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Abstract

Repository-level software repair is commonly approached by plac-
ing a language model in a free-form loop: the model explores the
codebase, runs commands, edits files, interprets failures, and de-
cides when the issue is resolved. This design works well for highly
capable models, but it places many responsibilities on the model
at once. When a smaller model fails, it is therefore difficult to tell
whether it cannot produce the required patch, or whether it be-
comes lost while organizing the steps that lead to it. This paper
studies an alternative design in which the repair process is de-
composed into explicit stages. In particular, we separate finding
the relevant code, constructing and using an executable signal of
the bug, and generating the final edit. This perspective treats the
harness not as a passive wrapper, but as part of the system being
designed. We evaluate eight open-weight models from two families,
ranging from 0.8B to 31B parameters, on a subset of SWE-bench
Verified. Our results show that harness-managed control flow can
substantially improve the effectiveness of the smallest models. For
example, Gemma 4 E2B improves from 5.0% in the free-form loop
to 27.4% in the decomposed repair loop and Gemma 4 E4B from
14.6% to 45.7%. Because the stages interact only through the con-
text they build, they need not all be performed by the same model:
handing localization and reproduction to stronger open-weight
models, while the small model remains responsible only for the
edit, raises the same two models further, to 39.8% and 53.7%. These
findings suggest that small models can be useful for repository
repair when responsibilities are divided across explicit stages that
can be independently assigned to the component best suited to
each.
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1 Introduction

Resolving an issue in a real software repository (e.g. interpreting
a bug report, locating the responsible code among thousands of
files, and producing a patch that fixes the defect without break-
ing anything else) has become a flagship task for large language
models. The dominant approach is agentic: a harness, the scaffold-
ing program that manages the model’s prompts, tools, and control
flow, places the model in a loop [23, 26]. At each turn the model
emits an action (typically a shell command or a file edit) which
the harness executes in the repository environment, appending
the output to the conversation; the cycle repeats until the model
declares the issue fixed. In the prevailing free-form design the model
owns every decision: which files to read (localization), whether to
write a reproduction script (reproduction), which code to generate
(patching), when to trust a candidate patch (verification) and submit
it. All the structure of the trajectory comes from the model itself.
Small language models (SLMs; here from 0.8B to 31B parameters)
are attractive candidates for such systems: they are inexpensive to
serve, fast, fine-tunable, and deployable on-premise [4]. Free-form
harnesses, however, are designed around the capabilities of frontier
models [18], and when placed in such systems, small models fail
on repository-level tasks. This observation motivates the central
question of our work: when an SLM fails inside an agentic harness
on a real repository task, where exactly does it fail, and which parts
of the harness must be removed or restructured (that is, moved
from the model’s responsibility into the harness’s) for it to succeed?

To answer this question, we frame a successful agentic trajectory
primarily as a context-construction process: whatever the agent does
(open a file, run a command, execute a test) contributes to resolving
the issue only through the output it appends to the model’s context.
The agentic loop thus exists to drive the context from its initial
state (the issue text and access to a code repository) to a final state
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Figure 1: Who owns each stage, and what it buys (Gemma 4 E2B, SWE-bench Verified easy subset). (a) The model drives the
whole loop through bash. (b) Control flow is moved into the harness, while the model still localizes, reproduces and patches.
(c) Localization and reproduction are delegated to different models, using the small model only for generating the code patch.

that additionally holds: (i) the content of the file(s) that must be
edited, and (ii) an executable signal reproducing the issue, together
with its failing output. The stages of the resolution interact only
through this shared context: localization determines which file
contents enter it; execution feedback which run outputs; and patch
generation consumes the assembled whole. Once this context is in
place, the task essentially reduces to a self-contained, function-level
fix that even a small model may be able to attempt. Under this
lens, a minimal harness demands two core capabilities of the model:
localization (find where to edit) and execution feedback (construct
and exploit a reproduction signal); everything else reduces to patch
generation. And because the stages communicate only through the
context they build, they can be reassigned: the patch generator is
indifferent to whether its context was assembled by the model itself
wandering the repository, or supplied directly by the harness.

