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Abstract

Background. Multi-agent approaches to Large Language Model (LLM)-based agentic software
engineering, specifically in automated program repair and issue resolution, have converged on
architectural patterns that favour isolation: role specialisation, task decomposition in isolated
worktrees, or best-of-N with external selection. Collaboration of homogeneous agents on a single
task in a shared Git workspace remains understudied, and is actively discouraged in production
guidance due to file-level write collisions.

Aims. We investigate whether a shared-workspace configuration can be made viable and effective
for autonomous bug fixing and patch production through action-space coordination – a paradigm in
which agents observe one another’s commits, lifecycle transitions, and recent test or error outputs
rather than exchanging natural-language messages.

Method. We propose PASC (Peer-aware Action-Space Coordination), a layer in which two ho-
mogeneous LLM agents share a single Docker container and Git tree. Each agent’s effects are
auto-committed under its identity, and each next observation is prepended with a structured
peer-activity block. The final submission is the team patch derived from the shared history.

Results. We evaluated PASC on the full Python subset of SWE-Bench Pro using two independently-
developed LLMs, against an isolated single-agent baseline and a “silent” two-agent baseline without
the peer-activity feed. PASC delivers a statistically significant lift over the single-agent baseline
on both models. Crucially, the silent baseline is statistically equivalent to the single-agent one,
confirming that the gain stems from action-space coordination rather than parallelism. PASC also
outperforms a deployable federated alternative in which agents share the peer-activity feed but
work in isolated worktrees. Relative to the silent baseline, PASC reduces cost per resolved task by
∼20% and destructive concurrent edits by ∼47%. Preliminary observations indicate that beyond
two agents, active interference increases several-fold, suggesting that larger populations will require
supplementary coordination mechanisms.

Conclusions. A shared-workspace configuration of homogeneous agents coordinated through action-
space observation improves effectiveness over an isolated single-agent baseline, and does so more
economically than a comparable multi-agent baseline without peer awareness.
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18:2 Coordinating Agents on a Shared Git Workspace

1 Introduction

Issue resolution, bug fixing, and patch production are core software-engineering activities
that have traditionally relied on individual developer effort or coordinated team workflows
mediated by version control. The recent emergence of LLM-based autonomous agents has
introduced a new class of contributor to these workflows, capable of reading issue descriptions,
exploring codebases, and producing patches. Agentic software engineering is the discipline
that studies how these activities are carried out by such agents. Its systems take several
forms. A single agent may be responsible for the entire task, several agents may work on one
task together, or the task may be split among agents by subtask or by role. The aim of this
study is to test a configuration that has received little attention: two agents of the same
kind work on one task in one shared workspace, with no manager assigning subtasks and no
selector choosing between their patches, and with each agent kept aware of its peer’s actions
as they happen. This configuration is evaluated against a single agent, against two agents
that share the workspace without that awareness, and against two agents that receive it but
work in separate worktrees. All four are evaluated on the full Python subset of SWE-Bench
Pro [11], a contamination-resistant benchmark of long-horizon, multi-file issue-resolution
tasks.

Single-agent scaffolds such as SWE-agent [38] resolve a substantial fraction of GitHub
issues on SWE-Bench [17] and SWE-Bench Verified [25]. Multi-agent extensions for autonom-
ous program repair are a natural lever for further progress, and the research community
has explored them extensively. Most published systems fall into one of a few architectural
patterns. Role-specialised frameworks assign distinct agents to roles such as project manager,
architect, developer, and tester [30, 16, 24, 2]. Task-decomposition systems route subtasks to
agents operating in isolated git worktrees [15]. Best-of-N approaches run independent agents
in parallel and reconcile their outputs through an external selector or re-ranker [39, 34].
Sequential trajectory replay runs one agent to completion and feeds its trajectory to the
next [19]. Production tools converge on worktree-isolated parallelism, placing each agent in
its own worktree with a separate task [9, 4, 5]. Production guidance actively discourages the
shared workspace on mechanistic grounds: git itself refuses to check out the same branch
in two worktrees [5], a rule designed to prevent index and working-tree corruption, and
practitioner reports cite shared-file collisions as the principal failure mode of co-located
agents [4].

We argue that the standard objections to a shared-workspace configuration are problems
of communication rather than architecture. Prior multi-agent systems that target the same
task either communicate through natural-language messages [30, 16] or do not communicate
during execution at all [39, 15]; both routes pay an architectural price (role heterogeneity,
central managers, or external selectors). We instead make agents communicate through
their actions, and we place them on one tree rather than in separate worktrees. After each
step, each agent’s bash-command effects auto-commit to a shared git tree under the agent’s
identity, and the next observation each agent sees contains a structured digest of what its
peer has just done: which files were changed, what tests passed or failed, whether the peer
has submitted or appears stuck. The agents do not exchange natural-language messages.

This paper makes the following contributions:
1. We identify a comparatively understudied point in the multi-agent software-engineering

design space (Section 2) and build PASC as a coordination layer on top of an existing
single-agent framework [32] (Section 3).
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2. We evaluate PASC on the full Python subset of SWE-Bench Pro [11] under two
independently-developed open-weight LLMs (MiniMax-M2.7 and DeepSeek-V4-Pro),
with three independent runs per configuration. On both models the system delivers
a statistically detectable improvement over the isolated single-agent baseline, and a
∼20% reduction in cost per resolved instance over the multi-agent baseline without peer
awareness (Sections 5.1 and 5.4).

3. We isolate the source of the lift through a controlled comparison against a two-agent
shared-workspace baseline that disables the peer-activity render (silent). Equivalence
testing rules out the parallelism explanation: silent is statistically equivalent to single.
The lift is attributable to the peer-activity feed (Section 5.2).

4. We isolate the contribution of workspace topology through a controlled federated compar-
ison in which two agents share the same peer-activity feed but work in isolated worktrees
rather than a shared tree. The shared-tree configuration outperforms the deployable
federated alternative, and holds up even when that alternative is scored on whichever
of its two patches happens to be correct – a non-deployable upper bound that requires
perfect external selection (Section 5.3).

5. We provide quantitative diagnostics on shared-workspace behaviour. The peer-activity feed
reduces destructive co-edits across both LLMs (Section 5.5), and preliminary observations
on N ∈ {2, 3, 5} characterise where the current coordination layer plateaus and what an
additional mechanism for larger agent populations would need to address (Section 5.6).

