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Abstract

Classroom AI systems increasingly infer high-
level educational states such as engagement,
confusion, collaboration, participation, and in-
structional quality from multimodal and lin-
guistic signals. In multicultural and multilin-
gual classrooms, such inferences can translate
culturally situated behavior into stereotyped
claims: silence may be read as disengagement,
gaze aversion as inattention, code-switching
as low proficiency, or indirect help-seeking
as confusion. We argue that stereotype-aware
classroom AI should separate observable ev-
idence from culturally loaded interpretation
and should treat unsupported construct-level
claims as safety risks. We introduce NSCR,
a culturally grounded neuro-symbolic frame-
work that converts video, audio, ASR, lesson
artifacts, and contextual metadata into typed
facts with uncertainty, provenance, and cul-
tural scope, then composes them through exe-
cutable reasoning and policy constraints. We
define a taxonomy of stereotype-prone class-
room inferences and propose a benchmark
agenda covering culture-conditioned state in-
ference, evidence-grounded claim verification,
multilingual and code-switched reasoning, col-
laboration analysis, counterfactual cultural ro-
bustness, and culture-conditioned red-teaming.
We further specify metrics for stereotype leak-
age, unsupported attribution, cultural calibra-
tion gaps, abstention under cultural ambiguity,
and evidence faithfulness. The contribution
is methodological: a concrete framework and
evaluation agenda for mitigating stereotyped
reasoning in classroom AI, with education as
a high-stakes, culturally variable deployment
setting.

1 Introduction

Large language models and multimodal foundation
models are entering educational settings through
classroom assistants, teacher-facing dashboards, tu-
toring tools, and systems that summarize classroom
discourse. These systems can help teachers notice

participation patterns, recover discussion histories,
and reflect on instructional practice. Yet the same
systems also create a difficult safety problem: they
may transform partial classroom signals into claims
about learners, teachers, or groups without suffi-
cient cultural, pedagogical, or linguistic context.

This risk is especially acute in multicultural and
multilingual classrooms. Educational constructs
such as engagement, confusion, self-regulation,
participation opportunity, collaboration quality, or
classroom control are not directly visible in the
way object categories are visible. They are theory-
laden interpretations inferred from partial evidence
and shaped by local pedagogy, classroom norms,
language practices, age group, subject, and stake-
holder expectations (Buckingham Shum et al.,
2019, 2024; Cukurova et al., 2020). A student
looking away from the board may be disengaged,
reading a worksheet, following peer work, showing
respect by avoiding direct gaze, waiting for a speak-
ing turn, or translating internally. A long pause
after a teacher prompt may indicate confusion, re-
flection, lack of opportunity, code-switching, trans-
lation delay, or ASR failure.

The dominant modeling pattern in classroom
analytics still tends to couple low-level detection
with direct label prediction: estimate gaze, posture,
speech, facial activity, or linguistic content and map
those signals to a downstream classroom judgment.
This has produced important progress in multi-
modal learning analytics (MMLA), classroom sens-
ing, gaze-following, engagement modeling, and
discourse-based teacher feedback (Blikstein and
Worsley, 2016; Ochoa and Worsley, 2016; Wors-
ley et al., 2016; Di Mitri et al., 2018; Ahuja et al.,
2019; Aung et al., 2018; Sumer et al., 2018; Sümer
et al., 2023; Long et al., 2024; Wang et al., 2025;
Guerrero-Sosa et al., 2025). However, the path
from signals to claims remains under-specified.
When a system concludes that a learner is con-
fused, unmotivated, off-task, non-collaborative, or
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low-proficiency, it often cannot say which evidence
mattered, which cultural assumptions were invoked,
how uncertainty propagated, or when the safer re-
sponse would have been to abstain.

Stereotype and bias research in NLP has re-
peatedly shown that measurement choices are nor-
mative and that systems can reproduce social as-
sumptions embedded in training data, annotation
schemes, and evaluation benchmarks (Hovy and
Spruit, 2016; Blodgett et al., 2020; Nangia et al.,
2020; Nadeem et al., 2021; Parrish et al., 2022).
Cross-cultural NLP further emphasizes that lan-
guage technologies must account for cultural vari-
ation rather than treating language, region, and
user norms as interchangeable (Hershcovich et al.,
2022). Classroom AI is a concrete, high-stakes in-
stance of this problem: culturally situated behavior
can be converted into educational stereotypes about
effort, ability, discipline, language competence, or
teacher quality.

This paper proposes NSCR (Neuro-Symbolic
Classroom Reasoning), a framework for stereotype-
aware classroom AI. NSCR treats classroom in-
ference as a four-stage process: (1) perceptual
grounding from raw streams into candidate obser-
vations, (2) symbolic abstraction into typed facts
with confidence, provenance, and cultural scope,
(3) executable reasoning over those facts to de-
rive evidence-grounded hypotheses, and (4) gover-
nance through uncertainty thresholds, stereotype-
risk policies, privacy rules, and abstention. The
core design principle is to separate observable facts
from construct hypotheses and from stereotype-risk
claims. A classroom system should be able to say,
for example, that a student did not speak during
a particular discussion phase, but should not infer
low engagement unless participation opportunity,
task context, linguistic context, and cultural scope
support that claim.

Our contributions are fourfold:

• We define stereotype-prone classroom inference
as a cross-cultural safety problem in which cul-
turally situated behaviors are overgeneralized
into claims about engagement, ability, disci-
pline, participation, collaboration, or teaching
practice.

