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Abstract

Multi-party social dialogue remains underex-
plored in the literature, in part due to the diffi-
culty and cost of evaluation. As a result, recent
work on synthetic dialogue generation often re-
lies on automated metrics and LLM-as-a-Judge
frameworks, despite limited evidence that such
judges reflect human preferences in social set-
tings. In this work, we introduce a lightweight
and controllable multi-party dialogue genera-
tion framework (MPOD) as an experimental
instrument for studying generation and evalu-
ation in social interaction. Using this frame-
work, we conduct human evaluations of open-
domain multi-party dialogue simulation and di-
rectly compare human judgments against state-
of-the-art LLM judges. Across 319 pairwise
comparisons, we observe near-random agree-
ment between humans and automated judges
(Cohen’s k =~ 0.11), driven by systematic
behaviors including extreme tie aversion and
strong sensitivity to assistant-style verbosity.
Crucially, human—human inter-annotator agree-
ment (k = 0.29) is substantially higher than
human—-LLM agreement. To isolate the mech-
anism underlying this misalignment, we intro-
duce a controlled Transplant Ablation, showing
that LLM judges consistently prefer conversa-
tions containing a single proprietary, assistant-
style agent. Additional stress tests show that
judges prefer GPT-style conversations even
when utterance order is randomly shuffled, indi-
cating insensitivity to conversational structure
and coherence. Our findings provide controlled
evidence that current instruction-tuned LLM
judges do not reliably reflect human prefer-
ences for naturalness, engagingness, and over-
all quality in multi-party social dialogue, call-
ing into question their widespread use for vali-
dating synthetic conversational data.

1 Introduction

The simulation and evaluation of realistic multi-
party dialogue remains a formidable challenge. Un-
like dyadic user-assistant interactions, multi-party

conversation requires agents to manage complex
turn-taking, navigate topic drift, and exhibit social
behaviors such as backchanneling and interruptions
(Wang et al., 2023). These properties are difficult
to formalize and expensive to evaluate, particularly
at scale.

Due to these challenges, recent work on multi-
party and synthetic dialogue generation has increas-
ingly relied on automated evaluation frameworks
such as G-Eval (Liu et al., 2023), GPTScore (Fu
et al., 2024), and LLM-as-a-Judge paradigms. In
practice, these judges are often treated as proxies
for human preference, and are used to justify im-
provements in conversational quality without direct
validation against human judgment, especially in
social and open-ended settings.

Despite the widespread adoption of LLM-based
judges, there is little controlled evidence assess-
ing whether they align with human preferences in
multi-party conversational settings. To study this
question, we introduce a simple and controllable
multi-party dialogue generation framework: Multi
Party Open Domain (MPOD) based on a single
inference loop with dynamic persona prompting
and lightweight similarity constraints.

Using this framework, we conduct the first hu-
man evaluations of open-domain multi-party social
dialogue and directly compare human judgments
against state-of-the-art LLM judges. While hu-
man annotation is costly, limiting the scale of such
studies, it provides a necessary ground truth for
understanding whether automated evaluators mean-
ingfully reflect social conversational quality.

Our results reveal a substantial and systematic
misalignment between human evaluators and auto-
mated judges. Across 150 pairwise comparisons,
agreement between humans and LLM judges is
near random. Moreover, unlike humans, automated
judges almost never express uncertainty through
ties, instead forcing binary preferences even in
cases where humans perceive equivalent quality.
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To move beyond surface-level disagreement,
we introduce a controlled Transplant Ablation,
in which a single assistant-style agent is inserted
into an otherwise homogeneous open-weight agent
group. We find that judges overwhelmingly pre-
fer these "transplant” teams containing "assistant-
style" agents, providing controlled evidence that
automated evaluators are strongly driven by style
and verbosity cues.

Our experiments further reveal that this misalign-
ment is not limited to subtle stylistic preferences
and judges may prefer conversations with broken
turn order or mixed speakers as long as surface
style cues align with a favored model family.

In summary, our contributions are:

1. A controllable experimental framework
(MPOD) for multi-party open-domain
dialogue generation, designed to facili-
tate analysis rather than maximize model
performance.

2. To the best of our knowledge, the first human-
grounded evaluations of open-domain multi-
party social dialogue, addressing a gap in cur-
rent evaluation practice.

3. Controlled evidence of systematic misalign-
ment between human judgments and LLM-
as-a-Judge frameworks, including tie aversion
and stylistic bias.

2 Related Work

2.1 Multi-Party Dialogue Generation
Architectures

The transition from dyadic to multi-party dialogue
introduces substantial challenges in state man-
agement, turn-taking, and interactional coherence.
While synthetic data generation pipelines such as
Diasynth (Suresh et al., 2025) and SODA (Kim
et al., 2023) have been effective for bootstrapping
dyadic conversational models, extending these ap-
proaches to multi-party settings requires model-
ing interpersonal dynamics, overlapping contribu-
tions, and coherent topic progression across multi-
ple speakers.

Most existing work addresses this complexity
through explicit multi-agent architectures. Frame-
works such as ConvoGen (Gody et al., 2025), Au-
toGen (Wu et al., 2024), and MALLM (Becker,
2024) rely on agent graphs that instantiate sep-
arate memory states and inference processes for

each participant, often augmented with specialized
planning, critique, or debate modules. Similarly,
MMAgents (Nonomura and Mori, 2025) enforces
structured turn-taking via adjacency-pair detection
and explicit orchestration protocols. These designs
are well-suited for task-oriented or deliberative set-
tings, but they introduce substantial computational
overhead and context fragmentation, making con-
trolled experimentation and large-scale human eval-
uation difficult.

2.2 Biases in Automated Evaluation

Evaluating open-domain dialogue remains an unre-
solved challenge. As reference-based metrics such
as n-gram overlap and other metrics like BLEU
(Papineni et al., 2002) and ROUGE (Lin, 2004)
have fallen out of favor, the field has increasingly
adopted reference-free evaluation using large lan-
guage models, commonly referred to as LLM-as-a-
Judge. These approaches are now widely used to
justify improvements in dialogue quality, particu-
larly in settings where human evaluation is costly
or impractical.

However, a growing body of work has shown
that LLM-based judges exhibit systematic biases.
Prior studies have documented self-preference bias,
where judges favor outputs from their own model
family (Chen et al., 2025), as well as verbosity
bias, where longer or more elaborated responses
are conflated with higher quality (Ye et al., 2024).
SODA-EVAL (Mendonga et al., 2024) further high-
lights the subjectivity and teacher bias inherent in
fine-tuned judges, even in relatively constrained
dyadic dialogue settings.