2 Related Work

We organise related work along the five families introduced in Section 1, then turn to
single-agent baselines on SWE-Bench-style benchmarks, the use of git as a coordination
substrate, the literature on inter-agent communication, and coordination findings from
pre-LLM collaborative software development.

2.1 Multi-Agent LLM Systems for Software Engineering
Role-specialised systems. ChatDev [30], MetaGPT [16], AgileCoder [24], and SWE-
Search [2] instantiate multi-agent systems in which agents are heterogeneous by construction.
The pattern recurs at smaller task scales: Melo et al. [21] apply a sequential four-agent
pipeline of role-specialised small language models to method-level test-smell refactoring.
AutoGen [36] provides a general orchestration framework for heterogeneous agents. None of
these systems addresses the case in which two agents of the same role collaborate on the
same task; the collaboration mechanism is always role differentiation.

Task-decomposition systems with isolated worktrees. The closest published neighbour
to PASC is the CAID paradigm of Geng and Neubig [15]. Both systems use git as the
coordination substrate and reach the conclusion that branch-and-merge is the right primitive.
The remaining design choices distinguish the two on three axes. First, CAID introduces a
central manager that constructs a dependency-aware plan and delegates subtasks; PASC
has no central manager. Second, CAID assigns each engineer agent its own isolated git
worktree so that concurrent edits cannot interfere; PASC places both agents in a single
shared worktree. Third, CAID’s parallelism comes from decomposition (each agent works on
a different subtask); PASC’s agents work on the same task end-to-end. Where CAID asks
how to make isolation work better through a centralised planner and test-based integration,
PASC asks whether isolation is necessary at all.

ESEM 2026
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Best-of-N with external selection. DEI [39] pools heterogeneous SWE-agents (Aider [14],
Moatless [27], Agentless [37], OpenHands [35]) and applies a multi-stage rating-and-re-
ranking pipeline. Production systems such as Verdent [34] spawn agents that explore distinct
approaches in parallel and orchestrate them through a plan-code-verify loop with a verifier
agent for selection. These systems do not share workspace state during the run: agents do
not see one another’s edits, and outputs are reconciled by an external selector.

Sequential trajectory replay. SE-Agent [19] addresses the same question as PASC (how
should information flow between agents working on the same task?) through a different
route: one agent finishes, the next starts from scratch with the prior trajectory as context,
with state-of-the-art numbers reported on SWE-Bench Verified. PASC’s answer is parallel
action-space coordination: agents run concurrently and observe each other’s commits and
test outputs at every step. SWE-Exp [8] is a related variant that operates across issues rather
than within a single one, distilling lessons from prior trajectories into an experience bank.

Worktree isolation in production tooling. Developer-facing tools have converged on the
same prescription as CAID for the practical setting: place each parallel agent in its own
git worktree, give it a separate task, and merge sequentially. Cursor 2.0 [9] exposes up
to eight parallel agents through worktree or remote-machine isolation; Augment Code’s
guides [4, 5] frame the shared-workspace configuration as a primary failure mode and
recommend decomposition with explicit boundaries and worktree isolation. Git itself enforces
the isolation by refusing to check out the same branch in two worktrees. The empirical
question of whether this prescription remains necessary when agents are made aware of one
another’s actions is the question this paper takes up.

2.2 Single-Agent Baselines and Benchmarks

The single-agent baseline against which our multi-agent system is compared is mini-swe-
agent [32], a lightweight scaffold descended from SWE-agent [38]. Its developers report
that it matches the performance of the original SWE-agent while being substantially simpler,
and now recommend it as the default scaffold for research use over SWE-agent itself [33]. Its
minimalism is therefore a feature rather than a limitation: it provides a strong single-agent
baseline with a small surface area, offering cleaner ground on which the contribution of any
extension built atop it can be isolated and attributed.

The original SWE-Bench benchmark [17] has driven a wave of single-agent systems
including Agentless [37] (which avoids the agent loop entirely through static structural
reasoning), AutoCodeRover [40] and its successor Sonar Foundation Agent [23], Aider [14],
and Moatless Tools [27].

2.3 Git as a Coordination Substrate

PASC shares CAID’s [15] choice of git as a coordination substrate, but reverses the isolation
polarity by co-locating agents in a single shared tree and treating the commit log as the
coordination signal. The closest non-multi-agent precedent is the use of repository state as
feedback in self-refining single-agent systems [31, 20], which exploit version-control state for
the agent’s own introspection rather than for inter-agent communication.
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2.4 Inter-Agent Communication
A separate strand of work has investigated how LLM agents should communicate once
spawned. Free-form natural-language chat is the default in role-specialised systems [30, 16];
structured envelopes have been proposed as a way to make routing more reliable. PASC’s
premise is that on long-horizon software-engineering tasks, where most useful information is
structural (which file was edited, which test passed or failed), the substrate of communication
should be the agent’s actions rather than its words.

2.5 Coordination in Collaborative Software Development
The challenge of coordinating multiple contributors on a shared codebase predates LLM
agents by decades, and findings from that literature shape PASC’s design. Dourish and
Bellotti [13] distinguished passive awareness – coordination information exploited through
the shared workspace itself – from active mechanisms that require explicit communication,
arguing that the latter penalise providers and presuppose relevance to recipients. PASC’s
three-layer peer-activity feed (Section 3) is an instantiation of the passive-awareness principle
for LLM agents: commits, lifecycle transitions, and output digests surface through the shared
git tree and in-memory boards, with no explicit inter-agent message channel. Brun et al. [7]
established that concurrent-edit conflicts in collaborative development are frequent and
manifest not only as textual overlaps but also as subsequent build and test failures, and
demonstrated that proactive detection mitigates them; PASC’s reduction of destructive
co-edits (Section 5.5) is the corresponding agent-coordination result.

3 PASC: Design and Implementation

PASC is built on mini-swe-agent [32], whose core loop calls a model, runs the model’s bash
commands in a sandboxed environment, feeds the outputs back as observations, and termin-
ates when the model emits a designated submission marker. Three protocol-style abstractions
define the extension points: Model (query(messages)), Environment (execute(action)),
and Agent (run(task)). The single override point inside the loop is step(), which constructs
one query/observation pair; all extensions in this section are realised through subclasses
or wrappers around these three protocols. We describe the system as implemented for two
agents; the underlying mechanism is not specific to that choice, and Section 5.6 discusses
generalisation to N > 2.

