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Abstract

Prior representative ReAct-style approaches in
autonomous Software Engineering (SWE) typ-
ically lack the explicit System-2 reasoning re-
quired for deep analysis and handling complex
edge cases. While recent reasoning models
demonstrate the potential of extended Chain-
of-Thought (CoT), applying them to the multi-
turn SWE task creates a fundamental dilemma:
retaining full reasoning history leads to context
explosion and “Lost-in-the-Middle” degrada-
tion, while discarding it would force the agent
to redundantly re-reason at every step. To
address these challenges, we propose SWE-
AGILE, a novel software agent framework
designed to bridge the gap between reason-
ing depth, efficiency, and context constraints.
SWE-AGILE introduces a Dynamic Reason-
ing Context strategy, maintaining a “sliding
window” of detailed reasoning for immediate
continuity to prevent redundant re-analyzing,
while compressing historical reasoning con-
tent into concise Reasoning Digests. Empir-
ically, SWE-AGILE sets a new standard for
7B-8B models on SWE-Bench-Verified using
only 2.2k trajectories and 896 tasks. Code is
available at https://github.com/KDEGroup/
SWE-AGILE.

1 Introduction

The blossoming of Large Language Models
(LLMs) and Code Models (Hui et al., 2024a; Li
et al., 2025a) has revolutionized software engineer-
ing (SWE), enhancing efficiency in various tasks.
Particularly, there is a surge of works on SWE
agents for autonomously navigating repositories,
localizing bugs, and fixing bugs (Jimenez et al.,
2024; Yang et al., 2024b), i.e., the SWE task. The
SWE task is difficult because it involves using tools,
writing code, and debugging over multiple turns.
These activities are closely connected, requiring
heterogeneous reasoning capabilities.

Prior representative REACT-style (Yao et al.,
2023) approaches like SWE-Dev (Wang et al.,

2025a) and SWE-smith (Yang et al., 2025b)
train models with limited context length (e.g.,
Qwen2.5 (Yang et al., 2024a) and Qwen3 (Yang
et al., 2025a)) to generate actions alongside shallow
thought traces. However, without explicit System-2
reasoning (Li et al., 2025b) that is more analytical
and deliberate, it is hard for these methods to per-
form deep analysis and handle edge cases correctly.

Recent advancements in System-2 reasoning
models, such as OpenAl ol (Jaech et al., 2024)
and DeepSeek-R1 (DeepSeek-Al, 2025), suggest
that extending the Chain-of-Thought (CoT) (Wei
et al., 2022) length significantly enhances LLM’s
problem-solving capabilities. Attempting to har-
ness this potential in automatic SWE, agentic scaf-
folds relying on powerful reasoning LL.Ms allow
for long CoT during generation but discard these
reasoning traces in the historical context, retaining
only a concise description and the final action.

One key observation emerges from the recent
progress in System-2 reasoning models is that
discarding reasoning content upon the arrival of
the second round of messages results in signifi-
cant token inefficiency, forcing the model to re-
dundantly re-reason through the entire problem
for each subsequent tool call, as observed on
DeepSeek-V3.2 (DeepSeek-Al et al., 2025). Min-
iMax M2 (MiniMaxAI, 2025) also claims that
Agents require Interleaved Thinking and retaining
the full session history, including the reasoning con-
tent. This approach is made possible by its massive
context capacity of 204,800 tokens.

However, indiscriminately applying full-history
Interleaved Thinking to the multi-turn SWE task
presents fundamental scalability and efficiency
challenges. SWE agents typically engage in fre-
quent interactions involving extensive code re-
trievals and verbose execution logs. When retain-
ing the long CoT from every step, the context win-
dow expands rapidly. This creates two critical is-
sues. First, even for models capable of processing
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Figure 1: A comparison of context growth patterns in the
multi-turn SWE task: (1) Shallow Thinking maintains
low context cost but lacks reasoning depth. (2) Inter-
leaved Thinking enables deep System-2 reasoning but
suffers from rapid, linear context growth (steep context
bar). (3) SWE-AGILE enables a sustainable “Sawtooth”
growth pattern. Within the Sliding Reasoning Window,
the agent engages in deep reasoning (steep slope similar
to Interleaved Thinking); however, as steps progress,
historical thoughts are compressed into concise Reason-
ing Digests.

long inputs, performance often degrades as context
length increases, a phenomenon known as “Lost-in-
the-Middle” or attention dilution (Liu et al., 2024),
where the model struggles to retrieve relevant infor-
mation from the middle of a long sequence. Second,
processing such massive sequences demands exces-
sive GPU memory and drastically reduces training
speed due to computational overhead.

To address the above issues, we propose a novel
framework SWE-AGILE designed to bridge the
gap between reasoning depth, efficiency, and con-
text constraints in in the multi-turn SWE tasks.
Fig. 1 contrasts our approach with Shallow Think-
ing and Interleaved Thinking at the level of in-
ference. The main contributions of this work are
summarized as follows:

* Dynamic Reasoning Context: We propose a
hybrid dynamic context management strategy
that compresses every historical reasoning con-
tent into a concise reasoning digest for long-term
retention, while preserving a “Last-N-Steps” slid-
ing reasoning window of long CoT to maintain
cognitive continuity in the working context and
avoid redundantly re-analyzing the global state

at every turn.

