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Abstract—Challenging behaviors in children with autism
is a serious clinical condition, oftentimes leading to ag-
gression or self-injurious actions. The Revised Family Ob-
servation Schedule 3 rd Edition (FOS-R-III) is an inten-
sive and fine-grained scale used to observe and analyze
the behaviors of individuals with autism, which facilitates
the diagnosis and monitoring of autism severity. Previous
AI-based approaches for automated behavior analysis in
autism often focused on predicting facial expressions and
body movements without generating a clinically meaningful
scale, mostly utilizing visual information. In this study, we
propose a deep-learning based algorithm with audio-visual
multimodal-data clinically coded with the FOS-R-III, named
AV-FOS model. Our proposed AV-FOS model leverages
transformer-based structure and self-supervised learning
to intelligently recognize Interaction Styles (IS) in the FOS-
R-III scale from subjects’ video recordings. This enables the
automatic generation of the FOS-R-III measures with clini-
cally acceptable accuracy. We explore the IS recognition us-
ing a multimodal large language model, GPT4V, with prompt
engineering provided with FOS-R-III measure definitions as
the baseline for this study and compare with other vision-
based deep learning algorithms. We believe this research
represents a significant advancement in autism research
and clinical accessibility. The proposed AV-FOS and our
FOS-R-III dataset will serve as a gateway toward the digital
health era for future AI models related to autism.
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I. INTRODUCTION

AUTISM Spectrum Disorder (ASD), or autism, is a life-long
neuro-developmental condition [1]. The increasing preva-

lence of ASD among children in the United States has become a
significant developmental issue. Over the past decades, the rate
has been steadily rising, with 1 in 36 children now diagnosed
with autism [2], [3], [4], [5]. Individuals with ASD, or autistic
individuals, experience difficulties in communication and social
interaction, exhibit restricted interests, and engage in repetitive
behaviors. These characteristics impact their daily activities and
social functioning across various settings such as school, work,
and other areas of life [6], [7]. One of the more clinically impor-
tant characteristics with autistic individuals is the challenging
behaviors (CBs), such as self-injurious behaviors, aggression
and disruptive behaviors [8]. These CBs not only hinder social
interaction but also frequently result in critical health impli-
cations for the individuals themselves or others. Despite their
clinical importance, tracking these behaviors in daily settings
remains a significant challenge. Currently, monitoring CBs pri-
marily relies on regular clinical evaluations conducted in office
settings, which imposes considerable burdens and restrictions
on families of autistic individuals. Moreover, this approach is
cost-prohibitive and unsuitable for long-term continuous obser-
vation. The sporadic nature of certain episodes may further lead
to discrepancies between diagnostic outcomes and actual behav-
ioral patterns. Therefore, developing automated tools capable
of analyzing the interactive behaviors between autistic children
and their caregivers is not only beneficial for the diagnosis
and treatment of children but also essential for reducing the
burden on caregivers. Additionally, such tools would facilitate
long-term monitoring, enabling more accurate diagnoses and a
better understanding of behavioral trends over time.

One of the clinical measures that has been established for
rigorous and fine-grained coding of children behaviors is the Re-
vised Family Observation Schedule 3 rd edition (FOS-R-III) [9],
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which is a direct observation tool designed to assess parent-
child interactions across various contexts. In autism research,
FOS-R-III is frequently utilized in both clinical and research
settings to identify and evaluate parent-child interactions, par-
ticularly in relation to CBs. This tool provides valuable insights
for developing interventions and support strategies for autistic
children by examining their social contexts and dynamics [10].
Currently, FOS-R-III data is manually encoded by trained ob-
servers through video interactions between autistic children and
their caregivers, a process that is both time-consuming and
labor-intensive. Developing an automated FOS-R-III encoding
algorithm suitable for clinical settings could significantly reduce
the workload for clinicians and researchers, ultimately benefit-
ing many autistic children and their families.

To design the automated tools to achieve this goal, we apply
a multimodal sensor-based approach with artificial intelligence
(AI). In recent years, multimodal perception algorithms have
found numerous applications in the field of human behav-
ior detection [11], [12]. Transformer-based multimodal mod-
els, in particular, have demonstrated strong capabilities across
various video understanding tasks [13], [14]. However, these
transformer-based models heavily rely on extensive enterprise-
level computational resources and large datasets for training,
while the clinical observational data of autistic children is typi-
cally not easily accessible due to privacy issues and the size of
the data is small.

To address these challenges, we first introduce a high-quality
FOS-R-III dataset, meticulously annotated by experts. This
dataset comprises nearly 25 hours of videos featuring autistic
children, with Interaction Styles (IS) from FOS-R-III annotated
every 10 seconds. This dataset is highly suitable for both su-
pervised and unsupervised learning in deep learning models,
facilitating future research on deep learning algorithms for autis-
tic children. Secondly, we propose a audio-visual transformer-
based model (AV-FOS) for recognizing interaction styles in
autistic children, which features relatively manageable compu-
tational requirements and real-time inference speed. The AV-
FOS model was trained and tested on our proposed FOS-R-III
dataset. As a baseline, we compared it with the enterprise-level
model (GPT-4V [15]) combined with prompt engineering. As
comparison models, we applied our dataset to two vision-based
behavior understanding AI models SlowFast Networks [16] and
vision transformer [17] and conducted an ablation study. Our
AV-FOS model exhibited superior performance and inference
speed compared to the baseline as well as comparison models.

II. RELATED WORK

A. FOS-R-III Clinical Application and Case Study

The FOS-R-III is a validated coding system designed to
capture negative behaviors and interaction styles in children
with ASD and their parents at 10-second intervals. It is widely
used for assessing challenging behaviors. Sander et al. [18]
employed FOS-R-III in a study evaluating behavioral changes
before and after a parenting program, finding a significant re-
duction in negative child behaviors in the intervention group.
Similarly, Pasalich et al. [19] used it to examine the impact of

callous–unemotional (CU) traits and ASD symptoms on child
conduct problems and parent-child interactions, demonstrating
its versatility in analyzing behavioral dynamics.

Despite its effectiveness, FOS-R-III coding has primarily
relied on manual processes, which are time-consuming and
labor-intensive. ASD behavior assessment services also face
challenges such as specialist shortages and limited access, im-
posing financial and time burdens on families [20]. Developing a
deep learning model for automated video analysis and real-time
assessment could mitigate these issues, enabling early detec-
tion of behavioral changes and timely interventions to support
affected families.

B. Multimodal Learning for Behavior Recognition

Multimodal behavior recognition is a highly active research
field. Previous studies have focused on various aspects, such
as emotion/behavior recognition using video and text informa-
tion [21], [22], [23], [24], [25], or action recognition using vari-
ous visual modalities like optical flow and skeleton tracking [26],
[27], [28], [29], [30]. However, the previous studies have limi-
tations on the modality of inputs, limiting the bandwidth of con-
textual understanding. Thus, our study focuses on recognizing
behaviors of autistic children and their caregivers using audio
and video modalities capable of providing fine-grained clinical
explainability. While similar studies using audio-visual modal-
ities exist [31], [32], they do not employ self-supervised learn-
ing strategies or provide fine-grained clinical information [31],
[32], [33].

Noteworthy are the two AI-based multimodal models capable
of audio+video understanding: Audio-Visual Masked Autoen-
coder (AV-MAE) [34] and Contrastive Audio-Visual Masked
Autoencoder (CAV-MAE) [35]. We adapt these state-of-the-art
transformer-based approaches and provide a customized archi-
tecture advancing from AV-MAE and CAV-MAE to self-learn
the clinical measures in FOS-R-III scale and provide explainable
AI module on audio-visual inputs. Our proposed AV-FOS model
adapts similar pre-training algorithms as the CAV-MAE but adds
new strategies to achieve supervised learning with fine-grained
self-built clinical dataset. Furthermore, given the limited capac-
ity of the CAV-MAE model to perceive visual temporal informa-
tion, we address this limitation through targeted optimizations.