• We propose NSCR, a neuro-symbolic frame-
work that separates observable multimodal ev-
idence from culturally loaded construct-level
claims using typed facts, uncertainty, prove-
nance, and cultural scope.

• We introduce a stereotype-aware benchmark
agenda for classroom AI, including culture-
conditioned prompts, counterfactual cultural ro-
bustness, multilingual/code-switched reasoning,
participation-opportunity analysis, and red-team
evaluation of stereotype-prone claims.

• We specify governance and mitigation policies
that require evidence sufficiency, cross-modal
support, calibrated abstention, and human re-
view before issuing high-stakes student-, group-,
or teacher-level claims.

2 Related Work

NLP bias research has emphasized that bias mea-
surement requires explicit normative grounding
and attention to who is harmed, how, and under
which social assumptions (Hovy and Spruit, 2016;
Blodgett et al., 2020). Benchmarks such as CrowS-
Pairs, StereoSet, and BBQ operationalize differ-
ent forms of stereotype measurement in language
models (Nangia et al., 2020; Nadeem et al., 2021;
Parrish et al., 2022). However, many benchmark
designs are language-, region-, or task-specific,
and they do not directly address classroom set-
tings where social meaning is multimodal, ped-
agogical, and locally situated. Cross-cultural NLP
argues that language technologies should account
for cultural variation in users, content, norms, and
values (Hershcovich et al., 2022). We build on
this perspective by asking how stereotypes emerge
when classroom behavior is interpreted by multi-
modal language technologies.

MMLA was introduced to move beyond online
logs and capture learning processes through richer
embodied and social signals (Blikstein and Wors-
ley, 2016; Ochoa and Worsley, 2016; Worsley et al.,
2016). Subsequent work developed conceptual
models for turning raw signals into higher-level ed-
ucational knowledge (Di Mitri et al., 2018), surveys
of multimodal fusion in educational settings (Mu
et al., 2020; Guerrero-Sosa et al., 2025), and dis-
cussions of the promises and challenges of MMLA
in authentic educational environments (Cukurova
et al., 2020). Classroom video and sensing sys-
tems have supported gaze-following, observation,
engagement analysis, and teacher feedback (Aung
et al., 2018; Sumer et al., 2018; Ahuja et al., 2019;
Sümer et al., 2023; Long et al., 2024; Wang et al.,
2025). We shift attention from multimodal fu-
sion alone to multimodal reasoning over culturally
scoped evidence.
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Human-Centred Learning Analytics empha-
sizes stakeholder participation, interpretability, and
the sociotechnical consequences of learning sys-
tems (Buckingham Shum et al., 2019, 2024). Pri-
vacy, consent, and data minimization are long-
standing concerns in educational analytics (Pardo
and Siemens, 2014). These concerns are ampli-
fied for classroom audio-video data involving mi-
nors, teachers, and peer dynamics; prior classroom
work has therefore studied anonymization as a
prerequisite for responsible reuse of observational
data (Ömer Sümer et al., 2020). Our framework
makes uncertainty, abstention, cultural scope, and
retention policy first-class design elements.

Neuro-symbolic approaches combine the flexi-
bility of neural models with the structure and in-
spectability of symbolic reasoning (Fang et al.,
2024; Olausson et al., 2023). In LLM-based rea-
soning, program generation can move computa-
tion outside natural-language rationales (Gao et al.,
2023). Recent work has extended this idea to
symbolic fact extraction for multilingual reason-
ing (Bagheri Nezhad and Agrawal, 2025) and
to verifiable code generation with self-debugging
loops (Bagheri Nezhad et al., 2026). We adapt
these ideas to classrooms, where the challenge is
not only computation but also preventing ambigu-
ous signals from becoming unsupported stereotype-
prone claims.

Technically, most multimodal modeling relies
on representation fusion, from early surveys of
multimodal machine learning (Baltrusaitis et al.,
2019) to tensor- and transformer-based fusion of
language, audio, and vision (Zadeh et al., 2017;
Tsai et al., 2019). Such architectures are effec-
tive predictors but entangle evidence inside learned
representations, so it is difficult to ask which ob-
servation supported a claim or whether a cultural
assumption was silently invoked. An alternative is
to feed raw multimodal context into a long-context
language model and prompt for an answer, but
long-context reasoning degrades when the relevant
evidence is buried among distractors (Liu et al.,
2024) and is uneven across languages (Agrawal
et al., 2024)—exactly the regime of noisy, multilin-
gual, partially observed classrooms. NSCR instead
extracts a compact, typed, inspectable fact layer be-
fore reasoning, trading some end-to-end flexibility
for auditability, calibrated uncertainty, and explicit
cultural scope.

3 Stereotype-Prone Classroom Inference

We define a stereotype-prone classroom inference
as a system output that maps culturally situated,
partial, or ambiguous classroom behavior to a gen-
eralized claim about a learner, group, teacher, or
community without sufficient contextual evidence.
Such inferences are risky when they attribute inter-
nal states, ability, motivation, discipline, collabora-
tion quality, or teaching quality from surface cues
such as silence, gaze, accent, code-switching, turn
frequency, posture, peer talk, or interaction style.

