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Figure 1. Popular facial expression recognition (FER) models are trained to predict canonical basic emotions from prototypical facial
expression images, often obtained from web queries and annotated with external observation or query-matching. In collaborative problem-
solving (CPS), epistemic emotions such as curiosity, optimism, and conflict are often more relevant but manifest more subtly in facial
behavior and are subjective in their nature. We examine the alignment between these model outputs and epistemic affect observed in
collaborative problem-solving settings. Samples from the left group are from AffectNet [1] and from the right are from our CPS dataset.

Abstract

Facial expression recognition (FER) have been adopted ex-
tensively in educational research. These models are usu-
ally trained on web-scale datasets optimized for canon-
ical basic emotions. However, in collaborative learn-
ing, the affective states of interest are often epistemic
(learning-relevant) in nature—such as confusion, curios-
ity, and frustration—rather than prototypical basic emo-
tions like disgust or anger. Here, we evaluate popular
FER systems trained using web-scale datasets on small-
group collaborative problem-solving sessions. We anno-
tate epistemic emotions using a retrospective cued-recall
approach, where participants watch a video of a collabo-
rative session immediately after the group task and individ-
ually self-report at different segments. We analyze cross-
taxonomy alignment between epistemic emotions and pre-
dicted basic emotions, cross-model agreement in collab-
orative learning, and dimensional valence—arousal struc-

ture with respect to basic and epistemic emotions. Across
models, categorical predictions overwhelmingly collapse
to Neutral for all epistemic labels, and valence—arousal
outputs fail to distinguish the different epistemic states.
Furthermore, low agreement between models indicates
some degree of instability in both web-scale and natu-
ralistic collaborative contexts. Our findings suggest that
FER systems trained for canonical emotion recognition on
web-scale datasets do not directly generalize to the more
subtle epistemic emotions experienced during collabora-
tion, which has implications for education researchers de-
ploying these tools in classrooms. Our code is avail-
able at https://anonymous.4open.science/r/cvpr-edu-affect-
2026-6EF5.

1. Introduction

Recent advances in computer vision have increased the
adoption of facial expression recognition (FER) tools in
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education. Open-source frameworks [2, 3], large-scale
datasets [1, 4], and modern architectures [5] have lowered
the barrier to deploying FER systems in applications such
as classroom sensing and intelligent tutoring systems [6—9].
Despite this rapid adoption, relatively little empirical work
has examined how web-trained FER systems perform in
naturalistic multi-party learning environments such as col-
laborative problem-solving (CPS). Most FER models are
trained to predict canonical basic emotions—such as hap-
piness, sadness, anger, fear, disgust, and surprise—using
datasets curated primarily from scraping or querying the
web [1, 10] and annotated by external coders with subsets
including one annotator per image [11] or computer vision
algorithms that are trained on similar manual annotations
[4]. Facial expressions from these datasets tend to be more
prototypical and exaggerated compared to naturalistic col-
laborative data since many are stock images of posed ex-
pressions or celebrities at televised events, and have been
criticized for being inconsistent in their labels due to their
unreliable annotation process [11]. Recent affective com-
puting research has also expanded to dimensional repre-
sentations, most notably the valence—arousal (V-A) cir-
cumplex model [12]. Many modern FER datasets provide
both categorical and continuous annotations [1, 11], en-
abling models to predict valence and arousal alongside dis-
crete emotions. Such datasets typically also include soft-
labels (the probability vectors for discrete labels) with each
instance, and offers a potentially richer representational
space [13].

In contrast, the affective states more relevant to educa-
tional contexts such as CPS are epistemic in nature, includ-
ing confusion, curiosity, frustration, and engagement, and
they manifest in facial expression much more subtly. These
emotions are closely tied to knowledge construction, un-
certainty management, and collaborative coordination, and
have been shown to influence learning outcomes in various
educational contexts [14-16]. Consequentially, they are
of particular interest for instructors and learning technolo-
gies that aim to monitor and support learning processes in
real time [14]. To that end, researchers are using machine
learning with behavioral data that can unobtrusively cap-
ture these states during authentic learning activities [17].
FER systems are becoming promising candidates for this
purpose due to their increasing efficiency and ease of adop-
tion [6].

