), which rely on a majority vote over exact-
match outputs, are highly effective in domains with
concise, canonical answers, such as mathematics.
This approach, however, is less suitable for code
generation. In this domain, semantically equivalent
solutions can have numerous character-level varia-
tions—such as different variable names, comments,
or whitespace—which prevent otherwise identical
solutions from being grouped together and dilut-
ing the effectiveness of a simple majority vote. To
overcome this limitation, we propose Enhanced
Self-consistency, a scoring mechanism that aug-
ments the standard exact-match approach with a
similarity-based score. This hybrid method allows
us to identify not only the most frequent solution
but also the most representative solution within a
cluster of similar candidates. The final score for
any given candidate code c is the sum of these two
components:
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Score(c) = Scoregm(c) + Scoresim(c)  (3)

The first component, the Exact-Match Score
(Scoregy) , is the standard self-consistency mea-
sure. It is simply the frequency (raw count) of a
specific candidate code appearing in the complete
set of generated outputs. This score rewards the
solution that is generated most often in its exact
form. The second, more nuanced component is
the Similarity-Enhanced Score (Scoresiy,). This
score quantifies how well a candidate represents
a cluster of similar, plausible solutions. To cal-
culate it, we first compute the pairwise similarity
between all generated code snippets using Leven-
shtein Distance (Lcvenshtcin, 1966) as the metric
(we leave choosing other similarity functions as
future work). Then, for each candidate, we identify
its top-k most similar neighbors and average their
similarity scores. This final average rewards can-
didates that exist within a dense neighborhood of
plausible variations, even if they are not the most
frequent exact match. In our experimental setup,
the value of k is set to half of the total number of
generated patches. The candidate with the highest
combined score is selected as the final answer.

4.3 Main Results

The effectiveness of our SWE-Swiss training recipe
is demonstrated by the performance of SWE-Swiss-
32B on the SWE-bench Verified benchmark. As de-
tailed in Table 1, our 32B parameter model achieves
a final resolve rate of 60.2%. This result establishes
a new state-of-the-art for open-source models in the
32B class and positions SWE-Swiss-32B as a top-
performing model overall. Notably, our model sur-
passes the performance of significantly larger open-
source models. For instance, it outperforms the
671B parameter DeepSeek-R1-0528 (DeepSeek,
2025), which scored 57.8%. Furthermore, SWE-
Swiss-32B is competitive with some leading pro-
prietary models, achieving a score comparable
to Claude-3.7-Sonnet (Anthropic, 2025) (60.6%)
when used with the OpenHands framework and
exceeding others like 03-mini (OpenAl, 2025c)
(49.3%) and GPT-4.1 (OpenAl, 2025a) (54.6%).
However, our model still lags behind the best cod-
ing model Claude-4-Sonnet (Anthropic, 2025).
The progression of the model’s capability is illus-
trated in Figure 5, which shows that the two-stage
RL phase improves the single-patch generation per-
formance from a post-SFT score of 36.0% to 45.0%.

Table 2: Ablation study of training components. R,
L, and UT stand for repair, localization, and unit test
generation data, respectively.

Config. Resolve (%) Gain (%)
Qwen2.5-32B-Instruct 11.8

SFT Phase

+R 33.1 +21.3
+R+L 344 +1.3
+R+L+UT 36.0 +1.6
RL Phase

+R 45.0 +9.0

The final peak score of 60.2% is achieved by lever-
aging our Enhanced Self-consistency method at test
time, scaling the number of generated candidate
patches to 120, as shown in Figure 6. The over-
all landscape of model performance versus size is
visualized in Figure 1, where SWE-Swiss-32B is
clearly positioned in the top tier for performance
while having a much smaller parameter count than
many of its competitors.

4.4 Ablation Study

The ablation study in Table 2 systematically quan-
tifies the performance gains from each stage of
the SWE-Swiss training recipe. Starting with the
base Qwen2.5-32B-Instruct model, the initial Su-
pervised Fine-Tuning (SFT) phase, which incor-
porates curated data for Repair, Localization, and
Unit Test Generation, provides a substantial boost,
raising the model’s score to 36.0%. A subsequent,
targeted Reinforcement Learning (RL) phase adds
another significant gain of 9.0 percentage points,
pushing the single-patch performance to 45.0%.
The findings confirm that both the SFT and RL
phases are critical, complementary components
that contribute to the overall success of the SWE-
Swiss recipe.

4.5 Generalization on Other Tasks

To assess whether the skills acquired during train-
ing on software engineering tasks translate to
other domains, we evaluate the performance of
SWE-Swiss-SFT-32B and SWE-Swiss-32B on
a variety of general, mathematical, and cod-
ing benchmarks, comparing them against the
base Qwen2.5-32B-Instruct model. The tasks in-
clude MMLU (Hendrycks et al., 2021), MMLU-
pro (Wang et al., 2024b), GPQA-Diamond (Rein
et al.,, 2024), SuperGPQA (Du et al., 2025),
AIME2024 (MAA, 2024), AIME2025 (MAA,
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Figure 6: Test-time scaling performance of SWE-Swiss-
32B. The score improves as the number of generated
candidate patches increases. The model achieves its
peak performance of 60.2% with 120 generated patches.

Table 3: Performance of SWE-Swiss-32B and SWE-Swiss-SFT-32B beyond SWE-bench compared with Qwen2.5-

32B-Instruct.

