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ABSTRACT

AT agents that support collaborative learning must detect
reasoning failures as they unfold: misconceptions propa-
gating unchecked, weak claims accepted without scrutiny,
and participants reasoning actively but reaching wrong con-
clusions. Building such detection models requires datasets
where these failures occur and are labeled and yet existing
collaborative datasets capture only idealized cooperation un-
der shared epistemic goals. This paper presents a doctoral
research program addressing this gap through three inte-
grated contributions: (1) a multi-layer annotation frame-
work that traces communicative acts through belief updates
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to epistemic vigilance assessments, operationalizing constructs

from cognitive science for behavioral annotation; (2) a proxy
testbed using social deduction games where unreliable in-
formation enters group reasoning with known provenance,
enabling traceable study of how epistemic failures propa-
gate; and (3) multi-person egocentric sensing that captures
participant-relative signals unavailable to traditional exo-
centric setups. This work extends my prior research on
propositional extraction, common ground tracking, deliber-
ation chain modeling, and automated annotation in collab-
orative settings, building toward an integrated system that
can monitor the quality of group reasoning in real time. Pi-
lot data from a 6-player session demonstrates that failed
vigilance, belief fragmentation, and traceable misinforma-
tion effects emerge naturally and are captured by the frame-
work.
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1. PROBLEM AND STATE OF THE ART

Collaborative problem solving (CPS) is a core competency in
education that involves sharing information, building com-
mon ground, reasoning about evidence, forming and revising
beliefs, and coordinating action through communication [15,
18]. For collaboration to be productive, participants must
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evaluate each other’s contributions, weigh evidence, update
beliefs, and coordinate decisions often under genuine uncer-
tainty, especially when there is no single clear answer and
the task is open-ended. The quality of this evaluation pro-
cess, what Sperber et al. [16] term epistemic vigilance, is
what separates productive collaboration from groups that
converge on misconceptions or fragment into incompatible
understandings.

The challenge for educational data mining is that existing
collaborative datasets overwhelmingly capture idealized co-
operation. Corpora such as the DELI dataset [8] and frame-
works like the General Competency Model [18] operational-
ize CPS under shared epistemic goals, where all participants
work toward a correct answer. Real classrooms are messier
where students unknowingly spread misconceptions, assert
incorrect solutions with unwarranted confidence, freeload,
or dominate discussions unproductively [3]. These dynam-
ics of unreliable contributions, the natural heterogeneity of
contributor quality, are pervasive in educational settings [9,
14] yet rare and unlabeled in controlled datasets. With-
out data where epistemic failures occur with known ground
truth, building detection models is intractable.

A second gap concerns sensing modality. Current multi-

modal learning analytics for collaboration rely predominantly
on exocentric sensing with overhead cameras and external

microphones [1]. Egocentric sensing offers the potential to

capture participant-relative signals that exocentric setups

cannot reliably recover: whether a listener is attending to

the speaker during a critical claim, or scanning others’ re-

actions before updating a belief. Whether these first-person

signals carry additional information about the social-cognitive
constructs relevant to CPS, and epistemic vigilance in par-

ticular, is an open empirical question that this work aims to

investigate.

1.1 Prior Work: Building Toward Epistemic

Monitoring
My doctoral research has progressively built the computa-
tional infrastructure needed to model collaborative reason-
ing. This trajectory establishes both the technical founda-
tions and the motivating gaps that the current work ad-
dresses.

Extracting what groups discuss. I developed methods for
extracting task-relevant propositions from natural speech
in collaborative settings, using cross-encoder architectures
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adapted from coreference resolution [22]. This work estab-
lished that the semantic content of group dialogue can be re-
covered automatically, even from noisy overlapping speech,
and was later extended to handle automated transcription
with minimal degradation [21]. These methods became a
core component of TRACE, a real-time multimodal com-
mon ground tracking system that integrates speech, gesture,
gaze, and object detection to model the shared beliefs of col-
laborating groups as they emerge [19].

Modeling how discussions evolve. I contributed to work on
linking deliberation chains in collaborative dialogues, mod-
eling the causal structure from earlier utterances to prob-
ing questions that drive group reasoning forward [13]. This
work formalized the sequential structure of collaborative dis-
course, showing that probing interventions and their causal
antecedents can be automatically clustered using joint learn-
ing frameworks.

Understanding the limits of automation. Most recently, I
evaluated 13 LLMs across six model families on the task of
annotating pedagogical moves in educational dialogue [20].
A key finding was that models achieve moderate agreement
on content-focused categories with clear surface markers but
fail on categories defined by pedagogical function, precisely
the categories (like CPS facets) that require understanding
speaker intent and social dynamics rather than surface text
patterns.

