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Abstract

Large language models are increasingly embedded across the DevOps pipeline,
from planning and code generation to testing and deployment, yet multi-agent
LLM pipelines remain opaque: errors propagate silently across stages with no
systematic method to attribute failures to specific agents. We present a two-part
study of traceable, accountable multi-agent pipelines with structured handoffs
and role-level blame attribution. Part I evaluates a Planner, Executor, and Critic
pipeline on three multiple-choice benchmarks using eight configurations of three
frontier LLMs. Structured accountability recovers accuracy dramatically over
unstructured pipelines (e.g., from 61.42% to 97.64%), and blame attribution
reveals complementary role-specific aptitudes that enable data-driven model to
role casting. Part II extends the pipeline to execution-grounded code generation
on HumanEval, MBPP, and BigCodeBench, introducing a fourth Verifier agent.
We find that LLM-based test evaluation is not a reliable substitute for actual test
execution: false-fail rates reach 93%, triggering unnecessary re-generation that
overwrites correct solutions. Replacing the LLLM Critic with an execution-based
verification harness eliminates verification harm entirely, achieves the highest
accuracy on complex tasks, and reduces token cost by up to 57%. Test execu-
tion remains an irreplaceable component of the DevOps pipeline that cannot be
delegated to LLM judgment alone. We further find that the Planner adds 1.8
to 3.0 times more tokens to the pipeline without meaningful accuracy gains in
code generation, as the Executor produces comparable output with or without
the Planner’s formal specification.
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Fig. 1: A sequential multi-agent pipeline. A failure in the final output makes debugging
and assigning responsibility a critical challenge.
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1 Introduction

The field of software engineering is undergoing a significant transformation, driven by
the rise of Large Language Models (LLMs). This evolution is progressing from LLM-
powered “co-pilots” that assist developers to fully autonomous, multi-agent systems
capable of tackling complex software development tasks with minimal human inter-
vention [1, 2]. A common architectural pattern is the sequential multi-agent pipeline,
where specialized LLM-based agents collaborate in a predefined order to perform roles
such as planning, development, and testing [3]. Systems like ChatDev and MetaGPT
have demonstrated the potential of this approach, where task decomposition allows
multiple agents to synergistically solve problems that would be intractable for a single
monolithic model [4, 5].

However, this shift to sequential agent pipelines introduces a critical software engi-
neering challenge: the loss of transparency and the immense difficulty of debugging.
When agents are chained together, an error introduced by an early agent can silently
cascade, corrupting the entire workflow and leading to a final output that is incorrect
for reasons that are difficult to diagnose [3]. As illustrated in Figure 1, this turns the
collaborative pipeline into a new kind of opaque system where failures are observable,
but their origins are not. With developers already spending over 50% of their time on
debugging traditional software, the introduction of these complex, non-deterministic



agentic systems threatens to exacerbate this challenge significantly [6]. Debugging
a sequential pipeline of agents is therefore a crucial, yet largely unsolved, problem
standing in the way of their reliable deployment [7, 8].

While the potential of multi-agent systems is well-documented, the engineering
principles required to make them trustworthy and maintainable are still nascent [9].
Much of the existing research on systems like ChatDev [4], MetaGPT [5], and other
debugging agents [6] focuses on demonstrating the capabilities of agent collaboration.
While these studies are foundational, they often treat the pipeline as a black box,
evaluating only the final output. Consequently, they do not provide a systematic anal-
ysis of the internal system dynamics or the root causes of failure. This is a critical
omission, as recent work has shown that multi-agent systems can unexpectedly under-
perform strong, yet simpler, single-agent baselines due to coordination overhead and
these very cascading errors [10]. The software engineering community has long recog-
nized traceability as a cornerstone of building robust systems [11], yet this principle
has not been systematically applied to the internal workings of agentic pipelines. This
gap has recently been framed as the challenge of “automated failure attribution,”
that is, identifying which agent is responsible for a failure, a task that is critical for
debugging but remains a labor-intensive and underexplored problem [12, 13].

To address this gap, in our prior work [14] we presented an empirical study of
an accountable sequential pipeline of LLM-based agents. Rather than proposing
a new framework, our contribution was a rigorous analysis of the internal dynamics
of a Planner — Executor — Critic pipeline. We employed a blame attribution
methodology to monitor the correctness of a solution as it passes through each stage,
allowing us to quantify novel, role-specific behaviors such as repair (when an agent
corrects an error from a preceding stage) and harm (when an agent introduces an error
to a previously correct state). Through a large-scale study involving three state-of-the-
art LLMs in eight distinct pipeline configurations across three diverse multiple-choice
benchmarks, we investigated three research questions:

® RQ1: How do sequential multi-agent pipelines compare to the performance of
monolithic LLMs?

® RQ2: How do individual LLMs perform in specialized roles, and what are the
dynamics of error propagation and correction within the pipeline?

® RQ3: What are the trade-offs between accuracy, cost, and latency when designing
accountable sequential agent pipelines?

The prior study was deliberately conducted in a controlled setting: multiple-choice
benchmarks with known correct answers at every pipeline stage, enabling blame
attribution through simple label matching. While this design allowed systematic explo-
ration of model-role configurations and established the core methodology, quantifying
role-specific behaviors through novel repair and harm rate metrics and producing a
data-driven model-selection rationale, it remained a proxy setting. Multiple-choice
benchmarks, while enabling precise measurement, do not reflect the generative, open-
ended nature of real software engineering. In practice, when a multi-agent pipeline is
deployed to generate code, refactor a module, or resolve a bug, there are no gold labels



available at intermediate stages. The correctness of a plan or a generated function can
only be determined by executing the code against test suites, not by matching against
a predefined answer key. This fundamental difference between the controlled setting
and real-world deployment leaves several important questions unanswered and creates
gaps that must be addressed before the methodology can be considered practically
applicable.

First, because real software engineering tasks lack gold labels at intermediate
pipeline stages, blame attribution must be grounded in execution outcomes rather than
label matching. Determining whether an error originated in the Planner’s specification,
the Executor’s implementation, or the Critic’s review requires running the generated
code and observing where correctness breaks down. Extending the methodology to
execution-grounded evaluation is therefore essential for practical applicability. Second,
the three-role pipeline lacked a structured recovery path: when the Critic detected a
failure, the pipeline had no mechanism to act on this signal. In a real deployment,
simply flagging an error without a recovery mechanism wastes the diagnostic effort.
Recent work on iterative refinement and test-time compute has shown that verifica-
tion and retry loops can substantially boost code correctness [15-17]. Systems such
as AlphaCodium [15] and CodeChain [16] demonstrate that structured verification
stages, where generated code is tested and iteratively revised, are critical for closing
the gap between initial generation and correct solutions. Similarly, research on multi-
agent verification has shown that scaling test-time compute through multiple verifiers
can outperform simply scaling model parameters [17, 18]. These findings motivate
the introduction of a fourth agent, a Verifier, to enable structured recovery from
detected failures. However, the Verifier’s effectiveness depends on the reliability of the
gating signal that triggers it. If the Critic that decides whether to invoke the Verifier
is miscalibrated, the recovery mechanism may do more harm than good, raising new
questions about when verification helps or harms overall accuracy. Third, the Planner’s
value was assessed on multiple-choice reasoning tasks, but code generation presents a
fundamentally different challenge. When the task is already expressed as a well-defined
function signature with docstrings and test cases, a strong Executor may not benefit
from an additional natural-language specification. Whether the Planner adds meaning-
ful signal or merely introduces overhead in such settings remained unknown. Finally,
in the prior study the Critic’s LLM-based evaluation was the only available correct-
ness signal. In code generation, an execution oracle provides ground-truth correctness
independently of any LLM judgment. Recent studies on LLM-as-a-judge approaches
have highlighted the limitations of using LLMs as evaluators, including positional bias
and inconsistency [19]. Whether the LLM Critic adds value beyond what the test har-
ness already provides, or whether it introduces noise that degrades the pipeline, is a
question that only arises in the generative setting where objective verification through
execution is possible.

This paper is a substantial extension of the prior work. We address the gaps iden-
tified above by transitioning from multiple-choice benchmarks to execution-grounded
code generation, extending the pipeline with a Verifier agent, and introducing
execution-based gating as an alternative to LLM-based critique. We evaluate the



extended pipeline across three code generation benchmarks spanning a difficulty spec-
trum from near-saturated tasks (HumanEval [20]) to complex, library-heavy problems
(BigCodeBench [21]), and investigate three new research questions:

® RQ4: When does the Verifier improve or degrade pipeline accuracy under Critic
miscalibration?

® RQ5: How much does the Planner contribute to performance in code generation
pipelines?

® RQG6: Does replacing the Critic with execution-based gating improve verification
reliability and overall performance?

Together, the six research questions across the two studies form a coherent research
programme: the prior study established the methodology and quantified agent-role
dynamics in a controlled symbolic setting, while this extension validates and extends
those findings in the generative, execution-grounded setting that reflects real software
engineering practice. The contrast between these two settings, and the degree to which
findings transfer across them, constitutes a central contribution of this paper.

