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Abstract

Multi-agent systems for software engineering often suffer from a delegation
tax, where the coordination overhead of sub-agents degrades performance
compared to single-agent baselines. We trace this penalty to failures at the
inter-agent handoff boundary, defined by context loss during task delegation
and weak verification upon return. We propose HAI-Agent, a framework
that transforms this boundary into a governed interface through three hand-
off interventions: (1) Delegation Review, a pre-dispatch gate ensuring task
specifications are self-contained; (2) Retrospective Reflection, a mandatory
self-certification by the agent; and (3) Verification Fork, an independent vali-
dation of the return by the orchestrator. Averaged over three independent
runs, HAI-Agent resolves 47.2% of SWE-bench-Pro tasks with Qwen3.5-
397B-A17B (+4.0 over a matched SWE-Agent baseline) and, on the longer-
horizon Commit0-lite, reaches a 61.6% pass rate with Claude-4.5-Sonnet
(+11.3) and 59.8% with Qwen3.5-397B-A17B (+8.0), while consistently re-
ducing run-to-run variance. Ablations on the full SWE-bench-Pro confirm
that ungoverned delegation degrades performance below the single-agent
baseline and that each intervention is necessary. Our claims are deliber-
ately scoped to multi-agent substrates in long-horizon settings: governing
the handoff removes the delegation tax where decomposition is necessary,
rather than replacing single-agent test-time scaling on atomic tasks.

1 Introduction

Large Language Model (LLM) agents have evolved to tackle sophisticated, long-horizon
tasks, ranging from repository-level bug fixing (Jimenez et al., 2024; OpenAl, 2024) to the
autonomous generation of entire libraries (Zhao et al., 2024). As task complexity scales, the
prevailing paradigm has shifted toward delegation, a strategy that partitions objectives into
subtasks handled by specialized agents such as planners, editors, and verifiers. This multi-
agent coordination is now foundational to both academic research (Qian et al., 2024a; Hong
et al., 2024) and industrial coding assistants (OpenAl, 2026; Anthropic, 2026). By leveraging
collective intelligence, these Multi-Agent Systems (MAS) facilitate the decomposition of
intricate problems, integration of knowledge and iterative refinement Park et al. (2023).

Despite these theoretical advantages, multi-agent systems often fail to surpass robust single-
agent baselines due to a “delegation tax” inherent in the inter-agent handoff. This systemic
fragility is primarily driven by @ Context Loss: occurs when the primary agent’s rich
internal state is compressed into a lossy natural-language specification, causing sub-agents
to overlook implicit constraints or engage in redundant exploration. Simultaneously, ®
Weak Verification arises from a behavioral tendency where sub-agents bypass rigorous
validation and report task completion perfunctorily. Lacking mechanisms to challenge these
premature claims, the primary agent blindly incorporates flawed results, allowing errors to
compound silently across delegation cycles and compromising overall reliability.

Current research in multi-agent coordination generally follows three trajectories. One
focuses on structured roles and workflow governance, employing explicit hierarchies to
mitigate miscommunication (Hong et al., 2024; Qian et al., 2024a). A second line refines
orchestration through advanced prompting and search-based task allocation (Zhang et al.,
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Figure 1: The HAI-Agent Architecture. The Orchestrator coordinates the lifecycle through
a specialized agent tool. The handoff boundary is governed by three interventions: (1)
Delegation Review (pre-delegate), (2) Retrospective Reflection (pre-return), and (3) an
independent Verification Fork (post-return, Engineer-only)

2024). Concurrently, a third approach explores self-correction, using feedback loops to en-
courage agent introspection and output repair (Shinn et al., 2023). While these architectural
and algorithmic advances offer incremental gains, they often remain domain-specific or
introduce prohibitive complexity without yielding generalizable principles. Furthermore,
existing failure analyses tend to be descriptive rather than prescriptive, identifying issues
without providing robust mechanisms for prevention or real-time correction. Consequently,
MAS remains inherently fragile when tasked with complex, open-ended objectives.

To move beyond descriptive analysis toward a prescriptive framework for robust coor-
dination, we propose shifting the focus from agent-centric architectures to the protocols
governing their interaction. We introduce three handoff interventions that specifically target
the inter-agent boundary, addressing the root causes of the delegation tax at both the dis-
patch and return stages. (1) Delegation Review: an LLM-as-a-judge evaluates whether the task
specification is self-contained (clear goal, relevant files, verifiable success criteria) before
dispatch, prompting revision when the specification is underspecified. (2) Retrospective
Reflection: before returning, the sub-agent evaluates its own output against the assigned task
and produces supporting evidence (e.g., test results, diff summaries). (3) Verification Fork:
the main agent forks a verification process from its current state to independently evaluate
the return, producing a binary accept/reject decision; on rejection, the subtask is reassigned
with feedback, turning silent failures into recovery opportunities.

We instantiate these interventions in HAI-Agent and evaluate it on SWE-bench-Pro (Deng
et al., 2025) and Commit0-lite (Zhao et al., 2024). Averaged over three independent runs,
HAI-Agent achieves a 47.2% resolve rate on SWE-bench-Pro with Quwen3.5-397B-A17B (+4.0
over the matched SWE-Agent baseline). On Commit0-lite, it achieves a 61.6% pass rate with
Claude-4.5-Sonnet and 59.8% with Qwen3.5-397B-A17B, absolute gains of +11.3% and +8.0%
respectively over the matched SWE-Agent baseline. We scope these claims deliberately:
at matched test-time compute, parallel single-agent sampling remains competitive on
SWE-bench-Pro’s atomic tasks (§4.4); the value of handoff governance lies in removing the
delegation tax where multi-agent decomposition is needed, and gains are correspondingly
largest on the long-horizon Commit0-lite.