Trajectory Snapshot Training: We introduce
a snapshot-based training objective to address
the misalignment between standard training and
dynamic inference. By decomposing trajecto-
ries into discrete snapshots with context-aware
masking, we force the model to learn under the
constraints of dynamic context at runtime.

Backfilling Data Synthesis: We develop a
“Hindsight Backfill” pipeline that augments suc-
cessful trajectories with detailed reasoning con-
tent and reasoning digests. This process lever-
ages future ground-truth actions to synthesize
high-quality, format-compliant training data tai-
lored to our dynamic context constraints.

¢ Compression-Aware Optimization: We de-
sign a trajectory-level Compression Rate Reward
within the Reinforcement Learning with Verifi-
able Rewards (RLVR) process. This mechanism
incentivizes the model to generate sufficiently de-
tailed reasoning for problem-solving while maxi-
mizing the conciseness of the digests, effectively
balancing performance with token efficiency.

Empirically, we validate SWE-AGILE on the
SWE-Bench Verified benchmark. Utilizing merely
2.2K training trajectories, SWE-AGILE achieves a
24.1% success rate, surpassing all existing 7B/8B
baselines. We attribute this success to the effective-
ness of our proposed paradigm: by fundamentally
resolving the conflict between reasoning depth and
context constraints, SWE-AGILE effectively elicits
latent System-2 reasoning ability.

2  Our Method

Fig. 2 provides an overview of SWE-AGILE. To
enable deep reasoning within a sustainable context
window, our framework is realized through three
parts: (1) Trajectory Snapshot Training (Sec. 2.1);
(2) Backfilling Reasoning and Digest (Sec. 2.2);
and (3) RLVR with Trajectory Level Compression
(Sec. 2.3).

2.1 Dynamic Reasoning Context and
Trajectory Snapshot Training

SWE-AGILE formalizes the agent’s interaction as
a sequence of steps t = {1,2,3,--- ,T}. Ateach
step, the generation and the context management
operate as follows: for step ¢, the model is required
to generate a composite response 1, consisting of
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Figure 2: Overview of SWE-AGILE. (1) Trajectory Snapshot Training: We decompose long trajectories into discrete
snapshots. In each snapshot, historical reasoning traces outside the Sliding Reasoning Window are replaced by
digests (d;) and masked from the loss, forcing the model to learn the target Y; (Reasoning r; — Digest d; — Action
at) based on a compact context C;. (2) Backfilling Reasoning and Digest: We synthesize high-quality training data
by employing a reasoning model to augment raw trajectories. Conditioned on the ground-truth future action, the
semantic hint and the dynamic context, the model backfills detailed reasoning (r;) and concise digest (d;). (3) RLVR
with Trajectory Level Compression: We introduce a compression-aware reward function. The model is incentivized
to maximize the reduction ratio between the actual hybrid context (L,y5ri4) and the hypothetical full context (£ i),
thereby learning to efficiently compress historical information without sacrificing task success (Isyccess)-

three strictly ordered components:

Yi=r®d®a (1)
where 7; is the detailed reasoning for analyzing the
current state, d; is the reasoning digest (i.e., a con-
cise digest of r; generated immediately thereafter),
and a; is the executable action.

To generate Y;, the model conditions on a hybrid
context Cy. Let NV denote the size of the sliding
reasoning window. The context C; is formulated
as the concatenation of long-term history with con-
densed reasoning and a detailed reasoning sliding
window. Specifically, while the full history of envi-
ronmental interactions (observations and actions)
is always retained, the reasoning traces () outside
the sliding window are replaced by their concise
digests (d):
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where oy is the observation of the tool calling result.

Our approach differs from standard interaction
summarization (e.g., LangChain’s Conversation-
SummaryBufferMemory and MemGPT’s working
context) (Packer et al., 2024). LangChain performs
incremental summarization of the previous dia-
logue history, resulting in a single, growing sum-
mary paragraph. MemGPT utilizes a fixed-size
block for unstructured text writable via function
calls. In contrast:

» Targeted Reasoning Compression: : Our Rea-
soning Digests specifically target the reasoning
traces rather than the general interaction history.

* Structured Modularity: Unlike a monolithic
summary, our per-step digests remain distinct
entities. This structured format not only better
aligns with pre-trained LLM behaviors, but also
mitigates the compounding risk of error propa-
gation—a prevalent challenge in sequential and
hierarchical LLM reasoning (Ma et al., 2026).

Standard SFT and RL typically treat a multi-turn
trajectory as a single contiguous sequence. How-
ever, SWE-AGILE’s inference imposes a strict dy-
namic visibility constraint: while environmental
history (observations and actions) remains fully
visible, detailed reasoning traces (r.) are transient.
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They are retained only within a sliding window
(N steps) for cognitive continuity before being per-
manently replaced by digests (d;). Training under
the standard contiguous sequence assumption vio-
lates this dynamic context setting, as it allows the
model to attend to all historical reasoning traces
(r1,72,...), which are explicitly hidden during
inference. Therefore, applying such a dynamic
context strategy brings the misalignment between
training and inference. Implementing complex, dy-
namic attention masks to retroactively hide pre-
vious reasoning tokens is engineering-intensive,
disrupting standard efficiency optimizations like

FlashAttention (Dao et al., 2022), and introducing

significant training overhead.

