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Abstract. The real-timeness, multi-modality, and actuality of the as-
sessments are aimed at improving the human-to-artificial intelligence in-
teraction in the context of a virtual learning environment using con-
tinuous observation and assessment of the learners’ facial expressions
and speech. A multi-modal XMT architecture is developed so as to pro-
cess visual features from the CNN-based face video frames and acous-
tic features from the speech using MFCCs jointly by projecting both
into a common embedding space and integrating over multiple heads of
self-attention along with the feedforward layers to account for temporal
dependencies within a modality as well as the relationships across the
modalities. Model training and evaluation was conducted on a merged
corpus consisting of the CREMA-D and RAVDESS datasets using the
6 basic emotions of anger, disgust, fear, happiness, neutrality and sad-
ness based on a balanced sample of 240 pairs of recorded samples across
different speakers, conditions, and intensities of emotions (240 samples
total). The results show that the multimodal XMT outperforms both the
audio-only and video-only baseline systems consistently with an average
recognition accuracy of 73% and an average macro precision, recall, and
F1-score of 76%, 75% and 75%, respectively, while maintaining an end-
to-end latency of less than 1.5 seconds, allowing real-time interactivity
on standard computing platforms.
The emotion recognition framework contributes to this integrated virtual
assistant environment by providing feedback that matches the learner’s
emotion by changing tone, style of feedback, and manner of instruction.
When a learner exhibits frustration or low self-confidence, additional
support or encouragement will be provided through alternative means
of engagement. Conversely, when learners are fully engaged, they will
be provided with additional challenge as well as motivation through the
content provided to them. Additionally, because of the robustness of
multimodal fusion, should one mode of communication become partially
ineffective—for instance, when an audio signal is degraded due to back-
ground noise or low lighting conditions—the assistant will still be able
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to effectively provide an accurate solution and continue to provide sta-
ble affective sensing information during the learner’s use. These results
indicate not only the versatility of transformer-based multimodal archi-
tectures and curated audio-visual corpora in providing technical solutions
for developing affect-aware personalized tutoring systems, but also that
these technologies can contribute to the development of other emotion-
ally intelligent human-AI interfaces and systems used in education and
other interactive areas.

Keywords: Multimodal emotion recognition · cross-modal transformer
(XMT) · multi-head attention (MHA) · facial emotion recognition (FER)
· speech emotion recognition (SER) · affective computing · human–AI in-
teraction · virtual learning assistant · Mel frequency cepstral coefficients
(MFCC) · convolutional neural network (CNN) · deep neural network
(DNN) · real-time inference · spatio-temporal modeling · personalized
education.

1 Introduction

The increasing popularity of virtual learning platforms, intelligent tutoring sys-
tems, and chatbots has resulted in a significant demand for technology that
can detect and respond in real time to a learner’s emotional state. Emotions
greatly affect motivation, focus, engagement, and long-term memory retention,
thus making emotion an important piece in determining how technology is ef-
fective when used as part of an educational or assistance interaction between
humans and AI. Unfortunately, the majority of existing virtual assistants and e-
learning systems continue to utilize a “one-size-fits-all” interaction style, where
the assistants return predetermined (static) responses regardless of the user’s
emotional status during the course of the interaction. This misalignment often
creates disappointment for the learner and causes disengagement, which neg-
atively impacts the learner’s ability to learn when he/she becomes confused,
anxious, or bored with the response of the virtual assistant or the e-learning
system.

Recent research has demonstrated that recent developments in deep learning
and affective computing allow for much more complex analyses of emotional ex-
pression from both facial and auditory cues. SER uses features such as prosody,
pitch, energy, etc., to identify the emotional state of the speaker through the
analysis of spoken language, while FER uses convolutional and deep networks
to interpret expressions such as happy/angry/sad that are present in either an
image or video stream. Although unimodal systems focused only on audio or
video tend to have good performance under controlled conditions, they have had
difficulty in real-world environments where the signals may be degraded, incom-
plete, or ambiguous. For example, if SER relies solely on speech to determine
emotion, it will probably not work well if someone says something at a very quiet
volume and does not vary their vocal pitch; similarly, FER may not provide valid
results if the person’s face is partially blocked from view and is in a poorly lit
area.
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To overcome shortfalls, multimodal emotion recognition systems have been
developed to combine information from multiple sources (by incorporating both
facial expression and speech features) to create a stronger and more reliable
prediction of emotion. Many of the earliest multimodal frameworks were estab-
lished by concatenating features or utilizing basic fusion methods, which im-
proved the capacity of models to produce correct predictions. However, these
models generally have a rigid design that requires configuration specific to a
dataset/laboratory setting. Although some of the most recent multimodal pipelines
and fusion techniques have demonstrated stronger emotion recognition capabil-
ities, many of them still suffer from high computational burden, dependency on
large-scale training datasets, and limited applicability to low-latency, real-time
applications. Besides these problems, many emotion-aware teaching tools and
chat systems only concentrate on ideas and do not offer complete audio-visual
real-time systems to support virtual learning assistants.

One of the main gaps that exists today is the integration of emotion recog-
nition into adaptive conversation behavior. Most emotion classification systems
today view emotion as a stand-alone task and do not tightly couple an out-
come measure like what the assistant’s tone or feedback might be to an outcome
measure like an emotional state (e.g., anger). For example, in a virtual learning
environment, to effectively respond to a student who is experiencing confusion,
frustration, or disengagement, the assistant not only needs to know the student’s
emotion but may also need to adjust how it responds to the student to address
their emotional state appropriately by providing simpler explanations, provid-
ing additional hints, or providing motivational messages. To have these types of
emotion-aware assistants, it will take more than accurate, real-time, multimodal
emotion recognition; it will take developing new architecture that can operate
continuously, maintaining a response time that is appropriate for human-to-AI
interactivity.

We present a real-time multimodal system for recognizing emotion, based on
a XMT architecture that processes both facial video and speech audio in order to
identify user emotion for the purpose of human-computer interaction. Our work
employs a unified, transformer-based fusion framework that models the spatial
and temporal relationships of facial expressions and speech using a dataset of
recorded videos of subjects’ facial expressions and speech patterns. The audio-
visual corpus conveys the relationship between the two modalities and consists of
recordings of the same recordings from the CREMA-D and RAVDESS datasets,
containing six basic emotions (angry, disgust, frightened, happy, neutral, and
sad), at various intensities and across multiple speakers and settings. The cross-
modal recognition model achieved an overall accuracy of 73%, with excellent
macro-averaged precision, recall, F1, and estimated latency of fewer than 1.5
seconds; thus, it is well-suited for deployment in interactive educational contexts.