This paper makes five contributions: (1) a traceable, accountable multi-agent
pipeline with blame attribution grounded in execution oracles, extending the label-
matching methodology of the prior work [14] to generative settings; (2) the design
and evaluation of a Verifier agent under two gating strategies (LLM Critic and direct
execution gating), demonstrating that execution gating eliminates Verifier harm and
achieves the highest accuracy on complex tasks; (3) empirical answers to RQ4 through
RQ6 across three code generation benchmarks spanning a difficulty spectrum; (4) a
cross-study generalizability analysis that compares role-pipeline dynamics in symbolic
versus generative settings, identifying which findings transfer unconditionally, which
are task-type conditional, and which are setting-specific; and (5) public release of
datasets, prompts, logs, and evaluation scripts for both studies to support replication
and extension.!

2 Related Work

Our work sits at the intersection of multi-agent LLM systems for software development,
traceability and accountability in agentic workflows, and iterative refinement with
verification mechanisms. This section surveys each of these areas and positions our
contributions relative to the existing literature.

2.1 Multi-Agent Systems for Automated Software Engineering

The inherent limitations of single, monolithic LLMs in handling complex, multi-step
tasks are well-established. A prominent issue is the “lost in the middle” problem, where
models exhibit degraded performance in utilizing information positioned in the center
of long context windows [22]. This has catalyzed a shift towards multi-agent systems,
where a complex problem is decomposed and delegated to a society of specialized,
collaborative agents [1-3].

Yhttps:/ /sites.google.com/view/mas-gain2025/home
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Within software engineering, this paradigm has been successfully instantiated by
frameworks that simulate entire development organizations. ChatDev [4] constructs
a virtual software company where LLM agents embody roles like CEQO, programmer,
and tester, following a structured waterfall process to develop software. MetaGPT [5]
employs agents as product managers and architects, mandating the generation of
standardized artifacts like requirement documents and system designs before imple-
mentation begins. AutoGen [23] provides a general-purpose toolkit for orchestrating
complex multi-agent conversations, while SWE-agent [24] focuses on repository-level
bug fixing through autonomous tool use. Chain of Agents [25] addresses long-context
tasks through sequential agent collaboration, and multi-agent LLMs have also been
applied to complex engineering problem-solving beyond software [26].

The choice of LLM for each specialized agent is a critical design decision with
economic and performance implications. Stronger models deliver higher accuracy and
reasoning depth but incur greater cost and latency, while lighter models are faster and
cheaper but less effective for planning or critical analysis [3, 27]. To automate this
allocation, routing frameworks have emerged. CARGO [28] introduces a confidence-
aware routing system that dynamically assigns prompts to the most suitable model,
managing performance-cost trade-offs without manual intervention. Recent work has
further shown that increasing inference-time compute through self-consistency sam-
pling or structured deliberation can improve reasoning performance at the cost of
additional tokens and latency [17, 29|, reframing LLM inference as a cost-accuracy
trade-off problem.

These systems convincingly demonstrate the feasibility of role-based decomposition
for software engineering tasks. However, they evaluate only the final output, treating
the pipeline as a black box. None performs role-specific blame attribution or quanti-
fies the repair and harm rates of individual agents at each stage. Our work opens this
black box by instrumenting every stage of the pipeline with traceable, accountable
handoffs and measuring precisely where errors originate, propagate, and are corrected.
Moreover, our prior study [14] demonstrated that heterogeneous pipelines, in which
different models fill different roles based on empirically established strengths, consis-
tently dominate Pareto frontiers in the accuracy-cost-latency space. This extension
tests whether this result holds when the pipeline expands to four roles and operates in
a generative code setting with substantially higher per-task costs and latency, where
the compounding effect of re-generation loops amplifies the cost differential between
configurations.

2.2 Traceability and Accountability in Agentic Pipelines

The software engineering community has long recognized traceability as a cornerstone
of building dependable systems [11], yet this principle has not been systematically
applied to the internal workings of agentic pipelines [9]. A primary challenge in current
agentic systems is the lack of observability: when a pipeline produces an incorrect final
output, it is often difficult to perform root cause analysis and identify which stage
or agent introduced the error [3, 7]. This “black box” nature hinders debugging and
iterative improvement. Observable and diagnosable pipelines are also central to the



emerging field of agent operations, which advocates for monitoring and tracing agentic
workflows in production [30].

The concept of “automated failure attribution,” identifying which agent is respon-
sible for a pipeline failure, has been framed as a critical challenge by Zhang et al. [12]
and by Triantafyllou et al. [13] in the context of multi-agent sequential decision making.
Recent work has also shown that multi-agent systems can unexpectedly underperform
simpler single-agent baselines due to coordination overhead and cascading errors [10],
underscoring the need for systematic debugging methods. Research on LLM-as-a-
judge has further investigated model-based evaluation, revealing both effectiveness
and systematic biases such as positional bias and inconsistency in automated judging
systems [19], raising questions about the reliability of LLM-based critique stages in
pipelines.

Our prior work [14] introduced a blame attribution methodology using label match-
ing in a controlled multiple-choice setting with three benchmarks: PythonIO [31],
LogiQA [32], and AGIEval [33]. The present paper extends that methodology to
execution-grounded attribution, replacing gold-label comparison with runtime test-
suite results. This transition is enabled by code generation benchmarks that provide
execution oracles. HumanEval [20] provides 164 hand-crafted Python function syn-
thesis problems with deterministic test cases, representing clean, well-specified tasks.
MBPP [34] offers crowd-sourced programming problems at moderate complexity.
BigCodeBench [21] extends evaluation to library-heavy, multi-step synthesis tasks
that more closely approximate real-world software engineering. The progression from
HumanEval through MBPP to BigCodeBench represents an increasing difficulty spec-
trum, which our study uses to investigate how pipeline dynamics change with task
complexity. Critically, execution-based evaluation removes the requirement for inter-
mediate ground-truth answers and enables blame attribution in generative settings
where such labels do not exist, providing a runtime oracle that resolves a key limitation
of the prior study.

2.3 Iterative Refinement and Verification in Code Generation

A growing number of studies have examined how LLMs can improve their outputs
step by step by using feedback loops. The Self-Refine framework [35] demonstrated
that a single LLM can improve its output by generating self-feedback and then acting
upon it. Self-Debug [36] adapted this principle for code, prompting an agent to ana-
lyze and explain a bug before attempting a fix. Automated code review agents [37]
further explore the potential of model-based critique in development workflows. Mov-
ing beyond single-agent refinement, AlphaCodium [15] introduces a multi-stage code
generation pipeline with iterative testing and refinement, demonstrating that flow engi-
neering with structured verification stages substantially outperforms direct prompting.
CodeChain [16] uses a chain of self-revisions guided by representative sub-modules.
Reflexion [38] employs structured verbal reflection to correct prior reasoning errors
across episodes. Execution-guided program repair uses unit test failures to iteratively
refine generated programs [39]. AgentCoder [40] adopts a multi-agent design with
separate agents for code generation, testing, and iterative optimization. Research on



iterative pipeline refinement has shown that modifying and evaluating one compo-
nent at a time leads to more stable improvements [41], and the use of multiple diverse
verifiers to evaluate an output has been shown to improve reliability [18].

Several of these systems use execution feedback directly to drive repair loops,
bypassing LLM-based critique entirely. Our study provides controlled evidence for
this design choice: we compare a Verifier driven by an LLM Critic’s verdict against
a Verifier driven by raw execution results, demonstrating that the latter eliminates
Verifier-induced harm while achieving higher accuracy on complex tasks. Importantly,
our Verifier is deliberately non-generative in both configurations: it gates, classifies,
and routes, but does not produce code or patches itself. This design is grounded in
verification-asymmetry arguments, which observe that verifying correctness is often
easier than generating solutions and can therefore be delegated to specialized eval-
uators [42]. This separation keeps blame attribution clean, as any code modification
occurs only through the Executor.

3 Study Design

This paper presents a two-part empirical investigation of traceable, accountable multi-
agent LLM pipelines, as illustrated in Figure 2. Part I (RQ1-RQ3) evaluates blame
attribution in a controlled multiple-choice setting, where gold labels enable precise
label-matching at every pipeline stage. Part IT (RQ4-RQ6) extends the methodology
to execution-grounded code generation, introduces a fourth Verifier agent, and replaces
label matching with runtime test-suite results. The remainder of this section presents
each part with its own benchmarks, models, configurations, and blame attribution
methodology, followed by shared evaluation metrics.

3.1 Part I: Multiple-Choice Benchmarks (RQ1-RQ3)
3.1.1 Benchmarks

We curated multiple-choice datasets, retaining only prompts with valid ground-
truth answers to ensure consistent evaluation of accuracy across role configurations
and blame attributions. All prompts were aligned to the standard answer space
({A,B,C, D, E}). We evaluate on three complementary benchmarks:

e PythonIO (127 prompts): programming and algorithmic reasoning problems
expressed in natural language, stressing systematic reasoning and code-like
logic [31].

® LogiQA (283 prompts): formal logic and deductive reasoning tasks; originally
released by Liu et al. (2020) and publicly available via GitHub [32].

e AGIEval (263 prompts): standardized test-style questions (math, reading, com-
monsense); derived from public exam data (e.g. Gaokao, SAT) and repurposed
in AGIEval benchmark [33].
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Fig. 2: Overview of the two-part study design. Part I evaluates a three-role pipeline
(Planner — Executor — Critic) on multiple-choice benchmarks using label-
matching blame attribution. Part II extends the pipeline with a Verifier agent and
evaluates on code generation benchmarks using execution-grounded blame attribution.