Our work extends this line of analysis to the sub-
stantially less-studied domain of multi-party social
dialogue. We argue that biases identified in dyadic
evaluation are amplified in social settings, where
conversational quality depends on interactional phe-
nomena such as brevity, interruption, backchannel-
ing.

3 Methodology

We introduce a simplified generation framework de-
signed to produce high-fidelity open-domain multi-
party conversations without the overhead of com-
plex agent graphs or agent-level state management.
Our system supports plug-and-play use of open-
weight models via OpenAl-compatible inference
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Figure 1: The Single Inference Loop Architecture. Unlike complex multi-agent graphs, our framework maintains
a single rolling context window. A dynamic turn selector injects the active agent’s persona into the system prompt,
while a cosine-similarity constraint prevents repetitive loops during generation.

endpoints! (e.g., VLLM 2, 11ama. cpp?), as well as
API-based proprietary models for conversation gen-
eration. This design enables fair comparison across
model families while maintaining a transparent and
lightweight generation pipeline.

3.1 Single Inference Loop Architecture

Unlike graph-based approaches (e.g., AutoGen)
that instantiate separate memory and inference pro-
cesses for each agent, our framework employs a
Single Inference Loop architecture (see Figure
1). This design maintains a single rolling context
window containing the complete dialogue history
shared across all participants. Each conversational
agent is defined solely by its persona specifications,
without maintaining independent memory states.

A conversation is initialized using three compo-
nents: (1) a topic description, (2) a set of partici-
pants with associated personas, and (3) an opening
utterance that establishes the initial conversational
context (see A.1 for details). All subsequent turns
are generated within the same shared context win-
dow, allowing agents to react to the full dialogue
history while avoiding the redundancy inherent in
multi-agent graph architectures.

'OpenAI Compatible Endpoints
*VLLM
3lama.cpp

For each conversational turn, the system exe-
cutes the following sequence of operations:

1. Turn Selection. A turn selection mechanism
determines which agent should speak next.
We support three strategies: Round-Robin,
Random, and an LLM-based Turn Selector.
Because the initial conversation state contains
only a single utterance, providing insufficient
context for reliable inference, we apply the
Round-Robin strategy for the second turn.
Once at least two utterances are available,
the LLM-based Turn Selector is used. This
selector analyzes the five most recent utter-
ances along with the list of participant names
and returns the most contextually-appropriate
next speaker in a structured JSON format. To
prevent infinite loops or crashes, if the LLM
selector fails to return a valid JSON after 3
retries, the system defaults to a Random fall-
back. In our experiments, this fallback was
triggered in less than 5% of turns, primarily
during early dialogue states. For more details
on the LLM turn selector see Appendix A.3.

2. Dynamic Instruction Injection. Once a
speaker is selected, the system prompt is dy-
namically updated to reflect the active agent’s
persona (See Section 5 for example agent per-
sona). This approach enables a single model
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instance to simulate multiple distinct conver-
sational voices without requiring fine-tuning
or Low-Rank Adaptation (LoRA) (Hu et al.,
2022). Compared to prior approaches that rely
on lengthy, rigid persona instructions through-
out the entire context window, dynamic in-
jection reduces prompt verbosity and context
saturation. These benefits are particularly pro-
nounced for smaller open-weight models (e.g.,
< 100B parameters), which are more sensi-
tive to long and restrictive system prompts.

3. Utterance Generation. The selected model
generates the next utterance conditioned on
the dynamically updated system prompt and
the most recent dialogue history window, con-
sisting of the five preceding utterances. Due to
hardware resource constraints, we employed
4-bit quantized weights for all inferences in-
volving open-weight models.

3.2 Constraints: The Cosine Similarity
Threshold

To mitigate the agreement loop failure mode com-
monly observed in social dialogue (Wynn et al.,
2025), we introduce a Cosine Similarity Con-
straint that discourages semantic repetition within
an individual agent’s contributions.

Before a generated utterance is accepted, the sys-
tem computes the cosine similarity between the
embedding of the proposed utterance (uy) and the
embedding of the agent’s recent self-utterance his-

tory (Cy—p:t):

[t || [|C—pe

We calculate semantic similarity using the
nomic-embed-text-vl sentence transformer
model. For every proposed utterance u;, we
compute the cosine similarity against the rolling
history C;_r;. We set the history window
k = 5 and the rejection threshold 7 = 0.5. If
sim(u¢, Cy_g.¢) > T, the utterance is rejected. We
allow a maximum of 5 resampling attempts with a
temperature increase of 0.1 per attempt to force
divergence. If all attempts fail, the least similar
candidate is accepted to maintain flow.

sim(ut, thk:t) =

4 Experimental Design

To assess the quality of generated multi-party dia-
logues and to systematically analyze the behavior
of automated judges, we employ a comprehensive

experimental protocol involving both human anno-
tation and LLM-based evaluation.

4.1 Dataset and Dialogue Generation

Our experimental setup consists of two comple-
mentary objectives.

Objective 1: Comparison with a Multi-Agent
Baseline. The first objective is to compare the
quality of dialogues generated by our framework
against a representative multi-agent baseline, Con-
voGen (Gody et al., 2025). We select 8 distinct
conversational topics, along with associated partici-
pant personas, using the ConvoGen framework. For
each topic—persona configuration, we generate two
conversations: one using ConvoGen and one us-
ing our framework (MPOD), ensuring a controlled
comparison.

To isolate architectural effects, conversations are
generated using a mix of open-weight and propri-
etary models, specifically Llama 3.3 70B and GPT-
5.1. Each ConvoGen—MPOD pair is annotated by
two human evaluators, resulting in a total of 16
human annotations for this objective.

Objective 2: Cross-Model Evaluation and Judge
Alignment Analysis. The second and primary
objective is to investigate the alignment between
human judgments and automated LILM-based
judges across a diverse set of models. For this pur-
pose, we generate multi-party conversations span-
ning 10 social topics using our framework (MPOD),
ranging from serious discussions (e.g., Al Ethics)
to casual and creative scenarios (e.g., Planning a
Heist, Culinary Adventures). Topics and partici-
pant personas are generated using Gemini 3 Pro
(see Table 7 in Appendix for the full list).

