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Abstract

Expert consensus is a critical component of decision-making in systems engineering, where
stakeholder input and complex trade-offs must be carefully weighed. Traditionally, consensus-
building techniques such as the Delphi Method, Nominal Group Technique (NGT), and Multi-
Voting have been used to aggregate expert human opinions systematically. Constant lingering
challenges prove to be deterrents such as time-intensive and extensive coordination efforts
required to gather Subject Matter Experts (SMEs). With the advent of Large Language Models
(LLMSs), there exists the potential to capture the expert knowledge and leverage Al to streamline
consensus-building.

This conceptual paper explores the feasibility of LLM-assisted consensus methods in the context
of systems engineering. We evaluate consensus methods based on their structure, expert
interaction requirements, and compatibility with LLMs, followed by identifying which methods
could be enhanced through Al-driven automation. Through a comparative analysis, we
hypothesize the methods best suited for LLM augmentation or full automation and explore their
potential applications in systems engineering. Finally, we discuss future research directions for
both Al-driven and hybrid human-Al consensus frameworks.

Keywords: Large Language Models (LLMs), Artificial Intelligence (Al), Consensus Methods,
Systems Engineering, Feasibility Study

Introduction

The presence of accessible, capable Al systems has become widespread and presents
a tool that should be leveraged intelligently as a force multiplier. The next generation of
language models will require a shift from a “one size fits all” model to domain-specific models
(Ling et al., 2024). The models can be trained on their own or fine-tuned from foundational

RESEARC,
5

1

o,

- l\L_(.H/IA/)
g
o v

ACQUISITION RESEARCH PROGRAM
DEPARTMENT OF DEFENSE MANAGEMENT - 339 -
NAVAL POSTGRADUATE SCHOOL




models. Foundational models are models trained on general knowledge. Conceptually, the
research discussed herein focus on the interactions between and how to employ these domain-
specific models. With each model trained on domain-specific knowledge, the similarity to being
considered “Al Subject Matter Experts (SMEs)” as the same as having “human SMEs” starts to
come to fruition.

The interaction between SMEs is a commonly orchestrated event for systems engineers.
Systems engineers, acting as the glue between SMEs, sponsors, and project managers, are
well poised to leverage domain-specific models in situations where a SME may not be available
or too costly. This paper will explore the consensus methods commonly used by systems
engineers for soliciting domain-specific knowledge to make informed decisions, discuss
implementation architectures that are feasible for usage with language models, and propose
systems engineering use cases and examine their challenges to implementation.

Overview of Consensus Methods

While language models have an inherent ability to synthesize large corpuses of
information, their ability to come to a consensus among several models has been less studied,
although interesting effects have been found at scale (Marzo et al., 2025). Some research has
been done on hybrid consensus methods, including both humans and Al to come to a
consensus (Chen et al., 2023; Fogliato et al., 2022; Hirosawa et al., 2024; Papakonstantinou et
al., 2025; Punzi et al., 2024). Research has also been done on some of the challenges
associated with hybrid consensus methods (Vaccaro et al., 2024).

The consensus methods considered are among some of the most common, including:
the Delphi Method, the Fuzzy Delphi Method, Structured Expert Judgment (SEJ) also called
Cooke’s Method, Nominal Group Technique (NGT), the Stepladder Technique, Dialectical
Inquiry, and Multi-Voting (Dot Voting). A summary table of each of these consensus methods’
strengths and weaknesses is in Table 1, Consensus Methods Strengths and Weaknesses. A
deeper dive into each consensus method follows. The sequence diagrams generated are
intended to be representative of the most implementations of each technique, although there
were slight variations present between different pieces of literature.

Table 1. Consensus Methods Strengths and Weaknesses

Method Strengths Weaknesses

Reduces bias, allows for geographic dispersion, and | Time-consuming, lacks interaction, and may not achieve

Delphi Method . . o
provides a systematic approach to achieving consensus. consensus.

Complex for non-experts and requires fuzzy logic

Fuzzy Delphi Method Captures ambiguity and uncertainty in expert opinions. )
expertise.

Provides quantitative outputs and handles uncertainty

Structured Expert Judgment Resource-intensive and requires expertise.

effectively.
Nominal Group Technique Encourages equal pavrtl?lF)atl.on and produces clear Limited to small groups and time-consuming.
prioritization.
Multi-Voting Quick, easy to imp.ler'n.entf and provides clear May not capture nua.\nces and c'an be influenced by
prioritization. voting strategies.
Stepladder Technique Reduces dominance and improves decision quality. Time-consuming and requires planning.
Dialectical Inquiry Encourages critical thinking and creative solutions. Contentious and may not achieve consensus.

