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Abstract

Multimodal transformers are attractive options for the
analysis of human activity in the classroom, but real-world
classroom data often contain missing or misaligned modal-
ities, making robust multimodal learning challenging. In
this work, we propose a Delta-Gated Multi-Forward-Pass
(DG-MFP) Longformer for robust multimodal classroom
discourse understanding. The model treats the transcript
as the primary modality and models audio and video as in-
cremental sources of information. A shared encoder per-
forms multiple forward passes with different modality masks
(text, text+audio, text+video, text+audio+video), allow-
ing modality contributions to be isolated through differ-
ences between representations. These increments are fused
through class-specific delta gates that modulate modality
contributions relative to the text baseline. To evaluate ro-
bustness under realistic classroom conditions, we introduce
controlled missing-modality and cross-modal misalignment
tests. Experiments on the Artificial Intelligence for Advanc-
ing Instruction at Scale (AIAIS) dataset show that the pro-
posed method consistently improves overall F1 over stan-
dard multimodal fusion baselines and exhibits substantially
stronger robustness under missing or misaligned modali-
ties. Further analysis of the learned gates reveals inter-
pretable, task-specific patterns of modality activity, high-
lighting how multimodal signals provide complementary in-
formation when transcript evidence alone is insufficient.

1. Introduction

Understanding classroom interactions requires reasoning
over multiple modalities such as spoken conversation and
visual behavior. Recent advances in transformer archi-
tectures have enabled powerful multimodal representation
learning across vision, language, and audio signals [5, 12,
14]. These models are increasingly used for educational
video analysis and classroom discourse understanding.
However, real classroom recordings often contain miss-

ing, noisy, or misaligned modalities due to recording con-
ditions. In this context, misalignment refers to imperfect
temporal alignment between the transcript segment and the
associated audio or video streams. Audio tracks may be cor-
rupted, video streams may be incomplete, and multimodal
signals are often imperfectly synchronized. Despite these
challenges, most multimodal learning systems are evaluated
under ideal conditions where all modalities are available
and perfectly aligned. As a result, it remains unclear how
robust these models are when applied to realistic classroom
environments where modalities may be unreliable.

A key challenge in multimodal learning is understand-
ing how different modalities influence the final predic-
tion. Standard multimodal fusion methods typically com-
bine modalities within a single forward pass. Although this
approach can improve predictive performance, it makes it
difficult to isolate modality contributions or analyze model
behavior when modalities are missing or misaligned.

To address this problem, we propose a Delta-Gated
Multi-Forward-Pass Longformer for robust multimodal
classroom discourse understanding, as illustrated in Fig-
ure 1. The central idea is to treat the transcript as the pri-
mary modality and to model audio and video as incremental
sources of information.

A shared encoder performs multiple forward passes with
different modality masks, producing representations for
text-only, text+audio, text+video, and text+audio+video in-
puts. Because the encoder parameters are shared across
passes, differences between these representations reflect the
additional information contributed by each modality.

This formulation explicitly separates the baseline tex-
tual signal from modality-specific increments, allowing the
model to estimate both the incremental contribution and the
reliability of each modality. The resulting increments are
fused through a delta-gated mechanism that models modal-
ity contributions relative to the text baseline while preserv-
ing interpretability through class-specific gating weights.

In addition to the model design, we introduce a diag-
nostic evaluation protocol for multimodal robustness under
realistic classroom conditions. The protocol includes con-
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Figure 1. Overview of the proposed DG-MFP architecture. A unified multimodal token sequence is constructed from transcript context,
video frames, and audio signals. A shared Longformer encoder is executed four times under different modality masks, producing represen-
tations for text-only (T), text+audio (TA), text+video (TV), and text+audio+video (TAV). Task-specific classification heads produce logits
for each pass, while per-class delta gates modulate the incremental contributions of audio, video, and higher-order multimodal interaction

terms.

trolled missing-modality scenarios and cross-modal mis-
alignment tests that simulate common issues in classroom
recordings. This design is particularly well suited to edu-
cational video analysis, where transcripts often provide the
most reliable signal while audio and visual streams may be
noisy, partially missing, or imperfectly aligned in real class-
room recordings. Furthermore, the explicit modeling of
modality contributions provides interpretable insights into
how different signals support discourse prediction, which is
important for educational research and learning analytics.
Our contributions are summarized as follows:

1. We propose a Delta-Gated Multi-Forward-Pass Long-
former that treats the transcript as the primary modal-
ity and models audio and video as incremental contri-
butions through structured logit increments and class-
specific gates.