C. Deep Learning-Based Autism Research

There has been extensive research utilizing deep learning
techniques in studies of autistic children. Some studies focus
on emotion recognition in autistic patients based on their facial
expressions [36], [37], while others utilize visual information
to recognize simple actions such as clapping and jumping [38],
[39], [40]. Additionally, some studies integrate multimodal data,
such as video, audio, electroencephalograms, and eye-tracking
information, to extract basic facial and emotional features us-
ing deep learning models. These extracted features are then
analyzed to facilitate the detection of ASD. [41], [42]. How-
ever, these studies have not employed large-scale multimodal
self-supervised pretraining strategies. At the same time, the
clinical application of recognizing only facial expressions and
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simple actions is limited. Implementing deep learning methods
to automatically recognize behaviors within a comprehensive
clinical schedule can play a highly beneficial role not only in
diagnosing autistic patients but also in preventing and treating
ASD.

D. Multimodal Prompt Engineering

The advent of large AI models, especially following the
release of ChatGPT, has introduced a powerful alternative to
traditional model training, demonstrating strong performance
across fields like medicine and law [43], [44]. GPT-4 V, Ope-
nAI’s most advanced publicly available multimodal model,
has shown substantial capabilities in visual understanding and
language-vision tasks through prompt engineering [44], [45],
[46]. Additionally, research highlights its potential in psychol-
ogy and autism-related behavior recognition [47], [48].

However, we did not fine-tune GPT-4 V as a benchmark
for three reasons: 1) its large parameter count incurs high
computational costs without added clinical value, 2) inference
GPT4V model is impractical for local hospital deployment due
to hardware constraints, and 3) OpenAI has not open-sourced
GPT-4 V’s weights, and available fine-tuning options on their
website do not include GPT4V.

Thus, we selected the GPT-4 V + Prompt Engineering ap-
proach as our baseline for the FOS-R-III IS Encoding task.

III. METHODOLOGY

A. Dataset

1) Dataset Description: This dataset was designed to mea-
sure fine-grained FOS-R-III scales for detecting challenging
behaviors in autistic children. Researchers recorded videos in
participants’ homes at the invitation of parents, providing real-
istic data to enhance clinical services such as ASD treatment,
severity diagnosis, and symptom management. This real-life
setting underscores the dataset’s high clinical value.

The dataset comprises 216 videos, each 5 to 15 minutes long,
from 83 participants. The videos were recorded at a frame rate
of 30 frames per second, and the corresponding audio was
captured at a sample rate of 16,000 Hz. Children with ASD
were diagnosed by licensed clinicians, while those without a
confirmed diagnosis met the ASD screening cutoff (≥ 15) on the
Social Communication Questionnaire (SCQ) [49]. Participants
had a mean age of 9.72 years (SD= 4.77), with a male-to-female
ratio of approximately 7:3.

Children performed daily tasks designed to assess cognitive,
motor, and social skills. Current data focus on children aged 1
to 12, though tasks can be adapted for adolescents and adults
in future studies. Problem behaviors ranged from mild to se-
vere, evaluated using the Problem Behavior Checklist [50]. This
checklist measures 14 common behaviors (e.g., self-injury, ag-
gression, repetitive movements, noncompliance, feeding issues,
hyperactivity) on a 5-point Likert scale [51], with total scores
ranging from 14 to 70. Higher scores indicate more frequent or
severe behaviors, and participants in this study had a mean score
of 33.00, reflecting moderate severity.

TABLE I
THE DESIGN OF INSTRUCTION LISTS

Handheld cameras were deliberately chosen to simulate un-
controlled environments, as this introduces a level of noise
that enhances the model’s robustness to real-world scenarios.
While advanced IP-based cameras could provide higher resolu-
tion and stability, relying on handheld cameras ensures broader
applicability by enabling future diagnostic systems to operate
effectively without requiring complex and costly recording se-
tups. Each video features one of three tasks: 1) playing with
specific toys, 2) following a series of instructions (four versions
available, as shown in Table I), or 3) free play.

2) Dataset Annotation: The videos in this dataset are anno-
tated every 10 seconds using the FOS-R-III structured interval-
based coding system to capture interaction styles (IS) between
children and their caregivers, which serve as labels for training
deep learning models. A total of 23 IS types are coded, en-
compassing both parental IS (e.g., Praise (P), Affection (AF))
and child IS (e.g., Non-compliance (NC), Opposition (O)).
Some IS types are marked with positive or negative symbols
to indicate emotional tone; for example, SA+ denotes positive
social attention, while SA- represents negative social attention.
A detailed overview of IS codes is provided in Table II, and Fig. 1
illustrates several examples of IS annotations corresponding to
video frames. If a behavior occurred during the interval, it was
recorded as “1”. Fig. 2 shows the coding sheet used during the
annotation process.

The coding process was conducted manually by trained re-
search assistants, who observed video recordings and docu-
mented whether a behavior occurred during each 10-second
interval. Five trained graduate students from the Department
of Psychology of Yonsei University served as human coders
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TABLE II
THE EXPLANATION OF EACH IS AND THE CORRESPONDING FREQUENCY IN

THE FOS-R-III DATASET

Fig. 1. A subset of the IS examples, accompanied by a single frame
from the corresponding videos, is displayed. All images have been
anonymized to safeguard the privacy and confidentiality of the partici-
pants.

under the supervision of a licensed clinical psychologist with
Board Certified Behavior Analyst (BCBA) credentials. Coders
underwent extensive training, including 20 hours of practice and
evaluation, to ensure annotation accuracy. They worked in pairs
to establish inter-observer reliability, and inter-rater reliability
was calculated on 30% of the dataset, yielding a 90% agreement
rate, exceeding the acceptable threshold of 80% [52].

This rigorous annotation process ensures reliable labels
for studying behavior patterns and training machine learning
models.

B. Data Preprocessing

For videos originally ranging in length from 5 minutes to 15
minutes, we initially performed a trimming process to establish
a dataset comprising clips of 10-second duration each, annotated
with corresponding Interaction Styles (10 s FOS-R-III Dataset).

Fig. 2. The coding sheet of the annotation.

Subsequently, we utilized the open-source Sound eXchange [53]
software and the OpenCV [54] library to extract audio and
video information from each 10-second video clip for further
processing.

For visual information processing, we adopt three approaches
to sample and preprocess 10 s video data, aiming to maximize
the preservation of both spatial and temporal information. In all
three approaches, the final output consists of 196 visual patches,
which are input into the model for attention computation, feature
extraction, and IS prediction:

v = [v1, v2, . . ., v196] (1)

Approach 1 - Middle Frame Spacial Attention: We select the
central frame of the video as the keyframe, resize it to 224×
224 pixels, and divide it into 196 square patches.

Approach 2 - Cross-Frame Attention: The video is divided into
four temporal segments, and one keyframe is selected from each.
These keyframes are resized to 112× 112 pixels and divided into
49 square patches each, collectively forming 196 patches.

Approach 3 - Averaged Key Frame Attention: We extract one
keyframe each from the first, middle, and final thirds of the
video, compute their pixel-level average image, resize it to 224×
224 pixels, and divide it into 196 square patches.