3.1.2 Model Selection

For Part I, we selected three frontier LLMs that held top positions on public leader-
boards during our evaluation period. Table 1 summarizes the models and their
characteristics. All three models are used interchangeably across all pipeline roles
(Planner, Executor, Critic), yielding eight distinct pipeline configurations.

3.1.3 Experimental Conditions

We compare three inference regimes:
(1) Single-model baselines. Each model answers end-to-end with the prompt
above. These runs establish individual capability and serve as reference points.

(2) Pipelines without traceability. We compose three-step pipelines (length 3)
using ordered model triples from {4, B,C}, e.g., AAA,BBB,CCC, ABC, ACB,....
Each step consumes the previous step’s artifact (question and current answer) and
emits a new one-letter answer. We score only the final output.




Table 1: Models used in Part I (MCQ study). All models serve interchangeably in all
three pipeline roles.

Model Label Key Characteristics

GPT-40 (A) Stable, low-variance responses; strong text 4+ code reasoning [43]
Claude Sonnet 4  (B) Strict instruction-following; effective multi-step revision [44]
Gemini 2.5 Pro (© High-capability reasoning; reliable schema compliance [45]

(3) Pipelines with traceability (blame tracking). We instrument the same con-
figurations to capture stagewise inputs/outputs and deltas against gold labels. For
each item we compute whether the intermediate step repaired a wrong answer, harmed
a correct answer, or performed a mo-op.

3.1.4 Pipeline Architecture and Blame Attribution

We use a three-role pipeline: a Planner proposes an initial answer, an Executor
solves the task conditioned on the planner’s output, and a Critic reviews or revises
the executor’s answer. The pipeline publishes a single final answer by preferring later
stages (critic — executor — planner). To analyze accountability, we define a blame
function that compares each stage’s answer to the ground truth and sets binary flags
indicating whether a downstream stage repaired a wrong upstream answer or harmed
a correct one; the error origin is the earliest stage whose mistake remains unrepaired
in the final output (NONE if the final answer is correct). The operational logic is
summarized in Algorithm 1.
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Algorithm 1 Traceable Pipeline: Roles and Blame Logic (Part I)

Require: Dataset D = {(z;,v:)};; models Mp (Planner), Mg (Executor), Mc
(Critic)
Ensure: For each i: stage answers (P, E,C), final F, blame flags, error origin
1: for i+ 1to N do
2: P+ MP(:L'Z)

4: C(*Mc(l'l,P,E)

5: Final selection:

6: if C' is defined then

7: F«C

8: else if FE is defined then
9: F+ F

10: else

11: F«+ P

12: end if

13: Blame flags:

14: planner _errorfi] < (P # y;)

15: executor _repair(i| — (P # y;) A (E = y;)
16: executor_harm[i] <— (P =y;) A (E # y;)
17: critic_repairfi] < (E # y;) A (C = y;)
18: critic harm[i] < (E =y;) A (C # v;)

19: Error origin:

20: if F =y; then

21: origin[i] <~ NONE

22: else

23: if (E=y;)A(C # y;) then
24: origin[i] +— CRITIC

25: else if (P =y;) A (E # y;) then
26: origin[i] + EXECUTOR
27: else

28: origin[i] +~ PLANNER
29: end if

30: end if

31: Record (P, E, C, F, flags, originli])
32: end for

3.1.5 Cost and Latency

To assess the operational expense of each approach, we compute the monetary cost.
Let Rin(m) and Roui(m) be the provider’s prices (USD) per 1,000 tokens for input
and output respectively for model m. When per-call cost is needed, it is computed

. . t. leti . . .
itemwise as PL0 Ry (m) + SR Roye (m) and summarized by the median across

11



items. For the three-role pipeline, the total cost for a single task is:
Pipeline Cost = Costpianner + Costgxecutor + COStcritic

All reported monetary totals were computed with the fixed per-token rates in Table 2.
We also record the end-to-end latency for each task in seconds and report the median.

Table 2: Per-token pricing for Part I models.

Input Output
Model (USD/1K) (USD/1K) Source
GPT-40 (A) $0.00500 $0.02000  [46]
Claude Sonnet 4 (B) $0.00300 $0.01500  [47]
Gemini 2.5 Pro (C) $0.00125 $0.01000  [48]

3.2 Part II: Execution-Grounded Code Generation (RQ4-RQ6)

Part II extends the methodology established in Part I to the target setting: real code
generation with execution-based correctness. The pipeline is expanded with a fourth
agent (the Verifier), blame attribution is grounded in a sandboxed execution oracle
rather than label matching, and a new configuration replaces the LLM Critic with
direct execution gating.

3.2.1 Benchmarks

Part II evaluates on three code generation benchmarks representing a difficulty
spectrum from well-specified function synthesis to complex, library-heavy multi-step
tasks.

HumanEval [20] (164 tasks) consists of hand-crafted Python function-level prob-
lems defined by a natural-language docstring, a required function signature, and a set
of deterministic unit tests. Problems are typically short-horizon, with clear specifica-
tions and well-defined expected behavior. HumanEval represents the easiest end of
the difficulty spectrum and serves as a controlled baseline where we expect high accu-
racy from frontier models, allowing us to study pipeline dynamics under near-optimal
conditions.

MBPP [34] (200 tasks, randomly sampled; task identifiers and selection hash
are provided in the replication package) provides crowd-sourced Python programming
tasks with concise natural-language descriptions and compact unit tests. Specification
quality is more variable than HumanEval, with some problems requiring interpretation
of underspecified requirements. MBPP represents medium complexity and tests how
the pipeline handles moderate ambiguity in task descriptions.

12



BigCodeBench [21] (200 tasks, randomly sampled; task identifiers and selection
hash are provided in the replication package) contains longer-horizon, library-heavy
code generation problems requiring multi-step reasoning, integration of multiple APIs,
and handling of complex data structures. BigCodeBench represents the hard end of the
difficulty spectrum and is the closest approximation to real-world software engineering
tasks, where we expect the pipeline’s recovery mechanisms to have the greatest impact.

The progression from HumanEval through MBPP to BigCodeBench provides an
increasing difficulty spectrum, which allows us to investigate how pipeline dynamics,
and in particular the value of the Verifier and the Critic, change with task complexity.

3.2.2 Model Selection

The model assignment for Part II was derived directly from the role-specific perfor-
mance findings of Part I [14], using the successor versions of the same model families.
Table 3 summarizes the assignments and their rationale.

Table 3: Model assignments for Part II (code generation study). Each role is
filled by a fixed model selected based on Part I performance findings.

Role Model Selection Rationale

Planner Gemini 2.5 Pro Preview Lowest Planner error rate across all Part I
benchmarks (0.79% to 15.19%)

Executor  Claude Sonnet 4.5 Highest Executor repair rate (10.01%) and
lowest harm rate (0.25%) in Part I

Critic GPT-5.1 Highest Critic repair rate (5.20%) in Part I

Verifier Gemini 2.5 Pro Preview  Strong schema compliance and low harm rates
in Part I, suitable for non-generative binary
gating

Gemini 2.5 Pro Preview was selected as Planner because it exhibited the lowest
error rate across all benchmarks in Part I. Claude Sonnet 4.5, the successor to Claude
Sonnet 4, was selected as Executor because Claude demonstrated the highest repair
rate and lowest harm rate in the Executor role. GPT-5.1, the successor to GPT-
4o, was selected as Critic because GPT-40 achieved the highest Critic repair rate in
Part I. Gemini 2.5 Pro Preview was also assigned the Verifier role because its strong
schema compliance and instruction-following, evidenced by its low harm rates across
both Part I roles, make it suitable for a non-generative gating function that requires
precise, reliable binary decisions.
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3.2.3 Agent Roles and Pipeline Configurations

Four agent roles are defined, each with strict functional boundaries to maintain clean
blame attribution. The pipeline also supports a variant in which the Critic is removed
and replaced by direct execution gating.

The Planner converts a problem description into a structured specification by
defining intent, constraints, interfaces, and acceptance criteria without producing exe-
cutable artifacts. It performs high-level decomposition and requirement scoping to
bound the solution space while leaving implementation choices open. The Planner is
prohibited from generating code or observing test outcomes.

The Executor produces an executable implementation that satisfies either the
Planner’s specification (in configurations with a Planner) or the raw problem state-
ment (in configurations without a Planner). It translates abstract requirements into
concrete code artifacts and may include minimal internal checks, but does not rein-
terpret requirements or assess global correctness. The Executor is the only agent that
produces code.

The Critic evaluates functional correctness by examining test execution results
and summarizing outcomes as PASS/FAIL signals with failure localization. The Critic
operates as a black-box evaluator that observes execution behavior rather than imple-
mentation intent, and it does not propose alternative implementations or patches.
The Critic’s output is a structured verdict with a justification, not revised code. The
Critic is present in the PECV configuration but absent in the PEGV (Exec Gate)
configuration.

The Verifier is a conservative gatekeeper that is only invoked when the test suite
execution fails. If the Executor’s code passes all test cases, the pipeline terminates
successfully without invoking the Verifier. When invoked, the Verifier issues a binary
ACCEPT or REJECT decision and, on REJECT, provides a targeted repair request
that is routed back to the Executor for re-generation. The Verifier’s behavior differs
across configurations. In the PECV configuration, the Verifier acts on the Critic’s
evaluation summary together with the execution results; it is invoked at most once,
and after the Executor re-generates the pipeline accepts the new artifact regardless
of its test outcome. In the PEGV configuration, the Verifier acts directly on the test
harness execution results without any LLM-mediated interpretation; it supports an
iterative loop of up to three re-generation iterations (k < 3), re-invoking the Verifier
after each failed re-execution. The Verifier is deliberately non-generative: it decides,
but does not create.