2. We introduce a diagnostic evaluation protocol for mul-
timodal robustness that includes missing-modality and
cross-modal misalignment stress tests.

3. Experiments with classroom interaction data demon-
strate improved robustness and provide interpretable in-
sights into modality usage in discourse classification
tasks.

2. Related Work

2.1. Multimodal Transformers

Transformer architectures have become a dominant frame-
work for modeling long-range dependencies across modal-
ities. The transformer architecture introduced in [12] has
been widely adopted for language, vision, and multimodal
learning, while pretrained models such as BERT [5] demon-
strated the effectiveness of large-scale transformer-based
representation learning.

Recent work extends transformers to multimodal set-
tings. The Multimodal Transformer [11] introduced cross-

modal attention to jointly model language, visual, and
acoustic signals in unaligned sequences. Other approaches
such as VideoBERT [10] and vision—-language models in-
cluding CLIP [9] demonstrate the benefit of large-scale
multimodal pretraining. More recent models such as
Flamingo [1] and InternVideo [13] further explore large-
scale vision—language and video representation learning.

Multimodal fusion strategies typically combine repre-
sentations through early fusion, cross-modal attention, or
gating mechanisms. Although these approaches improve
predictive performance, they often make it difficult to ex-
plicitly analyze how individual modalities contribute to the
final prediction.

For long-sequence modeling, the Longformer [3] intro-
duces sparse attention that enables efficient processing of
long contexts. In this work, we build upon Longformer
as the shared encoder for multimodal classroom discourse
analysis.

2.2. Robust Multimodal Learning with Missing
Modalities

Many multimodal learning systems assume that all modali-
ties are available during both training and inference. How-
ever, in practice, real-world data often contain missing,
corrupted, or unreliable modalities. Early work such as
ModDrop [8] improves robustness by randomly removing
modalities during training.

More recent studies analyze the behavior of multimodal
transformers when one modality is absent. For example, Ma
et al. [7] investigated the robustness of transformer-based
multimodal models under missing-modality conditions and
showed that model performance can depend strongly on the
fusion strategy.

Most prior work focuses primarily on improving predic-
tive performance. In contrast, our work explicitly models
modality contributions and evaluates model behavior under

CVPR
raren

110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127

128
129

130
131
132
133
134
135
136
137
138
139
140
141
142
143
144



CVPR
gprenen

145
146

147

148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167

168

169

170
171
172
173
174
175
176
177
178
179
180
181

182

183
184
185
186
187
188
189
190
191
192
193

CVPR 2026 Submission #*****, CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

controlled missing-modality and cross-modal misalignment
conditions.

2.3. Multimodal Analysis in Educational Settings

Multimodal signals play an important role in understanding
classroom interactions and learning processes. Educational
research increasingly uses multimodal learning analytics to
analyze speech, gestures, and visual behaviors in instruc-
tional environments [4].

More broadly, multimodal machine learning integrates
heterogeneous signals such as language, vision, and audio
[2]. Transformer-based approaches further enable learning
from partially aligned multimodal sequences by modeling
cross-modal dependencies [11].

However, educational datasets often contain substantial
noise, imperfect alignment, and incomplete signals due
to real classroom recording conditions. These challenges
make robustness particularly important for the practical im-
plementation of multimodal models in educational settings.

Our work contributes to this area by evaluating mul-
timodal transformers under realistic classroom conditions
with missing modalities and temporal misalignment, while
also analyzing how individual modalities contribute to dis-
course prediction tasks.

3. Dataset and Data Processing
3.1. Data Source

Our dataset is derived from the Artificial Intelligence for
Advancing Instruction at Scale (AIAIS) dataset released as
part of the AIAI Challenge [6], which contains classroom
recordings for studying teacher—student interactions.