The Delphi method is a structured, iterative process used to gather and consolidate
expert opinions. It involves multiple rounds of questionnaires, with feedback provided to
participants between rounds to encourage convergence of opinions. Experts respond to
questionnaires in multiple rounds, with anonymous feedback usually in the form of the group
average provided after each round. Consensus is typically defined as a percentage of
agreement (e.g., 70-80%) or convergence variance of responses (e.g., +/- 1 on a ranking
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scale). While this method attempts to reduce bias from dominant personalities through

anonymous responses and the use of a facilitator, the process can be time-consuming and may
not always achieve the set consensus threshold.

The authors have employed the Delphi method for estimating systems engineering cost
model parameters for using Al (Madachy et al., 2025). Previously the Constructive Systems
Engineering Cost Model (COSYSMO) and Constructive Cost Model (COCOMO) for software
development were developed and calibrated with both expert judgment data via Delphi surveys
and historical project data (Boehm et al., 2000; Valerdi, 2005). The Delphi method is also
commonly used in clinical settings, among other domain-specific fields (Chan, 2022; Erffmeyer,
1981; Hutchings et al., 2006; Kauppi et al., 2023; Papakonstantinou et al., 2025; Spranger &

Niederberger, 2025; Vedantham et al., 2023). The process is captured in Figure 1, Delphi
Method Sequence Diagram.

Delphi Method - Sequence Diagram

Facilitator ‘ Expert Panelists

Distribute questionnaire

Submit answers
.( .........................................................

Aggregate & anonymise responses

Compute stats (e.g. avg, median)

| loop / [until stability]

Questions with stats

< Submit updated answers

Aggregate & anonymise responses

Compute stats (e.g. avg, median)

Final consensus report

Figure 1. Delphi Method Sequence Diagram

The Fuzzy Delphi method integrates fuzzy logic with the traditional Delphi Method to
capture the uncertainty in expert judgments. It is a structured, iterative process used to gather
and consolidate expert opinions. It involves multiple rounds of questionnaires, with feedback
provided to participants between rounds to encourage convergence of opinions. Experts still
respond to questionnaires in multiple rounds, with anonymous feedback provided after each
round, but use ranges—a fuzzy score—to compute convergence. This method lends itself best
to situations where precise data is unavailable, but the learning curve is steep for facilitators
new to fuzzy logic. The Fuzzy Delphi method is commonly used in situations where there is
substantial ambiguity that needs to be quantified (Mohamad et al., 2015; Nayebpour & Sehhat,
2023; Padzil et al., 2021; Rahman & Kamauzaman, 2022; Rani et al., 2023). The process is
captured in Figure 2, Fuzzy Delphi Method Sequence Diagram.
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Fuzzy Delphi Method (FDM) - Sequence Diagram

Fadcilitator Expert Panel
: Preparation Phase :

! Define Problem, Criteria & Fuzzy Scale !
| Prepare Questionnaire |

:—:I Expert Elicitation -
| |

|

|

, Distribute Questionnaire

' Provide Fuzzy Ratings

: Aggregation Phase :
| Fuzzify Responses |

' Aggregate Fuzzy Numbers
\_le.g., Calculate Averages)

| Defuzzify Aggregated Results
! Generate Crisp Scores

$.| Consensus Determination |.=

| Check Consensus Threshold

: Results Reporting :

I I
! Communicate Final Consensus Results !

Figure 2. Fuzzy Delphi Method Sequence Diagram

The Structured Expert Judge (SEJ) method, also known as Cooke’s method, uses
expert opinions to quantify and produce probabilistic estimates. Each expert provides their
individual assessment, all responses are aggregated, statistical weighting models are applied,
and calibration is included if necessary. The quantitative output of the process is desirable,
particularly for ambiguous and complex issues, although the process requires an expert to
design. Cooke’s method is commonly used within the nuclear field, ecosystems, and public
health, among others (Colson & Cooke, 2018; Cooke et al., 2021; Felfernig & Le, 2023; Ullrika
Sahlin, 2023). The process is captured in Figure 3, Structured Expert Judgment Sequence
Diagram.