These trends bring some important questions to atten-
tion: when web-trained FER models are used in collab-
orative learning settings, do they meaningfully align with
epistemic affective states or collapse toward dominant ba-
sic emotion categories? Moreover, do the continuous va-
lence—arousal outputs of VA models capture finer affective
distinctions in this context, or do they largely reflect the
same categorical structure embedded in their training data?

Finally, do different FER systems/architectures even pro-
duce consistent signals under such a domain shift?

To address these questions, we evaluate multiple widely
used pretrained FER systems on a dataset of CPS ses-
sions annotated with self-reported epistemic states collected
via retrospective cued recall [18, 19]. We analyze cross-
taxonomy alignment, prediction concentration and inter-
model agreement. Our goal is to examine how contempo-
rary FER systems behave out-of-the-box when deployed in
CPS settings.

2. Related Work

The last decade has seen significant interest in FER, primar-
ily driven by web-scale datasets and deep learning. Early
large-scale annotated datasets such as FER2013 [10] en-
abled supervised training of CNNs for basic emotion recog-
nition. AffectNet [1] and RAF-DB [20] further expanded
the scale of training data and introduced both categori-
cal and valence—arousal annotations, with AffectNet+ [11]
also introducing soft labels for facial expressions. Re-
cent architectures have even leveraged attention mecha-
nisms and transformer-style backbones to improve perfor-
mance on these benchmarks. For example, dual-branch at-
tention networks [21] and ViT based architectures such as
POSTER++ [5] reported strong results on multiple in-the-
wild emotion datasets. Concurrently, toolkits such as Open-
Face [2, 3] and LibreFace [22] have been developed by re-
searchers to provide user-friendly and efficient interfaces
for end-to-end extraction of facial landmarks, action units,
gaze, head pose estimation and facial expression prediction,
facilitating adoption in domains such as education.

Most training and evaluation of FER models remain
within the distribution of the web-scale benchmark datasets.
Such datasets are often constructed by querying the web
with emotion-related keywords [1, 4, 10] using tools such
as WordNet [23]. This process have yielded posed or ex-
aggerated expressions that approximate canonical emotion
prototypes [13]. Such data differ substantially from sponta-
neous affect observed in real-world interaction in terms of
intensity, dynamics, and contextual embedding. In collabo-
rative learning settings, learners often regulate or mask visi-
ble affect during group interaction [24]. Negative epistemic
states such as confusion or frustration may manifest subtly
or co-occur with task-focused expressions. Group dynamics
introduce additional layers of co-regulation and social mon-
itoring [25]. As a result, the mapping between visible facial
configurations and epistemic emotions may differ from that
observed in web-scale datasets. In the learning sciences, af-
fect is often studied not as isolated emotional expressions
but as part of a broader cognitive—affective process that un-
folds during knowledge construction. Epistemic emotions
such as confusion, curiosity, and frustration are closely tied
to processes such as impasse resolution, hypothesis gen-
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eration, and collaborative sense-making [14, 15]. These
states are frequently transient, low-intensity, and embedded
within ongoing task activity, making them difficult to infer
from facial cues alone.

Many web-scaled datasets also use the basic emotion
taxonomies and/or the dimensional affect models to repre-
sent facial affect. Basic emotion theory characterizes af-
fect using a small set of discrete categories—such as hap-
piness, sadness, anger, fear, disgust, and surprise—that are
assumed to correspond to recognizable facial configurations
and are widely used in FER datasets and benchmarks [10,
26]. Datasets using this taxonomy often use a ‘“Neutral”
label if the annotator believes none of the basic emotions
are present. Dimensional approaches, most notably the va-
lence—arousal circumplex model, instead represent affect
along continuous axes capturing positivity—negativity (va-
lence) and activation level (arousal) [12]. These represen-
tations have enabled FER systems to predict both categori-
cal and continuous affective states from facial images [1].
In educational contexts, it remains unclear whether the
epistemic states of interest correspond directly to canon-
ical facial prototypes associated with basic emotions, or
map cleanly onto simple regions of valence—arousal space.
Understanding how existing FER representations relate to
these learning-relevant affective states is therefore an im-
portant step to consider before deploying such models in
collaborative learning settings.

