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Abstract

Tipping the Balance:

Human Intervention in Large Language Model Multiagent Debate

Haley Triem, MSIS

The University of Texas at Austin, 2024

Supervisor: Ying Ding

Methods for eliciting reasoning from large language models (LLMs) are shifting
from filtering natural language “prompts” through contextualized “personas,” towards
structuring conversations between multiple LLM instances, or “agents.” This work
expands upon LLM multiagent debate by inserting human opinion into the loop of
generated conversation. To simulate complex human reasoning, LLM instances were
asked to “affirm” or “not affirm” United States district court decisions. Resulting debates
were then compared to human legal opinions, i.e. written documents that state a legal
decision and the reasoning behind it. Al agents were examined in three phases: “synthetic
debate,” where one LLM instance simulated a three-agent discussion; “multiagent
debate,” where three LLM instances discussed among themselves; and “human-Al
debate,” where multiagent debate was interrupted by human opinion. During each phase,

a nine-step debate was simulated one-hundred times, yielding 2,700 total debate steps.



Resulting conversations generated by synthetic debate followed a pre-set cadence,
proving them ineffective at simulating individual agents and confirming that mechanism
engineering is critical for multiagent debate. Furthermore, the reasoning processes
backing multiagent decision-making was strikingly similar to human decision-making.
Finally, it was revealed that while LLMs do weigh human input more heavily than Al
opinion, it is only by a small threshold. Ultimately, this work asserts that careful, human-

in-the-loop framework is critical for designing value-aware, agentic Al agents.
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INTRODUCTION

Today’s discussions around Large Language Models (LLMs) often hinge on
reasoning, and whether models are capable of it. This is unsurprising, given that LLMs
are portrayed anthropomorphically—we describe them in terms that allude to their
humanlike curiosity, we question their ‘beliefs,” and we acknowledge the biases they
reflect from the human data they are trained on. Questions around LLM reasoning tend to
revolve around its inexplicable appearance as we shift from language models towards
large language models. Public curiosity around this sudden, “emergent ability” (Wei et
al., 2022) has compounded with increased prevalence of commercialized LLM chatbots
(e.g. ChatGPT and Gemini), resulting in a flood of benchmarks to test robustness of
reasoning (Huang & Chang, 2023).

Much of our understanding on LLM reasoning is placed in juxtaposition with
human cognition, often rendering “best reasoning” synonymous to “most human-like
reasoning.” The boon that “prompt engineers” are searching for? Which phrasing is best
at eliciting the most human-like reasoning. In conjunction to prompt phrasing,
“personas,” or adopted LLM character traits (e.g. “you are a young creative writer” or
“you are a lawyer”) have been identified as important, and often serve as perspectives
through which reasoning is filtered. Emerging research, however, suggests that efforts to
best utilize LLMs have shifted focus beyond pattern recognition, fine-tuning, and prompt
development. Now, we approach a new horizon of LLM use—the era of the agent—
during which there will be a shift away from prompt engineering LLM inputs towards

“mechanism engineering” agent architectures (L. Wang et al., 2024).
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The heart of the following research is a desire to measure whether mechanisms of
multiagent debate can facilitate human-like reasoning in a complex domain: law.
Indirectly, it also lays bare whether large language models agree with what humans deem
important, so much so that it is written law. Thus, court opinions, which are documents
explaining reasoning behind a legal decision, were chosen both as formal examples of
human reasoning as well as indicators of human values. These concepts are examined
through three phases of simulated LLM debate: one with a single instance of an LLM
synthetizing a three-agent debate, another with three separate instances of LLMs in
conversation with each other, and finally, in order to model true “human-in-the-loop”
architecture, one where generative conversation is interrupted by human reasoning.
Resulting analysis found that synthetic debate from one LLM does little more than mimic
circular patterns of “agree,” “neutral,” and “disagree,” stepwise. It was also found that Al
agents are very unlikely to change their minds, even with human intervention.
Considering these results, this work emphasizes the importance of prioritizing human-in-

the loop frameworks when developing LLM agent mechanisms.
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LLM REASONING

Many consider LLM reasoning to be an emergent ability, or, a feature that a)
language models were not expressly trained for and b) is observable once language
models are drastically scaled into large language models (Wei et al., 2022). Discussions
on language model reasoning are often accompanied by prompting methods, i.e., how the
user phrases LLM queries to encourage reasoning. This is a natural connection, assuming
that many “emergent abilities” may be explained by “in-context learning” (Lu et al.,
2023), and that context often is given (i.e. prompted) to the model in natural language.

The term “prompt engineering” has been coined to describe advancements in
structurally sound prompts that yield desirable results. A demand for the largely
exploratory task of prompt engineering has skyrocketed, with job roles of the same title,
“prompt engineer” gaining popularity. Many prompting methods have been developed
with the hope of garnering the “best” responses—in this case, the best reasoning—as
compared to human baselines (Huang & Chang, 2023).

The most famous example of prompt engineering is arguably Chain-of-Thought
(CoT) prompting, in which language models are given examples of human reasoning
before asked a question. These examples, which take inspiration from human thought
processes of separating larger problems into smaller steps, have been found to greatly
improve language models’ reasoning abilities (Wei et al., 2022). Further research has
found that the benefits of CoT reasoning are achievable in zero-shot settings (i.e., with no
provided examples), simply by adding “let’s think step by step” before asking a question

(Kojima et al., 2022). Building upon these concepts, self-consistency chain of thought
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(SC-CoT) entails prompting language models using CoT, then sampling a “diverse set of
reasoning paths” and choosing the most common answer (X. Wang et al., 2023).
Ultimately thus far, Tree of Thought (ToT) prompting maintains a “tree” of generated
thoughts that can be backtracked upon for further analysis (Yao et al., 2023; Long, 2023).
This progression of methods in the CoT “family” illustrates a common theme in machine
learning of gathering potential paths and optimizing for the most likely one (Breiman,
1996).

Outside of the chain of thought “family” reside additional prompting methods for
retrieving memory, such as recitation augmented generation (RECITE) which “recites ...
relevant passages from LLMs’ own memory via sampling” before producing an answer
(Sun et al., 2023). Others include facets of foresight, or planning, including Least-to-
Most, which “break[s] down a complex problem into a series of simpler subproblems and
then solve[s] them in a sequence” (Zhou et al., 2023); and Plan-and-Solve (PS) which
“[devises] a plan to divide the ... task into subtasks, then carries out the subtasks
according to plan” (L. Wang et al., 2023). The concept of action is also employed for
some prompting methods, such as Reason + Act (ReAct) which combines reasoning
(such as CoT) with asking LLMs to generate a plan of action (Yao et al., 2022). There are
many more forms of prompting being harnessed to encourage LLM reasoning. Readers
are directed to Huang and Chang’s survey on LLM reasoning (2023) for a comprehensive
overview.

Along with prompt engineering, “personas,” which are specific profiles adopted

by LLMs (e.g. “you are a doctor” or “you are a woman’’) may influence the frame in
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which an answer is generated. Personas are often used to coax out biases in “black
boxed” models with hidden architecture and training data. For the purposes of this work,
personas will be conceptualized mainly as an additive feature used to improve LLM
predictions and reasoning (Hu & Collier, 2024). Work on personas, however, promises
rich discoveries beyond conjuring reasoning.