We distinguish three levels of representation.
Observable facts are grounded events such as
speaking turns, gaze targets, help requests, shared
artifact use, or teacher prompts. Construct hy-
potheses are tentative educational interpretations
such as confusion candidate, participation oppor-
tunity, collaboration episode, or discourse uptake.
Stereotype-risk claims are unsupported or cultur-
ally overgeneralized attributions such as low ef-
fort, low ability, poor discipline, poor language
proficiency, or weak teaching practice. NSCR is
designed to keep these levels separate and to de-
fer when the available evidence is insufficient or
culturally underspecified.

Table 1 is intended as an extensible taxonomy
rather than a universal list. A classroom deploy-
ment should refine it with local educators, learners,
families, and community stakeholders. In particu-
lar, the same behavior may carry different mean-
ings across regions, languages, school types, age
groups, activity structures, and diaspora versus lo-
cal perspectives.

4 Problem Formulation

We consider a classroom episode as a multimodal
stream

X = {Xv
1:T , X

a
1:T , X

ℓ
1:T , X

c}, (1)

where Xv denotes visual observations, Xa denotes
audio, Xℓ denotes linguistic content such as ASR
transcripts, translations, or lesson text, and Xc de-
notes contextual metadata such as seating layout,
subject, activity phase, lesson plan, language con-
figuration, region, classroom norms, local rubric,
and, when ethically collected, stakeholder or anno-
tator background relevant to interpretation.

The goal is to answer a classroom query or pro-
duce a scoped hypothesis y ∈ Y , where Y may
include student-, group-, teacher-, or class-level
outputs such as confusion candidates, participation
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Stereotype risk Risky shortcut Cross-cultural issue NSCR safeguard

Engagement stereo-
type

gaze away, still posture, si-
lence → disengaged

attention and respect may be ex-
pressed through listening, writ-
ing, or gaze avoidance

represent only observable cues;
require task context and arti-
fact evidence before construct
claims

Language-ability
stereotype

accent, ASR errors, code-
switching → low proficiency
or confusion

multilingual competence may
involve translanguaging, dialect,
or mixed discourse norms

propagate ASR uncertainty; sep-
arate language form from com-
prehension hypotheses

Participation stereo-
type

low turn count → low effort
or low engagement

public speech, deference, wait
time, and teacher nomination
norms vary

infer participation opportunity
before non-participation claims

Collaboration stereo-
type

overlapping speech or indi-
rect disagreement → poor
collaboration

collaborative norms differ in in-
terruption, hierarchy, repair, and
peer support

model reciprocity, artifact use,
and role shifts rather than talk
volume alone

Discipline stereotype movement, peer talk, delayed
response → off-task or dis-
ruptive

classroom-management norms
and activity structures vary by
region, subject, and pedagogy

require activity-phase context
and teacher confirmation for
behavior-related claims

Teacher-practice
stereotype

lecture style, wait time, or
noise level → low instruc-
tional quality

pedagogical norms vary by sub-
ject, age group, classroom cul-
ture, and local rubric

scope claims to a validated
rubric; report uncertainty and an-
notator disagreement

Table 1: Stereotype-prone classroom inferences and corresponding neuro-symbolic safeguards. The goal is to
prevent ambiguous culturally situated behavior from being converted into overgeneralized educational claims.

opportunities, collaboration episodes, or evidence-
grounded answers to structured classroom ques-
tions. Unlike direct end-to-end prediction, NSCR
introduces explicit intermediate objects:

O =
⋃

m∈M
gm(X), (2)

F = Γ(O, Xc), (3)

(ŷ, E , s, ρ) = R(F , Xc,P), (4)

where gm are perceptual grounding modules, Γ
maps candidate observations into symbolic facts,
and R is an executable reasoner that returns a pre-
diction ŷ, an evidence trace E , a support score s,
and a stereotype-risk score ρ under policies P .

Typed facts with cultural scope. Each fact f ∈
F is a tuple

f = (p, a, v, τ, c, π, κ), (5)

where p is a predicate, a are arguments, v is a
value, τ is a time point or interval, c ∈ [0, 1] is con-
fidence, π is provenance (detector name, modality,
source span, or annotation source), and κ is the
cultural or deployment scope under which the fact
or rule is intended to hold. The scope may iden-
tify a classroom setting, language configuration,
local rubric, annotation protocol, or community-
validated interpretation. If a construct rule lacks
appropriate scope for the deployment context, the
system should lower confidence or defer.

Abstention under ambiguity. Let s(ŷ) denote
the support score of the top hypothesis, ∆ the mar-
gin to the runner-up, and ρ(ŷ) a stereotype-risk
score. The output policy is

output =





ŷ, if s(ŷ) ≥ τs,

∆ ≥ τ∆, ρ(ŷ) ≤ τρ,

DEFER, otherwise.

(6)

Abstention is not a failure mode in this setting. It
is a necessary safety behavior when the evidence is
weak, culturally underspecified, or likely to support
a stereotype-prone interpretation.

Construct alignment. The symbolic layer
should encode educationally meaningful predicates
such as gaze target, help request, speaking opportu-
nity, shared artifact, teacher prompt, repair move,
or participation opportunity, rather than only raw
pixel motion or audio energy. Construct alignment
is essential because many harmful classroom in-
ferences arise when surface signals are treated as
direct proxies for motivation, ability, or discipline.

5 The NSCR Framework

Figure 1 summarizes the proposed pipeline.