This study makes the following main contributions:

1. A novel multimodal transformer architecture that combines audio and vi-
sual modalities using sequence embeddings, multi-head attention, and feed-
forward networks to learn a joint representation of emotions.



4 Nanda Gopal Malladi, Vrisheeka Mulakala, and Deepa N*

2. A new multi-corpus dataset that merges the CREMA-D and RAVDESS
databases into a balanced corpus of six emotion classes. This corpus enables
training and evaluation of emotion recognition algorithms in a realistic mul-
timodal environment with variations in speakers, recording conditions, and
emotional intensity.

3. A real-time multimodal emotion recognition pipeline with an inference la-
tency of less than 1.5 seconds, making it suitable for deployment on mobile
devices and for displaying dynamic instructional content.

4. An emotion recognition module integrated into a virtual assistant conceptual
framework that personalizes and adapts tone of voice, response style, and
level of instructional support based on the user’s current emotional state,
thereby enhancing the naturalness, personalization, and emotional intelli-
gence of human–AI interaction.

2 Related Work

This section reviews and summarizes the literature and contributions made in the
area of emotion recognition for human and AI interaction through speech-based,
vision-based, multimodal, and emotion-aware pedagogical and conversational
agents. In addition, we will identify limitations in these areas, specifically in
real-time adaptive multimodal learning environments.

2.1 Speech Emotion Recognition

SER is often accomplished by utilizing the acoustic characteristics (e.g., pitch,
energy, intensity, and frequency) contained within speech for the purpose of
estimating emotional states from spoken utterances. The two main types of ma-
chine learning techniques that have been employed in SER systems are DNN
and CNN models, which both have demonstrated their ability to model complex
relationships between speech features and the corresponding discrete emotion
categories, as evidenced by their success on standard SER databases. For exam-
ple, Pancharia et al. created a DNN-based SER that establishes a good baseline
for the framework based on relative computational speed. Furthermore, hybrid
ConvLSTM architectures (e.g., Hasan et al.) also provide increased SER per-
formance by modeling temporal dependencies and identifying dynamic features
of speech over time, which improves the robustness of emotion recognition for
emotions that develop over a period.

However, although the above-mentioned advances have been made in SER,
when audio-only SER systems are used in real-world, interactive situations, they
have limitations. For example, the quality of the speech signal may be drasti-
cally altered due to background noise, variability in microphonics, variability
in channels, etc. Specifically, background noise, channel variances, and micro-
phone quality deplete recognition performance. Emotions that are milder (e.g.,
mild confusion and muted sadness) generally will provide less of an acoustic
cue versus the same emotion that can be demonstrated via a facial expression;
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therefore, systems that only utilize speech for estimating emotion will not per-
form well when individuals display only a small amount of speech or are silent.
These limitations in the use of solely audio-based SER systems create the need
for incorporating visual-based additional modalities to improve the accuracy of
emotion estimates.

2.2 Facial Emotion Recognition

FER is the use of facial images or video streams to extract emotions. Many
of the current methods of FER rely primarily on the use of CNN and other
deep learning architectures to extract emotion-encoding features from images or
videos. CNN-based FER methods can learn to identify facial muscle movement
patterns and configurations associated with basic emotions such as happiness,
anger, sadness, and fear (Deshmukh et al., 2023). The authors discuss the most
recent FER systems in the literature and highlight their significance as a foun-
dation for real-time emotion recognition in videos.

However, FER provides a narrow angle from which to analyze an emotional
expression. Within real-time video streams, facial expressions can be occluded,
viewed from different angles (i.e., rotations), viewed in low light, and viewed
when the subject is moving (i.e., motion blur). As a result of these factors,
determining whether an individual expressed their emotions through a facial
expression with a high degree of certainty can be difficult. Additionally, some
individuals do not show a typical facial expression or may show a culturally
specific facial expression that does not match the traditional databases used
for developing FER systems. The use of only visual information to analyze an
emotional expression limits the ability to use prosodic cues to assist with dis-
ambiguating facial expression when the expression is ambiguous (e.g., what is
the difference between a facial expression for being happy and an expression for
being anxious?). Given these limitations, there is a need for the use of multi-
modal systems that combine both facial expression and prosody when analyzing
emotion.

2.3 Multimodal Emotion Recognition and Fusion

FER is the use of facial images or video streams to extract emotions. Many
of the current methods of FER rely primarily on the use of CNN and other
deep learning architectures to extract emotion-encoding features from images or
videos. CNN-based FER methods can learn to identify facial muscle movement
patterns and configurations associated with basic emotions such as happiness,
anger, sadness, and fear (Deshmukh et al., 2023). The authors discuss the most
recent FER systems in the literature and highlight their significance as a foun-
dation for real-time emotion recognition in videos.

However, FER provides a narrow angle from which to analyze an emotional
expression. Within real-time video streams, facial expressions can be occluded,
viewed from different angles (i.e., rotations), viewed in low light, and viewed
when the subject is moving (i.e., motion blur). As a result of these factors,
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determining whether an individual expressed their emotions through a facial
expression with a high degree of certainty can be difficult. Additionally, some
individuals do not show a typical facial expression or may show a culturally
specific facial expression that does not match the traditional databases used
for developing FER systems. The use of only visual information to analyze an
emotional expression limits the ability to use prosodic cues to assist with dis-
ambiguating facial expression when the expression is ambiguous (e.g., what is
the difference between a facial expression for being happy and an expression for
being anxious?). Given these limitations, there is a need for the use of multi-
modal systems that combine both facial expression and prosody when analyzing
emotion.

2.4 Emotion-Aware Pedagogical and Conversational Agents

In addition to foundational recognition models, there has been extensive re-
search into emotion-aware pedagogical agents and conversational AI that adapt
to users’ affective states. In particular, there have been systematic literature re-
views (Septiana et al.) of emotion-related pedagogical agents that indicate that
being able to adapt to learners’ emotions is critical for engagement, motiva-
tion, and success in learning to summarize some design principles on how to
integrate emotion into instruction. Huang et al. introduced Emotional RAG (an
emotional retrieval-augmented generation framework), which demonstrates that
enhancing role-playing agents through the use of emotional memory increases
perceived naturalness and feelings of empathy when interacting with text-based
dialogue by adding emotional context to that interaction. Other literature contin-
ues to explore AI-driven learning platforms, generative AI to create personalized
content, and monitoring learners’ attention while participating in e-learning en-
vironments, indicating that there is an increase in the number of affect-aware
educational technologies available.

