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ABSTRACT

AT agents that support collaborative learning must model
the phenomena that drive productive group work, includ-
ing communicative acts, belief formation, trust dynamics,
and reasoning quality, as they unfold in real time. Exist-
ing collaborative datasets capture idealized cooperation un-
der shared epistemic goals, but the dynamics pervasive in
real classrooms, such as misconceptions, unreliable contribu-
tions, overconfident errors, and their downstream effects on
group reasoning, remain largely absent and unlabeled. We
propose social deduction games, specifically Secret Hitler,
as a proxy testbed where collaborative problem solving and
controlled injection of unreliable information co-occur with
researcher-accessible ground truth. The game’s role struc-
ture produces contributions that are functionally equiva-
lent to classroom misconceptions and misdirection, but with
known provenance, enabling traceable study of how unreli-
able information propagates through groups. We present
a multi-layer annotation framework that captures commu-
nicative acts using a validated persuasion strategy taxon-
omy, player-reported belief states yielding first- and second-
order Theory of Mind data, and post-hoc epistemic vigi-
lance assessments of whether belief updates were warranted
given available evidence. We pair this framework with multi-
person egocentric sensing using Meta Aria research glasses
alongside exocentric recording, providing synchronized cap-
ture of gaze, attention, and social signals from every partic-
ipant’s perspective. Pilot data from two 6-player, 9-round
sessions demonstrates that failed epistemic vigilance, belief
fragmentation, and traceable misinformation effects emerge
naturally and are captured by the framework.
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Figure 1: Real collaboration (left) involves heterogeneous
contributions, competing attention, and participants who
may be disengaged or misinformed—dynamics pervasive in
collaboration but largely absent from controlled datasets.
Idealized settings (right) capture only cooperative interac-
tion. Our testbed produces the dynamics on the left with
the ground truth needed to study them.

1. INTRODUCTION

AT agents that facilitate collaborative learning must model
the phenomena that drive productive group work as they
unfold: the communicative acts members perform, the be-
liefs they hold and revise, the reasoning quality with which
they evaluate one another’s contributions, and the trust dy-
namics that determine whose voice carries weight [2, 15, 18].
Developing models that capture these phenomena requires
extensive iteration on sensing, annotation, and inference
that would consume scarce instructional time if conducted
in classrooms. Instead, we need proxy testbeds: controlled
environments where groups collaborate naturally, produc-
ing multimodal signals (speech, gaze, gesture, posture), but
where data collection serves system development rather than
student learning.

Existing testbeds such as the DELI corpus [9] and Physics
Playground [18] capture multi-party deliberation and col-
laborative problem solving (CPS), but under shared epis-
temic goals where all participants work toward the right
answer. Real collaboration is messier: students unknow-
ingly spread misconceptions, assert incorrect solutions with
unwarranted confidence, freeload, or dominate discussions
unproductively [4]. These dynamics of unreliable contribu-
tions—not intentional sabotage, but the natural heterogene-
ity of contributor quality—are pervasive in classrooms [10,
14] yet rare in existing datasets.

We propose social deduction games, specifically Secret Hitler,


https://doi.org/10.5281/zenodo.21039891

as a proxy testbed that fills this gap. Players are secretly
assigned to cooperative or disruptive teams and engage in
structured rounds of discussion, voting, and policy enact-
ment. For the majority of players, the game is collaborative
problem solving: pooling incomplete evidence, evaluating re-
liability of claims, and coordinating decisions under genuine
uncertainty about who is trustworthy [15, 18]. What makes
the setting valuable is that a minority of players are struc-
turally incentivized to introduce unreliable information—
spreading misinformation, asserting false claims with con-
fidence, and undermining group reasoning. These contribu-
tions are functionally equivalent to the misconceptions, over-
confident errors, and unproductive dominance documented
in classroom groups [3]: the collaborative challenge they
pose is the same, even though the underlying intent differs.
Crucially, every piece of unreliable information has known
provenance (role assignments provide ground truth), and its
effects on group beliefs are traceable through our annotation
framework.