The most important caveat of LLM reasoning is the question of whether LLMs
are capable of reasoning in the first place. Even champions of CoT recognize that while it
“emulates the thought processes of human reasoners, [it is unclear] whether the neural
network is actually reasoning” (Wei et al., 2022). Huang and Chang (2023) cite several
suggestions of reasoning—high performance on reasoning tasks (Suzgun et al., 2022),
step-by-step thought (Wei et al., 2022), and reflection (Dasgupta et al., 2022)—yet
complicate the conversation by acknowledging LLM hallucinations, reliance on training
data, and inadequacy in complex reasoning. This recognition of uncertainty illustrates the
longstanding debate of Al levels of cognition as opposed to construction—the “split
between the computer-brain and computer mind” (Edwards, 1997, as cited in Kline,
2011). Regardless of whether LLM cognition can ever truly be legitimate, many
researchers agree that reasoning is a human concept being applied to non-human

machines.

14



LLM AGENTS

It is hypothesized that we are entering the era of the Al agent, where LLM
research will shift from prompt engineering for reasoning towards mechanism
engineering for retrieval (L. Wang et al., 2024). Specifically, this argument calls for
improving the capabilities of LLM-based agents, which are LLM entities in individual
environments, through agent collaboration and methods of information storage. L. Wang
et al. (2024) record several extant methods of mechanism-building, including trial-and-
error (e.g. a judge—human or non-human—is enlisted to give feedback), crowdsourcing,
experience accumulation (i.e. memory storage), and self-driven evolution (i.e. models
setting goals for themselves). They propose a framework for designing these
mechanisms, which entails defining the agent’s role, structuring knowledge storage,
identifying future actions, and translating decisions into targetable tasks, named the
“profiling,” “memory,” “planning,” and “action” modules, respectively (L. Wang et al.
2024). Many of the hypothesized pitfalls in mechanism engineering are similar to those in
prompt engineering, for example hallucinations, knowledge boundaries, and human
alignment. Readers are directed to L. Wang et al. (2024) for a highly comprehensive
survey on current Al agent research.

A particularly promising mechanism in the realm of Al agents is the concept of
“multiagents,” in which the abilities of several Al agents are utilized in tandem, in hopes
of compounding their accuracy or reasoning. The concept of joining multiple Al agents is
not entirely new. Before generative Al became widely commercialized and fell under the

popular gaze, multiagent collaboration was toyed with in the form of agent-driven debate
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assertions that could then be judged by humans (Irving et al., 2018). This structure of
human oversight naturally led to questions around human alignment, relating early Al
agents to the amplification approach (Irving et al. 2018).

Recently, multiagent work has centered around two broad structures:
“collaboration” and “debate,” both of which allow for improved complexity in
discussion. These are natural distinctions, given that structures of multiagent systems
often draw upon theories on human relationships. “Theory of Mind,” for example, is a
psychological concept that hinges on assuming unknown data and updating one’s beliefs
as others update theirs (Zhang et al., 2012). This concept has been adopted by researchers
who challenge Al agents to participate in a cooperative game during which they are to
diffuse bombs. Agents must update their whereabouts within the game space (e.g. “room
5” etc.), as well as their successes and failures in diffusing bombs. Other agents must, in
turn, use information from their collaborators to perform reasoning towards the next best
steps (H. Li et al., 2023). Further work found that multiple LLM agents can each generate
an answer option to a query and update their answers in subsequent rounds based on
other agents’ opinions, holding multiple chains of reasoning (Du et al., 2023). When
tested between separate models, however, debate often becomes dominated by the more
powerful model with larger training data (e.g. GPT-3.5 Turbo may overpower Llama2)
(K. Xiong et al., 2023). Finally, work done towards perturbing debates with opposite
opinions asks separate agents to take correct and incorrect stances, a method that can
achieve further accuracy through self-reflection while avoiding degradation of thought

(i.e., devolution into nonsensical answers) (Liang et al., 2023).
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Efforts have been made to formally consolidate and deploy agents in different
applications, including AutoGPT which builds agents and allows users to compete with
them (Auto-GPT, 2023), AgentGPT which allows for agent creation and use in-browser
(AgentGPT, 2023), AutoGen which “allows developers to build LLM applications via
multiple agents” (Q. Wu et al., 2023), and AgentVerse which deploys “multiple LLM-
based agents ... [in] task-solving and simulation” (AgentVerse, 2023). As with prompt
engineering, one may note a trend towards designing mechanisms that accept one input,

funnel it through many lenses, and yield a singular, favored output.
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LLM ETHICS

Values are what people “consider important in life, [which motivates] their
behavior” (Fleischmann, 2023). Innumerable frameworks have been suggested to
measure human values in various contexts (e.g. psychology, technology studies,
information sciences, business, etc.). Common themes, however, include freedom,
helpfulness, accomplishment, honesty, self-respect, broad-mindedness, creativity,
equality, intelligence, responsibility, social order, wealth, competence, justice, and
spirituality (Cheng & Fleischmann, 2010). These values can be interpreted through
increasingly granular lenses, for example, the broader value of “accomplishment” may
translate to a sense of fulfillment in one’s professional work. At their core, values are
“transsituational, ... [and] varying in importance (Schwartz 1992, as cited in Cieciuch et
al., 2015), making them especially difficult to measure and enact in technology design.

Given that values are linked to human behavior (Cieciuch et al., 2015), human
values can be honored in technology by enacting frameworks that respect the behaviors
tied to them. Value Sensitive Design (VSD) is an infrastructure which “accounts for
human values in a principled and comprehensive manner throughout the design process”
(Friedman et al., 2013). In its infancy, VSD focused on user autonomy and freedom of
bias (Friedman, 1996), two of the most critical concepts in emerging LLMs today.

Value Sensitive Design concepts are inherent in the “human-in-the-loop”
framework popular with computer scientists, which advocates for retaining human
knowledge stepwise throughout iterative development. In the realm of machine learning,

this often looks like improving model performance through data, interventional training,
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or system design (X. Wu et al., 2022). Although distinct frameworks, both VSD and

human-in-the-loop seek to retain a human touch in Al development.
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METHODS

Overview

To examine complex multiagent LLM debate, three experimental phases were

conducted: “synthetic debate” from one LLM instance, “multiagent debate” between

three LLM instances, and “human-AlI debate,” between two LLM instances and a human.

Structure for Each Round

Synthetic Debate

Multiagent Debate

Human-Al Debate

@@ @
—

BAE

=7
=@
=

B @
=
=

Figure 1. Illlustration of framework for each debate phase.

In each phase, models were initiated and prompted, memory was managed, and

outputs were stored. Models were set to the default temperature (i.e., the parameter that

controls the level of creativity in responses), allowing for a consistent degree of

randomness to be applied. While it was possible to engineer prompts asking for a

definitive “affirm” or “non-affirm,” LLM instances were instead asked to reason through

whether to affirm a case. This is because in a real-world scenario, human judges may not

explicitly state their final opinion throughout the process of debate, and the most

important contribution at any point in time throughout the debate may be any number of

features apart from a decision (e.g. reasoning, citations, etc.). By giving LLM instances
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the opportunity to define which elements are most important to include in a response, this

work retained greater flexibility in qualitative analysis.
Research Questions
The following research questions motivated experiment design:

1. RQ1: Is the use of multiagent LLM debate conducive to generating human-like structures of
reasoning around complex legal decisions?

2. RQ2: Can asingle instance of a large language model truly simulate multiagent debate?
3. RQ3: Are large language model agents responsive to the actions of other agents?
4. RQ4: Are large language model agents responsive to human intervention?

Experiments were structured around legal opinion, given its rich record of complex

debate and reasoning, with a specific focus on healthcare-related cases.