5.1 Design Principles
NSCR rests on five commitments that distinguish it
from end-to-end classroom analytics. (P1) Separa-
tion of representational levels: observable facts,
construct hypotheses, and stereotype-risk claims
are distinct objects, and the system may report a
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1. Perceptual Grounding

2. Symbolic Abstraction

3. Executable Reasoning

4. Governance and Output

Raw Streams X
Video, Audio, ASR,
Artifacts, Metadata

Candidate Observations O
detected events,
spans, entities

Typed Facts F
time, confidence, prove-
nance, cultural scope

Rules / Programs
evidence

composition

LLM Synthesis
schema-

constrained

Governance Layer
policy constraints P,

stereotype-risk checks,
support s, risk ρ, abstention

Scoped Claim
ŷ + evidence E

DEFER
abstain / re-
quest review

s ≥ τs, ρ ≤ τρ weak or risky evidence

Figure 1: Overview of NSCR. Raw classroom streams
are grounded into candidate observations, mapped into
typed facts with uncertainty, provenance, and cultural
scope, processed through executable reasoning, and fil-
tered by a governance layer that returns either a scoped
evidence-grounded claim or a defer action.

lower level while withholding a higher one. (P2)
Uncertainty propagation: detector confidence,
annotator disagreement, and translation noise are
carried forward rather than discarded, so weak
evidence cannot silently harden into a confident
claim. (P3) Explicit cultural scope: every con-
struct rule names the deployment context in which
it is intended to hold, and a rule applied outside its
scope triggers a confidence downgrade or absten-
tion. (P4) Abstention as a safety action: declining
to answer is a first-class output, not a failure, when-
ever evidence is weak or stereotype-prone. (P5)
Privacy by construction: symbolic traces, rather
than persistent raw recordings, are the default unit
of retention. These principles are deliberately con-
servative: they bias the system toward saying less,
with evidence, rather than more, without it. Table 2
contrasts these commitments with two common
alternatives.

5.2 Perceptual Grounding

The perceptual layer may use pose estimation, body
orientation, gaze estimation, hand-raise detection,
speaker diarization, ASR, translation, discourse
parsing, OCR over slides or boards, object/activity
recognition, or audio-prosodic analysis. Represen-
tative components already exist for robust speech
recognition and diarization (Radford et al., 2023;
Bredin et al., 2020), while classroom sensing plat-
forms demonstrate the feasibility of integrating vi-
sual and audio streams in authentic learning envi-
ronments (Ahuja et al., 2019). NSCR does not
prescribe a particular detector architecture; instead,
it requires detectors to produce candidate observa-
tions with event type, affected entities, time span,
confidence, and provenance.

This interface matters because many stereotype-
prone claims originate in upstream uncertainty.
ASR may fail under code-switching, dialect, over-
lapping speech, or accent; gaze estimates may fail
under occlusion; diarization may confuse adjacent
students; and translation may erase pragmatic cues.
If these uncertainties are hidden, downstream rea-
soning can falsely transform detector error into
learner- or group-level judgment.

5.3 Symbolic Abstraction

Grounded observations are mapped into a compact
vocabulary of classroom facts. In the main frame-
work, the important distinction is between observ-
able predicates, contextual predicates, construct-
level claims, and deployment policies. We use
six predicate families—OBS, EVENT, REL, CONTEXT,
CLAIM, and POLICY—with every fact carrying time,
confidence, provenance, and cultural scope. Ap-
pendix A gives the full predicate definitions and
examples.

Two design choices are central. First, sym-
bolic facts should remain close enough to detector
outputs to be auditable but far enough from raw
signals to be pedagogically meaningful. Second,
the vocabulary must distinguish observations from
claims. For example, OBS(student_4, silent,
true) is not equivalent to CLAIM(student_4,
disengaged, true).

5.4 Executable Reasoning and Policy Controls

Once facts are created, higher-level classroom in-
ference is delegated to an executable reasoning
layer. Some classroom constructs can be expressed
as compositional patterns. A confusion candidate
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Property End-to-end multimodal clas-
sifier

Prompt-only multimodal
LLM

NSCR (this work)

Evidence trace none; label only natural-language rationale,
possibly post-hoc

explicit typed facts and an exe-
cutable program

Uncertainty implicit in logits verbalized, often unreliable propagated per fact and aggre-
gated into support s

Cultural scope not represented ad hoc, if mentioned in the
prompt

first-class attribute κ of facts and
rules

Abstention thresholded score inconsistent and promptable policy-enforced DEFER under
weak or risky evidence

Auditability low medium; rationale may be un-
faithful

high; inspectable facts plus
checkable program

Privacy / retention raw features retained raw context in the prompt symbolic traces retained by de-
fault

Table 2: Positioning NSCR against two prevailing design patterns for classroom inference. The contrast is not
predictive accuracy but whether the path from signals to claims is inspectable, uncertainty-aware, culturally scoped,
and able to abstain.

may be supported by a recent teacher question, a
failed attempt, a help request, and sustained atten-
tion on the task artifact. A participation opportu-
nity may require that the interaction floor was open,
the student was eligible to enter, and the activity
phase expected individual speech. A collaboration
episode may combine mutual orientation, shared
artifact use, balanced repair, and role shifts. These
patterns should be treated as scoped templates re-
fined with local educators and learning scientists,
not as universal truths.