Our contributions are as follows:

¢ We characterize the Delegation Tax in multi-agent software engineering and trace its root
causes to Context Loss and Weak Verification at the inter-agent handoff boundary.
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* We propose HAI-Agent, a prescriptive coordination framework that introduces three me-
chanical handoff interventions: Delegation Review, Retrospective Reflection and Verification
Fork.

¢ We provide an empirical evaluation on two repository-scale benchmarks across diverse
models, demonstrating that within a fixed multi-agent substrate, HAI-Agent removes
the delegation tax, consistently outperforms matched baselines, and reduces run-to-run
variance.

2 Related Work

Coding Agents. SWE-Agent (Yang et al., 2024) demonstrated that agent-computer in-
terface design matters as much as model capability for repository-level tasks. Agentless
(Xia et al., 2024) imposes a fixed localize-then-patch pipeline; OpenHands (Wang et al.,
2025) provides a flexible multi-architecture platform; CodeR (Chen et al., 2024) combines
retrieval with multi-turn repair. Industrial systems such as Codex (OpenAl, 2026) and
Claude Code (Anthropic, 2026) rely on delegation as a core workflow. These systems focus
on the interface between an agent and the codebase; we study the complementary surface:
the interface between agents. These agents are evaluated on SWE-bench (Jimenez et al.,,
2024) and its extensions (SWE-bench-Pro, Multi-SWE-bench (Zan et al., 2025)), which test
real-world GitHub issue resolution, and Commit0, which tests end-to-end code generation.
Post-training data for coding agents includes SWE-Gym (Pan et al., 2025), SWE-Smith
(Yang et al., 2025), SWE-Synth (Pham et al., 2025), SWE-Fixer (Xie et al., 2025), Lingma
SWE-GPT (Ma et al., 2024), Skywork-SWE (Zeng et al., 2025), R2E-Gym (Jain et al., 2025),
and SWE-RL (Wei et al., 2025). These corpora collect supervision at the trajectory level; our
boundary-level verification yields finer-grained per-subtask labels as a byproduct.

Multi-Agent Coordination. Early LLM-based multi-agent systems organize collaboration
through predefined roles: ChatDev (Qian et al., 2024a) and MetaGPT (Hong et al., 2024)
simulate software teams with sequential role pipelines, while MapCoder (Islam et al., 2024)
and CodeAgent (Tang et al., 2024) decompose tasks across specialized agents. Scaling
analyses reveal the cost of implicit handoffs: coordination overhead grows superlinearly
with agent count (Qian et al., 2024b), and naively adding agents can degrade performance
(Li et al., 2024b). In dialogue-driven systems (Wu et al., 2024), delegation emerges through
conversation without explicit control. Planning-oriented analyses report severe task overlap
and inconsistent action sequences when delegation is ungoverned (Li et al., 2024a). Cemri
et al. (2025) develop the MAST failure taxonomy from 1600+ annotated traces, identifying
task verification failures as roughly one-fifth of all breakdowns. Recent work has begun to
treat inter-agent transfer as a first-class design target: AgentAsk (Lin et al., 2025) introduces
clarification at delegation boundaries; Barrak (2025) studies accountable handoffs with
blame attribution; LDP (Prakash, 2026) elevates delegate identity and provenance to protocol
primitives. Multi-Agent Verification (Lifshitz et al., 2025) scales test-time compute by
composing aspect verifiers, and MALT (Motwani et al., 2024) trains verifier agents jointly
through multi-agent reinforcement learning. In the LLM reasoning setting, debate (Du
et al., 2023; Liang et al., 2023), reflexion (Shinn et al., 2023), and process reward models
(Lightman et al., 2024) provide related verification mechanisms. Our work addresses a
specific question: not how to organize agents into roles or train better verifiers, but how to
enforce verification at the boundary where control changes hands through targeted handoff
interventions. AgentAuditor (Hua et al., 2025) performs post-hoc evidence-based auditing
of multi-agent traces; AgentDropoutV2 (Wang et al., 2026) intercepts erroneous outputs at
runtime via a rectify-or-reject pipeline. In our setting, verification is not a separate post-hoc
step but an enforced check at the handoff boundary.
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3 HAI-Agent: Governing the Inter-Agent Handoff

3.1 System Architecture

Scaffolding. HAI-Agent adopts an orchestrator-worker multi-agent architecture. The
system coordinates the high-level reasoning trajectory and global state by managing parallel
Git worktrees. Specialized agents are spawned to execute subtasks within designated
worktree scopes, ensuring that concurrent implementations remain logically and physically
isolated.