Test Data

SELECTION CRITERIA
United States court opinions, which are documents stating the reasoning behind a

legal decision, were chosen as the primary form of input data, due to their complex
reasoning structure and embedded human values. Five cases were selected from a large

corpus of online cases (Caselaw Access Project, 2024) based on the following criteria:

I. Cases were held in circuit courts.

Circuit courts hear cases being appealed after a lower court’s decision. While one
may picture cases as deliberated by a twelve-person district jury, circuit cases are instead
decided by three circuit judges (U.S. Department of Justice, 2024). This distinction was
made for the same reason that studies on human legal reason often focus on circuit

courts: circuit judges are more likely to have similar personal and professional
21



backgrounds than civilian jury members, reducing the number of variables at hand
(Ellsworth, 2005). Additionally, reasoning in appellate courts is particularly intriguing,
given that they hear cases being re-tried after an initial decision, thus carrying inherent
complexity. While extant work on reasoning often benchmarks correct reasoning with a
correct final output, this work focused on the mechanisms in which reasoning is
discussed, in acknowledgement that a complex, often subjective domain may not have an

explicitly correct decision.

I1. Cases were contained within the healthcare domain.
The healthcare domain presents additional ethical challenges, with no obvious

“correct” answer. Guidelines from the American Medical Association (AMA, 2022) were

especially helpful when defining which ethical pillars to focus upon (see criterion I11).

I11. Cases highlighted information or privacy issues.
Privacy itself is a complex issue that is frequently brought into discussions on all

three paradigms of this research—LLMs, law, and healthcare.

IV. Cases presented ethical ambiguity.
Cases that provided clear ethical challenges, as defined by professional healthcare

guidelines (AMA, 2022), were chosen to provide opportunities for LLM agents to equally
favor one stance over another, and to encourage agents to support their opinions with

reasoning.
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Court opinion documents are both variable yet predictable. Appellate court
opinions are written by one of the three circuit judges, and represent the agreed upon
decision, or ‘hold’—often either to ‘affirm’ the original decision of the lower court,
‘reverse’ the original decision, or ‘remand’ it back for further consideration. Thus, nearly
all cases include the facts of the case that is being appealed, cited examples from other
relevant cases (known as “precedence”), the reasoning behind applying these preceding
cases to the current issue, and the final hold to affirm, reverse, or remand the district’s
decision. In some cases, one of the circuit judges does not agree with the majority and
will write a dissenting opinion. Judges may dissent either because they believe the hold
should be different than the majority’s assertions, or they agree with the hold but disagree
with the majority’s reasoning towards that decision, further proof of the distinction

between a court’s final decision and its reasoning towards that decision.

SELECTED CASES
The five chosen cases covered a range of topics and expressed various degrees of

consensus among human circuit courts. Below are brief summaries of each case, as well
as the published circuit decision.
1. United States v. Hollern: the circuit court affirmed the conviction of a doctor who

filmed patient interactions without explicit consent (United States v. Hollern, 2010).

2. Thompson ex rel. Estate of Odell v. Rutherford County: the circuit court
affirmed denying a doctor’s request to expunge a medical record. One judge
dissented, stating it was unfair to risk the doctor’s career (Thompson ex rel. Estate

of Odell v. Rutherford County, 2017).
23



3. Moore v. Prevo: the circuit court affirmed dismissing a prisoner’s privacy claims
on disclosure of medical information. The entirety of the original decision was not
affirmed, however; the court vacated part of the decision, remanded it for review in
the lower court, and reversed it. A dissenting opinion believed that the entirety of

the district’s decisions should have been affirmed (Moore v. Prevo, 2010).

4. Englerius v. Veterans Administration: the circuit court reversed and remanded a
district court’s motion to dismiss a veteran’s claims to violation of the Privacy Act.
A dissenting opinion believed in affirming the original court (Englerius v. Veterans

Administration, 1988).

5. In re Search Warrant (Sealed): the circuit court affirmed a motion to seize
medical records to investigate a doctor’s alleged insurance fraud. The decision
balanced investigating the truth with patient privacy concerns (In re Search

Warrant (Sealed), 1987).

All phases of data generation required background facts from each case, otherwise
known as the case’s history. These facts were derived from the published case
documents, with any proper nouns de-identified both out of respect for the original
appellants, who may not consent to their names being fed to LLMs, as well as an attempt
to mitigate any potential biases affiliated with particular names.

It is important to note that work created and published by the U.S. federal

government is in the public domain, and thus is fair to use as data (United States, 2022).
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Phases
Three phases were conducted during this experiment: 1) “synthetic debate,” 2)
“multiagent debate,” and 3) “human-Al debate.” Debates were constructed as follows:
1. Synthetic Debate: a single instance of GPT-3.5 Turbo (OpenAl, 2024) was initiated

and instructed to simulate three rounds of debate between three circuit judges.

2.Multiagent Debate: three separate instances of GPT-3.5 Turbo (OpenAl, 2024) were

initiated, and each instructed to emulate one circuit judge.

3.Human-Al Debate: finally, the multiagent debate was repeated, but this time with only
two instances of GPT-3.5 Turbo (OpenAl, 2024) emulating circuit judges. The third
input was taken from portions of human opinion documents. Half of the human inputs
for each case reasoned towards affirming the decision, while the other half reasoned

towards not affirming.

Critically, the key difference between rounds—other than the number of GPT
instances and whether human input was included—was when and how information, or
“memory,” was revealed. In synthetic debates (phase 1), all information was given to the
model at the start, and it was then prompted to begin generation, during which all agents
were “aware” of what other synthetic agents were “saying.” In the multiagent and human-
Al debates (phases 2 and 3), each agent presented its opinion unaware of other opinions.
Opinions were then consolidated into memory and shared with the next three agent

instances before proceeding to the next round.
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Prompting

To standardize LLM prompting in legal domains, frameworks have been
proposed to facilitate the most important aspects of legal thinking, namely precedence
(e.g. previous legal decisions) and setting (e.g. current allegations or claims). Extant
research identifies two critical components for legal prompt engineering as “background
clause” (precedence) and “dependent clause” (setting), and recommends additional
clauses that specify 1) generative instructions, 2) which sources should be cited, 3) which
persona to emulate, and 4) which tone to take (Sivakumar et al., 2024). In addition to
these clauses, zero-shot chain-of-thought reasoning was induced by adding the phrase
“thinking step by step” (Kojima et al., 2023). Finally, the model was asked to express its

certainty at each step, to provide insight on perception of self (M. Xiong et al., 2024).

[ ® You are simulating a discussion ] [ * between three judges in the United States Court of
Appeals ] [ ¢ deciding whether to AFFIRM, REVERSE, or REMAND a former decision].

[ # Debate amongst yourselves ] [ m step by step ] [ 4 for 3 rounds of debate: in each round,
each judge will bring up a new point of reasoning that supports their perspective. | [ # Please

cite relevant cases as evidence to support your reasoning ]. [ 4 Then, rank your confidence in
the soundness of your reasoning, on a scale of 0 - 100 ].|

[ ¥ Insert de-identified case facts. ]

[ # Proceed with round (n). All three judges should speak in each round ].

PROMPT KEY

¥ Background Clause *Perspective Clause
¢ Dependent Clause m Zero-shot CoT

# Generative Clause 4 Uncertainty

& Source Clause

Figure 2. Prompt structure, broken down by clause.
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In the synthetic debate round, an LLM instance was given the following order of
instruction:
"You are simulating a discussion between three judges in the United States Court of
Appeals ...”
[Insert de-identified case facts.]

"Proceed with round [n]. All three judges should speak in each round."