Using our generation framework, we then pro-
duce conversations with the following models:
Gemini 3 Pro (Gemini 3), GPT-OSS 120B (GPT-
0SS), Llama 3.3 70B (Llama 3.3), GPT-5.1 (GPT
5.1), Gemma 3 27B (Team et al., 2025), and
Qwen 3 30B (Yang et al., 2025). These conver-
sations form the basis for both human evaluation
and automated judge analysis described in subse-
quent sections.

4.2 Evaluation Protocol

Our evaluation protocol is a shift from more preva-
lent reference free methods like GPTScore (Fu
et al., 2024), G-Eval (Liu et al., 2023) and FED
(Mehri and Eskenazi, 2020) which exclusively use
likert scale scores (1-5) to rate dialogue quality.
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Following the recommendations of Smith et al.
(2022), we employ pairwise comparison as the pri-
mary evaluation methodology. Evaluators were pre-
sented with two complete conversation transcripts
(labeled only as “Conversation A” and “Conver-
sation B”) displayed side-by-side and are asked
to indicate which conversation they prefer accord-
ing to three criteria: Naturalness, Engaginess, and
Overall Preference. Evaluators were provided with
detailed guidelines defining ‘Naturalness’ and ‘En-
gaginess’ (Figure 4) and performed the task on
a custom-built annotation platform (Figure 5) de-
signed to blind model identity. Evaluators were
also explicitly permitted to select a Tie option when
the two conversations are of comparable quality.
And finally, a free-text box allowed annotators to
explain briefly their choices.

To mitigate ordering and recency effects, the po-
sitions of Model A and Model B were randomized
such that each model appears equally often in both
positions across comparisons.

4.3 Judges

We collect human annotations for each model pair
and conversation topic. We recruited 8 human an-
notators that are graduate level university students.
Annotators were screened for English proficiency
and were compensated at a rate of $15/hour. Fur-
ther details regarding the human evaluation process
can be found in Appendix B.

Comparisons were annotated by more than one
annotator, yielding overlapping judgments on all
319 pairwise comparisons used in the alignment
analysis (Objective 2). We report inter-annotator
agreement (IAA) using Cohen’s x (pairwise) and
Fleiss’ « (multi-rater) in Section 5.2.

We repeat this evaluation protocol using state-
of-the-art LLMs as automated judges. The set
of LLM judges includes: (1) GPT-5.2, (2) Gem-
ini 3 Flash and (3) Llama 3.3 70B. For the Auto-
mated Judges, to handle position bias, every pair
was evaluated twice (swapping A/B positions), and
we only counted a ‘Win’ if the judge was consis-
tent across both permutations or if the majority
vote across 3 runs favored one model. We also let
the LLM judges output an explicit reasoning prior
to preference selection, following prior findings
that structured reasoning can improve calibration
in automated evaluation (Chiang and Lee, 2023).
Appendix C provides additional information con-
cerning the specific instructions used for the LLM
judge.

5 Results

5.1 Comparison with Multi-Agent Baseline

Table 1 presents the head-to-head comparison
between our Single Inference Loop framework
MPOD and the multi-agent ConvoGen baseline.
Across 16 pairwise comparisons spanning 8 diverse
topics, human annotators demonstrated a strong
preference for our simplified approach.

As shown in Table 1, our framework achieved an
87.5% win rate when using GPT-5.1 and a 75.0%
win rate with Llama 3.3 70B.

‘Win Rate ‘Win Rate
Base Model  \ipop)  (ConvoGen)
GPT-5.1 87.5% 12.5%
Llama3370B  75% 25%

Table 1: Head-to-head comparison of our lightweight
framework MPOD against the multi-agent ConvoGen
baseline across 8 topics. Even with open-weight models,
our simple constraint-based approach is preferred by
annotators.

5.2 Agreement Analysis: The
Human—-Machine Alignment Gap

We evaluate agreement between human annotators
and state-of-the-art LLM judges (LLlama 3.3, Gem-
ini 3 Flash, and GPT-5.2) across 319 conversation
pairs. The results reveal a systematic lack of align-
ment between human and automated judgments in
the context of social multi-party dialogue.

As shown in Table 2, agreement between human
evaluators and LLM judges is negligible. Cohen’s
r values range from 0.113 for the Llama 3.3 judge
to a maximum of 0.175 for the Gemini 3 Flash
judge. These values fall well below commonly
cited thresholds for moderate agreement (0.4 <
x < 0.6), indicating that automated judges rely on
criteria that differ substantially from those used by
human evaluators. Exact agreement rates lie be-
tween 46.0% and 49.3%, corresponding to perfor-
mance no better than chance under a Bernoulli(0.5)
baseline.

Critically, human—human inter-annotator agree-
ment (Cohen’s k = 0.29, Fleiss’ k = 0.30) is sub-
stantially higher than any human-LLM agreement,
demonstrating that the near-random human-LLM
alignment is not attributable to inherent task ambi-
guity but to genuine divergence in evaluation crite-
ria between humans and automated judges.

Furthermore, LLM-LLM agreement across all
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Win Rate Comparison: Human vs. LLM Judges

100

Win Rate (%)

GPT-5.1

Gemini 3.0 Pro Gemma 3 27B

. Human Eval
W Uama 3.3 Judge
m Gemini 3 Judge
m— GPT-5.2 Judge

Uama 3.370B GPT-OSS 120B Qwen 3 30B

Figure 2: The Alignment Gap. Win rates for contestant models as evaluated by Humans (Blue) vs. SOTA LLM
Judges. Note the extreme inflation for proprietary models: the GPT-5.2 Judge awards GPT-5.1 a 100% win rate,
while Humans prefer it only 44% of the time. This demonstrates the “Echo Chamber" effect where judges favor

their own model families or styles.

Agreement Type Exact Cohen’s Tie Rate
Human-Human — 0.29 21.0%
Human vs. Llama 3.3 46.0% 0.113 0.2% (judge)
Human vs. Gemini 3 Flash  49.3% 0.175 0.0% (judge)
Human vs. GPT-5.2 47.3% 0.140 0.0% (judge)
LLM-LLM (avg.) — 0.68 —

Table 2: Agreement between Human Annotators, LLM Judges, and inter-annotator statistics on Overall Preference
(319 pairwise comparisons). Human—human agreement (x = 0.29) substantially exceeds human-LLM agreement
(k = 0.11-0.18), confirming that the alignment gap reflects genuine divergence in evaluation criteria rather than
task ambiguity. LLM-LLM agreement (x = 0.68) indicates that automated judges are internally consistent yet

systematically misaligned with humans.

judge pairs (Cohen’s k = 0.68, Fleiss’ k = 0.68) is
dramatically higher than human-LLM agreement.
Automated judges are highly self-consistent yet sys-
tematically diverge from human preferences — a
pattern consistent with an evaluative echo chamber
effect: LLM judges converge on shared stylistic pri-
ors that differ fundamentally from human notions
of conversational quality.