We make this framing operational by progressively factoring
localization and execution feedback out of the model and into a
deterministic harness. The result is a controlled spectrum of arms
along an agentic-freedom axis: at one end, an existing unaltered
minimal harness (Mini-SWE-Agent [26]) where the model drives
the full process through free-form bash; at the other, a fully deter-
ministic, harness-owned repair loop. We evaluate two open-weight
families, the dense Qwen 3.5 [22] models (0.8B, 2B, 4B, 9B, and 27B
parameters) and the Gemma 4 [7] models (E2B, E4B, and 31B), on
the easy subset of SWE-bench Verified [10].

These experiments led to three empirical findings:

(i) Stage-decomposed pipelines are viable end-to-end. With
no oracle information at all, a single model that owns every stage
(Figure 1 (b)) already outperforms the free-form agent (Figure 1 (a))
at the small end: when self-provided, Gemma 4 E2B resolves 27.4%
of instances versus 5.0% for free-form, and Gemma 4 E4B resolves
45.7% versus 14.6%.

(ii) The factored stages are independently routable, and dele-
gating them to stronger models makes small solvers usable.
Because the decomposed stages communicate only through the
shared context, localization and reproduction can be handed to
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stronger models (Figure 1 (c)) without retraining or altering the
solver: with a Qwen 3.5 9B localizer and 27B reproducer, the pipeline
lifts Qwen 3.5 0.8B from 0.7% to 14.8%, 2B from 16.1% to 23.0%,
Gemma 4 E2B from 5.0% to 39.8%, and E4B from 14.6% to 53.7%.
(iii) Structure, not information, is the binding constraint
below 4B. Handing a model the gold file locations and a validated
reproduction signal is not enough: injected into the free-form loop,
these artifacts leave the smallest models at their floor, while the
deterministic harness delivering exactly the same artifacts makes
them usable, lifting Gemma 4 E2B from under 7% to 42.4% resolved,
with ~3x fewer tokens. The advantage narrows as models grow
and reverses at and above 9B, where the free-form loop regains a
small lead that the deterministic harness trades for a 5-10x token
reduction in budget. Code and dataset are available on Github.

2 Related Work

Coding Harnesses. Coding harnesses vary widely in their degree
of autonomy and in the complexity of the surrounding scaffold:
Agentless [24] forgoes autonomy entirely and provides a fixed
locate-generate-validate pipeline; Mini-SWE-Agent [26] defines
a light bash-based environment contained in a minimal Python
codebase; OpenHands [23] provides full CodeAct-style tooling in
a multi-step reasoning environment; other pipelines add program
analysis, as in AutoCodeRover’s structure aware search and fault
localization [27], CodePlan’s dependency-driven edits [3], and Re-
pairAgent’s autonomous tool-using repair loop [5]. We adopt Mini-
SWE-Agent as our representative harness: its minimal scaffold
makes it particularly suitable for small language models.

Task Decomposition. Close to our setting, ORACLE-SWE [12]
decomposes the issue resolution pipeline into distinct signals (repro-
duction test, regression test, edit location, execution context, and
API usage) and quantifies the upper-bound contribution of each
by injecting ground-truth signals into the prompt of a minimal
scaffold. Otter [1] targets the reproduction test signal specifically,
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proving that reproduction tests improve the validation of candi-
date patches. Both operate at frontier scale, whereas we find that
for SLMs the same injections leave the agent at its floor unless
the harness structure changes with them. A complementary line
trains small models to fit a chosen decomposition: SoRFT [14] fine-
tunes on file-, function-, and line-localization and editing subtasks;
SWE-Fixer [25] trains a retrieval-plus-editing pipeline that resolves
issues in two inferences; Co-PatcheR [21] trains component-specific
14B models for localization, generation, and validation; and SWE-
Protégé [11] trains a 7B agent to selectively escalate to a frontier
expert within the free-form loop; LocAgent [6] shows that a fine-
tuned small localizer (32B) can approach the accuracy of frontier
models in localization. These works modify the model to fit a cho-
sen decomposition; in contrast, we hold the models frozen and
vary the harness, extending our analysis down to 0.8B models to
measure which stages must be factored out at which scale.

