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Abstract

Automated mind-wandering (MW) detection from educa-
tional video offers a potential path toward continuous
and non-intrusive measurement of attentional state dur-
ing learning. Recent work introduced a pragmatic start-
ing point for video-based MW detection by transferring fa-
cial emotion recognition (ER) features to an in-lab read-
ing dataset with MW labels, showing that an AffectNet-
pretrained ResNet50 encoder can support above-chance
prediction. In this work, we revisit this approach in light of
recent ER foundation models by evaluating four frozen fea-
ture extractors—the AffectNet-pretrained ResNet50 base-
line, MAE, VideoMAE, and the full Emotion-LLaMA
representations—within the same downstream MW classi-
fication task. Across experiments, the AffectNet-pretrained
baseline remains the strongest overall encoder, while none
of the newer Emotion-LLaMA-based representations im-
proves MW prediction despite greater architectural sophis-
tication. To understand this gap, we analyze per-encoder
error profiles, prediction-score separability, shared versus
encoder-specific failures, hard versus easy subsets, and
Emotion-LLaMA’s predicted emotion labels. Results in-
dicate that Emotion-LLaMA— a state-of-the-art foundation
model across several ER benchmarks—produces more am-
biguous MW decision scores, over-predicts MW more fre-
quently and differs only weakly across MW-relevant error
cases — that stronger emotion recognition models do not
necessarily provide useful features for mind-wandering de-
tection. Our findings showcase limitations of “emotion to
mind wandering” transfer, highlighting the need for devel-
opment of encoders that capture learning-specific signals.'

Picture a fourth-grade student working through an on-
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line reading task at home. A sound from outside draws her
gaze to the window, and soon her thoughts follow—drifting
away from the text toward the possibility of playing outside.
This shift away from the task at hand toward task-unrelated
thought is known as mind wandering (MW) [23]. Prior
work has shown that MW occurs frequently during learning
and is associated with poorer learning outcomes, including
reading comprehension and lecture retention [7, 21]. It is
also especially prevalent in online learning settings, where
sustained attention to video-based instruction can be diffi-
cult to maintain [1]. Consequently, the automatic detec-
tion of MW is an important problem for intelligent tutor-
ing systems, adaptive educational tools, and other human—
computer interactive systems that aim to monitor and sup-
port learning in real time [7, 20].

Automated MW detection is particularly useful when it
can be performed continuously and non-intrusively. Much
prior work has relied on eye tracking or physiological sen-
sors such as EEG, which provide rich process information
but are costly, difficult to scale, and often require controlled
settings [14]. In contrast, video-based MW detection from
consumer-grade webcams offers a more practical path to-
ward deployment in natural educational environments such
as classrooms and homes [3]. This makes video an ap-
pealing modality for both large-scale research and future
intervention-based systems.

At the same time, video-based MW detection faces a
core representation problem. Labeled MW datasets are rel-
atively small, self-reports are expensive to collect, and task-
native encoders for learning-related cognitive states are still
largely unavailable. A recent line of work addressed this
limitation by transferring facial emotion recognition (ER)
features to MW prediction, showing that facial represen-
tations extracted using an AffectNet-pretrained ResNet50
encoder, combined with a temporal decoder, can achieve
above-chance performance on an in-lab reading dataset with



MW annotations [4]. This result is promising because it
suggests that large-scale ER pretraining may provide a use-
ful starting point for MW modeling when direct supervision
for cognitive states is limited.

However, it remains unclear whether improvements in
ER modeling translate into better MW representations. Re-
cent ER foundation models promise stronger robustness
and broader generalization than earlier facial encoders, but
stronger performance on canonical ER benchmarks does
not necessarily imply better alignment with learning-related
cognitive states. In educational settings, facial behavior is
shaped not only by affect, but also by task demands, con-
centration, effort, reading dynamics, and fatigue. As a re-
sult, representations optimized for emotion recognition may
remain poorly matched to the signals required for MW de-
tection.