To align the training process with the inference
process, we decompose each full trajectory 7 of
length 7" into a set of discrete Trajectory Snapshots
S = {(Cy,Y3)}L_,. Each snapshot represents the
agent’s specific “world view” at step ¢, optimized
via a focused masking strategy:

* Frozen Snapshot Context (Mask=0): The in-
put C (Eq. 2) simulates the runtime state where
historical reasoning outside the sliding window
is already compressed. These tokens are visible
to attention but excluded from the loss, acting as
a fixed prompt.

* Active Target (Mask=1): The target Y; (Eq. 1)
comprises the current reasoning, reasoning di-
gest, and action. This is the sole learnable seg-
ment for the snapshot.

This decomposition ensures a rolling optimization:
every reasoning trace r; is optimized exactly once
in the active target Y; and subsequently serves
as a compressed reasoning digest in future snap-
shots, effectively resolving the training-inference
mismatch.

The necessity of the trajectory snapshots train-
ing can be also found in recent studies of context
management. AgentFold (Ye et al., 2025) executes
a “folding” operation, which manages its historical
trajectory at multiple scales: it can perform granu-
lar condensations to preserve vital, fine-grained de-
tails, or deep consolidations to abstract away entire
multi-step subtasks. Context-Folding (Sun et al.,
2025) procedurally branches into a sub-trajectory
to handle a subtask and then folds it upon comple-
tion, collapsing the intermediate steps while retain-
ing a concise summary of the outcome. They both
treat a trajectory as multiple training examples due
to context modification.

2.2 Backfilling Reasoning and Digest

We further introduce a hindsight backfill pipeline
to synthesize reasoning and digests based on exist-
ing successful trajectories to support the training
of SWE-AGILE, inspired by ActRe (Yang et al.,
2024c) and UI-TARS (Qin et al., 2025) on GUI
agent that address the lack of explicit reasoning
in GUI action traces through annotating interme-
diate “thoughts”. However, unlike recorded GUI
traces which are often purely action-driven, ex-
isting SWE trajectories typically contain shallow
natural language responses. Our pipeline upgrades
these sparse signals into explicit System-2 reason-
ing traces (r;) and reasoning digests (d;), bridg-
ing the gap between shallow heuristics and deep
problem-solving.

The pipeline operates on a raw trajectory 7 =
{(o1,51,a1),...,(op,sp,ar)}, where s; is the
shallow thought. We employ a strong reasoning
model as the reasoning synthesizer to backfill the
detailed reasoning traces of the trajectory step-by-
step.

For each step t, the synthesizer generates the rea-
soning trace r; and reasoning digest d; conditioned
on three critical inputs:

¢ The Ground-Truth Action a;: Unlike standard
inference, the model is provided with the fu-
ture action, allowing it to backfill a CoT that
inevitably leads to the correct decision.

* The Semantic Hint s;: The original shallow
thought is provided to preserve the agent’s ini-
tial intent, ensuring the synthesized reasoning
remains grounded in the trajectory’s logic.

* The Dynamic Context C;: We strictly simu-
late the inference-time visibility constraints de-
fined in Eq. (2). It includes the full history of
environmental interactions (observations and ac-
tions) but applies dynamic compression to rea-
soning: thoughts prior to the sliding window are
replaced by digests d, while detailed thoughts
r are retained only for the most recent IV steps.
Crucially, by exposing the immediate history of
detailed thoughts, we enable cognitive continu-
ity: the model builds incrementally upon its re-
cent reasoning process rather than redundantly
re-analyzing the global state at every turn.

Ultimately, each step is reformatted into a struc-

tured tuple (o, 7¢,ds, a;), where the shallow

thought s is replaced with detailed reasoning r and

reasoning digest d.
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We prioritize this backfilling strategy over direct
RLVR or rejection sampling for three reasons:

* Adaptive Reasoning Efficiency: In the SWE
task, the required depth of reasoning varies
widely across steps. Some steps are routine oper-
ational actions (e.g., executing a script as previ-
ously planned or simple navigation) that require
only surface-level intent verification. While
other steps, such as analyzing a confusing er-
ror message, designing a new function structure
or figuring out why a bug occurred, require sus-
tained System-2 reasoning to handle ambiguity.
We categorize them into Reflexive Steps and De-
liberative Steps. Backfilling reasoning enables
more controllable reasoning depth compared to
raw trajectory collecting.

* Format Enforcement: Pre-trained models’ gen-
eration often fails to strictly adhere to the “Rea-
soning — Digest — Action” format during multi-
turn interactions. Backfilling reasoning and di-
gest allow explicitly enforcing this format, creat-
ing a stable starting checkpoint for later RLVR.

* Data Scalability: Directly collecting new trajec-
tories using our paradigm from scratch is compu-
tationally expensive due to the high cost of envi-
ronment execution and the low success rate. To
alleviate this issue, we leverage existing success-
ful trajectories, allowing rapidly synthesizing the
data by simply annotating gold trajectories and
avoiding the need for extensive exploration.

2.3 Optimization via RLVR with Reasoning
Compression

After SFT, we employ RLVR to optimize the pol-
icy. The objective is to increase the task success
rate while decoupling reasoning depth from context
cost: the agent should learn to expand its reasoning
() sufficiently to solve complex problems (De-
liberative Steps), while minimizing the permanent
context via concise Reasoning Digests (d;).