3 Methodology

Motivation. Our evaluation design follows from the central ques-
tion stated in Section 1: when an SLM fails inside an agentic harness
on a real repository task, where exactly does it fail, and which parts
of the harness must be removed or restructured for it to succeed?
An end-to-end evaluation cannot answer this question: it tells us
whether a model-harness pair succeeds, not why it fails. We there-
fore treat the harness itself as the experimental axis: we decompose
the issue-resolution loop into its core stages and compare harness
configurations that reassign, capability by capability, responsibili-
ties from the model to deterministic harness code, so that a change
in resolved rate can be attributed to a specific capability.

3.1 Task and Dataset

Function-level benchmarks [2, 13, 28] measure standalone gener-
ation from natural-language descriptions and do not exercise the
repository-level capabilities we study [8, 10]. We therefore evaluate
on SWE-bench Verified [10], a human-validated benchmark of 500
real GitHub issues. Each instance pairs an issue report with a snap-
shot of the repository at the commit the issue was filed against; a
candidate patch is graded by applying it in a containerized replica
of the project environment and running the project’s own test suite,
including held-out tests introduced by the reference fix. We restrict
evaluation to the easy subset (<15-min difficulty annotation) be-
cause on the harder buckets small models floor near 0% and no
harness effect can be measured. From these we exclude 14 instances
whose reference patches fail in our evaluation environment, leaving
n=180.

3.2 Harness Configurations

An agentic harness is the software layer that surrounds a language
model and turns a stateless completion service into an agent: at
minimum, a task-oriented execution loop governing the observe-
act cycle, and a tool registry through which the model acts on
its environment [15, 16]. For issue resolution, the execution loop
can be broken into four stages: (i) localization, identifying, among
thousands of files, the file(s) and code regions to modify; (ii) issue
reproduction, turning the textual report into an executable signal
that fails on the current code; (iii) patching, producing the concrete
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source modification; and (iv) verification, running the reproduction
signal against the candidate edit and revising accordingly. In a free-
form agent the model carries out all four. The code edit is irreducibly
generative, and a reproduction signal pays off only through the
feedback loop that executes it, so we fold stages (ii) and (iv) into
a single execution feedback capability. This leaves two capabilities
that can be moved out of the model, localization and execution
feedback, and we compare the three configurations that remove
them cumulatively.

In the two deterministic configurations, following the same intu-
ition as Agentless [24], the model never chooses the next action: the
harness owns the control flow and invokes the model only at pre-
defined generation points. However, in our deterministic settings,
we treat the allocation of stages between the model and harness as
the experimental variable and follow three shared design choices.
First, a capability assigned to the harness is solved by an oracle:
for localization, the harness shows the model the unmodified, base-
commit contents of the files touched by the reference patch, while
the reference patch content itself never enters the prompt; for exe-
cution feedback, it supplies a validated reproduction script derived
from the issue. Second, the model expresses its edit as search/replace
blocks that the harness locates in the shown files and converts into
a unified diff by textual matching. Third, we enforce a strict test-
leakage safeguard: the held-out evaluation tests are never shown,
executed, or summarized during patch construction; all feedback
the model receives derives from the issue text and code.
FrREE-ForM. The unmodified Mini-SWE-Agent [26]. The model
owns all four stages, interacting with a sandboxed checkout of
the repository through free-form bash commands: one command
per turn, each executed in a fresh subshell, for up to 50 steps. The
submitted patch is the final git diff of the working tree. This
configuration sits at the fully model-controlled end of the axis and
serves as a comparison for both deterministic configurations.
+Loc. (localization solved). The harness provides the issue de-
scription and the base-commit contents of the oracle files, and the
model must emit the complete fix in a single generation pass: noth-
ing is executed and no execution feedback of any kind is returned.
A bounded retry (k=10 attempts) re-prompts the model only when
no patch materialized at all, the output contained no parseable edit
block, or no search text matched the shown files, and the first patch
that applies is submitted immediately: retries repair format failures,
leaving the zero-feedback nature of the configuration unchanged.
This measures patch generation once localization is solved.
+Loc. +ExEec. (localization and execution feedback solved).
Adds the harness-owned execution feedback channel on top of
+Loc. The feedback signal is a reproduction trigger: a minimal
code snippet, written from the issue and the localized file contents,
that raises while the defect is present. The trigger is authored by a
frontier model (GPT-5.4 [17]) and replayed for every solver and run.
The repair loop runs for up to k=10 rounds: the model’s edits are
applied and the trigger is re-executed; a clean run submits the patch,
while a failing run feeds back the execution output together with
the numbered region of the shown file indicated by the last in-file
traceback frame. The verdict is always computed by the harness
through re-execution, never by the model’s own judgment. The
oracle files are shown once, feedback outputs are clipped to a fixed
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Table 1: Resolved rate (%, mean + std over 3 runs) and aver-
age tokens per task. Every column receives the same gold
information and differs only in the harness that delivers it:
the FREE-ForM columns inject it into the unmodified agent
loop (gold file paths appended to the task and the reproduc-
tion script placed in the workspace), while the deterministic
columns delegate the stages to the harness.