Structured Expert Jud (SE]) - Seq e Diagram

Facilitator ‘ | Expert(s) N

| Define Target & Calibration Questions
| Prepare Elicitation Protocol

1 Brief Expert(s) on Elicitation Format

Individual Elicitation

! Elicit Probabilistic Estimates
\ (5th, 50th, 95th Percentiles)

d
| Submit Distributions for Target Questions |
h d

| Answer Calibration Questions

| Submit Calibration Responses

Ii'hggrega':inﬂ and Scoring l—f;

| Score Expert Calibration Accuracy
! Assign Performance Weights

| Aggregate Expert Judgments
' (Weighted Averages or Linear Pool)

IResul : 1
1 Reporting f

. Communicate Final Aggregated Results

Figure 3. Structured Expert Judgment Sequence Diagram
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The Nominal Group Technique (NGT) method is structured as a face-to-face consensus
method that combines individual brainstorming with group discussion. NGT is primarily for
structured idea generation and prioritization. Individuals brainstorm ideas, then ideas are then
shared by each individual, one at a time while ideas are publicly recorded. Once all individuals
have shared their ideas, the floor is open to group discussion with the focus on clarification of
the ideas. Once clarifications are complete, everyone ranks the ideas that are most important or
relevant. With humans, the process is typically limited to small groups, requires a facilitator, and
can be time consuming. The output of this process is a list of ranked ideas, which can be used
as inputs to other consensus methods to narrow down the list, such as the multi-voting method.
Common usages include clinical studies and teaching, among others (Erffmeyer, 1981;
Hutchings et al., 2006; Mousa et al., 2022; Rahman & Kamauzaman, 2022). The process is
captured in Figure 4, Nominal Group Technique Sequence Diagram.

Nominal Group Technique - Sequence Diagram

Facilitator | Participant ‘ | Group |

:Silent Idea Generation :

Prompt problem statement

I - -
{ Round-Robin Sharing |

loop [each idea per participant]
alt / [Participant speaks openly]

Share idea aloud

[Participant remains anonymous]
Submit written ideas

Read idea anonymously

EErrrerr—
lClarli"u:atu'.m f

_ Discuss & clarify listed ideas

Y

IIr1r.||\|r||‘.|ual Ranking f

Provide ranking sheet

Return ranked list

Aggregate rankings & calculate scores

Present prioritized list

Figure 4. Nominal Group Technique Sequence Diagram

The Stepladder Technique is structured such that individual opinions are gradually
added to the group discussion. In a tiered fashion, group sizes gradually increase. The process
would start with individuals paired up who discuss their thoughts, followed by merging pairs to
form small groups. Discussions continue. Small groups are then merged into a larger group.
The process continues until all participants are in a single group. This method typically
encourages participation from all members and reduces group think but requires a significant
amount of time and is not typically suited for large groups (Rogelberg et al., 1992; Rogelberg &
O’Connor, 1998).

The sequence diagram in Figure 5, Stepladder Sequence Diagram, presents a
maximum of eight participants, although it could have as many as the facilitator or consensus
designer would like and is merely a medium to communicate the process.
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Stepladder Techni -5 e Diagram

q

Facilitator Participant 1 | ‘ Participant 2 ‘ ‘ Participant 3 ‘ | Participant 4 ‘ | Participant 5 | ‘ Participant 6 ‘ ‘ Participant 7 ‘ | Participant 8
T T T T T T T T T

| Present problem

| Present problem

| Present problem

| Present problem

| Present problem

| Present problem

| Present problem

| Present problem

par__J [Pair1]

|_ Discuss ideas |
——

| Form consensus |
e S—— ]

par_J [Pair2]

| Discuss ideas

| Form consensus |
€

par _/J [Pair3]

| Discuss ideas _|
-

. Form consensug |

|_par__/ [Paird]

| _ Discuss ideas
-———>
h

i
. Form consensus |

I I
par__J [SmallGroup 1] |

| Integrate Pair 1 & 2 ideas
i

h
| Form consensus |

par / [Small Group 2] :

| Integrate Pair 3 & 4 ideas

\ Form consensus |

par__J [Larger Group Discussion]

|__ Integrate Small Group 1 & 2 ideas |

| _ Form consensus |

| Present final group decision |

Figure 5. Stepladder Sequence Diagram

The Dialectical Inquiry method is focused on the premise of presenting opposing
viewpoints to stimulate critical thinking among a group. Participants are divided up into groups
that are assigned to argue for or against a proposition, and the debate continues until a
consensus is reached. While the method can encourage creative solutions and foster new
viewpoints, it can be contentious, requiring tactful facilitation, or, just as likely to ultimately not
reach a consensus (Fjermestad, 1994; Priem & Price, 1991; Tung & Quaddus, 2001). The
process is captured in Figure 6, Dialectical Inquiry Sequence Diagram.
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Dialectical Inquiry - Sequence Diagram