Trajectory-Level Compression Rate. We first
introduce a metric to quantify the efficiency of con-
text management. Let |7¢| denote the token length
of the complete interaction tuple (o, 7, d¢, ay) at
step t. L, = Y, || is the hypothetical total
context size if the full history (including all reason-
ing 1) were retained. Lp,ypriq is the actual context
size under our dynamic policy, where r; is pruned
from the history outside the sliding window. The
trajectory-level compression rate is defined as the

global reduction ratio:

Lhybrid

Heomp = 1= Lpar
u

3)

This metric reflects the percentage of total context
memory saved.

Reward Function. The overall reward R(7) con-
ditions efficiency on effectiveness:

R<T) = Tsuccess - (1 +3- min(Rcomp(T); ’Y)) , 4

where Igecess € {0, 1} denotes task success, 3 de-
notes the weight of the compression reward, and
is a clipping threshold. The clipping mechanism
prevents the model from artificially bloating rea-
soning traces (r;) merely to inflate the denominator
of Reomp beyond the saturation point.

The multiplicative gating Igyccess €nsures that
compression rewards are added only on successful
trajectories, effectively preventing the model from
trading correctness for compression scores.

Global vs. Local Compression Rate: Handling
Heterogeneous Step Complexity. A critical de-
sign choice is utilizing a global trajectory-level met-
ric rather than an average of step-wise compression
ratios (e.g., 7 (1 — ézzgfg)) This design choice
is driven by the categorization of Reflexive Step
and Deliberative Steps of the SWE task described

in Sec. 2.2:

* Robustness to Reflexive Steps: In Reflexive
Steps, the necessary reasoning r; is naturally
brief, often resulting in a reasoning digest d; of
comparable length (i.e., [r| = |d;|). This yields
a near-zero local compression score. A step-wise
objective would incentivize the model to “reward
hack” by inflating r; with redundant tokens dur-
ing these simple steps merely to increase the
denominator and improve the local ratio.

* Incentivizing Depth in Deliberative Steps: The
global compression rate is tolerant of low com-
pression in Reflexive Steps (which contribute
minimally to the total sums). Instead, it drives
the model to focus its optimization efforts on
Deliberative Steps, where |r;| is large and the po-
tential for substantial context saving (|| — |d|)
is high.

Consequently, this optimization process estab-
lishes a dynamic balance between reasoning depth
and context compression. By decoupling the tran-
sient reasoning overhead (generating r;) from the
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permanent context retention (storing d;), the model
learns an adaptive strategy: it behaves as a deep
thinker during complex problem-solving moments
to ensure Igccess, While acting as a concise dis-
tiller of its historical thoughts to maximize Reomp,
thereby achieving competitive performance and to-
ken efficiency.

3 Experiment
3.1 Experiment Setup

Dataset. Our training pipeline consists of two
stages utilizing distinct data sources. For the Cold-
Start SFT phase, we use a high-quality subset of
2.2k trajectories from the SWE-Dev dataset (Wang
et al., 2025a) (originally 19.3k). Since the original
data lacks explicit System-2 reasoning, we apply
our backfilling data synthesis pipeline (Sec. 2.2)
to augment these trajectories using Qwen3-235B-
A22B-Instruct-2507'.  We further collect 200
trajectories via rejection sampling using Qwen3-
235B-A22B-Thinking-25072. This small batch uti-
lizes the exact same paradigm and scaffold as the
subsequent RLVR phase to minimize distribution
shift.

We compare all methods on the SWE-Bench-
Verified (Jimenez et al., 2024) benchmark, which
evaluates Al systems on their ability to solve 500
software issues from 12 real world GitHub reposi-
tories.

Base Model. Unlike prior research (e.g., R2E-
Gym (Jain et al., 2025) that utilizes the coding-
specialized Qwen2.5-Coder (Hui et al., 2024b)),
we select Qwen3 (Yang et al., 2025a) as our base
model. This choice is driven by our research ob-
jective to explore the potential of SWE-AGILE.
A base model with strong reasoning capabilities
serves as a more suitable subject for this explo-
ration than a model strictly optimized for coding
capabilities without thinking abilities.

Implementation Details. Our agentic scaffold is
built upon R2E-Gym. We make slight modifica-
tions on the prompt to enforce the proposed “Rea-
soning — Digest — Action” workflow. See more
detail in Appendix A. For the RLVR phase, we
utilize 896 diverse tasks from the R2E-Gym subset
environment. At the SFT stage, detailed hyperpa-

"https://huggingface.co/Qwen/
Qwen3-235B-A22B-Instruct-2507

2https://huggingface.co/Qwen/
Qwen3-235B-A22B-Thinking-2507

rameters are provided in Appendix B. During the
rollout phase of RLVR, we set the maximum num-
ber of steps to 50, and a strict maximum number of
tokens every response generated to 4096 to avoid
too verbal reasoning. Any rollout that triggers one
of the conditions in max steps, max tokens per re-
sponse, max context, trajectory timeout or submit
will terminate. We use DAPO (Yu et al., 2025b)
algorithm to optimize policy, and detailed hyper-
parameters are provided in Appendix B. We use
XML-based tool calling format (see Appendix C
for discussion).

Evaluation Settings. We limit the maximum num-
ber of steps to 60, the maximum number of context
tokens to 65536. We run each evaluation 2 times
and report the mean value of metrics.

3.2 Overall Performance

Tab. 1 summarizes the performance of SWE-
AGILE compared to state-of-the-art open-source
and closed-source models on SWE-Bench-Verified.
From the results, we have the following observa-
tions.