Another concerning factor is the annotation of affect in
educational contexts. Many FER benchmarks rely on anno-
tations from external observers who infer emotional states
from static images or short clips [1, 20]. Although inter-
rater agreement is often reported, observer-based labeling
may not fully capture internal experiences, particularly in
complex social contexts. Some subsets of popular datasets
also only have one annotator assigned per image due to the
sheer volume of images. Benitez-Quiroz et al. [4] have
tried to improve this paradigm by generating annotations
for millions of facial images using automated facial be-
havior analysis systems trained on manually coded Facial
Action Units. While such approaches enable dataset scal-
ing, subsequent work has raised concerns about the reliabil-
ity of labels generated by automated FER systems, noting
that algorithmic annotations may propagate biases and sys-
tematic errors present in the underlying models [27]. Ed-
ucational research has therefore explored alternative anno-
tation strategies, including self-reports, behavioral coding,
and multimodal sensing approaches [7, 14]. Physiological
signals such as electrodermal activity [28] and heart rate
variability [29] have been used to study learning-related af-
fect, but these methods are often intrusive and impractical
in authentic learning environments. A recently adopted ap-
proach is retrospective cued-recall (RCR), in which partic-
ipants review recordings of their own activity and report

Table 1. Demographic information of participants in the EECPS-
WT dataset [19]

Gender Male (18) Female (7) Non-binary (2)
Age 18-24 (14) 25-34 (11) 35+ (2)
Ethnicity Asian (13) White (12) Hispanic (2)

-

-

Figure 2. Three team members collaborating during an experimen-
tal task from the EECPS-WT dataset

their internal states at specific moments in time [18]. This
method preserves contextual grounding while allowing par-
ticipants to reflect on their affective experiences during col-
laboration. Such annotations provide a complementary per-
spective to observer-based labels and offer a practical mech-
anism for studying epistemic emotions in naturalistic set-
tings.

3. Methods
3.1. Dataset

We use a collaborative learning dataset, Epistemic Emo-
tions in Collaborative Problem Solving: Weights Task
(EECPS-WT). This dataset is a contribution from previ-
ous work [redacted for review] which we build upon in
this paper. The data is collected from 27 college students
who were over 18 years old and fluent in English. Ta-
ble 1 shows their demographic information. Participants
were organized into nine groups of three and were video
recorded while completing a collaborative problem-solving
(CPS) activity, adapted from Khebour et al [30]. In this
activity, groups used a balance scale to infer the relative
weights of five blocks, one of which has a known reference
weight. Each group was required to submit a single shared
answer via survey upon completion of the phase. Interac-
tions were recorded using consumer-grade laptop webcams
positioned in front of participants, resulting in naturalistic,
low-resource video data similar to what may be encountered
in classroom or remote learning settings. Figure 2 shows an
example frame from the dataset, where three team members
are collaborating on the task.
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Following task completion, participants individually re-
viewed a recording of their collaborative session using a ret-
rospective cued recall (RCR) procedure. During playback,
participants reported their own affective states using an in-
teractive survey interface. Reports could be self-initiated at
any time. Additionally, if no report was submitted for 60
seconds, the system automatically issued a probe request-
ing a report. This design captures both spontaneous and
probe-caught affective states. Participants selected one or
more affective states from a predefined set of seven epis-
temic labels: Confused, Curious, Frustrated, Disengaged,
Optimistic, Surprised, and Conflicted, adopted from prior
research [31]. Each selected label was timestamped accord-
ing to video playback time. All reports were standardized
and consolidated into a single dataset, with each affective
label represented as a separate instance. Reports were ad-
ditionally tagged as self-caught or probe-caught based on
their trigger mechanism. Statistical information such as fre-
quency distribution and temporal distribution of labels is re-
ported in Sec 1 of the supplementary material.

