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Abstract—This paper introduces a novel lag-aware dual-stream
(LADS) framework and a carefully curated dual-view video
dataset for automatic Autism Spectrum Disorder (ASD) classifi-
cation through imitation tasks. In contrast to prior single-view
approaches that overlook the interactive dynamics of imitation,
our dataset is the first to capture synchronized experimenter-
child interactions with rich pose and motion features. Building
on this data, the LADS framework explicitly learns the temporal
alignment between the experimenter’s demonstration and the
child’s imitative response. A Lag-Aware Alignment module uses
constrained cross-attention to compute an adaptive time warping
and extract per-frame lag feature, revealing delays in the child’s
imitation. Additionally, a lightweight diffusion-based regularizer
enforces representation consistency by denoising perturbed child
features conditioned on the experimenter’s motion, improving
generalization. We then achieve the classification of ASD versus
Typical Development (TD) behavior by integrating the aligned
dual-stream features, imitation lag, and action discrepancy within
an attention-pooling classifier. Experiments on our dual-view
imitation dataset show that LADS significantly outperforms con-
ventional single-stream models and a recent dyadic transformer
baseline, achieving state-of-the-art classification accuracy. The
results demonstrate the importance of modeling interpersonal
timing in social behavior analysis. Our work provides a new,
public dataset and a computational tool for interdisciplinary
research, bridging computer vision and psychological studies of
autism. Both dataset and code will be made publicly available.

Index Terms—ASD classification, imitative deficits, dyadic
interaction modeling, deep learning.

I. INTRODUCTION

AUTISM Spectrum Disorder (ASD) is a prevalent neu-
rodevelopmental disorder characterized by difficulties

in social communication, restricted interests and stereotyped
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behavior [1]. Among various manifestations of ASD in chil-
dren, deficits in imitative abilities stand out as significant
features. These deficits can adversely impact social learning
and development of children, highlighting the importance of
reliable, scalable assessment of ASD for early intervention and
treatment planning [2], [3].

Much prior work on video-based ASD analysis relies on
single-view recordings or observer notes [4], which offer
valuable but inherently limited perspectives on interactive
behaviors. Single-view pipelines often struggle to capture
the dyadic structure of imitation, where the child’s behavior
must be interpreted in relation to the experimenter’s demon-
stration [5]. Consequently, many existing datasets do not
expose sufficient information about temporal coupling between
participants, constraining fine-grained analysis of imitation
quality [6], [7]. In contrast, dual-view recordings can pre-
serve the interaction context by simultaneously capturing the
experimenter’s action and the child’s response. This provides a
more comprehensive description of imitation that enables more
reliable, multi-dimensional behavior analysis than single-view
approaches.

Recent advances in machine learning have offered new
opportunities for automated behavioral analysis in healthcare
applications. Some works have employed machine learning
algorithms to accelerate ASD diagnosis based on the Autism
Diagnostic Interview-Revised (ADI-R) and the Autism Diag-
nostic Observation Schedule (ADOS), respectively [8], [9].
However, these questionnaire and observation-based methods
still rely on manual assessments and can be time-consuming.
Video-based ASD classification has thus gained popularity
due to its non-invasive nature and scalability for large-scale
screenings [10], [11]. Nonetheless, most existing video-based
methods for ASD classification process only a single stream
[12], analyzing specific types of behaviors, such as facial
expressions or hand gestures [7], [13]. In contrast, our
investigation utilizes synchronized dual-view recordings of
experimenters and children, enabling effective classification of
ASD. To our knowledge, such dyadic, dual-stream analysis for
ASD identification remains largely unexplored and thereby our
work offers a complementary advance beyond single-person
approaches.

This paper contributes to both dataset and method for dyadic
imitation analysis in ASD classification. We introduce a novel
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dual-view dataset that captures synchronized experimenter
action and child imitation, accompanied by multiple feature
modalities (e.g., skeleton, optical flow, and heatmaps). On the
method side, we propose a lag-aware dual-stream (LADS)
architecture that explicitly models the temporal delay and
behavioral difference between the experimenter and the child.
Our approach is built upon two key components. First, a Lag-
Aware Alignment (LAA) module that applies constrained
cross-attention within a local temporal window between the
two encoded sequences from the experimenter and the child.
This module produces an attention map, a time-varying lag
curve, and a warped trace of the experimenter sequence.
Second, we introduce a lightweight diffusion style fea-
ture regularizer, conditioned on the experimenter’s encoded
sequence. The model learns to denoise a noisy embedding of
the child sequence, acting as a representation-level regularizer
that improves generalization without pixel-level generation.
The aligned pair and the explicit lag then feed a difference
encoder and an attention-guided pooling head for ASD/TD
classification.

The main contributions of this work include:
• We present a comprehensive dual-view dataset capturing

a wide range of imitative actions from children with
ASD and TD, including meaningful gestures and object
placement tasks, to enable the analysis of social commu-
nication behaviors.

• We establish a comprehensive benchmark with imple-
mentation and evaluation of baseline methods of ASD
classification on our proposed dataset, providing a foun-
dation for future research.

• We propose a lag-aware dual-stream (LADS) architec-
ture that integrates LAA and a diffusion-style feature reg-
ularizer for analyzing dyadic interaction data. Experiment
results show that incorporating dual-view information
improves ASD classification performance compared to
traditional single-view approaches.

II. RELATED WORKS

A. Imitation Tasks for Autism Classification

Imitation tasks have been widely used to investigate the
social and cognitive development of children with ASD. This
experimental paradigm requires the child to map observed
actions onto their own movements and to coordinate timing
and actions with the experimenter. By design, the experimental
paradigms include both meaningful and meaningless gestures
and object manipulations, enabling researchers to distinguish
pure motor reproduction from action understanding of partic-
ipated children [14], [15].