Five configurations form a controlled ablation design that isolates the contributions
of the Planner, Critic, and Verifier:

e Monolithic: A single LLM (Claude Sonnet 4.5) receives the problem statement
and produces code end-to-end. Claude Sonnet 4.5 was selected because it serves
as the Executor in all pipeline configurations, making the comparison meaningful:
the question is whether adding Planner, Critic, and Verifier agents around the
same code-generating model improves over that model operating alone.
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¢ Pipeline (No Planner) [EC]: The Executor receives the raw problem state-
ment directly. The Critic evaluates the output. This configuration ablates the
Planner.

¢ Pipeline [PEC]: The full three-role pipeline. The Planner produces a specifica-
tion, the Executor implements it, and the Critic evaluates.

¢ Pipeline + Verifier [PECV]: The four-role pipeline with LLM Critic. The
initial pass follows Planner — Executor — Critic — test execution. If all tests
pass, the pipeline terminates. If any test fails, the Verifier is invoked once; on
REJECT, it sends a repair request back to the Executor, which re-generates code.
The Critic is not re-invoked; the pipeline accepts the re-generated artifact as the
final output. The Verifier acts as a single-pass gatekeeper: at most one Verifier
invocation and two Executor invocations per task. PECV answers RQ4.

¢ Pipeline (Exec-Based) + Verifier [PEGV]: The four-role pipeline without
the LLM Critic. The initial pass follows Planner — Executor — test execution.
If all tests pass, the pipeline terminates. If any test fails, execution results go
directly to the Verifier, which issues ACCEPT or REJECT. On REJECT, the
Executor re-generates, the new code is executed, and if it still fails the Verifier is
invoked again. This iterative loop continues for up to three iterations (k < 3). For
k=3, the Executor runs four times (one initial plus three re-generations) and the
Verifier runs three times. This configuration ablates the LLM Critic, replacing it
with the execution oracle. PECV versus PEGV answers RQ6.

3.2.4 Execution Oracle

Correctness in Part IT is determined by a sandboxed Python execution environment.
For each task, the Executor’s generated code is run against the benchmark’s provided
test suite in an isolated environment with a fixed timeout. A solution either passes
every test case or it fails.

All model invocations across both study parts use temperature 0.0 (greedy decod-
ing), making each pipeline run fully deterministic for a given input. Single-run
reporting is therefore appropriate, as repeated runs on the same input produce
identical outputs.

In the Monolithic, EC, and PEC configurations, the Executor generates code once
and the result is evaluated directly. The PECV and PEGV configurations extend this
with Verifier-mediated recovery, but with different iteration strategies.

In the PECYV configuration, the initial pass follows Planner — Executor — Critic
— test execution. If all test cases pass, the pipeline terminates successfully and the
Verifier is never invoked. If any test case fails, the Verifier is invoked once. When
it issues REJECT, a targeted repair request is routed back to the Executor, which
re-generates a new solution. The Critic is not re-invoked; the pipeline accepts this re-
generated artifact as the final output. PECV therefore supports at most one Verifier
invocation and at most two Executor invocations per task.

In the PEGYV configuration, the initial pass follows Planner — Executor — test
execution (with no LLM Critic). If all test cases pass, the pipeline terminates and the
Verifier is never invoked (k=0). If any test case fails, the Verifier is invoked and, on
REJECT, a repair request is routed back to the Executor. The Executor re-generates

15



a new solution, which is executed again. If the new execution still fails, the Verifier is
invoked again, and the cycle repeats. Each such Verifier-triggered iteration increments
k by one. The pipeline permits up to three iterations (k < 3), after which the most
recent artifact is accepted regardless of the Verifier’s verdict. For k=3, the Executor
is invoked a total of four times (one initial generation plus three re-generations) and
the Verifier three times.

We report the final pass@1 of the pipeline, that is, whether the last accepted
artifact passes all test cases, as this reflects the artifact the pipeline actually delivers.

The execution harness handles runtime errors, infinite loops (via timeout), and
import failures. All execution outcomes are logged as structured records including the
boolean correctness verdict, error type, and execution time. In the PECV configura-
tion, the harness output is provided to the Critic during the initial pass; if re-generation
occurs, the final artifact is accepted without re-invoking the Critic. In the PEGV
configuration, the harness output goes directly to the Verifier when tests fail.

3.2.5 Blame Attribution via Execution

The blame attribution methodology is extended from Part I to accommodate
execution-based correctness, the addition of the Verifier, and the Exec Gate variant.

Executor blame is assessed by executing the Executor’s code artifact through the
test harness before any downstream evaluation. The Executor’s strict pass@1 result
establishes its raw contribution, isolated from critique or verification.

Critic blame (PECV configuration only) is assessed by comparing the Critic’s
PASS/FAIL verdict to the actual execution result. The Critic false-fail rate is the
fraction of cases where the Critic issues FAIL but the code actually passes all tests.
The Critic false-pass rate is the fraction of cases where the Critic issues PASS but the
code actually fails.

Verifier blame is assessed through help and harm rates. The Verifier help rate is
the fraction of Verifier invocations that convert a failing pipeline to a passing one. The
Verifier harm rate is the fraction that convert a passing pipeline to a failing one. In
PEGYV, the Verifier is only invoked when execution genuinely fails, which eliminates
the possibility of harm from false triggering.

Planner blame is assessed by comparing PEC versus EC pass@1 per benchmark.

3.2.6 Cost and Latency

Cost computation follows the same methodology as Part I, using updated per-token
pricing for the successor models. For configurations with a Verifier, the cost becomes
variable. The Critic is only invoked during the initial pass; re-generation iterations
involve only the Verifier and the Executor. The cost formulas for the two Verifier
configurations are:

PECYV (k € {0,1}, at most one Verifier invocation):

Executor Executor

Costprcy = Costplanmer + Cost ) + Costeyitic + - (COStVeriﬁer + Costy,) )
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PEGV (k € {0,1,2,3}, up to three iterative re-generation cycles):

k
0 . .
COStPEGV = COStPlanner + COSt%E)zecutor + Z (COStgc)riﬁcr + COStI(E])Zecutor)
J=1

In both formulas, superscript (0) denotes the initial pass and k is the number of
Verifier invocations. PEGV has no Critic cost because the LLM Critic is replaced by
the execution oracle. For PECV with k=1, the Executor runs twice and the Verifier
once. For PEGV with k=3, the Executor runs four times and the Verifier three times.

All reported monetary totals were computed with the fixed per-token rates in
Table 4. The PEGV configuration saves the cost and latency of the Critic LLM call
but may incur higher iteration costs because its iterative loop permits up to three
re-generation cycles.

Table 4: Per-token pricing for Part II models.

Input Output

Role Model (USD/1K) (USD/1K) Source
Planner & Verifier ~Gemini 2.5 Pro Preview $0.00125 $0.01000  [48]
Executor Claude Sonnet 4.5 $0.00300 $0.01500  [47]
Critic GPT-5.1 $0.00125 $0.01000  [46]

3.3 Evaluation Metrics

Both study parts share a common set of operational metrics (token usage, cost,
latency) while employing distinct correctness and blame metrics that reflect their
respective evaluation paradigms. We describe the shared metrics first, followed by the
metrics specific to each part.

3.3.1 Shared Metrics

Token statistics. For every model invocation, we record the number of input
(prompt) tokens and output (completion) tokens. These counts capture the complexity
of the context passed to each agent and form the basis for cost computation. We report
the median across all tasks to provide a robust central measure of token consumption
per role and per configuration.

Cost. Monetary cost is computed per invocation as 22PN R (m) 4+

A 1000
% Rous(m), where Ri,(m) and Ry (m) are the provider’s per-1K-token rates

for model m (Tables 2 and 4).
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Latency. We record the wall-clock time (in seconds) for each complete pipeline run,
measured from the first API call to the receipt of the final output. For Part II configu-
rations with re-generation loops, latency includes all iterations. We report the median
latency per task to characterize the time overhead of each configuration.

3.3.2 Part I Metrics: Label-Matching Evaluation

Accuracy (label matching). The primary correctness metric for Part I is the per-
centage of tasks for which the pipeline’s final output matches the gold-standard answer.
Since all benchmarks use a discrete answer space ({A, B, C, D, E'}), matching is exact
string comparison. This metric answers RQ1 by comparing pipeline configurations
against single-model baselines.

Repair rate. The fraction of tasks where an agent corrects a wrong answer inherited

P2 Bl
Critic repair rate is defined analogously over Executor errors. This metric quantifies
each role’s error-correction capability and is central to RQ2.

Harm rate. The fraction of tasks where an agent converts a correct upstream answer
into an incorrect one. The Executor harm rate is W, and the Critic harm
rate is defined analogously. This metric captures the risk that a downstream role may
degrade rather than improve the pipeline’s output, and is also part of RQ2.

