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ABSTRACT

This study proposes a hierarchical multi-agent generative artificial intelligence architecture for decomposing complex user
objectives, assigning subtasks to specialized language-model agents, coordinating inter-agent collaboration, validating
intermediate evidence, and delivering explainable decision recommendations. The architecture combines a supervisory planner,
capability-aware scheduler, domain experts, retrieval and tool agents, independent critic, and policy-governed decision
aggregator. A directed acyclic task graph represents dependencies, while multi-objective assignment balances expected quality,
execution latency, monetary cost, and risk. A confidence-gated revision mechanism controls unsupported claims and escalates
uncertain decisions for human review. An illustrative, explicitly synthetic benchmark of 200 tasks is provided to demonstrate an
evaluation protocol across four system variants; the numerical values are not empirical findings. The proposed methodology
outlines reproducible measurements for task success, plan validity, groundedness, latency, collaboration overhead, and decision
utility. The contribution is a unified design and testable hypothesis about the circumstances under which structured multi-agent

coordination improves decision support compared with single-agent generation.
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1. INTRODUCTION

Generative artificial intelligence has progressed from
producing standalone natural-language responses to
supporting extended workflows involving search,
analysis, code execution, document synthesis, and
operational decision making. Large language models can
interpret ambiguous requests and produce plausible plans,
but a single model operating without external verification
remains vulnerable to incomplete decomposition,
hallucinated evidence, context-window limitations, and
inconsistent execution. These weaknesses become
consequential when a request contains multiple
interdependent objectives, heterogeneous information
sources, or organizational constraints. Multi-agent
architectures offer a promising alternative by distributing
responsibility among specialized components rather than
expecting one general-purpose agent to perform every
function reliably.

A complex decision-support request typically
combines several logically distinct activities. The system
must interpret intent, identify required inputs, determine
which operations can run concurrently, select appropriate
tools, reconcile conflicting evidence, and present
recommendations in a form that a human can audit. For
example, planning a supply-chain response may require

demand estimation, supplier assessment, budget
calculation, risk analysis, and regulatory review. Each
activity calls for different expertise and verification
procedures. A monolithic agent may complete all stages
sequentially, but errors in early reasoning can contaminate
downstream outputs. Explicit role specialization makes
responsibilities visible and enables targeted correction.

The term agent is used here in an operational sense: an
autonomous or semi-autonomous software component
that receives an objective and state, selects actions,
invokes permitted tools, exchanges structured messages,
and returns outputs with metadata. An agent need not
possess human-like intention. Its capabilities arise from
model inference, system prompts, retrieval interfaces,
deterministic programs, and workflow constraints. A
multi-agent system coordinates several such components
toward a shared objective. This separation is useful
because planning, factual verification, numerical
optimization, and user-facing explanation impose
different requirements and failure modes.

Planning is a central challenge. Real tasks are not
merely collections of independent questions; they include
precedence relations, shared resources, deadlines, and
conditional branches. A valid plan should specify
subtasks, expected outputs, dependencies, success criteria,
and recovery actions. It should also distinguish between
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tasks that can be performed in parallel and tasks that
require evidence from earlier stages. Representing the
plan as a directed acyclic graph makes these relationships
explicit and permits systematic checks for missing
prerequisites, cyclic dependencies, and unreachable
objectives.

Collaboration introduces opportunities as well as
overhead. Parallel agents may reduce elapsed time when
work is separable, and diverse expertise may uncover
omissions that one agent misses. However, excessive
communication can increase token consumption, produce
contradictory intermediate results, and amplify correlated
model errors. Coordination therefore needs a protocol for
assigning ownership, specifying message schemas,
resolving disagreement, and limiting repeated exchanges.
The goal is not to maximize the number of agents but to
allocate the smallest effective team to the task structure
and risk level.