In this paper, we revisit ER-to-MW transfer in the con-
text of recent foundation models by evaluating four pre-
trained encoders in a frozen-encoder MW pipeline on the
in-lab dataset of Bosch and D’Mello [3]. Our primary
baseline is the AffectNet-pretrained ResNet50 encoder used
by Biihler et al. [4], which has yielded the strongest re-
ported video-based MW results to date. We compare this
baseline against MAE [24], VideoMAE [26], and Emotion-
LLaMA [5]. Because Emotion-LLaMA integrates multi-
ple pretrained visual encoders, we evaluate both the fused
Emotion-LLaMA representation and key backbone compo-
nents used within its pipeline.

Our results show that none of the newer or more ar-
chitecturally sophisticated representations outperforms the
AffectNet baseline. We then analyze per-encoder error
profiles, confidence distributions, shared versus encoder-
specific failures, hard versus easy subsets, and Emotion-
LLaMA’s predicted emotion labels to analyze why these
representations fail to transfer effectively. Our findings sug-
gest that progress in automated MW detection may require
a shift in representation: we argue that facial expressions
may carry different semantics in educational contexts than
in standard emotion recognition tasks. Consequently, mov-
ing beyond modest performance gains will likely require the
development of task-specific encoders designed for cogni-
tive state inference in classroom settings.

1. Related Work

Successful approaches to detecting MW have relied on
tracking explicit features such tracking eye movement —
through eye gaze trackers[13], as well as facial features —
including head pose, facial textures, facial action units, and
upper body movement [3] and finally physiological features
— heart rate variability [17], EGG [8], EDA [2], amongst
others.

Recent advances in deep learning and computer vision
have prompted a shift toward automatic feature representa-

tion learning [27]. In particular, facial emotion recognition
models trained on large-scale datasets have attracted atten-
tion as potential sources of transferable knowledge for edu-
cational tasks such as mind wandering detection [18, 25].
The motivation is twofold: such models are trained on
orders of magnitude more data than any mind wander-
ing dataset, and the emotional expressions they capture —
doubt, boredom, contemplation — may serve as indirect
proxies for attentional states[22].

Promising results have been obtained by pairing features
from a ResNet-50 [10] encoder trained on AffectNet dataset
— containing 23,901 images annotated with seven distinct
facial expressions (neutral, happy, sad, surprise, fear, dis-
gust, anger) [16], with an LSTM-based classifier for mind
wandering detection [4]. They evaluated on self reported
mind wandering video recordings captured both in labora-
tory and in-the-wild learning settings, which revealed con-
sistent performance trends achieving state of the art results
compared to explicit features. Despite this progress, results
leveraging transfer learning approaches from pretrained en-
coders for emotion recognition, are still under explored in
their practical applicability to varied tasks and educational
settings [19].

Multimodal emotion recognition models such as
Emotion-LLaMa [5] have pushed state-of-the-art perfor-
mance on common emotion recognition benchmarks. This
approach integrates multiple modality-specific encoders
into a LLaMA-based architecture, employing a multi-
view strategy to capture complementary visual repre-
sentations.  Specifically, three visual encoders are em-
ployed: MAE [24], a ViT-based encoder pretrained via self-
supervised masked pixel reconstruction; VideoMAE [26],
which extends this masked reconstruction paradigm to the
temporal domain; and EVA [9], a ViT-based encoder pre-
trained to reconstruct CLIP feature representations rather
than raw pixels. EVA processes the peak frame — de-
fined as the frame with the highest cumulative Action Unit
(AU) intensity — at full resolution to capture global con-
textual information beyond facial expressions. An audio
encoder, HUBERT [12], complements the visual stream by
capturing vocal cues. Features from all four encoders are
independently projected to a shared embedding space via
trainable linear layers, which serve as input to a LLaMA
model instruction-tuned for multimodal emotion recogni-
tion across nine categories: happy, sad, neutral, angry, wor-
ried, surprise, fear, contempt, and doubt.

This makes Emotion-LLaMA a natural candidate for
transfer to mind wandering detection, where subtle facial
expressions and their temporal dynamics may serve as in-
formative cues for attentional state. In this work, we inves-
tigate whether foundation emotion recognition models can
serve as effective feature encoders for downstream cogni-
tive state inference tasks such as mind wandering detection.
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Figure 1. Face preprocessing pipeline. Raw video is sampled into
T frames, from which faces are detected using RetinaFace imple-
mentation [28]. Detected bounding boxes are used to crop and
normalise each face, yielding preprocessed frame tensors of size
T x 224 x 224 x 3.