Error origin. For each task where the pipeline produces an incorrect final answer,
we trace the earliest stage whose mistake remains unrepaired in the final output. The
error origin is assigned as follows: CRITIC if the Executor was correct but the Critic
introduced a wrong answer; EXECUTOR if the Planner was correct but the Executor
introduced a wrong answer that persists; PLANNER otherwise. When the final answer
is correct, the origin is NONE. The distribution of error origins across configurations
reveals which roles are the dominant sources of failure (RQ2) and informs the model-
role assignment strategy used in Part II.

from its upstream stage. Formally, the Executor repair rate is

3.3.3 Part IT Metrics: Execution-Grounded Evaluation

Pass@1 (execution-based accuracy). The primary correctness metric for Part II
is strict pass@1: the percentage of tasks for which the pipeline’s final code artifact
passes every test case in the benchmark’s test suite. Unlike Part I's label matching,
this metric reflects functional correctness validated by actual code execution in a
sandboxed environment. For configurations with Verifier-mediated recovery (PECV,
PEGV), pass@1 is computed on the final accepted artifact, reflecting the output the
pipeline would actually deliver.

Executor repair rate (re-generation). In PECV and PEGV configurations, when
the Verifier rejects the Executor’s code, the Executor receives a targeted repair request
and generates a new solution. The Executor repair rate is the fraction of re-generation
attempts that convert a previously failing solution into a passing one. In PECV, this
is measured over the single re-generation attempt; in PEGV, it is measured across
up to three attempts. This metric captures the Executor’s ability to self-correct given
feedback and is relevant to both RQ4 and RQ5.
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Critic false-fail rate. The fraction of tasks (in the PECV configuration) where the
Critic issues a FAIL verdict but the code actually passes all test cases upon execution.
False failures trigger an unnecessary Verifier invocation and a wasted re-generation,
increasing both cost and latency without improving correctness. This metric is central
to RQ6’s comparison of LLM-based and execution-based gating.

Critic false-pass rate. The fraction of tasks (in the PECV configuration) where the
Critic issues a PASS verdict but the code actually fails at least one test case upon
execution. False passes allow incorrect code to bypass the repair loop, resulting in
lower final accuracy. Together with the false-fail rate, the false-pass rate characterizes
the Critic’s calibration as a correctness judge (RQ4, RQG6).

Verifier help rate. The fraction of Verifier invocations that result in a net improve-
ment, defined as cases where the Verifier triggers re-generation and the final artifact
passes after the loop, whereas the pre-Verifier artifact would have failed. This metric
quantifies the Verifier’s constructive contribution and is central to RQ4.

Verifier harm rate. The fraction of Verifier invocations that result in a net degra-
dation, defined as cases where the Verifier triggers re-generation and the final artifact
fails, whereas the pre-Verifier artifact would have passed. In the PEGV configuration,
the Verifier is only invoked when execution genuinely fails, which eliminates the pos-
sibility of harm from false triggering. Comparing Verifier harm rates across PECV
and PEGYV isolates the impact of Critic miscalibration on the downstream repair loop
(RQ4, RQO).

Planner ROI. The Planner’s value in code generation is assessed by comparing the
pass@1 of configurations with and without the Planner (PEC vs. EC). A positive delta
indicates that the Planner’s specification improves downstream code quality enough
to justify its token and latency overhead. A negative or negligible delta suggests that
the Planner’s decomposition may be unnecessary or even counterproductive for certain
benchmark difficulties. This metric directly answers RQ5.

Re-generation dynamics. For the PEGV configuration, which supports an iterative
re-generation loop, we report the distribution of the number of Verifier-triggered re-
generation iterations per task (k € {0,1,2,3}, where k=0 means the initial execution
passed all tests and the Verifier was never invoked, and k=3 means the maximum
number of iterations was reached). For k=3, the Executor runs a total of four times
and the Verifier three times. We also report the cumulative pass@1 after each iteration
to characterize the diminishing-returns curve of the re-generation loop. For PECV,
where the Verifier is invoked at most once (k € {0,1}), we report the fraction of tasks
that required Verifier intervention and the success rate of the single re-generation
attempt. These distributions inform practical deployment decisions about the value of
iterative repair versus single-pass verification.

4 Results

This section presents the empirical findings organized by research question. For each
RQ, we state the motivation behind the question, describe the analytical approach used
to answer it, and present the results. Part I (RQ1-RQ3) addresses the multiple-choice
benchmarks; Part 1T (RQ4-RQ6) addresses execution-grounded code generation.
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4.1 RQ1: Pipeline vs. Monolithic
4.1.1 Motivation

Before investing in multi-agent architectures, practitioners need evidence that decom-
posing inference into specialized roles yields measurable gains over a single model
operating end-to-end. Furthermore, simply chaining models is insufficient if intermedi-
ate artifacts are passed without structure; errors may compound silently across stages.
RQ1 therefore asks two complementary questions: (i) do sequential pipelines improve
over monolithic baselines, and (ii) does a structured, accountable handoff protocol
matter?

4.1.2 Approach

We evaluate three inference regimes. First, each of the three models (GPT-40, Claude
Sonnet 4, Gemini 2.5 Pro) is run as a monolithic baseline, answering each benchmark
item end-to-end. Second, we compose three-step pipelines from all eight ordered triples
of models and run them in a simple mode where each stage passes its output to the
next without any structured protocol. Third, we run the same configurations with the
accountable handoff protocol described in Section 3.1, which instruments each stage
with blame tracking and structured artifact formatting. We compare the final accuracy
of all three regimes, alongside median latency and cost per prompt.

4.1.3 Results

Table 5: Baseline performance of single models across all datasets.

Median Median

Dataset Model Accuracy (%) Latency (s) Cost/Prompt (USD)
AgiEval Gemini 2.5 Pro (C) 92.40 11.84 $0.0112
Claude Sonnet 4 (B) 58.20 4.21 $0.0036
GPT-4o (A) 43.70 0.74 $0.0006
PythonIO Gemini 2.5 Pro (C) 99.21 11.20 $0.0120
Claude Sonnet 4 (B) 53.54 5.48 $0.0054
GPT-40 (A) 69.29 0.71 $0.0009
LogiQA Gemini 2.5 Pro (C) 84.45 14.78 $0.0134
Claude Sonnet 4 (B) 79.51 6.74 $0.0051
GPT-4o (A) 67.49 0.77 $0.0009

Monolithic baselines.

Table 5 reports the accuracy, median latency, and median cost per prompt for each
model acting alone.

Gemini 2.5 Pro leads on all three benchmarks, reaching 99.21% on PythonIO and
92.40% on AgiEval. The gap between the strongest and weakest model is substantial:
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nearly 49% on AgiEval and 46% on PythonIO. These baselines establish the ceiling
that any pipeline must approach or exceed to justify its added complexity.

Simple vs. accountable pipelines.

Table 6 compares the final accuracy of simple (unmonitored) and accountable pipelines
across all eight configurations.

Table 6: Accuracy (%) of simple (S) vs. accountable (A) pipelines and accuracy delta
(A) across all datasets and configurations.

AgiEval PythonIO LogiQA
Config S A A S A A S A A

AAA 57.41 77.19 +419.78 73.23 88.98 +15.75 71.48 71.38 —0.10
ABC 81.37 90.87 49.50 99.21 99.21 0.00 79.58 80.57 40.99
BAB 88.97 86.69 —2.28 63.78 96.85 +33.07 78.52 79.86 +1.34
BBB 88.97 89.73 +40.76 61.42 97.64 +36.22 79.58 79.51 —-0.07
BCC 91.25 90.49 —-0.76 99.21 98.43 —0.78 82.75 83.39 40.64
CBA 87.07 92.40 +45.33 T71.65 99.21 +27.56 81.34 83.75 +2.41
CCA 91.25 92.40 +1.15 71.65 98.43 +26.78 78.52 82.28 +3.76
CCC 91.63 93.54 +1.91 99.21 99.21 0.00 81.34 85.16 +3.82

The accountable protocol produces consistent gains on PythonlO, where the BBB
configuration jumps from 61.42% to 97.64% and BAB from 63.78% to 96.85%. On
AgiEval, the largest gain is AAA (from 57.41% to 77.19%), followed by ABC (from
81.37% to 90.87%). On LogiQA, gains are positive but more modest, with CCC
improving from 81.34% to 85.16% and CBA from 81.34% to 83.75%. Two configura-
tions (BAB on AgiEval, BCC on PythonIO) show small decreases, indicating that the
protocol is not universally beneficial but that regressions are minor compared to the
gains.

Figure 3 summarizes the key comparison: the AAA (Simple) pipeline consistently
underperforms even the weakest monolithic baseline, demonstrating that unstructured
chaining is actively harmful. The AAA (Accountable) pipeline recovers dramatically
on AgiEval and PythonlO, showing that the protocol raises the performance floor.
The strongest accountable pipelines (CCC, CBA) match or slightly surpass the best
monolithic model on all three benchmarks.

Findings for RQ1

F1. Unstructured pipelines degrade accuracy below monolithic baselines on the
majority of configurations across AgiEval and PythonlO.

F2. Structured accountability recovers accuracy dramatically over unstructured
pipelines (e.g., from 61.42% to 97.64% on PythonlO), with the best accountable
configurations matching or exceeding the strongest monolithic model on all three
benchmarks.
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Fig. 3: Impact of pipeline architecture on accuracy. Monolithic baselines (best single
model) are compared against the weakest and strongest pipeline configurations under
both simple and accountable protocols.