A substantial body of literature shows that in imitation
tasks, the imitation of meaningless gestures is one of the
most rigorous paradigms for testing imitation deficits. This
approach effectively distinguishes children with ASD from
those with TD, as it eliminates reliance on familiarity with
the goals and methods of the actions. Studies using this
paradigm have reported impairments in meaningless object
manipulation tasks, such as placing bricks without a specific
order, in children with ASD across various age groups and

developmental levels [16], [17]. Furthermore, research has
found that the deficit of imitating meaningless gestures persist
through adolescence and adulthood [18]. Further analysis
reveals specific patterns of impairment: While children with
ASD show preserved capacity for imitating meaningful object
manipulation (e.g., activating mechanical devices) [19], they
exhibit difficulties in both meaningless object manipulation
tasks (e.g., arranging blocks in non-functional configurations)
and facial expression imitation [20], [21]. This dissociation
suggests domain-specific deficits in processing non-social or
structurally ambiguous stimuli.

The behavioral findings have facilitated clinical applications
of imitation assessment. For instance, Mussey and Klinger
[15] suggested that the impairment of imitation could be a
distinguishing characteristic, which may be used as an early
marker for autism diagnosis. Similarly, Du te al. [22] showed
that ASD children exhibit atypical patterns of neural synchrony
while performing imitation tasks, further supporting the use
of imitation-based behavioral and neural markers for autism
classification. Building on these insights, prior work moti-
vates datasets and models that not only score how closely a
child reproduces a experimenter’s movement but also quantify
temporal alignment between the child and the experimenter.
Accordingly, our study focuses on imitation-based evaluation
and releases a representation-level dataset featuring synchro-
nized dual streams of the experimenter’s demonstration and
the child’s imitation. Rather than distributing raw videos, we
provide preprocessed feature sequences as skeletons, optical
flow, and heatmap, which faithfully encode pose and motion,
facilitate privacy-preserving sharing, and enable reproducible
benchmarking for dyadic interaction modeling.

B. Autism Classification Methods

Traditional ASD diagnostic approaches rely on time con-
suming clinical assessments and subjective observations that is
labor intensive [23]. Video-based methods, in contrast, provide
a non-invasive and scalable alternative [11], [12]. By analyzing
video recordings, researchers and clinicians can now identify
ASD-related behaviors in a more systematic and automated
manner, enabling accurate pre-clinical ASD classification [12].

Early video-based ASD classification methods analyzed
gaze patterns associated to ASD from eye-tracking data with
hand-crafted frequency distribution features and support vec-
tor machine (SVM) [24], [25]. While eye-tracking provides
valuable insights into visual attention patterns, researchers
have expanded their focus to encompass other behavioral
markers. Facial expression dynamics constitute an important
behavioral domain, with substantial evidence suggesting atyp-
ical expression patterns in ASD individuals compared to TD
individuals [26]. Grossard et al. [27] computed geometric
features by measuring distances between facial landmarks
and derived appearance features from histograms of oriented
gradients (HOG), subsequently employing Random Forest
classifiers for ASD classification. In parallel work, Krish-
nappababu et al. [28] used facial landmark data to calculate
multi-scale entropy (MSE) for quantifying the dynamic com-
plexity in the eyebrow and mouth regions, feeding the MSE
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features into a decision tree classifier to effectively differentiate
between ASD and TD children.

The advent of deep learning has transformed facial video
analysis, enabling researchers to capture both spatial and
temporal patterns more comprehensively. Zhang et al. [29]
employed CNNs [30] to encode spatial features from clinical
interview recordings of adult ASD patients, incorporating few-
shot learning techniques to improve model generalizability
across limited training samples.

Beyond facial analysis, gesture and pose information has
emerged as critical modalities for ASD classification, as
facial expression analysis typically requires high-quality video
captured in controlled laboratory environments and fails to
capture the full spectrum of dynamic social interactions.
Importantly, autism is characterized not only through emo-
tional states, which is primarily reflected in facial expressions,
but also through distinctive patterns in social interaction,
communication, and repetitive behaviors [31]. These complex
behavioral patterns are more effectively observed through body
movements and gestures during interactive contexts. Early
deep learning approaches for gesture-based ASD classification
focused on developing end-to-end models that automatically
extract features from videos and perform the classification.
Zunino et al. [7] pioneered a hybrid architecture combining
CNNs with long short-term memory networks (LSTM) [32]
to capture spatio-temporal patterns from hand action videos
during object manipulation tasks. Subsequent work explored
more sophisticated architectures. Sun et al. [13] integrated
3D-CNNs with spatial attention mechanisms through bilinear
pooling, thereby enhancing the model’s ability to focus on
diagnostically relevant spatial features.

Recent studies have also explored various learning
paradigms to improve model robustness or address data
scarcity for ASD classification. Rani and Verma [12] intro-
duced a contrastive learning framework that uses ResNet [33]
to extract video features and incorporates multiple datasets,
to learn discriminative representations for distinguishing ASD
from TD children. In parallel, as gesture-based ASD classifica-
tion relies on capturing motion and pose patterns, researchers
have investigated whether established action recognition archi-
tectures can effectively transfer to ASD classification tasks.
Studies have employed various pre-trained models including
I3D [34] and PoseC3D [35] as motion feature extractors. For
instance, Pandey et al. [6] investigated the use of both I3D
and TSN [36] as backbone models to extract features from
videos and assess the skills of children with autism.Beyond
ASD-specific applications, skeleton-based action recognition
has also witnessed rapid progress. Li et al. [37] proposed the
U-FEFP framework, which combines BYOL-style contrastive
learning with reversed-sequence reconstruction to learn rich
spatio-temporal features from large-scale 3D skeleton bench-
marks, serving as a generic pre-training scheme.