3.1 Architecture Overview
For a single SWE-Bench Pro instance the orchestrator constructs the following objects:
Shared environment. A single Docker container is started that holds the target repository

at the benchmark’s specified base commit. Its container_id is captured and exposed.
Git operations object. Encapsulates docker exec ... git ... invocations against the

detected repository path (typically /testbed or /app depending on the benchmark
image).

Commit tracker. Owns a per-agent “last-seen” pointer into the git history and serialises
commit operations so that attribution remains clean even when agents step concurrently.

Peer-activity builder. Renders, on demand, the structured block that will be injected into
an agent’s next observation, drawing from the commit tracker and from two thread-safe
in-memory boards that hold per-agent lifecycle status and per-agent output digests.

Shared environment wrapper. Makes the same container addressable from both agent
threads while leaving lifecycle management to the orchestrator.

ESEM 2026
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Two worker threads then run, one per agent. Each thread holds a fresh Model instance,
points its agent at the same shared environment, and uses the same shared commit tracker
and peer-activity builder. A thread terminates when its agent emits the mini-swe-agent
submission marker, hits a failure, or exhausts its step limit; the marker is treated as a terminate
hint and the string itself is ignored. After both threads have joined, the orchestrator diffs
HEAD against base_commit and writes the result as final.patch. Per-agent “raw” patches
are persisted for debugging but are not part of the submission. Figure 1 summarises the
resulting structure and the data flow at the step boundary.

The agent class extends mini-swe-agent’s DefaultAgent by overriding step() to
insert two hooks: a pre-step hook that prepends the peer-activity block to the most recent
observation message, and a post-step hook that commits any working-tree changes, updates a
stuck-detection counter, and publishes a one-shot output digest. We do not override query()
or execute_actions(); both extensions operate at the step boundary because that is the
granularity at which peer-observable events occur.

These design choices place PASC outside the multi-agent families discussed in Section 2
on three axes: agents do not exchange natural-language messages, no central coordinator
mediates their outputs, and patch selection is not delegated to an external mechanism. The
final submission is uniquely determined by the shared git state at the time both agents stop.

3.2 Shared Environment via Composition

A naive subclass of DockerEnvironment would not work for this use case: the upstream
constructor starts its own container, so two instantiations would launch two containers.
We therefore use composition. The orchestrator instantiates one base environment, cap-
tures its container_id, and wraps it in a SharedDockerEnvironment that forwards all
methods invoked by the agent loop: execute for action execution and get_template_vars
/ serialize for prompt and trajectory bookkeeping. The wrapper additionally converts
cleanup() into a no-op so that container teardown remains the orchestrator’s responsibility,
ensuring the shared container survives until both agent threads have joined. Concurrent
shared_env.execute() calls translate to concurrent docker exec invocations into the same
container; in the shared configuration, however, a workspace-level lock holds bash execution
and the post-step commit together as a single critical section (Section 3.3). LLM queries –
typically the dominant component of per-step latency – remain fully parallel.

3.3 Auto-Commit Pipeline and Attribution

After each step the agent’s thought (the assistant text that precedes the bash command)
is extracted, normalised to a short single-line summary, and used as the commit subject,
prefixed with the agent’s identifier and step number. The post-step commit is then issued
under the agent’s identity, with concurrent commits protected by a workspace-level lock
that holds bash execution and the commit together as a single critical section: were only
the commit serialised, one agent’s uncommitted bash write could be swept into the other’s
concurrent staging step and leak attribution. If a commit nevertheless fails under transient
contention, the pipeline retries with bounded backoff and, on terminal failure, resets the
staged index so that the failing agent’s working-tree changes are not absorbed into any
peer’s next commit. Details of the bash pipeline and the git configuration that suppresses
background maintenance during the run are documented in the replication package.
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Agent 0
worker thread

Agent 1
worker thread

Shared git tree
base → • a0 → • a1 → • a0 → • a1 → • a0 → HEAD

L1
commit feed

L2
status feed

L3
output digest

Peer-activity builder

In-memory boards
peer status | last digest

Shared Docker container

Task input
issue / problem statement + repository at base_commit

commit commitpost-step

reads

pre-step inject pre-step inject

git diff base .. HEAD

final.patch
single team artefact

Figure 1 Architecture of PASC at N=2. Solid arrows show post-step commits to the shared git
tree. Dashed arrows show pre-step reads from the tree and in-memory boards (L1/L2/L3 sources)
and the resulting peer-activity injection into each agent’s next observation. No oracle or external
selector is involved in producing the final submission.

3.4 Three-Layer Peer-Activity Feed

On the next step, before the agent issues its query, the peer-activity builder constructs a
single block of text and prepends it to the most recent user message. The block contains up
to three layers, each independently computed; layers are omitted when they have nothing to
contribute, and an empty block results in no injection at all.

L1 – Commit feed

Using the per-agent “last-seen” pointer maintained by the commit tracker, the builder
enumerates commits authored by the peer in the range (last_seen, HEAD] and renders each
as a short SHA, the commit subject, and a per-file git show –stat summary. The pointer
is then advanced, so each commit is shown to a given viewer at most once. A configurable
cap bounds the number of commits surfaced in a single block, ensuring that the peer-activity
injection remains a small fraction of the agent’s context window. The progressive semantics
reflect that each commit is new information once and never again; a monotone pointer
suffices.
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L2 – Status feed

Lifecycle events (the peer has submitted, the peer appears stuck through consecutive format
errors above a threshold, the peer’s worker has failed) are written to a thread-safe status
board. The renderer checks whether the current peer status differs from the most recently
surfaced status for this viewer agent and, if so, emits a one-shot notice with an actionable
hint. This layer addresses a gap of the L1-only design: the submission marker produces no
commit of its own and was therefore invisible to the peer. L2 is event-shaped: the “submitted”
state is a transition, and only the transition needs surfacing.

L3 – Output digest

After a step that produced a bash observation, six regular-expression patterns are tried in
priority order against the command and its output: a pytest summary line, a unittest
“Ran N tests in T s” line, a Python traceback, a git apply or git am failure, an invocation
of a peer-authored Python script, and a generic non-zero return code. The first match is
recorded as a single-line digest in a thread-safe digest board under the producing agent. The
peer’s next render reads this digest, emits it, and clears it, so the same digest is never replayed
on subsequent steps. The peer-authored-script pattern catches the case where one agent runs
a reproduction script the other has just committed; without that pattern, an exit-zero “BUG
NOT REPRODUCED” output would remain invisible despite being structurally important.