Fig. 3 provides a visual comparison of these three approaches.
The first approach prioritizes high-quality spatial information

but includes minimal temporal information. The latter two ap-
proaches preserve more temporal information by slightly com-
promising spatial resolution. After evaluation, our Averaged Key
Frame Attention demonstrated the best performance; thus, we
selected this model for further analysis. Detailed results and
discussion can be found in Section IV-F3: Ablation Study -
Visual Temporal Information Perception.

For audio processing, the raw waveforms were first normal-
ized by subtracting their mean value, centering the signals and
ensuring consistent amplitude across all samples. The audio
maintains its native sample rate (16000 HZ), preserving the
original quality of the recordings. And then, Mel-filter bank
(fbank) features were then extracted using a Hanning window
with a window size of 25 ms and a frame shift of 10 ms.
The extraction process generated 128-dimensional log Mel-filter
bank features for each frame, resulting in a time-frequency repre-
sentation of the audio data. To ensure uniform input dimensions
for the model, the extracted spectrograms were adjusted to a
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Fig. 3. Comparison of three spatial-temporal attention approaches.

fixed temporal length of 1024 frames through zero-padding for
shorter spectrograms or trimming for longer ones.

Finally, the spectrograms were divided into 512 square
patches of size 16× 16, following a consistent representation
format for input into the model. This pre-processing pipeline was
designed to preserve critical temporal and spectral information,
ensuring that the audio features were robust and aligned with
the model architecture:

a = [a1, a2, . . ., a512] (2)

C. Transformer-Based Encoder and Decoder

In both the pre-training and formal model structures, the
Transformer-based Encoder and Decoder are integral compo-
nents of our model. Therefore, this section introduces their
internal structural details to facilitate the subsequent discussions
on the pre-training and formal structures of the model in the
following sections.

1) Tokenization: Initially, in the Tokenization phase, we em-
bed not only positional information but also modality infor-
mation. Specifically, for patch embedding, we use learnable
linear projection (LP) layers to process the original square patch
pim ∈ a ∪ v, where each modality m ∈ {audio, video} and and
i denotes the patch number. In the positional embedding (PEi

m),
a fixed modality-specific 2-D sin-cos embedding strategy is
employed. Modality embedding is accomplished using trainable
parametersω. Ultimately, by performing element-wise addition,
we obtain the sequence of tokens input into the transformer
block. Each token t in this sequence has a length, or embedding
dimension, of 768. Consequently, the token tim can be mathe-
matically expressed as:

tim = LP(pim) + PEi
m + ωm (3)

Fig. 4. The data preprocessing and tokenization.

The whole process of data pre-processing and tokenization is
shown in Fig. 4

2) Transformer Blocks: In each transformer block of the
model, the architecture fundamentally adheres to the standard
Transformer structure [55]. A transformer block consists of a
stack that follows a specific pattern of a Multi-Head Attention
layer (MHA), residual connection layers, a Feed-Forward Neu-
ral Network / Multilayer Perceptron layer (MLP), and Layer
Normalization layers (LN). For each input token sequence x =
[t1, t2, . . . , tn] and the corresponding output token sequence y,
the mathematical expressions are as follows:

x′ = MHA(LN1(x)) + x

y = MLP(LN2(x
′)) + x′ (4)

Here, LN1 and LN2 represent the layer normalization steps
applied before the multi-head attention and feed-forward neural
network.

3) Encoder and Decoder: The encoder Em(•) and decoder
Dm(•) structures are similar to those in the MAE [56] but accept
different modality tokens. The encoder consists of a sequence
of transformer blocks applied only to visible, unmasked tokens.
Conversely, the decoder is also composed of a sequence of
transformer blocks; however, the input to the decoder comprises
the full set of tokens, including both masked and unmasked
tokens. Each masked token is a shared, learned vector that
indicates the presence of a missing patch to be predicted, and
both positional embeddings and modality embeddings are added
to the tokens. For the different modality encoder and decoder,
the structure is the same. We assume that this consistent structure
will enhance the performance of modality fusion perception for
the multimodal task.

D. Self-Supervised Model Pretraining

Our model used pretraining strategy, leveraging relatively
low-cost unlabeled data for prior knowledge acquisition, thereby
enabling the use of more data for training in future research,
which holds greater potential. We adhere to the original CAV-
MAE algorithm for our model initialization and pretraining, as
depicted in Fig. 5.

1) Loss Function: Generally, our approach aims to leverage
the inherent connections within 1) video information and its
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Fig. 5. The pretrained structure of the CAV-MAE. We followed the
orginal CAV-MAE paper [35], used reconstruction loss and contrastive
loss for the pretrained.

corresponding audio information, and 2) patches within the same
contextual data. Consequently, we employ both Contrastive
Loss and Reconstruction Loss as our loss functions. The
reduction in contrastive Loss indicates that visual and audio
information from the same context are brought closer in the
feature space, while data from different contexts are distanced.
On the other hand, reconstruction Loss is calculated by initially
masking most patches and then generating the masked data
using a limited set of features in the feature space along with
a Transformer decoder. The loss is then assessed based on the
difference between the generated data and the original data. A
decrease in Reconstruction Loss indicates that the model has
learned the latent connections between contextual data. The
computation and application of these two types of losses do not
rely on manual annotations, which substantially reduces labeling
costs and enhances the model ability to extract features from
input data. This is advantageous for our model performance on
the self-collected FOS-R-III dataset.

2) Model Structure: The input tokens from the two modali-
ties are initially subjected to a masking process, which obscures
75% of the tokens. Subsequently, these masked tokens are fed
into their respective modality-specific encoders, resulting in the
preliminary embedding outcomes, denoted as eiunmask_a and
eiunmask_vi.

eiunmask_a = Mask0.75(Ea(t
i
a))

eiunmask_v = Mask0.75(Ev(t
i
v)) (5)

After passing through the initial unimodality encoders, the
two modality embeddings, eiunmask_a and eiunmask_v are di-
rectly input into the Joint Encoder Ej(•) where a Mean Pool
operation is conducted to obtain cBi

a and cBi
v for computing the

contrastive loss. Here, Bi denotes the i-th video clip from the
current training batch B. Simultaneously, in order to calculate
the reconstruction loss, these two vectors are concatenated and
then fed into the Joint Encoder, resulting in the aggregated em-
beddings sequence eunmask_m which is prepared for subsequent
reconstruction operations.

cBi
a = MeanPool(Ej(e

Bi
unmask_a))

cBi
v = MeanPool(Ej(e

Bi
unmask_v)) (6)

eunmask_m = Ej([eunmask_a, eunmask_v]) (7)

The computation of the contrastive loss Lc is as follows:

Lc = − 1

N

N∑
i=1

log

(
exp

(
sBi,Bi/τ

)∑
k �=Bi

exp (sBi,Bk/τ) + exp (sBi,Bi/τ)

)

(8)

where sBi,Bj = ‖cBi
v ‖T ‖cBj

a ‖ and τ is the temperature.
For the reconstruction loss calculation, we pad eunmask_m at

the original masked position as em and elementwised add the
fixed sinusoidal positional and learnable modality embedding
(PEi

m and ωm). And then pass the decoder structure to get the
reconstruction of the original audio and video patch âi and v̂i.

âi = Dj(e
i
a + PEi

a + ωa)

v̂i = Dj(e
i
v + PEi

v + ωv) (9)

We then apply a mean square error reconstruction loss Lr:

Lr = − 1

N

N∑
i=1

[∑
((âimask)− norm(aimask))

2

|amask|

+

∑
((v̂imask)− norm(vimask))

2

|vmask|
]

(10)

Here, N denotes the mini-batch size, and |aimask| and |vimask|
denote the number of masked audio and visual patches, respec-
tively.