3.2. Data Preprocessing

To evaluate facial expression recognition (FER) models at
the level of individual reports, we construct face-based im-
age instances aligned with self-reported timestamps. All
videos were processed frame-by-frame using RetinaFace
for face detection [32]. For each detected face, a bound-
ing box was extracted and cropped from the original frame.
Since participants were seated in fixed positions during
the collaborative task, with participants 1 through 3 seated
from left to right from the camera’s point of view, de-
tections were organized per participant by spatial consis-
tency across frames using the x-coordinate of detections
to map them to participants. Cropped faces were stored
at one-second resolution, with each second containing ap-
proximately 30 frames corresponding to the recorded frame
rate. All subsequent model inference operates exclusively
on these cropped face images.

Each report is associated with a specific playback times-
tamp. To account for potential temporal misalignment be-
tween when an affective state was experienced and when
it was reported, we adopt a temporal neighborhood sam-
pling strategy. For each affect report at time ¢, we collect all
cropped face images within a +5 second window, i.e., the
interval [t—>5, t+5]. From this pool of candidate frames, we
randomly sample 10 face images to represent the instance.
This strategy reduces sensitivity to single-frame noise and
accommodates slight reporting delays inherent in retrospec-
tive annotation. Each affect report is therefore represented
as a set of 10 independently processed face images. Models
are applied independently to each of the 10 frames, and pre-
dictions are aggregated to produce an instance-level output
(described in Section 3.3).

3.3. Facial Expression Recognition Models

We benchmark FER models that output (i) categorical ba-
sic emotions or (ii) continuous valence—arousal representa-
tions. We perform inference independently on each sampled
face crop, and predictions are aggregated at the instance
level. For a given affect report at time ¢, let {x;}X, de-
note the set of K = 10 sampled face images within the
temporal window described in Section 3.2. Each image is
resized to 224 x 224 pixels and normalized according to the
preprocessing requirements of the corresponding model.

3.3.1. Categorical Basic Emotion Models

We evaluate multiple pretrained FER models that predict
discrete basic emotion categories. These include both
multi-task pipelines OpenFace 3.0 [3] and LibreFace [22]
and off-the-shelf deep learning FER models POSTER++
[5], EmotiEffLib [33], and DDAMEN [21]. In addition, we
include Qwen2.5-VL-7B [34], a vision language model, as
a general purpose comparison point. OpenFace-3.0 outputs
class probabilities (also known as soft labels [11]) and the
other five outputs hard labels. All six models are used with
publicly released pretrained weights.

For models that output soft labels, each image xz; pro-
duces a probability vector:

c
pi = f(z;) €RY, with > pi.=1.
c=1

To obtain an instance-level prediction, we compute the
mean probability vector across sampled frames:

| X
and assign the predicted label as

§ = arg max pe.
(&

Averaging probabilities preserves confidence informa-
tion across frames and reduces sensitivity to single-frame
noise.

For models that return only a discrete label per image,
we aggregate predictions via majority vote:

Z,A/ = mOde{gtha v 7@K}

In the case of ties, a deterministic class ordering is used.
Majority voting is appropriate when per-frame confidence
scores are not available or not directly comparable across
models.

For Qwen 2.5-VL, we provide the 10 frames along with
this text prompt: These images are frames from a single
video. Classify the emotion being displayed. Choose ex-
actly one from the universal emotions. Output ONLY the
emotion name, and nothing else.
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Because emotion labels vary slightly across different
model outputs (e.g., “Happiness” vs. “Happy”), predicted
categories are mapped to a standardized set: {Neutral,
Happy, Sad, Angry, Surprise, Fear, Disgust, Contempt}.
Contempt was removed during cross-model analysis since
some categorical models does not use it as one of their out-
puts [35]. This normalization enables cross-model compar-
ison under a unified taxonomy.