2. Experiments

Dataset: Following the approach of Biihler et al. [4],
we evaluate on the in-lab dataset introduced by Bosch &
D’Mello [3], comprising 3,437 ten-second video recordings
from 135 participants engaged in a reading task under con-
trolled laboratory conditions. MW labels were self-caught,
with positive instances drawn from a four-second window
preceding each probe response. Negative instances were
sampled from a thirty-second window prior to the MW re-
port, ensuring temporal separation between classes [3]. The
dataset exhibits notable class imbalance (N = 1,031 MW
and N = 2,406 non-MW instances), which we address dur-
ing training via class-weighted loss. The dataset is parti-
tioned into 4 validation folds of approximately 860 samples
each, which we use for cross-validated evaluation. MW is
labeled as 1 (positive) and non-MW as 0 (negative).
Preprocessing: As illustrated in Figure 1, frames are
first cropped to the detected face region and normalized.
Face detection is performed using RetinaFace [6], with each
frame cropped to the predicted bounding box. The normal-
ization procedure follows the implementation of [4].

Feature Extractors: We evaluate four pretrained en-

coders as frozen feature extractors. To extract deep
learning-based facial expression features, we use the ap-
proach from Biihler et al. [4], namely a CNN with a
ResNet-50 [10] architecture pretrained on the AffectNet
dataset [16]; hereafter, the AffectNet-pretrained ResNet-50
encoder is referred to as AffectNet. This stands as our pri-
mary baseline with the best reported results on mind wan-
dering detection [4]. We then evaluate Emotion-LlaMA, a
novel multimodal foundation model that achieves state-of-
the-art results in common emotion recognition datasets [5].
As described in Section 1, Emotion-LLaMA uses four dif-
ferent backbone encoders: MAE, VideoMAE, EVA and Hu-
bert. As ablations, we evaluate on the two video encoders
independently: MAE and VideoMAE. Both of these mod-
els have no emotion-specific pretraining which allows us to
isolate whether emotion recognition objectives specifically
drive any performance gains.

Figure 2 illustrates the Emotion-LLaMA encoding
pipeline which we replicate from their work [5]. Video-
MAE and MAE both receive as input a sequence of 7" face-
cropped and aligned frames at resolution 224 x 224 x 3,
each producing an output of dimension 7" x 1024. The 16
frames are sampled uniformly from 7". In parallel, EVA
processes the peak frame (see Section 1) at full resolution
448 x 448 x 3, yielding an output of dimension 256 x 1024,
as no temporal pooling is applied. Each output is then in-
dependently projected to the 4096-dimensional shared em-
bedding space of Emotion-LLaMA via the frozen linear
projection layers of the original model. For implementa-
tion details on feature extraction from MAE, VideoMAE,
and Emotion-LLaMA, we refer the reader to our fork of the
Emotion-LLaMA repository”

Mind Wandering Classifier: Following the best-
performing configuration of [4], we employ a three-layer
LSTM [11] with 100 hidden units as the downstream classi-
fier, followed by a softmax layer mapping outputs to binary
labels: 1 (mind-wandering) and O (non-mind-wandering).
For a full description of the pipeline, see Figure 3.

Training and Evaluation: We train and evaluate using
the same cross-validation protocol as [4]. All encoders are
kept frozen; only the downstream classifier is trained, us-
ing the embeddings from each encoder. Hyperparameters
were selected by replicating the best-performing configura-
tion of [4], which employs dropout regularization of 0.2 at
each layer, the Adam optimizer with a cosine learning rate
schedule decaying from a maximum of 1e 2 to a minimum
of 1e—%, and a batch size of 16. Models are trained for up
to 50 epochs with early stopping based on F1 score with a
patience of 10 epochs. Full configuration files are available
in our repository’