Finally, we sum the constractive loss Lc and reconstruction
loss Lr as the final loss L:

L = λcLc + Lr (11)

Here, λc ∈ [0, 1] represents the ratio of the contrastive loss.
3) Model Initialization and Pretrained Dataset: In this study,

we utilized the pretrained model weights from the CAV-MAE
paper, which were used to initialize our model, specifically
CAV-MAEscale+. These weights were obtained through pre-
training on the AudioSet dataset [57].

E. FOS-R-III Encoding Model Supervised Learning

To facilitate the model ability to learn more prior knowledge
conveniently, during the pretraining phase, we incorporated
numerous redundant structures such as decoders and patch
masking. However, before proceeding with supervised training
on the self-collected FOS-R-III dataset, it is necessary to modify
the model structure. This involves removing redundant compo-
nents while retaining the neural network layers that store the
most prior knowledge. Additionally, we introduce appropriate
classification layers and employ different loss functions to train
the model, optimizing it for the multi-label classification task of
FOS-R-III Interaction Styles (IS). This newly constructed and
trained network is named the Audio-Visual FOS-R-III Encoding
Neural Network (AV-FOS), as illustrated in Fig. 6, which is
specifically designed for recognizing FOS-R-III IS in the med-
ical domain.
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Fig. 6. The proposed FOS-R-III decision neural network: AV-FOS.

The preprocessing and tokenization of input data for AV-
FOS remain consistent with previous discussions, except for
the elimination of the masking step. The input audio patches
a = [a1, a2, . . ., a512] and video patches v = [v1, v2, . . ., v196]
undergo tokenization and element-wise addition of positional
and modality embeddings, resulting in ta = [t1a, t

2
a, . . ., t

512
a ]

and tv = [t1v, t
2
v, . . ., t

196
v ], respectively. These tokens are then

input into their respective modality-specific encoders, which
have been pretrained, followed by concatenation and input into a
previously pretrained Joint Encoder to obtain the feature vector
em = [e1a, e

2
a, . . ., e

512
a , e1v, e

2
v, . . ., e

196
v ]:

em = E∗
j [E

∗
a(ta), E

∗
v(tv)] (12)

Here, the asterisk (∗) indicates that the module has undergone
pretraining.

Instead of using the traditional class embedding approach
for classification [17], we employed a token-level mean pool-
ing strategy: for each embedding dimension (out of 768), we
compute the average across all tokens to generate an average
token. This average token—a vector of length 768—serves as
a mapping of all real-world information in the feature space,
which is highly suitable for FOS-R-III classification. This vector
is then input into MLP of the decision layer, denoted ISMLP(•),
to produce a feature vector vIS of length equal to the number of
labels (FOS-R-III IS), which is 13:

vIS = ISMLP(Mean(em)) (13)

Subsequently, if performing inference, this vector is processed
through a Sigmoid function, compared with a manually defined
threshold θ, and if it exceeds this threshold, the IS is determined
to be present in the input 10-second video:

ISdetected = {i | Sigmoid(viIS) > θ} (14)

During the training process, the output of the model, vIS is
first processed through a Sigmoid function, and then the Binary
Cross-Entropy (BCE) Loss LBCE is computed with respect to
the ground truth one-hot encoded vector vGT. This loss is then
used to guide the training of the model:

pIS = Sigmoid(vIS)

LBCE = −
N∑
i=1

(viGT · log piIS + (1− viGT) · log (1− piIS))

(15)

The currently trained AV-FOS model exhibit 164.512 million
parameters.

F. GPT4V Prompt Engineering With FOS-R-III
Definitions

We have employed OpenAI state-of-the-art multimodal foun-
dation model, GPT-4 V, [15] combined with prompt engineering
as the baseline for our FOS-R-III IS Encoding task.

1) Prompt Engineering: We designed two versions of
prompts (Prompts V1 & V2), each consisting of two com-
ponents: a textual prompt and a visual information prompt.
The first version of the visual information prompt (Prompt
V1) includes the starting, middle, and ending frames from the
original 10-second video. The textual prompt guides the model
to utilize this three-frame information to facilitate the GPT-4 V in
recognizing FOS-R-III IS. The design of the textual component
of the first version of the prompt is as follows:

A video is given by providing three frames in chronologi-
cal order. Please choose one or more appropriate interaction
styles or behaviors in the video. Please only reply with the
numbers of the interaction styles or behaviors, separated by
commas. The candidates of the interaction styles or behaviors
are as follows: 1. Appropriate verbal interactions 2. Parent
affection 3. Positive contact 4. Complaint 5. Engaged activ-
ity of play 6. Multiple instruction 7. Non-compliance 8. Op-
positional 9. Praise 10. Positive question 11. Positive social
attention 12. Positive specific instruction 13. Positive vague
instruction

The second version of the prompt (Prompt V2) incorporates
a brief explanation of each interaction style within the textual
part, while the video component utilizes a method of randomly
selecting three key frames. These key frames are extracted
randomly from the first third, middle third, and final third of
the original 10-second video. The design of the textual prompt
for the second version is as follows:

A video is given by providing three frames in chronological
order. Please choose one or more appropriate interaction styles
or behaviors in the video. Please only reply with the numbers
of the interaction styles or behaviors, separated by commas.
The candidates of the interaction styles or behaviors are as
follows: 1. Appropriate verbal interactions: Appropriate verbal
interactions are scored when a child engages in non-aversive,
intelligible speech directed at others or self. 2. Parent affection:
Parent affection is verbal or non-verbal affection, including
words, physical contact, and leveling actions towards the child.
3. Positive contact: Positive contact is friendly, affectionate,
or neutral physical interaction initiated or maintained by the
parent. 4. Complaint: A complaint is any instance of whining,
crying, or other vocal protests displaying temper or discontent.
5. Engaged activity of play: Engaged activity of play is scored
when a child quietly plays, observes, or eats without deviance
for a full interval. 6. Multiple instruction: Multiple instruction is
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scored when a parent gives more than one command or request in
a single utterance. 7. Non-compliance: Non-compliance occurs
when a child fails to follow a given instruction within five
seconds or immediately contradicts it verbally. 8. Oppositional:
Oppositional behavior is socially inappropriate or unacceptable
child behavior not following specific family rules. 9. Praise: This
category scores praise for specific behaviors or characteristics
of the child, positively and non-aversively. 10. Positive question:
A positive question is a non-aversive, information-seeking utter-
ance from the parent to the child. 11. Positive social attention:
Positive social attention is non-aversive verbal or non-verbal
engagement by the parent that doesn’t fit other categories. 12.
Positive specific instruction: A Positive specific instruction is a
direct, clear command with a defined behavioral expectation,
delivered non-aversively. 13. Positive vague instruction: A Pos-
itive vague instruction is an indirect, non-aversive command
without a clear behavioral referent.

G. Ethical Considerations and Data Privacy

This study was conducted with strict adherence to ethical and
privacy protection guidelines. Data collection and labeling were
approved by the Institutional Review Board (IRB) of Yonsei
University, Korea, and research conducted in the United States
followed the GW IRB #111540. Informed consent was obtained
from all participants through an explanatory document approved
by the IRB, ensuring they were fully aware of the study’s objec-
tives, data usage, and privacy safeguards. Participants provided
written consent for video recordings, which were anonymized
with unique numeric identifiers to prevent identification. No
personally identifiable information (e.g., names, ages, or na-
tionalities) was included in the dataset, and access to the data
was strictly limited to IRB-approved researchers. All video
data were securely stored in an encrypted, password-protected
database and will be permanently deleted upon study completion
in compliance with IRB regulations.Additionally, for privacy
considerations when using GPT-4 V via the OpenAI API, we
consulted OpenAI’s official privacy policies [58]. The API en-
sures that accessed data is deleted within 30 days and is not used
for training future AI models. Furthermore, the uploaded data
contained no personally identifiable details and did not indicate
that the images originated from autistic children. These measures
ensured compliance with human subject protection guidelines
outlined in the IRB protocol.Researchers interested in using our
dataset for academic purposes may contact us directly via email.