The L3 extractor applies one additional annotation uniformly: when a peer’s pytest run
produces only PASSes, an annotator automatically wraps the digest with a reminder that
the test set was peer-selected rather than the hidden gold suite. Without this annotation,
an all-pass result could be misread by the viewer as evidence that the peer has already
produced a working patch, leading the viewer to terminate prematurely on what is, in fact, a
peer-selected outcome.

The three layers have distinct cardinality semantics: L1 is progressive (each commit
shown once, then never again), L2 is event-shaped (only transitions surface), and L3 is
read-and-clear (the most recent volatile signal, replaced rather than accumulated). Figure 2
illustrates how the three layers are triggered on a single SWE-Bench Pro instance. agent_0
commits an incorrect fix and resumes searching without recognising its architectural error;
on the next observation agent_1 receives this commit through L1, analyses it as the peer’s
work rather than its own, and arrives at the correct fix. The revert and override commits,
together with the passing test digest, return to agent_0 through L1 + L3, and L2 synchronises
submission.

3.5 Design Verification on a Pilot Corpus

The three-layer design was settled empirically on a 50-instance pilot corpus drawn from the Py-
thon subset of SWE-Bench Pro through balanced sampling across the ansible, openlibrary,
and qutebrowser repositories. We inspected agent trajectories to settle qualitative design
choices – which regular-expression patterns L3 should recognise, where to bound the L1
commit cap, when L2 should fire – and to verify that each layer’s marginal addition was
budget-neutral or budget-positive at small scale. No design choice was conditioned on pilot
pass counts: at n=50, pass-count differences between consecutive layer additions fall within
a 1–3 instance range, well below the statistical resolution of any paired test. Per-layer token,
commit, and cost diagnostics are reported in the replication package.
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Issue description. Preserve records in Booknotes.update_work_id on a uniqueness conflict,
without breaking the sibling Bookshelves test that asserts delete-on-conflict.

agent_0 agent_1

steps 1–19 Explores the codebase; repro-
duces the bug with a small script.

step 21 Commits a wrong fix: edits the
shared base class instead of overriding in
Booknotes.

step 26 Reverts its own commit, concluding
the issue concerns only Bookshelves. No in-
sight; keeps exploring.

steps 35–49 Receives the peer’s revert
and override commits with the 2-passed di-
gest (L1 + L3); adopts the fix and updates
admin/code.py.

step 60 SUBMIT

steps 1–10 In parallel, explores the same
files and finds the bug.

steps 11–12 Receives L1; judges the peer’s
base-class edit wrong and infers the fix is a
subclass override.

steps 19–21 Reverts db.py;
pytest → 2 passed; adds the correct subclass
override.

steps 38–40 Receives L2; CLOSE

L1

L1 + L3

L2

team patch passes all hidden tests

Figure 2 End-to-end trace of PASC on a single SWE-Bench Pro instance (internetarchive/
openlibrary @ 5069b09) under DeepSeek-V4-Pro. The two agents work in parallel from the issue
description; horizontal arrows mark the inter-agent signals carried by L1 (peer commit), L1 + L3
(commit with test digest), and L2 (submission transition); the joined flow at the bottom is the
submitted team patch.

4 Experimental Setup

4.1 Research Questions
We organise the evaluation around six research questions:
RQ1 (effectiveness). Does action-space coordination over a shared workspace improve task

resolution over an isolated single-agent baseline, at the same model and decoding regime,
and is the effect consistent across independently-developed LLMs?

RQ2 (mechanism – parallelism). Is the observed lift attributable to parallelism or to the
peer-activity feed? Specifically, does a two-agent baseline that shares the workspace but
disables the peer-activity render (silent) match PASC, or is it instead equivalent to the
single-agent baseline?

RQ3 (mechanism – topology). When two agents share the same peer-activity feed but work
in isolated worktrees rather than a shared tree, does the shared-tree configuration of
PASC still provide an advantage?

RQ4 (cost-effectiveness). How does PASC’s cost per resolved instance compare to the
single-agent baseline and to a multi-agent baseline without peer awareness?

RQ5 (failure-mode mitigation). Does the peer-activity feed mitigate the destructive con-
current-edit thrash that motivates industry guidance against shared workspaces? If so, is
the mitigation a routing effect, a cooperation effect, or both?

RQ6 (preliminary scaling observations). Does the N=2 design point generalise to larger
agent populations N ∈ {3, 5} under the present coordination layer, or do additional
mechanisms become necessary?
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4.2 Benchmark and Corpora
We evaluate on the Python subset of SWE-Bench Pro [11], comprising 266 instances. SWE-
Bench Pro is a contamination-resistant corpus of long-horizon, multi-file coding tasks drawn
from 11 publicly released repositories. We deliberately adopt it rather than the earlier
SWE-Bench Verified [25], which has been shown to suffer from solution leakage and weak
test oracles in roughly one-third of instances [1], and whose results OpenAI has itself ceased
reporting, citing contamination and recommending SWE-Bench Pro as the successor [26].
Resolution is determined by a hidden test suite combining fail-to-pass tests (verifying issue
resolution) and pass-to-pass tests (verifying no regressions). The Python subset was selected
as the evaluation target because the benchmarks that established this literature are Python-
only [17, 25], maximising comparability with the baselines against which PASC is positioned.

The full 266-instance corpus serves as the primary evaluation target for RQ1–RQ5. A
76-instance subset is used for the N ∈ {2, 3, 5} scaling observations of RQ6. The 50-instance
pilot corpus used for verification of the three-layer feed (Section 3.5) is a subset of the
266-instance evaluation corpus; we discuss the implications in Section 6.

4.3 Models and Decoding Regime
To reduce model-specific external-validity threats, we evaluate on two independently-devel-
oped open-weight LLMs: MiniMax-M2.7 [22] and DeepSeek-V4-Pro [10]. Both are recent
open-weight models, competitive with frontier closed-weight systems on coding tasks at a
fraction of the per-token cost. Open weights also keep the evaluation replicable at a later
date, whereas proprietary endpoints are subject to undocumented updates and deprecation.
All runs use greedy decoding (temperature 0) to reduce decoding-side variance. Greedy
decoding alone does not make a run reproducible, and the residual variance can shift measured
accuracy [3, 28]; each configuration is therefore repeated three times. Each agent operates
under mini-swe-agent’s default per-agent step limit of 250 steps; no token or cost ceiling
was imposed on any configuration. The multi-agent configurations apply the same per-agent
step limit. All costs are reported under provider list pricing: MiniMax-M2.7 at $0.30/M
input and $1.20/M output tokens, DeepSeek-V4-Pro at $0.435/M input (cache miss) and
$0.87/M output tokens. The cost-computation scripts and full pricing details are included in
the replication package.