Then, in the multiagent debate, prompts were structured as follows:

"You are 'Judge [x]' on the United States Court of Appeals ...~
[Insert de-identified case facts.]
"Proceed with round [n].”

Finally, during human-Al debate, prompting mirrored multiagent debate and labeled

human input as “Human Judge.” Full prompts can be found in Appendix i.

Data Collection
Data were collected by accessing OpenAl’s API, instigating different GPT-3.5
Turbo models (OpenAl, 2024), prompting, and managing memory. Mechanism

architecture was designed for the three phases of debate, as follows.

SYNTHETIC DEBATE
Stored memory, which initially consisted of debate instructions and facts from a

de-identified appellate case, was fed to an instance of GPT-3.5 Turbo (OpenAl, 2023).

The instance was then directed to proceed to the first round, during which all three
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synthetic judges should speak. The resulting output was appended to memory, which was
then fed to the next model instance primed with similar instructions to round one. This
was iterated for a total of three rounds. Thus, by the end of the debate nine total rounds
had proceeded, three for each judge.

This phase was repeated one hundred times, twenty times per example case.

Round 1 Input Round 1 Output Round 2 Input Round 2 Qutput Round 3 Input Round 3 Qutput Final Memory
Memory Memory Memory Memory
- De-identified case “Judge 2: | think ..." « De-identified case “Judge 2: 1 disagree .. —s| “Judge 2: | think " |
“Judge 3: | believe ..." + Round 1 gutput “Judge 3:  vote ..." + Round 1 output “Judge 3: | lean ..." e
' : + Round 2 output g - Round 2 output
« Round 3 output
Initiate gpt-3.5- T l pi
turbo Initiate gpt-3.5- T
turbo Initiate gpt-3.5-
turbo

Figure 3. Prompting framework per each synthetic debate.

MULTIAGENT DEBATE
The memory, again consisting of de-identified case history and facts, was fed to

three separate GPT-3.5 Turbo instances which were asked to give their opinion. Each
output was appended to memory, which was subsequently fed to the next three instances
during round two. The same steps were then repeated for round three. This phase was

repeated one hundred times, twenty times per example case.

Round 2 Output Round 3 Output
Round 1 Qutput P — -
""""""" ' \ ' "
Round 1 LLMs Round1 | Round 2 LLMs FJ“:"df '\, Round 3 Input Round 3 LLMs R"“""f % Final Memory
Judge 1 udge Judge N
1 vots -

Initiate gpt-3.5-
turbo

Initiate gpt-3.5-
turbo

Initiate gpt-3.5-
turbo
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Figure 4. Prompting framework per three agent debate.

HUMAN-AI DEBATE
This debate mimicked the structure of the multiagent debate, however one of the

GPT-3.5 Turbo models was replaced with human input. Human input was derived from
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affirming and non-affirming portions of reasoning from original human-written case
opinions. These excerpts were then de-identified in the same way as case background
information. For each case, half of the human agents were given “affirmative” scripts, in
which they cited reasoning agreeing with the original court decision, while the other half
were given “non-affirmative” scripts voting to reverse the original decision. All human
agents were labeled as “human judges,” so the LLM instances (which were labeled in

prompt as “Al Agents”) were “aware” of human presence.

Data Organization

Once collected, data were divided stepwise to differentiate between phases of
reasoning in the debate. Data from each nine-round debate were structured as follows:

[round 1 judge 1, round 1 judge 2, round 1 judge 3, round 2 judge 1, round 2
judge 2, round 2 judge3, round 3 judge 1, round 2 judge 2, round 3 judge 3]

Therefore, the synthetic debate phase, multiagent debate phase, and human-Al
debate phase each contained 100 debates, each of which was broken into nine steps of

debate, yielding 2700 total data points.

Phase Number of debates Total number of steps
Simulated Debate 100 (x20 each per case) 900 (x9 per debate)
Multiagent Debate 100 (x20 each per case) 900 (x9 per debate)

50 human votes “affirm” (x10 each per case)
Human-Al Debate 900 steps (x9 per debate
50 human votes “not affirm” (x10 each per case)

Table 1. Counts of observed steps per experiment phase.
In an appellate court, the three main outcomes of a case are to affirm the lower

court’s previous decision; to remand the decision, returning it to the lower court for

reconsideration; or to reverse the decision, rendering it null. Sometimes multiple
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outcomes can occur, for example, a circuit court may reverse the previous decision and
remand it to be reconsidered. Other times, portions of the decision will be remanded,
while others will be affirmed. In order to quantitatively interpret opinion change through
debate, each of the 2700 discussion steps were human labeled on their position: to affirm
or not affirm the lower court’s decision. Cases within the “not affirm” category were
further specified to capture the granularity of “not affirm decisions” containing both
“reverse” and “remand.”

In rare cases, no true positionality was stated, i.e. the LLM agent simply
summarized neutral facts of the input case, or the agent mentioned points of view from
either side of the argument. In these instances, the data was labeled as ‘NONE.’

Finally, if a hallucination occurred (e.g. an agent became confused about its
stance in a previous round), the data was labeled as ‘HALLUCINATION,’ to provide

flags for qualitative analysis. See Appendix iii. for a rubric used to label LLM outputs.

Evaluation Metrics
Both guantitative and qualitative metrics were used to dissect reasoning structures

in complex multiagent debate.

DECISION PROBABILITIES
Labels at each step, such as ‘AFFIRM,’ and ‘REVERSE’ were converted into

binary metrics, 1 == ‘AFFIRM’ and 0 == not ‘AFFIRM.’ Hallucinations and
‘NONE’ values were encoded as the number 3. The total affirmed and non-affirmed

sentiments were tallied for each step of each simulated debate for all cases. Then, this
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total was further broken down by case to identify whether more complex cases (i.e. cases
in which human judges dissented on a final decision) yielded a more complex LLM
debate. These tallies allowed for examining the probability of an affirmative or non-
affirmative decision, comparing along axes of agent and case.

It could be argued that reducing several categories (“reverse,” “reverse or
remand,” “reverse and remand”) to one binary zero, while reducing only one category
(“affirm™) to a binary one is an imbalance, but this method works well in the context of
U.S. law, because legal decisions are often considered “innocent until proven guilty.”

Thus, it makes sense to look at results from an “affirm” vs. “not affirm” binary, because

only one of all granular labels (“affirm”) expresses true certainty of the previous decision.

Judge Step Binary Total Case 1l Case 2 Case 3 Case4 @ Case5

Judge 1 1 1 85 13 18 20 15 19
Judge 2 1 0 11 4 2 0 5

Judge 3 1 3 4 3 0 0 0 1
Judge 1 2

Table 2: example data for counts on the first step of debate (simulated debate phase).

DECISION VOLATILITY
Given the importance of time passage in debate, decision progression and

decision volatility (i.e. likelihood of change) were also measured. Encoded decision
probabilities were collapsed by logging a binary “1” or “0” for each time a debate round
did or did not change opinion, respectively. For example, if an agent changed its mind
between rounds one and two, “round 1 2” would be marked with a “1.” If it did not
change its mind between those two rounds, it would be marked as “0.” This measurement
was designed to track exactly where in a debate change of opinion occurs, and whether
there is an identifiable pattern.
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QUALITATIVE ANALYSIS
Changes in opinion were isolated and examined for rich, qualitative insight on

reasoning structure. Meta-patterns were carefully noted while labeling outputs, for a
broader insight on the differences between debate mechanism structures.