We introduce a multi-layer annotation framework target-
ing progressively deeper social-cognitive constructs. Layer 1
classifies communicative acts using a validated persuasion
strategy taxonomy [11]. Layer 2 collects player-reported be-
lief states after each round, yielding first- and second-order
Theory of Mind data grounded in Baker et al.’s [2] frame-
work. Layer 3 infers epistemic vigilance post-hoc [16], the
capacity to evaluate communicated information for source
reliability and content plausibility rather than accepting it
uncritically, assessing whether belief updates were warranted
given available evidence. The cascading structure of com-
municative act — belief update — vigilance assessment—
captures the trajectory from speech to social-cognitive out-
come that a classroom agent must track. We pair this
framework with multimodal sensing using Meta Aria ego-
centric research glasses [7], instrumenting every player to
capture synchronized video, eye tracking, and inertial data
from first-person perspectives.

Our contributions are:

e A multi-layer annotation framework integrating com-

municative act classification, player-reported belief states

(first- and second-order Theory of Mind), and post-hoc
epistemic vigilance inference for coding group social-
cognitive dynamics.

e A positioning of Secret Hitler as a CPS environment
with controlled injection of unreliable information with
known provenance, addressing a gap left by datasets
capturing only idealized cooperation.

e Pilot data from two 6-player sessions demonstrating
that failed vigilance, belief fragmentation, and trace-
able misinformation effects emerge naturally and are
captured by the framework.

2. SECRET HITLER AS A CPS TESTBED

In Secret Hitler, 5 to 10 players are secretly assigned roles as
Liberals or Fascists, with one Fascist designated as Hitler.
Each round, a President nominates a Chancellor; the group
votes to approve or reject; and if approved, the government
enacts a policy from a constrained deck. Liberals win by
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enacting five Liberal policies or assassinating Hitler; Fas-
cists win by enacting six Fascist policies or electing Hitler
as Chancellor.

For the majority of players (Liberals), the game s collab-
orative problem solving: they must externalize private in-
formation, build shared representations of the game state,
and negotiate coordinated action, all without knowing who
their allies are. This maps onto the joint problem space [6,
15, 19] operationalized as “constructing shared knowledge”
in the General Competency Model [18]. Critically, the game
enforces the information asymmetry that the hidden pro-
file literature identifies as the hardest part of real collab-
oration [12, 17], a challenge most CPS testbeds sidestep.
Discussion phases require players to surface disagreements,
provide evidence, and converge on action [3, 8], instantiating
the argumentative structure that predicts decision quality [9,
13, 20].

What makes the setting distinctive is not that it introduces
dynamics foreign to CPS, but that it makes wvisible and la-
beled the kinds of unreliable contributions that pervade real
collaboration but are rarely captured in research settings.
Barron [4] documented how classroom collaborations fail
when members push incorrect solutions with unwarranted
confidence or dismiss valid contributions. Students regu-
larly spread misconceptions, sometimes unknowingly, some-
times through carelessness and the group’s ability to detect
and correct these contributions determines whether collab-
oration succeeds [4]. These dynamics are pervasive [10, 14]
yet absent from controlled CPS datasets designed to elicit
cooperation under shared goals [18]. Secret Hitler produces
functionally equivalent dynamics through its role structure:
Fascist players introduce misinformation, assert false claims
with confidence, and selectively withhold evidence. The
collaborative challenge this poses of forcing the group to
evaluating contributions of uncertain reliability, pooling in-
complete evidence, and reaching decisions despite mislead-
ing information, is the same challenge groups face when-
ever collaboration involves distributed knowledge and het-
erogeneous contributor quality. We do not claim that game
players are cognitively equivalent to struggling students; we
claim that the epistemic problem is shared. The method-
ological advantage is that the ground truth is known: role
assignments let us track who introduced unreliable informa-
tion, who accepted it (Layer 2), and whether that acceptance
was warranted (Layer 3). In a classroom, the same dynamics
occur but leave no traceable record.