The gap this work addresses. Collectively, this prior work
can track what groups discuss and whether they reach agree-
ment, but it cannot assess whether the reasoning that led
there was sound. A group may converge on a shared belief
through careful evidence evaluation or through uncritical
acceptance of a confident but wrong claim. Current sys-
tems, including those I have helped built, treat convergence
as success without evaluating the epistemic quality of the
path. The present work addresses this gap directly, intro-
ducing a framework and testbed for studying how groups
evaluate (or fail to evaluate) the reliability of contributions.

2. THEORETICAL FRAMING AND METHOD-

OLOGY

2.1 Theoretical Foundations

The research integrates three theoretical frameworks. Epis-
temic vigilance [16] provides the overarching lens: the cog-
nitive mechanism for evaluating incoming information by
assessing source reliability and content plausibility rather
than accepting claims uncritically. In collaborative learn-
ing, failed epistemic vigilance manifests as misconceptions
spreading through groups, weak arguments being accepted

without challenge, and overconfident errors going undetected.

Bayesian Theory of Mind [2] provides the belief-modeling
framework, formalizing how observers infer others’ mental
states from observed behavior. In my framework, players
report first-order beliefs (what they believe about others’
roles) and second-order beliefs (what they think others be-
lieve about them), grounding Theory of Mind measurement
in self-report data that can serve as supervision signals for
computational models.
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Argumentative Theory of Reasoning [12] motivates the focus
on persuasion dynamics. Mercier and Sperber argue that
reasoning quality in collaborative settings depends critically
on the group’s argumentative practices: whether claims are
challenged, whether evidence is demanded, and whether the
group evaluates contributions on epistemic merit rather than
social dynamics.

2.2 Testbed: Social Deduction as a CPS Envi-

ronment

I use the social deduction game Secret Hitler as a proxy
testbed where players are secretly assigned cooperative or
adversarial roles and engage in structured rounds of dis-
cussion, voting, and policy enactment. For the majority
of players, the game is collaborative problem solving: pool-
ing incomplete evidence, evaluating reliability of claims, and
coordinating decisions under genuine uncertainty [15, 18].
A minority of players are structurally incentivized to intro-
duce unreliable information such as asserting false claims
with confidence, and undermining group reasoning. These
contributions are functionally equivalent to the misconcep-
tions and overconfident errors in collaboration. The epis-
temic challenge is shared, even though the underlying intent
differs. Crucially, every piece of unreliable information has
known provenance (role assignments provide ground truth),
and the game enforces the information asymmetry that the
hidden profile literature identifies as the hardest aspect of
real collaboration [11, 17].

2.3 Multi-Layer Annotation Framework

The framework is hierarchical, with each layer targeting a
progressively deeper dimension of group social-cognitive dy-
namics.

Layer 1: Communicative Acts. Each utterance is classified
using the six-category persuasion strategy taxonomy from
Lai et al. [10]: Identity Declaration, Accusation, Interroga-
tion, Call for Action, Defense, and Evidence (Krippendorff’s
a > 0.6). This layer draws on my prior work in proposi-
tional extraction [22] and epistemic move classification [19],
extending those methods to a setting where communicative
acts include deliberate misinformation. Categories like In-
terrogation and Defense parallel the questioning and justi-
fication behaviors that characterize productive student rea-
soning, the moments where a collaborator challenges a claim
or defends their position with evidence, rather than accept-
ing contributions uncritically.

Layer 2: Player-Reported Belief States. After each round,
players report first-order beliefs about every other player’s
role (yielding calibration data against ground truth) and
second-order beliefs about what others believe about them
(enabling direct measurement of Theory of Mind accuracy [2]).
These reports serve as supervision signals for models that
must eventually infer beliefs from observable behavior alone.
In the classroom parallel, this captures whether a collab-
orator can identify when someone else is not contributing
productively to the group, whether through providing mis-
leading information, dominating the discussion, or steering
the group in an unproductive direction.

Layer 3: Epistemic Vigilance. Inferred post-hoc using Lay-
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Figure 1: 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).

ers 1 and 2 together with ground-truth role assignments [16].
For each communicative act, we assess whether the receiver’s

belief update was warranted: successful vigilance (belief moved

toward truth) or failed vigilance (belief moved away from
truth). The cascading structure of communicative act —
belief update — vigilance assessment aims to mirrors what
a classroom agent must track, extending the common ground
tracking paradigm from my prior work [19]. This layer cap-
tures not just whether students can identify unreliable con-
tributions, but whether they actually succeeded in doing so,
and by examining which communicative behaviors (Layer 1)
precede successful vs. failed vigilance, we can study what
kinds of group dynamics lead collaboration to succeed or
break down.

Figure 1 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-
work captures exactly where and why the group’s reasoning
diverged.