3.3.2. Dimensional Valence-Arousal Model

To examine whether continuous affect representations bet-
ter align with collaborative learning contexts, we evaluate
a pretrained system that jointly predicts discrete emotions
and continuous valence—arousal values: EmotiEffLib [33].
For each image z;, the model outputs:

(visai) = fva(zi),
where v; € [—1,1] denotes valence and a; € [—1,1]
denotes arousal.
Instance-level dimensional predictions are computed by
averaging across sampled frames:

| K
(v,a) = e Z(%az‘)

This produces a single valence—arousal coordinate for
each affect report instance.

We evaluate a single representative dimensional model
rather than benchmarking multiple architectures. Because
valence—arousal models are typically trained on the same
web-scale datasets [, 36] and share similar objective func-
tions, we picked one model as our representative to examine
whether continuous affect representations meaningfully dif-
ferentiate epistemic states in collaborative learning.

3.4. Analysis

Our experiments focus on understanding how FER models
perform on collaborative learning data. Because epistemic
emotions and basic emotions/valence-arousal represent dif-
ferent conceptual spaces, we do not treat this as a conven-
tional supervised classification problem. Instead, we ana-
lyze model behavior through distributional alignment, pre-
diction concentration, and cross-model agreement.

3.4.1. Categorical Affect Alignment

We first examine how predicted basic emotion categories
distribute across epistemic labels. For each categorical
model, we compute a cross-taxonomy confusion matrix
whose rows correspond to epistemic emotions (e.g., Curi-
ous, Confused, Frustrated) and columns correspond to pre-
dicted basic emotions. To account for the different distribu-
tions of labels in the dataset, we report the row-normalized
version of this matrix, representing the conditional distribu-
tion of predicted basic emotions given each epistemic state.

This analysis allows us to assess whether specific epistemic
states map consistently onto particular basic emotions, or
whether predictions collapse toward dominant categories.
To maintain clarity and conciseness, we only report the row-
normalized confusion matrix for OpenFace 3.0 as the rep-
resentative categorical model and summarize results across
all other evaluated models in Sec 2.1 of the supplementary
material. We also compute the proportion of instances as-
signed to each basic emotion category and report the most
frequent predicted basic emotion for each epistemic label
across all categorical models.

3.4.2. Dimensional Affect Structure

We next analyze continuous valence—arousal predictions
produced by the dimensional model. For each epistemic la-
bel, we compute the mean and standard deviation of valence
and arousal values and visualize their distributions using
scatter plots in the two-dimensional affect space. This anal-
ysis addresses whether dimensional representations pro-
vide separable structure for epistemic states that categorical
models fail to capture. We examine if epistemic states form
clusters in valence—arousal space, the degree of overlap be-
tween states, and the stability of dimensional predictions
across instances. In addition, we analyze valence—arousal
distributions grouped by predicted basic emotion categories
to verify internal coherence of the dimensional outputs and
how the basic emotions complement the dimensional pre-
dictions. Here, we report scatter plots in the valence-arousal
space to represent the distributions from both epistemic la-
bels and basic emotion labels. Detailed statistical reports of
these distributions and box plots are in Sec 2.2 of the sup-
plementary material.

3.4.3. Cross-Model Agreement

To assess robustness across architectures under domain
shift, we computed pairwise confusion matrices between
categorical predictions generated by two FER models on the
same instances. This analysis was conducted across random
samples from EECPS-WT and AffectNet [1], a large-scale,
in-the-wild facial expression benchmark. Pairwise confu-
sion matrices were then constructed by treating the Model
1 predictions as the reference axis and the Model 2 predic-
tions as the comparison axis. We normalize the counts of
predictions from Model 1 for each label to counter the in-
fluence of label imbalance in evaluating cross-model agree-
ment. This allows us to directly compare inter-model agree-
ment between these FER models in two different datasets,
one that is web-scaled and the other educational. Here, we
report confusion matrices representing agreement between
OpenFace 3.0 and LibreFace as the representative models.
Confusion matrices between all other combinations of mod-
els is reported in Sec 2.3 of the supplementary material.