Recent advances in transformer-based architectures have
further expanded the methodological toolkit. Zahan et al. [38]
combined vision transformers (ViT) [39] with its GCN and
TCN based model to compute an aggregated embeddings
for derivation of euclidean distance loss, which offered a
notably performance improvements. Nevertheless, despite the

continuous development of methods in action recognition
and temporal modeling [40], [41], these advances remain
largely unexplored in autism research, presenting potential
for improving automated ASD classification systems.Related
progress has also been made in group activity recogni-
tion (GAR), where models are designed to capture complex
multi-person interactions in sports or surveillance scenar-
ios. For instance, Pei et al. [42] introduced a Key Role
Guided Transformer that performs coarse-to-fine reasoning
to highlight key individuals while maintaining global spatio-
temporal context, and Wang et al. [43] further proposed
a knowledge-augmented relation inference framework that
injects class–class and class–position priors into transformer-
based relation modeling. Unlike these GAR approaches that
infer categorical group activity labels from raw RGB videos
with multi-person bounding boxes, our LADS framework
focuses on dyadic experimenter–child imitation for ASD clas-
sification and explicitly models temporal alignment between
two interaction partners.

A critical limitation persists across most existing
approaches: they predominantly focus on analyzing individual
behaviors in isolation, overlooking the inherently dyadic
nature of social interactions that are fundamental to autism
assessment. Recognizing this gap, growing researches have
begun to explore social interaction scenarios, acknowledging
that ASD characteristics often emerge most clearly during
interpersonal communication and coordinated activities.
Zhao et al. [11] captured videos of both child and examiner
interactions, employing motion energy analysis (MEA) [44]
to extract full-body motion time series. They subsequently
applied cross wavelet analysis (CWA) to quantify interpersonal
movement coordination (IMC) as behavioral markers, utilizing
SVM for final classification. Similarly, Cheng et al. [45]
developed a computer-aided ASD diagnostic system for social
interaction scenarios, employing ResNet-50 to extract gesture
and facial expression features from children, although their
system did not account for multi-person behavior patterns.

Beyond autism-specific research, recent advances in other
domains have demonstrated sophisticated approaches for pro-
cessing synchronized dual-stream data. Notably, the Dyadic
Interaction Modeling (DIM) [46] framework illustrates this
capability by jointly modeling speaker and listener behaviors
in conversational settings, using self-supervised pretraining to
learn unified, context-aware representations of bidirectional
nonverbal interactions. While originally designed for gener-
ating 3D facial animations in human-computer interaction
scenarios, DIM’s dual-stream architecture, which captures
the temporal coordination between interaction partners, offers
valuable insights for modeling similar dyadic dynamics in
ASD classification contexts.

C. Video-Based Autism Classification Datasets

Despite promising advances in video-based ASD classifi-
cation, the field faces significant data availability challenges
that most existing methods rely on privately collected datasets,
while publicly accessible resources remain severely limited.
Among the few available datasets, Zunino et al. [7] introduced
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a collection featuring 20 ASD and 10 TD children perform-
ing structured manipulation tasks, which including right-hand
grasping, bottle placement, and water pouring, with recordings
restricted to hand movements from fixed camera positions.
While this dataset has facilitated several studies [12], [13],
its modest scale and highly controlled setup constrain model
generalizability. Similarly, Pandey et al. [6] presented a dataset
containing video recordings of 37 ASD children interact-
ing with clinicians in a laboratory-controlled environment,
covering eight action types. However, this dataset captures
only the children’s behaviors, omitting the experimenters’
corresponding actions that would provide essential interaction
context.

Critically, the field lacks publicly available datasets specif-
ically designed for imitation-based ASD assessment. Existing
datasets either focus on isolated actions or unidirectional
recordings, failing to capture the synchronized, bidirectional
nature of imitation tasks. To our knowledge, no public dataset
simultaneously records both the experimenter’s actions and the
child’s imitative responses during structured imitation proto-
cols. This absence represents a fundamental gap, as imitation
tasks require analyzing not just whether a child performs an
action, but how their movements temporally and spatially
align with the experimenter. A dual-view imitation dataset
would enable models to extract richer behavioral signatures,
including timing delays, movement synchrony, and response
accuracy. Our work addresses this critical need by introducing
a public dual-stream imitation dataset for ASD classifica-
tion, capturing synchronized recordings of both experimenter
demonstrations and child responses across diverse imitation
tasks.

III. DUAL-VIEW IMITATION DATASET FOR AUTISM
CLASSIFICATION

Recognizing the scarcity in publicly available imitation-
based ASD assessment data, we present the first dual-view
dataset specifically designed for autism classification through
imitation tasks. Unlike existing datasets that capture only
isolated actions or single-perspective recordings, our dataset
simultaneously records both the view of experimenters and that
of the participating children, enabling comprehensive analysis
of imitation behavior patterns. To address privacy concerns
while maintaining research utility, we release preprocessed
feature representations rather than raw videos, preserving
participant confidentiality while providing rich behavioral
information for computational model development.

A. Ethical Declarations

All experiments conducted in this study were approved by
the Ethics Committee of University of Jinan. Verbal consent
was obtained from the parents of the children who participated
in this study. All the children’s parents consented to video
recordings during the experimental sessions and understood
the research purposes of the data collection.

B. Participants

We recruited 84 preschool children from special education
centers, rehabilitation facilities, and kindergartens in Jinan,

Fig. 1. The trial procedure of our dual-view imitation video data collection.

China. Among the children, 45 were diagnosed with ASD
and 39 were TD children. The gender and age distribu-
tions of the TD group were matched to those of the ASD
group. Participation requirements for the ASD group included:
(1) formal clinical diagnosis based on DSM-V criteria [47],
(2) ability to follow basic verbal instructions (e.g., “perform
this action”), and (3) absence of severe behavioral issues,
uncorrected vision, or hearing impairments. The TD group
consisted of children with no known developmental disorders
or neurological conditions. Parents provided informed consent
and assisted during data collection when necessary. The role
of the experimenter was performed by a trained 26-year-old
female researcher.

C. Experimental Setup and Procedure

1) Task Selection: Based on established psychological
paradigms [48], [49], we selected two categories of imitation
tasks that effectively differentiate ASD-related behavioral pat-
terns:
• Meaningless gestures: Non-goal-directed movements

including finger spreading, hand rotation near the mouth,
and touching left shoulder with right hand. These tasks
isolate action imitation abilities from semantic under-
standing.