Rather than modeling entire videos, we focus on
transcript-centered discourse segments, where each sam-
ple corresponds to a short unit of classroom conversation
during elementary mathematics and language arts instruc-
tion.

We use a subset of 107 classroom videos, producing
36,091 transcript-centered samples aligned with the cor-
responding audio and video streams.

3.2. Multimodal Inputs and Context Construction

Each sample contains three modalities: classroom video
frames, audio signals, and transcript text produced by au-
tomatic speech recognition (ASR). The transcript segment
serves as the primary unit of analysis, while audio and
video provide complementary contextual information.

Modalities are aligned using timestamps from the orig-
inal ASR output. Although the text of the transcript was
manually corrected, the timing information was not reanno-
tated. Alignment is therefore approximate and occurs at the
sentence level rather than precise frame synchronization, re-
flecting realistic classroom recording conditions.

To capture conversational context, each sample includes
a context window consisting of left context, current tran-
script segment, and right context. The model processes
these multimodal inputs within a maximum sequence length
of 1024 tokens.

Visual features are extracted using CLIP ViT-B/32 frame
embeddings, while audio features are obtained using a Hu-
BERT encoder. The transcript text is tokenized and pro-
cessed by the transformer model.

3.3. Discourse Annotation Tasks and Dataset Statis-
tics

The objective is to classify instructional discourse segments
within classroom interactions. Each transcript-centered
sample is annotated using a hierarchical scheme consisting
of six discourse tasks with 19 subclasses (25 labels in to-
tal including a None label for each task).

The six tasks capture different aspects of classroom in-
structional interaction. CogDem (Cognitive Demand) re-
flects the level of reasoning involved in the discourse, dis-
tinguishing between simple reporting of facts and higher-
level analytical reasoning. Questions categorizes the types
of teacher questions posed to students, such as open-ended
or closed-ended questions. ExJust (Explanation and Justi-
fication) identifies when participants request or provide ex-
planations and reasoning. Feedbackl and Feedback?2 rep-
resent different types of teacher feedback and evaluation
of student responses. Finally, Uptake captures how teach-
ers incorporate or build on students’ ideas during classroom
interaction. Together, these tasks characterize key instruc-
tional behaviors such as questioning, reasoning, feedback,
and the integration of student contributions.

The final dataset contains 36,091 samples from 107
classroom videos. We use an 80/20 split with 28,787 train-
ing samples and 7,304 test samples. Each sample may con-
tain labels for multiple discourse tasks, but within each task
exactly one subclass is assigned (including None).

The dataset exhibits substantial class imbalance, with
dominant None labels and long-tailed subclass distributions
across tasks. This creates a challenging multi-task long-
tailed classification problem. To better reflect perfor-
mance on minority classes we adopt macro-F1 as the pri-
mary evaluation metric. Figure 2 visualizes the label distri-
bution across the six discourse tasks.

4. Method

4.1. Overview

Figure 1 illustrates the proposed DG-MFP framework for
multimodal classroom discourse classification.

Given a transcript-centered classroom sample, we con-
struct a unified multimodal token sequence containing tran-
script context, video tokens, and audio tokens. These tokens
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Label Distribution Across Six Discourse Tasks (N = 36091)
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Figure 2. Label distribution across the six discourse tasks (/N = 36,091 transcript-centered samples). Each task contains a dominant None
class and several low-frequency subclasses, resulting in severe class imbalance and long-tailed label distributions. This motivates the use

of macro-F1 for robustness experiments, as it better reflects performance on minority classes.

are processed by a shared Longformer encoder that is ex-
ecuted multiple times under different modality masks.

Unlike conventional multimodal models that fuse modal-
ities in a single forward pass, our method performs
four forward passes using the same encoder parame-
ters: text-only (T), text+audio (TA), text+video (TV), and
text+audio+video (TAV). Each pass always includes tran-
script tokens, while additional modalities are introduced in-
crementally through modality masks. As a result, differ-
ences between passes reflect only the additional information
contributed by each modality.