2.4 Sensing Infrastructure

All players wear Meta Aria Gen 1 research glasses [5], cap-
turing egocentric RGB video, eye-tracking data, and IMU
signals. An overhead camera provides a synchronized exo-
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centric reference view, producing n + 1 synchronized video
streams per session wehre n is the numebr of players. This
multi-person egocentric configuration enables gaze-derived
features aligned with our annotation layers: gaze target
identity at utterance onset, scanpath structure [4] during
successful vs. failed vigilance episodes, and group-level at-
tention divergence computed across all players which is a
measure unavailable in single-viewpoint datasets [7, 6].

2.5 Research Trajectory

My research proceeds in three phases. Phase 1 (current):
Framework design and pilot validation. 1 have designed the
annotation framework and conducted pilot sessions to verify
that target phenomena emerge naturally. Phase 2: Data col-
lection and annotation. 1 will conduct additional sessions to
build a dataset sufficient for computational modeling, adapt-
ing the annotation methods from my propositional extrac-
tion and deliberation chain work [22, 13] to this new setting.
My evaluation of LLM annotation capabilities [20] will in-
form which layers can be partially automated and which
require human coding. Phase 3: Computational modeling.
Using the annotated multimodal data, I will train models
that predict Layer 3 vigilance outcomes from observable be-
havioral features, systematically comparing egocentric-only,
exocentric-only, and fused feature sets, building on the mul-
timodal fusion architecture of TRACE [19].

3. PROGRESS TO DATE

Pilot data from two 6-player, 9-round session demonstrates
that the target phenomena emerge naturally. Figure 2(a)
tracks four collaborative players’ evolving beliefs about P5,
whose true role was Hitler/Disruptive. Despite 9 rounds



(a) Detecting non-collaborators

-9= P1
Adversarial (H) - "™ P2
¢ P3
P4

—_

>—

Adversarial (F) -

Belief about P5

Unassessed (U) -

True

role

(b) Can collaborators recognize allies?

el

3

= 3 - o—e

=

=}

5]

=]

1

=

5 2- —n

)

3

o

[&]

2]

&

o1- e—e A A Sy e/
o

©

‘g -e- P1

el - P2

3 palicd [ o—_x o
S 0- _,- pa 4 ¢ 4 4

Figure 2: (a) Four collaborative players’ beliefs about P5 (true role: Disruptive) across rounds. No collaborator ever correctly
classified P5, illustrating failed vigilance. (b) Number of fellow collaborators each player correctly identified per round (max =

3).

of discussion and evidence, no collaborator ever correctly
identified P5. P3 initially suspected P5 (Rounds 2-3) but
reversed toward a collaborative classification by Round 4,
constituting failed vigilance: P3 possessed a partially correct
signal but abandoned it, likely in response to P5’s commu-
nicative acts. Figure 2(b) reveals a complementary pattern
where P3 correctly identified zero allies across all 9 rounds,
placing every collaborator in the adversarial category which
is the profile of a group member who is actively reasoning
but systematically misdirected, analogous to a student who
is engaged but whose contributions fragment rather than
strengthen shared understanding [3]. Distinguishing active-
but-counterproductive participation from constructive col-
laboration is precisely the capability the Layer 3 assessment
operationalizes. P1, by contrast, peaked at identifying all
three allies (Rounds 3—4) before declining, suggesting group-
level belief fragmentation as unreliable information accumu-
lated.

4. EXPECTED CONTRIBUTIONS AND IM-
PACT

For learning sciences. The annotation framework provides
a structured methodology for studying how unreliable in-
formation propagates through collaborative groupsa phe-
nomenon widely documented [3, 9] but rarely studied with
the temporal granularity and ground truth this testbed pro-
vides. The operationalization of epistemic vigilance as a
measurable construct in group behavioral data offers a new
lens for understanding when and why collaborative reason-
ing fails.

For computer science. The testbed and dataset enable devel-
opment of multimodal models for detecting reasoning fail-
ures in group settings. The multi-person egocentric sensing
configuration provides a template for capturing participant-
relative signals in small-group research, and the systematic
comparison of egocentric vs. exocentric features will inform
sensing design for future learning analytics systems.

For the broader EDM/AIED community. This work ad-
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dresses a fundamental bottleneck: the scarcity of labeled
data capturing collaborative dynamics beyond idealized co-
operation. By providing a proxy testbed where epistemic
failures occur frequently, with known ground truth, and with
rich multimodal capture, the research accelerates model de-
velopment that would be impractical to iterate on in in-
structional settings [18]. Combined with my prior work on
propositional extraction, common ground tracking, and au-
tomated annotation evaluation, this research will produce
an integrated pipeline: from sensing raw multimodal sig-
nals, through extracting propositional content, to assessing
the epistemic quality of group reasoning—the full trajectory
a collaboration monitoring agent would need to traverse.
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