FrREE-FOorM Deterministic

Model +Loc. +Loc. +EXEC. +Loc. +Loc. +EXEC.
Qwen 3.5

0.8B  0.7+0.3(63k)  0.7+0.3 (64k) 11.70.6 (105k) 15.7+0.8 (96Kk)
2B 16.30.6 (593k) 17.620.8 (621k) 30.420.3 (43k) 21.120.0 (73k)
4B 59.1%1.4 (502k) 59.3+3.4 (446k) 51.9+0.6 (24k) 58.5+0.8 (46Kk)
9B 70.2+£2.5 (459k) 69.3£0.6 (353k) 56.9+1.2 (21k) 65.9+0.8 (40k)
27B  80.6+1.1(326k) 79.1+0.8 (266k) 72.6+1.2 (15k) 74.3+0.8 (31k)
Gemma 4

E2B 6.7+£3.1 (111k)  6.1+1.5 (126k) 37.8+1.1 (23k) 42.4+0.3 (43k)
E4B  17.840.0 (44k) 21.740.6 (73k) 53.1+1.4 (13k) 58.120.6 (41Kk)
31B  79.6+0.3 (169k) 78.3+4.4 (160k) 78.1+1.7 (16k) 75.71.4 (34K)

size, and if the budget is exhausted the last patch that applied is
submitted.

End-to-end configurations. The two deterministic configura-
tions above are oracle-assisted: the factored capabilities are solved
by construction, so their results are upper bounds. To measure
the same pipeline without any oracle input, we also evaluate both
configurations end-to-end, replacing each oracle with a model. Lo-
calization becomes a two-stage generation procedure: the model
first selects candidate directories from the repository tree, then up
to five files shown as code skeletons, followed by a content-based
reranking pass. The reproduction trigger is authored per task from
the issue and the localized file contents as in +Loc. +Exec.. We
evaluate two assignments of these stages: self-provided, in which
the solver model performs both itself, and delegated, in which sec-
ondary models are assigned to these stages and the solver only
writes patches.

4 Results

We organize the results around two research questions: RQ1: given
the same oracle information (where to edit, and a validated repro-
duction signal), does the harness structure that delivers it determine
whether SLMs can resolve the task? RQ2: without oracle informa-
tion, is the decomposed pipeline still viable end-to-end, and can
delegating its stages to stronger models recover the oracle-assisted
gains? Table 1 supports RQ1 and Table 2 supports RQ2.

Metrics and evaluation. We report the standard SWE-bench
resolved rate: the percentage of instances whose submitted patch
passes the project’s held-out test suite. We run each configuration
three times and report the mean =+ standard deviation across runs.
Each run uses the recommended sampling parameters: Qwen 3.5 at
temperature 0.6, top-p 0.95, top-k 20; Gemma 4 at temperature 1.0,
top-p 0.95, top-k 64.
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4.1 RQ1: Structure vs. Information

Every column of Table 1 supplies the model with the same two
artifacts (the location of the edit and a validated reproduction signal)
and differs only in the harness that delivers them. The information is
thus held constant while the harness structure varies: any difference
in resolved rate is therefore attributable to structure alone.