Facilitator | Proponent Opponent

! Assign Thesis ,_:

=

: Assign Anti-Thesis | |

.
T o

loo [Rebuttal rounds] ] |

' Present Thesis arguments .

|
v

' Present Anti-Thesis arguments |

-

alt [Clarification or conflict resolution needed]

Clarify arguments (as needed)

A

| |
] |
| |
| |
| |
all |
| |
1 |

#

Clarify arguments (as needed)

.
o

Submit final Thesis summary

A

Submit final Anti-Thesis summary

A

Synthesize arguments & summarize findings

I

| Present final synthesis & decision

| Present final synthesis & decision

k.
¥

T T
| |
i |
i |
| |
i |
i |
| |
i |
i |
i i
i |
i |
i i
| |
i |
] 2l
| |

Figure 6. Dialectical Inquiry Sequence Diagram

The Multi-Voting method, also known as Dot Voting, is commonly used in the six-sigma
process, where individuals vote on multiple items from a list. The list is generated ahead of time
and may be generated via another consensus method like the NGT method. Multi-voting is then
used to narrow down the list of options based on the group’s consensus. Participants allocate
their votes by either assigning a limited number (usually half the number of items) or by ranking
all items on the list. The votes are then compiled and top items are presented. Multi-voting
weighs every individual's vote equally. The selection process can become time-consuming or
cumbersome for large lists. Multi-voting is used to narrow down a list of options as it is a simple
voting mechanism used in Six Sigma practices and a variety of fields (American Society for
Quality, 2025; Atlassian Community, 2024; Digital Healthcare Research, 2025; Hessing, 2015;
Nielsen Norman Group, 2025). The process is captured in Figure 7, Multi-Voting Sequence
Diagram.
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Multi-Voting (Dot-Voting) - Sequence Diagram

Facilitator |"u'r:rter ‘ | Group ‘

Display candidate options

! : >
| Issue N votes/dots each }: :
loo [each voter] I i
'l{ Place votes/dots on preferred options ! :
. Count votes/dots per option : :
- Announce ranked results [ >

[} [}
Figure 7. Multi-Voting Sequence Diagram

Summary of Consensus Method Characteristics

For each consensus method, a few characteristics were captured to support decision
making for consensus method selection. The characteristics chosen are the columns found in
Table 2, Consensus Methods Overview, and are anonymity, iteration, facilitation, output type,
group interaction type, and the aggregation method.

Anonymity indicates whether participants provide input anonymously, which can affect group
dynamics and bias mitigation. Possible values for this field include Yes, No, Partial, or Optional.

¢ Yes means full anonymity is maintained between participants.
¢ No means contributions are made openly.

e Partial means some anonymity exists during one or more of the stages of the consensus
process.

¢ Optional means anonymity may or may not be used depending on the implementation
style.

Iteration indicates whether the method includes repeated rounds of input and feedback, which
can help refine judgments and converge on consensus. Possible values for this field include
Single Round, Multiple Rounds, Built-in, or Optional.

¢ Single Round means the method is conducted in a single structured session without
repetition.

¢ Multiple Rounds means the method explicitly involves repeated cycles of input,
feedback, and revision.

Built-in means iterative progression is inherently embedded in the method’s structure.

¢ Optional means iteration is not required but can be included at the facilitator’s discretion
or based on group needs.
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Facilitation refers to the level of structured guidance needed to execute the method effectively.
Possible values for this field include Facilitator-Driven or Facilitator-Supported.

¢ Facilitator-Driven means a central facilitator is required to guide the process, manage
feedback rounds, and enforce structure.

e Facilitator-Supported means a facilitator helps organize and maintain flow but does not
drive every part of the process.

Output Type describes the nature of the results produced by the method. This determines
whether the outcomes are narrative, numerical, or both, which influences how results are
interpreted and used in decision-making. Possible values for this field include Qualitative,
Quantitative, or Both.

¢ Qualitative means the outputs are primarily textual in nature.

