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Abstract. Engagement in collaborative contexts is difficult and chal-
lenging to observe and analyze. Current multimodal learning analytics 
(MMLA) focus on individual learners, prioritize visual signals over con-
versational dynamics, and reduce rich behavioral data to numerical pre-
dictions. In this paper, we address these gaps by introducing a MMLA 
framework that leverages large language models to dynamically and hier-
archically recognize engagement patterns. Our approach moves beyond 
static scoring by integrating verbal dialogue and non-verbal behavioral 
cues, and identifies and represents evolving engagement trajectories in 
an interpretable, descriptiv e form. We demonstrate its effectiveness on
a dataset of 1,072 video recordings from 13 student groups in a compu-
tational thinking course. This work presents a novel method for gain-
ing actionable, data-driven insights into collaborative learning processes,
with significant implications for pedagogical practice and intervention
design.
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1 Introduction 

Student engagement plays an important role in shaping learning experience, 
influencing both what and how learners achieve. Engagement level is closely 
related to participation depth, in teraction richness, learning satisfaction, and
educational outcomes that extend beyond test performance alone [7]. How-
ever, traditional engagement assessments, such as self-report questionnaires and 
teacher observations, are static, subjective, and retrospective, failing t o cap-
ture the dynamic, moment-to-moment processes in learning [1,11]. In contrast, 
process-oriented analysis provides a more nuanced view, revealing specific behav-
iors and mechanisms that drive productive knowledge acquisition [4]. In collab-
orative contexts, engagement is not merely the sum of individual behaviors but
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also involves social interaction, shared goal pursuit, and t he distributed construc-
tion of knowledge [12,14,17]. Thus, engagement is more complex to observe and 
analyze. Current research emphasizes non-v erbal cues such as gaze, facial expres-
sion, and gesture [2,8], yet these provide only a partial account of the interaction. 
Verbal communication is central to collaborative learning, as dialogue shapes the 
trajectory of group activity. Moreover, existing models are constrained to static
images or short video segments, limiting the ability to capture how engagement
evolves over time [9]. Another limitation lies in the scoring-based scheme. Pre-
vious studies treat engagement as a unidimensional construct rated on Likert 
scales, which neglects the complexity of interaction and lacks interpretability
[2]. As a result, teachers and curriculum designers receive aggregate scores with 
little actionable insight for targeted interventions.

To address these challenges, we propose a novel MMLA framework with a 
nested temporal structure, leveraging the capabilities of large language models 
(LLMs) to dynamically recognize engagement patterns in collaborative learning. 
Our approach integrates verbal and non-verbal modalities across group mem-
bers, identifies evolving engagement trajectories at the task, weekly, and course 
levels, and provides interpretable patterns that can inform pedagogical prac-
tices. Through this approach, we aim to deepen the understanding of collabora-
tive engagement and open new directions for data-driven educational research. 
We demonstrate our f ramework’s effectiveness by analyzing 1,072 video record-
ings from 13 groups completing 102 pair-programming coding tasks. Through
experiment and analysis, we address the research question: To what extent can
the proposed MMLA framework accurately identify and synthesize multi-scalar
engagement patterns from raw multimodal data?

2 Literature Review 

Engagement in Learning Process. Student engagement, the investment of 
cognitive and emotional energy in learning tasks [18], shapes academic participa-
tion, success, and persistence [7]. High engagement serves as a protective factor 
against student boredom, disaffection, and dropout rates [21]. Learning the-
ory conceptualizes engagement into three dimensions: Behavioral, cognitive, and
emotional [7]. These dimensions refer to observable learning behaviors, depth 
of thinking, and affective responses, all of which significantly impact learning
performance, satisfaction, competence, and future learning motivation [1,11]. 

MMLA in Collaborative Learning. MMLA has gained emerging i nterest
[15] and been applied across diverse learning cont exts, including computer sci-
ence [16,23], mathematics education [13], and STEM project-based learning [20]. 
These studies analyzed scaffolding strategies [16], identified clusters among p air
programmers [23], explored interplay between discourse behaviors and emotional
indicators [13], and predicted team success in open-ended tasks [20], advancing 
understanding of learner interaction [24].
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Fig. 1. MMLA framework for dynamic engagemen t pattern recognition.

Data Modalities in MMLA. Learning is inherently multimodal, with video 
data revealing non-verbal behaviors (e.g., postures, g estures) that indicate
engagement and collaboration quality [14,22,25], while audio data captures spo-
ken dialogue as a primary indicator of participation, including discourse patterns, 
talk moves, and off-task utterances that relate to collaboration performance [24]. 