4.2 RQ2: Role-Specific Error Dynamics
4.2.1 Motivation

RQ1 established that accountable pipelines can match or exceed monolithic baselines,
but it treated the pipeline as a black box. For practitioners who need to decide which
model to assign to which role, a deeper question arises: where do errors originate, how
do they propagate, and which roles are most effective at correcting them? Understand-
ing these dynamics is essential for informed model-role casting and for identifying the
weakest link in a given configuration.

4.2.2 Approach

We use the blame attribution methodology defined in Algorithm 1 to decompose every
pipeline run into per-stage contributions. For each task, we record whether the Plan-
ner produced a correct or incorrect initial answer, whether the Executor repaired or
harmed the Planner’s output, and whether the Critic repaired or harmed the Execu-
tor’s output. We aggregate these flags across all configurations and benchmarks to
compute three sets of metrics: (i) Planner error rates per model per benchmark,
(ii) Executor and Critic repair and harm rates per model (aggregated across bench-
marks), and (iii) error origin distributions that trace each final incorrect answer to its
earliest unrepaired source.

4.2.3 Results

Planner error rates.

Table 7 reports the error rate for each model when assigned the Planner role. The
“Total Cases” column reflects the number of times each model served as Planner across
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all relevant configurations for a given dataset (e.g., GPT-40 appears as Planner in two
configurations, so its total for AgiEval is 2 x 263 = 526).

Table 7: Planner error rate by model and dataset.

Errors Error Rate
Planner Model Dataset Total Cases Introduced (%)
AgiEval 789 58 7.35
Gemini 2.5 Pro (C)  PythonIO 381 3 0.79
LogiQA 849 129 15.19
AgiEval 789 106 13.43
Claude Sonnet 4 (B) PythonlO 381 15 3.94
LogiQA 849 187 22.03
AgiEval 526 213 40.49
GPT-40 (A) PythonIO 254 28 11.02
LogiQA 566 162 28.62

A consistent hierarchy emerges: Gemini is the most reliable Planner (0.79% to
15.19%), followed by Claude (3.94% to 22.03%), with GPT-40 being the least reli-
able (11.02% to 40.49%). Error rates are also task-dependent. On the well-structured
PythonlO tasks, all models perform well as Planners, with Gemini’s error rate below
1%. On the more abstract reasoning tasks (LogiQA, AgiEval), error rates climb sub-
stantially, reaching 40.49% for GPT-40 on AgiEval. This pattern suggests that the
Planner’s reliability is sensitive to specification clarity: well-defined tasks produce
fewer planning errors.

Repair and harm rates.

Table 8 reports the repair and harm rates for the Executor and Critic roles, aggregated
across all configurations and benchmarks.

Each model exhibits a distinct behavioral profile. Claude Sonnet 4 is the most
effective Executor, with the highest repair rate (10.01%) and a minimal harm rate
(0.25%), meaning it frequently corrects Planner errors without introducing new ones.
GPT-4o is the strongest Critic, achieving the highest final-stage repair rate (5.20%)
with a moderate harm rate (0.89%). Gemini 2.5 Pro is the safest agent overall, with
the lowest harm rates in both roles (0.25%), but its repair rates are also the lowest,
indicating a conservative behavior that preserves correctness at the expense of error
recovery.

These profiles are complementary. Gemini minimizes upstream errors as Planner,
Claude recovers from the remaining errors as Executor, and GPT-40 provides a high-
reward final correction as Critic. This complementarity yields a data-driven casting
recommendation: Gemini (Planner) — Claude (Executor) — GPT-40 (Critic), which
directly informs the heterogeneous model assignment used in Part II.
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Table 8: Role-specific repair and harm rates by model
(aggregated across all benchmarks).

Repair Rate Harm Rate

M 1 1
ode Role (%) (%)
Executor 1.27 0.25
ini 2.5 P
Gemini 2.5 Pro (C) ¢, i 2.66 0.25
Executor 10.01 0.25
1 4 (B
Claude Sonnet 4 (B) -, Lo 3.04 1.90
GPT-4o (A) Ex.e?utor 2.28 1.33
Critic 5.20 0.89

Findings for RQ2

F3. The Planner is the highest-leverage role: its error rate ranges from 0.79% to
40.49% and is the strongest predictor of pipeline failure.

F4. Models exhibit complementary role-specific aptitudes: Claude is the best
Executor (10.01% repair, 0.25% harm), GPT-4o is the strongest Critic (5.20%
repair), and Gemini is the safest overall (0.25% harm in both roles).

F'5. These complementary profiles yield a data-driven casting strategy adopted in
Part II: Gemini (Planner) — Claude (Executor) — GPT-4o (Critic).

4.3 RQ3: Accuracy-Cost-Latency Trade-offs
4.3.1 Motivation

Maximizing accuracy is rarely the sole objective in production deployments. Opera-
tional budgets and response-time requirements constrain which pipeline configurations
are feasible. RQ3 asks whether there exist configurations that offer near-optimal accu-
racy at substantially lower cost or latency, and whether the optimal trade-off point
varies across task types.

4.3.2 Approach

For each of the eight accountable pipeline configurations, we compute the total cost
per task (summing across all three roles using the per-token rates in Table 2) and the
median wall-clock latency. We plot accuracy against cost for each benchmark, with
latency encoded as point color, and identify the Pareto frontier: the set of configu-
rations for which no other configuration achieves higher accuracy at equal or lower
cost.

4.3.3 Results

Figure 4 visualizes the trade-off space across all three benchmarks.
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Fig. 4: Accuracy vs. cost with latency color-coded; Pareto frontier shown (dashed).

The optimal trade-off is task-dependent. On AgiEval, the CCC configuration
achieves the highest accuracy (93.54%) but is also the most expensive. CBA and CCA
sit on the Pareto frontier, offering near-peak accuracy (92.40%) at significantly lower
cost, making them practical balanced choices. On PythonlO, several configurations
(ABC, CBA, CCC) reach 99.21% accuracy, so the discriminating factor becomes cost:
ABC is the most efficient of this group, while CCC is substantially more expensive for
no additional accuracy gain. On LogiQA, the Pareto frontier shows a direct accuracy-
cost relationship, with CCA providing the highest accuracy (85.51%) and CBA offering
a slightly lower accuracy (83.75%) at meaningfully lower cost.

Across all benchmarks, heterogeneous configurations (CBA, CCA, ABC) con-
sistently occupy the Pareto frontier, while homogeneous configurations tend to
be dominated. This reinforces the RQ2 finding that models have complementary
strengths: pipelines that exploit role-specific aptitudes achieve better accuracy per
dollar than those that use the same model throughout.

Findings for RQ3

F6. The optimal accuracy-cost-latency trade-off is task-dependent, with distinct
Pareto frontiers across all three benchmarks.

F'7. Heterogeneous pipelines consistently dominate the Pareto frontier, delivering
higher accuracy per dollar than homogeneous configurations.

4.4 RQA4: Verifier Impact
4.4.1 Motivation

Part I’s three-role pipeline had no structured recovery path when the Critic detected
a failure: the Critic could flag an error, but the pipeline had no mechanism to act on
this signal. RQ4 asks whether adding a non-generative Verifier agent that gates Critic
verdicts and routes failures back to the Executor for re-generation improves pipeline
correctness, and under what conditions it helps or harms.

4.4.2 Approach

We compare PEC (three-role pipeline without Verifier) against PECV (four-role
pipeline with Verifier) across all three code generation benchmarks. In PECV, after
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the Critic issues a verdict, the Verifier reads the Critic’s evaluation summary and
issues a binary ACCEPT or REJECT decision. On REJECT, the Verifier provides a
targeted repair request routed back to the Executor for a single re-generation attempt.
The marginal impact of the Verifier is measured as the accuracy delta between PEC
and PECV (APECV in Table 9). We additionally measure the Critic’s false-fail and
false-pass rates (Table 10) to explain the mechanistic cause of Verifier help and harm,
and report Verifier invocation rates, help rates, and harm rates (Table 11).

4.4.3 Results

Pass@1 across configurations.

Table 9 presents the pass@l accuracy for all five configurations, together with the
Verifier-attributable deltas.

Table 9: Pass@l accuracy (%) across all configurations (Part II). APECV and
A PEGYV are measured against PEC. Best result per benchmark in bold.

Benchmark Mono EC PEC PECV PEGV APECV APEGV

BigCodeBench 56.50  54.00  53.50 63.50 71.50 +10.00 +18.00
HumanEval 96.95 95.73  96.34 64.02 96.34 —32.32 +-0.00
MBPP 80.50  79.00  75.00 86.00 81.00 +11.00 +6.00

The Verifier’s impact when paired with the LLM Critic (PECV) is task-complexity
conditional: PECV improves accuracy on BigCodeBench (from 53.50% to 63.50%) and
MBPP (from 75.00% to 86.00%), but drops HumanEval from 96.34% to 64.02%, well
below the Monolithic baseline. PEGV recovers this regression and achieves the highest
accuracy on BigCodeBench.

Critic calibration.

Table 10 presents the Critic’s false-fail and false-pass rates, which explain the
mechanistic cause of Verifier help and harm.

Table 10: Critic calibration metrics per bench-
mark (Part II).

Benchmark  False-Fail (%) False-Pass (%)

BigCodeBench 36.72 20.83
MBPP 59.13 3.53
HumanEval 93.00 0.00
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Fig. 5: Critic false-fail rate versus Verifier help and harm rates per benchmark. Higher
false-fail rates predict higher Verifier harm, explaining the sign flip in PECV’s impact
across benchmarks.