¢ Quantitative means the outputs are numerical, such as rankings, vote tallies, or
probabilistic scores.

¢ Both means the method can produce either qualitative insights or quantitative metrics.

Group Interaction Type identifies how participants communicate and collaborate during the
method, which affects scheduling, group dynamics, and tool selection. Possible values for this
field include Asynchronous or Synchronous.

e Asynchronous means participants provide input independently and at different times.
¢ Synchronous means participants interact in real time.

Decision Aggregation Method defines how individual participant inputs are synthesized into a
collective judgment. This mechanism is central to reaching consensus or selecting preferred
alternatives. Possible values for this field include None, Optional, Ranking, Count-Based,
Scoring, or Fuzzy Scoring.

¢ None means there is no formal aggregation; consensus may emerge through discussion
or argumentation.

¢ Optional means aggregation may or may not be used depending on context or
facilitation style. The aggregation method could be one of the other methods but is not
required.

e Ranking means participants order alternatives by preference, typically in descending
importance.

¢ Count-based means options are selected or voted on with multiple tallies.

e Scoring means participants assign numeric ratings to options, which are then averaged
or aggregated.

o Fuzzy Scoring means participants express uncertainty through ranges or fuzzy values
(e.g., minimum, most likely, and maximum), which are aggregated using fuzzy logic
methods.
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Table 2. Consensus Methods Overview

Method Anonymity Iteration Facilitation Output Type Group Interaction Type Aggregation Method

Delphi Yes Multiple Rounds  Facilitator-Driven Both Asynchronous Scoring

Fuzzy Delphi Yes Multiple Rounds  Facilitator-Driven  Quantitative Asynchronous Fuzzy Scoring
Structured Expert Judgment Yes Optional Facilitator-Driven  Quantitative Asynchronous Scoring
Nominal Group Technique Partial Single Round Facilitator-Driven Both Synchronous Ranking

Multi-Voting Optional Optional Facilitator-Supported Quantitative Synchronous Count-based
Stepladder Technique No Built-in Facilitator-Supported Both Both Optional

Dialectical Inquiry No Multiple Rounds Facilitator-Supported Qualitative Synchronous None

The Implementation of Consensus Methods with Language Models

In order to understand the trade-offs between implementing consensus methods with
language models, this research proposes criteria to qualitatively assess between the methods.
A list of criteria was brainstormed to include: parallelizability, number of personas, agent
persona archetypes, inter-agent communication pattern, and memory length.

The parallelizability criterion is how much of the method can be parallelized (e.g., agents
working independently at the same time) where: High is fully parallel, Medium is some steps
parallel, some sequential, and Low is mostly sequential. The number of Al personas is the
recommended minimum number of distinct Al agents needed to implement the method. Agent
persona archetypes are the types of roles or behavioral archetypes needed among the Al
agents. The inter-agent communication pattern is how the Al agents exchange information
during the process. Last but not least, memory length refers to how much dialogue or context
history each agent needs to maintain during the method’s execution where a single chat only
requires one-off responses and conversational requires ongoing memory of turns or rounds.

Table 3, Consensus Method Implementation Characteristics, summarizes all of the
evaluated criteria for each consensus method. In circumstances where a synthesizer persona is
recommended, the role can be typically merged with the facilitator role, which is synonymous
with the sequence diagrams. Some assumptions were made, including: 1. This is the logical
formation of personas, but may be implemented as separate LLM calls or a single LLM stepping
through roles and 2. If multi-round option is selected, this would be conversational.

Table 1 Consensus Method Implementation Characteristics

Inter-Agent

Consensus Method Parallelizability # Al Personas Agent Persona Archetypes Memory Length

Communication Pattern®

Delphi Method Medium 3+ Facilitator, Expert, Synthesizer Hub-and-Spoke Conversational
Fuzzy Delphi Method Medium 3+ Facilitator, Expert, Synthesizer Hub-and-Spoke Conversational

Structured Expert Judgment High 3+ Facilitator, Expert, Synthesizer Hub-and-Spoke Single Chat?
Nominal Group Technique Low A+ Facilitator, Creative Expert, Reasoning Group Broadcast Conversational

Expert, Summarizer

Multi-Voting High 2+ Faciliator, Participant Blind Broadcast Single Chat

Stepladder Technique Medium 3+ Faciliator, Participant, Synthesizer Progressive Entry Conversational
. . . Facilitator, Thesis Supporter, Antitheses X .