For complex queries, an LLM may synthesize
a reasoning program from symbolic facts and a
teacher query. As in program-aided reasoning (Gao
et al., 2023) and SYMCODE-style verifiable code
generation (Bagheri Nezhad et al., 2026), the gen-
erated program becomes an inspectable artifact that
can be executed, checked, and debugged. In class-
room settings, program synthesis should be con-
strained by a schema, a whitelist of operators, and
policies that block unsupported high-stakes claims.
The listing below sketches a participation program
that encodes the safeguard from Table 1: a non-
participation claim is admissible only after a partic-
ipation opportunity has been established.
# Hypothesis: low_participation(student_4)?
# Guard: never read silence as (dis)engagement
# unless a speaking opportunity existed.
opportunity = (

CONTEXT(phase, individual_share)
AND EVENT(teacher, open_floor)
AND REL(student_4, eligible_to_speak, floor)
AND NOT blocked_entry(student_4, interval)

)

non_participation = OBS(student_4,
no_speaking_turn, true, interval)

if not opportunity:

return DEFER("no established participation
opportunity")

if not non_participation:
return DEFER("no evidence of low
participation")

s = aggregate_conf(facts_of(opportunity) +
facts_of(non_participation))

if s >= tau_s and risk(low_participation, kappa)
<= tau_rho:

return CLAIM(student_4, low_participation,
true, interval, s)

return DEFER("evidence weak or culturally
ambiguous")

A generic support function for a hypothesis h ∈
H can be written as

s(h) =

∑
f∈supp(h)wfcf∑
f∈supp(h)wf

−
(
λvV (h) + λpP (h) + λbB(h, κ)

)
.

(7)
where cf is the confidence of fact f , V (h) counts
violated logical or temporal constraints, P (h)
counts policy violations, and B(h, κ) estimates
stereotype risk under cultural scope κ. We make
the risk term concrete as a sum over the known
risky shortcuts of Table 1,

B(h, κ) =
∑

r∈R
αr 1[h∼r ]

(
1− σr(h, κ)

)
, (8)

where R indexes stereotype patterns (e.g. si-
lence → disengaged), 1[h ∼ r] indicates that h
matches shortcut r, and σr(h, κ) ∈ [0, 1] mea-
sures whether the contextual evidence that would
license r under scope κ—participation opportunity,
task context, language configuration—is actually
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present. Risk is therefore highest precisely when
a hypothesis matches a stereotype shortcut but the
licensing context is absent. This form is intention-
ally abstract; the important point is that support de-
pends on explicit facts and constraints rather than
uninspectable activations.

5.5 Governance as Stereotype Mitigation

NSCR treats governance as a mitigation layer
rather than an afterthought. A system may re-
port bounded observations, but it should not is-
sue stereotype-prone construct claims unless evi-
dence is sufficient, uncertainty is calibrated, and the
rule is valid for the deployment context. Machine-
checkable policies therefore enforce abstention, hu-
man review, or confidence downgrades for unsup-
ported claims. Appendix B lists example policies.

5.6 Privacy-Aware Data Minimization

Symbolic reasoning also supports data minimiza-
tion. Many classroom uses do not require long-term
storage of raw video once grounded events have
been extracted. A deployment can separate short-
lived raw buffers, symbolic traces with timestamps
and provenance, and aggregate teacher-facing re-
ports. This structure aligns with established privacy
principles in learning analytics (Pardo and Siemens,
2014) and gives designers a clearer handle on con-
sent, retention, audit, and deletion than end-to-end
embeddings alone.

6 Stereotype-Aware Task Suite

To make NSCR actionable, we propose a bench-
mark suite that evaluates whether systems reason
safely under cultural variation rather than merely
detecting signals. Table 3 summarizes six task fam-
ilies.

The suite is designed to test whether a system
can combine multimodal evidence, linguistic un-
certainty, classroom context, and cultural scope
without overclaiming. Across tasks, benchmark
splits should vary by classroom layout, grade band,
subject, activity type, camera/audio configuration,
missing modalities, language configuration, region,
and local pedagogical norm. Detailed task proto-
cols, annotation targets, and red-team examples are
provided in Appendix D.

7 Evaluation Protocols Beyond Accuracy

A central thesis of this paper is that classroom AI
should be evaluated at the level of reasoning, cul-

tural scope, and governance, not only low-level de-
tection. We recommend five complementary evalu-
ation levels.

Perception quality. Standard metrics such as
mAP, event F1, WER, DER, and temporal localiza-
tion remain necessary, but they should be treated as
upstream diagnostics rather than end goals. Percep-
tion errors should be stratified by language, accent,
classroom layout, occlusion, and activity phase.

Grounding fidelity and evidence faithfulness.
The symbolic abstraction should be evaluated di-
rectly: did the system extract the right facts, time
spans, relations, confidence values, provenance,
and cultural scope? Metrics can include fact-level
precision/recall, argument accuracy, provenance
correctness, and whether the explanation cites de-
cisive evidence rather than post-hoc rationales.

Stereotype-sensitive risk. We propose reporting
stereotype leakage rate (SLR), unsupported attri-
bution rate (UAR), and cultural calibration gap
(CCG):

SLR = Pr(SP(ŷ) | ŷ ̸= DEFER), (9)

UAR = Pr(UNSUP(ŷ) | ŷ ̸= DEFER), (10)

CCG = max
g

ECEg −min
g

ECEg . (11)

Here, SP(ŷ) denotes that a prediction is stereotype-
prone under the available evidence and cultural
scope, while UNSUP(ŷ) denotes that a claim is
insufficiently supported by grounded observations.
ECEg is the expected calibration error for group
or deployment context g. These metrics should be
reported alongside task accuracy, not after it.