Implementation details: Our preprocessing and train-
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ing pipeline supports 7" frames as input. Through empir-
ical evaluation, we found 7' = 64 frames sampled uni-
formly from the 125 frames of each clip to yield the best
results. Emotion-LLaMA is treated differently from the
other encoders, as it is a generative model producing hidden
states rather than direct feature embeddings. Specifically,
we extract the hidden states from the final output layer. For
EVA, we use full-resolution images of 448 x 448 pixels,
consistent with the original Emotion-LLaMA implementa-
tion [5], whereas VideoMAE and MAE operate on face-
cropped frames at 224 x 224 pixels. For all three encoders,
model weights are loaded from the checkpoints provided in
the Emotion-LLaMA repository*. The peak frame used as
input to EVA is extracted following the implementation in
the MER-Factory repository [15], where facial action units
are computed using OpenFace library and peak frame —
highest cumulative Action Unit (AU) intensity frame — by
computing the max sum. As the original video clips contain
no audio, audio features aren’t passed to the HuBERT en-
coder or as inputs for Emotion-LLaMA. Finally, we retain
the original emotion recognition instruction prompt to pre-
serve the pretraining signal of the model (see Figure 2 for
illustration and prompt).

3. Results

Table | reports average MW prediction performance across
all four validation folds using frozen feature extractors.
Across encoders, performance remains modest, with ROC-
AUC values ranging from near-chance to moderately above
chance. AffectNet provides the strongest overall baseline,
achieving the highest average ROC-AUC, while none of
the newer Emotion-LLaMA-based representations consis-
tently improves over it. As Emotion-LLaMA integrates
multiple pretrained vision encoders, we additionally report
MAE and VideoMAE independently to disentangle which
components of the pipeline contribute a useful signal for
MW prediction. When comparing MAE, VideoMAE, and
Emotion-LLaMA — the representations from MAE provide
the strongest results, whereas Emotion-LLaMA attains the
highest recall, yet lowest precision and near-chance ROC-
AUC, indicating a strong tendency to overpredict mind wan-
dering. Simply put — Emotion-LLaMA is predicting a lot of
clips as“mind wandering”. While that helps to catch many
of the true MW clips (high recall), it also means many of its
MW predictions are incorrect (low precision). Across folds,
the relative ranking of the newer encoders varies somewhat
by split, but the overall trend remains stable: the AffectNet
baseline remains a strong reference point, and none of the
Emotion-LLaMA-based representations surpasses it.

Table 1 reports average MW prediction performance
across all four validation folds using frozen feature extrac-
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tors. Across newer encoders, performance remains mod-
est, with ROC-AUC values ranging from near-chance to
moderately above chance. Because Emotion-LLaMA inte-
grates multiple pretrained vision encoders, we report MAE
and VideoMAE independently in order to disentangle which
components contribute useful signal for MW prediction.
AffectNet provides the strongest overall baseline, achieving
the highest average F1, Precision, Recall, and ROC-AUC.
None of the Emotion-LLaMA-based representations con-
sistently improves over it despite greater architectural so-
phistication and stronger ER benchmark performance. Im-
portantly, Emotion-LLaMA attains relatively high Recall
but substantially lower Precision and near-chance ROC-
AUC, indicating that it predicts mind wandering too often:
it captures many true MW clips, but also generates many
false alarms. The diagnostic analyses below are shown for
one representative fold and are intended to explain the error
patterns underlying these average trends.

To explain these average trends, we next analyze deci-
sion behavior and error structure on one representative fold.
The following error analyses help understand why the newer
encoders fail to improve over AffectNet and what kinds of
error they make.

Confidence and separability. Figure 4 examines how
well each encoder separates MW from non-MW clips on
the representative fold. This analysis is useful because ag-
gregate metrics alone do not show whether a model is as-
signing clearly different scores to the two classes or pro-
ducing heavily overlapping predictions. AffectNet exhibits
clearer separation between true positives and true negatives
(consistent with its stronger average ROC-AUC), whereas
Emotion-LLaMA’s MW score distributions overlap heavily
across TP/TN/FP/EN buckets, indicating weaker separabil-
ity and greater ambiguity in the decision scores. MAE and
VideoMAE show different confidence profiles than the full
Emotion-LLaMA representation, suggesting that the indi-
vidual visual backbones contribute complementary signal,
but that their integration within Emotion-LLaMA does not
automatically yield a stronger MW representation.