The testbed also provides structured temporal episodes (nom-
ination — discussion — vote — reveal), rich multimodal
interaction in a facetoface small group, and repeatability
across sessions. Our annotation framework (Section 3) cap-
tures what existing deliberation datasets cannot: the down-
stream effects of unreliable contributions on individual be-
liefs, traced from specific communicative acts to specific be-
lief changes in specific individuals.

3. MULTI-LAYER ANNOTATION FRAME-
WORK

3.1 Multi-Layer Annotation Framework
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Figure 2: Three layer annotation of a discussion phase. Utterances are classified by communicative function (Layer 1), linked
to belief updates (Layer 2), and assessed against ground truth as successful or failed epistemic vigilance (Layer 3). Color
indicates true role (red = adversarial, green = collaborative; hidden during play).

The framework is hierarchical: each layer targets a progres-
sively deeper dimension of group social-cognitive dynamics.
Layers 2 and 3 operationalize two cognitive science frame-
works: Baker et al.’s [2] Bayesian Theory of Mind and Sper-
ber et al.’s [16] epistemic vigilance which have been influ-
ential but not previously applied to multimodal behavioral
annotation in group settings.

3.2 Layer 1: Communicative Acts

We adopt the six-category taxonomy from Lai et al. [11], an-
notated at the utterance level: Identity Declaration, Accusa-
tion, Interrogation, Call for Action, Defense, and Evidence.
This layer captures what communicative act a speaker per-
forms, the information an agent needs to classify conversa-
tional moves in real time. Lai et al. report Krippendorff’s
a > 0.6 across all categories, establishing feasibility for reli-
able annotation.

3.3 Layer 2: Player-Reported Belief States
At the end of each round, players report two types of beliefs:

First-order ToM. Each player records their belief about ev-
ery other player’s role (Liberal, Fascist, or uncertain). Since
researchers know the true assignments, these reports yield
calibration data: how accurately does each player’s belief
state track reality as evidence accumulates?

Second-order ToM. Each player records what they think
others believe about their own role. Comparing Player A’s
second-order report against Player B’s actual first-order re-
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port yields a direct measure of Theory of Mind accuracy [2].

These belief reports serve as supervision signals for train-
ing models that infer beliefs from observable behavior—gaze
patterns, speech acts, voting behavior, and postural cues—
since a classroom agent cannot ask students to report beliefs
directly.

3.4 Layer 3: Epistemic Vigilance

This layer is inferred post-hoc using Layers 1 and 2 together
with ground-truth role assignments [16]. For each commu-
nicative act targeting a specific player, we examine the re-
ceiver’s belief trajectory:

e Successful vigilance: belief moved toward truth (e.g.,
correctly increasing suspicion of a Fascist after incon-
sistent behavior)

e Failed vigilance: belief moved away from truth (e.g.,
persuaded by a misleading claim, or failing to update
when evidence warranted it)

Figure 2 illustrates this cascading structure with an excerpt
from a pilot session. P1 (true role: Disruptive) advocates
for an irrational move of skipping a turn and hoping for a
favorable outcome. P5 correctly objects by presenting evi-
dence that the odds are poor, updating their belief that P1
is a Disruptor showing successful vigilance. P4, however,
accepts P1’s reasoning and agrees to skip, maintaining the
belief that P1 is a trustworthy Collaborator despite the weak
justification: failed vigilance. The same exchange thus pro-
duces both outcomes in different receivers, and the frame-
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Figure 3: (a) Four collaborative players’ beliefs about P5 (true role: Disruptive) across rounds. No collaborator ever correctly
classified P5. P3 briefly suspected P5 (Rounds 2-3) but reversed by Round 4—a belief update away from truth, illustrating
failed vigilance. (b) Number of fellow collaborators each player correctly identified per round (max = 3).

work captures exactly where and why the group’s reasoning
diverged.