Instead of directly predicting from the full multimodal
representation, we model how additional modalities mod-
ify a text-only baseline through delta increments. The final
logits are computed as

2=27+97AOATA+ gy OAry +91nT O ArNT, (1)

where @ denotes element-wise multiplication, A7 4 and
Arpy represent modality-specific increments relative to the
text baseline, Ay captures higher-order multimodal in-
teractions, and the gates g7, grv, gr v control their con-
tributions. This formulation allows multimodal fusion to be
interpreted as a set of incremental information gains relative
to the baseline transcript prediction, with learned gates that
estimate the confidence of each information source.

4.2. Multimodal Representation and Encoder

Each sample contains three modalities: transcript text,
classroom video, and classroom audio. The text modality
includes the target transcript together with its left and right
discourse contexts (Section 3).

Visual and acoustic features are extracted using pre-
trained CLIP and HuBERT encoders and interpolated to
fixed-length token sequences. Each sample contains 200 vi-
sual tokens, 200 audio tokens, and three text segments (left
context, current transcript, and right context). The result-
ing multimodal sequence has a fixed length of 1024 tokens
with modality markers [VID], [AUD], [LEFT], [CUR],
and [RIGHT].

Let the multimodal sequence be denoted by x. A shared
Longformer encoder Enc(+) processes the input under dif-
ferent modality masks:

pr = Enc(x; M), 2)
pra = Enc(z; Mra), (3)
prv = Enc(x; M7v), )

prav = Enc(z; Mray), )

where M enables transcript tokens only, M4 enables
transcript and audio tokens, Mrpy enables transcript and
video tokens, and Mt 4y enables all modalities.

The encoder parameters are shared across forward
passes. The pooled representation is obtained from the final
hidden state of the [CLS] token, producing a text baseline
representation pp, bimodal representations pr4 and pry,
and the complete multimodal representation pr 4y .

4.3. Task Heads

The task is formulated as a six-task discourse classifica-
tion problem. For each discourse task ¢, we attach a task-
specific linear classifier A(*)(-) to the pooled representation.
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The same classifier is applied to all forward-pass repre-
sentations, producing logits

A = h® (pr), ©)
A0 = 0O (pra), (7)
i = hO (pry), @®)
2y = hY (prav). )

4.4. Delta-Gated Multimodal Fusion

Rather than directly using multimodal logits zéflw, we de-
compose the prediction into modality-specific increments
relative to the text baseline.

Text—Audio Increment

Ay =y 40 10

gl = U(Wétz;[p:m PTA, PTA — pT]) (an
20 = 20 + g7k © A7) (12)

Text—Video Increment

T (13)

Q(Tt\)/ = J(Wj(’t\)/'[pTv DTV, DTV *PT]) (14)

20 20 1 g 0 AR, (15)

Higher-Order Interaction

t t t t t
M=y~ Ay 4 a9

gl(r?rT = G<WI(§\)/T[pT7 DPTAV, PTAV —PT]> (17

20 20 4 g0 0 AR (18)

All gates are task-specific and per-class, allowing
modality contributions to vary across discourse labels.

4.5. Training Objective
For each discourse task ¢, we apply cross-entropy loss

L= CE(=",y") (19)
teT

where T denotes the set of six discourse tasks.

Table 1. Overall F1 on the full test set. Each result corresponds to
the best checkpoint within 30 training epochs.

Model S42 S43 S44
Longformer (T) 0.6588 0.6599 0.6636
EF Longformer (TAV) 0.6711 0.6676 0.6678

DG-MFP (Ours) 0.6777 0.6712  0.6687

5. Experiments

5.1. Baselines

We compare the proposed method with two baseline archi-
tectures designed to isolate the effect of the fusion strategy.

Text-only baseline. This baseline uses only the transcript
together with the left and right context. It shares the same
Longformer backbone and text formatting as our method
but removes audio and video input entirely. This setting
measures how much predictive signal is available from the
transcript context alone.

Standard multimodal early-fusion baseline. This base-
line performs multimodal fusion in a single forward pass.
Visual and acoustic tokens are concatenated with the tran-
script sequence using the same prompt-token layout as
our method, and the pooled Longformer representation is
passed to the same task-specific classification heads. Unlike
our method, this baseline does not perform multiple masked
forward passes or delta-gated fusion.