• Object manipulation: Structured placement of blocks in
specific configurations on a table surface, testing both
movement planning and spatial awareness.

2) Experimental Protocol: The experiment was divided into
two phases: a practice phase and the formal experimental
phase.

During the practice phase, the child and experimenter were
asked to sit facing each other. The experimenter demonstrated
two target actions to the child, and instructed them to imitate
the actions. Each action was repeated three times, and verbal
encouragement was provided throughout. If the child failed
to imitate the actions correctly during the practice phase, the
experimenter used verbal or physical guidance to ensure the
child understood the task before proceeding to the formal
experiment phase.

The formal experiment process, shown in Figure 1, con-
sisted of two tasks: a meaningless gesture imitation task and an
object placement imitation task. A five-minute break separated
the tasks. At the beginning of each task, the child was asked
to sit quietly for two minutes of rest. After the rest period,
the experimenter demonstrated several specific actions. Each
action was demonstrated three times in a randomized order.
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Fig. 2. Example of a meaningless gesture imitation task from the perspectives
of the experimenter and the subject.

The child was then instructed to imitate the actions. This phase
lasted approximately eight minutes. Throughout the imitation
tasks, each attempt by the child was met with both verbal and
non-verbal encouragement, but no verbal or physical assistance
was provided during the imitation process.

3) Data Acquisition Setup: To capture the dyadic nature of
imitation tasks, we employed a dual-camera configuration in a
naturalistic classroom environment as illustrated in Figure 2.
As shown in the figure, we also recorded Electroencephalo-
gram (EEG) during the sessions, but it falls outside the scope
of this paper. We focus on video-derived features because
they are more deployable in real-world settings, whereas
EEG acquisition is impractical. This setting, compared with
strictly controlled laboratory conditions, encourages natural
behavioral expression while maintaining sufficient control for
standardized assessment and provides more relevant data for
the early detection of ASD in daily scenario. Specifically, we
set up two synchronized cameras positioned to capture the
actions of both participants from different angles. One camera
was directed at the experimenter, while the other was aimed at
the child participant, forming the dual-view setup illustrated
in Figure 2. The video data was captured using webcams
operating at 30 frames per second.

D. Data Preprocessing

To capture and provide the rich behavioral information
present in imitation tasks, we extract multiple complementary
features directly from the raw video recordings, as illustrated
in Figure 3. Rather than focusing on multi-modal fusion,
our approach emphasizes comprehensive video representation
through diverse feature extraction methods. Each feature type
captures distinct aspects of movement and pose, collectively
providing a thorough characterization of imitation behaviors.

In our setup, the two webcams are mounted at slightly
oblique angles with respect to the participants as shown in
Figure 2. BlazePose outputs the joint coordinates and a per-
joint visibility score, which are robust to moderate viewpoint
changes. Empirically, visual inspection of random samples
from both views shows that the recovered skeletons maintain
consistent poses across time.

The extracted features naturally exhibit different temporal
characteristics: skeleton and heatmap features are computed
per-frame (yielding T features for T frames), while optical

flow features capture inter-frame transitions (producing T − 1
features for T frames). We preserve these inherent temporal
properties without artificial synchronization, allowing down-
stream models to utilize the natural timing relationships within
the data.

1) Skeleton Features: We employ MediaPipe’s BlazePose
model [50] to extract 33 anatomical landmarks per frame,
each represented by normalized 3D coordinates (x, y, z) and
visibility confidence. This 132-dimensional (33×4) per-frame
representation captures body configuration independent of
camera perspective or subject distance.

2) Motion Features via Optical Flow: We compute two
types of optical flow to capture different scales of move-
ment. Sparse optical flow, calculated using the pyramidal
Lucas-Kanade algorithm [51], tracks the displacement of
33 skeletal keypoints between consecutive frames, yielding
66-dimensional (33 × 2) motion vectors that effectively iso-
late human movement from background.Dense optical flow,
computed via the Farneback algorithm [52], provides global
motion patterns by generating pixel-wise flow fields that are
spatially pooled into an 8×8 grid, resulting in 128-dimensional
(8 × 8 × 2) features that capture overall scene dynamics and
contextual movement information.

3) Spatial Pose Representations: Following the PoseC3D
methodology [35], we generate heatmaps for 17 key joints by
rendering 2D Gaussian distributions (σ = 2) at detected joint
locations. These 56 × 56 heatmaps undergo downsampling
through average pooling, producing 7 × 7 spatial maps that
maintain joint location information while reducing computa-
tional demands. The concatenated 833-dimensional (17× 49)
feature serves as the pose representation.

E. Dataset Structure

The dataset comprises 1,054 paired video recordings from
84 participants, organized as synchronized experimenter-
subject pairs. Each sample contains extracted features from
both participants performing imitation tasks as following struc-
ture:

All features are stored as NumPy arrays using Python’s
pickle format for efficient storage and loading, with metadata
preserved as Python dictionaries for flexible querying.

IV. METHODS

A. Lag-Aware Dual-Stream Framework

We propose LADS (Lag-Aware Dual-Stream), a novel
framework for autism classification through imitation task
analysis. Our approach explicitly models the temporal dynam-
ics between the experimenter demonstrations and the subject
responses by learning adaptive alignment patterns and quan-
tifying response delays inherent in imitation behaviors. As
shown in Figure 5, the framework consists of four key com-
ponents: dual-stream temporal encoders, lag-aware alignment
module, discrepancy-based classification, and diffusion regu-
larizer.

1) Dual-Stream Temporal Encoding: Given the synchro-
nized video features from an experimenter Featexp ∈ R

T×F and
a subject Featsub ∈ R

T×F , where T denotes sequence length
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Fig. 3. The dual-view imitation dataset provide video features including skeleton sequence, sparse optical flow, dense optical flow and heatmap sequence.