3 Collaborative Learning Context 

This study recruited 26 fifth-grade students (14 male, 12 female). F ollowing our
prior work [24], students attended a 4-week CT course on Code.org covering 
sequencing, debugging, loops, and events concepts, with 25 coding tasks per 
week. They alternated between “driver” and “navigator” roles in completing 
tasks through pair programming. We used OBS (obsproject.com) with built-in 
laptop cameras a nd microphones to record facial expressions, gaze, and verbal
interactions, yielding 1,072 videos for analysis. At the end of the course, students
completed a survey adapted from Fredricks et al. [7] to assess engagement leve ls
(behavioral: . α =.82; emotional: . α = .90; cognitiv e: . α = .79). Given potential 
inconsistencies in LLM predictions (due to demographic variation and noisy
inputs), results should be interpreted with caution.

4 The Proposed MMLA Framework 

The pipeline (Fig. 1) integrates multimodal data collection and processing to 
align behavioral, visual, and verbal signals. These signals are analyzed through 
a three-level architecture that progresses f rom task-level engagement profiles to
week-level summaries and course-level reports. Table 1 includes the detailed steps 
of multi-modal and multi-dimensional data processing. Dra wing on Fredricks et
al.’s [7] theory, engagement is decomposed into three dimensions (i.e., cognitive, 
emotional, behavioral). We develop a 5-point evaluation rubric to quan tify the
frequency, intensity, and consistency of engagement indicators.

Multimodal Feature Fusion and Temporal Aggregation. We intro-
duce a task-week-course structure that aligns with semester-based curriculum,
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Table 1. Steps of Multi-modal and Multi-dimensional Data Processing

Step 1: Video Segmentation 

Video recordings are segmented at the task level, which serves as the minimal unit of analysis for engagement detection. 

Step 2: Multimodal Feature Extraction 

Facial action, gaze pattern, emotion status, and verbal features are extracted from video data. These data sources provide evidence 
of the behavioral, emotional, and cognitive dimensions of engagement. 
(1) Facial Action. In the Facial A ction Coding System (FACS), some Action Units (AUs) show significant correlations with 
engagement, indicating cognitive load, emotional valence, and attention focus [2,5,8]. Following previous work [2], we selected 12 
AUs for the collaborative task. AU1 (inner brow raiser), AU2 (outer brow raiser), and AU5 (upper lid raiser) represent the “wide-
eyed” expression related to moments of realization or confusion. AU4 (brow lowerer) and AU7 (lid tightener) indicate concentration 
and focus, serving as key components in expressions of cognitive effort. AU6 (cheek raiser), AU12 (lip corner puller), and AU14 
(dimpler) are facial indicators of positive engagement. Conversely, AU15 (lip corner depressor) indicates sadness, and AU17 (chin 
raiser) indicates doubt and uncertainty. AU25 (lips part), AU26 (jaw drop), and AU27 (mouth stretch) represent mouth movements 
of active verbal communication during discussions. 
(2) Gaze Direction Patterns. Gaze direction is a reliable indicator of attention and learning engagement [19]. Sustained visual 
attention to learning interfaces indicates high engagement. Conversely, gaze patterns away from learning content indicate disen-
gagement and correlate with reduced learning effectiveness. Moreover, joint attention coordination between collaborative partners 
represents high engagement quality, as synchronized attention d uring pair programming enhances collaboration effectiveness. 
(3) Emotion. The seven-emotion classification (neutral, happiness, sadness, surprise, a nger, disgust, fear) from Paul Ekman’s
research [6] serves as a reliable engagement indicator [9]. This emotion status complements the discrete AU analysis, which can be 
measured by emotional intensity using 0-1 scale. The higher numerical values indicate more intense emotional states. 
(4) Verbal Communication. Conversations provide rich information about cognitive and collaborative engagement. There are 
some basic indicators including speaking time distribution and turn-taking behaviors. In the semantic space, linguistic m arkers such 
as reasoning language (“because”, “therefore”), uncertainty expressions (“maybe”, “I think”), and collaborative discourse (“let’s”, 
“what if”) indicate depth of engagement and participation quality [24]. 

Step 3: Temporal Alignment 

All features are temporally aligned at the task level to ensure consistency across modalities and to support integrated multimodal 
analysis. Specifically, facial AUs and gaze directions are detected continuously as behavioral events assigned start and end times-
tamps. Dialogue segments are naturally bounded by utterance boundaries, marked by its temporal span. We align the heterogeneous 
streams using unified timestamps. This representation enables models to capture temporal dependencies across modalities. 