IV. RESULTS AND EVALUATIONS

A. Experimental Setup

1) Experiment Device: All experiments in this paper, in-
cluding the training and inference of all deep learning models,
were conducted on a server with four NVIDIA A5000 GPUs
(Lambda-quad 2). Compared to enterprise-grade servers, this
server is not only cost-effective but also moderately sized, akin
to a typical household computer, making it highly suitable for
deployment in hospital settings.

2) Training Details: During the pre-training and formal train-
ing stages, the Encoder part of this model consists of a total of 12

TABLE III
THE KEY HYPERPARAMETERS FOR AV-FOS MODEL TRAINING STAGE

transformer blocks. The single-modality Encoder layer contains
11 transformer blocks, while the joint Encoder comprises only
one transformer block. The model Decoder part includes eight
transformer blocks. The Transformer blocks in the Encoder
have 12 attention heads and an embedding dimension of 768.
In contrast, the Transformer blocks in the Decoder have 16
attention heads and an embedding dimension of 512.

For calculating the contrastive Loss, the temperature τ is
set to 0.05, while for computing the CAV-MAE Loss, λc is
set to 0.01 and the IS decision threshold θ is set to 0.4. The
remaining key hyperparameters for both the pre-training and
formal training stages on the FOS-R-III dataset are shown in the
Table III.

B. Dataset Segmentation

We processed the original dataset into 8,108 ten-second video
clips with IS annotations. Table II shows the frequency of each
annotation. IS categories with fewer than 100 instances were
discarded due to insufficient data for deep learning training.
While this reduces the completeness of the Functional Observa-
tion Scale (FOS) and impacts immediate clinical applicability,
many excluded categories, such as Int_parent, have limited clin-
ical significance. Data collection remains ongoing, and future
expansions will allow model retraining to address this limitation.
After removing unannotated data, we obtained 8,040 ten-second
clips with 13 IS annotation types for training and validation. To
enhance clinical relevance and assess generalization to unseen
subjects, we employed a subject-based partitioning strategy.
Data from 11 subjects formed the validation set (1,867 clips),
while the remaining data constituted the training set (6,173
clips). Due to subject-specific behavioral differences, IS distri-
butions vary significantly between training and validation sets,
presenting a challenge for the model. Table IV summarizes the
IS label distribution in both sets.

C. Metrics for Evaluating Model Performance

In this study, since it is a multi-label task, we evaluated the
model using several metrics, including Accuracy, F1 Score,
Strict Accuracy, AUC (Area Under the ROC Curve), and mAP.
The formulas for these metrics are as follows:

Accuracy =
1

N

N∑
i=1

|Yi ∩ Ŷi|
|Yi ∪ Ŷi|

(16)
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TABLE IV
LABEL DISTRIBUTION IN TRAINING AND VALIDATION SETS

F1 Score =
2 · Precision · Recall
Precision + Recall

(17)

where:

Precision =

∑N
i=1 |Yi ∩ Ŷi|∑N

i=1 |Ŷi|

Recall =

∑N
i=1 |Yi ∩ Ŷi|∑N

i=1 |Yi|
(18)

Strict Accuracy =
1

N

N∑
i=1

I(Yi = Ŷi) (19)

where I is the indicator function that returns 1 if the argument
is true and 0 otherwise.

AUC =
1

|Y|
∑
k∈Y

AUCk (20)

where AUCk is the AUC for the k-th label.

mAP =
1

|Y|
∑
k∈Y

APk (21)

where APk is the Average Precision for the k-th label.
These evaluation metrics reflect not only the absolute perfor-
mance of the model but also its ability to handle imbalanced
datasets.

D. GPT-4 V Result Post-Processing

GPT-4 V generates three types of outputs: ideal outputs, prob-
lematic outputs, and unsolvable outputs. Ideal outputs follow the
structure specified in the prompt, returning several numerical
indices separated by commas. These outputs can be processed
with a simple string-splitting algorithm. Problematic outputs
return predicted IS but not in the format specified in the prompt,
including both numerical indices and IS names. For these cases,
we use code to extract the numerical indices. Unsolvable outputs
occur when GPT-4 V returns a descriptive statement indicating
its inability to process the data. In such cases, the data is manually
classified as having no IS present. Table V presents examples of
the three different types of outputs.

TABLE V
THE THREE TYPES OF OUTPUTS FOR THE GPT-4 V MODEL

Fig. 7. The performance and time cost comparison.

E. Model Performance

In our experiments, we used GPT-4 V with prompt engi-
neering as the baseline, and also tested two classic models for
comparison: the advanced video understanding model SlowFast
Networks [16] based on the CNN structure, and the classical
visual understanding model vision Transformer (ViT) [17] based
on the Transformer structure. Both models were pretrained using
supervised learning on large-scale public datasets as mentioned
in their original papers. For SlowFast Networks, we selected the
R50 architecture, pretrained on the Kinetics-400 dataset [59] and
fine-tuned on our FOS-R-III dataset. For ViT, we selected the
ViT-base architecture with a patch size of 16x16 for input tokens,
pretrained on the ImageNet-21k [60] and ImageNet 2012 [61]
datasets, and fine-tuned on our FOS-R-III dataset.

1) General Performance: Table VI and Fig. 7 present a com-
parison of various performance metrics across different models.
The results show that our model significantly outperformed the
baseline GPT-4 V model not only in terms of accuracy and
the ability to handle imbalanced datasets but also in inference
speed. Additionally, our model performance exceeded that of
the comparison models, SlowFast Networks and ViT. When
tested on subjects that the model had never encountered before,
our model still achieved an accuracy of over 85%, demon-
strating robust performance. This surpasses the 80% inter-rater
reliability standard, though it falls slightly short of the 90%
agreement level achieved by human annotators in this study.
However, our model has the potential to be further optimized
through the continuous collection of new data. Additionally,
when faced with an extremely imbalanced dataset, our AUC,
mAP, and F1 scores reached 0.88, 0.67, and 0.59, respectively,
indicating that the model demonstrates a significant advantage
in handling imbalanced datasets. In terms of inference time, the
baseline GPT-4 V model lags significantly behind our model.
For a 10-second video, our model requires only an average
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TABLE VI
THE GLOBAL PERFORMANCE COMPARISON OF DIFFERENT MODELS

TABLE VII
DETAILED COMPARISON OF MODEL PERFORMANCE ACROSS CLASSES

TABLE VIII
WILCOXON SIGNED-RANK TEST RESULTS BETWEEN AV-FOS AND

COMPETING MODELS

of 0.0018 seconds to complete inference, achieving real-time
inference speed. These metrics indicate that our model has high
clinical value and can assist doctors and healthcare providers in
the diagnosis and risk behavior assessment for autistic children.

2) Class-Wise Evaluation and Error Analysis: The class-
wise metrics (Table VII) and confusion matrix (Fig. 8) highlight
our model’s superior recognition of interaction styles (IS) com-
pared to the GPT-4V+Prompt baseline. Unlike traditional video
models like ViT and SlowFast, our model processes both visual
and audio inputs, providing a distinct advantage in recognizing
IS requiring audio comprehension, such as VI+ and SI+.

Interestingly, visual-only models exhibit some recognition
ability for audio-reliant IS due to visual cues like lip movements
and head turns. However, our model consistently outperforms
them, even in visually dominant IS like Engaged Activity of Play
(EA). Wilcoxon signed-rank test results (Table VIII) confirm
the statistical significance of our model’s superiority across all
metrics (Accuracy, AUC, AP), with p-values below 0.05.