Intelligent decision support differs from simple
answer generation because its outputs are evaluated
against preferences, constraints, evidence quality, and
potential consequences. A decision-support system should
distinguish factual observations from model estimates,
expose trade-offs, and preserve uncertainty. In high-
impact settings, it should not silently execute irreversible
actions. Human approval, access controls, and audit logs
are therefore part of the architecture rather than optional
deployment features. This paper treats human oversight as
a design constraint on automation.

Large language models also exhibit uncertainty that is
not directly represented by fluent text. Confidence cannot
safely be inferred from persuasive phrasing alone.
Instead, the proposed framework uses multiple indicators,
including retrieval support, tool execution status,
agreement among independent checks, and validation
against task-specific constraints. These indicators form an
operational confidence score for routing and review, not a
guaranteed probability of correctness. Calibration against
held-out labeled examples would be required before
interpreting the score probabilistically.

Existing research demonstrates several
complementary foundations. ReAct interleaves reasoning
and tool interaction; CAMEL studies cooperative role-
playing; AutoGen enables programmable multi-agent
conversations; and AutoAgents explores task-conditioned
agent creation. These contributions establish the
feasibility of agent interaction but do not eliminate
practical  challenges involving  dependency-aware
scheduling, reliable evidence aggregation, measurable
collaboration  overhead, and auditable decision
recommendations. The present architecture synthesizes
these concerns into a single testable workflow rather than
claiming a new foundational language model.

The principal research question is whether structured
decomposition,  capability-aware  allocation, and
independent verification can improve the reliability of
complex task completion under controlled cost and

latency budgets. Three subordinate questions follow: how
should task dependencies determine agent assignments;
when should the system request another agent or a human
reviewer; and how can competing decision alternatives be
ranked without hiding uncertainty? The proposed answers
combine graph-based planning, weighted assignment,
confidence-gated revision, and constrained multi-criteria
utility estimation.

This manuscript contributes a detailed architecture,
formal objectives, a communication protocol, an
experimental design, and an illustrative numerical
analysis. The example results are deliberately labeled
synthetic because no model deployment, benchmark
execution, or human-subject evaluation has been
performed for this manuscript. Accordingly, the paper
makes methodological and architectural claims, not
verified performance claims. A future empirical study can
implement the protocol, replace illustrative numbers with
recorded measurements, publish prompts and task sets,
and evaluate statistical significance across repeated trials.

2. RELATED WORK

Classical distributed artificial intelligence and multi-agent
systems established the importance of coordination,
cooperation, negotiation, and decentralized decision
making. Their foundational insight is that a global
objective can be pursued through interacting local entities
with distinct information and capabilities. Modern
generative-agent systems inherit these coordination
questions but differ in the flexibility and unpredictability
of natural-language reasoning. Whereas traditional agents
frequently rely on explicit symbolic policies, language-
model agents can infer tasks from text, dynamically
propose tools, and communicate through natural-language
or structured messages. This flexibility expands
application scope while complicating verification and
reproducibility.

Yao et al introduced ReAct, which interleaves
reasoning steps with environment-facing actions. Its
contribution is especially relevant to grounded planning
because an agent can revise a trajectory after observing
tool results rather than depending solely on memorized
knowledge. The reported evaluations span question
answering and interactive environments, indicating that
action feedback can mitigate certain errors. Nevertheless,
a single reasoning-and-acting loop does not inherently
provide independent review or multi-agent scheduling.
The proposed architecture incorporates the general
reasoning-action-observation pattern inside specialist
agents while separating orchestration and verification
responsibilities [1].

Li et al. proposed CAMEL, a framework in which
language-model agents cooperate through role-playing
and structured prompting. CAMEL demonstrates that
assigning complementary roles can sustain multi-turn
collaboration and generate trajectories useful for studying
agent societies. Role specificity helps clarify
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responsibilities and constrain conversations, but role-
playing alone does not guarantee correct factual
grounding or optimal resource allocation. In operational
deployments, a specialist label should be paired with
permissions, tool capabilities, measurable outputs, and
acceptance tests. The present framework extends the role-
based idea with capability registries and explicit task
contracts [2].