Fig. 4. Hierarchical structure of the dual-view imitation dataset.

and F represents feature dimension, we employ two indepen-
dent temporal encoders to capture stream-specific dynamics.
Each encoder first linearly projects the input features to a
denc-dimensional latent space, then adds a positional encoding
to embed temporal order information. Then a transformer-
based architecture with multi-head attention layers per stream
is introduced. The encoding process yields context-aware
representations as E = EncoderθE (Featexp) ∈ RT×denc and
S = EncoderθS (Featsub) ∈ RT×denc . The dual-stream encoders
thereby produce two synchronized latent sequences which
capture the abstracted representations of experimenter actions
and subject movements independently, which is subsequently
used for cross-attention based alignment. Both encoders also
apply masking for any padded time steps to handle varying
sequence lengths.

2) Lag-Aware Alignment Module: To align subject motions
with experimenter demonstrations, we introduce a LAA mod-
ule based on a constrained cross-attention mechanism. The
LAA treats S as the query stream and E as the key–value
stream. For a subject frame u, we only attend to experimenter

frames t where 0 ≤ u− t ≤ w, enforcing the temporal causality
in action-imitation pattern with maximum lag window w. This
constraint is implemented by a binary mask Masku,t which is
1 only if t lies in the allowable range for u, and −∞ otherwise.
Subsequently the learned projections of S and E are denoted
as Qu = WQ · su, Kt = WK ·et and Vt = WV ·et. Then the masked
attention score and the attention weights are given by:

logits: eu,t =
1
√

d
QuKt, with mask Mu,t

weights: Au,t =
exp(eu,t/τ)PT−1

t′=0 exp(eu,t′/τ)
, (1)

where τ is a temperature parameter.
Given the final alignment matrix A ∈ RT×T , the warped

experimenter feature sequence is produced by applying these
attention weights A to the value vectors as:

Ewarp =
X

t

Au,tVt ∈ R
T×denc (2)

which is now time-aligned to the subject’s timeline. In parallel,
to quantify the temporal delays, we compute the expected
alignment position for each subject frame u. The expected
matched time t∗(u) represents the weighted average of exper-
imenter frame indices:

t∗(u) =

T−1X
t=0

Au,t · t (3)

which gives the expected value of the experimenter frame
index that subject frame u is aligned with. The lag at frame u
is then computed as:

`u = max(u − t∗(u), 0) (4)

This represents the temporal delay. While the window con-
straint 0 ≤ u − t ≤ w restricts the alignment search space
to positive delays up to w frames, the max operation fur-
ther ensures non-negative lags by filtering any remaining
violations. These ensure the prior constraint in imitation
tasks that the imitator’s actions should lag behind rather
than lead the experimenter’s demonstrations. The lag curve
` = [`0, . . . , `T−1] ∈ RT serves as one of the discrepancy
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Fig. 5. Our proposed lag-aware dual-stream (LADS) framework that consists of four key components, dual-stream temporal encoders, lag-aware alignment
module, discrepancy-based classification, and diffusion regularizer. Dual-stream temporal encoders first extract subject representations S and experimenter
representations E. The Lag-Aware Cross-Attention module produces a warped experimenter sequence Ewarp and a per-frame lag curve `. These signals are
fused in the discrepancy classifier via attention pooling for ASD classification. During training only, a diffusion-style regularizer injects noise into S and
learns to denoise it conditioned on E, encouraging consistent interaction-aware representations.

features. We normalize the lag values by the window size for
scale consistency as

˜̀u = min(`u/w, 1.0) (5)

and this normalized lag is concatenated with other discrepancy
features for classification. Furthermore, the lag pattern across
frames reveals distinctive imitation characteristics, providing
valuable insights into ASD-related imitation abilities.

In practice, the maximum lag window w is grounded in the
expected response delay in structured imitation tasks. As clin-
ical observations suggest that children’s imitative responses
typically follow experimenter demonstrations within several
hundred milliseconds. At 30 fps this corresponds to a delay of
roughly 6–18 frames. We therefore treat w as a hyperparameter
and evaluate w ∈ {4, 8, 12, 16, 20} on the validation folds. As
reported in Section VI-C, the performance is relatively stable
across this range and peaks at w = 12, which is adopted as
the default setting throughout our experiments.

3) Diffusion-Style Feature Regularization: While the
LAA module addresses temporal misalignment, we further
enhance generalization through a diffusion-based regulariza-
tion inspired by the Denoising Diffusion Probabilistic Models
(DDPM) [53] and a recent work on applying generative models
for discriminative training [54]. Unlike traditional approaches
that generate synthetic data samples, we employ a diffusion
process in the latent feature space as a regularizer, improv-
ing the generalization of the encoded representation without
requiring additional data generation or manual parameter tun-
ing.

Compared with generic regularizers such as weight decay
or dropout that impose parameter or activation-wise reduc-
tion, our diffusion regularizer is data-dependent and operates
directly in the representation space, encouraging semantically
meaningful invariances rather than purely norm-based con-
straints.

Our diffusion-based regularization approach operates on S ,
and treats E as conditioning information. During training, we
implement a forward diffusion process that progressively adds

Gaussian noise to S across K discrete timesteps. Following
the simplification adopted in DDPM, we do not introduce
learnable parameters in forward diffusion process. The noise
schedule {βk}

K
k=1 is set as linear with β1 = 10−4 and βK = 0.02.

Then the cumulative noise level ᾱk can be computed as:

ᾱk =

kY
i=1

(1 − βi) (6)

For each mini-batch we sample k ∼ Uniform(1, . . . ,K) and
draw Gaussian noise ε ∼ N (0, I) as:

Sk =
√
ᾱk S +

p
1 − ᾱk ε (7)

The conditioning signal E is mean-pooled as ē = 1
T

PT−1
t=0 et

and is concatenated with a time step embedding φ(k) and
mean-pooled subject feature s̄ to the conditioning vector:

c = Wc(s̄ ⊕ ē ⊕ φ(k)) (8)

As the denoiser, a lightweight temporal U-Net UNetθ is
implemented and used to predict the injected noise with S >k
and c:

ε̂ = UNetθ(S k, c), (9)

where the conditioning is injected with an AdaGN [55] style
as c is mapped to scale and shift parameters, and applied to
each intermediate feature map. This channel-wise modulation
forces the network to restore the subject sequence while being
continuously guided by the experimenter context.