5.3 Tie Aversion in Automated Judges

A major contributor to this misalignment is the
manner in which ambiguity is handled by auto-
mated judges. Human annotators selected the Tie
option in approximately 21% of comparisons (with
tie rates ranging from 24% to 30% for Llama 3.3
pairs), reflecting the often ambiguous nature of
conversational quality judgments.

In contrast, all three LLM judges exhibit a pro-
nounced aversion to ties, despite being explicitly
instructed that ties were permissible, as detailed
in Table 2. Both the Gemini 3 Flash and GPT-5.2
judges produced no ties across all 150 evaluations,

while the Llama 3.3 judge selected a tie in only
a single case (0.2% tie rate). This forced binary
decision-making introduces artificial distinctions in
cases where humans perceive comparable quality,
thereby amplifying noise in close comparisons.

5.4 Model Bias and the Echo Chamber

Figure 2 and Table 3 visualize the striking diver-
gence in win rates in overall preference. We ob-
serve similar trends in Naturalness and Engaginess.
For a complete pairwise breakdown of all model
comparisons, we provide full win-rate heatmaps in
Figure 6 in Appendix.

All three LLM judges dramatically inflate the
performance of GPT-5.1 as a dialogue generator. It
is the preferred generator for all three judges with
a win rate of 86% or more. The GPT-5.2 judge
even awards it a perfect 100% win rate (50 wins, 0
losses). By contrast, human judges rank it at third
place with a 44% win rate.

While the literature has documented self-
preference bias in LLM judges, our results are more
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Human Eval Automated Evaluation (Win Rates)
Generator Model Win Rate Llama 3.3 Judge Gemini 3 Judge GPT-5.2 Judge
GPT-5.1 44.0% 86.0% 96.0% 100.0%
Gemini 3.0 Pro 46.0% 40.0% 84.0% 70.0%
Gemma 3 27B 44.0% 66.0% 58.0% 40.0%
Llama 3.3 70B 36.0% 38.0% 36.0% 28.0%
GPT-0SS 120B 46.0% 52.0% 12.0% 42.0%
Qwen 3 30B 18.0% 18.0% 14.0% 20.0%

Table 3: Win Rates by Judge. Bold values indicate significantly inflated scores compared to Human judgment.
The GPT-5.2 Judge exhibits extreme bias, awarding the GPT-5.1 model a perfect 100% win rate, despite humans

preferring it less than half the time.

nuanced. GPT-5.2 has a clear self-preference bias.
Gemini does gives its conversations a win rate of
84%, well above that of other LLM judges (40%
and 70%) or human judges (46%), but nonetheless
rates itself only at a strong second place and prefers
GPT-5.1 over itself. Finally, Llama 3.3 does not
display special preference towards itself in the eval-
uation at all. It gives its generated conversations a
win rate comparable to human judgment (38% vs.
36%), achieving second-to-last performance.

Taken together, these results indicate that cur-
rent LLM-as-a-Judge frameworks exhibit a form
of evaluative echo chamber with strong correla-
tion to verbosity (see Figure 3) which does not
reflect actual human preferences. A qualitative ex-
ample of this disagreement is provided in Figure
7, where human annotators prefer a concise, inter-
rupted exchange, while the judge favors a verbose
monologue.

5.5 The Transplant Ablation: Style
Dominance

The results discussed in Section 5.4 show that LLM
judges consistently rate homogeneous GPT-5.1 con-
versations higher than homogeneous Llama 3.3
conversations. To determine whether this is be-
cause GPT-5.1 generates more coherent conver-
sations or because the LLM judges superficially
prefer the writing style of GPT-5.1, we conduct a
controlled transplant ablation. For identical topics
and personas, we generate two sets of conversa-
tions:

* Control (Homogeneous): Three Llama 3.3
agents.

* Experimental (Transplant): Two Llama 3.3
agents and one GPT-5.1 agent.

Combining different agents with distinct ver-
bosity and stylistic profiles will create conversa-
tions with lower internal consistency. If the LLM

judges are picking winning conversations based
primarily on conversational coherence or stylistic
consistency, this should lower the win rate for these
generations. On the other hand, if they prefer the
GPT-5.1 writing style, the inclusion of that model
as an agent in the conversation will increase its win
rate.

Empirically, we observe the second pattern in
Table 5. The LLM judges show a near-universal
preference for transplant conversations over the
homogeneous control.

We extend the transplant ablation to test whether
judge preference reflects conversational coherence,
stylistic homogeneity, or model-family dominance.
In addition to the original Llama & Llama-GPT
transplant, we compare the same transplant conver-
sations against a homogeneous GPT baseline under
identical topics and personas.

As shown in Table 5, the transplant configura-
tion loses unanimously (0-10) across both Gemini-
3-Flash and GPT-5.2 judges. This establishes that
the transplant’s apparent advantage is relative, not
absolute. The LLM judges prefer GPT-style ut-
terances regardless of whether they appear in a
coherent multi-party conversation or a mixed-style
setting.

Taken together, the two transplant comparisons
in Table 5 reveal a style dominance effect: LLM
judges rank conversations in precise proportion to
the fraction of GPT-style utterances present (Ho-
mogeneous Llama < Transplant < Homogeneous
GPT). Humans, by contrast, show no such mono-
tonic pattern, as confirmed by additional human
annotations of the transplant conditions reported in
Table 4.

We note that these results do not establish that
mixing speakers from different model families
reduces conversational coherence. Rather, the
key finding is that LLM judge preferences track
the presence of GPT-style utterances far more
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Comparison Judge Hom. Wins Transplant Wins  Ties
GPT vs. Transplant LLM 100% 0% 0%
GPT vs. Transplant Human 38.1% 38.1% 23.8%
Llama vs. Transplant ~ LLM 0% 100% 0%
Llama vs. Transplant ~Human 33.3% 37.5% 29.2%

Table 4: Human vs. LLM judge preferences in the Transplant Ablation. LLM judges enforce a strict monotonic
ordering by GPT-utterance fraction; human judges show no such pattern, preferring neither the homogeneous nor

the transplant configuration decisively.

strongly than human preferences do — a result
that holds independent of any assumptions about
coherence. The effect persists even when conversa-
tional structure is destroyed via utterance shuffling
(Section 5.6), further confirming that judge behav-
ior is driven by surface stylistic cues rather than
structural quality.