Reliability under abstention. Abstention qual-
ity under cultural ambiguity should be treated as
a primary safety metric. Systems should report
coverage, selective risk, calibration, and robust-
ness under distribution shift; Appendix F gives
the formal risk–coverage definitions and suggested
baselines (Geifman and El-Yaniv, 2019; Lakshmi-
narayanan et al., 2017; Hendrycks and Gimpel,
2017; Guo et al., 2017; Koh et al., 2021).

Human usefulness and policy compliance. A
classroom system is only valuable if it supports
teacher reflection or action without overclaiming.
Human evaluation with educators should measure
usefulness, perceived trust, cognitive load, and pol-
icy compliance. Example questions include: Did
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Task Inputs Target output Reasoning requirement Core metrics

Culture-conditioned
state inference

video, audio, transcript,
activity phase, cultural
scope

scoped hypotheses
such as confusion can-
didate or participation
opportunity

combine multimodal cues
under local classroom
norms; avoid unsupported
internal-state claims

macro-F1, calibration, se-
lective risk, abstention
quality

Evidence-grounded
claim verification

ASR/diarization,
video, lesson artifacts,
proposed claim

supported / unsup-
ported / defer with
evidence trace

decide whether a con-
struct claim follows from
observable facts

exact match, evidence suf-
ficiency, unsupported at-
tribution rate

Multilingual and
code-switched rea-
soning

code-switched speech,
translation, visual con-
text, lesson text

query answer or sum-
mary across languages

unify evidence across lan-
guages while preserving
ASR and translation un-
certainty

answer accuracy, robust-
ness by language, WER-
conditioned performance

Cross-cultural collab-
oration analysis

multi-party traces,
shared artifacts, class-
room norms

collaboration descrip-
tors with local rubric
scope

reason about reciprocity,
role shifts, repair, and ar-
tifact use without assum-
ing one universal collabo-
ration style

pairwise ranking, agree-
ment with local coders,
cultural calibration gap

Counterfactual cul-
tural robustness

paired episodes with al-
tered context variables

stable or appropriately
changed output

test whether predictions
change only when the cul-
tural/contextual variable
is relevant

counterfactual consis-
tency, robustness gap

Culture-conditioned
red-teaming

ambiguous observa-
tions plus adversarial
prompts

safe answer or DEFER resist prompts that elicit
claims about motivation,
ability, discipline, or pro-
ficiency from insufficient
evidence

stereotype leakage, re-
fusal/defer quality, policy
compliance

Table 3: Proposed stereotype-aware benchmark tasks. The target is not only perception quality but the correctness,
cultural scope, evidence faithfulness, and safety of multimodal classroom reasoning.

the explanation provide enough evidence to be ac-
tionable? Did the system defer when evidence was
weak? Did it avoid inferring motivation, ability,
or discipline from ambiguous culturally situated
behavior? This emphasis on actionable explana-
tion is consistent with model-agnostic explanation
work and with the broader view that high-stakes
domains should prefer interpretable reasoning pro-
cesses when possible (Ribeiro et al., 2016; Rudin,
2019).

Representative failure modes and their corre-
sponding safeguards are listed in Appendix E.

8 Illustrative Use Case

8.1 Avoiding Engagement Stereotypes

A classroom dashboard that simply counts speaking
turns can misclassify quiet students as disengaged.
In NSCR, participation opportunity is a separate
reasoning target: the system checks whether the
interaction floor was open, whether the student
was eligible to enter, whether overlapping speech
blocked entry, whether the activity phase expected
individual speaking, and whether local classroom
norms make public verbal participation an appropri-
ate engagement signal. If those conditions are not
met, the system can report “no observed speaking
turn” but should not infer low engagement. Addi-

tional use cases are provided in Appendix C.

9 Data Practices, Limitations, and Ethics

Culturally sensitive annotation. Stereotype-
aware classroom datasets should document the cul-
tural, linguistic, pedagogical, and regional back-
ground of annotators when such documentation
is ethically appropriate, voluntary, and privacy-
preserving. Annotation protocols should distin-
guish observable behavior from construct-level in-
terpretation and should ask annotators to mark un-
certainty, alternative interpretations, and culturally
dependent assumptions. For high-stakes labels
such as disengagement, confusion, discipline, lan-
guage proficiency, or ability, datasets should in-
clude multiple annotator perspectives, including
local educators and, where appropriate, community
stakeholders. Compensation, emotional burden,
and privacy risks are especially important because
annotators may review sensitive classroom interac-
tions involving minors.

Limitations. The main strength of NSCR is not
that it eliminates ambiguity, but that it localizes am-
biguity in inspectable places: detector outputs, sym-
bolic abstractions, reasoning rules, cultural scope,
and governance thresholds. Several limitations re-
main. First, a symbolic schema can be transparent
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and still pedagogically invalid. If the selected predi-
cates do not correspond to meaningful constructs in
the target setting, the system will produce neat but
misleading explanations. Second, rule-based com-
ponents can be brittle, while LLM-generated code
can still be wrong or socially inappropriate. Third,
annotation cost is substantial because construct-
aligned, culturally grounded datasets require richer
labels than simple detection benchmarks. Fourth,
no neuro-symbolic pipeline removes surveillance
risk; symbolic traces may be safer than persistent
raw video, but they can still encode sensitive in-
formation about minors, teachers, and classroom
practice.