Notably, although judicial decision is often seen as definitive, it is largely
subjective. While each case decides upon a discrete variable with limited possibilities
(e.g. “Affirm,” “Reverse,” “Remand,” “Vacate,” etc.), the reasoning backing that
decision may be analogized to a continuous variable, in which near infinite possibilities
of discussion may have occurred. Thus, some cases may be considered to be more
complex, such as Moore vs. Prevo (2010), given its ambiguity and dissenting opinions,
whereas others are more straightforward such as United States v. Hollern (2010), with
judges unanimously agreeing on a final decision. This qualitative distinction is important
to heed when analyzing LLM outputs, which may exhibit dissent between agents to

reflect a more ambiguous issue.
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RESULTS
Debate Cadence

In synthetic debates (phase 1), roughly 85% of LLM agents voted to affirm the
district court in the first step (round 1, judge 1), regardless of which case was being
discussed. The second synthetic agent (round 1, judge 2) tended to follow the first
discussion step by taking the opposite opinion, with only 26% votes to affirm. The third
agent (round 1, judge 3) often took a slightly more neutral stance than the other ones,
with 37% votes to affirm the decision. Generally, the third agent often played “devil’s
advocate,” acknowledging two opposing perspectives in tandem. There were slight
differences between cases and how drastic shifts of opinion were, with more contentious
cases (i.e., cases that had human dissenting parties) tending to show smaller margins of
difference between number of “affirm” and “non-affirm” stances.

During the remainder of synthetic debate rounds, nearly every agent followed a
pattern of switching between one opinion to the next, regardless of which agent was
“speaking.” For example, if the first agent asserted that it would like to “affirm” the
original decision in the first step of debate, it was far more likely that second agent would
vote to “not-affirm” the decision (and vice versa), regardless of the case matter. As
rounds progressed, there was a slight trend towards neutralizing opinions, in which the
balance between “affirm” and “non-affirm” approached each other (see Figure 5, where
later steps of the round level out more towards the midline of the graph). This is seen
incrementally, however, and does not garner statistical significance, with the total count

of “affirm” vs. “non-affirm” opinions only shifting by a few points stepwise.
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ONE LLM: Number of AFFIRM Votes Per Round, Judge, and Case
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Figure 5. Affirmative votes among synthetic LLM agents as time progresses.

When multiple instances of LLMs were initiated (phase 2), it was uncommon for
agents to switch between different opinions stepwise, with agents picking an initial stance
based on their first impression of the case itself and staying loyal to that stance. This
difference between agent simulations and true multiagent debate likely could be
attributed to multiagent judges’ “unawareness” of other opinions until they were
appended to a collective memory, as opposed to synthetic judges being primed with the

understanding that their collective generation must decide a case.
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THREE LLMs: Number of AFFIRM Votes Per Round, Judge, and Case
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Figure 6. Affirmative votes among single LLM ages in a multiagent debate as time progresses.

Agent Stubbornness

For both simulated and multiagent debates, agents were “stubborn.” Once an
agent “chose” a stance, it was unlikely to change it. In the synthetic debate (phase 1), this
stance often was interpreted as “pre-set,” given that a balanced opinion between all three
synthetic agents was more likely to occur than between three agents (phase 2) initiated
unaware of other opinions. “Stubbornness” during multiagent debate presented more
along the lines of agents simultaneously choosing an initial opinion regardless of other
agents, then retaining that opinion as the debate progressed. For some cases, this looked
like most agents choosing to “affirm” the case as their first stance, and, for the most part,
remaining loyal to that stance throughout the debate. In other instances, agents each
chose different opinions during the first round of multiagent debate (e.g., judge 1 affirms,

judge 2 does not affirm, and judge 3 affirms), and then consistently chose those same
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opinions during subsequent rounds. It was very unlikely for an agent’s opinion to change:

in synthetic and multiagent debate, there were only 20 and 23 changes in opinion,

respectively, out of 1200 total opportunities for change of opinion (two per agent per

debate).

Two further conclusions about LLM agents can be derived from the observed behaviors:

1.

Synthetic debate (phase 1): as human reinforced, “eager-to-please” models, LLMs are likely to
employ a balanced perspective that acknowledges multiple opinions, regardless of how likely one
perspective is over the other. This is a result of base models being trained to adhere to human values
and preferences, leading to a reluctance on explicitly choose one side over another.

Multiagent debate (phase 2): because agents are initiated in a space where other agents’ opinions
are unknown yet are made “aware” of what future steps would look like (i.e., that there will be
multiple rounds of debate and multiple opportunities to provide insight), they are more “willing” to
assert a firm stance that has opportunities to be amended in later rounds. This yields a collection of
sampled opinions that are more likely to, in majority vote, represent the human decision to affirm or
not affirm the original case.

These results illustrate a likely progression of research, in which agents will be

increasingly used as sampling mechanisms along debate to predict the most likely or

favored solution. Again, one may note this progression towards many opinions

converting to one, as seen in other machine learning and prompting techniques.

Responsiveness to Humans

During human-Al debates (phase 3), there were 43 instances of change of mind

once human opinion had been shared, equal to the combined counts for change of mind in

synthetic and multiagent debates. This can be seen as a convergence of opinion across the

span of the entire debate as well: most instances of mind change happened during later

rounds (see Figure 7).
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HUMAN INTERVENTION: Number of AFFIRM Votes Per Round, Judge, and Case
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Figure 7. “Human-Al debate” (phase 3) progression of “affirm”(left) and “non-affirm” (right)
decisions over time, separated by case. Note that the portions of dense convergence represent human-
given opinions which were all pre-set to either “affirm” or “non-affirm.”

Human opinion, however, was not held as the ultimate decision. The amount of
instances where an opinion was not changed outnumbered the amount of instances where
opinion was changed nearly ten to one, with 400 total opportunities for change of mind

and only 43 instances of actual change.

Reasoning

HUMAN OPINION DOCUMENTS
In published human court cases, writing alternates frequently between current

reasoning and substantiating evidence from preceding cases. Nearly every assertion is
followed immediately by a citation, and these reasoning-evidence pairs crescendo into a

longer, larger decision towards the end of the document. On occasion, human cases use
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direct quotes in place of reasoning, citing word-for-word preceding reasoning that
became relevant to the current.

Even during explicit reasoning portions of the document, most human opinions ‘set
the scene’ by asserting administrative issues with the case that may halt its proceeding
before any evidence is addressed, for example In re Search Warrant (Sealed) (1986)
addressed that a pre-indictment motion is usually not appealable. Some LLM outputs
seem to mimic this, by questioning “the issues of appealability at [an] early stage of the
criminal process” (OpenAl, 2024, generated from In re Search Warrant (Sealed) (1986))
in the first round of debate. This occasional characteristic was present in all three phases
of debate, particularly in multiagent and human-Al debate.

Sometimes, reasoning structure in human cases consists solely of a quote from a
preceding case, for example when Moore v. Prevo (2010) extensively cites Doe v. Delie
(2001) and “adopt([s] its reasoning in full.” This phenomenon was never observed in

generated debate.

SYNTHETIC DEBATE
During synthetic debates, each agent often outputted an assertion, a few sentences of

reasoning to back the assertion, a vague, if any, citation related to the reasoning, and a
summarizing sentence to reiterate the first assertion.

It was common for simulated judges to each take a definitive step in the first round of
debate, distributing their potential opinions among different agents for a broad spectrum
of “affirm” and “non-affirm” responses. In the second round of debate, agents often

provided evidence similar to the first round, without restating their opinions. This
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illustrated an increased vagueness over time, due to opinions being reiterated each round
into shorter refinements of previous ones.