5.6 Order Sensitivity Stress Test

To further test whether judges evaluate conversa-
tional structure or instead rely on surface stylistic
cues, we conduct an order-sensitivity stress test.
For each topic, we take a GPT-5.1 generated multi-
party conversation and randomly shuffle the ut-
terance order, breaking turn adjacency, response
relevance, and conversational flow while preserv-
ing lexical and stylistic features. We then compare
these shuffled conversations against coherent Qwen
3 30B conversations generated under the same top-
ics.

As shown in Table 6, both Gemini-3-Flash and
GPT-5.2 judges unanimously prefer the shuffled
GPT conversations (10-0), despite their lack of con-
versational coherence. This result strongly suggests
that judges do not robustly penalize violations of
turn-taking or discourse structure in multi-party di-
alogue, and instead rely primarily on model-family
style markers.

6 Conclusion

This work demonstrates that efficient, high-quality
multi-party dialogue generation can be achieved
using open-weight models such as Llama 3.3 70B
and Gemma 3 27B when combined with simple ar-
chitectural choices, including dynamic instruction
injection and cosine similarity constraints. Despite
its simplicity, our framework matches or outper-
forms more complex multi-agent baselines in hu-
man evaluation.

Moreover, our findings expose a substantial
alignment gap between human evaluators and state-
of-the-art LLLM-as-a-Judge systems in the evalua-

Homogeneous Transplant
Judge Model (Llama)  (Llama-GPT)
Gemini-3-Flash 0 10
GPT-5.2 0 10

Homogeneous Transplant
Judge Model (GPT) (Llama-GPT)
Gemini-3-Flash 10 0
GPT-5.2 10 0

Table 5: Head-to-head performance comparisons across
ten topics. The upper panel compares the Homoge-
neous (Llama 3.3-70B) baseline against the Transplant
(Llama 3.3-70B-GPT-5.1) configuration. The lower
panel displays the comparison between the Homoge-
neous (GPT-5.1) baseline and the same Transplant
model.

Judge Model Qwen 330B GPT 5.1 (Shuffled)
Gemini-3-Flash 0 10
GPT-5.2 0 10

Table 6: Head-to-head comparison of Qwen 3 30B vs
GPT 5.1 (Shuffled) across 10 topics. The ‘Shuffled’
designation indicates that the utterance order was ran-
domized.

tion of social multi-party dialogue. Across mul-
tiple judges and 319 experimental pairwise com-
parisons, human—-LLLM agreement remains near
chance (x = 0.11), driven primarily by verbosity
bias and assistant persona bias.

Crucially, inter-annotator agreement among hu-
man evaluators (x = 0.29) is substantially higher
than human-LLM agreement, ruling out task ambi-
guity as the cause of the alignment gap. At the same
time, LLM-LLM agreement (x = 0.68) reveals
that automated judges are internally self-consistent,
yet systematically misaligned with humans — con-
firming the evaluative echo chamber hypothesis.

Across transplant and shuffled-order stress tests,
we find consistent evidence that LLM judges privi-
lege stylistic homogeneity and model-family cues
over conversational coherence, calling into ques-
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Correlation between Verbosity and Judge Win Rates

100 1 Uama 3.3 Judge
®  Gemini3 Judge
A CPT-52Judge

80 4

Win Rate (%)

404

20

B 20 2

2 8 30

Average Token Count per Utterance

Figure 3: Verbosity Bias Analysis. Regression of model win rate against average utterance token count. All three
LLM judges exhibit a strong positive correlation (R? € [0.51,0.94]), indicating that response length serves as a
primary proxy for conversational quality in automated evaluation.

tion their suitability for evaluating multi-party so-
cial dialogue. We additionally show that LLM
judge preferences track GPT- style utterance pres-
ence in strict monotonic proportion, a pattern ab-
sent in human judgments.

Taken together, our analysis suggests that
general-purpose instruction-tuned models are
poorly suited as evaluators of social dialogue
within the specific generation regime studied here.
Progress in this domain will require the develop-
ment of socially aligned judges: models explicitly
trained on human preference data for naturalness,
engagement, and interactional dynamics, with ex-
plicit mechanisms to penalize excessive verbosity
and assistant-like structure. Our findings likely ex-
tend beyond multi-party dialogue to any setting
where interactional brevity and interruption are sig-
nals of quality, including collaborative writing, de-
bate, and role-play agents. Without such advances,
automated evaluation risks reinforcing stylistic arti-
facts rather than measuring genuine conversational
quality.

Limitations

Our study has several limitations given the subjec-
tive nature of open-domain dialogues.

First, our experiments are conducted exclusively
in English and focus on a fixed set of social topics
and personas. The extent to which the observed
alignment gap generalizes to other languages, cul-
tural contexts, or interaction styles remains an open
question.

Second, our conclusions are scoped to the spe-
cific generation regime studied: conversations gen-
erated from a 5-utterance history window with a
20-word brevity constraint, using three-participant
groups. While this controlled setting enables pre-
cise causal claims about LLM judge behavior un-
der matched conditions, further experimentation is
needed to extrapolate our findings to the full com-
plexity of spontaneous multi-party social dialogue.

Third, our analysis focuses on state-of-the-
art, instruction-tuned LLMs as automated judges.
While these models represent current frontier per-
formance, alternative judging strategies such as
models explicitly trained for evaluation or prefer-
ence modeling may exhibit different behaviors.

Fourth, while we identify strong correlations be-
tween verbosity, stylistic features, and automated
judge preferences, fully disentangling verbosity
from other correlated properties of assistant-style
outputs (e.g., formality or safety-oriented phrasing)
remains an important direction for future investiga-
tion.

Finally, the lack of open-domain multi-party
human corpora suitable for direct comparison
prevented us from benchmarking MPOD against
human-authored conversations. We consider this
an important future extension. Existing multi-party
corpora are either domain-restricted or consist of
scripted media transcripts, which do not reflect the
spontaneous conversational dynamics targeted by
our framework.
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Supplementary Material: Appendices

A Efficient Multi-Party Dialogue
Generation

Our framework simulates multi-party conversations
through a two-stage process. First, we generate
tailored personas based on a specific topic. For
this study, we utilized a set of seed topics spanning
diverse domains to ensure broad coverage of open-
domain discourse (see Table: 7). In the subsequent
stage, the conversation is synthesized by assigning
these generated personas to the participating agents,
who then interact within the context of the chosen
topic.