Our method SWE-AGILE, utilizing the Qwen3-
8B model, establishes a new performance standard
for models in the 7B-8B parameter class. Start-
ing from a general-purpose Qwen3-8B base, SWE-
AGILE (SFT) achieves a success rate of 21.45%,
representing a substantial 35.5% relative improve-
ment over the base model (15.83%). This verifies
the efficacy of SWE-AGILE paradigm in eliciting
System-2 reasoning capabilities even in 8B mod-
els. Remarkably, SWE-AGILE (SFT) achieves
this performance using only 2.2k training tra-
jectories, a mere 11% of the 19.3k dataset uti-
lized by SWE-Dev. With the integration of our
compression-aware RLVR, SWE-AGILE further
elevates the success rate to 24.05%, outperform-
ing all reported baselines of comparable size. No-
tably, despite being an 8B model, SWE-AGILE
surpasses the Qwen3-based SkyRL-Agent-v0-14B
(21.6%). Additionally, we explored the scalability
of our method on larger models. While computa-
tional constraints limited our ability to perform full
RLVR on a 14B model, applying our SFT pipeline
to Qwen3-14B yielded a success rate of 30.06%
on SWE-Bench-Verified, significantly surpassing
existing 14B baselines. We also evaluated SWE-
AGILE-8B on SWE-Bench Lite, where it achieved
a success rate of 14.77%, outperforming compara-
ble baselines such as SWE-smith-7B (11.7%) and
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R2E-Gym (11.0%).

3.3 Analysis of Dynamic Reasoning Context

We utilize the Qwen3-8B model to conduct a con-
trolled analysis of reasoning context management
and training paradigms. The results, detailing ac-
curacy, average steps, and token consumption, are
presented in Tab. 2.

Lost-in-the-Middle. Comparing Rows (2) and (3)
confirms the “Lost-in-the-Middle” phenomenon
discussed in the Sec 1. Retaining full reason-
ing history (Interleaved Thinking) significantly de-
grades performance (12.42%) compared to discard-
ing it (Current-Step Thinking)(15.83%), despite
the richer context. Additionally, we hypothesize
that this degradation may also be partially related
to the post-training process of Qwen3 models. On
the contrary, while the average number of steps is
more compared to Current-Step Thinking, SWE-
AGILE paradigm ensures that the context length
remains manageable. This allows the 8B model to
handle long-horizon tasks without suffering from
the “Lost-in-the-Middle” phenomenon.

Shallow Reasoning SFT Data Degrades Rea-
soning Capability. Paradoxically, SFT on orig-
inal 2.2k SWE-Dev trajectories (Row 4) performs
worse (14.83%) than the base model (15.83%).
This indicates that training on data restricted to
shallow reasoning traces actually constrains the
model: it learns to align with the superficial heuris-
tics of the dataset rather than leveraging its full
pre-trained potential for deep problem-solving.
We decompose the model response into Reason-
ing, Textual Summary and Action. For our method,
Textual Summary corresponds to the Reasoning Di-
gest. For the Current-Step baseline, represents the
standard Thought trace used to justify the action.

Efficiency of SWE-AGILE. To understand how
SWE-AGILE achieves efficiency, we decompose
models’ average per-step response into Active Rea-
soning (r¢) and Textual Summary (d;) in Fig. 3.

A key observation is that Current-Step Think-
ing generates the most verbose active reasoning
(~1,075 tokens/step). Lacking access to enough
information of the previous thought, the agent suf-
fers from contextual amnesia and is forced to re-
dundantly reconstruct the state from raw obser-
vations at every turn. In contrast, SWE-AGILE
(SFT+RL) significantly reduces this load to ~819.6
tokens/step (—28%). This confirms that our Rea-
soning Digests and Sliding Reasoning Window act
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Figure 3: Average Response Length per Step.

as an effective cognitive cache, allowing the agent
to perform incremental reasoning rather than re-
dundant re-analysis.

While our current paradigm implicitly reduces
redundant state reconstruction, a highly promis-
ing direction to strictly enforce this efficiency is to
quantitatively monitor the reasoning content. By
calculating the embedding similarity between con-
secutive reasoning steps or employing an LLM-as-
a-Judge, future iterations can explicitly filter out
repetitive SFT trajectories or design targeted RLVR
penalties, pushing the boundary of cognitive effi-
ciency even further.

Effect of Compression Reward. Comparing RL
w/o Compression Reward and RL, we can see that
the Compression Reward reduces the Textual Sum-
mary (d;) by 33.4% (41 — 27.3 tokens), while
maintaining a comparable task success. As tool ex-
ecution outputs also consume a large portion of the
context window in agentic tasks, tool execution is
essential to SWE tasks and the CR mechanism can
be readily extended to compress verbose tool out-
puts. Although saving 13.7 tokens per step seems
small in isolation, it represents a 33.4% relative
reduction in the reasoning digest. When combined
with tool output compression, the agent could have
significantly more interaction turns before hitting
context limits, thereby compressing more tokens in
reasoning digests.

Overall, the above experimental results and
findings demonstrate that SWE-AGILE success-
fully decouples reasoning depth from context cost,
achieving the Pareto frontier of performance and
efficiency.