Tools. We leverage the models’ native tool-calling capabilities to facilitate interaction with
both the repository and our multi-agent harness. We distinguish between two functional
interface categories:

o Agent-Computer Interface (ACI): Provides atomic primitives for repository interaction,
including Glob and Grep for search, Read for inspection, Write and Replace for modifi-
cation, and a general-purpose Bash shell. To support multi-worktree management, the
AClincludes list_worktree to view existing scopes and create_worktree to spawn new
worktrees from HEAD or specific branches.

o Agent-Agent Interface (AAIl): The AAI governs the delegation lifecycle and is the primary
object for implementing our handoff interventions. It consists of two coordination
primitives:

- agent: Exclusive to the Orchestrator for dispatching subtasks. It requires a worker
type, a task objective, and a worktree identifier (required for Engineers). If the
specified worktree does not exist, the system automatically initializes it. Calling this
tool triggers the Delegation Review.

- finish: A universal completion tool used by all agents to terminate their current
trajectory. When invoked by an Agent, it initiates Retrospective Reflection. Crucially,
if the agent is an Engineer, the return also triggers our independent Verification Fork.
When invoked by the Orchestrator, it constitutes the final submission of the global
solution.

Agent Roles. We define three distinct roles with asymmetric access to the ACI and AAI to
enforce a strict separation of concerns:

¢ Orchestrator: The root agent responsible for global planning, worktree lifecycle manage-
ment (create_worktree), and task delegation (agent). It maintains the high-level context
and integrates agent returns into the final solution.

* Explorer: Read-only agent restricted to the read-only subset of the ACI (Glob, Grep,
and Read). They are optimized for codebase comprehension and localization without
introducing side effects.

o Engineer: Agent with full ACI access, including Write, Replace, and Bash. They operate
on a dedicated worktree assigned by the Orchestrator, ensuring that implementations
and local verifications remain isolated.

Crucially, the agent, list_worktree, and create_worktree tools are excluded from the tool
definitions exposed to Explorer and Engineer agents—rather than merely discouraged
by prompt—preventing unauthorized invocation during their local execution cycles. This
ensures that delegation and structural worktree management remain privileged Orchestrator
functions, preventing uncontrolled recursion and maintaining a centralized coordination
structure.

3.2 Handoff Interventions

To mitigate the Delegation Tax, HAI-Agent transforms the inter-agent handoff from a simple
message exchange into a series of governed synchronization points. These interventions
are structurally integrated into the AAI tool-calling protocol, ensuring they cannot be
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bypassed by the models. The full prompt texts for all roles and interventions are provided
in Appendix C.

Delegation Review: Dispatch-side Quality Gate. Context loss is inherent in delegation,
as the Orchestrator must compress its internal mental model into a natural-language task
description. To ensure this compression is not lossy, the agent tool call is intercepted by
a Delegation Reviewer (an LLM-as-a-judge). The reviewer evaluates the dispatch against
a rigorous three-point checklist: (i) Atomicity: Does the task target a single, well-defined
objective? (ii) Self-containment: Are all relevant file paths, identified dependencies, and
previously discarded hypotheses explicitly stated? (iii) Verifiability: Are there clear, execution-
based criteria to define success? If the reviewer identifies ambiguities or missing context,
the agent call is rejected, and the Orchestrator is prompted to revise the task description.
This forces the externalization of implicit reasoning before the sub-agent trajectory begins.

Retrospective Reflection: Worker-Side Self-Relection. To combat the behavioral tendency
toward perfunctory verification, the finish tool triggers a mandatory Retrospective Reflection.
Our agent harness automatically extracts the final git diff and reinjects the original task
description into the sub-agent’s context, compelling a systematic self-audit. Before exiting,
the agent must reconcile its modifications with the initial requirements. For an Engineer, this
artifact must include logs from a newly passing test suite; for an Explorer, it must furnish a
trace of evidence supporting its localization claim. This protocol transforms the exit signal
from a mere assertion of completion into a documented certification, anchoring the agent’s
final output to its original objective.

Verification Fork: Orchestrator-side Validation. The most critical intervention is the
Verification Fork, which is triggered specifically upon an Engineer’s return to ensure imple-
mentation correctness. Upon receiving a finish tool call, the system forks an independent
verification process—a separate LLM call that inherits the Orchestrator’s full global context
but remains uncorrupted by the sub-agent’s internal reasoning chain. The fork consumes
the complete evidence package (the patch diff, test logs, execution outputs, and the agent’s
reflection) and produces a binary decision v € {0,1} to either accept or reject the con-
tribution. The decision is scored strictly against the assigned subtask, interpreted in the
global task context, so a valid partial solution is not rejected for leaving the overall issue
unsolved; the fork also cross-checks the reflection’s claims against the actual diff and logs,
so a fabricated self-certification does not survive the boundary. On rejection (v = 0), the
Engineer’s worktree changes are discarded and the subtask is re-delegated to a fresh agent
spawned from the Orchestrator’s current state, with a feedback log containing the fork’s
critique appended; merges into the main workspace occur only on acceptance (v = 1), at
which point temporary evidence logs are purged. This mechanism exploits the fundamental
asymmetry of software engineering—where verification is computationally cheaper and
more objective than generation—to convert silent task drift into explicit recovery opportuni-
ties. By limiting this heavyweight check to Engineers, we prioritize computational resources
on implementational boundaries where the risk of silent regression is highest.

4 Experiments

4.1 Experimental Setup

Benchmarks. We evaluate HAI-Agent on two long horizon software engineering bench-
marks that stress different dimensions of multi-agent coordination:

1. SWE-bench-Pro (Deng et al., 2025): A high-fidelity benchmark of real-world GitHub issues
requiring professional-grade, repository-level reasoning. Unlike the original SWE-bench,
the “Pro” version focuses on non-trivial tasks where the solution often spans multiple
files and necessitates a deep understanding of cross-module dependencies. Success is
strictly evaluated by a patch’s ability to pass a hidden, human-verified test suite.