Many emotion-aware agents have been developed in the research environ-
ment; however, they have not yet been fully realized in practical use. Some ways
in which emotion-aware agents fall short are: a. There is a lack of a direct rela-
tionship between emotion-aware agents and high-fidelity audio-visual measures
of emotion recognition. B. Evaluation of their effectiveness in highly controlled
and limited generalizability environments. Furthermore, existing emotion-aware
technologies primarily focus on either recognition or adaptation, but they are not
integrated into a continuous experience pipeline that both senses emotions and
immediately alters interaction strategies during a virtual learning experience.

2.5 Summary and Positioning of the Present Work

First, unimodal SER and FER systems work well in a controlled environment,
but they are insufficiently robust in real-world, uncontrolled environments where
an audio-vocal signal may have degraded or ambiguous information that can-
not be used to determine human emotion. Second, many multimodal fusion ap-
proaches provide accuracy at a significantly greater computational expense than
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unimodal methodologies and may not work well under low latency and real-time
constraints for mobile or interactive technologies. Third, many emotion-aware
pedagogical and conversational agents do not provide an end-to-end multimodal
emotion recognition pipeline that considers facial and vocal signals together in
real-time.

This paper proposes a XMT architecture that jointly learns audio and visual
signals using sequential embeddings, multi-head self-attention, and feed-forward
networks to capture temporal and cross-modal relationships. The XMT model
was developed using a combined CREMA-D and RAVDESS corpus and is ca-
pable of accurately classifying six different emotion categories from multiple
speakers and recording conditions and maintaining inference latency below 1.5
seconds (real-time). In addition, the XMT architecture was designed to assist
with the development of emotion-aware virtual assistants that modify their tone,
feedback, and instructional materials based on the emotional state of the user
detected in virtual learning environments.

3 Methodology

This section describes the overarching design of the overall architecture of the
proposed multimodal emotion recognition system, the creation and preprocessing
of the audio–visual dataset, the feature extraction pipelines used for speech and
facial expressions, and the design and training of the XMT used to classify
emotions.

3.1 System Overview

A live multimodally connected pipeline calling on audiovisual user input to pro-
duce output of six distinct emotions is outlined in detail here. The pipeline can
be broken down into four basic components: data acquisition, modality-specific
preprocessing, creation of tokens, and finally fusion using a transformer followed
by emotion classification. The architecture of this pipeline is represented in Fig-
ure 1 and illustrates how the raw samples of each dataset will be transformed to
their unified sequential representation. This unified representation is then clas-
sified into one of six emotion categories by way of the Cross Modal Transformer
and classification head.

During the first stage, the audio–video pairs from the merged CREMA-D
and RAVDESS corpus are temporally aligned so that both speech and facial
expression share the same emotional segment of time. The audio stream within
the audio preprocessing block undergoes operations such as resampling, nor-
malization, and segmenting into fixed length windows, then MFCC features are
extracted to capture the spectral and prosodic properties of the speech signal.
Meanwhile, the video stream undergoes processing by the video preprocessing
block where frames from each video are extracted, detected/cropped, resized,
and temporally uniform sampled to obtain a sequence of frames of user’s face at
various times to represent how user’s face evolved with emotion through time.
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Fig. 1. Multimodal audio video pipeline for emotion recognition.

In the next phase, which is represented by the token creation module as seen
in Fig. 1, the pre-processed feature sets are combined into one sequence that
can be processed by a transformer. The CNN-generated embedding vectors for
the face frames of each sample are transformed into visual feature vectors. The
MFCC generated embedding vectors of each audio window are transformed to
become audio feature vectors, and then both sets of vectors are projected into
a common embedding dimensionality. A unique CLS token is added to these
combined visual and audio tokens before the two sets of tokens are concatenated
to generate one sequence; each token has position and modality/type embedding
so as to track temporal position and provide information about the modality or
type of source used. This final combined sequence is input into a Cross-Modal
Transformer that models both intra and inter-modal relationships over time
through the use of MHA and FFN layers.

After traversing through several layers of the transformer architecture, the
CLS token’s output is transmitted through a classification head which produces a
probability distribution over 6 different classes representing emotions. After this
distribution is generated, the application will select the class with the highest
probability as the final emotion output for the virtual assistant to adjust its real-
time responses. Overall, the architecture has been shown in figure 1 to provide
an end-to-end method of going from raw A/V (audio/visual) data to emotion
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labels by incorporating modality specific preprocessing, cross modal fusion and
classification into one cohesive framework.

3.2 Dataset Construction and Preprocessing

The system uses the merged CREMA-D and RAVDESS datasets as a training
base to allow for strong multimodal learning with respect to multiple speak-
ers and recording environments. The CREMA-D dataset contains 7,442 audio
recordings from 91 actors, and the RAVDESS dataset contains 2,880 audio-visual
recordings of 24 trained actors with superior quality. Both datasets contain six
basic emotions, including anger, disgust, fear, happiness, neutral, and sadness,
thus providing a common label space for multimodal training.

Only the recordings that contain the six target emotions will be selected
from each of the datasets and combined to create one multimodal corpus. The
combined multimodal corpus will be split into a training set and a held-out test
set of 240 balanced samples with 40 samples for each of the different emotions
to ensure that there is a fair assessment across all the classes (emotions). The
training set will contain recordings from a diverse range of speakers with various
levels of emotion intensity and multiple recording environments (e.g., within dif-
ferent locations and under various lighting conditions), which will support the
model’s increased generalization to other users. When processing videos visually,
they are divided into their individual frames, with all faces within those frames
detected and cropped prior to resizing them so that they’re in a fixed size for
processing by convolutional neural networks. The frames are then sampled uni-
formly over the times of the video clips, creating a manageable sequence length
of frames that will sequentially show the temporal progression of expressions.
Finally, the audio portion of the video will also be inspected to determine if
there is a resampling requirement, thus allowing for proper normalization and
segmentation to match the video’s time window.