Despite its strong performance, our model faces challenges
in recognizing minority-class IS, such as Complaint (CP), Par-
ent Affection (Aff_parent), and Non-compliance (NC), due to
severe class imbalance. Majority classes like EA (26.86%) and
S+ (15.92%) vastly outnumber CP (0.51%) and NC (0.55%),
leading to conservative predictions. While this issue affects all

models, ours still surpasses SlowFast and ViT in minority-class
performance.

To mitigate this, we plan to expand the dataset to improve
minority-class recognition. Overall, our model demonstrates
robust performance and resilience to data imbalance, outper-
forming mainstream models and the baseline, with ongoing
efforts to enhance its capabilities.

F. Ablation Study

1) Uni-Modal Recognition Performance: To evaluate the ef-
fectiveness of the multimodal structure of the AV-FOS model,
we decided to conduct ablation experiments by retraining and
inferring the model with a single modality. For the single-
visual-modality model (V-FOS), we removed the audio input
and related processing modules, retaining only the visual tokens
for the Joint Encoder. Similarly, for the single-audio-modality
model (A-FOS), we removed the visual input while keeping
the audio tokens. Both models retained the Joint IS Decision
Making Layers and other components, and all pretrained mod-
ules underwent the same pretraining as in the AV-FOS model.
Training parameters and datasets remained consistent for a fair
comparison.

As shown in Table IX, A-FOS outperformed V-FOS, reflect-
ing our task’s reliance on audio cues, particularly in categories
like VI+ (Positive Vague Instruction) and SI+ (Positive Specific
Instruction). Even for visually relevant instances like EA (En-
gaged Activity of Play), audio signals played a role. However,
incorporating visual information further improved performance,
with the AV-FOS model achieving the highest accuracy. Both
single-modality models performed worse than AV-FOS, with
a notable F1 score drop, indicating weaker handling of data
imbalance. This highlights the superiority of multimodal per-
ception, which enhances robustness and accuracy. In studying
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TABLE IX
THE ABLATION STUDY RESULT

Fig. 8. The confusion matrix for different algorithms.

autistic children’s behavior, integrating speech, environmental
interactions, and facial expressions is crucial, making multi-
modal models more effective in clinical settings.

2) Without CAV-MAE Pretraining Performance: To assess the
impact of CAV-MAE pretraining on the AV-FOS model, we con-
ducted an ablation experiment where all model parameters were
randomly initialized, while training methods, hyperparameters,
and dataset partitioning remained identical to the original pre-
trained AV-FOS model. The results, shown in Table IX, indicate
that even without pretraining, the AV-FOS model outperformed
the GPT-4V+Prompt baseline, achieving over 83% accuracy,
demonstrating the strong performance of its multimodal struc-
ture. However, the pretrained AV-FOS model still performed
better. While accuracy decreased by only 2%, the F1 score and
mAP dropped by 6% and 12%, respectively, highlighting the

Fig. 9. The attention map for the joint perception layer.

importance of pretraining in handling data imbalance. These
findings suggest that pretraining significantly enhances robust-
ness and accuracy, making the model more effective for clinical
applications.

3) Visual Temporal Information Perception Module: To en-
hance the model’s ability to perceive visual temporal informa-
tion, we proposed Cross-Frame Attention and Averaged Key
Frame Attention strategies. Experimental results show that Av-
eraged Key Frame Attention outperforms both Middle Frame
Spatial Attention and Cross-Frame Attention. This aligns with
expectations, as the CAV-MAE pretraining framework extracts
single frames rather than multiple frames, limiting Cross-Frame
Attention’s ability to leverage pretraining knowledge. As a
result, its performance is even lower than Middle Frame Spa-
tial Attention. In contrast, Averaged Key Frame Attention re-
tains frame dimensions while averaging pixel values across
frames, effectively preserving pretraining knowledge and some
spatiotemporal information, leading to superior performance.
Compared to Frame Aggregation, a method from CAV-MAE
that infers three times using different frames and averages the
results, Averaged Key Frame Attention achieves better perfor-
mance in most metrics while requiring only one inference step,
reducing inference time to one-third of Frame Aggregation. This
efficiency is crucial for real-world deployment, particularly in
clinical settings where computational resources may be limited.
Thus, Averaged Key Frame Attention balances computational
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feasibility and performance, making it the optimal choice for
our model.

G. Inference Visualization

Fig. 9 illustrates the attention distribution within the fusion
perception layer. The visualization reveals four distinct attention
regions corresponding to: 1) visual-to-visual, 2) visual-to-audio,
3) audio-to-visual, and 4) audio-to-audio. These patterns indi-
cate the model’s ability to distinguish attention focus based on
semantic relationships across modalities. Notably, strong cross-
modal attention reflects effective integration and inter-modal
modeling, while significant intra-modal attention underscores
the model’s robustness in capturing modality-specific features.
Overall, these characteristics demonstrate the model’s strong
capacity for multimodal perception and fusion tasks.

V. CONCLUSION

To address the challenges in recognizing the complex behav-
iors and interactions of autistic children, thereby aiding in their
diagnosis, symptom assessment/mitigation, and treatment, this
study has: 1. Proposed a dataset based on the FOS behavior
scale specifically for children with autism. This dataset was con-
structed from clinically collected data annotated by profession-
als with medical expertise. 2. Introduced a transformer-based
deep learning model, AV-FOS, capable of automatically gen-
erating FOS-R-III scales from videos, which holds significant
clinical value. This model can utilize self-supervised learning
methods to pretrain on large-scale unlabelled video datasets un-
related to autism and make final FOS IS judgments based on both
audio and video modalities, demonstrating high accuracy and
robustness against imbalanced data. 3. Explored the application
of large AI models and prompt engineering in the field of autism
behavior recognition.

REFERENCES

[1] M. M. Hughes et al., “The prevalence and characteristics of children
with profound autism, 15 sites, United States, 2000-2016,” Public Health
Reports, vol. 138, no. 6, pp. 971–980, 2023. [Online]. Available: https:
//doi.org/10.1177/00333549231163551

[2] E. Harris, “Autism Prevalence Has Been on the Rise in the US for
Decades—And That’s Progress,” JAMA, vol. 329, no. 20, pp. 1724–1726,
2023. [Online]. Available: https://doi.org/10.1001/jama.2023.6078

[3] J. V. Smith, M. Menezes, S. Brunt, J. Pappagianopoulos, E. Sadikova,
and M. O. Mazurek, “Understanding autism diagnosis in primary care:
Rates of diagnosis from 2004 to 2019 and child age at diagnosis,” Autism,
vol. 28, no. 10, 2637–2646, 2024. [Online]. Available: https://doi.org/10.
1177/13623613241236112

[4] National Autism Association, “Autism fact sheet,” 2024. [Online]. Avail-
able: https://nationalautismassociation.org/resources/autism-fact-sheet/

[5] M. J. Maenner, and et al., “Prevalence and characteristics of autism spec-
trum disorder among children aged 8 years — autism and developmental
disabilities monitoring network, 11 sites, United States, 2020,” MMWR
Surveill Summ, vol. 72, no. SS-2, pp. 1–14, 2023.

[6] American Psychiatric Association, Diagnostic and Statistical Manual of
Mental Disorders: DSM-IV, vol. 4, Washington, DC, USA: American
Psychiatric Association, 1994.

[7] National Institute of Mental Health, “Autism spectrum disor-
der,” 2024. [Online]. Available: https://www.nimh.nih.gov/health/topics/
autism-spectrum-disorders-asd

[8] S. D. Mayes and S. L. Calboun, “Symptoms of autism in young children
and correspondence with the DSM,” Infants Young Child., vol. 12, no. 2,
pp. 11–23, 1999.