Error profile: how each encoder fails. Beyond aggre-
gate metrics, to quantify the types of mistakes made by
each encoder, we compute per-encoder confusion statistics
(TP/TN/FP/FN) and derived rates on the same representa-
tive fold used in Figure 4. Unlike Table 1, which sum-
marizes average performance across folds, Table 2 is diag-
nostic: it shows how errors are distributed within a given
split. This matters because two models can achieve similar
Recall while making very different kinds of mistakes. Af-
fectNet achieves the most favorable error profile, with the
highest balanced accuracy. Emotion-LLaMA, by contrast,
exhibits the highest FP rate and the lowest specificity, in-
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Figure 2. Emotion-LLaMA feature extraction pipeline. Raw video is sampled into T frames, preprocessed following the pipeline described
in Figure 1, yielding face-cropped frame tensors of size 7' x 224 x 224 x 3. These are encoded in parallel by VideoMAE and MAE.
Simultaneously, the peak frame at resolution 448 x 448 x 3 is encoded by EVA. All encoder outputs are of dimension 7" x 1024. Each
output is then projected to a 4096-dimensional shared space via the linear layers of Emotion-LLaMA. The original emotion recognition
instruction prompt from Emotion-LLaMA is retained and encoded alongside the visual features. All inputs are passed jointly through the
underlying LLaMA model. The first 10 hidden states from the final layer are extracted and concatenated as the feature representation for
downstream classification, as this configuration yielded the best empirical results. For clarity, the tokenization step is omitted from the
figure. All encoder and model weights are kept frozen throughout feature extraction.

Preprocessed * 3L Predicted
Frames > Encoder > I:S:all‘)lf\?lr > Softmax Mind
Tx224x224%3 Wandering
1
1
____________ L
1 1
1 1
[ _I ______________________________________________ —|
\ ) Emotion- '
i MAE VideoMAE LLaMA AffectNet X
1 1
: Tx1024 Tx1024 T % 4096 T x 2048 |
1 1

Encoder options # frozen ¢ trainable

Figure 3. Classification pipeline for mind-wandering detection. Preprocessed video frames (7' x 224 x 224 x 3) are encoded by one of
four frozen backbone networks and passed through a 3-layer LSTM and then a softmax layer to produce the final prediction. Encoders
derived from Emotion-LLaMA pipeline are described in 2. Backbone output dimensionalities are shown beneath each option.

dicating a strong tendency to overpredict MW. MAE and
VideoMAE also overpredict MW relative to AffectNet, but
to a lesser extent than Emotion-LLaMA. Together, Figure 4
and Table 2 show that the weaker average performance of
Emotion-LLaMA is driven not only by lower separability,
but also by a less favorable balance between positive and
negative errors.

Are failures shared across encoders? We next ask
whether the encoders fail on the same clips or different sub-

sets of the data. Figure 6 quantifies overlap between FP and
FN sets using Jaccard similarity. This analysis helps dis-
tinguish shared representational weaknesses from encoder-
specific failure modes: high overlap means two encoders
tend to fail on the same clips, whereas low overlap indi-
cates more distinct decision behavior. The general visual
encoders, MAE and VideoMAE, share highly similar FP
sets, while Emotion-LLaMA overlaps more strongly with
MAE and VideoMAE than with AffectNet. AffectNet’s
lower overlap with the other encoders suggests that its er-



Encoder F1 Precision Recall ROC-AUC
Affectnet 0.4622 0.3657 0.6834 0.6249
MAE 0.4283 0.3371 0.6492 0.5319
VideoMAE 0.4096 0.3128 0.6354 0.5254
Emotion-LLaMA  0.4232 0.2977 0.7425 0.5002

Table 1. Average performance across all four folds using extracted features from different frozen pretrained encoders. AffectNet is
the strongest average baseline, achieving the highest F1 and ROC-AUC. Emotion-LLaMA attains the highest Recall, but at the cost of

substantially lower Precision and near-chance ROC-AUC, indicating a strong tendency to overpredict MW.
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Figure 4. Confusion matrix and prediction confidence distribution (single fold). Within each sub-figure, the confusion matrix (left) and
confidence histogram (right) correspond to the same model. The dashed red line denotes the classification threshold. All models exhibit a
tendency to overpredict MW. AffectNet’s negative-class distribution clusters near the decision threshold, reflecting uncertainty in non-MW
predictions but better separability in positive cases. Emotion-LLaMA shows high confidence distributions in FN and FP, suggesting poor

class separability.

rors arise from a somewhat different bias, which may help
explain why it remains the strongest baseline on average.