Topics

Funny or embarrassing stories
Culinary Adventures & Recipes

The Future of Space Exploration
AT’s Impact on Creative Jobs

The Shift Towards Plant-Based Diets
Is Social Media Net Positive?
Collaborative Storytelling (Mystery)
Planning a hypothetical Heist/Event
Most influential books and movies
Collecting and Hobbies

Table 7: Topics selected for generating conversation
using our light weight framework.

A.1 Topic and Persona

For each topic, the system generates a predefined
number of agent personas specifically curated to
ensure their backgrounds and interests align nat-
urally with the subject matter. While we limited
this study to three participants per conversation,
the number of agents remains a tunable hyperpa-
rameter. Finally, the system generates a starting
utterance assigning the initial turn to one of the
participating agents. The specific instructions used
for this generation phase are detailed below.

Instruction for Topic Persona Generation

You will be given a topic. Your task is to generate
a list of {Number_of _Personas} personas. The per-
sonas should be in first person and have information
related to the conversation topic. Also select initial
person who will start the conversation and an initial
utterance from them. Topic is {topic}.

\. J

To illustrate the output of the persona genera-
tion module, we provide a sample persona for the
"Collecting and Hobbies’ topic in here A.1.

Sample persona from topic: Collecting and Hobbies

Name: Arthur.

Persona: I’'m Arthur, a 68-year-old retired librarian,
and I've been a dedicated philatelist, or stamp collec-
tor, for over fifty years. I love the history and artistry
in each tiny square, but I find the modern emphasis
on monetary value over historical significance quite
disheartening.

A.2 Utterance Generation

During this stage, the model generates the next ut-
terance conditioned on a dynamically updated sys-
tem prompt. This prompt incorporates the agent’s
persona and a sliding window of the dialogue his-
tory, specifically the five preceding utterances. We
apply a temperature of 7' = 0.7 for open-weight
models, while proprietary API models are utilized
with their default parameters. While we capped
the current generation at 12 turns of utterance per
conversation, the framework supports variable dia-
logue depths by adjusting the turn-count parameter.
The exact system and user instructions are provided
below.

System Instruction for Conversation Agent

Your name is {name}. Your persona is: {persona}.
You are in a conversation. You will be given a conver-
sation description and conversation history. Provide
an appropriate response to the conversation. You re-
sponse should be short and concise (upto 20 words).

User Instruction for Conversation Agent

This is an ongoing online chat about: {conversa-
tion_topic}. Have a casual conversation. Feel free
to pivot to related topics that keeps the conversation
flowing naturally. The conversation history so far
is: {conversation_history}. Now it is your turn to
respond.

Your response should be engaging and keep the con-
versation flowing naturally. Incorporate natural hu-
man dialogue characteristics such as fillers, pauses,
and slang where appropriate. Avoid using phrases
like *you know?’, "right?’. DO NOT add your name
at the beginning of your response.

Response:

\

A.3 LLM-based Turn Selector

One of our turn-selection strategies leverages the
reasoning capabilities of LLMs. Given their profi-
ciency in capturing nuanced social dynamics and
contextual flow, LLMs are well-suited to determine
which participant should speak next. The module
evaluates the five most recent utterances alongside
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the list of participants to identify the most contextu-
ally appropriate speaker. This selection is returned
in a structured JSON format to ensure system com-
patibility. The specific system and user instructions
are detailed below.

System Instruction for Speaker Selector

You are an expert speaker selector for a multi-party
conversation. You need to select the most logical and
natural next speaker from a list of available speak-
ers based on the provided conversation history. Your
response MUST be ONLY the single enum value cor-
responding to the agent who should speak next. DO
NOT provide any explanation, preamble, or format-
ting.

User Instruction for Speaker Selector

Available speakers: {agents}. The conversation his-
tory is: {conversation_history}. The next speaker
is:

B Human Evaluation

To facilitate human evaluation, we developed a
dedicated annotation platform that allows partic-
ipants to review the conversation topic, dialogue
history, and agent personas before providing prefer-
ences and qualitative feedback. The platform was
designed to control for experimental biases; specif-
ically, we randomized the order of Model A and
Model B to mitigate ordering and recency effects.
This ensures that each model appears in both posi-
tions with equal frequency across all comparisons.
Participants were required to review the following
annotation guidelines (Fig: 4) prior to starting the
task.

Figure 5 provides a visual overview of the an-
notation platform, illustrating the interface used
during the human evaluation process.

This study received approval from the Ethics
Board for human evaluation, and informed consent
was obtained from all participants.

C LLM as a Judge

Automated evaluation is performed using an LLM-
as-a-judge framework. To enhance the reliability of
these judgments, we implement Chain-of-Thought
(CoT) prompting, requiring the model to provide a
step-by-step rationale before selecting a preferred
response. We outline the exact system and user
instructions for the automated judge below.
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System Instruction for LLM Judge

You are an impartial human-like evaluator. You must
compare two multi-party conversations. Your evalua-
tion should mimic genuine human judgment behavior.
You should not be biased by the utterance length
of the conversations. If the conversation’s quality
are close, consider a tie option. Follow the instruc-
tions strictly. Think step-by-step and provide brief
reasoning for each criterion, then output your final
judgments in JSON format.




Annotation Guideline: Multi-Party Conversation
Evaluation

This document provides instructions for evaluating and comparing Al-generated group conversations.
You will be presented with two distinct dialogues ( Conversation A and Conversation B ) featuring three
or more fictional participants discussing everyday topics.

Task Overview

Your objective is to read both conversations thoroughly and determine which one provides a superior
user experience based on three primary pillars: Naturalness , Engagingness , and Overall Preference .

1. Evaluation Criteria
When comparing the two conversations, use the following definitions to guide your judgment:

« Naturalness : Which conversation sounds more like something real people would say in everyday
life?

» Engagingness : Which conversation is more interesting, lively, or pleasant to read?

« Overall Preference : If you could continue chatting with one of these groups for a longer
conversation, which would you prefer?

2. Rating Instructions

For every pair of conversations, you must complete the following two steps:

Part 1: Pairwise Preference
Select one of the following options:

« Conversation A : If A is noticeably better than B.
» Conversation B : If B is noticeably better than A.
» Tie / No clear difference : If both are of equal quality or if neither is better.

Part 2: Qualitative Feedback (Comments)
Provide a brief justification for your choice. Your comments help us understand the "why" behind your

preference.