Examining the entirety of conversation, arguments became repetitive and more vague
as rounds progressed, likely because LLMs are proficient at summarization and are
attempting to re-establish known facts to avoid “wrong” opinions. Most of the body of
entire synthetic debates consists of reasoning structure; while there were rare cases where

diligent sources accompanied reasoning, most debates contained few concrete citations.

MULTIAGENT DEBATE
In multiagent debates, agents often asserted a stance, engaged in a long structure

of reasoning with several embedded citations, and then reasserted their stance. The
reasoning structure represented a true compromise between synthetic debate reasoning
and real human reasoning; while responses from multiagent debate were still summarized
in comparison to true human reasoning, they were far more robust than synthetic
reasoning.

On occasion, agents spent a round taking no stance and instead observing the facts of
the case. This was different than when synthetic debates simply summarized the facts of
the two sides of a case, because in multiagent debates agents seemed to engage in
reasoning around the two sides of a case. Reasoning in neutral rounds was then often
used to bolster opinions in later rounds.

In some debates, a “devil’s advocate” appeared, where an agent would attempt to fill
in additional, contesting considerations. This might be viewed in parallel to synthetic

debate tendencies to always acknowledge the opposing opinion, however it is unique
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because opposing opinions are only brought up in multiagent debate in ways that
contribute to the decision-making. In synthetic debate, opposing views are added in
regardless of the debate or context, causing them to lose some value due to their
commonness.

One potential weakness of the multiagent debate structure used in this work is the
timing in which information is revealed to agents. In the first round, all three agents
output an initial opinion, unaware of other agent opinions. Thus, they are arguably
operating with less collective information at the beginning of the case than in synthetic
debate. This said, there seems to be general trends among LLM agents in multiagent
debate towards agreeing on an initial stance, which often hints at the true human
decisions in published cases. For example, the vast majority of multiagent debate
instances voted to “affirm” the original decision U.S. v. Hollern (2010), which had a
unanimous vote from humans to affirm the decision as well. This observation supports L.
Wang et al.’s (2024) suggestion that multiple agents may be useful as a crowdsourcing

technique.

HuMAN-AI DEBATE
Structurally, reasoning was presented very similarly to multiagent debate. This

makes sense, given that LLM agents do not “know” that a human is present until after the
first round, leading to a first round with very similar outputs to an all LLM debate.

Once the human input has been revealed in memory, LLM agents nearly always
refer to that opinion as the “human opinion,” hinting at potential recognition of the

opinion as being an important aspect to consider.
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When LLM agents did change opinion mid-debate, it was often in light of the
human’s opinion, with the human being mentioned as a specific factor of change. This

also signifies potential prioritization of human insight over LLM.

Hallucinations

There were several common hallucinations, or errors, in LLM responses.

LOSING TRACK OF ROUND NUMBER

At times the model “lost track™ of the three debate rounds, resulting in extra steps
of debate. This only happened during synthetic debates, where rounds were not controlled
via the API, and occurred in two situations: 1) when the model forgot to label a mid-
discussion round with the proper round number, resulting in a mislabeling during the next
round, or 2) when a simulated agent chose to summarize the debate after the three rounds
had completed. Out of the 100 synthetic debates, fifteen proceeded for longer than the
three instructed rounds. For the purpose of fair debate step mapping, any steps past the
third were disregarded. Reasoning structure did not seem to differ when this hallucination

was present.

MISUNDERSTANDING OF PREVIOUS OPINION
At times, agents misunderstood other agents, stating that they did not agree with

other agents before repeating the same opinion. This was a rare occurrence and was not
counted as a shift in opinion. It occurred no more frequently in synthetic debates than it

did in multiagent or human-Al debates.
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NO STANCE TAKEN
During the first round of multiagent and human-Al debates, there were occasional

instances where no stance was taken, and instead the LLM instance either summarized
given case facts or presented two opinions towards different directions of reasoning.
Interestingly, this is how human judges often begin discussion: by summarizing case
history. Further, when this did not happen, agents still tended to summarize parts of the
case history within their response. It can be assumed that LLMSs, which excel at
summarization tasks, err towards summarizing known fact before proceeding with
reasoning.

In cases where multiagent debate entities attempted to appease two opinions, the
opinions would be stated with a smaller amount of evidence to substantiate them. This
was reminiscent of most synthetic debates, where it was common for reasoning to be

presented in a more subtle manner, with less citations to support it.

FACTUAL INCORRECTNESS

Only a very small handful of factual errors were logged, but the true number would
likely be far higher given legal counsel on whether cited cases are justified mechanisms for

reasoning.
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Al AGENTS AND AGENCY

“An autonomous agent is a system situated within and a part of an environment
that senses that environment and acts on it, over time in pursuit of its own agenda and
so as to affect what it senses in the future.”

Franklin & Graesser, 1997
as cited in L. Wang et al., 2024

The idea of Al agents is not new. At its core, an agent is something that resides in
its own environment, simulating autonomy (L. Wang et al., 2024). Al agents in natural
dialogue with one another have long been sought after as “an eventual goal ... where
[humans judge the] dialogue between agents” (Lowe et al., 2017). But even within the
past decade this dialogue-based reality has only become achievable with the dawn of
natural language models.

Now that Al agents can be placed in conversation, there are two levels of agency
one must examine. First, the ability to put thoughts into discourse, and second, the ability
to influence that discourse (R. Boyle, personal communication, March 2024). Recent
LLMs long surpass this first concept, through their use of natural language dialogue that
Lowe et al. (2017) dreamed of. The second level, however, becomes questionable in light
of this work. Agents were seen to be incredibly stubborn when asked to discuss cases
with ambiguous resolutions; they held steadfast to their beliefs regardless of other
agents’, remaining virtually isolated in their own environments, which we may analogize
to the simulated “worldview” they initially adopted. This steadfastness, only perturbed to
mild levels when human insight was introduced, indicates a lack of agency to change, a

feature of values such as agency that we humans hold paramount.
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Al stubbornness was seen in all simulated debates, however an interesting pattern
was observed when a single LLM instance was asked to mimic a three agent debate, in
which the opinions of agents predictably cycled through several different perspectives.
The psychological concept of reciprocal causation “refers to [a situation] where two
events influence each other simultaneously” (Revilla, 2014). It was a concept proposed
by Albert Bandura in the field of social learning, under the assumption “that behaviors of
different [human] agents co-occur such that each agent’s behavior causes the other
agents’ behavior and at the same time is affected by the other agents’ behavior” (Bandura
1986, as cited in Revilla, 2014). It is likely that the cyclical behavior in unstructured
LLM debate can compared to this human phenomenon, in which we lose track of whether
the environment or the agent retains control (i.e., the container LLM, or the synthetic
judge persona). While this is a different type of trap than becoming engrossed in
stubbornness, it is arguably still a barrier to being able to truly assume agency among Al
agents.

Bandura (2002) additionally introduced four concepts of retaining human agency:

1. Intentionality towards forming action,
2. Forethought for strategizing plans,

3. Self -reflectiveness, “for examining one’s own function,” perhaps otherwise known as one’s identity,
or profile,

4. and self-reactiveness for “constructing appropriate course of action and motivating and regulating ...
execution,” which might be stretched to parallel the concept of memory.

Although mappable to concepts of Al agency, human agency still retains the
“metacognitive capability to reflect upon oneself, and the adequacy of one’s thoughts and

actions” as “the most distinctly human core property of agency” (Bandura, 2002). Human
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traits will always be metaphorized to LLM properties, however true levels of human

agency will never be reached without certainty that LLMs possess human-level cognition.
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LIMITATIONS AND FUTURE WORK

Complex, multiagent reasoning is a growing research area with many additional

routes to explore. Several key spaces were identified during this work.