Hard versus easy subsets. To further disentangle shared
ambiguity from encoder-specific weakness, we partition
clips into easy cases (correctly classified by all encoders),
hard cases (misclassified by all encoders), and encoder-
specific hard cases (misclassified by only one encoder).
This analysis separates clips that are intrinsically difficult
for all models from clips that are difficult only for a partic-
ular representation. Table 3 shows that a sizable subset of
clips is hard for all encoders, suggesting possible ambiguity
or systematic confounds in portions of the dataset. At the
same time, each encoder also exhibits its own distinct hard
subset, indicating sensitivity to representational choice. Al-
though AffectNet is the strongest overall baseline, its rela-
tively large “Hard only AffectNet” subset does not contra-
dict Table 1; rather, it indicates that in this fold, AffectNet’s

remaining mistakes are more distinct from those made by
the other encoders. This interpretation is consistent with
the lower overlap of AffectNet’s error sets in Figure 6.

Do predicted emotions explain MW? Finally, we ex-
amine whether Emotion-LLaMA’s predicted emotion labels
align with MW labels and MW-relevant error cases. Fig-
ure 5 provides the broadest view of this question by show-
ing the distribution of top-1 predicted emotions across MW
and non-MW clips. If Emotion-LLaMA’s emotion taxon-
omy were strongly aligned with attentional state, we would
expect clearly different emotion distributions for these two
groups. Instead, the distributions are highly similar, sug-
gesting that the model’s top-1 emotion labels are only
weakly informative for attentional state in this setting. We
then sharpen this analysis by conditioning on MW errors
rather than on MW labels alone.
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Figure 5. Emotion-LLaMA predicted emotion distribution grouped by mind wandering label. We extract the top-1 emotion prediction
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top-1 emotion taxonomy is only weakly aligned with attentional state.

Encoder TPR (Recall) Precision FPR Specificity Bal. Acc. F1

AffectNet 0.672 0.404 0.428 0.572 0.622 0.504
MAE 0.741 0.332 0.643 0.357 0.549 0.459
VideoMAE 0.583 0.278 0.653 0.347 0.465 0.377
Emotion-LLaMA 0.645 0.283 0.707 0.293 0.469 0.393

Table 2. Error profile by encoder (single fold). TPR=Recall. FPR and Specificity quantify MW overprediction tendencies; Balanced
Accuracy is the mean of TPR and Specificity. Emotion-LLaMA exhibits the highest FPR and lowest Specificity, indicating strong MW

overprediction.
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Figure 6. Error overlap across encoders. Left: false-positive (FP)
overlap (Jaccard). Right: false-negative (FN) overlap. Higher
overlap indicates shared failure cases; lower overlap indicates di-
vergent error sets.

Emotion labels conditioned on MW errors (FP vs TN).
Figure 7 compares the distribution of Emotion-LLaMA’s
top-1 emotion labels for MW false positives (FP) versus
true negatives (TN). This analysis asks whether systematic
MW false alarms coincide with particular emotion predic-
tions, or whether the emotion labels remain broadly non-
discriminative even in error cases. We observe only mod-
est shifts between the two distributions: false positives are
slightly enriched for neutral and sad predictions, whereas
true negatives are more frequently labeled happy. Impor-
tantly, the label space in this setting is dominated by a

Group #clips #MW  #non-MW
Easy all correct 118 81 37
Hard all wrong 153 10 143
Hard only AffectNet 78 39 39
Hard only Emo-LLaMA 53 8 45
Hard only MAE 7 2 5
Hard only VideoMAE 23 14 9

Table 3. Hard/easy subset sizes across encoders (single fold).
“Easy” clips are correctly classified by all encoders; “Hard” clips
are misclassified by all encoders; “Hard only X” clips are misclas-
sified only by encoder X while all others are correct.

small set of categories (neutral/happy/sad/surprise), and the
overall FP-TN differences remain limited. Thus, while
Emotion-LLaMA’s top-1 labels are coherent as affect de-
scriptors, they do not provide a strong explanatory handle
for distinguishing attentional state or preventing MW false
alarms in the frozen-transfer setting.