Wu et al. developed AutoGen, a framework for
building applications from customizable conversable
agents. AutoGen supports interaction patterns that
combine language models, tools, and human participation.
Its flexible conversation programming makes it a
significant implementation reference for multi-agent
applications. Yet flexibility also means that performance
depends on the workflow designed by the application
developer. This paper addresses that design layer by
defining a dependency graph, scheduler, verifier, and
decision aggregator whose behavior can be evaluated
separately [3].

Chen et al. presented AutoAgents, which generates
specialized agent teams according to the current task and
includes an observer role to review plans and responses.
Dynamic team composition directly motivates the
capability-aware allocation stage in the proposed system.
However, team generation can introduce additional
inference cost and instability if roles are repeatedly
recreated. A practical extension is to compare the
expected benefit of recruiting an additional agent against
its estimated execution and communication cost. Our
formulation therefore includes a resource penalty in
assignment and collaboration objectives [4].

Research on tool-augmented language models
emphasizes that language generation should be connected
to verifiable operations. Search engines, databases,
calculators, and code interpreters can supply evidence that
the model cannot reliably produce internally. A robust
agent architecture must preserve provenance for each
retrieved passage and executed computation, including
source identity, timestamps, inputs, outputs, and error
status. Merely providing tools is insufficient if agents can
cite nonexistent results or disregard failures. The
verification layer proposed here checks provenance before
accepting an intermediate claim.

Hierarchical planning provides another relevant
research tradition. High-level objectives are decomposed
into progressively smaller actions until they become
executable. For language-model workflows,
decomposition can reduce cognitive complexity, but an
incorrect hierarchy may omit dependencies or fragment
an intrinsically coupled problem. The proposed graph
representation therefore supports both hierarchical
grouping and explicit cross-group dependencies. Planning
quality is measured by dependency validity, completeness
of acceptance criteria, and downstream task success,
rather than by the apparent elegance of a generated
outline.

Multi-agent debate and critique approaches seek to
improve answers by comparing independently generated
perspectives. Such methods may catch errors, but
agreement between language models is not independent
evidence when they share training distributions, prompts,
or retrieval sources. Repeated discussion may even
reinforce a common misconception. Consequently, the
proposed critic prioritizes external evidence, deterministic
constraint checks, and explicit disagreement records over
majority voting. Where claims cannot be validated, the
system marks them uncertain and requests additional
evidence or human judgment.

Explainable decision support is closely related to
multi-criteria decision analysis. Decision alternatives may
be evaluated on benefit, cost, risk, feasibility, and policy
compliance. Weighted scoring is interpretable but
sensitive to weight selection and normalization; it can also
conceal trade-offs when criteria are correlated. For this
reason, the proposed aggregator records criterion-level
scores, reports sensitivity to weight changes, and rejects
alternatives that violate hard constraints before ranking
feasible options. Explanation consists of traceable
evidence and decision factors, not merely a post-hoc
narrative.

Benchmarking autonomous agents poses distinctive
challenges. Task success must be assessed using objective
checks where possible, and evaluation sets should contain
varying difficulty, dependency depth, tool requirements,
and ambiguity. Latency, model calls, monetary cost,
communication messages, and human interventions
should be measured alongside accuracy. A framework
that achieves higher success only by using dramatically
more resources may not be preferable for deployment.
The experimental protocol in this manuscript therefore
uses multiple effectiveness and efficiency measures and
includes ablation variants to isolate the contribution of
coordination and verification.

The literature collectively supports a modular
direction but leaves a need for unified, auditable
evaluation of planning, collaboration, and decision
support. The research gap addressed here is architectural
integration: a method for connecting task graphs,
specialist assignment, structured messaging, grounded
verification, and constrained recommendation generation
under explicit budgets. The novelty claim is limited to this
proposed combination and its operational formulation.
Comparative superiority remains a hypothesis requiring
implementation, repeated benchmarking, and statistical
testing.