Finally, the diffusion regularization loss is derived as Ldiff =

MSE(ε̂, ε). Minimising Ldiff drives the encoders to yield rep-
resentations in which the subject’s motion can be recovered
from the experimenter demonstration and remains correlated
to the experimenter’s context.

4) Discrepancy-Based Classification: With aligned
sequences and lag information, we construct comprehensive
discrepancy features that capture multiple aspects of imitation
quality. We fuse the features of the encoded subject sequence
S , the warped experimenter sequence Ewarp and the lag
features ` to represent the behavioral discrepancies between
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the children and the experimenters. For each time step u, the
discrepancy vector Du is computed with the original features
of (1) subjects and experimenters S and Ewarp that captures
actual poses and motions, (2) the normalized lag ˜̀ that
serves as the imitation lag feature, (3) the cosine similarity
cos(S , Ewarp) =

S Ewarp

||S ||·||Ewarp ||
that represents the difference of

action between subjects and experimenters. The components
are concatenated as:

Du = S ⊕ Ewarp ⊕ cos(S , Ewarp) ⊕ ˜̀ (10)

The Du is then passed through a small projector network f
with two fully connected layers and nonlinear activations to
derive a transformed discrepancy embedding H ∈ Rdmodel×T .

To aggregate the discrepancy features into an overall repre-
sentation, we employ an attention-guided pooling mechanism
that a small attention head computes a scalar weight α for
each frame as:

au = softmax(w>φ(Wattnhu)), (11)

where φ is a nonlinear activation GELU, Wattn, w are learnable
parameters, and hu ∈ R

dmodel denotes the embedded discrepancy
vector from H at frame u. We then form the attentive pooled
feature:

zattn =

T−1X
u=0

au · hu (12)

The pooled discrepancy representation z is fed into the final
classifier to predict the binary outcome (ASD or TD). The
classifier is a simple MLP, trained via the standard binary
cross-entropy loss Lce. Then Lce is combined with Ldiff to
obtain the overall training objective:

L = Lce + λLdiff, (13)

where λ is the combination weight. The gradients from Ldiff
affect only the encoders and diffusion UNet which is not used
in the inference, while the Lce is used to update all parameters
of the encoder, the LAA module and the classifier.

5) Practical Considerations: From a practical perspec-
tive, the design of our framework keeps the inference graph
lightweight. All models in our benchmark, including LADS
and the baselines operate on the pre-extracted skeleton and
motion features, so the most computationally expensive video
decoding and feature extraction stages are shared and not
specific to our method. The additional cost of LADS relative
to a vanilla dual-stream encoder is mainly from the lag-aware
cross-attention and the diffusion regularizer. The Lag-Aware
Alignment module restricts cross-attention to a local temporal
window of size w, which reduces the alignment complexity
from O(T 2) to O(Tw), with w � T in all our experiments,
thereby avoiding the quadratic cost of unconstrained attention.
In addition, the diffusion-based regularizer is only activated
during training and is completely removed at inference, which
only involves the dual-stream encoders, the LAA module and
the discrepancy-based classifier. Consequently, LADS adds
only a slight computational burden compared with standard
dual-stream transformers, while delivering consistently higher
accuracy and interpretable lag profiles, which is acceptable
for offline ASD screening scenarios that value diagnostic
robustness.

V. EXPERIMENTAL SETUP

A. Training Schemes

We employ a stratified 5-fold cross-validation training
scheme to evaluate performances of the models. The entire
dataset was split into 5 folds, ensuring subject independence
as no subject’s data appeared in more than one fold, which
was strictly enforced by checking and avoiding any overlap of
subject IDs between training, validation, and test sets of each
fold. In each fold, the data was further divided into training,
validation, and test subsets, with 20% of the total data used as
the test set and 15% of the training data used as a validation
set for model selection. The model was trained from a fixed
number of epochs (60 epochs per fold without early stopping)
and using the AdamW optimizer with learning rate = 3×10−4.
During training, the best model checkpoint was determined by
the highest validation F1 score. Finally, we report the model’s
average test accuracy and F1-score across the 5 folds along
with the standard deviation, providing a robust estimate of the
model’s generalization performance. We ensured all models
of baseline classifiers presented in the next section use the
same subject-independent 5-fold cross-validation as our LADS
framework for evaluation.

B. Baseline Classifiers

To evaluate the dataset and validate our LADS advantages,
we compare against several baseline classifiers. Since most
existing deep learning methods are designed for classification
on single-view data, we train and validate these baselines using
the data from only the subject’s perspective.

1) Traditional Machine Learning Methods: To verify that
extracted feature sequences retain sufficient discriminative
information compared to naive pixel-level statistics, and to
incorporate machine learning approaches commonly used in
classical ASD analysis, we adopted the methodology from
[11], which combines hand-crafted features with classical
machine learning techniques. The work [11] extracts motion
energy and cross-wavelet coherence features from raw frame
pixels to quantify interpersonal motor coordination (IMC)
as synchronization features for dual-view videos. An SVM
classifier with RBF kernel is trained on these hand-crafted
synchronization features.

All subsequent baselines are trained on the extracted feature
sequences released with our dual-view imitation dataset, focus-
ing exclusively on sequence-level models. The motion analysis
approach [11], which operates on raw pixel-level statistics,
serves as a representative baseline from traditional ASD
assessment practices used in psychology researches. We do
not include additional video-based classification baselines, as
our focus is on modeling imitation-specific temporal dynamics
rather than benchmarking video analysis architectures.