Figure 5 shows the Critic’s false-fail rate alongside the Verifier’s help and harm
rates, revealing a clear mechanistic relationship. On HumanEval, the 93.00% false-
fail rate triggers re-generation of correct solutions, producing a 55.67% Verifier harm
rate. On MBPP (59.13% false-fail), the help rate (27.52%) still exceeds the harm rate
(7.34%), yielding a net positive impact. On BigCodeBench (36.72% false-fail), help
dominates harm, yet even here PEGV outperforms PECV (71.50% vs. 63.50%).

Re-generation loop statistics.

Table 11 reports the Verifier invocation and overhead metrics for PECV.

Table 11: Re-generation loop statistics and pipeline overhead for the PECV config-
uration (Part II).

Benchmark V. Inv. (%) Repair (%) Help (%) Harm (%) Lat. (s) Tokens

BigCodeBench 64.00 61.50 20.33 4.07 60.23s 7,118
HumanEval 60.98 59.15 2.06 55.67  45.20s 6,164
MBPP 57.50 54.50 27.52 7.34 34.15s 4,613

The Verifier invocation rate ranges from 57.50% (MBPP) to 64.00% (Big-
CodeBench), indicating that the Critic issues FAIL on a majority of tasks across all
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benchmarks. This high invocation rate is itself a signal of Critic over-rejection, partic-
ularly on HumanEval where 93% of flagged solutions are actually correct. The Critic’s
false-fail rate predicts both the direction and magnitude of Verifier impact in PECV.

Findings for RQ4

F8. Adding the Verifier improves accuracy on complex tasks (BigCodeBench:
from 53.50% to 63.50%) and medium tasks (MBPP: from 75.00% to 86.00%), but
degrades near-saturated benchmarks (HumanEval: from 96.34% to 64.02%).

F9. LLM-based test evaluation is unreliable: the Critic’s false-fail rate reaches
93% on HumanEval, triggering unnecessary re-generation that overwrites correct
solutions with Verifier harm rates up to 55.67%.

4.5 RQ5: Planner Value in Code Generation
4.5.1 Motivation

Part I established Planner primacy as a design principle: the Planner error rate was the
strongest predictor of pipeline failure (F3). However, in code generation the Planner’s
contribution is qualitatively different: rather than selecting a correct answer from
options, the Planner produces a natural-language specification that the Executor must
interpret and implement. RQ5 asks whether the Planner yields positive return on
investment in code generation tasks.

4.5.2 Approach

We compare EC (Executor + Critic, no Planner) against PEC (Planner 4+ Executor
+ Critic) across all three benchmarks. This comparison directly ablates the Planner
while holding the Executor and Critic constant. We measure the accuracy delta, the
Planner’s latency overhead, and token overhead at both the pipeline level (Table 12)
and the Executor level (Table 13). The Executor-level comparison isolates where the
overhead originates by measuring the Executor’s own input and output tokens with
and without the Planner’s specification.

4.5.3 Results

Planner ROI.

Table 12 presents the pass@1 comparison between EC and PEC, together with latency
and token overhead.

The Planner’s return on investment is negative or near-zero on all three bench-
marks. On BigCodeBench, adding the Planner changes accuracy from 54.00% to
53.50% at 1.8x more tokens and 20.60 seconds of additional latency. On HumanEval,
the Planner raises accuracy marginally from 95.73% to 96.34% (approximately one
additional correct task out of 164) at 2.3x the token cost. On MBPP, adding the
Planner drops accuracy from 79.00% to 75.00% at 3.0x the token cost.
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Table 12: Planner cost: adding the Planner increases token
consumption and latency with no accuracy benefit (Part II).

BigCodeBench HumanEval MBPP

Accuracy

Without Planner (EC) 54.00% 95.73%  79.00%
With Planner (PEC) 53.50% 96.34%  75.00%
A —0.50 +0.61 —4.00
Median total tokens

Without Planner (EC) 2,822 1,536 969
With Planner (PEC) 4,996 3,485 2,951
Overhead 1.8x 2.3% 3.0x

Planner latency added (avg)
20.60s 14.27s  16.50s

Source of overhead.

Table 13 isolates the Executor’s own token consumption to show where the Planner
overhead originates.

Table 13: Executor token consumption with and without the
Planner. The Planner’s specification inflates the Executor’s
input tokens while output tokens remain similar (Part II).

BigCodeBench HumanEval MBPP

Ezecutor input tokens (median)

Without Planner (EC) 753 407 216
With Planner (PEC) 865 651 621
Increase +15% +60% +187%
Ezecutor output tokens (median)

Without Planner (EC) 479 226 111
With Planner (PEC) 526 251 101
Change +10% +11% —9%

The Executor’s input tokens increase substantially (+15% to +187%) because it
receives the Planner’s specification on top of the problem statement. However, the
Executor’s output tokens remain essentially unchanged (4+10%, +11%, —9%), con-
firming that the Planner’s specification does not produce longer or more detailed code.
The overhead is specification passthrough, not improved code generation. For well-
defined tasks (HumanEval, MBPP), the problem statement already provides a function
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signature, docstring, and example inputs/outputs, making the Planner’s specifica-
tion redundant. For complex tasks (BigCodeBench), the Executor appears sufficiently
capable of performing implicit planning during code generation.

Findings for RQ5

F10. Adding the Planner yields no meaningful accuracy gain on code genera-
tion: accuracy changes from 54.00% to 53.50% on BigCodeBench, from 95.73% to
96.34% on HumanEval, and from 79.00% to 75.00% on MBPP.

F11. The Planner adds 1.8-3.0x token overhead and 14-21 seconds of latency
per task, with the overhead originating from specification passthrough rather than
improved code output.

F12. The Planner’s contribution is task-type dependent, qualifying Part I’s finding
of Planner primacy (F3): strong Executors produce comparable output with or

without the Planner’s formal specification on well-defined tasks.
- J

4.6 RQ6: Execution-Based vs. LLM Critic
4.6.1 Motivation

RQ4 identified the Critic’s false-fail rate as the mechanistic cause of Verifier-induced
accuracy regressions: on HumanEval, the 93.00% false-fail rate triggered unnecessary
re-generation of correct solutions, dropping accuracy from 96.34% to 64.02% (F9).
Even on BigCodeBench, where the Critic was best calibrated (36.72% false-fail), PECV
left room for improvement. In code generation, an execution oracle provides ground-
truth correctness independently of any LLM. RQ6 asks: what happens when we remove
the Critic entirely and let the execution oracle drive the Verifier?

4.6.2 Approach

We compare PECV (Critic-mediated verification) against PEGV (execution-gated ver-
ification) across all three benchmarks. In PEGV, after the Executor produces code,
the test harness executes it directly. If all tests pass, the pipeline terminates. If any test
fails, execution results go directly to the Verifier, which issues ACCEPT or REJECT
and routes REJECT decisions back to the Executor for re-generation, in an iterative
loop of up to three iterations (k < 3). The LLM Critic is removed entirely. This com-
parison directly ablates the Critic while holding the Planner, Executor, and Verifier
constant.

4.6.3 Results
PECYV vs. PEGV accuracy.

Table 14 presents the side-by-side comparison.

Figure 6 presents the accuracy and harm comparison side by side. Execution gating
produces the highest accuracy on BigCodeBench (71.50%, up from 56.50% Mono-
lithic), recovers the HumanEval regression entirely (96.34% vs. 64.02% with PECV),
and trails PECV only on MBPP (81.00% vs. 86.00%). On HumanEval, the Verifier
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Table 14: Critic-mediated (PECV) vs. execution-gated (PEGV) verification accuracy
(%). Best per benchmark in bold.

Benchmark Monolithic PEC PECV PEGV PECYV vs. PEGV

BigCodeBench 56.50 53.50 63.50 71.50 +8.00 (PEGV)

HumanEval 96.95 96.34 64.02 96.34 +32.32 (PEGV)

MBPP 80.50 75.00 86.00 81.00 —5.00 (PECV)
B BigCodeBench M HumanEval MBPP

100.00

75.00

2|

PECVAC(%)  PEGVACC(%)  PECV Help(%) PEGVHelp(%) PECVHarm (%) PEGVHarm (%)

=3

Benchmark

Fig. 6: PECV vs. PEGV: accuracy and Verifier harm rate per benchmark. Execution
gating eliminates all Verifier harm (0.00%) while matching or exceeding PECV accu-
racy on two of three benchmarks.

is invoked on only 6.10% of tasks in PEGV versus 60.98% in PECV, because execu-
tion gating triggers the Verifier only when code genuinely fails. On MBPP, PECV’s
advantage (86.00% vs. 81.00%) suggests the Critic’s failure localization provides richer
context than bare execution output.

Verifier harm elimination.

Table 15 provides the detailed harm rate comparison.

Table 15: Verifier harm rate comparison: PECV vs.
PEGV across benchmarks.

Benchmark PECV Harm (%) PEGV Harm (%)

BigCodeBench 4.07 0.00
HumanEval 55.67 0.00
MBPP 7.34 0.00
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The Verifier harm rate is 0.00% across all three benchmarks in PEGV. In PECV,
Verifier harm ranges from 4.07% (BigCodeBench) to 55.67% (HumanEval). Every
point of Verifier harm in PECV is directly attributable to the Critic’s false-fail verdict
triggering re-generation of correct code.

Cost efficiency.