3.3 Audio Feature Extraction

Converting speech signals into sequences of feature vectors, frequently used in
speech processing, is done using a technique known as MFCC, which simu-
lates how the human ear perceives sound. This includes dividing each audio
segment (speech) into overlapping windows and measuring MFCCs for the re-
sulting signals through use of appropriate frame size and hop length to yield a
time-frequency representation of speech. The final output MFCC matrices from
this process are then either flattened or aggregated along the temporal axis to
create a sequence of audio-frame feature vectors.

The linear projection layer maps raw audio features to the model’s embedding
D so that each audio/video token will have a common latent representation. Bias
terms are added to the linear transformed vector, and training can be stabilized
using optional normalization on the resulting vector.This process produces a
sequence {au}

Ta

u=1 of audio tokens, where Ta is the number of audio frames
considered per sample during training.
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To extract features from the visual modality of the video, every preprocessed
image of the face is passed through a CNN-based feature extractor that pro-
duces a compact representation of the facial expression within that image. A
pre-trained CNN backbone (for example, a standard image classification net-
work) is used to produce frame-level feature maps that will ultimately be pooled
or flattened into a single fixed-length feature vector for each frame.This step
converts the input video into a sequence of visual feature vectors {ft}

Tv

t=1, where
Tv is the number of sampled frames.

These visual feature vectors are then passed through a linear projection layer
to map them into the same embedding dimension D used for audio, yielding
visual tokens {vt}

Tv

t=1.As with the audio tokens, bias terms and optional nor-
malization are applied, ensuring that both modalities are compatible for joint
processing in the transformer.

3.4 Cross-Modal Transformer Architecture

The methodology includes the use of a XMT to enable joint temporal and cross-
modal modelling between audio and visual tokens. To represent an overall sum-
mary for emotion classification purposes, a special CLS token is added as the
first token in a sequence of tokens. The sequence of tokens created for the XMT
is built by concatenating a CLS token with the sequence of visual tokens vt and
the sequence of audio tokens au.

To ensure the ordering of tokens and their modality information, each token
is assigned a positional embedding indicating its position within the sequence, in
addition to a representation of its modality/type, i.e., CLS, video stream, or au-
dio stream. The resultant embedding sequence is sent into L transformer layers,
where each transformer layer contains a multi-head self-attention block followed
by a position-wise feedforward network (with both sublayers using residual con-
nections and layer normalization).

With multi-head self-attention, all tokens in a sequence can attend to one
another, enabling the framework to establish how the model forms long-range
temporal correlations between modalities and how they interact (i.e., the rela-
tionship between audio and video). Specifically, through audio and video modal-
ity interaction, the transformer is able to identify how specific facial expressions
are matched with prosodic and spectral speech characteristics associated with
each emotion class. Additionally, the token representations will undergo further
nonlinear transformations using position-wise feed-forward networks, thereby
enhancing the model’s expressiveness.

At the end of the last transformer layer, the CLS token contains an ideal sum-
mary of the audio and video parts of the input. This representation is passed
to a fully connected programmable classification (with or without nonlinear ac-
tivation) to provide a probability distribution over the 6 emotion classes via
the softmax layer. Regularizers (e.g., dropout, weight decay) are also utilized
throughout the transformer layers to limit overfitting.
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3.5 Cross-Modal Transformer Algorithm

The detailed processing steps of the proposed Cross-Modal Transformer (XMT)
for audio–visual emotion recognition are summarized below.

Algorithm 1: Cross-Modal Transformer (XMT) for Audio–Visual
Emotion Recognition

1) Data & Token Construction
Extract per-frame visual features and audio-frame features and project them

to the model dimension D:

vt = Wvϕv(framet) + bv, t = 1, . . . , Tv (1)

au = Waϕa(mfccu) + ba, u = 1, . . . , Ta (2)

where ϕv(·) is the CNN frame extractor and ϕa(·) is the audio feature ex-
tractor.

2) Transformer Processing
For each layer ℓ = 1 to L:

a) Build token sequence and add positional and modality/type embeddings:

z(0) = [CLS, v1, . . . , vTv
, a1, . . . , aTa

] (3)

z
(0)
i = z

(0)
i + P (i) + Etype(m(i)) (4)

where m(i) ∈ {cls, video, audio}.

b) Multi-head self-attention and feed-forward update:

y(ℓ) = LayerNorm
(

z(ℓ−1) +MHA
(

z(ℓ−1), z(ℓ−1), z(ℓ−1)
)

)

(5)

z(ℓ) = LayerNorm
(

y(ℓ) + FFN
(

y(ℓ)
)

)

(6)

c) Optional regularization (dropout / weight decay) applied during training.

3) Readout / Output Layer
Compute the prediction using the final CLS token representation:

p̂ = softmax
(

Woσ
(

Whz
(L)
CLS + bh

)

+ bo

)

(7)

where σ(·) is a nonlinear activation function and p̂ is the predicted class-
probability vector.

4) Final Prediction

ŷ = argmax
k

p̂k (8)



12 Nanda Gopal Malladi, Vrisheeka Mulakala, and Deepa N*

p̂ = fXMT

(

X(v), X(a)
)

(9)

5) Training Objective
Training is performed using cross-entropy loss with optional class weighting

and regularization:

L = −
N
∑

i=1

wyi
log (p̂i,yi

) + λR(Θ) (10)

where wyi
are class weights, R(Θ) is a regularization term (e.g., weight de-

cay), and Θ denotes all trainable parameters.
To ensure the ordering of tokens and their modality information, each token

is assigned a positional embedding indicating its position within the sequence, in
addition to a representation of its modality/type, i.e., CLS, video stream, or au-
dio stream. The resultant embedding sequence is sent into L transformer layers,
where each transformer layer contains a multi-head self-attention block followed
by a position-wise feedforward network (with both sublayers using residual con-
nections and layer normalization).

With multi-head self-attention, all tokens in a sequence can attend to one
another, enabling the framework to establish how the model forms long-range
temporal correlations between modalities and how they interact (i.e., the rela-
tionship between audio and video). Specifically, through audio and video modal-
ity interaction, the transformer is able to identify how specific facial expressions
are matched with prosodic and spectral speech characteristics associated with
each emotion class. Additionally, the token representations will undergo further
nonlinear transformations using position-wise feed-forward networks, thereby
enhancing the model’s expressiveness.

At the end of the last transformer layer, the CLS token contains an ideal sum-
mary of the audio and video parts of the input. This representation is passed
to a fully connected programmable classification (with or without nonlinear ac-
tivation) to provide a probability distribution over the 6 emotion classes via
the softmax layer. Regularizers (e.g., dropout, weight decay) are also utilized
throughout the transformer layers to limit overfitting.