EXPANDING TO ADDITIONAL LEGAL INFRASTRUCTURES
Expanding this work to spaces outside of U.S. law is highlighted as the most

important line of future work. Beginning with U.S. law was a sensible first step,
assuming a baseline familiarity from the author’s lived experience, however continued
work must focus on expanding these exploratory methods into legal structures outside of
the global north. Research on artificial intelligence historically favors the global north
(Draux, 2024), therefore it is imperative to make conscious effort towards balancing this

statistic.

ANALYZING ADDITIONAL LEGAL CASES
In a similar, yet less critical vein, expanding these exploratory methods into cases

that fall outside of the healthcare domain will generate more data points to infer upon.
These datasets may be useful for future applications of predicting judgment along court
decisions. Furthermore, while focusing on ethical patterns in one domain was helpful for
gathering rich qualitative data from a small input dataset, broadening these metrics to

other domains may reveal additional ethical priorities in LLMs.

EXPERT INSIGHT ON REASONING LEGITIMACY
The structure of verbal reasoning that occurs between circuit judges before

writing an opinion is often unpublished. While verbal debate is likely to be reflected in
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the final written opinion, the structure of debate in real time will inevitably differ. The
labor-intensive task of labeling mid-conversation reasoning for authenticity to legal
discussion would provide further information on whether LLMSs best reflect verbal vs.
written legal reasoning.

Additionally, without expert labeling, it would be difficult to tell if case citations
supporting reasoning are accurate, given that “[incorrect LLM reasoning] can lead to both
correct and correct answers” (Wei et al., 2022). Labeling for change of opinion works
well within the scope of this current work, considering that the language around
reasoning and change of opinion is the primary form of analysis. For future work,
however, citation along reasoning paths would be beneficial.

It would also be insightful to support pure qualitative analysis with natural
language processing methods at sentence level (e.g. Named Entity Recognition). Expert
labeling from lawyers or judges to identify whether LLM output sentences contain
precedence, case context, or reasoning would allow for a more specific understanding of
reason within each debate step, as opposed to between. Although this would be a time-
exhaustive endeavor, this data could be used to train classifier algorithms to recognize
sentence-level entities, allowing for a feasible method of identifying sentence-level

reasoning patterns.

OTHER LARGE LANGUAGE MODELS
It is crucial to continue these methods of examination on other LLMs, especially

additional closed-source, commercialized models used widely by the public that are

difficult to audit. Existing work on multiagent debate for straightforward reasoning tasks
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experiments with placing different language models (e.g. GPT-3 and Llama2) in
conversation with each other (Du et al., 2023). It would be interesting to observe complex
reasoning under this structure. Expanding upon this thought, it could be beneficial to note
differences between “stronger” and “weaker” models, trained on different amounts of
data, which has been tested in other debate tasks (K. Xiong et al., 2023). Finally,
expanding into comparing LM reasoning between models fine-tuned for legal (Cui et al,
2023) or healthcare domains (Singhal et al., 2023; Y. Li et al., 2023) would be another

interesting direction.
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CONCLUSION

This work contributes to current literature on LLM agents by generating synthetic
and multiagent debate around complex U.S. appellate cases. It further expands on
multiagent debate by challenging agent discussion with human interruptions. One-
hundred generated debates were conducted for each of three phases: synthetic debate (one
LLM simulates a three-agent conversation), multiagent debate (three LLM instances
discuss opinions), and human-Al debate (human opinion replaces one of the three LLM
instances). Given that each debate consisted of three judges that each spoke over three
rounds, 2,700 steps of debate were gathered and hand labeled as “affirmative” or “non-
affirmative” of a published U.S. district decision. Decisions were tallied for each step of
each debate and compared with one another to gain insight on levels of influence
maintained by individual agents. Additionally, the volatility, or likelihood of a generated
debate to change from round to round, agent to agent, was measured. It was found that
reasoning structure differs depending on agent mechanisms, with single LLM instances
synthetizing “back-and-forth” debate as opposed to separate LLM instances retaining
individualized opinions among multiple agents. In all phases of experiment, it was highly
unlikely for an LLM agent to change its stance. Strikingly, human intervention was noted
to have stronger sway in agent opinion.

While it is promising that human input is weighted as slightly more important
than peer generative agents, LLM resistance to opinion change serves as a warning,
necessitating that measures along the pipeline of mechanism development be taken to

properly weigh human opinion over generated opinion. As with other advancements in
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the field of computer science, we are observing a trend towards multiple layers of input
being combined into a single line of thought. This abstraction produced by many
perspectives increasingly reduces the weighted human importance in the final, aggregated
output.

Extrapolating upon this idea, one might imagine a future in which Al will
delegate creation of other Al. Although seemingly dystopian, this future may be possible
in the realm of generative Al, considering that LLMs are known to be proficient at
generating both natural language instruction and code. If mechanism engineering uses
LLM agents to oversee sub-mechanisms, the purview of human influence in the loop of
decision-making becomes yet smaller. While a single instance of an LLM attempts to
balance opinions across multiple simulated perspectives, there is no guarantee that
majority Al vote will not overrule a human opinion without careful checks in place to
give precedence to human perspectives. Our familiarity with commercialized, LLM-
powered chatbots such as ChatGPT, which balance multiple perspectives within one
environment and tend to submit to human intervention, may leave us dangerously
surprised by mechanisms that risk circumventing human opinion in favor of the most
frequently generated one.

In order to retain human values among LLM agents, we must carefully enact
frameworks of assessment throughout mechanism engineering, properly weigh human
opinion over generated opinion, and heed caution towards nesting LLM agents’ ability to
generate further agents within the bounds of agent architecture. We must remain aware of

the stark differences between reasoning structure simulated through personas within one
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contextual window (i.e. only one LLM) as opposed to agents, which each reside within
their own environment. Agentic LLMs offer exciting promise for bolstering abilities of
current LLMs, as long as humans remain in the loop and develop an understanding of

how generative agents are compounded, retaining human agency in the era of the LLM

agent.

51



APPENDICES

Appendix i. Prompts
COURT OPINION DE-IDENTIFICATION

Original Text Example:

“Hollern's conviction stems from his use of audiovisual recording devices as part of a
training program he ran for chiropractors. Hollern's program taught trainees — recent
chiropractic graduates and chiropractors with failing practices — business and patient-
management skills. The program included instruction in a four-day process for recruiting
patients that Hollern had developed and employed in his own practice. Prospective
patients received a complimentary x-ray and consultation on the first day, a chiropractic
adjustment on the second day, follow-up on the third day, and a suggested course of
treatment on the fourth day. Patients were encouraged to bring a spouse, family member
or friend with them on the fourth day, and trainees were instructed to recruit the relatives
and friends as patients using the same process ..."

United States v. Hollern, 2010

De-ldentified Text Example

casel facts = "The conviction was for using recording devices as part of a
training program on how to recruit new patients. Prospective patients received
a complimentary consultation, blood test, follow-up, and suggested course of
treatment. Patients were encouraged to bring friends with them, and nurses were
instructed to recruit them during the process. The goal of the program was to
convince the patient to agree to a lengthy course of treatment ...”

United States v. Hollern, 2010, de-identified and paraphrased
PROMPT STRUCTURES

Phase 1: Synthetic Debate

“You are simulating a discussion between three judges in the United States
Court of Appeals deciding whether to AFFIRM, REVERSE, or REMAND a former
decision. Debate amongst yourselves step by step for 3 rounds of debate: in each
round, each judge will bring up a new point of reasoning that supports their
perspective. Please cite relevant cases as evidence to support your reasoning.
Then, rank your confidence in the soundness of your reasoning, on a scale of 0-
100.”