5.2. Implementation Details

All models are trained for up to 30 epochs, and we report
the best checkpoint selected within this training schedule.
To account for training variance, each main model is trained
with three random seeds (42, 43, 44).

For the main comparison, we report overall F1 on the
entire test set. For robustness evaluation, we additionally
report macro-F1 because perturbations may disproportion-
ately affect low-support classes.

5.3. Main Results

Table | reports overall F1 on the full test set.

The text-only baseline already achieves strong perfor-
mance, indicating that the transcript context provides sub-
stantial predictive information for the classification of class-
room discourse. Standard early fusion further improves per-
formance, demonstrating that audio and visual signals pro-
vide useful complementary cues when integrated into the
model.

The proposed DG-MFP model achieves the best over-
all F1 across all three random seeds used during training.
For example, with the random seed set to 42, our model
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Table 2. Bucket-level F1 comparison for seed 42.

Bucket  #Labels Text-only Early Fusion  Ours

None 6 0.9685 0.9684 0.9681
Large 7 0.7071 0.7055 0.7107
Medium 6 0.5566 0.5607 0.5519
Small 6 0.3822 0.4034 0.4599

improves F1 from 0.6711 with early fusion to 0.6777. Al-
though the absolute improvement is modest, the gain is
consistent across seeds, indicating that explicitly model-
ing modality increments and higher-order interaction effects
yields a more stable multimodal fusion strategy than single-
pass early fusion.

Because the dataset is long-tailed and only approxi-
mately aligned across modalities, we next analyze perfor-
mance by label frequency and under controlled robustness
perturbations.

5.4. Performance Across Label-Frequency Buckets

As the dataset is strongly long-tailed, we further analyze
which types of labels benefit the most from multimodal fu-
sion. Using the seed-42 models, we group discourse labels
into four frequency buckets: None, Large, Medium, and
Small.

Figure 3 and Table 2 report the average F1 within each
bucket. The None bucket contains the dominant background
labels, whereas the Small bucket contains the rarest and
most challenging discourse subclasses.

Several trends are apparent. First, all models perform
similarly on the None bucket, indicating that dominant la-
bels are already easy to predict from the transcript context.

Second, early fusion provides only limited and inconsis-
tent gains across frequency buckets.

In contrast, the proposed DG-MFP model shows its
clearest advantage on the Small bucket, which contains
the rarest and most challenging discourse subclasses. Our
method improves the average F1 from 0.3822 for the text-
only baseline and 0.4034 for early fusion to 0.4599, corre-
sponding to absolute gains of +0.0777 and +0.0565, respec-
tively.

These results suggest that multimodal cues are partic-
ularly useful for low-support discourse labels, where the
transcript context alone is often insufficient for reliable pre-
diction.

5.5. Robustness Under Missing and Misaligned
Modalities

To evaluate robustness beyond clean evaluation, we per-
form three controlled perturbation tests at inference time.
These tests measure how multimodal fusion strategies be-
have when additional modalities are missing or semanti-
cally misaligned with the target transcript.

Cross-sample misalignment. We keep the transcript
fixed, but replace the associated video and audio streams
with mismatched signals drawn from other test samples.
This produces a semantically incorrect multimodal context
while preserving the text input. We denote this setting as
baseline_miss_alignment.

Missing modality with prompt retention. We zero out
all video and audio token values while retaining the [VID]
and [AUD] prompt tokens. This tests whether the model re-
mains stable when modality structure is present, but modal-
ity content is absent. We denote this setting as base-
line_missing.

Missing modality with prompt removal. We remove
both modality tokens and prompt tokens, leaving only the
text portion of the input sequence. This tests robustness
when the multimodal input structure itself changes. We de-
note this setting as baseline_missing_removeprompt.

All robustness tests are performed at evaluation time us-
ing the same trained checkpoints as in the main experi-
ments, without additional training or finetuning. We report
macro-F1 under clean evaluation and the three perturbation
settings. The text-only baseline is omitted because it does
not use audio or video inputs.