[9] M. Sanders, L. Waugh, L. Tully, and K. Hynes, “The revised family
observation schedule: Fos-r-iii,” Unpublished Manual, 1996.

[10] M. Lee and K. Chung, “Development of parent child interaction-direct ob-
servation checklist (PCI-D) for children with developmental disabilities,”
J. Rehabil. Psychol., vol. 23, no. 2, pp. 367–395, 2016.

[11] L. N. Nguyen et al., “Non-contact multimodal indoor human monitor-
ing systems: A survey,” Inf. Fusion, vol. 110, 2024, Art. no. 102457.
[Online]. Available: https://www.sciencedirect.com/science/article/pii/
S1566253524002355

[12] C. A. Casado, M. L. Canellas, and M. B. Lopez, “Depres-
sion recognition using remote photoplethysmography from facial
videos,” IEEE Trans. Affect. Comput., vol. 14, no. 4, pp. 3305–3316,
Oct.–Dec. 2023.

[13] G. Bertasius, H. Wang, and L. Torresani, “Is space-time attention all you
need for video understanding,” in Proc. Int. Conf. Mach. Learn., 2021,
vol. 2, no. 3, pp. 813–824.

[14] R. Karim and R. P. Wildes, “Understanding video transform-
ers for segmentation: A survey of application and interpretability,”
2023, arXiv:2310.12296.

[15] OpenAI, “GPT-4V system card,” 2023. [Online]. Available: https://openai.
com/index/gpt-4v-system-card/

[16] C. Feichtenhofer, H. Fan, J. Malik, and K. He, “Slowfast networks for
video recognition,” in Proc. IEEE/CVF Int. Conf. Comput. Vis., Oct. 2019,
pp. 6201–6210.

[17] A. Dosovitskiy et al., “An image is worth 16x16 words: Transformers for
image recognition at scale,” in Proc. 9th Int. Conf. Learn. Representations,
2020.

[18] M. R. Sanders, C. Markie-Dadds, L. A. Tully, and W. Bor, “The triple
p-positive parenting program: A comparison of enhanced, standard, and
self-directed behavioral family intervention for parents of children with
early onset conduct problems,” J. Consulting Clin. Psychol., vol. 68, no. 4,
2000, Art. no. 624.

[19] D. S. Pasalich, M. R. Dadds, and D. J. Hawes, “Cognitive and affective em-
pathy in children with conduct problems: Additive and interactive effects
of callous-unemotional traits and autism spectrum disorders symptoms,”
Psychiatry Res., vol. 219, no. 3, pp. 625–630, 2014. [Online]. Available:
https://doi.org/10.1016/j.psychres.2014.06.025

[20] T. A. Lavelle, M. C. Weinstein, J. P. Newhouse, K. Munir, K. A. Kuhlthau,
and L. A. Prosser, “Economic burden of childhood autism spectrum
disorders,” Pediatrics, vol. 133, no. 3, pp. e520–e529, 2014.

[21] J. Li, R. Selvaraju, A. Gotmare, S. Joty, C. Xiong, and S. C. H. Hoi,
“Align before fuse: Vision and language representation learning with
momentum distillation,” in Proc. Adv. Neural Inf. Process. Syst., 2021,
vol. 34, pp. 9694–9705.

[22] W. Kim, B. Son, and I. Kim, “Vilt: Vision-and-language transformer
without convolution or region supervision,” in Proc. Int. Conf. Mach.
Learn., PMLR, 2021, pp. 5583–5594.

[23] H. Bao et al., “Vlmo: Unified vision-language pre-training with
mixture-of-modality-experts,” in Proc. Adv. Neural Inf. Process.
Syst., Curran Associates, Inc., 2022, vol. 35, pp. 32897–32912. [On-
line]. Available: https://proceedings.neurips.cc/paper_files/paper/2022/
file/d46662aa53e78a62afd980a29e0c37ed-Paper-Conference.pdf

[24] R. Qian, Y. Li, Z. Xu, M.-H. Yang, S. Belongie, and Y. Cui, “Multimodal
open-vocabulary video classification via pre-trained vision and language
models,” 2022,&arXiv:2207.07646.

[25] A. Radford et al., “Learning transferable visual models from natural
language supervision,” in Proc. Int. Conf. Mach. Learn., PMLR, 2021,
pp. 8748–8763.

[26] K. Simonyan and A. Zisserman, “Two-stream convolutional networks for
action recognition in videos,” in Proc. Adv. Neural Inf. Process. Syst., 2014,
vol. 27, pp. 568–576.

[27] W. Hao et al., “TSML: A new pig behavior recognition method based
on two-stream mutual learning network,” Sensors, vol. 23, no. 11, 2023,
Art. no. 5092. [Online]. Available: https://www.mdpi.com/1424-8220/23/
11/5092

[28] A. Tran and L.-F. Cheong, “Two-stream flow-guided convolutional atten-
tion networks for action recognition,” in Proc. IEEE Int. Conf. Comput.
Vis. Workshops, 2017, pp. 3110–3119.

[29] Q. Hu and H. Liu, “Multi-modal enhancement transformer network for
skeleton-based human interaction recognition,” Biomimetics, vol. 9, no. 3,
2024, Art. no. 123.

[30] X. Zhu, Y. Zhu, H. Wang, H. Wen, Y. Yan, and P. Liu, “Skeleton sequence
and RGB frame based multi-modality feature fusion network for action
recognition,” ACM Trans. Multimedia Comput., Commun., Appl. (TOMM),
vol. 18, no. 3, pp. 1–24, 2022.

https://doi.org/10.1177/00333549231163551
https://doi.org/10.1177/00333549231163551
https://doi.org/10.1001/jama.2023.6078
https://doi.org/10.1177/13623613241236112
https://doi.org/10.1177/13623613241236112
https://nationalautismassociation.org/resources/autism-fact-sheet/
https://www.nimh.nih.gov/health/topics/autism-spectrum-disorders-asd
https://www.nimh.nih.gov/health/topics/autism-spectrum-disorders-asd
https://www.sciencedirect.com/science/article/pii/S1566253524002355
https://www.sciencedirect.com/science/article/pii/S1566253524002355
https://openai.com/index/gpt-4v-system-card/
https://openai.com/index/gpt-4v-system-card/
https://doi.org/10.1016/j.psychres.2014.06.025
https://proceedings.neurips.cc/paper_files/paper/2022/file/d46662aa53e78a62afd980a29e0c37ed-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/d46662aa53e78a62afd980a29e0c37ed-Paper-Conference.pdf
https://www.mdpi.com/1424-8220/23/11/5092
https://www.mdpi.com/1424-8220/23/11/5092


6250 IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 29, NO. 9, SEPTEMBER 2025

[31] B. Xie, M. Sidulova, and C. H. Park, “Robust multimodal emotion
recognition from conversation with transformer-based crossmodality fu-
sion,” Sensors, vol. 21, no. 14, 2021, Art. no. 4913. [Online]. Available:
https://www.mdpi.com/1424-8220/21/14/4913

[32] H. Tian, Y. Tao, S. Pouyanfar, S.-C. Chen, and M.-L. Shyu, “Multimodal
deep representation learning for video classification,” World Wide Web,
vol. 22, no. 3, pp. 1325–1341, 2019. [Online]. Available: https://doi.org/
10.1007/s11280-018-0548-3

[33] A. Nagrani, S. Yang, A. Arnab, A. Jansen, C. Schmid, and C. Sun,
“Attention bottlenecks for multimodal fusion,” in Proc. Adv. neural Inf.
Process. Syst., 2021, vol. 34, pp. 14200–14213.