4.4 Configurations
Four configurations are evaluated on the full 266-instance corpus:
single. A single mini-swe-agent with no coordination layer; serves as the lower-bound

single-agent reference.
silent. Two agents on a shared container and shared git tree with auto-commit enabled, but

with the peer-activity render disabled. Agents observe peer activity only through explicit
git inspection commands they choose to issue. This is the mechanism control for RQ2.

federated. Two agents working in isolated git worktrees on the same task, with prompts
adapted to inform each agent that its peer works in a separate worktree. Final patches are
derived per-agent and aggregated post-hoc; we report both individual-agent submissions
(deployable) and an oracle UNION that counts an instance as resolved if either agent
resolved it (upper bound). This is the topology control for RQ3.

PASC. The full system as described in Section 3: shared container, shared git tree, auto-
commit, and the three-layer peer-activity feed (L1 + L2 + L3).
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4.5 Metrics
Pass count: the number of instances whose final patch passes the hidden test suite under
the SWE-Bench Pro evaluator. Total cost: dollar spend across the corpus at list pricing.
Cost per pass: total cost divided by pass count, the cost-effectiveness metric most directly
comparable across configurations of differing token budgets. Co-edit rate: the fraction
of instances in which both agents issue mutating bash commands targeting overlapping
source paths in the repository. Detection is performed on the bash command text via regex
against mutating patterns, not on post-hoc git diffs: the metric targets interference attempts,
including those git refuses or that exit non-zero, which leave no trace in the committed
history. Any-destructive rate: a strict subset of co-edit in which the two agents’ edits
exhibit an overwrite signature. Sed-reversal rate: a strict subset of any-destructive, in
which an agent’s bash command targets a line the peer wrote in a preceding commit. By
construction, sed-reversal ⊆ any-destructive ⊆ co-edit.

4.6 Statistical Analysis
The unit of analysis is the SWE-Bench Pro instance; outcomes are paired across configurations
within model. For RQ1 we report McNemar’s test, the appropriate paired test when both
conditions are evaluated on the same instances [12], per stratum (model) and a stratified
pooled McNemar test across the six strata. We complement these frequentist tests with two
model-based analyses, which capture different aspects of the effect: a population-averaged
GEE logistic model estimates the marginal odds ratio, while a generalised linear mixed-effects
model (GLMM) with random intercepts for instance and run absorbs the clustering induced
by repeated evaluation of the same instances and estimates the within-instance conditional
odds ratio. Stratum heterogeneity is assessed via the Breslow-Day test [6]; this is the formal
precondition for pooling.

For RQ2, equivalence between silent and single is assessed by paired two one-sided
tests (TOST) [18] at an equivalence margin of ±5 percentage points, both per-stratum and
pooled. Effect sizes are reported as risk-difference (percentage-point lift) with 95% bootstrap
confidence intervals, and as discordant-pair odds ratios (b/c).

5 Results

5.1 RQ1: Headline Results on the Full Corpus
Table 1 reports outcome counts and statistical contrasts on the full 266-instance Python
subset of SWE-Bench Pro for the two LLMs and four configurations.

PASC resolves +5.3 pp more instances than single on MiniMax (138.3 → 152.3) and
+4.5 pp on DeepSeek (152.0 → 164.0). The primary inference is the pooled stratified McNemar
analysis on n=1596 paired observations. It is significant for PASC against both single and
silent (Table 1). Pooling is licensed by the Breslow-Day homogeneity test, which rejects
neither contrast (p=0.969 for PASC vs. single, p=0.513 for PASC vs. silent). The effect
of method on outcome is homogeneous across strata. Bootstrap 95% confidence intervals for
the pooled risk differences are [+2.1, +7.3] pp for PASC vs. single and [+1.6, +6.3] pp for
PASC vs. silent, both excluding zero.

The model-based analyses agree. A GEE logistic with exchangeable working correlation
gives a marginal odds ratio of 1.22 (95% CI [1.10, 1.36], p=1.66 × 10−4) for PASC vs. single.
A generalised linear mixed-effects model with random intercepts for instance and run gives
a conditional odds ratio of 1.75 (95% CI [1.48, 2.07]). The marginal OR describes the
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Table 1 Outcome and cost on the full 266-instance Python subset of SWE-Bench Pro under two
independently-developed LLMs, averaged across three independent runs per configuration. Costs are
reported at provider list pricing. The federated row evaluates each agent’s patch separately and
reports the mean of the two pass counts, with the corresponding cost-per-pass; the oracle UNION
upper bound and its associated contrasts are reported in Section 5.3.

LLM Configuration Pass / 266 % Total $ $/pass

DeepSeek-V4-Pro

single 152.0 57.1% $9.07 $0.060
silent 157.0 59.0% $24.85 $0.158
federated 156.4 58.8% $21.43 $0.137
PASC 164.0 61.7% $22.47 $0.137

MiniMax-M2.7

single 138.3 52.0% $12.02 $0.087
silent 138.3 52.0% $30.56 $0.221
federated 140.5 52.8% $20.66 $0.147
PASC 152.3 57.3% $24.36 $0.160

Pooled stratified McNemar (n=1596, six strata = two models × three runs): PASC
vs. single χ2=22.20, p=2.45 × 10−6; PASC vs. silent χ2=15.21, p=9.64 × 10−5;
silent vs. single χ2=0.82, p=0.366.

population-averaged effect; the conditional OR describes the within-instance effect controlling
for instance difficulty. The divergence reflects the dominant instance-level heterogeneity: the
instance random effect has SD 3.79 on the logit scale (95% CI [3.48, 4.13]) and accounts for
81% of total logit-scale variance. Run-level variance, by contrast, is negligible (SD 0.27, 95%
CI [0.11, 0.69], 0.4% of total variance).