3.6 Training Objective and Optimization

Training the model was done by using the labeled multi-modal datasets taken
from two sources. The two datasets, named the CREMA-D and RAVDESS
groups of datasets, were combined into one dataset where all of the labels for a
specific target emotion were represented as a one-hot vector for that target emo-
tion, and then the outputs of the network are one predictive probability (vector)
over the six classes. The training objective of cross-entropy losses between the
true labels of these datasets versus the predicted probabilities (e.g., using a class
weighting to address possible residual imbalances of the compound dataset).
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Using the Adam optimizer at the right learning rate schedule, we optimize
jointly the parameters of the CNN feature extractor (if fine-tuned), projection
layer, transformer blocks, and classification head. Hyperparameters specify the
number of transformer layers L, the size of the embedding dimension D, the
number of attention heads, the size of the batch, the learning rate, the dropout
rate, and the weight decay coefficient. To avoid overfitting and select which
trained model should be evaluated, either validation-based model selection or
early stopping techniques are employed.

3.7 Real-Time Inference Considerations

The objective of the entire pipeline is to provide real-time capacity using an in-
teractive avatar (or digital assistant). The design goal of this overall system is to
ensure that the average latency for inference (or prediction) will be less than 1.5
seconds for every input segment to achieve this objective. This is accomplished
by limiting both the average number of frames and the number of audio win-
dows that will be processed for each sample, therefore limiting the total amount
of processing needed to perform inference for the entire set of samples. For ex-
ample, the backbone of the CNNs will have to be efficient (e.g., low number of
parameters, etc.), as will the overall configuration of transformers used to pro-
cess the data collected by the digital assistant. Additionally, the preprocessing
steps (i.e., face detection and extraction of MFCCs) will be optimized for speed
of execution on standard hardware, allowing for the base XMT to be integrated
into mobile or web-based learning systems.

The methodology presented in this paper will use both speech and facial cues
in order to produce accurate and timely emotion recognition, which provides the
basis for creating a context-aware adaptive emotion function for an educational
digital assistant using the proposed XMT-based system.

4 Experimental Results

This part discusses the experimental setup, evaluation protocol, quantitative
results, and detailed information about the XMT to determine if sound and vi-
sual recognition will provide accurate recognition of emotions when presented
together with an ablation study, qualitative observations, and real-time charac-
teristics when testing them in this manner.

4.1 Evaluation Protocol

We conduct our experiments with a merged audio-visual corpus constructed
from CREMA-D and RAVDESS across six emotion classes (angry, disgust, fear,
happy, neutral, and sad) after filtering out recordings containing one of the six
core emotion classes. All recordings filtered for containing the six core emotion
classes were combined together into one data set, partitioned into an experiment-
training sample set, a validation set for hyperparameter tuning, and a fixed
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test set containing 240 sample clips. The test set is balanced between each of
the six classes (i.e., there are exactly 40 samples from each of the 6 classes),
thereby allowing for fair comparison between emotion classes and ensuring that
all emotion classes will be treated without bias toward majority categories.

The splitting of the dataset into training and test/validation sets is done at
the speaker level, where applicable, meaning that no speaker in the test set will
be overrepresented in the training set. This allows for generalizing the model
across speakers and recording conditions. For the primary set of experiments,
a fixed train/valid/test split is maintained, and for verification purposes, other
validation runs with random splits are also run to show that the model is finding
replicable results and that performance is not specific to an individual dataset.

To evaluate the model’s performance, we will report overall accuracy, macro-
averaged precision, recall, and F1-score (for emotional detection). In addition to
the above performance metrics, we will also report metrics by class, including
confusion matrices. Overall accuracy corresponds to the percentage of correctly
classified samples divided by the number of total test samples. Precision and
recall reflect the confidence with which the predicted label (i.e., emotion) corre-
sponds to a correctly classified sample; specifically, precision reflects the extent
to which all predicted instances correspond to a successful classification of that
sample as an instance of the emotion being predicted (precision), and recall re-
flects how many instances of the emotion are retrieved by the model from the
total number of actual instances of the emotion (recall). The F1-score is a sin-
gle summary statistic per class that is particularly useful in cases where class
distribution is not uniform or there is a significant trade-off between precision
and recall. To visualize common misclassifications, we will also provide confusion
matrix plots for emotional category misclassifications.

4.2 Quantitative Results

The swaddled researchers worked with their highly complex analysis of the pro-
posed multimodal XMT model’s per-class performance summaries from the held-
out testing set, reporting precision, recall, F1 score, and support levels for each
of the six defined emotion classes. On 240 testing samples, the model achieved an
overall accuracy rate of 73%, meaning that nearly three out of every four audio-
visual clips were correctly classified to their identified emotional class. Another
measure of performance, macro-averaging across all of the classes on precision
(76%), recall (75%), and F1 score (75%), also suggested relatively balanced per-
formance across all classes to ensure performance was not dominated by one
easy-to-classify class.

A more in-depth look at Table I indicates that there are significant differences
between the emotions represented. Neutral expressions achieve perfect scores
across the various performance measures (100% precision, recall, and F1-score),
which means that this model has successfully created features that reliably dis-
tinguish the neutral emotional state from the emotionally charged ones. The
respective F1-scores (80% and 74%) of happy and disgust also indicate that
these two emotional states are composed of distinct facial and vocal features
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Table 1. Classification Report for Multimodal Emotion Recognition

Emotion Precision Recall F1-score Support

Angry 64% 75% 69% 44
Disgust 85% 65% 74% 44
Fear 64% 54% 59% 44
Happy 78% 81% 80% 44
Neutral 100% 100% 100% 20
Sad 65% 77% 70% 44

Accuracy 73% 240
Macro Avg 76% 75% 75% 240
Weighted Avg 74% 73% 73% 240

within the combined CREMA-D and RAVDESS datasets. However, the lower
F1-scores of angriness (69%), fear (59%), and sadness (70%) suggest that these
three negative emotions have a greater potential of being confused with each
other (which aligns with the confusion matrix analysis discussed in Section 4.3).

To evaluate how much improvement is attributable to multimodal fusion, we
conducted two unimodal baselines using our shared train/validation/test splits.
The first was an audio-based SER model that inputted only MFCC feature vec-
tors using a transformer encoder specifically designed to process single-stream
temporal sequences. The second baseline consisted of a video-based FER model
that processed only the CNN-based frame embeddings without any audio con-
tent. These models were made to be as complex as the XMT and trained under
the same conditions so that any performance differences are due to the different
modalities and not the models’ sizes.