2. Commit0O-lite (Zhao et al., 2024): A challenging benchmark that requires agents to im-
plement entire Python libraries from scratch, given only a repository skeleton and a
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SWE-bench-Pro
Multi-Agent HAI-Agent
Model Score Runtime Cost Score Runtime Cost

Claude-4.5-Sonnet 38.8 1250.6 14 45.9 1380.2 15
Qwen3.5-397B-A17B  39.6 1340.2 0.4 46.8 1420.1 0.5

Commit0-Lite
Multi-Agent HAI-Agent
Model Score Runtime Cost Score Runtime Cost

Claude-4.5-Sonnet 56.5 1780.4 4.8 62.3 1890.5 5.0
Qwen3.5-397B-A17B  55.1 1890.5 1.6 64.0 1950.2 1.8

Table 1: Main results on SWE-bench-Pro and Commit0-Lite. Score represents Resolved (%)
for SWE-bench-Pro and Pass Rate (%) for Commit0O-Lite. Runtime is the average task time
in seconds; Cost is averaged per task.

comprehensive suite of unit tests. This is fundamentally an integration problem: a task
succeeds only if the final implementation passes the entire test suite. In this setting, the
Orchestrator must perform detailed dependency analysis—mapping tests to specific files
and determining the optimal implementation order—before partitioning the codebase
into file-level or function-level tasks for individual Agents. Commit0-lite is particularly
suited for evaluating our handoff interventions because the high density of internal
dependencies and the requirement for full test pass-rates penalize any information decay
or weak verification during delegation.

Baselines. To rigorously evaluate the impact of our handoff interventions, we compare
HAI-Agent against a primary Naive Multi-agent baseline built on the same underlying
substrate. This baseline is a matched orchestrator-worker system that utilizes the same
AAI hierarchy and toolset as HAI-Agent, but operates without our proposed interven-
tions (Delegation Review, Reflection, and Verification Fork). By holding the agent sub-
strate fixed—including the prompting structure, memory management, and execution
policies—this comparison isolates the specific incremental value of handoff governance.

This design ensures that our evaluation does not conflate framework-level differences (e.g.,
tool schemas or environment handling) with coordination-level improvements; comparisons
against monolithic single-agent configurations appear in the ablation analysis (Section 4.3).

Configuration. No artificial iteration or turn caps are imposed on any scaffold—neither
on the Orchestrator nor on any spawned Agent; every trajectory terminates only when the
agent itself emits a finish/submit action. Sampling temperature is set to 1.0 for both model
families. To maximize the models’ capacity for logical deduction and self-certification,
we enable thinking for all models across all experimental runs (enable_thinking for the
Qwen series); for Claude-4.5-Sonnet, we use the xhigh reasoning-effort setting. Unless noted
otherwise, we report the mean over three independent runs, with the standard deviation in
parentheses.

Metrics. We report the Resolved (%) rate for SWE-bench-Pro, which requires passing both
fail-to-pass (F2P) and pass-to-pass (P2P) test suites. For Commit0O-lite, we report the Pass
Rate (%) of the synthesized repositories against the full unit test suite.

4.2 Main Results

We first evaluate HAI-Agent against the Multi-agent baseline to isolate the impact of handoff
governance. Table 1 presents the performance, efficiency, and cost metrics for our flagship
models.
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Compared with the naive Multi-agent baseline that lacks architectural governance, HAI-
Agent delivers a substantial performance leap with marginal increases in latency and
computational cost, transforming the inter-agent boundary into a high-yield quality-control
gate.

High-Efficiency Reliability. On SWE-bench-Pro, HAI-Agent improves the resolve rate of
Quwen3.5-397B-A17B by 7.2% absolute points, while the runtime overhead is restricted to a
mere 6% increase (1340.2s vs. 1420.1s) and the per-task cost remains virtually identical. A
similar trend is observed with Claude-4.5-Sonnet, where a 7.1% performance gain is achieved
with less than a 10% increase in both runtime and financial cost. These results suggest that
the Delegation Tax is not a necessary consequence of multi-agent architectures, but rather a
symptom of ungoverned handoffs that can be neutralized through targeted interventions.

Maximized Return on Coordination. In the CommitO-Lite implementation task, the return
on investment for handoff governance is even more pronounced. For Quwen3.5-397B-A17B,
HAI-Agent achieves an 8.9% absolute improvement in pass rate (55.1% — 64.0%) with less
than 3% additional runtime. Similarly, Claude-4.5-Sonnet sees a 5.8% improvement with only
a 6% increase in latency and a marginal 4% increase in cost. By investing a small amount of
additional inference in Delegation Review and the Verification Fork, HAI-Agent ensures that
sub-agent efforts are anchored to the global objective, preventing costly task drift without
the prohibitive overhead typically associated with redundant multi-agent verification.