4 Related Work

Recent advancements in LLMs have spurred the
rapid development of autonomous agents across
diverse domains, including GUI agents (Lian et al.,
2025; Wang et al., 2026; Zhang et al., 2026; Wang
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Approach Base Model Scaffold Data | SUCCESS RATE
Closed Weight Models
OpenHands (Wang et al., 2025d) GPT-5 OpenHands - 71.80
OpenHands Claude 4 Sonnet OpenHands - 70.40
SWE-agent (Yang et al., 2024b) Claude 4 Sonnet SWE-agent - 66.6
Agentless-1.5 (Xia et al., 2025a) GPT-40 Agentless - 38.8
SWE-RL (Wei et al., 2025) Llama-3.3-70B Agentless Mini - 41.0
Open Weight Models
Lager than 32B
Qwen3-Coder Qwen3-Coder-480B  OpenHands - 69.6
Kimi-K2 Kimi-K2-1T OpenHands - 65.4
GLM-4.5 GLM-4.5-355B OpenHands - 64.2
SWE-fixer (Xie et al., 2025) Qwen2.5-72B Pipline - 32.8
Kimi-Dev (Yang et al., 2025c) Qwen 2.5-72B SWE-Agent 150B tokens + 48.6
CodeFuse-CGM (Tao et al., 2025)  Qwen2.5-72B Graph RAG 200k issue-patch pairs 50.4
32B/30B
SWE-Gym (Pan et al., 2025) Qwen2.5-Coder-32B  OpenHands - 20.6
R2EGym (Jain et al., 2025) Qwen2.5-Coder-32B R2EGym 3.3k trajectories 34.4
SWE-Dev (Wang et al., 2025a) Qwen2.5-Coder-32B  OpenHands 19.3k trajectories 36.6
Skywork-SWE (Zeng et al., 2025)  Qwen2.5-Coder OpenHands 8k trajectories 38.0
SWE-smith (Yang et al., 2025b) Qwen2.5-Coder-32B  SWE-agent 5k trajectories 40.2
DeepSWE (Luo et al., 2025b) Qwen3-32B R2EGym 4.5k SWE tasks 42.2
ENTROPO-KTO (Yu et al., 2025a) Qwen3-Coder-30B R2EGym - 49.3
14B
SWE-Gym Qwen2.5-Coder-14B  OpenHands - 16.4
SkyRL-Agent-v0 (Cao et al., 2025) Qwen3-14B OpenHands - 21.6
R2EGym Qwen2.5-Coder-14B  R2EGym 3.3k trajectories 26.8
SWE-AGILE (SFT) Qwen3-14B R2EGym 2.2k trajectories 30.06
7B/8B

SWE-Gym Qwen2.5-Coder-7B  OpenHands 491 trajectories 10.6
SWE-smith Qwen2.5-Coder-7B SWE-agent 5k trajectories 15.2
R2EGym Qwen2.5-Coder-7B. R2EGym 3.3k trajectories 19.0
SWE-Dev Qwen2.5-Coder-7B  OpenHands 19.3k trajectories 234
Qwen3 Qwen3-8B R2EGym - 15.83
SWE-AGILE (SFT) Qwen3-8B R2EGym 2.2k trajectories 21.45
SWE-AGILE (SFT+RL) Qwen3-8B R2EGym + 896 SWE tasks 24.1

Table 1: Performance Comparison on SWE-Bench-Verified benchmark.

Method

Inference Baselines (Base Model)
(1) Disable Thinking

| Avg Steps | Success Rate (%)

Wang et al., 2025b; Hu et al., 2026b; Zhu et al.,
1395 0.03 2026). In parallel with these advancements, re-

(2) Interleavd Thinking 12.42 searchers are increasingly focusing on the highly

(3) Current-Step Thinking 15.77 15.83 . . .

SFT challenging, multi-turn domain of SWE Agent.

(4) Standard SFT (w/o Backfilling) 23.85 14.83

(5) SWE-AGILE (SFT) 21.00 21.45

RLVR 4.1 SWE Agent

(6) Standard SFT+RL 18.89 16.03

7) SWE-AGILE (SFT+RL w/o CR 22.66 23.45 . . .

& SWE-AGILE SrTeRDy Y | Sas 5108 Agentic SWE Scaffolds and Pipelines. Current

approaches for automated software engineering

Table 2: Ablation study on context management and
training strategies. We report the Average Steps per
trajectory (as a proxy for exploration depth) and the
Success Rate on SWE-bench-Verified. w/o CR denotes
the ablation setting where the Compression Reward is
excluded during RLVR.

et al., 2025¢; Gan et al., 2026; Chen et al., 2025),
search agents (Tang et al., 2025; Team et al., 2026),
optimization techniques for agent tasks accelera-
tion (Huang et al., 2026), alongside various other
emerging agentic frameworks (Yang et al., 2026;

broadly fall into two categories: agentic scaffolds
and pipeline-based frameworks. Agentic scaffolds,
such as SWE-agent (Yang et al., 2024b) and Open-
Hands (Wang et al., 2025d), empower LLMs to
autonomously solve tasks by actively navigating
repositories, editing files, and executing shell com-
mands. To further enhance decision-making, SWE-
Search (Antoniades et al., 2025) integrates Monte
Carlo Tree Search (MCTYS) into the agentic loop.
Conversely, pipeline-based frameworks do use
agentic paradigm, but applying structured, multi-
stage workflows (Xia et al., 2025a; Yang et al.,
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2025¢; Tao et al., 2025; Wei et al., 2025). Beyond
repository-level bug fixing, agentic frameworks are
also effectively deployed for automated adversarial
testing to expose code vulnerabilities (Shi et al.,
2026).