3. PROPOSED METHODOLOGY

3.1 Architecture and execution pipeline

The system receives a user objective, constraints,
available tools, and authorization scope. A supervisory
planner constructs a dependency graph and specifies
acceptance tests. A scheduler allocates eligible agents;
specialist agents execute subtasks with retrieval or
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computational tools. A critic verifies outputs and requests
targeted revision when confidence or constraint checks
fail. A decision agent ranks feasible alternatives, and a

Figure 1

human reviewer approves consequential actions. All
messages and evidence identifiers are logged for audit.

Proposed multi-agent task-planning, verification, and decision-support workflow (conceptual architecture)
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3.2 Mathematical formulation
Task graph: G = (V, E), E ={(i,j) : task j requires output
of task i}.

V contains executable subtasks and E encodes
precedence. A valid schedule must respect all edges and
the graph must be acyclic.

Assignment objective: min X ¥, Xi [0 Cia + B Tia + v
Ria - 6 Qia]

Binary x;, assigns task i to agent a; C, T, R, Q denote
expected cost, time, risk, and quality. Coefficients
normalize preferences.

Assignment constraints: X, xi, = 1; xia < eligiblei;
start; > finish; for (i,j) € E.

Every task has exactly one accountable owner,
ineligible agents are excluded, and dependent tasks wait
for prerequisites.

Confidence score: s; = w1 e + w2 v; + ws a; + wa ki, 2
Wk = 1.

Evidence support e, deterministic validation v,
agreement a, and constraint compliance k are normalized
to [0,1]. This is a routing score until calibrated.

Revision rule: revise(i) = 1 if s; < 1 or hard_check; =
0; otherwise 0.

Outputs below threshold t or failing hard constraints
are revised or escalated. Revision budgets prevent infinite

loops.
Decision utility: U(d) = Zx A& zdd) — p Risk(d),
subject to hm(d) <0.

Normalized criterion scores z and weights A rank only
feasible alternatives; risk and hard constraints remain
explicit.

Task success rate: TSR = (number of accepted
completed tasks / total tasks) x 100%.

Acceptance must be assessed against prespecified
objective criteria, not agent self-reports.

Latency improvement: LI = (Lbaseline — Lproposed)
/ Lbaseline x 100%.

Measures relative elapsed-time improvement; negative
values indicate slower execution.

3.3 Agent communication and recovery

Each inter-agent message contains task id, sender,
recipient, input_artifact_ids, objective, output_schema,
evidence_ids, confidence_indicators, deadline, and status.
The coordinator rejects malformed messages and records
versioned artifacts. A specialist may return completed,
blocked, failed, or needs_review. On failure, the planner
first retries with a bounded budget, then assigns a
compatible backup agent or escalates. The verifier is not
permitted to edit source evidence silently. Human
approval is mandatory for externally consequential or
irreversible actions.

3.4 Experimental design and reproducibility

A future empirical implementation should evaluate 200 or
more held-out tasks stratified across research synthesis,
software troubleshooting, resource allocation, workflow
planning, and policy-constrained decision support.
Compare four variants: S1 single LLM, S2 single LLM
with tools, S3 multi-agent without independent
verification, and S4 the complete proposed framework.
Fix the model family, inference settings, tool access,
hardware, evaluation rubric, and task order where
feasible. Record repeated runs with distinct seeds, per-
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task outputs, API usage, wall-clock latency, and reviewer
adjudication. Report confidence intervals and paired
statistical tests. The numerical example below is synthetic
and is not a substitute for these experiments.

4. ILLUSTRATIVE RESULTS AND DISCUSSION

Table 1 presents constructed example values to
demonstrate the reporting format. They are hypothetical,
internally consistent scenario inputs and do not represent
an actual benchmark run, measured superiority, or
statistically supported finding.