Model Agent Score
SWE-bench-Pro (Resolved %)

SWE-Agent 222 (2.4)
HAI-Agent 24.8 (1.1)

SWE-Agent 28.9 (2.1)
HAI-Agent 32.0(1.1)

Claude Code 39.1 (2.5)
Claude-4.5-Sonnet SWE-Agent 43.6"
HAI-Agent 46.1"

SWE-Agent 43.2(1.8)
HAI-Agent 47.2 (1.0)

Qwen3-Coder-30B

Qwen3.5-35B-A3B

Qwen3.5-397B-A17B

Commit0-lite (Pass Rate %)

SWE-Agent 50.3 (2.8)
HAI-Agent 61.6 (1.3)

SWE-Agent 51.8 (2.4)
HAI-Agent 59.8 (1.1)

Claude-4.5-Sonnet

Qwen3.5-397B-A17B

Table 2: Performance comparison against specialized scaffolds across diverse model scales,
reported as mean (std) over three independent runs. 1: single run.

Comparing with SWE-Agent. We compare HAI-Agent against SWE-Agent (Yang et al.,
2024)—a widely adopted repository-level scaffold—on both benchmarks to evaluate the
benefits of handoff governance over purely instructional delegation. As shown in Table
2, HAI-Agent consistently outperforms SWE-Agent across model families and scales. On
SWE-bench-Pro, HAI-Agent achieves a +4.0% absolute improvement for Qwen3.5-397B-A17B
and a +2.5% gain for Claude-4.5-Sonnet. This suggests that while SWE-Agent provides a
robust interface for repository interaction (ACI), it lacks the mechanical governance at the
inter-agent boundary required to prevent the Delegation Tax.

The performance gap is even more pronounced on Commit0-Lite, which requires dense, end-
to-end implementation across multiple files. For Claude-4.5-Sonnet, HAI-Agent reaches a
61.6% pass rate, a +11.3% absolute gain over the 50.3% attained by SWE-Agent; for Qwen3.5-
397B-A17B, HAI-Agent yields a +8.0% improvement. The interventions also stabilize
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execution: HAI-Agent’s standard deviation ranges from 1.0 to 1.3 across all three-run
configurations, versus 1.8 to 2.8 for the SWE-Agent and Claude Code baselines, indicating that
governed handoffs yield more predictable execution paths. These results demonstrate that
our handoff interventions—specifically the Verification Fork and Retrospective Reflection—are
critical for maintaining structural and logical consistency in complex integration tasks.

4.3 Ablation of Handoff Interventions

Table 3 ablates the interventions of HAI-Agent on the full SWE-bench-Pro with Qwen3.5-
397B-A17B, in two ways: removing each intervention entirely, and downgrading each
intervention’s backbone to the smaller Quwen3.5-35B-A3B while the rest of the system contin-
ues to use Qwen3.5-397B-A17B.

Resolved (%)

Intervention ablated Removed Downgraded?
Retrospective reflection 41.5 (1.5) 43.8 (1.4)
Verification fork 434 (1.3) 45.0 (1.2)
Delegation review 45.2 (1.5) 46.0 (1.1)
Single-Agent 41.6 (2.7)
Multi-Agent (Naive)* 39.9 (3.0)
HAI-Agent (Full) 47.2 (1.0)

Table 3: Ablation on the full SWE-bench-Pro using Qwen3.5-397B-A17B, mean (std) over
three runs. t: the orchestrator-worker system without handoff interventions. f: the in-
tervention’s backbone replaced with Qwen3.5-35B-A3B while the rest of the system uses
Qwen3.5-397B-A17B.

Naive delegation hurts performance. A primary insight from Table 3 is that multi-agent
coordination is not beneficial by default. Transitioning from a Single-Agent (41.6%) to a
Naive Multi-Agent setup (39.9%) results in a performance regression below the single-agent
baseline, with the highest run-to-run variance of any configuration (std 3.0). This empirical
validation of the Delegation Tax suggests that the introduction of specialized agents—when
left ungoverned—amplifies coordination overhead and context loss without providing a
corresponding increase in reliability. Simply “adding more agents” to a software engineering
task is counterproductive unless the handoff boundaries are strictly managed.

Handoff interventions drive the recovery and gain. HAI-Agent successfully reverses this
tax, recovering the lost performance and driving the resolve rate to 47.2%, a +7.3% absolute
gain over the naive multi-agent baseline. Among the three interventions, Retrospective
Reflection is the most impactful: its removal causes the resolve rate to collapse to 41.5%,
equivalent to the single-agent baseline. This highlights that enforcing self-certification at
the worker side is the primary defense against task drift. The Verification Fork and Delegation
Review provide substantial additive gains (+3.8% and +2.0% respectively over their removed
configurations), with the fork being particularly effective in catching implementation-level
regressions that bypass an agent’s internal reflection. Every partial configuration also
exhibits higher variance than the full system.

The protocols matter beyond raw verifier capability. Downgrading any single inter-
vention’s backbone to Qwen3.5-35B-A3B recovers a substantial share of the corresponding
removed-intervention gap: 43.8% vs. 41.5% for reflection, 45.0% vs. 43.4% for the fork, and
46.0% vs. 45.2% for the review. A structurally enforced check executed by a weaker model
still outperforms no check at all, indicating that the handoff protocols themselves provide
systemic guardrails rather than merely proxying for verifier strength.
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4.4 Efficiency and Compute-Matched Baselines

Overhead is benchmark-dependent. Appendix B reports per-run cost (LLM calls, tool
calls, tokens) for HAI-Agent, SWE-Agent, and Claude Code under identical model config-
urations. On SWE-bench-Pro, HAI-Agent consumes roughly 5x the tokens of a single
SWE-Agent trajectory (13.7M vs. 2.74M): single-context baselines terminate early because
one context window suffices for most atomic fixes, while HAI-Agent keeps spawning the
sub-agent contexts that the multi-agent regime is built for. On the long-horizon Commit0-lite,
the overhead collapses to roughly 1.4x (356.5 vs. 254.8 LLM calls), because the baseline
itself must execute a long trajectory. The relative cost of handoff governance is thus largely a
function of task complexity and exploration depth rather than a fixed scaffold overhead, and
it is smallest precisely in the long-horizon regime that multi-agent decomposition targets.