Environment Curation. Addressing the scarcity
of high-quality training trajectories and evaluation
tasks, recent research focuses on proposing novel
pipelines to create SWE environments (Pan et al.,
2025; Jain et al., 2025; Wang et al., 2025a; Yang
et al., 2025b; Zeng et al., 2025; Guo et al., 2026).

Training and Inference-Time Scaling Building
on these data foundations, works such as SWE-Deyv,
Kimi-Dev (Yang et al., 2025¢), ENTROPO (Yu
et al., 2025a) and DeepSWE (Luo et al., 2025b)
investigate post-training paradigms like Rejection
Sampling Fine-tuning, DPO (Rafailov et al., 2023),
and GRPO (Shao et al., 2024) to effectively en-
hance the capabilities of SWE Agents. Comple-
mentary to training, inference-time scaling strate-
gies have proven effective for boosting perfor-
mance during deployment. Approaches utilized in
R2E-Gym, SWE-Dev, DeepSWE, Skywork-SWE
and ENTROPO leverage inference-time scaling
techniques such as verifier-guided Best-of-N se-
lection to maximize the success rate of tasks.

4.2 CoT Compression

Recent advancements in LLMs, such as OpenAl
ol and DeepSeek-R1, have improved performance
in System-2 reasoning domains like mathematics
and programming by harnessing supervised fine-
tuning and reinforcement learning techniques to
enhance the Chain-of-Thought (CoT) reasoning.
While appropriate CoT sequences improve perfor-
mance, overlong CoT sequences may introduce sig-
nificant computational overhead and attention dilu-
tion, and even trigger cognitive side-effects such as
“narrative overfitting”, where agents synthesize spu-
rious causal relationships to force coherence (Sui
et al., 2025; Hu et al., 2026a). (Arora and Zanette,
2025) trains models to produce minimal yet correct
CoT by rewarding correctness while penalizing rea-
soning length to encourage efficient reasoning. To-
kenSkip (Xia et al., 2025b) enables LLMs to skip
redundant tokens within CoTs with controllable
compression ratio. O1-Pruner (Luo et al., 2025a)
introduces the Length-Harmonizing Reward, com-
bined with a PPO-style loss, to optimize reasoning
LLMs by effectively shortening the CoT length.
Without relying on a reference model, DAST (Shen

et al., 2025) employs SimPO to fine-tune reason-
ing LLMs using a constructed length preference
dataset.

Recent CoT compression techniques like Light-
Thinker (Zhang et al., 2025) and InftyThink (Yan
et al., 2025) focus on compressing the internal
thinking process within a single turn. Differently,
SWE-AGILE addresses the challenge of maintain-
ing cognitive continuity across multi-turn environ-
mental interactions. Hence, SWE-AGILE is or-
thogonal to those CoT compression techniques and
can be deployed in conjunction with them.

5 Conclusion

In this paper, we introduce SWE-AGILE, a frame-
work designed to reconcile reasoning depth with
context constraints in the long-horizon SWE task.
By integrating a Dynamic Reasoning Context
supported by trajectory snapshot training and
compression-aware RLVR, SWE-AGILE enables
agents to leverage explicit System-2 reasoning
while preventing context explosion.

Crucially, by effectively decoupling transient
reasoning overhead from permanent context reten-
tion, this framework lays a solid groundwork for
explicitly identifying and minimizing redundant
re-analyzing as discussed in Efficiency of SWE-
AGILE in Sec. 3, thereby opening new avenues
for optimizing agent cognitive efficiency in future
research.

Limitation

In current version of SWE-AGILE, the size of the
sliding reasoning window is set to a random integer
between [2, 5| during backfilling, SFT, RLVR and
inference. Although this setting reveals the robust-
ness of SWE-AGILE, more analysis of the size of
the sliding reasoning window remains unexplored.
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Hyperparameter Value
Learning Rate 1x10°6
Global Batch Size 16
Mini-Batch Size 8
Generations per Prompt (G) 8
Max Prompt Length 28,582
Max Response Length 4096
Clip Ratio (Low / High) 0.2/0.28
KL Coefficient 0.0
Compression Reward Weight g 0.2
Compression Clipping threshold ~ 0.55
Temperature 1.0
Repetition Penalty 1.15
Total Epochs 1

Table 3: Hyperparameters for RLVR (DAPO) Training
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A Scaffold

Following R2E-Gym, we use four tools to enable
the agent to perform diverse SWE tasks; 1) file edi-
tor: for viewing and editing files, 2) search tool: for
searching a relevant term in a given file or folder, 3)
execute bash: allowing execution of non-interactive
bash commands (e.g., for running test scripts), 4)
submit: for ending the current trajectory while re-
turning expected outputs.

SWE-Dev trajectories use only three tools,
which are basically the same R2E-Gym but lack
2) search tool, although using the bash tool can
basically achieve the same effect of a search tool.
Therefore, we further collect about 200 trajectories
on tasks from R2E-Gym using the four tools to
supplement SFT data.

The detailed prompts are provided in Fig. 4 and
Fig. 5.

B Detailed Hyperparameters

Tabs. 3 and 4 provide more detailed hyperparame-
ters.