Fig. 1 shows a visual representation of the relationship between overall accu-
racy and macro F1-score for the audio-only, video-only, and multimodal XMT
models. The audio-only model has overall low scores due to its susceptibility
to background noise and lack of visual data when voice prosody is not easily
identified. The video-only model typically provides an improvement over the
audio-only baseline; however, it encounters similar problems to the audio-based
models when facial data is obstructed, there is a lack of lighting, or subtle facial
expressions are presented. The multimodal XMT presented in Fig. 1 outper-
formed both of the unimodal systems in both accuracy and macro F1-score,
as such, supporting the conclusion that combining both complementary speech
signals and facial signals improves the robustness and accuracy of recognizing
emotions regardless of recording conditions.

Having multiple sources of information gives a quantitative advantage to a
virtual assistant that is sensitive to emotions. Having multiple modalities allows
for more consistency in responses because even if a user’s emotional state cannot
be inferred from one source of data alone, if there is another source available
to infer the same emotional state, that source can be taken into account. For
instance, if someone is using a quiet voice when speaking but is also providing
good emotional cues from their body language, or vice versa, where the user is
using exaggerated body language but is not visible because they are off camera,
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Fig. 2. Comparison matrix for multimodal emotion recognition.

these characteristics will allow for the XMT to leverage whichever gives them
enough information to make a decision. The data shown in Table I and Figure
1 provide strong empirical evidence in support of the use of XMT in human/AI
interaction in a real-time environment.

4.3 Confusion Matrix and Emotion-Wise Behavior

The confusion matrix from a multimodal XMT model is illustrated in Fig. 2
for the 240 sample test set. Confirmed by the three diagonal entries for neutral,
happy, and disgust, the model has correctly identified each emotion with high
accuracy; specifically, the emotion neutral has been classified with accuracy.
According to the data from this test, these results indicate that it is easier for
the model to record neutral and very expressive positive or negative emotions
using unique facial and voice characteristics. Neutral speech usually has little or
no variation in prosody (pitch) and little or no movement of facial muscles, with
both sound and visual components being similar throughout. Happy emotions
are identified using eye and mouth smiles with high pitch; disgust emotions are
recognized when certain parts of the mouth and nose move at the same time as
distinct sounds are made.

Unlike happiness and disgust, fear and sadness have lower F1-scores and re-
call measures, indicating that either of these emotional states will be confused
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Fig. 3. Confusion matrix for multimodal emotion recognition.

with other negative emotional states, such as anger, or even with a neutral
state. This misidentification may occur because fear or sadness can be presented
visually with overlapping or subtle activation of facial muscles, creating facial
expressions that can resemble one another or the expressions of other mildly
negative emotional states when expressed at moderate levels. On the audio side
of the analysis, the prosody of the fear, sadness, and anger emotion expressions
may not be as apparent in acted-out corpora as they are naturally (e.g., real),
creating a much higher likelihood of being misclassified. Additionally, the dis-
tribution of classes and the recordings themselves (usage biases) may create an
overabundance of happy and disgusted emotion expressions, giving clear cues
for the model to learn from yet providing few distinct examples for the model
to learn from in the case of subtle fear and sadness. The information from the
misclassifications in the confusion matrix reveals where structure exists within
the model’s errors and indicates where new data collection and modeling im-
provements should occur.

Looking at these emotion results from a design standpoint, these results
indicate that there is good reliance on system models when detecting neutral,
happy, and disgust states; however, they will take more care before using system
models for predicting fear and sadness states (e.g., requiring greater confidence
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thresholds and by smoothing predictions temporally over a number of successive
predictions).

4.4 Ablation Studies

The contributions of various architectural components are examined using ab-
lation experiments where important components of XMT are modified (e.g.,
deleted or changed). One experiment removed modality/type embeddings; thus,
the transformer received tokens without knowledge of their source modality (au-
dio or video). As would be expected from previous ablation studies, this manipu-
lation typically produced a decrease in the macro F1-score, indicating that there
is value in providing explicit modality cues to aid learning appropriate patterns
of attention between and within streams.

The CLS token was removed for a second variant, and all of the token repre-
sentations at the last transformer layer were averaged together through simple
average pooling to create a global embedding. This second variant still pro-
vided support for classification, but classification performance decreased com-
pared with the full XMT, indicating that a dedicated classification token directs
the model’s focus to creating a single representation of global, cross-modal in-
formation and is more efficient than pooling uniformly.

Ablation studies were also performed to assess the effect of varying the num-
ber of transformer layers and attention heads. In general, reducing the number
of heads or layers results in lower performance, as it reduces the model’s abil-
ity to capture complex temporal and cross-modal relationships, while excessive
increases in these parameters result in diminishing returns in performance and
could even hurt generalization by overfitting, as well as increasing computational
cost. Even relatively small ablation studies summarized in a table provide evi-
dence that the configuration of the XMT used to perform the main experiments
provides a practical tradeoff between accuracy and efficiency.

4.5 Case Studies and Qualitative Examples

Besides quantitative analyses, we also utilized qualitative case reviews from the
testing samples, as we found many similar examples from our test dataset across
sampled modalities as we examined our cases. Success has included evidence of
strong emotional expression across modalities (i.e., an example of happy speech
that exhibits facial movement along with voice) that can be classified with cer-
tainty (happy). An additional example of a sample classified consistently as
neutral across the frames is an example of neutral emotion that shows no facial
movement and has perceived prosody with little energy.

Challenging cases of failure give us information about the limitations of our
current ability to recognize human emotion. For example, in some of the fear
samples, the facial expression was low in intensity while the voice produced only
mild tension. The combination of both created a situation where our model mis-
classified the sample(s) as sad or neutral. Conversely, some samples of anger (e.g.,
angry speech) had very little facial expression but high levels of voice volume
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and tension, resulting in the model misclassifying them (e.g., as disgust or fear)
due to the occlusion or poor visibility of the video stream. Qualitative examples
we have seen provide further evidence of these conclusions and demonstrate that
we need more diverse, spontaneous data and better modeling of subtle emotional
cues to make better classifications. The value of aggregated temporal recognition
of emotion across longer durations of interactions and the incorporation of emo-
tion recognition with contextual information (i.e., task performance or dialogue
history) into practical applications has been demonstrated.