As an additional fairness check, we considered an extended-budget single-agent config-
uration in which the step limit was doubled to 500 steps. Since a larger budget can only
alter a run that the limit actually truncated, we examined the step-bound instances: across
all three runs, only one instance reached the 250-step ceiling on MiniMax-M2.7 and two
on DeepSeek-V4-Pro. We reran these under the extended budget, and none were resolved.
The observed PASC lift is therefore not attributable to single-agent step truncation, and an
extended-budget single-agent configuration would not close the gap.

The consistency across MiniMax and DeepSeek (two independently-developed LLMs) is
the central external-validity control of this section. It supports a positive answer to RQ1:
action-space coordination over a shared workspace improves task resolution over an isolated
single-agent baseline, and the effect is detectable on both models.

5.2 RQ2: The Lift Is Not from Parallelism
A natural alternative explanation for the RQ1 result is compute scaling: any two-agent
configuration might beat one agent simply because two agents explore more. The silent
baseline is the controlled test of this explanation. It runs two agents in the shared container
and on the shared git tree, with auto-commit on, but with the peer-activity render disabled.
If parallelism alone drove the lift, silent should outperform single.

It does not. silent resolves 157.0 of 266 instances on DeepSeek against 152.0 for
single, and resolves the same number as single on MiniMax (138.3 of 266); neither
difference reaches significance (pooled χ2=0.82, pMcN = 0.366). Paired two one-sided tests
for equivalence at a ±5 pp margin confirm the pattern: both strata are statistically equivalent
(pTOST = 3.12 × 10−4 MiniMax; pTOST = 0.0173 DeepSeek), and the pooled analysis across
n = 1596 paired observations is equivalent with pTOST = 4.64 × 10−5. A population-averaged
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logistic regression gives an odds ratio of 0.96 (95% CI [0.87, 1.06], p = 0.449) and a mixed-
effects model gives a conditional odds ratio of 0.91 ([0.78, 1.06]), neither distinguishable from
no effect. Against this null, the pooled McNemar test for PASC versus silent is significant
at p = 9.64 × 10−5 (Section 5.1). Adding a second agent to the shared workspace, in the
absence of the peer-activity render, does not measurably change resolution effectiveness.
The lift observed in RQ1 is therefore attributable to the peer-activity feed rather than to
the addition of a second agent. Figure 2 provides a qualitative instance of this mechanism:
on a SWE-Bench Pro instance where the single-agent baseline and both agents under the
silent baseline fall into the same architectural error as agent_0 and submit a wrong fix,
the peer-activity feed allows PASC to recover.

5.3 RQ3: Shared Workspace Outperforms Federation

Both industry guidance [4, 5] and the closest published multi-agent neighbour, CAID [15],
prescribe isolated git worktrees as the safe topology for multi-agent software-engineering
agents. RQ3 isolates this single design choice. Holding all other PASC design decisions
constant – no central manager, same task end-to-end, identical three-layer peer-activity feed
– does the shared-tree topology outperform the isolated-tree alternative?

We evaluated this contrast as a federated configuration: two agents in separate worktrees
observing the same peer-activity feed (commits, lifecycle status, output digests) as in the
shared setting, with prompts adapted to inform each agent of the federated topology. CAID’s
other design choices (central manager, task decomposition into different subtasks) are
deliberately not adopted, so the comparison isolates the worktree topology decision rather
than reproducing CAID. Final patches are derived per-agent; we report both individual-agent
submissions (deployable) and an oracle UNION (upper bound).

Under the deployable regime, PASC outperforms each federated agent on both models.
On MiniMax, PASC resolves 152.3 of 266 against 140.7 for federated agent_0 and 140.3 for
federated agent_1; on DeepSeek, PASC resolves 164.0 against 156.0 for agent_0 and 156.7
for agent_1. Per-stratum stratified McNemar tests (pooled across the three runs within each
model, n=798 per cell) are significant in all four model-by-agent contrasts: MM vs. agent_0
χ2=7.80, p=5.22 × 10−3; MM vs. agent_1 χ2=8.42, p=3.72 × 10−3; DS vs. agent_0 χ2=5.54,
p=0.019; DS vs. agent_1 χ2=4.65, p=0.031. Per-stratum odds ratios cluster tightly between
1.54 and 1.61, and the Breslow-Day test rejects no heterogeneity, licensing pooled inference.
The pooled stratified McNemar on n=1596 paired observations is χ2=13.34, p=2.60 × 10−4

against agent_0 and χ2=13.04, p=3.05 × 10−4 against agent_1. The two federated agents
are themselves statistically indistinguishable within each stratum (all per-run McNemar
p≥0.42), so the contrast does not depend on which federated agent is selected.

Under the oracle regime, federated reaches 151.7 of 266 on MiniMax and 160.3 on
DeepSeek, neither distinguishable from PASC per-stratum (MM χ2=0.03, p=0.865; DS
χ2=1.22, p=0.269). The pooled stratified contrast on n=1596 is χ2=0.71, p=0.398. The
shared-workspace configuration thus matches the federated upper bound on both models
even though that bound requires information the deployed system does not have. Within this
comparison the outcome tracks the shared-tree topology rather than the mere fact of running
two agents on the same task: the shared tree is not surpassed even when the federated
alternative is allowed oracle selection, and outperforms it once the alternative is restricted to
the selection a deployed system could actually perform. The cost comparison between the
two configurations, including selector-mechanism caveats, is reported in Section 5.4.
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5.4 RQ4: Cost-Effectiveness
Cost figures are reported in Table 1 alongside outcomes.

Two cost facts stand out. First, single has the lowest cost per pass on both models; this
reflects the two- to threefold total spend of the multi-agent configurations and is a genuine
trade-off rather than an inefficiency. Second, both PASC and federated substantially
improve cost-per-pass over silent: $0.137 and $0.137 vs. $0.158 on DeepSeek-V4-Pro
(−13.4%, −13.4%), $0.160 and $0.147 vs. $0.221 on MiniMax-M2.7 (−27.6%, −33.5%). The
peer-activity feed is budget-positive regardless of topology: agents waste fewer tokens on
redundant exploration when they can see each other’s commits and recent outputs.