Exploratory qualitative analysis of hard misclassified
cases. To complement the quantitative analyses, Figure 8
presents representative hard clips that were misclassified by
all evaluated models. This analysis is intended as an ex-
ploratory case study of the kinds of ambiguous facial behav-
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ences, suggesting limited alignment between predicted emotion
categories and MW errors in this setting.

iors that may contribute to systematic errors. In these cases,
Emotion-LLaMA’s predicted emotion labels and visual de-
scriptors often correspond to facial activity such as blink-
ing, jaw drop, brow lowering, or momentary eye closure.
These cues may plausibly reflect fatigue, effort, or context-
dependent concentration rather than an overt affective state
that cleanly distinguishes MW from on-task reading. The
qualitative examples therefore reinforce the broader quan-
titative pattern: emotion-centric descriptors may capture
meaningful facial activity, but they do not map cleanly onto
MW labels in educational video.

Taken together, these analyses suggest that the newer
Emotion-LLaMA-based representations do not fail for a
single reason. Rather, they combine weaker score separa-
bility, stronger MW overprediction, shared error patterns
with other general visual encoders, and emotion descriptors
that seem to align only weakly with MW-relevant behav-
ior. This helps explain why the older AffectNet baseline
remains more effective on average despite the greater archi-
tectural sophistication and robust training paradigm of the
newer ER models.

4. Conclusion

In this work, we revisited transfer from facial emotion
recognition to mind-wandering detection in the context of
recent foundation models. Using a frozen-encoder setting
on an in-lab MW dataset, we compared the AffectNet base-
line against representations extracted from three encoders of
the pretrained Emotion-LLaMA framework. Across exper-
iments, AffectNet representations remained the strongest
baseline, and none of the Emotion-LLaMA-based features
improved MW prediction.

Our analyses indicate that while the newer encoders are
architecturally more sophisticated and stronger on emotion

MW Label Positive

MW Label Positive

Model prediction False Model prediction False
Emotion-LLaMA conf. 0.4621 Emotion-LLaMA conf. 0.4911
AffectNet conf. 0.3346 AffectNet conf. 0.4833
Predicted emotion Happy Predicted emotion Neutral

(0.7768) (0.7566)
Facial expressions Brow lowerer,  Facial expressions Dimpler,

Cheek raiser, Blink

Lid tightener,

Lips apart, (b) FN2

Jaw drop

MW Label False

MW Label False

Model prediction True Model prediction True
Emotion-LLaMA conf. 0.5819 Emotion-LLaMA conf. 0.6135
AffectNet conf. 0.6613 AffectNet conf. 0.6746
Predicted emotion Neutral Predicted emotion Neutral

(0.5913) (0.613)
Facial expressions Brow lowerer,  Facial expressions Brow lowerer,

Cheek raiser, Dimpler,

Lid tightener, Blink

Lips apart,

Blink (d) FP2

(c) FP1

Figure 8. Qualitative examples of hard misclassified cases. Top
row: false negatives (FN1, FN2); bottom row: false positives
(FP1, FP2). For each case, we show the participant image, the
groundtruth MW label, the shared MW prediction across mod-
els, and the corresponding MW confidence scores obtained using
features extracted from the Emotion-LLaMA and AffectNet en-
coders. We additionally report the predicted emotion label and the
associated facial-expression descriptors to illustrate how ambigu-
ous visual cues may contribute to misclassification.

recognition benchmarks, they produced more ambiguous
MW decision scores, overpredicted mind wandering more
frequently, and exhibited error patterns that overlapped sub-
stantially with other general visual encoders.

Taken together, these findings suggest that emotion-
pretrained representations can provide a useful starting
point for video-based MW detection, but that stronger emo-
tion recognition models do not automatically yield bet-
ter frozen-transfer features for educational cognitive-state
inference. Progress beyond modest above-chance perfor-
mance will likely require moving beyond emotion-centric
transfer toward lightweight, task-specific encoders trained
on classroom-relevant behavioral signals.
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