Compute-matched test-time scaling. Since HAI-Agent spends ~5x compute on SWE-
bench-Pro, we compare against spending the same budget on single-agent test-time scaling:
SWE-Agent with Best-of-5 sampling, using an independent LLM verifier to rank the parallel
candidates without access to ground-truth tests (Table 4).

Configuration Compute (rel.) Resolved (%)
SWE-Agent 1.0x 432 (1.8)
Multi-Agent (Naive) ~5.0x 39.9 (3.0)
SWE-Agent + Best-of-5 ~5.0% 49.6
HAI-Agent ~5.0% 47.2 (1.0)

Table 4: Compute-matched comparison on the full SWE-bench-Pro with Qwen3.5-397B-
A17B. Best-of-5 ranks five independent SWE-Agent trajectories with an LLM verifier (no
ground-truth tests).

At matched compute, Best-of-5 SWE-Agent edges HAI-Agent by 2.4 points on SWE-bench-
Pro. This is expected from the benchmark’s structure: its tasks are largely atomic, single-file
fixes that fit within one context window, a regime where parallel sampling over single-
agent contexts excels and coordination overhead is not repaid. We therefore make no claim
that HAI-Agent outperforms single-agent test-time scaling on atomic tasks, nor that it is
a generally superior scaffold. The comparison that isolates our contribution is within the
multi-agent substrate: at the same ~5x budget, naive delegation collapses to 39.9% while
HAI-Agent reaches 47.2% with the lowest variance of any configuration, converting the
delegation tax into a +7.3-point gain. On Commit0-lite, where tasks exceed a single context
window and parallel single-context attempts cannot scale, the compute overhead drops to
~1.4x and HAI-Agent outperforms SWE-Agent by up to +11.3 (Table 2). In short, handoff
governance removes the delegation penalty wherever multi-agent structure is being paid for
anyway (long-horizon scope, parallelism, specialization); whether that structure is worth
its coordination cost on atomic tasks is a separate question, and there the answer is no by
construction.

A detailed behavioral analysis of HAI-Agent’s delegation patterns—per-role call statistics,
role bias across benchmarks, and trajectory depth—is provided in Appendix A.

5 Discussion and Limitations

5.1 Handoff-Level Failure Accounting

Each intervention triggers at a substantial rate. Averaged across three SWE-bench-Pro
runs, Delegation Review flags 28% of dispatches as underspecified, typically for missing
target paths, vague success criteria, or lost upstream context. Retrospective Reflection surfaces
self-detected issues on 34% of return attempts, most often untested code, compilation
breakages, or partial feature implementation. The Verification Fork rejects 31% of Engineer
returns (v = 0), catching local edits that violate global constraints (e.g., calls to deprecated
helpers) and task drift. Rejection is recoverable: 75% of rejections are resolved by direct
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retries (52% on the first retry, 23% on the second), and the remaining 25% recover after
the Orchestrator revises the task specification and re-delegates—in our runs, every such
re-delegated subtask subsequently passed the fork.

The three layers are complementary, not redundant. Among 200 rejected returns on
SWE-bench-Pro, 24% are caught only by the Verification Fork, 21% only by Delegation Review,
and 17% only by Retrospective Reflection; overlaps account for the remainder (reflection and
fork 19%, review plus post-revision rejection 13%, all three 6%). The 24% caught only by the
Orchestrator-side fork—including reflections whose claims do not match the actual diff or
logs—underscores why worker-side self-certification alone is insufficient.

Residual failures concentrate in planning, not the boundary. Decomposing 150 failed
HAI-Agent runs by root cause: 52% stem from decomposition and integration (wrong
subtask planning 28%, missed cross-file dependencies 24%), 19% from implementation
errors within correctly scoped subtasks, 22% from external or data issues (environment and
test setup 13%, ambiguous task specifications 9%), and 7% from other noise. The primary
residual bottleneck is thus Orchestrator-level planning quality, which handoff interventions
regulate only indirectly. This scopes our contribution: HAI-Agent is a boundary-governance
mechanism, not a general fix for multi-agent planning failures, and planning-layer verifica-
tion is a natural direction for future work.

5.2 Limitations

Scope of claims. Our results support a deliberately narrow claim: within a fixed multi-
agent substrate on long-horizon, decomposition-heavy tasks, governing the handoff re-
moves the delegation tax. They do not establish superiority over single-agent test-time
scaling on atomic tasks (§4.4).