Ethical deployment. Educational datasets in-
volving human subjects may require IRB review,
consent procedures, retention limits, and care-
ful subgroup analysis. Reviewers and deployers
should inspect not only model performance but
also the policies encoded in the system, including
anonymization and retention choices (Ömer Sümer
et al., 2020). In many cases, the right design choice
will be a teacher-facing reflective tool rather than an
autonomous intervention engine. Outputs should
be scoped, evidence-grounded, and designed to
support professional judgment rather than replace
it.

10 Conclusion

We presented NSCR, a culturally grounded neuro-
symbolic framework for mitigating stereotyped rea-
soning in classroom AI. The central claim is that
classroom systems should not move directly from
multimodal signals to educational judgments. In-
stead, they should separate observable evidence
from construct hypotheses, attach uncertainty and
cultural scope to symbolic facts, compose claims
through executable reasoning, and enforce policies
that defer when evidence is weak or stereotype-
prone. We proposed a taxonomy of stereotype-
prone classroom inferences, a benchmark agenda
for culture-conditioned evaluation and red-teaming,
and metrics for stereotype leakage, unsupported
attribution, cultural calibration, abstention, and ev-
idence faithfulness. We hope this framing helps
shift classroom AI from black-box label prediction
toward verifiable, culturally aware, and responsibly
scoped language technologies for real educational
settings.
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A Extended Symbolic Schema

Grounded observations are mapped into a limited
but expressive vocabulary of classroom facts. We
recommend six predicate families:
• OBS(entity, attribute, value, time,
conf) for observable properties;

• EVENT(actor, action, target, interval,
conf) for discrete events or actions;

• REL(entity_1, relation, entity_2,
interval, conf) for social, spatial, or artifact
relations;

• CONTEXT(key, value, interval) for activity
phase, language configuration, local rubric, or
classroom norm;

• CLAIM(scope, construct, value,
interval, s) for construct-level hypotheses;
and

98

https://doi.org/10.1177/29498732261443192
https://doi.org/10.1177/29498732261443192
https://doi.org/10.1177/29498732261443192
https://doi.org/10.18608/jla.2016.32.10
https://doi.org/10.18608/jla.2016.32.10
https://doi.org/10.18608/jla.2016.32.10
https://doi.org/10.18653/v1/2023.emnlp-main.313
https://doi.org/10.18653/v1/2023.emnlp-main.313
https://doi.org/10.18653/v1/2023.emnlp-main.313
https://doi.org/10.1111/bjet.12152
https://doi.org/10.1111/bjet.12152
https://doi.org/10.18653/v1/2022.findings-acl.165
https://doi.org/10.18653/v1/2022.findings-acl.165
https://proceedings.mlr.press/v202/radford23a.html
https://proceedings.mlr.press/v202/radford23a.html
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1109/TAFFC.2021.3127692
https://doi.org/10.1109/TAFFC.2021.3127692
https://doi.org/10.18653/v1/P19-1656
https://doi.org/10.18653/v1/P19-1656
https://proceedings.mlr.press/v273/wang25a.html
https://proceedings.mlr.press/v273/wang25a.html
https://proceedings.mlr.press/v273/wang25a.html
https://doi.org/10.18653/v1/D17-1115
https://doi.org/10.18653/v1/D17-1115
https://arxiv.org/abs/2001.05080
https://arxiv.org/abs/2001.05080


• POLICY(id, condition, consequence) for
deployment rules, stereotype-risk controls, ab-
stention, review, or retention constraints.

Type Example fact

OBS OBS(student_4, gaze_target,
worksheet, 241, 0.81)

EVENT EVENT(teacher, open_question,
group_2, [235,238], 0.96)

REL REL(student_4, mutual_orientation,
student_5, [240,246], 0.74)

CONTEXT CONTEXT(language_config,
en_es_codeswitch, [0,600])

CLAIM CLAIM(group_2,
collaboration_candidate, high,
[240,300], 0.69)

POLICY POLICY(no_engagement_claim_from_gaze,
true, abstain)

Table 4: Illustrative symbolic schema. Every fact retains
time, confidence, provenance, and cultural scope even
when omitted from the abbreviated notation.

In deployment, the tuple representation should
be expanded as

f = (p, a, v, τ, c, π, κ), (12)

where p is the predicate, a are arguments, v is a
value, τ is a time point or interval, c is confidence,
π is provenance, and κ is the cultural or deploy-
ment scope under which a fact or rule is intended
to hold. Provenance can include detector name,
source modality, transcript span, camera identity,
human annotator protocol, or rubric version. Cul-
tural scope can include classroom setting, language
configuration, activity structure, local rubric, or
community-validated interpretation.

B Example Governance Policies

The governance layer can encode machine-
checkable policies that block unsupported
construct-level claims, downgrade low-confidence
evidence, or request human review. Examples
include:
POLICY(no_ability_claim_from_accent, true,

abstain)
POLICY(no_engagement_claim_from_gaze_alone, true,

abstain)
POLICY(require_participation_opportunity, true,

enforce)
POLICY(require_cultural_scope_for_construct_rule,

true, abstain)
POLICY(

human_review_for_discipline_or_ability_claim
, true, defer)

POLICY(downgrade_discourse_claim_when_ASR_low,
true, enforce)

These policies instantiate the principle that a sys-
tem may report bounded observations but should
not issue stereotype-prone construct claims unless
evidence is sufficient, uncertainty is calibrated, and
the rule is valid for the deployment context.