2) Deep Learning Methods: In addition to comparisons
with traditional ASD analysis methods [11], we also explored
the application of classical deep learning models — known
for their generalizability and performance in feature extraction
and classification across various tasks — to ASD classification.
Specifically, we implemented a VGG-style [56] 1D CNN that
adapts the classical VGG design through stacked convolutional
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blocks with progressively increasing filter sizes from 64 to
256 channels, where each block contains paired convolutions
followed by pooling operations. This establishes a baseline for
local temporal pattern recognition without any cross-stream
interaction. Moreover, we also evaluate a ResNet-34 model
[33], another widely-used CNN architecture known for its
effectiveness in image classification. This model includes an
initial convolutional layer (64 channels) and pooling, then
residual blocks at increasing widths (64, 128, 256, 512 chan-
nels) and shortcut connections. Global average pooling and a
fully-connected layer yield the final ASD/TD prediction.

Based on the single-stream data from only the subject, we
also explore whether advanced temporal modeling strategies
can compensate for the absence of dual-stream information.
PatchTST [40], originally proposed for time-series forecasting,
segments the input sequence into non-overlapping patches of
16 frames each, treating each patch as a discrete token. This
channel-independent architecture then applies Transformer
self-attention over the patch embeddings to capture long-range
temporal dependencies, followed by a global average pooling
for aggregation. The learned representations were originally
introduced for long-term forecasting and we adapt it for
ASD classification by adding a linear layer. The patching
strategy allows the model to operate at multiple temporal
scales simultaneously, making it a strong baseline for assessing
the sophisticated single-stream modeling.

We also include BlockGCN [41] — a state-of-the-art graph
convolutional network that treats poses from each frame as a
spatial graph where joints form nodes connected by anatomical
constraints — as a specialized baseline for skeleton feature
data. For our ASD classification task, we feed 33-joint skeleton
sequence ((T,33,4) with 3D coordinates and confidence) from
subjects into the BlockGCN. It performs temporal graph
convolutions and outputs a representation, which we feed to a
linear classifier for ASD classification.

For dual-stream processing, we include the Dyadic Inter-
action Model (DIM) [46] — which serves as a comparative
framework for dual-stream fusion — as a baseline. DIM is
originally designed for dyadic facial animation and we adapt
an open implementation for our task. It consists of separate
transformer encoders for the experimenter’s and subject’s
sequences, each producing a downsampled latent sequence.
These latent features are then passed through a vector quan-
tization layer for each stream, effectively discretizing the
representations. The quantized EXP and SUB sequences are
concatenated and fed into a cross-modal transformer that fuses
the two streams. A classification head uses pooled output
from the transformer to predict ASD versus TD. We train
this model with a composite loss — cross-entropy plus the
VQ commitment losses. Essentially, this baseline learns a joint
embedding of the dual streams using a transformer, providing
a relevant comparative baseline for our LAA module.

VI. EXPERIMENTAL RESULTS

A. Benchmarking Results

We evaluate our LADS framework with diffusion regulariza-
tion against established baseline methods using the four feature

modalities (skeleton, dense flow, sparse flow, and heatmap)
provided in our proposed dual-view imitation dataset. The
comparative results, summarized in Table I, demonstrate the
effectiveness of our approach for ASD classification.

1) Overall Performance Comparison: LASD consistently
outperforms all baselines across all feature modalities, achiev-
ing accuracy improvements ranging from 2.6% to 7.7% over
the strongest competing method across the four features.
Most notably, the skeleton-based implementation of LADS
achieves 85.6% accuracy (±4.9%), establishing a new state-
of-the-art performance on this dataset and demonstrating a
5.7% improvement over the best-performing baseline (DIM
at 79.9%). This substantial gain validates our core hypothesis
that explicitly modeling temporal lag patterns while enforcing
representation consistency through diffusion regularization can
effectively capture critical aspects of imitative behavior that
conventional approaches overlook.

These benchmarking results position LADS as the new
state-of-the-art method for ASD classification on dual-view
imitation data, validating both the importance of modeling
temporal correspondence in imitation tasks and the value
of diffusion-based regularization for learning discriminative
behavioral representations.

2) Single-Stream Versus Dual-Stream Analysis: Experi-
mental results demonstrate that dual-stream models (DIM
and LADS) — which take data from both subjects and
experiments — consistently outperform single-stream clas-
sifiers across all feature modalities. Among single-stream
approaches, ResNet achieves the highest accuracy on skeleton
features (78.9%). However, this performance still lags behind
dual-stream approaches, falling short of DIM by approxi-
mately 1% and LADS by 6.6% on skeleton features, showing
that explicitly incorporating both experimenter and subject
views yields gains, confirming the value of our dual-view
dataset for capturing interaction cues. This performance gap
widens further for motion-based features (dense and sparse
optical flow), where single-stream models struggle to effec-
tively distinguish subject movements without the contextual
reference of experimenter demonstrations.

On top of this, our LADS framework further improves accu-
racy to 85.6%, achieving a 5.7% absolute gain over DIM on
skeleton features, and 2.6–7.7% gains on the optical flow and
heatmap modalities. Since all models share the dyadic input
features and training protocol, these improvements can be
attributed to the proposed lag-aware alignment and diffusion-
based regularization rather than to differences in data or
supervision.

3) Sophisticated Single-Stream Models: Notably, more
sophisticated single-stream architectures do not yield bet-
ter performance. PatchTST, despite its advanced patch-based
temporal modeling and self-attention mechanisms, underper-
forms simpler CNN architectures on most feature modalities,
achieving only 70.6% compared to ResNet’s 78.9% on
skeleton features. Similarly, BlockGCN — a state-of-the-art
graph convolution network specifically designed for skeletal
action recognition — achieves only 70.4% accuracy. These
counterintuitive results suggests that the inductive biases of
these specialized architectures may not align well with the
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TABLE I
COMPARISON OF MODEL PERFORMANCE ACROSS DIFFERENT FEATURE TYPES AND DATA PERSPECTIVES. BOLD VALUES INDICATE THE BEST

ACCURACY AND F1-SCORE FOR EACH FEATURE TYPE

Fig. 6. Feature-space discriminability via PCA. Each point corresponds to one test sample; colors denote classes (ASD in red, TD in blue). Left: PCA of the
raw SUB features. Right: PCA of the learned discrepancy representation z.

specific challenges of imitation assessment. PatchTST’s patch-
based tokenization, while effective for long-term forecasting
tasks, may average out brief hesitations and delay in frame
level that are diagnostically relevant for ASD classification.
BlockGCN’s graph convolutions, optimized for recognizing
distinct action categories, may over-emphasize spatial joint
configurations while under-weighting temporal dynamics.