4.6 Real-Time Performance

While measuring the time taken by an emotion-based video, we will assess the
performance of the system in terms of how long it takes to perform end-to-end
inference between the time an audio/video stream has been sampled until the
emotion label has been produced. When using our target hardware platform (i.e.,
a modern machine equipped with either a laptop or a graphics processing unit),
the average inference time per video file was less than or equal to 1.50 seconds.
In other words, the computation time required to perform the emotion-based
classification of an audio/video file was less than or equal to 1.50 seconds. The
latency budget was dominated by the CNN portion of the computation, which
involves processing the RGB frames from capture until the CNN produces its
output (i.e., the predicted emotion label), along with the processing cost required
to generate MFCC features from the audio. The transformer model produces a
small but predictable fraction of the overall latency budget.

The outcomes validate that our XMT-based pipeline meets the requirement
of being responsive enough for interactive ‘emotional virtual learning assistants.’
Timely, appropriate responses to a user’s emotional state are important to
keep them engaged. By quickly recognizing emotions from different sources, the
pipeline can be used in situations where people and AI interact in real-time,
like in tutoring conversations, coaching sessions, or education platforms that
understand emotions.

5 Discussion

The results of the experiment strongly suggest that multimodal (XMT) models
outperform both audio-only and video-only baselines and provide strong ev-
idence of the importance of combining speech and facial expression into one
model to enhance emotion recognition capability. A primary source of this ad-
vantage is the use of cross-modal attention, which provides a means for the
transformer to align and combine information over time from both audio and
video streams; therefore, these modalities are not treated independently. For ex-
ample, in the presence of a significant rise in pitch, when allowing each token to
attend to all other tokens, the model will be able to connect that rise in pitch
and its associated facial expression with an emotion, resulting in a more identifi-
able joint representation than either type of cue could individually provide. The



20 Nanda Gopal Malladi, Vrisheeka Mulakala, and Deepa N*

transformer’s capability to model temporally also allows the model to capture
dynamic patterns of increasing anger or decreasing sadness over multiple frames,
which is critical to accurately recognizing emotional expression in time.

An additional advantage of the XMT’s superiority is that it can counter-
balance individual modality limitations under realistic conditions. For example,
in situations where there is a noisy, reverberant, or poorly recorded audio sig-
nal, visual facial expressions can provide the model with sufficient information.
Conversely, when there is an occlusion of the face, low lighting conditions, and
minimal changes in the face, prosodic and spectral features in the speech stream
will assist the model in determining the type of emotion being expressed. The
ability of the model to use cross-modal attention allows it to reduce the number
of unreliable tokens and then rely on that amount of information in a given con-
text, leading to more accurate performance even when there is noise or variability
present.

Although the proposed system has various positive qualities, there are some
limitations to be aware of. Creative Emotion Acts (CREMA-D) and the Ryerson
Audio-Visual Database of Emotional Speech (RAVDESS) have been developed
using actors (both professional and non-professional) who were acting in a con-
trolled environment (and, therefore, all emotive displays have been exaggerated
and clean). Therefore, any expressions recorded may be less authentic than the
spontaneous, subtle, and culturally conditioned emotions that one would typi-
cally encounter in a real-world virtual education environment; thus, they may
limit the ability to generalize the model accurately to truly natural behavior. Ad-
ditionally, the datasets contain very limited representation of accents, languages,
and demographic groups, and, therefore, the performance of the model may not
transfer well to individuals from underrepresented cultures or those whose re-
spective prosodic characteristics are significantly different from what has been
seen during training. Finally, the difficulty the model has with sadness and fear
suggests that the subtlety and complexity associated with expressing negative
emotions (and of identifying subtle differences through perceptual cues and vo-
cal/visual cues) need much more diverse and higher-quality data to support the
development of this type of model.

The results have implications for the application of emotion-aware virtual
learning assistants. The robustness of modality XMT to moderate levels of back-
ground noise, changes in light, and types of microphones makes it a powerful
candidate for deployment on typical students’ laptops or mobile computing de-
vices. The use of both modalities will help stabilize predictions and reduce the
chance that the affective state of a learner will be coded incorrectly due to a sin-
gle noisy channel in environments with home/classroom illumination that is not
studio quality and/or where there will be other environmental sounds affecting
the audio. Some limitations to the prediction have to do with the reliance on
frontal facial views and reasonable quality audio; therefore, in the severe occlu-
sion, very low light, and highly distorted speech scenarios, performance will be
degraded, and the design of the interface will provide users an incentive to keep
their faces visible and speak in their normal voice whenever possible.
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As demonstrated by the model’s error characteristics, there are possible
methods for utilizing it in virtual learning environments. Predictions regarding
neutral, happy, and disgusting affective states have a high degree of reliabil-
ity, enabling the assistant to act directly on these predictions to adaptively use
behaviors (such as using the current performance strategy if the learner is neu-
tral or developing an increased range of challenges if the learner appears to be
happy or engaged). Performance predictions for other affective states (e.g., fear
or sadness) are less reliable. Therefore, the assistant will need to combine af-
fective state predictions with contextual information (e.g., activity failures, long
response times, and explicit user feedback) before making decisions for those
affective states that require significant adjustment based on their predictions.
By combining external influences with imprecise affective state predictions, the
impact of incorrect predictions can be reduced. Overall, results presented in-
dicate that multimodal transformers form an effective foundation for practical
real-time affect-aware tutoring, but further training on additional spontaneous,
diverse, and in-the-wild data is needed to achieve effective and CIF (Culturally
Inclusive Framework) virtual learning assistants for all learners.

6 Application to Emotion-Aware Virtual Assistant

The Multimodal XMT Model acts as an emotion recognition tool for a virtual
learning assistant and can detect video-based facial expressions and audio-based
speech and use this information to provide accurate estimates of the learner’s
emotional state in real time. Then, based on the estimated emotional state,
the system applies different adaptation policies to adjust the assistant’s tone of
voice, the content of feedback, and the instructional strategy during interactions
with the learner. Rather than using emotion recognition passively as an out-
put, the system uses it as a dynamic control signal to develop how to provide
explanations, hints, and prompts.