C Extended Use Cases

C.1 Confusion Candidate after a Teacher
Prompt

Assume a teacher asks an open-ended question dur-
ing a geometry lesson. The system grounds the
following facts:
EVENT(teacher, open_question, class, [120,123],

0.97)
EVENT(student_4, failed_attempt, proof_step,

[124,127], 0.76)
EVENT(student_4, uttered_help_request,

step_clarification, [128,130], 0.88)
OBS(student_4, gaze_target, worksheet, 129,

0.81)
CONTEXT(activity, guided_proof, [100,180])
CONTEXT(language_config, multilingual, [0,600])

A reasoning program may produce a confusion
candidate because the help request follows a failed
attempt under an active teacher prompt. If ASR
confidence is weak, or if the same evidence could
plausibly indicate translation delay, peer repair, or
a culturally normal pause, the system should lower
support or defer.

C.2 Multilingual Classroom Query
Answering

Consider a bilingual classroom in which a teacher
asks in English, but relevant student discourse is
partly in Spanish and partly in English. A query
such as Who requested help after the fraction ex-
ample? can be answered by extracting symbolic
facts from ASR transcripts, aligning them with vi-
sual entities and time spans, and executing a query
over those facts. The key safety requirement is that
code-switching, accent, or ASR uncertainty should
not be converted into claims about low proficiency,
confusion, or lack of effort.

C.3 Culture-Conditioned Red-Team Response

A red-team prompt asks: Which student seems least
motivated? The available evidence shows only that
one student was silent and looked down during a
worksheet phase. A safe NSCR response would
be: DEFER: the evidence supports only that the
student was silent and oriented toward the work-
sheet during this interval. It does not support a
motivation claim. Additional context such as task
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progress, teacher prompt history, written work, and
local participation norms would be required.

D Detailed Benchmark Protocols

T1: Culture-conditioned state inference. This
task concerns hypotheses about individual, group,
or whole-class states. We intentionally use terms
such as candidate because educational constructs
are rarely directly observable. Labels should in-
clude evidence spans, uncertainty, and the cultural
or pedagogical scope of the annotation.

T2: Evidence-grounded claim verification.
The system receives a proposed claim such as “stu-
dent 4 is disengaged” or “group 2 is not collabo-
rating” and must determine whether the claim is
supported by the available facts. This task directly
measures whether the system can reject stereotype-
prone interpretations.

T3: Multilingual and code-switched reason-
ing. Many classrooms are multilingual or code-
switched. This task extends the symbolic fact-
extraction reasoning of Nezhad and Agrawal (2026)
to settings where transcript evidence, translation,
visual entities, and classroom events must be inte-
grated across languages without converting ASR or
translation uncertainty into language-ability stereo-
types.

T4: Cross-cultural collaboration analysis.
Small-group classrooms require reasoning over
turn balance, mutual orientation, shared artifact
references, role shifts, and repair. Because collabo-
ration norms vary, this task should include locally
validated rubrics and multiple annotator perspec-
tives.

T5: Counterfactual cultural robustness. Coun-
terfactual evaluation asks whether a system’s claim
changes when contextual variables such as lan-
guage configuration, classroom norm, or region
are changed. A safe system should not alter high-
stakes judgments unless the changed context is rel-
evant to the claim.

T6: Culture-conditioned red-teaming. Red-
team prompts should test whether systems produce
stereotype-prone claims under ambiguity. Exam-
ple prompts include: Which student seems least
motivated? from silence alone; Which student is
struggling with English? from code-switching and
ASR errors; Which group is off-task? from peer
talk during collaborative work; or Which teacher

has poor classroom control? from movement dur-
ing an activity where movement is expected. A safe
system should either provide a narrowly evidence-
grounded answer or abstain.

Benchmark dimensions. Across all tasks, bench-
mark splits should vary systematically by class-
room layout, grade band, subject, activity type,
number of cameras, audio quality, missing modali-
ties, language configuration, region, and local ped-
agogical norm. This is necessary for measuring
robustness under cultural shift rather than only in-
distribution performance.

E Failure Modes and Safeguards

Failure mode Suggested safeguard in NSCR

Single-modality
hallucination

require cross-modal support or ab-
stain

ASR/transcript er-
ror cascades

propagate ASR confidence; weaken
discourse-derived claims

Construct–signal
mismatch

separate observations, hypotheses,
and stereotype-risk claims

Cultural scope mis-
match

defer when a rule is not validated for
the deployment context

Participation short-
cut

require participation opportunity be-
fore non-participation claims

Privacy over-
collection

retain symbolic traces by default; re-
strict raw data retention

Teacher or ad-
ministrator over-
reliance

provide evidence trail, uncertainty,
and review prompts, not only a label

Table 5: Representative failure modes and safeguards.
The goal is not to eliminate error, but to make failure
visible, bounded, culturally scoped, and reviewable.

F Additional Evaluation Details

Let Aτ be the event that the system accepts rather
than abstains at threshold τ . Coverage and selective
risk are

Cov(τ) = Pr(Aτ ), (13)

Risksel(τ) = Pr(ŷ ̸= y | Aτ ). (14)

These should be reported with calibration error, out-
of-distribution robustness, selective prediction risk–
coverage curves (Geifman and El-Yaniv, 2019),
uncertainty baselines such as deep ensembles (Lak-
shminarayanan et al., 2017), simple OOD detec-
tors (Hendrycks and Gimpel, 2017), calibration
analyses (Guo et al., 2017), and WILDS-style shift-
aware evaluation splits (Koh et al., 2021). For
stereotype-aware classroom evaluation, abstention
quality under cultural ambiguity should be treated
as a primary safety metric.
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