Computational overhead. HAI-Agent consumes significantly more computational re-
sources than a monolithic single-agent trajectory: roughly 5x the tokens of a single SWE-
Agent trajectory on SWE-bench-Pro and roughly 1.4x on Commit0-lite (Appendix B); the
overhead is a function of task horizon rather than a fixed cost. However, HAI-Agent
represents a structured form of test-time scaling. Unlike naive multi-agent systems where
additional compute leads to performance degradation (39.9%, below the single-agent base-
line), our governed handoffs ensure that increased inference-time compute translates into
higher reliability (47.2%) and lower variance at the same budget (§4.4). The Verification Fork
and re-delegation loops thus provide a mechanical way to trade additional computation for
functional correctness.

Potential training usage. A significant byproduct of our architecture is the generation of
high-fidelity training signals. The binary outcomes v € {0, 1} produced by the Verification
Fork at each handoff boundary provide a natural filtering mechanism for synthetic data.
Specifically, implementation traces where v = 1 can be extracted as verified demonstrations
even from trajectories that fail to resolve the global task. This offers a promising path
for amortizing inference costs into long-term model improvement by fine-tuning on locally-
verified subtasks.

6 Conclusion

We study handoffs in multi-agent systems and identify two inherent challenges: con-
text loss during dispatch and weak verification upon return. We introduce three handoff
interventions—delegation review, retrospective reflection, and a verification fork—and
instantiate them in HAI-Agent. The resulting gains on SWE-bench-Pro and Commit0-lite,
obtained within a fixed multi-agent substrate and largest in long-horizon settings, are
primarily attributable to enforced verification. The broader lesson: where decomposition
is necessary, delegation becomes reliable not by improving what agents generate, but by
enforcing what gets verified before it is accepted.

10
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Ethics Statement

Our goal is to improve the reliability of software engineering assistants for legitimate
development and maintenance tasks. The same capabilities could also be misused for
malicious code modification, vulnerability exploration, or automating low-quality patch
generation at scale. To reduce those risks, we evaluate only in controlled benchmark
settings over public repositories, and we do not advocate autonomous deployment without
human code review. The proposed self-verification mechanism should be understood as
a reliability aid rather than a safety guarantee: verified subtasks can still compose into
an incorrect overall fix, and benchmark success does not imply production readiness. We
therefore recommend that any practical deployment of such systems include repository
access controls, audit logs, and mandatory human approval before patches are merged.
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A Analysis of Agent Behavior

To quantify the operational scope and coordination complexity of HAI-Agent, we report
several behavioral metrics in Table 5: (i) LLM Calls, the cumulative number of model
invocations across the entire trajectory (including both Orchestrator and Agents); (ii) Tool
Calls, the total number of successful interactions with the ACI or AAL and (iii) Agent Calls,
the frequency of sub-agent spawning for specific Explorer or Engineer roles via the agent
tool.

Metric Mean Max Min
SWE-bench-Pro

LLM Calls 790 314 22
Tool Calls 844 314 22
Explorer Calls 3.1 8 1
Engineer Calls 1.1 7 1
Agent Calls (Total) 4.3 14 1

Commit0-lite

LLM Calls 357.0 916 74
Tool Calls 4103 1015 87
Explorer Calls 2.4 4 1
Engineer Calls 39 9 1
Agent Calls (Total) 6.3 12 1

Table 5: Statistics on SWE-bench-Pro and Commit0-lite.

Shifting Role Bias across Benchmarks. The per-task call statistics in Table 5 reveal distinct
behavioral profiles for bug-fixing versus implementation-from-scratch tasks. On SWE-bench-
Pro, the Orchestrator exhibits a clear bias toward Exploration, with Explorer calls outnumbering
Engineer calls nearly three to one (3.1 vs. 1.1 mean calls). This confirms our hypothesis
that repository-level bug fixing is primarily an exploration-centric problem, where the core
bottleneck lies in navigating massive search spaces to localize root causes. Conversely, on
Commit0-lite, the ratio flips in favor of implementation: the mean number of Engineer calls
(3.9) significantly exceeds that of Explorers (2.4). This reflects the high implementational
density required to synthesize an entire library, where the Orchestrator must frequently
delegate function-level and file-level implementation tasks to specialized agents.

Managing Trajectory Depth and Scale. Table 5 also highlights the extreme reasoning
horizons encountered in multi-agent software engineering. While SWE-bench-Pro tasks are
relatively concise (mean 79 LLM calls), Commit0-lite tasks demand a massive increase in
trajectory depth, averaging 357 LLM calls and 410.3 tool calls per task, with maximums
exceeding 1,000. In such “long-horizon” scenarios, the role of our handoff interventions
becomes critical. By offloading implementation to isolated Engineer agents, the Orchestrator
prevents its own context from being saturated by low-level implementation details. The
high maximum of 14 total Agent calls on SWE-bench-Pro further demonstrates HAI-Agent’s
ability to coordinate a large number of discrete subtasks without succumbing to trajectory
collapse.

B Per-Run Efficiency Across Scaffolds

Table 6 reports per-run efficiency metrics for HAI-Agent, SWE-Agent, and Claude Code under
identical model configurations, complementing the compute-matched analysis in §4.4.