As a neutral learner, the assistant will use a baseline, informative tone, and
will generally follow the planned instructional pathway with minimal deviation.
Explanations will be brief and task-oriented, and the pace of the instruction will
remain consistent with an assumption that the learner is in a steady state, ready
to learn (stable). If the learner has demonstrated happiness through successful
completion of a task or understanding of a concept, the assistant will provide
positive reinforcement and can increase the level of difficulty for the next task by
gently increasing the difficulty of the activity or providing enrichment activities
in order to continue to stimulate and engage the learner. The response style to
the learner will increase in enthusiasm and will give recognition for achievement,
as well as encourage the learner to continue building off their previous successes.

When someone is angry or disgusted (which can be a sign of their frustration
with the materials they are working with, their user interface, or how they are
being instructed), the assistant’s response is to use a calming and supportive
tone and to try to reduce how much cognitive load the learner experiences when
possible. To do this, the assistant will usually slow down their speech rate when
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providing explanations, use simpler language in their explanation, and provide
step-by-step instructions rather than expecting the learner to connect many
different areas of reasoning into one idea. The assistant may also ask specific
questions to the learner to give them control over how they will continue, e.g.,
”Would you like to see a simpler example?” or ”Would you like to review what we
did before?” By using these types of inquiries, learners can feel more in control
and experience less frustration. By only introducing new material to a learner
after they have resolved their misunderstanding of the previous material, the
assistant is trying to prevent the accumulation of unresolved confusion.

The assistant looks for low confidence, anxiety, and withdrawal from emotion
when it sees sadness or fear as well as difficulty achieving tasks. If it detects
any of these three feelings, it uses encouragement and reassurance by telling the
individual that although the learning materials are difficult, they are also normal,
so there is a reason for their struggle. Instructional strategies that the assistant
can employ to promote re-engagement include focal hints, breaking problems up
into manageable subtasks, and providing a demonstration that the student can
refer back to when they attempt other similar tasks alone. The assistant will also
ask simple questions such as, “Would you like to try an easier problem first?” or
“Can I review the main concept with you?” as a means of actively re-engaging
the student without creating additional stress.

To account for all feelings expressed by the Assistant, the Assistant aggre-
gates its predictions across continuous time segments to not make a sudden
change in behavior due to a transient expression. For example, one frame of
an individual being frustrated will not result in an immediate change to the
Assistant’s Strategy, but a series of negative affect patterns with repeated mis-
takes over time would result in the Assistant switching to remediation mode. By
applying temporal smoothing through use of the Sequential XMT model, the
Assistant will not overreact to brief facial or vocal expression artifacts and will
be able to identify consistent emotional trends.

The virtual assistant creates individualized, emotion-based learning experi-
ences by combining real-time, multi-modal emotion detection with adaptive di-
alogue and teaching strategies. When students are engaged and confident, they
are presented with increasingly difficult lessons and positive feedback; when they
are confused or frustrated, they are provided with additional assistance and with
encouraging responses that are specifically tailored to their current needs. This
continuous, closed-loop process—sensing emotion, interpreting emotion, and pro-
viding instruction based on interpretation—gives the virtual assistant the ability
to mimic a human tutor who would observe nonverbal indicators of a student’s
emotional state and provide altered support accordingly, increasing both engage-
ment and learning achievements in all human–AI interactions.

7 Conclusion

We proposed a XMT multimodal architecture for real-time, audio-visual emo-
tion recognition within a human-AI interaction environment. There is one unified
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transformer that jointly models facial expressions and speech signals from fused
video and audio tokens by using temporal dynamics and cross-modal dependen-
cies. The fused corpus, derived from the CREMA-D and RAVDESS—limited
to six basic emotions—was used to train the model. The overall accuracy of
the model was found to be 73% on balanced test sets of 240 total samples
with macro-averaging across three metrics: Precision, Recall, and F1, yielding
approximately 76%, 75%, and 75%, respectively. Our multimodal XMT consis-
tently outperformed the unimodal audio-only and video-only baselines at under
1.5 seconds of inference latency, making it a viable candidate for potential use
in interactive applications.

The emotion recognition component of this model is included in the design
of a conceptual virtual education assistant that will modify the tone, style of
feedback, and teaching strategy according to the emotions detected in learners.
By making effective use of the combination of multiple sensor modalities, this
assistant will also provide learners with supportive responses during periods of
frustration or anxiety, while also providing learners with more challenging and
motivational forms of interaction when the learners are engaged and confident.
This framework demonstrates how affective computing can be used to build
real-time emotion-sensitive systems through multimodal data and cross-modal
transformer networks. This type of personalized education system can increase
learner engagement and facilitate improved educational outcomes by enabling
virtual tutors to respond more in real-time to their students in a way that is
analogous to human teachers.

8 Future Work

There are many ways that the multimodal emotion-aware assistant can be made
stronger and more broadly applicable through future work. The first priority
would be to gather and include actual, spontaneous, emotional data that is col-
lected during real virtual learning sessions in the wild rather than only through
acting corpora. This data would include natural variations in expression inten-
sity, mixed or ambiguous emotions, and the impact of realistic environmental
conditions (background sound, inconsistencies in light levels, and casual camera
positioning) on how people express feelings. The ability to curate and annotate
this type of data would provide a better basis for the model to use when trying
to recognize subtle, context-dependent affective signals and increase the chance
that the model will perform well in everyday educational settings.

The second way is to increase the emotional and demographic coverage of the
system. Future work can aim to include additional emotions beyond the basic six
(e.g., boredom, confusion, curiosity, and flow) that will provide helpful informa-
tion about how to make instructional decisions. Additionally, collecting speaker
data from a diverse set of languages, accents, ages, and cultures will be impor-
tant to minimize bias and ensure that both vocal and facial cues are interpreted
equally and accurately across different populations. Strategies for modeling with
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an emphasis on cultural awareness or domain adaptation techniques may be
required to explicitly consider cross-cultural differences in emotional expression.

Ultimately, the efficiency of the models and the evaluation of real-world effec-
tiveness will be critical for the large-scale implementation of emotion recognition
technology. By creating smaller versions of the XMT (e.g., using model distil-
lation, pruning, or low-rank factorization methods), we will be able to perform
emotion recognition in real time on mobile and edge devices with less com-
puting and energy processing capacity than traditional desktop computers. In
addition to conducting rigorous user studies in actual classrooms and online
courses to evaluate not only how accurately we can recognize the emotions of
students through the emotion-aware assistant and how well these assistants en-
hance engagement, persistence, and learning results, we will obtain empirical
data regarding how adaptive affective feedback affects students over longer pe-
riods of time, allowing further refinement of both the recognition model and
instructional methods controlled by the recognition model.
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