Small models (Qwen 3.5 0.8B-4B, Gemma 4 E2B-E4B). In-
jected into the unmodified free-form loop, the oracle information
is nearly inert: Qwen 3.5 0.8B resolves 0.7% whether given the file
paths alone or the paths together with the reproduction script, and
Gemma 4 E2B remains below 7% in both conditions. Delivered by
the deterministic harness, the identical artifacts yield 15.7% for
Qwen 3.5 0.8B and 42.4% for Gemma 4 E2B. The same pattern holds
one size up: 21.1% vs. 17.6% for Qwen 3.5 2B, and 58.1% vs. 21.7%
for Gemma 4 E4B. On average the deterministic harness is also
several times cheaper (roughly 6x fewer tokens), the one exception
being Qwen 3.5 0.8B, where the free-form agent floors and halts
so quickly that it spends less. At Qwen 3.5 4B the two structures
reach parity (58.5% vs. 59.3%), with the deterministic harness still
spending roughly a tenth of the tokens.

A qualitative case. One instance illustrates the mechanism di-
rectly. The task asks for SymPy’s Python code printer to support
indexed expressions, and the issue report states the fix outright.
The model need only find the right file and write that method into
it. The 0.8B model under the free-form agent locates the correct file
and states the right plan, but it repeatedly produces output that the
harness cannot execute as a valid command, never performing the
edit it had already described correctly. The deterministic configura-
tion removes this obstacle: instead of operating a shell, the model
is shown the file and asked for the change directly.

Mid-scale (>9B). Only at this scale does the free-form structure
yield an advantage. With both stages provided (+Loc. +EXEc.), it
improves the resolved rate by 2.5-5 points, at 5-9X more tokens.
This sharpens the contrast with frontier-scale signal-injection stud-
ies. ORACLE-SWE [12] reports double-digit gains from injecting
via prompt a reproduction test into a frontier-model operating a
FrEE-FORM agent; below 9B, the same injection leaves the agent at
its floor. Signal-injection findings do not transfer down the size axis:
for SLMs the binding constraint is structural, not informational.

Takeaways for RQ1. Harness-managed control flow makes small
models usable below 4B. The advantage reverses above 9B, where
free-form control regains a 2.5-5 point lead at 5-9x the tokens.

4.2 RQ2: End-to-End Viability and Stage
Delegation

Table 1 reports upper bounds: localization and trigger authoring
were solved by construction. Table 2 removes that assistance and
runs the identical repair loop against artifacts produced by real
components, compared against the stock FREE-FORM agent.

Self-provided. The solver performs its own localization and
authors its own reproduction trigger (Section 3). On Gemma 4
the pipeline dominates free-form outright at the small end: E2B
leaps from 5.0% to 27.4% and E4B from 14.6% to 45.7%. Above 2B
on Qwen 3.5, self-localization misses cap the pipeline below the
free-form agent, but at 5-14x fewer tokens.



Who Should Own the Loop? Harness Decomposition for Small-Model Repository Repair

AgenticDev "26, October 12-16, 2026, Munich, Germany

Table 2: End-to-end configurations: resolved rate (%, mean =+ std over 3 runs) and average tokens per task. FREE-FORrM is the stock
agent. In the deterministic self-provided columns the solver performs its own localization and authors its own reproduction
trigger. In the delegated columns these stages are handed to separate Qwen 3.5 models (Loc. localizer, Exec. reproducer) and the
solver only writes patches. Token counts in the delegated columns include the delegated executions costs.

Deterministic self-provided

Deterministic delegated

FrREE-FOorM

Model +Loc. +Loc. +Exec. Loc. Exec. +Loc. +Loc. +EXEc.
Qwen 3.5

0.8B 0.7+0.6 (52k)  3.1x0.3 (117k)  3.7+0.6 (81k) 9B  27B  11.1+0.6 (133k) 14.8+0.6 (131Kk)
2B 16.1£1.0 (617k)  13.5+1.6 (58k) 8.9+1.5(79k) 9B 27B  28.5+0.3 (71k) 23.0+1.3 (115k)
4B 57.0+1.3 (516k) 44.3+0.3 (37k) 41.9+2.3 (64k) 9B 27B 48.1+1.4 (52k) 51.5+0.6 (87k)
9B 64.8+1.3 (497k) 52.8+1.0 (50k) 56.5+0.8 (78k) 27B  27B  54.1+0.6 (52k)  61.1+1.0 (80k)
27B 78.9+2.0 (371k) 68.5+1.3 (45k) 70.4+1.8 (77k) 27B 27B  68.5+1.3 (45k)  70.4x1.8 (77k)
Gemma 4