Dialectical Inquiry Low 3+ Sequential Debate Conversational

Supporter

The agent persona archetypes are major roles, including the facilitator, expert,
synthesizer, creative expert, reasoning expert, participant, thesis supporter, and antithesis
supporter. Some of these personas could be merged under certain circumstances, like the
facilitator and synthesizer. In general, the following purpose of each of these archetypes is

¢ Facilitator: Guides the process, enforces rules, moderates the flow. Also known as the
Conductor within agentic frameworks.
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e Expert: Provides substantive technical input or judgment. A generalization of a creative
or reasoning expert.

e Synthesizer: A decomposition of the facilitator role to summarize and aggregate
information.

o Creative Expert: An expert that focuses on brainstorming new ideas in early stages.

e Reasoning Expert: An expert that focuses on substantiating, prioritizing, or ranking
options.

o Participant: A general contributor without major specialization.
e Thesis Supporter: Defends an assigned position.
o Antithesis Supporter: Critiques the thesis with counter-arguments.
Each of these persona archetypes generally values a different level on the “creativity”

scale, which is synonymous with temperature for language models. The relationship between
temperature and persona archetype is continued in Table 4, Agent Persona Temperatures.

Table 4. Agent Persona Temperatures

Persona Archetype Suggested Temperature Rationale
Must keep structure, restate prompts, and remain neutral.

Facilitator Low . . . . .
Deterministic output avoids accidental bias or drift.
Needs factual depth with little room for nuance or
. hypothesis generation. Too much randomness risks
Expert Low—Medium e - . .
misinformation; too little may freeze creative
problem solving.
. . Primary duty is faithful condensation. Higher temperature
Synthesizer / Summarizer Low . .
could invent facts or reorder logic.
Charged with idea generation. Higher temperature
Creative Expert Medium—High g & . & . P .
encourages novel alternatives and divergent thinking.
. . Focus on logical evaluation; moderate temperature keeps
Reasoning Expert Low—Medium

reasoning flexible but still disciplined.
Casting or explaining a preference benefits from mild
Participant Low—Medium variability (tie break rationales) but must stay consistent
with criteria.
Goal is vigorous argumentation. Higher temperature
Medium—High produces persuasive rhetoric, counter examples, and
creative rebuttals, effectively fueling dialectical tension.

Thesis Supporter /
Antithesis Supporter

The characteristics identified and qualities assessed will help with adaptation into
agentic frameworks like CrewAl, Autogen, OpenAl’s swarm, among many others from the open
source community (GitHub, 2024; Microsoft, 2023; n8n.io, 2025; OpenAl, 2024; SuperAGlI,
2025).

Systems Engineering Applications of LLM-Centric Consensus Methods

Consensus plays a critical role in systems engineering by ensuring that the boundaries
of complex technical trade spaces reflect the collective judgment of multidisciplinary
stakeholders such that the systems engineer can make an informed decision. In some cases,
expert consensus enables the reconciliation of conflicting priorities—such as cost, performance,
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schedule, and safety—through structured deliberation while in other cases, consensus simply
populates the bounds of the trade space. As systems grow in complexity with exponential
interdependencies, the ability to achieve consensus among domain-specific SMEs becomes a
cornerstone of successful systems engineering practices.

Language models are emerging as powerful Al tools for decision support in systems
engineering. Given their capability for synthesizing large swaths of information and offering
structured insights, they are a natural support tool for systems engineers. When integrated into
tools like Model-Based Systems Engineering (MBSE) environments with SysMLv2 textual
notation, LLMs can be just as aware as the systems engineer, with hopes of enhancing
traceability by cross-referencing system artifacts. In the Department of Defense (DoD), domain-
specific knowledge bases are plentiful. Connecting a language model to these domain-specific
knowledge bases and simply having the models interact rather than the full exchange of data is
desirable for compartmentalization reasoning and security. The ability to have these domain-
specific aware, black box models and having an interplay between them may bring a level of
consensus on complex topics not before made. To further elaborate on the application of
consensus methods in systems engineering, two use cases were chosen to pontificate on how
these LLM-centric methods would apply to common systems engineering problems.

The first use case presented is one pertaining to requirements engineering, specifically
stakeholder requirements solicitation—arguably the most important stage—where we can use
several Al agents with varying personas to brainstorm pertinent stakeholder needs to
requirements, followed by a consensus method for pruning this large list into a pruned prioritized
list of stakeholder requirements.