Table 16 compares latency and token overhead between the two configurations.

Table 16: Latency and token overhead comparison: PECV vs. PEGV.
Benchmark PECV Lat. (s) PEGV Lat. (s) PECV Tokens PEGYV Tokens

BigCodeBench 60.23 s 54.92s 7,118 3,851
HumanEval 45.20s 25.30s 6,164 2,625
MBPP 34.15s 36.08s 4,613 2,356

PEGV uses 46-57% fewer tokens across all benchmarks. The savings come from
two sources: PEGV eliminates the Critic’s LLM call entirely, and PEGV invokes the
Verifier far less frequently (e.g., 6.10% vs. 60.98% on HumanEval) because it only fires
on genuinely failing code.

Findings for RQ6

F13. Replacing the LLM Critic with execution gating eliminates Verifier harm
entirely (0.00% across all benchmarks) and raises BigCodeBench accuracy from
56.50% (Monolithic) to 71.50%.

F14. Execution gating recovers the accuracy loss caused by Critic-mediated ver-
ification on HumanEval (from 64.02% back to 96.34%) while reducing token cost
by up to 57%.

F15. The LLM Critic adds marginal value only on MBPP (86.00% with PECV
vs. 81.00% with PEGV), where its failure localization provides richer context to

the Verifier than bare execution output.
\ J

5 Discussion and Practical Guidance

The two parts of this study jointly yield actionable design rules for multi-agent LLM
pipelines, each grounded in specific empirical findings (F1-F15).

5.1 Design Rules for Practitioners

Rule 1: Always use structured, accountable handoffs. The accuracy lift over
unstructured pipelines is consistent across both parts and all task types. In Part I,
accountable pipelines recovered accuracy from 61.42% to 97.64% on PythonIO (F2). In
Part II, the PEGV pipeline raised BigCodeBench accuracy from 56.50% (Monolithic)
to 71.50%. Structured accountability is the most transferable finding of this work.
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Rule 2: Include the Planner only when task specification is ambiguous
or underspecified. Part I established Planner primacy on multiple-choice tasks (F3),
but Part IT showed that adding the Planner yields no meaningful accuracy gain on code
generation (e.g., from 54.00% to 53.50% on BigCodeBench, from 79.00% to 75.00%
on MBPP; F10). For well-defined, short-horizon tasks, omitting the Planner saves 14
to 21 seconds of latency per task with no accuracy cost (F11). The Planner’s value is
task-type dependent (F12).

Rule 3: Use execution gating as the default verification strategy. When
a test harness or execution oracle is available, the Verifier should be driven directly
from execution results rather than from an LLM Critic’s verdict. Execution gating
eliminates Verifier harm entirely (0.00% across all benchmarks, F13), achieves the
highest accuracy on complex tasks (71.50% on BigCodeBench), and reduces token cost
by 46-57% compared to Critic-mediated verification (F14). The LLM Critic should
be added only when its calibration on the target task distribution has been validated
to provide net benefit, which in this study occurred only on MBPP (F15).

Rule 4: When an LLM Critic is necessary, measure its false-fail rate
before deploying a Verifier. For tasks without execution oracles (e.g., Ul genera-
tion, documentation, requirements analysis), the LLM Critic remains the only available
evaluation signal. In these settings, the Critic false-fail rate is the binding constraint
on Verifier utility: a false-fail rate above approximately 60% makes Verifier-based re-
generation net harmful (F9). A practical pre-deployment step is to evaluate the Critic’s
false-fail rate on a representative sample and recalibrate or omit the Verifier if the rate
is too high.

Rule 5: Cast roles by empirically established strengths. The role-specific
aptitudes observed in Part I (F4, F5) informed Part II’s heterogeneous model assign-
ment, which produced the best results wherever the pipeline adds value. Heterogeneous
pipelines consistently dominate homogeneous configurations on the Pareto fron-
tier (F7). Running a small profiling benchmark to measure model-role fit before
committing to a pipeline design should be standard practice.

5.2 Threats to Validity

Construct validity is substantially improved from Part I to Part II. Part I relies
on multiple-choice benchmarks that simplify open-ended tasks into discrete answers,
making blame attribution feasible but limiting ecological validity. Part II replaces
label matching with execution-based evaluation on genuine code generation tasks.
The remaining concern is scope: the three code generation benchmarks cover single-
function to moderate-complexity problems but do not include multi-file, repository-
level tasks. Additionally, HumanEval’s likely presence in frontier model training data
means that absolute accuracy figures on this benchmark reflect model familiarity as
well as capability, though the internal pipeline comparisons (e.g., PECV vs. PEGV)
remain valid because all configurations use the same models. This contamination also
likely inflates the Critic’s 93% false-fail rate on HumanEval: the Executor produces
memorized, correct solutions that the Critic cannot recognize as correct through static
reasoning alone. We mitigate this concern by evaluating across three benchmarks of
varying contamination risk and by demonstrating that the execution-based gating
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strategy (PEGV) resolves the issue entirely, further supporting the case that execution
oracles are essential for reliable verification.

Internal validity is substantially improved. Part I’s blame attribution required
ground-truth labels that are unavailable at runtime; Part II replaces this with an
execution oracle that provides ground-truth correctness independently. The PEGV
ablation provides a clean comparison of Critic-mediated versus execution-gated verifi-
cation, isolating the Critic’s contribution. All model invocations use temperature 0.0
(greedy decoding), making pipeline runs fully deterministic and eliminating stochastic
variance as a confound. Three remaining concerns are: (a) the PEGV configuration
includes a Planner, so the PECV-versus-PEGV comparison conflates Critic removal
with potential Planner interaction effects, though the RQ5 analysis (F10-F12) shows
the Planner’s impact is minimal, suggesting this confound is negligible; (b) the iterative
re-generation loop in PEGV (k < 3) versus the single-pass Verifier in PECV (k < 1)
introduces a structural asymmetry, though this reflects the intended design difference
between the two configurations; and (c) at the sample sizes used in this study (164-200
tasks per benchmark), small accuracy differences (below approximately 3-4%) may
not be statistically distinguishable from noise and should be interpreted cautiously.
The paper’s core findings rest on large-magnitude effects (e.g., accountability raising
accuracy from 61.42% to 97.64%, HumanEval dropping from 96.34% to 64.02%, 93%
false-fail rate, 0% PEGV harm) that are well above this threshold.

External validity remains a concern. Both parts use proprietary, frontier LLMs
during fixed evaluation windows. The pipeline is evaluated exclusively on Python
benchmarks. The model selection for Part II uses successor models (Claude Sonnet
4.5, GPT-5.1, Gemini 2.5 Pro Preview) rather than the exact models evaluated in
Part I (Claude Sonnet 4, GPT-40, Gemini 2.5 Pro), introducing a confound between
model improvement and role-specific dynamics. We mitigate this by selecting successor
models from the same families and by grounding the role assignments in Part I’s
empirical findings. While the data-driven casting methodology transfers across model
generations, the specific optimal role assignments may differ and should be re-profiled
when models are updated. All prompts, execution logs, and evaluation scripts are
released to support replication and encourage extension to open-sourc

6 Conclusion

This paper presents a two-part empirical investigation that opens the black box of
sequential multi-agent LLM pipelines through traceable blame attribution.

Part I evaluates a three-role Planner-Executor-Critic pipeline on three multiple-
choice benchmarks (PythonIO, LogiQA, AGIEval) using label-matching blame
attribution. The results show that structured, accountable handoffs are essential:
unstructured pipelines degrade accuracy below monolithic baselines, while accountable
pipelines recover accuracy dramatically (e.g., from 61.42% to 97.64% on PythonIO; F1,
F2). Blame attribution reveals that the Planner is the highest-leverage role (F3), that
models exhibit complementary role-specific aptitudes (F4), and that heterogeneous
configurations dominate the Pareto frontier in accuracy-cost-latency trade-offs (F6,
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F'7). These findings yield a data-driven casting recommendation, Gemini (Planner) —
Claude (Executor) — GPT-4o0 (Critic), that is adopted in Part II (F5).

Part II extends the methodology to execution-grounded code generation on
HumanEval, MBPP, and BigCodeBench, introducing a fourth Verifier agent and
replacing label matching with runtime test-suite execution. Three findings reshape
the design landscape. First, the Verifier’'s benefit is conditional on Critic calibra-
tion: it improves accuracy on complex tasks (BigCodeBench: from 53.50% to 63.50%;
MBPP: from 75.00% to 86.00%) but causes substantial accuracy degradation on near-
saturated benchmarks (HumanEval: from 96.34% to 64.02%), driven mechanistically
by the Critic’s false-fail rate (F8, F9). Second, the Planner’s primacy does not trans-
fer to code generation: its ROI is negative or near-zero on all three benchmarks, with
overhead originating from specification passthrough rather than improved code output
(F10-F12). Third, replacing the LLM Critic with direct execution gating eliminates
Verifier harm entirely (0.00% across all benchmarks), achieves the highest accuracy
on complex tasks (71.50% on BigCodeBench), and reduces token cost by 46-57%
(F13-F15).

Together, the two parts establish that multi-agent pipeline design is not a mono-
lithic practice but a task-sensitive engineering discipline. The study contributes
traceable blame attribution methodologies for both label-matching and execution-
grounded settings, 15 empirical findings (F1-F15) across six research questions, and
five actionable design rules for practitioners building accountable multi-agent systems.
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