CVPR
#21

365
366
367
368
369
370
37
372
373
374
375

376

377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395

396

397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414



CVPR
#21

415

416
417
418
419

420

421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436

437

438
439
440
441
442
443
444

CVPR 2026 Submission #21. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Curious 0.15 0.14 0.05 0.16 0.04 0.01

Confused 0.22 0.07 0.13 0.07 0.00

@ Disengaged 0.12 0.18 0.06 0.06 0.00
2
F=]
o
&

o  Surprised 0.12 0.19 0.19 0.00 0.00
£
Q
L
@
Q

W Conflicted 0.00 0.13 0.00 0.00

Optimistic 0.10 0.08 0.17 0.03 0.01

Frustrated 0.12 0.12 0.19 0.06 0.00

T T T T T T
> X 3 X > S
< .
S @\{’ . (9"6 &R < P v(@‘
¥ I’ Y X &

OpenFace Basic Emotions

Figure 3. Row-normalized confusion matrix between epistemic
states and OpenFace 3.0 predictions.

4. Results

We report results for our experiments in: (1) cross-
taxonomy alignment between predicted basic emotions and
epistemic labels, (2) dimensional valence—arousal structure,
and (3) cross-model agreement under domain shift.

4.1. Cross-Taxonomy Alignment

Figure 3 shows the row-normalized confusion matrix be-
tween epistemic labels and OpenFace 3.0 predictions. We
see a consistent pattern across all epistemic states: Neutral
is the most frequent prediction. For example, 43.8% of Cu-
rious instances, 33.3% of Confused instances, and 37.5%
of Frustrated instances are predicted as Neutral. No epis-
temic label shows a strong one-to-one mapping to any basic
emotion category. This pattern persists across all evaluated
categorical models. Table 2 summarizes, for each epistemic
label, the most common predicted basic emotion and its
corresponding proportion. Across models, Neutral is over-
whelmingly the dominant prediction for nearly all epistemic
states. In the few cases where another label appears most
frequently (e.g., Happy or Sad), the mapping is inconsistent
across models and lacks an interpretable semantic relation-
ship to the epistemic construct.

4.2. Valence—Arousal Structure

We next analyze continuous valence—arousal (V-A) out-
puts. Figure 4 visualizes the distribution of epistemic la-
bels in V-A space. We observe that epistemic states do
not form clearly separable regions, as the scatter plot re-
veal substantial overlap across labels, showing large within-
label variance relative to between-label differences. When
grouped by predicted basic emotion categories, we observe

o Curious
Confused

o o Disengaged
o Surprised
o Conflicted
o Optimistic
Frustrated

0.4 4

0.3 4 °

0.2 4 °
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Figure 4. Valence-arousal scatter plot grouped by epistemic la-
bels. Substantial overlap and high within-label variance are ob-
served, with no clearly separable clusters.
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Figure 5. Valence—arousal scatter plot grouped by predicted basic
emotion categories. Distinct clusters emerge (e.g., Happy in high
valence, Angry in low valence/high arousal), indicating internal
coherence of the dimensional model with respect to its training
taxonomy.

a more clear structure (Figure 5). For example, Happy pre-
dictions cluster in high-valence regions, Sad in low-valence
and lower-arousal regions, and Angry in low-valence but
higher-arousal regions.

4.3. Cross-Model Agreement

Finally, we assess robustness across architectures under do-
main shift by analyzing pairwise confusion matrices be-
tween categorical predictions generated by OpenFace 3.0
and LibreFace as representative models on subsets of the
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Table 2. Most frequent predicted basic emotion for each epistemic label and their proportion across categorical models.

Epistemic Label OpenFace 3.0 LibreFace POSTER++ DDAMFN EmotiEffLib Qwen 2.5-VL
Curious Neutral (0.44) Neutral (0.51) Neutral (0.73) Neutral (0.73) Neutral (0.70) Neutral (0.96)
Confused Neutral (0.33) Neutral (0.43) Neutral (0.54) Neutral (0.54) Neutral (0.44) Neutral (0.93)
Disengaged Neutral (0.35) Neutral (0.59) Neutral (0.71) Neutral (0.71) Neutral (0.48) Neutral (0.81)
Surprised Neutral (0.31) Neutral (0.53) Neutral (0.38) Happy (0.50) Neutral (0.41) Neutral (0.95)
Conflicted Neutral (0.39) Happy (0.52) Neutral (0.43) Neutral (0.43) Neutral (0.46) Neutral (0.88)
Optimistic Neutral (0.37) Sad (0.46) Neutral (0.60) Neutral (0.60) Neutral (0.55) Neutral (0.97)
Frustrated Neutral (0.38) Neutral (0.44) Neutral (0.56) Neutral (0.56) Neutral (0.47) Neutral (0.84)
AffectNet Dataset Weights Task Collaborative Learning Dataset