E2B 50+1.0 (149k)  29.4+1.0 (45k) 27.4+1.4(62k) 9B  27B  36.1x15(51k)  39.8+0.3 (85Kk)
E4B 14.6+£2.7 (79k)  44.6+1.4 (31k) 45.7+1.8 (64k) 9B 27B  48.7+0.8 (42k)  53.7+2.6 (78k)
31B 74.6+1.7 (244k) 68.9+2.0 (30k) 66.9+1.4 (62k) 27B 27B  72.8+2.2 (46k)  71.1x0.6 (75k)

Delegated. Because the stages interact solely through the con-
text they progressively build, each can be assigned to a different
executor without changing the patcher. As a first form of routing,
we delegate localization to Qwen 3.5 9B for solvers below 9B and
to Qwen 3.5 27B for the rest, and always delegate the reproduction
trigger (the most delicate stage) to Qwen 3.5 27B. This recovers
most of what self-provision loses. On Qwen 3.5, the 0.8B solver
rises from 3.7% to 14.8% and the 2B from 8.9% to 23.0%, and the
9B from 56.5% to 61.1%. On Gemma 4 the same substitution lifts
E2B from 27.4% to 39.8%, E4B from 45.7% to 53.7%, and 31B from
66.9% to 71.1%. Every delegated solver lands within ~5 points of
its fully-assisted +Loc. +ExEc. cell in Table 1 (except Qwen 3.5 4B):
a primitive open-weight component substitutes for the oracle at
small cost.

Against the free-form agent. Below 4B the delegated pipeline
is the only usable option for Qwen 3.5. At 4B and 9B it concedes 3-6
points, and at 27B 8.5 points, for ~5-6X fewer tokens. On Gemma 4
the delegated pipeline dominates free-form below 9B: 39.8% vs. 5.0%
for E2B at roughly half the tokens, and 53.7% vs. 14.6% for E4B.
These numbers are a floor: the localizer is two prompts over file
paths and code skeletons, with no retrieval tooling, and no per-
stage budget tuning. Strengthening localization [6], optimizing per-
stage model and budget assignment, and specializing the execution-
feedback component are left to future work.

Takeaways for RQ2. The decomposition survives the removal
of every oracle: a single small model owning all stages already
beats the free-form agent below 9B on Gemma 4. Delegating the
factored stages to a stronger open-weight model brings every
solver within ~5 points of its oracle-assisted ceiling.

5 Conclusion and Future Directions

We studied repository-level issue resolution as a joint model-systems
problem: which responsibilities should remain with the language
model, and which should be encoded in the harness? Across the con-
figurations considered, no single allocation dominates at every scale.
For the smallest tested models, directly presenting localized code
and managing execution feedback in the harness often makes patch
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generation substantially more effective than a bash-only free-form
loop. Larger models recover some of the flexibility and accuracy of
free-form control, generally at higher token use. The end-to-end
experiments further show that the patch generator need not also
localize and reproduce the issue: delegating those stages to another
component recovers much of the oracle-assisted performance. The
harness should therefore be treated as part of the system being
designed, rather than as a fixed wrapper around one model.

Our current harness uses the same stage graph for every issue.
A natural next step is to compile each issue into a typed directed
acyclic graph of repair operators, for example, repository search,
file and region localization, dependency inspection, trigger synthe-
sis, patch generation, validation and contract checking [9]. Each
operator would declare an input/output contract, a validator, and
estimates of its cost and reliability. A physical planner could then
assign each operator to a deterministic tool or model, begin with
the cheapest viable implementation, and escalate only failed or
low-confidence nodes. Independent nodes could run in parallel,
while validated artifacts could be cached across patch attempts.
This extends existing repository-level planning [3] and is analo-
gous to LLM data systems that choose among alternative operator
implementations and execution plans to trade result quality against
cost [19, 20]. The optimization objective should be expected end-
to-end resolution under a compute or latency budget.

Limitations. The present evidence is restricted to the easy slice of
SWE-bench Verified (n=180) where reference patches are largely
single-file, two model families, one primary free-form harness, and
particular implementations of localization and execution feedback.
The observed scale transition should therefore be read as a property
of these model-harness pairs. Future evaluations should include
harder and multi-file issues and additional model-harness pairs.
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