We hypothesize that using NGT or the stepladder technique for an initial pass at
requirements are both good approaches. In this specific case, we propose that NGT is used for
its ability to brainstorm from many viewpoints, followed by an optional multi-voting method for
pruning the list should the list be too long. The final pruning would need to be guided by a
human, but the facilitation can still occur from an Al persona. This scenario is about surfacing
what matters to diverse users. The goal is to ensure each voice is heard and that the initial
capability list is representative, even if imperfect or perhaps lacking technical rigor, depending
on the personas selected. Personas might include all typical SMEs from an Integrated Product
Team (IPT), such as but not limited to mechanical, electrical, structural, aerospace, logistics,
and program management.

The second use case presented is about performing risk analysis. Generally, risk
analysis requires somewhat specialized knowledge like fault tree analyses, FMEA, or FMECA.
In this scenario, it is assumed that the brainstorming phase has been conducted and the focus
is on narrowing down the most plausible solution(s).

We hypothesize that given the typically required specialized knowledge, consensus
methods that leverage experts like SEJ or a Delphi approach are appropriate. Both methods
enable the voice of the experts to be heard with optional iterative feedback between experts.
Using the knowledge available to the agents, the question posed would be for a ranking of
severity. Personas might include a level of sub-field specificity like reliability engineers or
availability engineers instead of more general personas like mechanical, electrical, or similar.

Challenges to Implementation

There are two main categories of challenges to implementation: challenges that are
inherent to LLMs in general and challenges that are inherent to the consensus framework used.
Challenges like accuracy, bias, role consistency, human diversity at the single model level, and
memory are all LLM-inherent challenges with Al technology. When it comes to implementing the
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consensus framework, things like emulating human diversity where at the group level emergent
behavior could be present, iteration management, human oversight of the process, and
consensus metrics are all present. The challenges are summarized in Table 5, Challenges to
Implementation.

Table 5. Challenges to Implementation

Challenge Category Challenge Considerations
LLM-Inherent Accuracy and bias RAG, Fine-tuning, benchmarked
models
LLM-Inherent Role consistency Role templates, temperature tuning
Both Emulating human diversity Model/temperature mixing, diverse
personas, prompt engineering
Both Memory and iteration Long-context models, vector stores,
management iterative summarization
Consensus Framework Human oversight Human-on-the-loop, checkpoints, audit
logs
Consensus Framework Consensus and convergence | Entropy/rubric metrics, semantic
metrics convergence checks, human final
judgment

Future Work and Research Opportunities

There is a plethora of future research available in this area—the most obvious is the
implementation of each of the consensus methods discussed herein into open source tooling,
such as a Python library to be used with language models. The library could include human in
the loop versus human on the loop interfaces as well as support for hybrid consensus
framework structures for human-Al teaming.

The application of any of these consensus frameworks with Al to a typical systems
engineering use case as discussed would inform practitioners about the usefulness of using Al
as a force multiplier. Multi-modal or vision-models could be used to assess prototype
photographs of systems. Convergence rates for varying temperature or “creativity” levels could
be investigated. The ability to scale participants to levels incapable of human participation also
warrants investigation, with the hopes of finding emergent behavior not previously possible at
scale. For example, the application of large scale ranking without reaching cognitive overload of
participants with 100s of items to prioritize.

Conclusion

The usage of consensus methods with Al necessitates further research. The systems
engineering field would benefit greatly from gathering consensus from multiple language models
across different phases of the systems engineering life cycle. Practicing systems engineers and
SMEs could supplement their own knowledge bases with Al personas to enhance viewing
problems from different perspectives.

As Al tool suites continue to propagate, systems engineers need to consider the
assimilation of Al tools with classical methods of reaching decisions via consensus methods
with experts. The ability to process, understand, and make informed decisions within a trade
space is only going to become more challenging for systems engineers as systems of systems
continue to become more complex. Domain-specific Al models can help relieve some of the
complexity—from understanding an entire model-based systems engineering (MBSE) model in
SysMLv2 textual form to understanding entire knowledge bases of domain-specific data,
gathered from decades of expert practice in the field.
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The future of systems engineering will not depend solely on more powerful Al models,
but on how effectively humans and machines collaborate. The challenge lies in engineering
decision frameworks that balance trust, skepticism, and synthesis across diverse Al and human
perspectives for effective, practical implementation.
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