Figure 4: Annotation Guideline provided to participants
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Topic: The Future of Space Exploration

Personas: Dr. Aris Thorne: I'm a male Lena Petrova: As a female Keniji Tanaka: | am a 62-year-old
astrophysicist in my late 40s with a entrepreneur in my mid-30s, | male science fiction author who
PhD, and | spend my days founded a company focused on has spent a lifetime imagining
analyzing deep space data, asteroid mining and reusable humanity's future among the stars.
searching for signs of launch systems. | see space as the I'm fascinated by the ethical and
extraterrestrial life. I'm thrilled by next economic frontier and love societal challenges of colonizing
the prospect of missions to Europa developing practical solutions for Mars and believe it's our destiny,
and Titan but dislike how off-world living, but | get frustrated but | fear the potential for conflict
commercial interests sometimes by the slow pace of government- and inequality as we expand.
overshadow pure scientific led space agencies.
discovery.

Conversation A Conversation B

breathtaking; they truly make me believe we're on the

cusp of discovering something monumental out there.

Dr. Aris Thorne:

Sure, the data’s gold, but turning it into profit shouldn't
eclipse the pure quest for knowledge.

Lena Petrova:

Yeah, stunning. But honestly, I'd rather be out there
mining those rocks than just staring at 'em.

Kenji Tanaka:

Yeah, the data's dazzling, but if we rush mining, who's left
to write the next chapter?

Keniji Tanaka:

Mining... hmm. | fear we'll just carry our greed and
conflicts up there with the drills.

Lena Petrova:

Honestly, | get that—without funding, those insights never
become reality, so we need to balance both.

Lena Petrova:

Nah, infinite resources actually mean /ess fighting over
scraps down here. It's the only way forward.

Dr. Aris Thorne:

| get the funding hustle, but let's make sure science drives
the agenda, not just the cash flow.

Dr. Aris Thorne:
Maybe... but | dread seeing scientific sanctuaries turned

into industrial strip mines. We lose too much.
Kenji Tanaka:

Evaluation

1. Naturalness: Which conversation sounds more like something real people would say in everyday life?

O Als better O Biis better O Tie

2. Engagingness: Which conversation is more interesting, lively, or pleasant to read?

O A'is better O B is better O Tie

3. Overall Preference: If you could continue chatting with one of these groups for a longer conversation, which would you prefer?

O A'is better O B is better O Tie

Additional Comment (Reason for your preference): Please Provide a brief justification for your choice. Your comments help us understand
the "why" behind your preference.*

Figure 5: Example from Human Annotation Platform
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User Instruction for LLM Judge

You will evaluate two conversations. Your task is to decide which conversation is better under several criteria.

Your output MUST be valid JSON only.

### TOPIC: {topic}

### PARTICIPANTS:
{participants}

### CONVERSATION A:
{conv_a}

### CONVERSATION B:
{conv_b}

### EVALUATION GUIDELINES

For each criterion below, choose exactly one:
-"A" — Conversation A is better

- "B" — Conversation B is better

- "Tie" — No clear difference

Criteria:
1. Naturalness
Which conversation sounds more like something real people would say in everyday life?

2. Engagingness
Which conversation is more interesting, lively, or pleasant to read?

3. Overall Preference
If you could continue chatting with one of these groups for a longer conversation, which would you prefer?

IMPORTANT:

- Base decisions ONLY on the text shown.

- First, provide brief reasoning for your choice (1-2 sentences).

- Then, output your final judgments in the exact JSON format shown below.

#i## RESPONSE FORMAT
Provide your reasoning, then output:

{
"naturalness”: "A" | "B" | "Tie",
"engagingness“: IIAH | IIBH | )ITiell’
"overall_preference”: "A" | "B" | "Tie"
3

43341



D Additional Results Model Average Token Count

GPT-5.1 31.08
Gemma3-27B 24.38
GPT-OSS-120B 22.95
Gemini-3-Pro 21.95
Llama-3.3-70B 20.94
Qwen-3-30B-Thinking 17.86

Table 8: Mean token counts per utterance across LLMs
(descending order)

preferences (a) appear relatively balanced and ex-
hibit non-transitive characteristics, the LLM judges
(b—d) demonstrate high levels of asymmetry and
extreme preference scores. Specifically, the LLM
judges tend to display family-specific dominance,
often assigning near-total wins to certain models
while heavily penalizing others. This disparity sug-
gests that automated judges may be susceptible to
inherent model biases or stylistic preferences that
do not fully align with the more varied and nuanced
decision-making patterns of human participants.

E Annotated Dialogue Samples and
Evaluator Comparisons

Judge Model Naturalness Engagingness Overall

We calculated the mean token counts per utter-

. . Gemini 3 Flash GPT-5.1 GPT-5.1 GPT-5.1
ance presented in Table 8 for each model to in- GPT-5.2 GPT:5.1 GPT-5.1 GPT-5.1
vestigate the relationship between response length Llama 3.3 GPT-5.1 Llama 3.3 GPT-5.1
and model preference. Models like GPT-5.1 and Human Llama 3.3 Tie Llama 3.3

Gemma3-27B exhibit the highest average verbosity.
By cross-referencing these lengths with the win  Table 9: Comparison of Human and LLM-based prefer-
rates in Figure 3, we observe that LLM judges  ence alignments for the conversation instances shown
often favor these more verbose outputs over the ~ in Figure: 7

concise, natural style typical of human dialogue.

Judge Model Naturalness Engagingness  Overall

Gemini 3 Flash GPT-5.1 GPT-5.1 GPT-5.1
GPT-5.2 Gemma 3 GPT-5.1 GPT-5.1
Llama 3.3 Gemma 3 GPT-5.1 GPT-5.1
Human Tie Gemma 3 Gemma 3

Table 10: Comparison of Human and LLM-based pref-
erence alignments for the conversation instances shown
in Figure: 8

We visualized the comparative performance of
human and automated evaluators through head-
to-head win rate heatmaps in Figure 6 compar-
ing human evaluators with three different LLM
judges (GPT-5.2, Gemini 3 Flash, and Llama 3.3).
A significant divergence is observed between hu-
man and automated assessments: while human
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Head-to-Head Wins: HUMAN - overall_preference

Head-to-Head Wins: LLM - overall_preference
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Figure 6: Head-to-head win rate heatmaps. Each cell (4, j) represents the number of times model ¢ was preferred

over model j. Human evaluations exhibit balanced and non-transitive preferences, while LLM judges display strong
asymmetries and family-specific dominance patterns.
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Topic: Is Social Media Net Positive?