4. SENSING AND DATA CAPTURE

All players wear Meta Aria Gen 1 research glasses [7], cap-
turing egocentric RGB video, eye-tracking data, and IMU
signals. Group audio is recorded via the glasses’ micro-
phones, and an overhead camera provides an exocentric ref-
erence view. Game state is logged by a facilitator.

Most multimodal learning analytics systems rely on exocen-
tric sensing—ceiling-mounted cameras and external micro-
phones [1]. While scalable, these setups cannot reliably re-
cover participant-relative signals: whether someone is look-
ing at you, directing a statement toward you, or attend-
ing to the current speaker. Our testbed instruments every
player with egocentric glasses, producing synchronized cap-
ture from all participants’ viewpoints. This enables gaze-
derived features aligned with our annotation layers: identi-
fying each player’s attention target at utterance onset (link-
ing Layer 1 acts to perceptual targets), characterizing gaze
sequences during deceptive vs. truthful communication [5],
and computing group-level attention divergence across all
players at each timestep. Both egocentric and exocentric
streams are captured simultaneously, enabling empirical com-
parison of whether first-person signals carry more informa-
tion about the social-cognitive constructs in Layers 1-3.

S. PILOT DATA

To demonstrate that the target phenomena emerge natu-
rally, we report observations from a pilot session (6 players,
9 rounds, 2 Disruptive/Adversarial and 4 Collaborative). All
players wore Aria glasses and completed belief reports after
each round.

Detecting Failed Vigilance. Figure 3(a) tracks collabora-
tive players’ evolving beliefs about P5, whose true role was
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Disruptive. Despite 9 rounds of discussion and evidence, no
collaborator correctly identified P5. P3 initially suspected
P5 (Rounds 2 and 3) but reversed toward Collaborative by
Round 4, constituting failed vigilance in our Layer 3 frame-
work: P3 possessed a partially correct signal but abandoned
it, likely in response to P5’s communicative acts (Layer 1)
that undermined the suspicion.

Active but Counterproductive Participation. Figure 3(b)
reveals a complementary pattern. P3 correctly identified
zero allies across all 9 rounds, placing every collaborator in
the Disruptive category—the profile of a group member who
is actively reasoning but systematically misdirected. This is
analogous to a student who is engaged but whose contribu-
tions fragment rather than strengthen shared understand-
ing. Distinguishing active-but-counterproductive participa-
tion from constructive collaboration is precisely the capabil-
ity our Layer 3 assessment operationalizes. P1, by contrast,
peaked at identifying all three allies (Rounds 3-4) before
declining, suggesting group-level belief fragmentation as un-
reliable information accumulated.

6. DISCUSSION AND CONCLUSION

The pilot data, though limited to a single session, demon-
strates two properties. First, the multi-layer framework
produces linked annotations: specific communicative acts
traced to specific belief changes in specific individuals, as-
sessed for epistemic warrant which is a cascading structure
not available in existing CPS [18] or deliberation [9] datasets.
Second, the testbed produces unreliable contributions with
known ground truth, enabling study of how misinformation
propagates through groups and what behavioral signals dis-
tinguish listeners who detect it from those who do not.

We frame the testbed as addressing a prior question: is it
feasible to infer social-cognitive constructs from multimodal
behavioral signals at all? The signals captured here are nat-



uralistic with overlapping speech, occlusions, and rapid gaze
shifts, but with clean supervision unavailable in educational
settings. We do not claim models trained on game data will
deploy directly in classrooms; what transfers is the inference
machinery and the insight that proxy testbeds with clean su-
pervision can accelerate model development impractical to
iterate on in instructional settings.

7. LIMITATIONS

The pilot comes from a single 6-player session; we do not
claim generalizability. Player-reported beliefs are subject to
social desirability and retrospective rationalization. Layer 3
assessments depend on binary ground truth cleaner than any
classroom would provide. The game’s competitive structure
may elicit more deliberate reasoning than typical collabora-
tion, and the sensing setup requires research-grade hardware
whose value is in model development, not deployment.
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