Step 4 Engagement Rating 

Cognitive engagement reflects students psychological investment and self-regulation, indicated by concentration (e.g., AU4/7), 
sustained attention, and reasoning-focused dialogue. 
Emotional engagement captures affective involvement, with p ositive expressions and supportive communication indicating higher 
scores, and negative or neutral affect indicating lower scores. 
Behavioral engagement reflects active participation and effort, evidenced by expressive speech, coordinated gaze, and t ask-
focused contributions, while disengagement and poor coordination indicating lower scores.

which mirrors students’ learning progression and enables instructors to exam-
ine engagement at multiple temporal scales. Level 1: Task-level Engagement 
Profile generates individual engagement features of each pair programming task. 
For each session, facial AUs, gaze patterns, emotion status, and spoken utter-
ances are listed chronologically. We then obtain each student’s engagement score 
with representative evidence, according to the rating rubric. Level 2: Week-
level Engagement Summary aggregates task-level profiles to weekly student 
summary, with engagement score synthesized from all task-level observations and 
evidence. This layer yields engagement trend insights for each student, identifies 
pe ak collaboration moments, and highlights specific areas where students could 
improve. Level 3: Course-level Engagement Report merges weekly sum-
maries into the final engagement report. This layer characterizes both individual
and group-level engagement and provides a final score.

5 Model Setup and Engagement Analysis 

Model Setup. We use Qwen3-Omni-30B-A3B-Instruct for multimodal feature 
extraction with precise, timestamp-grounded ev ent localization, due to privacy
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and ethical considerations. Our dataset contains sensitive audiovisual recordings 
of children, and closed-source, API-based models (e.g., Gemini, GPT-4o) would 
require transmitting raw biometric data to external servers, introducing unac-
ceptable risks of data leakage and unauthorized processing. To address context 
window limitations that impact model performance on long videos, we split each 
recording into 45-second chunks, process them with sufficient context, then align 
timestamps and concatenate results to construct the complete task-level log. We
adopt vision-enhanced speaker diarization [3]. For engagement analysis, we use 
Qwen3-30B-A3B-Thinking (temperature = 0.2) to reduce generation variance.

Engagement Analysis. We validated our framework through four dimensions. 
(1) Human Validation. Two raters annotated 10% (100 out of 1072 videos) 
recordings. Raters labeled facial expressions, gaze direction, and emotion cate-
gories at 5-second intervals, transcribed dialogue and annotated linguistic mark-
ers, and rated engagement on a Likert scale after each task. Inter-rater reliabil-
ity was calculated using Cohen’s kappa. In addition, two CT education experts 
were invited to evaluate the LLM-generated engagement report on accuracy, rel-
evance, and actionability using a 5-point scale. (2) Baseline Comparison. We 
conducted ablation studies by testing each modality independently and com-
paring their engagement scores against the full multi-modal framework. (3) 
Engagement Trajectory Analysis. We demonstrate how multimodal behav-
ioral indicators (facial engagement, gaze patterns, dialogue contributions) are 
reflected in an engagement report across time scales through a case study. (4) 
Correlation Analysis. We examined distributions of engagement scores across 
behavioral, emotional, and cognitive dimensions. Pearson correlation analysis
assessed convergent validity between self-reported engagement scores and LLM-
as-a-judge rated engagement scores.

6 Experimental Results 

6.1 Human Validation and Baseline Comparison 

Human Validation. Inter-rater reliability reached 0.86 (human-human) a nd 
0.78 (human-LLM). Sub-scale . κ values ranged from 0.71 (facial/gaze) to 0.93 
(interaction patterns). Expert reviews further confirmed the LLM’s utility, with 
high mean scores for accuracy (3.9), relevance (4.2), and actionability (4.1), 
validating the system for automated engagement analysis.

Baseline Comparison. We compare single-modality approaches by feeding 
individual modalities as input to the models for task-level engagement analysis. 
Experimental results showed that single modalities achieved lower agreement 
with human ratings (facial expression: .49, gaze pattern: .54, emotion: .47; con-
versation: .57). In contrast, m ultimodal approaches demonstrated higher agree-
ment as .78, indicating that single modalities capture only a limited portion of
authentic engagement status and cannot provide detailed descriptions.
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Fig. 2. Task-, week-, and course-level engagement repo rt for G roup 8.