OVERALL: A NATURALNESS: A ENGAGINGNESS: Tie

Comment: "Ais closer to how humans converse."

llama3.3 ¥ winner

ALEX
| was just thinking how incredible social media has been for my little
bookstore; it really feels like a net positive for creating community.

SARAH
That's great for business, but what about its impact on teens, | see some
pretty dark stuff daily...

BEN

Yeah, that's a really good point, | mean, mental health concerns are huge
with social media...

ALEX

Honestly, that's a tough one... I've seen some studies on it, pretty alarming
stuff.

SARAH
Anxiety, depression... it's like, a whole other world online, ugh.

BEN

And have you guys seen those docs on algorithm manipulation, it's crazy...

ALEX

I mean, it's wild, algorithms controlling what we see, kinda scary...

SARAH
So, do you think these companies even care about the fallout from their
algorithms?

BEN
Honestly, I'm not so sure, their priority seems to be engagement over
ethics, pretty concerning...

ALEX
Yeah, that's a good point, | mean, it's all about those ad dollars, huh?

SARAH
I mean, it's all about profit over people, sadly...

BEN
Totally, it's like, they're playing with fire, and we're the guinea pigs...

gpt5_1

ALEX
| was just thinking how incredible social media has been for my little
bookstore; it really feels like a net positive for creating community.

SARAH

That's awesome for your shop! I'm curious though—do you ever feel
pressure to be “on” all the time online?

ALEX
Oh, totally. It's exhausting sometimes—constant posting, replies,
algorithms. | miss just selling books. How do you handle online pressure?

SARAH
Honestly, | limit my accounts and set “offline hours.” Teens hate it when |
preach boundaries, but it helps.

I'm torn on it. Great for reach, brutal for mental health. Do you ever fully log
off for a day?

SARAH
Yeah, | do "digital sabbath” Sundays—no apps at all. Huge reset. Ever tried
deleting them for a weekend?

ALEX
| haven't fully deleted them yet, but I'm tempted. Does the "digital sabbath”
make Mondays feel less overwhelming?

SARAH
Yeah, way less frantic. My brain feels quieter. Maybe test one Sunday this
month and treat it like an experiment?

BEN
Love “treat it like an experiment.” Alex, what scares you most about logging
off—losing sales, or losing connection?

ALEX
Honestly, both—missing a sale and missing a real moment with people.
Maybe scheduling posts could free up Sundays?

SARAH
Yeah, scheduled posts could be a game changer. Maybe pair that with a
“no-DMs Sunday” to really unplug?

BEN
| like that—posts go out, but you're off. Maybe even put “offline Sundays”
in your bio to set expectations.

Figure 7: Annotation example
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Topic: Planning a hypothetical Heist/Event

OVERALL: A NATURALNESS: Tie  ENGAGINGNESS: A

Comment: "l feel that A may be more engaging and more captivating on a human level."

gemma3_27b ¥ Winner

ALEX 'THE ARCHITECT' VANCE
Alright, thank you both for coming. Let's look at the target: the Starlight
Casino during their annual gala.

MAYA 'GHOST' SINGH
Starlight, huh? Sounds...flashy. Security’s gotta be a nightmare, but that's
kinda the point, isn't it?

LEO 'THE FACE' GALLO
Flashy is an understatement. Gala night...lots of eyes, but also distractions,
maybe? We can use that.

ALEX 'THE ARCHITECT' VANCE
Distractions are good... but let's not rely on *just* chaos. We need layers, a
solid foundation. Thoughts?

MAYA 'GHOST' SINGH
Layers, definitely. I'm already seeing a few potential entry points... digitally
speaking, of course.

LEO 'THE FACE' GALLO
Hmm, digital’s smart. I'm thinking social engineering could get us a foot in
the door... maybe even inside info.

ALEX 'THE ARCHITECT' VANCE

Social engineering... solid. Let's map out the staff—who's disgruntled,
who's predictable, basically, who's a weak link.

MAYA 'GHOST' SINGH

Okay, cool. While you're digging up dirt on the staff, I'll map their network.
See what | can... finesse.

LEO 'THE FACE' GALLO
Good idea. Knowing who holds a grudge—or a secret—can open doors,
literally. Let's start there.

ALEX 'THE ARCHITECT' VANCE
Alright, excellent. Let's prioritize—security protocols first, then staff
vulnerabilities. We need both mapped simultaneously.

MAYA 'GHOST' SINGH
Sounds good. I'll start poking around their systems... should be fun,
honestly.

LEO 'THE FACE' GALLO
Yeah, and let’s not forget the catering staff—access to everything, plus
they're usually overlooked. Just sayin".

gpt5_1

ALEX 'THE ARCHITECT' VANCE
Alright, thank you both for coming. Let's look at the target: the Starlight
Casino during their annual gala.

MAYA 'GHOST' SINGH
Starlight, fancy. Gala's perfect cover. I'll handle the digital cage—cams,
door logs, payouts. What's our in-and-out window?

LEO 'THE FACE' GALLO

Gala doors open at 7, peak chaos around 10. | say 9:30-10:15 window. I'll
work the floor.

ALEX 'THE ARCHITECT' VANCE
Nice. So 45-minute window. | want entry, extraction, and fallback routes
mapped. Any scheduled shows or distractions we can hijack?

MAYA 'GHOST' SINGH
They've got that midnight-lite laser show, yeah? If there's a rehearsal
during the gala, | can piggyback a “glitch” blackout.

LEO 'THE FACE' GALLO
If you can time that blackout, I'll stage a “VIP mishap” nearby. We got a
floorplan for crowd flow?

ALEX 'THE ARCHITECT' VANCE
Yeah, | pulled blueprints. Main crowd bottlenecks near the roulette pit and
bar. Service corridor behind them is our artery.

MAYA 'GHOST' SINGH

Service corridor’s my playground then. I'll ghost their badge system for a
clean loop. Any blind spots for a quick stash?

LEO 'THE FACE' GALLO
Yeah, two: housekeeping closet off that corridor and the VIP restroom
antechamber. Both low-traffic, good for a quick stash.

ALEX 'THE ARCHITECT' VANCE
Good. Closet's primary stash, VIP antechamber is overflow. | want timed
runs: drop, swap, disappear. Maya, blackout duration?

MAYA 'GHOST' SINGH
Give me 90 seconds clean, 3 minutes messy. Past that, security smells
smoke. You two cover noise and eyes.

LEO 'THE FACE' GALLO
Messy three minutes is my playground. I'll stack a drunk-VIP scene plus
“lost high-roller chip” dispute to stretch chaos.

Figure 8: Annotation example