[34] M.-I. Georgescu, E. Fonseca, R. T. Ionescu, M. Lucic, C. Schmid, and
A. Arnab, “Audiovisual masked autoencoders,” in Proc. IEEE/CVF Int.
Conf. Comput. Vis., 2023, pp. 16144–16154.

[35] Y. Gong et al., “Contrastive audio-visual masked autoencoder,” in Proc.
2023 Int. Conf. Learn. Representations, 2023.

[36] S. Weigelt, K. Koldewyn, and N. Kanwisher, “Face identity recog-
nition in autism spectrum disorders: A review of behavioral stud-
ies,” Neurosci. Biobehavioral Rev., vol. 36, no. 3, pp. 1060–1084,
2012. [Online]. Available: https://www.sciencedirect.com/science/article/
pii/S0149763411002156

[37] J. W. Griffin et al., “Investigating the face inversion effect in autism
across behavioral and neural measures of face processing: A system-
atic review and Bayesian meta-analysis,” JAMA Psychiatry, vol. 80,
no. 10, pp. 1026–1036, 2023. [Online]. Available: https://doi.org/10.1001/
jamapsychiatry.2023.2105

[38] A. Ali, F. F. Negin, F. F. Bremond, and S. Thümmler, “Video-based
behavior understanding of children for objective diagnosis of autism,” in
Proc. VISAPP - 17th Int. Conf. Comput. Vis. Theory Appl., Online, France,
Feb. 2022, pp. 475–484.

[39] K. Vyas et al., “Recognition of atypical behavior in autism diagnosis from
video using pose estimation over time,” in Proc. IEEE 29th Int. Workshop
Mach. Learn. Signal Process., 2019, pp. 1–6.

[40] M. Ruan, X. Yu, N. Zhang, C. Hu, S. Wang, and X. Li, “Video-based
contrastive learning on decision trees: From action recognition to autism
diagnosis,” in Proc. 14th ACM Multimedia Syst. Conf., 2023, pp. 289–300.
[Online]. Available: https://doi.org/10.1145/3587819.3590988

[41] M. Cheng et al., “Computer-aided autism spectrum disorder diagnosis with
behavior signal processing,” IEEE Trans. Affect. Comput., vol. 14, no. 4,
pp. 2982–3000, Oct.–Dec. 2023.

[42] J. Han, G. Jiang, G. Ouyang, and X. Li, “A multimodal approach for
identifying autism spectrum disorders in children,” IEEE Trans. Neural
Syst. Rehabil. Eng., vol. 30, pp. 2003–2011, 2022.

[43] H. Nori, N. King, S. M. McKinney, D. Carignan, and E. Horvitz, “Capabil-
ities of GPT-4 on medical challenge problems,” 2023,&arXiv:2303.13375.

[44] J. Achiam et al., “GPT-4 technical report,” 2023,&arXiv:2303.08774.
[45] K. Hatakeyama-Sato, N. Yamane, Y. Igarashi, Y. Nabae, and T. Hayakawa,

“Prompt engineering of GPT-4 for chemical research: What can/cannot
be done,” Sci. Technol. Adv. Materials: Methods, vol. 3, no. 1, 2023,
Art. no. 2260300. [Online]. Available: https://doi.org/10.1080/27660400.
2023.2260300

[46] B. Meskó, “Prompt engineering as an important emerging skill for
medical professionals: Tutorial,” J. Med. Internet Res., vol. 25, 2023,
Art. no. e50638.

[47] Z. Lian et al., “Gpt-4v with emotion: A zero-shot benchmark for general-
ized emotion recognition,” Inf. Fusion, vol. 108, 2024, Art. no. 102367.

[48] S. Dhingra, M. Singh, S.B. Vaisakh, N. Malviya, and S. S. Gill, “Mind
meets machine: Unravelling GPT-4’s cognitive psychology,” BenchCoun-
cil Trans. Benchmarks, Standards Evaluations, vol. 3, no. 3, 2023,
Art. no. 100139. [Online]. Available: https://www.sciencedirect.com/
science/article/pii/S277248592300056X

[49] S. CHANDLER et al., “Validation of the social communication question-
naire in a population cohort of children with autism spectrum disorders,”
J. Amer. Acad. Child Adolesc. Psychiatry, vol. 46, no. 10, pp. 1324–1332,
2007. [Online]. Available: https://www.sciencedirect.com/science/article/
pii/S0890856709618517

[50] N. Y. Shin, “Predictors of parenting stress in mothers of children with de-
velopmental disabilities: Demographic, child, parent variables,” Master’s
thesis, Yonsei University, Seoul, South Korea, 2009.

[51] I. E. Allen and C. A. Seaman, “Likert scales and data analyses,” Qual.
Prog., vol. 40, no. 7, pp. 64–65, 2007.

[52] J. Cooper, Applied Behavior Analysis. Upper Saddle River, NJ, USA:
Pearson/Merrill-Prentice Hall, 2007.

[53] L. Norskog, C. Bagwell, and S. Contributors, SoX: Sound eXchange,
the swiss army knife of audio manipulation, 14th ed., 2015. [Online].
Available: http://sox.sourceforge.net

[54] G. Bradski, “The OpenCV library,” Dr Dobb’s J. Softw. Tools Professional
Programmer, vol. 25, pp. 120–123, 2000.

[55] A. Vaswani et al., “Attention is all you need,” in Proc. Adv.
Neural Inf. Process. Syst., 2017, pp. 5998–6008. [Online]. Avail-
able: https://proceedings.neurips.cc/paper_files/paper/2017/file/
3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf

[56] K. He, X. Chen, S. Xie, Y. Li, P. Dollár, and R. Girshick, “Masked
autoencoders are scalable vision learners,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit., Jun. 2022, pp. 16000–16009.

[57] J. F. Gemmeke et al., “Audio set: An ontology and human-labeled dataset
for audio events,” in Proc. IEEE Int. Conf. Acoust., Speech Signal Process.,
2017, pp. 776–780.

[58] OpenAI, “Enterprise privacy,” 2024. [Online]. Available: https://openai.
com/enterprise-privacy/

[59] W. Kay et al., “The kinetics human action video dataset,”
2017,&arXiv:1705.06950.

[60] T. Ridnik, E. Ben-Baruch, A. Noy, and L. Zelnik-Manor, “ImageNet-21 k
pretraining for the masses,” in Proc. Int. Conf. Neural Inf. Process. Syst.,
2021.

[61] O. Russakovsky et al., “ImageNet large scale visual recognition challenge,”
Int. J. Comput. Vis., vol. 115, no. 3, pp. 211–252, 2015.

https://www.mdpi.com/1424-8220/21/14/4913
https://doi.org/10.1007/s11280-018-0548-3
https://doi.org/10.1007/s11280-018-0548-3
https://www.sciencedirect.com/science/article/pii/S0149763411002156
https://www.sciencedirect.com/science/article/pii/S0149763411002156
https://doi.org/10.1001/jamapsychiatry.2023.2105
https://doi.org/10.1001/jamapsychiatry.2023.2105
https://doi.org/10.1145/3587819.3590988
https://doi.org/10.1080/27660400.2023.2260300
https://doi.org/10.1080/27660400.2023.2260300
https://www.sciencedirect.com/science/article/pii/S277248592300056X
https://www.sciencedirect.com/science/article/pii/S277248592300056X
https://www.sciencedirect.com/science/article/pii/S0890856709618517
https://www.sciencedirect.com/science/article/pii/S0890856709618517
http://sox.sourceforge.net
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://openai.com/enterprise-privacy/
https://openai.com/enterprise-privacy/


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