Neutral 4 0.37 0.00 0.00 0.05 0.13 0.45 0.00 Neutral 0.00 0.00 0.12 0.34 0.04 0.00

Surprise 4 0.14 0.10 0.00 0.29 0.19 0.24 0.05 Surprise 0.00 0.00 017 034 0.06 0.00

Disgust 4 0.06 0.00 0.24 0.07 0.16 0.46 0.00 Disgust 1 035 0.00 0.00 015 - 0.05 0.00

E Happy ~ 0.00 0.00 0.00 1.00 0.00 0.00 0.00 Happy 0.26 0.00 0.00 011 0.00 0.00

§

Sad4{ 013 0.00 0.00 0.00 0.40 0.47 0.00 Sad 4 0.27 0.00 0.00 0.00 0.00 0.00

Angry - 0.00 0.00 0.00 0.00 0.00 0.00 0.00 Angry n 0.00 0.00 0.00 0.00 0.50 0.00

Fear4 0.11 0.00 0.00 0.44 0.00 0.44 0.00 Fear 4 0.00 0.00 0.00 0.00 0.00 0.00 0.00

“e\)“a\ 5\,\(9&6 0'\99"9‘ aeo® 2 peo” e & & 4 &QQ* “’bb v“O}* &
& R &%
LibreFace

Figure 6. Cross-model confusion matrices between OpenFace 3.0 and LibreFace predictions on AffectNet (left) and EECPS-WT (right).

AffectNet and EECPS-WT dataset. Figure 6 presents the
two confusion matrices.

For AffectNet, agreement between models varies sub-
stantially across emotion categories. The strongest align-
ment occurs for Happy, where predictions coincide almost
perfectly between the two models. Moderate agreement is
also observed for Sad. However, other categories exhibit
substantial disagreement. For example, images predicted as
Neutral by OpenFace 3.0 are frequently labeled as Angry
or Sad by LibreFace, and Disgust predictions often corre-
spond to Angry. Despite these inconsistencies, the Affect-
Net matrix exhibits a relatively diverse distribution of pre-
dicted labels, including Fear, Disgust, and Angry, reflecting
the presence of more prototypical facial expressions within
the benchmark dataset.

In contrast to AffectNet, predictions in EECPS-WT are
heavily concentrated in a small subset of categories, partic-
ularly Neutral, Sad, and Happy. Other categories such as
Fear, Disgust, and Angry appear rarely or not at all. Addi-

tionally, cross-model agreement is limited, with predictions
frequently distributed across multiple categories rather than
aligning along the diagonal.

5. Discussion

Our findings highlight three interrelated challenges in de-
ploying pretrained FER systems in collaborative educa-
tional settings.

5.1. Basic Emotions and Epistemic States

Across models, epistemic states are predominantly mapped
to Neutral. This collapse suggests that models trained on
web-scale benchmarks appear calibrated toward canonical
and often exaggerated facial prototypes and default to Neu-
tral when subtle or ambiguous expressions are encountered.
In collaborative problem-solving (CPS) settings, where af-
fect may be regulated, masked, or embedded within task-
focused expressions, such calibration leads to a collapse of
predictions into a small subset of categories. Such emo-
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tions may instead manifest as mild brow furrows, brief gaze
shifts, or micro-level muscular changes that fall below the
decision thresholds learned from prototypical training data.