Datasets Qwen2.5-32B-Instruct SWE-Swiss-SFT-32B SWE-Swiss-32B
General Tasks
MMLU 82.0 81.4 84.3
MMLU-pro 70.2 73.5 75.7
GPQA-Diamond 44.7 48.8 56.1
SuperGPQA 39.1 36.3 43.0
Math Tasks
AIME2024 15.3 22.7 26.7
AIME2025 11.3 18.3 19.0
Zebralogic 254 48.6 51.1
Coding Tasks
MBPP+ 74.9 72.8 79.4
BigCodeBench (C) 534 52.3 55.9
BigCodeBench-Hard (C) 23.6 27.0 27.7
Aider-Polyglot 8.9 24.0 249
LiveCodeBench_250201_250501 30.5 32.1 351

2025), Zebralogic (Lin et al., 2025), MBPP+ (Liu
et al., 2023b), BigCodeBench (Zhuo et al., 2025),
Aider-Polyglot', and LiveCodeBench (Jain et al.,
2025a). The results in Table 3 indicate that the final
SWE-Swiss-32B model consistently shows gains
across the board. While the intermediate SWE-
Swiss-SFT-32B model shows a more complex per-
formance profile with mixed results compared to
the base model, the subsequent reinforcement learn-
ing (RL) phase successfully resolves these incon-
sistencies.

5 Conclusion

In this paper, we introduce SWE-Swiss, a two-
phase training recipe designed to systematically
resolve complex software engineering tasks. Our
method first builds a foundational model through
multi-task Supervised Fine-Tuning (SFT) on three

"https://aider.chat/docs/leaderboards/

core skills—Localization, Repair, and Unit Test
Generation—using high-quality, curated datasets.
We then sharpen the repair skill via a targeted Re-
inforcement Learning (RL) phase that leverages
direct feedback from test execution environments.
The resulting model, SWE-Swiss-32B, achieves
a top-tier of 60.2% on the SWE-bench Verified
benchmark, demonstrating that a 32B parameter
model can rival the performance of significantly
larger counterparts. Alongside this recipe, we pro-
pose an Enhanced Self-consistency method for
more effective test-time scaling. Despite the spe-
cialized training, SWE-Swiss-32B generalizes well
to other popular benchmarks.
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Limitations

The limitations of our work are as follows:
Performance Gap with Frontier Proprietary Mod-
els: Although SWE-Swiss-32B establishes a new
standard for open-source models within its param-
eter class, a discernible performance gap persists
when compared to the leading proprietary models.
As indicated in Table 1, our model’s resolve rate
on SWE-bench Verified has not yet reached the
levels achieved by the best commercial models like
Claude-4-Sonnet. Closing this gap and enhanc-
ing the competitiveness of open-source solutions
remains a challenge for the research community.
Linguistic Specialization to Python: The train-
ing corpus for SWE-Swiss-32B is predominantly
composed of Python-based repositories. Extending
our training regimen to encompass a broader range
of languages would necessitate substantial compu-
tational resources and the curation of language-
specific datasets with executable environments,
which was beyond the scope of the present study.
We hypothesize that our methodology can be gener-
alized effectively to other programming languages,
representing a direction for future research.
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A Repair Prompt Construction via
RL-trained Localization

To create a more challenging training environ-
ment for the Repair task, this research explored
a strategy for generating “distractor files”. This is
achieved using an auxiliary localization model (ini-
tialized from SWE-Swiss-SFT-32B) trained with
Reinforcement Learning (RL), where a reward of
+1 is given for predicting no more than five files
with perfect recall. The files predicted by this
model, minus the known oracle files, are then used
as distractors in the Repair prompt.

This RL-based localization approach proved
to be effective for enhancing the performance of
weaker base models in our early development of
this project. However, it was observed that the
multi-task SFT phase already endowed the final
SWE-Swiss-32B model with a sufficiently power-
ful localization capability when augmented with
the embedding model (OpenAl, 2024d) for re-
trieval. Considering this, and for the sake of overall
recipe simplicity, this RL phase is not included
in the final presented recipe, though its utility for
other contexts is noted.

B Evaluation Pipeline

Our evaluation pipeline, adapted from the Agent-
less (Xia et al., 2024) and Agentless mini (Wei
et al., 2025) frameworks, operates in two modes
depending on the desired number of output patches
per issue.

Single-Patch Generation. For generating a sin-
gle patch, we use a direct, two-stage workflow.
First, the Localize module predicts the relevant
files. Second, the Repair module uses these files,
combined with files retrieved via text-embedding-
3-small [11], to generate a single candidate patch.

Multi-Patch Generation with Test-Time Fil-
tering. For generating multiple candidates, we
execute the Localize module multiple times and
generate multiple patches for each localization. A
filtering mechanism is activated to select the final
patch (as depicted in the bottom path in Figure 2):

1. Initial Filtering with Existing Regression
Tests: As a preliminary screening step, all
generated candidate patches are first evalu-
ated against the repository’s pre-existing re-
gression test suite.

2. Secondary Filtering with Generated Repro-
duction Tests: Patches that pass the initial
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regression testing then undergo a more tar-
geted validation using the LLM’s own newly
generated reproduction tests. The LLM gener-
ates these tests based on the issue description
and predicted relevant files. The tests them-
selves are first filtered to ensure they correctly
reproduce the issue before being used to eval-
uate the patches. The final test is selected via
self-consistency (majority vote).

. Final Selection: A final patch is selected via

our enhanced self-consistency.