6.2 Engagement Trajectory and Correlation Analysis 

Engagement Trajectory Analysis. We use Group 8 students as a case to 
illustrate the structure and analytical insights provided by engagement report. 
As  shown  in Fig. 2, the report is organized into three parts. Level 1: Task-
level Engagement Profile. In our example, the profiles of two students are 
presented side by side, with features listed from top to b ottom. Three non-
verbal features are displayed as sequential timestamps with brief summaries of
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student behavior. Dialogue analysis complements behavioral features by captur-
ing interaction dynamics. Based on these descriptive results, the LLM assigns 
engagement scores across cognitive, emotional, and behavioral dimensions and 
also provides justifications grounded in the observed indicators. The task-level 
report concludes with a highlight, which is generated by synthesizing patterns 
from all feature categories to identify the most salient moments of engagement 
or disengagement during the task. Level 2: Weekly Engagement Summary. 
The weekly summary aggregates task-level profiles to reveal trends and distinct 
patterns. All 13 tasks were compiled into engagement trends, highlighting disen-
gagement (red) and peak engagement (green) periods. This visualization allows 
instructors to rapidly assess individual trajectories and group collaboration qual-
ity. Weekly highlights identify key aspects of student engagement evolution (e.g., 
Student 1’s recovery from early disengagement, supported by Student 2’s con-
sistent positivity) and peak collaboration episodes where both students demon-
strated synchronized high engagement. Finally, the “Areas for Improvement” 
helps instructors adjust intervention, especially when studen ts are disengaged or 
fatigue. Level 3: Course-level Engagement Report. The course-level report 
consolidates engagement data into line graphs with final ratings and actionable 
insights to present engagement evolution. This course report helps instructors 
develop a comprehensive understanding of students’ learning journey at both 
individual and group level. Importantly, the report is not limited to a single
course but can aggregate data from multiple courses to generate semester-based
engagement reports. This allows instructors to identify cross-curricular patterns,
thereby informing curriculum planning and long-term student support strategies.

Correlation Analysis Results. LLM-rated engagement significantly corre-
lated with self-reported emotional (.r =  0.66), cognitive (.r =  0.64), and behav-
ioral (.r =  0.59) dimensions (.p  <  .01). However, the LLM identified more low-end 
outliers, suggesting high sensitivity to disengagement than questionnaires.

7 Discussion and Implication 

Collaborative Engagement Patterns. In the case study, while early engage-
ment seems asynchronous between partners, one partner’s sustained emotional 
engagement serves as a regulatory anchor that gradually increases the other’s 
cognitive and behavioral participation over time. In our example, Student 2’s 
consistent positivity acted as a stabilizing factor for the group. Student 1, on 
the other hand, although less engaged, showed gradual increases during tasks. 
This pattern provides empirical evidence for socially regulated learning theory
[10,12], which posits that group members collectively monitor and adjust emo-
tional states to maintain productiv e conditions.

Ambiguity in Visual Cue Interpretation. Prior research critiques that auto-
mated facial analysis systems have higher error rates for children [9]. For exam-
ple, a furrowed brow may indicate frustration, confusion, or physical discom-
fort, but also indicate deep cognitive processing. To address this challenge, our
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framework triangulates multiple indicators to reduce misclassification. First, we 
integrate multiple modalities. A furrowed brow with sustained screen attention 
and task-focused dialog is interpreted more reliably as concentration. Second, 
our LLM-based analysis generates descriptive engagement profiles rather than 
binary classifications, allowing educators to apply con textual judgment. Third, 
hierarchical aggregation from task to week to course level smooths momentary 
errors, allo wing engagement patterns to emerge from accumulated evidence.

Implications. By generating theory-grounded narratives, our LLM-based app-
roach bridges the MMLA “interpretability gap”, mapping computational pat-
terns to established engagement constructs. This provides a replicable template 
for research across diverse contexts. For practitioners, our reports enable real-
time, evidence-based interventions and actionable scaffolding. The report does 
not intend to increase teachers’ burden to read them one by one; instead, it aims 
to help educators efficiently identify key patterns and access relevant details only 
when needed. Finally, the framework also supports professional development by 
providing concrete exemplars of productive c ollaboration and helping teachers
develop observational skills to recognize students’ disengagement signals.

8 Conclusion 

We introduce a novel MMLA framework that leverages LLMs to dynamically 
recognize and interpret engagement patterns in collaborative contexts. By inte-
grating verbal dialogue with non-verbal behavioral cues, our approach moves 
beyond traditional static scoring methods to capture the evolving, multidimen-
sional nature of student engagement. Nonetheless, we acknowledge several limita-
tions. The small sample size reduces statistical power and limits generalizability. 
In addition, automated facial analysis may introduce bias. Future work should 
v alidate the framework with larger and diverse samples, develop child-specific 
models, and establish fairness-aware MMLA protocols. 
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