C Prompts

This appendix lists the system prompts used by HAI-Agent. The role prompts (§C.1) define
the three agent roles of §3; the intervention prompts (§C.2-C.4) implement the three handoff
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Model Scaffold Score (%) LLM calls Tool calls Tokens
SWE-bench-Pro

Qwen3.5-397B-A17B SWE-Agent 43.2 78.6 78.6 2.74M
Qwen3.5-397B-A17B HAI-Agent 47.2 394.8 419.6 13.7M
Claude-4.5-Sonnet Claude Code 39.1 80.4 85.2 2.70M
Commit0-lite

Claude-4.5-Sonnet ~ SWE-Agent 50.3 254.8 254.8 -
Claude-4.5-Sonnet ~ HAI-Agent 61.6 356.5 409.8 -
Qwen3.5-397B-A17B SWE-Agent 51.8 255.2 255.2 -
Qwen3.5-397B-A17B HAI-Agent 59.8 357.3 410.2 -

Table 6: Per-run efficiency under identical model configurations: average LLM calls, tool
calls, and total tokens per task. All scaffolds run with their native tool sets and unlimited
iteration budgets; trajectories terminate only when the agent emits a finish /submit action.

interventions of §3.2. Placeholders in braces (e.g., {task}) are filled by the harness at
runtime.

C.1 Agent Role Prompts
Orchestrator.

You are the Orchestrator coordinating the resolution of a software
engineering task in this repository.

Work in two phases:

1. PLAN: explore the repository, understand the issue, and produce
a modular breakdown into self-contained subtasks.

2. EXECUTE: delegate subtasks via the “agent™ tool. Use “explorer-”
agents for read-only investigation and “engineer” agents for
implementation; assign each engineer a dedicated worktree
(create one with “create_worktree™ if needed).

When delegating, every task description MUST contain:

- Goal: one atomic, well-defined objective for this subtask.

- Context: the relevant file paths, identified dependencies, and
everything you already know that the agent needs (findings,
ruled-out hypotheses, scope constraints). The agent sees ONLY
your task description.

- Success criteria: an explicit, execution-based condition (e.g.,
a test command that must pass).

When an agent returns, evaluate the return before building on it;
if a return is rejected, re-delegate the subtask with the feedback
log describing what was wrong.

Call ~finish™ only when the original task is resolved and verified.

Explorer.

You are an Explorer agent. You have READ-ONLY access to the
repository through Glob, Grep, and Read. You cannot edit files or
run commands.

Assigned subtask:
{task}

Carry out the investigation described above. Be precise: report

exact file paths, symbol names, and line numbers. Distinguish facts
you verified by reading code from hypotheses. Your return message
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should contain everything the Orchestrator needs to act on your
findings without re-reading the files itself. Call ~finish™ with
your findings when done.

Engineer.

You are an Engineer agent working in an isolated worktree at
{worktree_path}. You have full repository access (Read, Write,
Replace, Bash) within this worktree. Your changes are merged into
the main workspace only if your return is accepted.

Assigned subtask:
{task}

Implement exactly what the subtask specifies -- no unrelated
refactoring. Produce a minimal, precise patch. Run the tests named
in the success criteria (and any tests relevant to the files you
touched) before returning. Call ~finish™ with a return message that
includes: the files you changed, a summary of the diff, the exact
test commands you ran, and their results.

C.2 Delegation Review Prompt

You are reviewing a task description that the Orchestrator is about
to dispatch to a sub-agent. The sub-agent will see ONLY this
description -- it has no access to the Orchestrator's history.

Task description:
{dispatch_message}

Check the description against three criteria:

1. Atomicity: does it target a single, well-defined objective?

2. Self-containment: are all relevant file paths, identified
dependencies, and previously discarded hypotheses explicitly
stated?

3. Verifiability: are there clear, execution-based criteria to
define success?

If all three hold, output: PASS.
Otherwise output: REVISE, followed by the specific missing or
ambiguous items, so the Orchestrator can rewrite the description.

C.3 Retrospective Reflection Prompt

Injected as a system reminder when the agent calls finish; the harness automatically extracts
the final git diff and re-injects the original task description.

Before your return is delivered, review your own work.

Your assigned subtask was:
{task}

Your produced changes (git diff):
{diff}

Answer, with evidence:

1. Does your output satisfy the assigned subtask? Judge against the
stated success criteria, not your intentions.

2. What verification did you actually perform (exact commands, test
names, outputs)? For engineering tasks, include logs from the
passing test suite; for exploration tasks, include the evidence
trace supporting your claims.

3. What remains unverified or incomplete, if anything?

16



Published as a conference paper at COLM 2026

If verification failed or could not be performed, say so explicitly
instead of reporting completion. Your reflection and evidence are
checked independently against the workspace; unsupported claims
will cause the return to be rejected.

C.4 Verification Fork Prompt

The fork inherits the Orchestrator’s full message history; the following system reminder is
appended upon an Engineer’s return.

An Engineer agent has returned from a delegated subtask. Verify the
return independently before it is accepted.

Subtask assigned to the agent:

{task}

Worktree containing the agent's changes:
{worktree_path}

Agent's return message and reflection:
{return_message}

Judge the return STRICTLY against the assigned subtask, interpreted
in the context of the overall task. A valid partial solution that
satisfies its subtask must be accepted even if the overall task is
not yet solved.

Inspect the worktree yourself: read the diff, and re-run the tests
named in the success criteria if needed. Cross-check the agent's
reflection against the actual diff and logs; treat claims that do
not match the workspace as failures.

Output exactly one verdict:

ACCEPT -- the return satisfies the subtask.

REJECT: <feedback> -- otherwise, with concrete feedback on what is
wrong, to be passed to a fresh agent on re-delegation.
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