Table 3 shows that the proposed model is substantially
more robust than standard early fusion. Under cross-sample
misalignment, early fusion drops by 0.0222, whereas our
model drops only by 0.0006. Under the missing modality
with prompt retention, the drop is 0.0109 for early fusion
but only 0.0012 for our method. Even in the most severe set-
ting, where both modality tokens and prompts are removed,
our model retains a substantially higher macro-F1 (0.4304
vs. 0.3522).

These results indicate that modeling audio and video
as incremental contributions relative to a baseline of tran-
scripts makes the model less sensitive to misleading or ab-
sent multimodal signals.

5.6. Analysis of Learned Delta Gates

To understand how multimodal signals contribute to pre-
diction, we analyze the learned gate values for the three
modality pathways: text—audio (gr4), text-video (grv ),
and higher-order interaction (gyny7). Each gate is a per-
class scalar in the range [0, 1] that modulates the contribu-
tion of the corresponding logit increment.

Relative importance of modality paths. Across all dis-
course tasks, the learned values g7 4 and g7y generally fall
in the range of approximately 0.4-0.5, while the higher-
order interaction gate gy remains substantially smaller,
typically around 0.2. Figure 4 shows the average gate values
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Feedback2:Elaborated,
Uptake:Building,
Uptake:Exploring

Questions:Closed,
Questions:Open,
Uptake:Restating

Figure 3. Bucketed F1 by test-set label frequency for the seed-42 models. Labels are grouped into None, Large, Medium, and Small
buckets according to the number of training samples (support) for each discourse label. Label names follow the format Zask:Subclass
(e.g., CogDem:Analysis_Give, Questions:Open, Feedbackl :Affirming), where the prefix denotes the discourse task and the suffix denotes
the specific subclass. The proposed DG-MFP model achieves its clearest advantage on the Small bucket, indicating stronger benefits for
low-support discourse subclasses.

Table 3. Robustness under missing and misaligned modalities. We report macro-F1, with the relative drop from the clean condition in

parentheses.

Model Clean

Misalignment

Missing Missing w/o Prompt

Early-Fusion Longformer
DG-MFP (Ours)

0.6613  0.6392 (-0.0222)
0.6742  0.6736 (-0.0006)

0.6505 (-0.0109)
0.6730 (-0.0012)

0.3522 (-0.3091)
0.4304 (-0.2438)

for each discourse task. For example, the CogDem task ex-
hibits average gate values of g7 4 = 0.44, gry = 0.50, and
grnt = 0.23, while the Questions task shows gra = 0.47,
grv = 0.49, and g; v = 0.24. This consistent pattern in-
dicates that bimodal text—audio and text—video signals pro-
vide most of the complementary information beyond the
text-only baseline, whereas higher-order three-way modal-
ity interactions appear less dominant.

Task-specific modality patterns. Although the overall
trend is consistent, different discourse tasks exhibit subtle
differences in modality usage. For example, the Feedbackl
task shows slightly stronger text—audio influence (974 =
0.49) than text-video (g7 = 0.46), suggesting that acous-
tic cues may help distinguish different forms of teacher
feedback. In contrast, the CogDem and Feedback?2 tasks
exhibit slightly larger g7y values (around 0.48-0.50), indi-
cating that visual classroom cues can provide complemen-
tary signals for identifying cognitive demand and feedback
structures.

Behavior on dominant None classes. Many None cat-
egories also exhibit relatively strong bimodal gates. This
suggests that multimodal cues may help the model confirm

the absence of specific discourse functions. However, the
interaction gate gy 7 remains consistently smaller for these
dominant classes, indicating that detecting the absence of
discourse signals typically does not require complex three-
way cross-modal interactions.

Multimodal reliance for rare labels. A closer inspec-
tion of the label-level gate values (Figure 5) reveals that
several low-frequency discourse labels rely more strongly
on multimodal signals. For example, rare labels such
as Questions:Prompt (test-set support = 44) and Cog-
Dem:Analysis_Give (test-set support = 43) exhibit rela-
tively large text—audio or text—video gate values (gra or
gry around 0.43-0.48). Similarly, CogDem:Report_Give
shows a particularly strong visual contribution with g7y ~
0.60.

In contrast, dominant None categories, which have thou-
sands of training examples, often show more moderate gate
magnitudes. This suggests that the model can rely primar-
ily on transcript context for frequent labels, whereas multi-
modal cues become more helpful when predicting less fre-
quent discourse categories.