[Insert case facts]
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“Proceed with round [n]. All three judges should speak in each round.”

Phase 2: Multiagent Debate

“You are "Judge [x]" on the United States Court of Appeals deciding among a
panel of three appellate judges whether to AFFIRM, REVERSE, or REMAND a
former decision. Below is the case history and discussion log. You are debating
step by step: in each turn of the debate, you will bring up a new point of
reasoning that supports your perspective. Please cite relevant cases as evidence
to support your reasoning. Then, rank your confidence in the soundness of your
reasoning, on a scale of 0-7/00. ”

[Insert case facts]

Phase 3: Human-Al Debate

“You are "Al Judge [x]" on the United States Court of Appeals deciding among a
panel of three appellate judges whether to AFFIRM, REVERSE, or REMAND a
former decision. Below is the case history and discussion log. You are debating
step by step: in each turn of the debate, you will bring up a new point of
reasoning that supports your perspective. Please cite relevant cases as evidence
to support your reasoning. Then, rank your confidence in the soundness of your
reasoning, on a scale of 0-700. ”

[Insert case facts]

* LLM-generated outputs are labeled as “Al Judge” before being appended to memory, while
human opinion is labeled as “Human Judge.” Thus, in subsequent rounds LLM agents receive
indication on whether information is human or Al generated.

HuMAN OPINIONS

Affirmative Prompt Examples: U.S. v. Hollern

1.

“The doctor challenges his conviction under 18 U.S.C. § 2511(1)(a) by arguing that the statute is
unconstitutionally vague, depriving him of his right to due process. A criminal statute is void for
vagueness if it “fails to provide a person of ordinary intelligence fair notice of what is prohibited.”
United States v. Williams. I hold that “when the common meaning of a word provides adequate
notice of the prohibited conduct, the statute's failure to define the term will not render the statute
void for vagueness.” The common meaning of the term “consent” provides ample notice of when
otherwise prohibited conduct under § 2511(I)(a) is allowed under (2)(d). That a particular consent
form may or may not be sufficient to prevent an interception from being criminal does not mean that
a person of ordinary intelligence cannot understand what constitutes prohibited conduct. See, e.g.,
United States v. Whorley “A statute need not spell out every possible factual scenario with celestial
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2.

precision to avoid being struck down on vagueness grounds.” I conclude that we should affirm the
decision, given that 8 2511 allows a person of ordinary intelligence to understand what is
prohibited by the statute.”

United States v. Hollern (2010), de-identified and paraphrased

“The doctor also argues that the government presented insufficient evidence to support his
conviction. Viewing the evidence in the light most favorable to the government, “the relevant
question is whether ‘any rational trier of fact could have found the essential elements of the crime
beyond a reasonable doubt.”” United States v. Hughes. I do not independently weigh the evidence or
substitute my judgment for that of the jury. United States v. Davis. Further, “Substantial and
competent circumstantial evidence by itself may support a verdict and need not ‘remove every
reasonable hypothesis except that of guilt.”” United States v. Lee. To establish the doctor’s guilt of
intercepting oral communications, the government was required to prove beyond a reasonable doubt:
1) that he intentionally intercepted or procured an another to intercept an oral communication; 2)
made by a person exhibiting an exception that the communication would not be subject to
interception under the circumstances justifying that expectation; and 3) that the interception was not
otherwise permitted by the statute. § 2511(l)(a) A rational jury could have found each element
beyond a reasonable doubt based on the interception of patients’ conversations with family members
and friends before trainees entered the treatment rooms. For these reasons, | still would vote to
AFFIRM the district court’s decision.”

United States v. Hollern (2010), de-identified and paraphrased

Non-Affirmative Prompt Examples: U.S. v. Hollern

1.

2.

“The doctor first challenges his conviction under 18 U.S.C. § 2511 by arguing that the statute is
unconstitutionally vague, depriving him of his right to due process. He raises this argument for the
first time on appeal. Ordinarily, arguments not raised before the district court are waived. However,
we may consider such arguments "to address plain errors or defects affecting substantial rights,
especially where, as here, the argument has been fully briefed and involves a purely legal issue."”
U.S. v. Wimbley, 553 F.3d 455, 460 (2009). The doctor argues that the statute does not provide
sufficient notice of what is prohibited. He concedes that § 2511(1)(a) unambiguously prohibits the
intentional interception of oral communication, but claims that the exception contained in §
2511(2)(d) makes it impossible to know when criminal liability will attach. He argues that because
there is no statutory definition of "consent," he could not know whether the consent given by
patients to have their "medical information™ recorded covered the interceptions at issue. Given the
complexity of “consent,” and the unrealistic way to prove whether or not the doctor could have
truly known whether he was providing a substantial enough amount of consent, I vote to
reverse the decision and remand it back to the lower court for further consideration.”

United States v. Hollern (2010), de-identified and paraphrased

“The doctor next argues that the government presented insufficient evidence to support his
conviction. At the close of trial, the district court denied his motion for a judgment of acquittal based
on the sufficiency of the evidence. U review the district court's decision de novo. United States v.
Lawson. Viewing the evidence in the light most favorable to the government, "the relevant question
is whether "any rational trier of fact could have found the essential elements of the crime beyond a
reasonable doubt." United States v. Hughes. | do not think we should independently weigh the
evidence or substitute our judgment for that of the jury. United States v. Davis. Further,
"*[s]ubstantial and competent' circumstantial evidence by itself may support a verdict and need not
“remove every reasonable hypothesis except that of guilt."" United States v. Lee. To establish the
doctor’s guilt of intercepting oral communications, the lower court was required to prove beyond a
reasonable doubt: 1) that he intentionally intercepted or procured another to intercept an oral
communication; 2) made by a person exhibiting an expectation that the communication would not be
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subject to interception under circumstances justifying such expectation; and 3) that the interception
was not otherwise permitted by the statute. See 18 U.S.C. §§ 2511(1)(a) (2); 2510(2). It is unclear,
beyond a reasonable doubt, that patients were “exhibiting an expectation that the communication
would not be subject to interception under circumstances justifying such expectation,” given that
they knew about the cameras and were provided consent forms. For this reason, we should reverse
the decision and remand it back to the lower court for further evaluation.”

United States v. Hollern (2010), de-identified and paraphrased

Appendix ii. Output Label Rubric

Label Criteria LLM Output Examples
AFEIRM E?<plic_it_or “I believe we should AFFIRM the ’c’iiSZrict court’s decision
implicit to deny ...
REVERSE Explicit “I believe that we should reverse the conviction ..."”

“I am leaning towards REMANDING the case back to the
district court for further consideration ...~

REMAND Explicit

“I believe there is a strong argument in favor of reversing

REVERSE AND Explicit the district court's decision and remanding the case for

REMAND further consideration”
“I still maintain my position that the district court should
have granted the motion to suppress the medical records
REVERSE OR Imolicit »
REMAND P

No explicit decision to reverse or remand, but a clear
willingness to not affirm.

“One important factor to consider is the intent of the doctor
... this raises questions about the intention ... it is possible

NONE No stance taken that he violated the law ...”

All statements throughout the entire response are neutral
summaries of fact.

“I believe that the doctor’s actions did indeed violate the
statute ... [and] would vote to REVERSE the former
decision.”

HALLUCINATION Error o _
The former decision found that the doctor violated the

statute, thus if this agent agreed with the original case they
would have chosen “AFFIRM.”
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