Between PASC and federated on a deployable basis, cost-per-pass is identical on
DeepSeek-V4-Pro ($0.137 for both) and slightly higher for PASC on MiniMax-M2.7 ($0.160
vs. $0.147, +8.8%). These federated figures already credit the two-agent run with the average
resolution rate of its agents; an oracle-selected federated configuration would push the pass
count higher (Section 5.3) but is not deployable, since any practical selector – whether
an LLM judge, a test-based verifier, an external re-ranker, or another mechanism – adds
inference or infrastructure cost not reflected in the table, and offers no guarantee of perfect
selection accuracy. PASC’s submission is uniquely determined by the shared git state and
incurs no such selector overhead. Combined with the outcome contrast of Section 5.3, PASC
is effectiveness-dominant against the deployable federated alternative on both models and
matches the oracle federated upper bound that requires non-deployable patch selection, at a
cost identical on DeepSeek-V4-Pro and modestly higher on MiniMax-M2.7 in exchange for
the no-selector deployability property.

5.5 RQ5: The Peer-Activity Feed Mitigates Destructive Thrash
Industry guidance against shared-workspace multi-agent configurations rests on a specific
failure mode: two agents repeatedly overwrite a contested file, with one agent’s edit undoing
what the peer has just written [4, 5]. RQ5 asks whether action-space coordination mitigates
this empirically, and whether the mitigation is a routing effect (agents stay out of each other’s
files) or a cooperation effect (agents observe peer edits and do not overwrite them on shared
files).

We measure contention at three nested granularities defined in Section 4.5: co-edit (broad),
any-destructive (narrow), and sed-reversal (narrowest). Table 2 reports all three on the full
n=266 corpus under both LLMs.

Routing effect: The peer-activity feed reduces the co-edit rate by 43% on MiniMax
(128.3 → 72.7) and 52% on DeepSeek (43.7 → 21.0), both significant under CMH-pooled
McNemar (MH-OR 3.67 and 3.43 respectively). Agents that observe which files the peer is
working on tend to select different files.

Destructive subset: Within the co-edit subset, destructive-overwrite signatures account
for 72% of cases under silent on MiniMax (92.7/128.3) and 71% on DeepSeek (31.0/43.7),
so co-edit on this corpus typically manifests as actual interference rather than cooperative
editing. The feed reduces the any-destructive rate by 45% on MiniMax and 49% on DeepSeek
(MH-OR 3.78 and 3.30).

Cooperation effect: Sed-reversal is observed only on MiniMax; DeepSeek produces zero
events under either configuration, suggesting that the canonical sed-based thrash signature
is partly a model-specific manifestation. Where the pattern is present, the feed nearly
eliminates it: 4.0 → 0.3 on MiniMax (12 silent events vs. 1 PASC event total across the
three runs), with CMH-pooled MH-OR 12.0 (p=2.28 × 10−3). The per-co-edit sed-reversal
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Table 2 Contention diagnostics on the full 266-instance Python subset of SWE-Bench Pro. Counts
are 3-run mean flagged instances out of 266. CMH-pooled McNemar across 3 runs: MiniMax co-edit
χ2=96.0, p<10−15, MH-OR 3.67; any-destructive χ2=72.7, p<10−15, OR 3.78; sed-reversal χ2=9.31,
p=2.28 × 10−3, OR 12.0 (12 silent events vs. 1 PASC event total across 3 runs); DeepSeek co-edit
χ2=37.3, p=1.0 × 10−9, OR 3.43; any-destructive χ2=24.6, p=7.0 × 10−7, OR 3.30; sed-reversal
undefined (no events in either condition).

LLM Signal Silent PASC

MiniMax-M2.7
co-edit 128.3 72.7
any-destructive 92.7 51.0
sed-reversal 4.0 0.3

DeepSeek-V4-Pro
co-edit 43.7 21.0
any-destructive 31.0 15.7
sed-reversal 0 0

rate on MiniMax drops from 3.1% (4.0/128.3) under silent to 0.4% (0.3/72.7) under PASC:
even when routing fails, the feed prevents agents from targeting peer-written lines. The
conditional sample is small, but the direction is consistent with two mitigation effects –
routing and cooperation – operating independently.

The peer-activity feed thus reduces contention at all three granularities on both LLMs
and largely removes the sed-reversal pattern where it occurs. The mechanism delivering the
RQ1 outcome lift also addresses the failure mode that motivates industry guidance against
shared workspaces.

5.6 RQ6: Preliminary Observations on N > 2
We evaluated N ∈ {2, 3, 5} on a 76-instance subset of the SWE-Bench Pro Python corpus
under MiniMax-M2.7, repeated across two independent runs. At n=76, paired tests detect
only effects of roughly ±10 pp, so we report effect directions rather than per-cell significance.
Table 3 reports pass rates and contention diagnostics.

Pass rate remains within a ±5 pp band across all three configurations (Cochran’s Q non-
significant in both runs, p ≥ 0.28; pairwise McNemar all p ≥ 0.13). At n=76 a sweet-spot or
modest degradation of ∼ 5 pp would be invisible; we therefore read the data as consistent
with the coordination layer continuing to operate at higher N , while small effects on outcome
remain undetectable at this sample size.

The substantive effect of N is on contention. Co-edit rises from 16.8% at N=2 to 53.0%
at N=5, and any-destructive from 10.8% to 46.3% – approximately a three- to four-fold
increase in active interference. Two pressure sources explain this trend. First, the probability
that two agents touch the same file in the same step grows combinatorially with N : for N=2
there is a single peer pair, for N=3 three, for N=5 ten. Second, the peer-activity render
must aggregate N−1 peers’ activity in each layer, so the routing signal each agent receives
weakens as N grows even when the per-pair signal strength is constant. Sed-reversal, by
contrast, remains rare at all N (0.0%, 2.7%, 3.4%). The cooperation mechanism documented
in RQ5 thus continues to suppress targeted-line reversal at higher N , even as routing-level
interference grows several-fold.

The present coordination layer is calibrated for N=2; the routing signal it carries weakens
as N grows. At N > 2 the system continues to produce successful patches but accumulates
routing-level interference several-fold, suggesting that larger agent populations would benefit
from an additional coordination mechanism, with a cooperative claim layer the natural
candidate (Section 7).
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Table 3 N ∈ {2, 3, 5} comparison on a 76-instance subset under MiniMax-M2.7, averaged across
two independent runs. Pass rate differences across N are not statistically detectable (Cochran’s Q

p ≥ 0.28 in both runs; pairwise McNemar all p ≥ 0.13). Contention signatures follow the definitions
of Section 4.5; per-run counts are in the replication package.