This observation is consistent with the bucket-level re-
sults in Table 2, where the proposed model achieves the
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Average Gate Values by Task
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Figure 4. Average delta gate values across discourse tasks.
Columns correspond (from left to right) to the text—-audio (gr4),
text—video (grv ), and higher-order interaction (g7 n7) gates. The
bimodal gates (974 and grv) consistently exhibit larger values
than the interaction gate (g7 n 1), suggesting that bimodal modality
signals contribute most of the complementary information beyond
the text-only baseline, while three-way modality interactions are
comparatively less dominant.

largest performance improvement on the small-label bucket.
Together, these findings suggest that delta-gated fusion
helps the model selectively leverage multimodal signals
when transcript evidence alone is insufficient.

5.7. MoE Comparison as a Qualitative Reference

To further examine interpretability, we compare DG-MFP
with a pooled-level Mixture-of-Experts (MoE) variant used
as a qualitative reference. In this model, the pooled [CLS]
representation is routed to multiple MLP experts through a
soft router, and expert outputs are combined before classifi-
cation. Unlike DG-MFP, this MoE variant does not explic-
itly separate text—audio, text—video, and higher-order inter-
action effects.

During training, routing statistics reveal limited expert
specialization. The router often assigns most selections to
a single expert in early epochs and gradually converges to
nearly uniform expert usage (= 25% per expert, entropy
~ log 4), suggesting weak semantic specialization.

In contrast, DG-MFP produces gates directly tied to
structured modality contributions. These gates are task-
specific and per-class, making them more interpretable than
latent expert assignments in MoE.

6. Conclusion

In this work, we studied robust multimodal classroom dis-
course classification under realistic conditions where audio
and video signals may be missing, noisy, or imperfectly
aligned with the transcript. To address this problem, we pro-
posed a Delta-Gated Multi-Forward-Pass Longformer
that treats the transcript as the primary modality and models
audio and video as incremental sources of information.

Gate Values by Label
CogemAnalysis_Request

CogDem:None 0474 0.482

CogDem:Report_Give

ExJust:Student_Give 0411 0434
498

ExJust:None 0637 (] 0.407

Feedback1:Affirming

Feedback1:Disconfiming 0403
Feedback1:Neutrl 0310

Feedback1:None

Label

Gate value

Feedback2:Unelaborated 0.199 -03

556
Feedback2:None 0.525 0.481 0.230

Questions:Closed 0579 0531 0281

Questions:Open 0.373 0.378

Questions:None 0505 0.529 0267

-02
0274

0.140

Uptake:Building 0508 0.434 0151 =01

Uptake:Restating 0.304 0.497 0233

Text-Video (TV) Higher-order (INT)
Gate Type

Uptake:Exploring

Uptake:None
-0.0

Text-Audio (TA)

Figure 5. Delta gate values for each discourse label. Rows corre-
spond to task-specific labels, and columns correspond (from left to
right) to the text—audio (g7 a), text—video (grv ), and higher-order
interaction (grny7) modality pathways. The visualization shows
that multimodal contributions vary across labels, with several cat-
egories exhibiting relatively stronger bimodal modality gates.

The proposed framework uses a shared encoder in mul-
tiple masked forward passes and decomposes the prediction
into a baseline transcript, modality-specific increments, and
a higher-order interaction term. This formulation enables
explicit modeling of modality contributions while maintain-
ing a consistent representation space across forward passes.

Experiments on classroom discourse data show that
the proposed method improves performance over standard
early-fusion baselines, achieves strong gains on rare dis-
course labels, and demonstrates substantially stronger ro-
bustness under missing-modality and misalignment condi-
tions. Analysis of the learned gates further reveals inter-
pretable task-specific patterns of modality use, indicating
that multimodal signals are most beneficial when transcript
evidence alone is insufficient for reliable prediction.

In general, our results suggest that multimodal fusion
can be effectively modeled as incremental contributions
to a transcript-based prediction. We hope that this per-
spective will encourage further work on robust and inter-
pretable multimodal learning in real-world educational en-
vironments.
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