5.2. Valence-Arousal and Epistemic States

Dimensional valence—arousal modeling provides a richer
representational space, yet epistemic states remain highly
overlapping in V—A space. While the dimensional model
behaves consistently with respect to canonical basic emo-
tions, it does not yield separable structure for collabora-
tively reported epistemic labels. This contrast indicates that
the dimensional model is internally coherent with respect
to the basic emotion taxonomy on which it was trained.
However, that structure does not transfer to epistemic states
observed in CPS. Dimensional representations therefore in-
herit the same domain alignment limitations as categorical
models.

5.3. Cross-Model Reliability

The cross-model agreement analysis reveals several im-
portant insights about the reliability of current FER sys-
tems when applied to educational contexts. First, even
when evaluated on AffectNet images—data drawn from
a large-scale facial expression benchmark—agreement be-
tween OpenFace 3.0 and LibreFace is inconsistent across
several emotion categories. While both models reliably
identify highly prototypical expressions such as Happy, pre-
dictions diverge for other emotions including Disgust, An-
gry, and Neutral. This suggests that different model archi-
tectures may learn distinct feature representations and de-
cision boundaries despite sharing a common emotion tax-
onomy. Second, cross-model disagreement becomes even
more pronounced when models are applied to CPS. In
EECPS-WT, predictions from both models collapse into
a small subset of categories—primarily Neutral, Sad, and
Happy. Emotions such as Fear, Disgust, and Angry, which
appear in AffectNet predictions, are rarely produced in the
collaborative setting. This pattern suggests that facial ex-
pressions observed during CPS may not strongly resem-
ble the canonical facial configurations present in benchmark
datasets.

These results are particularly noteworthy given that both
OpenFace 3.0 and LibreFace were trained using datasets de-
rived in part from AffectNet. However, the two systems
differ substantially in their training pipelines and additional
training data. LibreFace also incorporates pretraining on
the FFHQ [37] and EmotioNet [4] datasets and fine-tuning
on DISFA [38], while OpenFace 3.0 employs a multi-task
learning architecture trained to jointly predict facial land-
marks, action units, and emotion logits. Differences in
training objectives and auxiliary datasets may therefore in-
fluence how each model interprets facial configurations in
naturalistic environments.

For educational applications, these findings raise impor-
tant concerns about measurement reliability. If two widely
used FER systems produce different predictions when ap-
plied to the same student behavior, it becomes difficult to
interpret model outputs as stable indicators of learner affect.
In CPS settings where emotional signals may be subtle, reg-
ulated, or embedded within task-focused activity, reliance
on facial expressions alone may therefore provide an in-
complete or inconsistent representation of learners’ internal
states. This highlights the need for multimodal approaches
and domain-specific evaluation protocols when deploying
affective computing systems in educational research.

6. Limitations

This study has several limitations. First, our analysis
is based on a single collaborative problem-solving (CPS)
dataset collected within one institutional context with a rel-
atively small participant pool. Further validation across di-
verse classrooms, age groups, and cultural contexts is nec-
essary to assess the generalizability of our findings. Sec-
ond, we evaluate a limited set of FER models that primarily
operate on static images. Future work should extend this
analysis to multimodal and temporally-aware architectures,
including video-based models and vision—language models
fine-tuned for affect recognition [39]. Finally, our dataset
relies on retrospective cued-recall annotations, which may
be susceptible to recall bias. Future work should explore
complementary annotation strategies, including hybrid ap-
proaches that integrate behavioral and physiological sig-
nals.

7. Conclusion

We evaluated web-trained FER systems in a collabora-
tive problem-solving (CPS) setting annotated with epis-
temic states via retrospective cued-recall. Across multi-
ple architectures, categorical models largely mapped epis-
temic states to Neutral, while valence—arousal representa-
tions failed to produce separable structure among labels.
Low inter-model agreement further indicated instability un-
der domain shift. Dimensional predictions remained inter-
nally consistent with canonical basic emotions, suggesting
the misalignment arises not from model failure but from
a mismatch between web-trained emotion taxonomies and
collaboratively expressed epistemic affect. These results
suggest that these modern FER systems trained on web-
scale datasets may not directly transfer to CPS contexts, and
their outputs should be interpreted cautiously when used in
human-centered Al research.
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