Signal N=2 N=3 N=5

Pass rate (%) 59.1 63.8 61.1

Co-edit (%) 16.8 32.2 53.0
Any-destructive (%) 10.8 25.6 46.3
Sed-reversal (%) 0.0 2.7 3.4

6 Threats to Validity

The evaluation uses greedy decoding (temperature 0) with three independent runs per
configuration. The consistency of the lift across MiniMax-M2.7 and DeepSeek-V4-Pro and
across all three runs, together with the Breslow-Day rejection of effect heterogeneity and the
negligible run-level random-effect variance (ICC 0.4% in the GLMM analysis), supports the
robustness of the observed effect.

Generalisation of the empirical claims is bounded by benchmark scope. We chose SWE-
Bench Pro precisely for its contamination-resistance properties (Section 4.2); its public
Python subset still inherits the structural constraints of long-horizon multi-file Python tasks,
and the relative performance of action-space coordination may differ on benchmarks whose
tasks are shorter-horizon, single-file, or expressed in languages whose project layout yields a
weaker structural signal through the file system. The 76-instance scaling subset of Section 5.6
is a stratified sample from the same pool as the full 266-instance corpus and inherits its
scope. For resource reasons, this scaling analysis is restricted to a smaller subset and a single
model (MiniMax-M2.7), and its results are intended as scaling observations rather than
confirmatory measurements.

Outcome quality is operationalised by SWE-Bench Pro’s hidden test suite combining fail-
to-pass and pass-to-pass tests, which we adopt as the field-standard proxy for issue resolution;
the construct limitations of this proxy carry over from the underlying benchmark. The
contention diagnostics of Section 5.5 are constructed from the agents’ issued bash commands,
with the sed-reversal signal additionally referencing the shared git history to identify peer-
written lines; they surface the failure modes that motivate industry guidance against shared
workspaces, but are operational measures of interference rather than ground-truth semantic
equivalence between peer edits.

The primary inference is the pooled stratified analysis on n = 1596, with agreement across
McNemar, GEE, and GLMM reducing inferential artifact risk. The silent baseline’s agents
share a git tree and could in principle observe one another through explicit git commands; if
this backdoor channel produced coordination, the silent ≡ single equivalence would be
harder to obtain, not easier. The n=76 scaling subset of Section 5.6 admits detectable effects
only above ±10 pp, and the reported pass-rate invariance across N ∈ {2, 3, 5} should be read
with this minimum detectable effect in mind.

The 50-instance pilot corpus used to verify the three-layer feed (Section 3.5) overlaps
with the 266-instance evaluation corpus. The pilot involved no algorithmic training and
no parameter fitting; its verification targets were operational (regex coverage, injected-
block token budget, L2 event shapes) rather than outcome-shaped, and at n=50 pass-count
differences between consecutive layer additions fall within a 1–3 instance range – below the
statistical resolution of any paired test – so no design choice could have been outcome-selected
from the pilot.
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7 Conclusion and Future Work

Homogeneous agents can share a single workspace and a single task without a central manager,
an external selector, or a post-hoc merge. What makes this viable is coordination through a
structured peer-activity feed over the shared git tree. Under two independently-developed
open-weight LLMs, the resulting system resolves more instances than an isolated single-
agent baseline, at a lower cost per resolved instance than a two-agent baseline without peer
awareness, and with reduced contention on the shared workspace. Without peer awareness,
two agents on the shared tree are statistically equivalent to a single agent: the gain comes from
the observation, not the second agent. The same feed over isolated worktrees is outperformed
under deployable patch selection and attains parity with the shared tree only when granted
oracle selection, placing the remainder of the effect in the workspace topology rather than in
the feed alone.

For software engineering practice, the implication is that a portion of what an autonomous
agent fails to resolve in isolation is recoverable through the addition of a second agent able
to observe its work, with the recovery attributable to the observation rather than to the
additional agent. Where a single agent proves insufficient on the long-horizon, multi-file tasks
that characterise this benchmark, coordination offers a route to extend what a given model
resolves, without recourse to a stronger model or a larger step budget. Worktree isolation
eliminates concurrent-edit collisions by construction, but substitutes for them the problem of
reconciling two patches, whether by selection or by merge. The shared tree instead leaves a
single patch, and the peer-activity feed lowers contention across all three signals relative to
the silent baseline.

Several directions remain open. The present evaluation uses greedy decoding with three
independent runs per configuration; while the GLMM analysis suggests that run-level variance
contributes little to the method comparison at this scale, a wider sweep – more runs per
configuration, alternative inference engines, and non-zero temperatures – would characterise
the joint effect of provider-side stochasticity and decoding noise on the coordination lift,
particularly on instances near the resolution boundary. The minimal design suffices at N=2.
At N > 2 the system continues to produce successful patches but accumulates routing-level
interference several-fold (Section 5.6), suggesting that larger agent populations would benefit
from an additional coordination mechanism. A natural next step is an L4 cooperative claim
layer evaluated as a {no-L4, L4} × {N=3, N=5} factorial, isolating its marginal contribution
from the agent count. Beyond scaling, evaluating PASC across a wider range of model
strengths would test whether the lift remains constant, scales with single-agent strength, or
saturates as the single-agent ceiling rises. The coordination mechanism is not specific to
mini-swe-agent; re-evaluating PASC atop richer scaffolds is a natural extension. Finally,
the architecture already supports heterogeneity at the system-prompt level: agents can be
assigned distinct roles or strategies within the same shared workspace without changes to
the coordination layer. A follow-on study pairing heterogeneous models or role-specialised
prompts in a single shared tree would extend PASC to combine model diversity [39] with
action-space coordination.

Data Availability Statement

The implementation, per-instance outcome data, analysis scripts, and a README for re-
producing the headline numbers are available at doi.org/10.5281/zenodo.20276750 and
github.com/hasenoz/PASC. The release includes: (i) the implementation of PASC on top
of mini-swe-agent v2.2.6; (ii) the SWE-Bench Pro Python subset configuration files; (iii)
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per-instance pass/fail vectors for the four configurations (single, silent, federated,
PASC) on the full 266-instance corpus under both LLMs, and for the N ∈ {2, 3, 5} scaling
subset under MiniMax-M2.7, with the 50-instance pilot diagnostics kept separate from the
confirmatory data; (iv) the scripts that compute every McNemar, Breslow-Day, GEE, GLMM,
and TOST contrast reported in the paper; and (v) the LLM-provider invocation scripts, cost
computation, and pricing details. Model weights are not redistributed; reproducing LLM
inference requires access to the respective providers’ APIs or self-hosted weights.
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