Table 1

Illustrative synthetic comparison across architecture variants; all figures are hypothetical

Variant Tasks successful / 200 Success (%) Mean latency (s) Grounded outputs (%) Cost / task ($)
S1: Single agent 132 66.0 45 69 0.18

S2: Tool agent 150 75.0 51 81 0.25

S3: Multi-agent 164 82.0 42 85 0.36

S4: Proposed 178 89.0 37 94 0.41

Figure 2

Graphical representation of illustrative synthetic task-success values from Table 1

Hypothetical task success comparison

100

80 A

60 A

40 -

Illustrative task success (%)

20 1

Single Tool

In this constructed scenario, S4 exceeds S1 by 23
percentage points in task success (89% versus 66%) and
has 17.8% lower mean latency ((45-37)/45 x 100).
However, S4 has a higher assumed per-task cost ($0.41
versus $0.18). The example illustrates why a multi-
objective evaluation is necessary: a system can improve
completion quality while consuming more inference
resources. The cost increase may be acceptable for high-
value decisions but inappropriate for routine low-risk
requests. These comparisons are arithmetic descriptions
of invented values, not empirical evidence.

Multi Proposed

Grounded-output rate in the scenario rises from 69%
to 94%, illustrating the intended role of retrieval
provenance and independent checks. To establish this
effect empirically, evaluators must define groundedness at
the claim level, blind reviewers to system variant, and
separately record unsupported claims, incorrect citations,
and tool failures. A higher agreement score between
agents alone would not establish factual correctness.
Confidence calibration should also be measured with
reliability diagrams, Brier scores, and selective accuracy
under abstention.

4.1 lllustrative ablation analysis

Table 2

Hypothetical ablation values for planning a future controlled experiment

Configuration Success (%) Grounded (%) Latency (s)
Full architecture 89 94 37

Without critic 83 86 32

Without scheduler 80 91 49

Without retrieval validation 77 78 35

The ablation example shows the expected trade-off:
removing the critic reduces processing time but also

reduces groundedness; removing the scheduler increases
latency; and removing retrieval validation reduces
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evidence support. A real study must verify these effects
through paired tasks and repeated trials, because different
prompts, model versions, and task distributions could
reverse the ordering. It should also test scaling to larger
agent teams and measure communication-token overhead.

4.2 Threats to validity and deployment considerations
Threats include synthetic rather than measured outcomes,
task-selection bias, leakage from benchmark examples
into model training, evaluator subjectivity, correlated
errors among agents, nonstationary model APIs, and
incomplete cost accounting. Deployment risks include
prompt injection through retrieved content, over-
privileged tools, sensitive-data exposure in shared
memory, runaway agent loops, and automation bias
among human reviewers. Recommended mitigations are
least-privilege tool access, schema validation, sandboxed
execution, signed provenance, bounded budgets, access-
controlled logs, and approval gates for high-impact
actions.

5. CONCLUSION

This paper developed a conceptual multi-agent generative
Al architecture that unifies dependency-aware task
planning, capability-based agent allocation, structured
collaboration, evidence verification, and constrained
decision support. Its key design contribution is the
separation of planning, execution, critique, and decision
aggregation into accountable components linked by
auditable artifacts. Mathematical formulations define
assignment objectives, confidence-triggered revision, and
multi-criteria recommendation ranking. The illustrative
numerical tables and chart demonstrate how future
evaluations can jointly report task success, groundedness,
latency, and cost; they do not validate the architecture.
Future work should implement the framework on public
task benchmarks, conduct controlled ablations and
significance tests, assess confidence calibration and
adversarial robustness, and compare the benefit of agent
specialization against communication and computational
overhead. Such evaluation is necessary before claims of
improved real-world reliability or decision quality can be
substantiated.
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