C Tool Calling Format

Standard JSON-based tool calling poses significant
robustness challenges in the SWE task. Since tool
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Hyperparameter Value

Learning Rate 1x107°
Batch Size 32

Max Sequence Length 26000 tokens
Total Epochs 4

Sliding Window Size  random in [2, 5]

Table 4: Hyperparameters for Snapshots Training

arguments often include code snippets containing
strings and special characters, encapsulating this
content within a JSON structure requires complex,
multi-level escaping. This complexity frequently
leads to syntax errors, particularly when model ca-
pabilities are limited. To mitigate these nesting and
escaping issues, we adopt an XML-based tool call-
ing format, which allows for more robust parsing
of raw code content.
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System Prompt for SWE-AGILE

You are a programming agent who is provided a github issue and repository bash environment and is tasked to solve certain tasks
(e.g., file localization, testcase generation, code repair and editing etc) to resolve the issue.

We have access to the following functions:

— BEGIN FUNCTION #1: file_editor —
Description:
Custom editing tool for viewing, creating and editing files

[Skip details. See the full prompt in our GitHub repository.]

— END FUNCTION #4 —

Your every response MUST follow a precise three-part structure:

1. **reasoning ('<think>"):** Use this space to analyze observations, debate potential causes, and plan the next step. **Note: **
The length and depth of this section should adjust dynamically based on the task complexity (see "Adaptive Reasoning Depth"
below).

2. *¥*reasoning_digest:** A compressed summary of your current thought and intent inside
‘<reasoning_digest>...</reasoning_digest>" tags.

3. **action:** The tool call using the specified XML format.

[Skip details. See the full prompt in our GitHub repository.]

<IMPORTANT>

## 1. Context

* **Transient “<think>":** Only some recent "<think>" blocks is visible to you in the next turn. Old thoughts vanish.
* **persistent ‘<reasoning_digest>":** All <reasoning_digest>" blocks remain in history forever.

## 2. Adaptive Reasoning Depth

* **Complex Reasoning:** Use **deep, detailed, and exploratory** reasoning when the step involves uncertainty, diagnosis,
or design.

* *Examples:* Analyzing a confusing error message, designing a new function structure, figuring out why a bug occurred, or
deciding a complex test strategy.

* *Instruction:* Break down the logic step-by-step. But do **not** make too many assumptions and do **not** be too
verbose.

* **Routine Execution:** Use **concise** reasoning when the step is deterministic, mechanical, or part of an already-made
plan.

* *Examples:* Executing a script you just decided to run or simple navigation.

* *Instruction:* Do not over-analyze. State your intent directly (e.g., "Executing the test script as planned") and verify the
action.

## 3. Continuity

* **Bridge the Gap:** Start your “<think>" by explicitly connecting to the previous reasoning and the execution result of the
last step, building a logical bridge to your next action.

* ¥**No Redundancy:** Do not re-state the overall project goal or background info if not necessary. Do not re-analyze content
that was already covered in previous reasoning steps unless an error or unexpected result necessitates re-reanalyzing.

[Skip details. See the full prompt in our GitHub repository.]

Figure 4: The System Prompt for SWE-AGILE. Coherent with Backfilling Prompt, it helps reducing redundant
re-analyzing.
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System Prompt for SWE-AGILE

You are a programming agent who is provided a github issue and repository bash environment and is tasked to solve certain tasks
(e.g., file localization, testcase generation, code repair and editing etc) to resolve the issue.

We have access to the following functions:

— BEGIN FUNCTION #1: file_editor —
Description:
Custom editing tool for viewing, creating and editing files

[Skip details. See the full prompt in our GitHub repository.]

— END FUNCTION #4 —

Your every response MUST follow a precise three-part structure:

1. **reasoning ('<think>"):** Use this space to analyze observations, debate potential causes, and plan the next step. **Note: **
The length and depth of this section should adjust dynamically based on the task complexity (see "Adaptive Reasoning Depth"
below).

2. *¥*reasoning_digest:** A compressed summary of your current thought and intent inside
‘<reasoning_digest>...</reasoning_digest>" tags.

3. **action:** The tool call using the specified XML format.

[Skip details. See the full prompt in our GitHub repository.]

<IMPORTANT>

## 1. Context

* **Transient “<think>":** Only some recent "<think>" blocks is visible to you in the next turn. Old thoughts vanish.
* **persistent ‘<reasoning_digest>":** All <reasoning_digest>" blocks remain in history forever.

## 2. Adaptive Reasoning Depth

* **Complex Reasoning:** Use **deep, detailed, and exploratory** reasoning when the step involves uncertainty, diagnosis,
or design.

* *Examples:* Analyzing a confusing error message, designing a new function structure, figuring out why a bug occurred, or
deciding a complex test strategy.

* *Instruction:* Break down the logic step-by-step. But do **not** make too many assumptions and do **not** be too
verbose.

* **Routine Execution:** Use **concise** reasoning when the step is deterministic, mechanical, or part of an already-made
plan.

* *Examples:* Executing a script you just decided to run or simple navigation.

* *Instruction:* Do not over-analyze. State your intent directly (e.g., "Executing the test script as planned") and verify the
action.

## 3. Continuity

* **Bridge the Gap:** Start your “<think>" by explicitly connecting to the previous reasoning and the execution result of the
last step, building a logical bridge to your next action.

* ¥**No Redundancy:** Do not re-state the overall project goal or background info if not necessary. Do not re-analyze content
that was already covered in previous reasoning steps unless an error or unexpected result necessitates re-reanalyzing.

[Skip details. See the full prompt in our GitHub repository.]

Figure 5: The Prompt for Backfilling Reasoning and Digest. Coherent with Agent System Prompt, it helps reducing
redundant re-analyzing.
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