4) Variance and Stability Analysis: As discussed above,
the BlockGCN may be sensitive to skeleton tracking qual-
ity variations in our proposed dataset that was collected in
a naturalistic classroom environment, reflected by its high
variance (±10.8%). Moreover, DIM also shows high variance
on sparse flow features (±13.9%), suggesting instability when
processing noisy motion estimates.

B. Discrimination of the Learned Discrepancy
Representation

We analyze feature-space separability using Principal Com-
ponent Analysis (PCA). As shown in Figure 6, when
projecting raw SUB features (we only run this examination
on skeleton features), ASD and TD largely overlap, suggesting
limited discriminability without dyadic reasoning. In contrast,
projecting the learned discrepancy representation z built in
the discrepancy classifier produces clearly separated ASD
and TD clusters. This confirms that our complete processing
framework — including the encoding, alignment, discrepancy
construction, attentive pooling and the diffusion regularizer —
effectively transforms raw imitation data into a discriminative
representation.
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C. Ablation Study

All ablations are performed using skeleton features, since
it demonstrated the strongest performance in our benchmark
evaluation, making it the most appropriate setting for isolating
architectural contributions.

1) Component-Wise Ablation of LADS: We conduct abla-
tion studies on three key components of our framework using
the same subject-independent 5-fold cross-validation protocol
and training schedule: (1) the diffusion regularizer (Ldiff),
(2) the lag-aware alignment (LAA) module, switching to a
direct, non-lag alignment, and (3) the temporal pooling strat-
egy (replacing attention pooling with simple mean pooling).
Specifically, to evaluate LAA while maintaining interaction
analysis capability, we replace it with a hard Dynamic Time
Warping (DWT) approach [57]. DTW finds a warping path
with cosine similarity cost matrices and computes a per-
frame lag ` = max(u − tDTW(u), 0). This variant removes the
learnable lag modeling. In each ablation experiment, only one
component is modified, while all others are kept identical to
the full LADS configuration.

Removing the diffusion regularization loss (–Ldiff) results
in a 2.4% accuracy decrease, demonstrating its substantial
contribution to model performance. The diffusion process
serves as an effectively consistency constraint, ensuring that
encoding subject features remain recoverable given experi-
menter context, thereby enhancing the encoder’s capacity to
capture the interaction patterns.

Replacing our LAA module with direct frame-wise mea-
surement of ` (–LAA) reduces accuracy by 1.9% to 83.7%.
Although this performance drop is smaller than without dif-
fusion or pooling, it is consistent across all cross-validation
folds, confirming that explicit temporal delay modeling
improves the discriminative ability of learned representations.

Replacing attention-weighted pooling with simple mean
pooling (–zattn) causes the largest performance degradation
(2.8%). In this variant, we compute the final representation
by simply averaging all temporal features rather than learning
importance weights through the attention mechanism. This
substantial drop highlights that the attention mechanism suc-
cessfully identifies diagnostically relevant components from
the lag and encoded embedding features that are fed into the
classifier.

These ablation results validate our architectural design,
indicating that each component makes distinct contributions
to achieving state-of-the-art performance in ASD classification
on dual-view imitation data.

We further visualized the lag feature via normalizing the
` and averaging per class. The resulting curves in Figure 7
reveal clear qualitative differences across ablation conditions.
Using the full model, the TD curve remains consistently
lower with a narrow band, while ASD is shifted upward
with a broader band, which illustrates that the model learns
a stable, class-specific delay pattern in which TD exhibits
smaller and more consistent response latencies than ASD.
Removing LAA, leading to insufficient interaction contextual
information, produces a pronounced jitter and reduced class
separation. Turning off diffusion module yields a counter

Fig. 7. Class-averaged lag curves ` under three settings. Each curve is
resampled on the normalized subject timeline and averaged per class (ASD
in red, TD in blue). Top: no diffusion. Middle: no LAA. Bottom: full LADS
model.

intuitive result where the TD curve rides slightly above that
of ASD with a large variation, suggesting that the model
may overfit local patterns in noisy TD sequences, which can
be suppressed by diffusion regularization. This also explains
the overall performance drop in the (–Ldiff) ablation. Taken
together, these curves indicate that LAA effectively capture
the discriminative lag features, while diffusion regularization
stabilizes the underlying features. We do not include the
attention pooling ablation in the lag curve figure because these
curves visualize the alignment-level signal `, produced before
discrepancy features aggregation.

2) Effect of the Lag Window Size: The local window size
w controls the maximum allowed temporal delay between
experimenter and subject frames in the LAA module, and
is therefore a key hyperparameter for modeling imitation
latency. To study its effect, we fix all other settings and vary
w ∈ {4, 8, 12, 16, 20} frames. For each choice of w, we re-train
LADS from scratch using the same 5-fold protocol.

Table III reports the performance under different window
sizes. We observe that a moderate window size (e.g., w = 12)
achieves the best accuracy and F1-score. When w is too small,
the model cannot capture most genuine delays in the child’s
responses and tends to force the synchronous alignments,
which underestimates atypical imitation latencies in ASD.
Conversely, a large window size allow the attention to match
subject frames with distant experimenter actions, making the
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TABLE II
ABLATION RESULTS

TABLE III
EFFECT OF THE LAG WINDOW SIZE w IN THE LAA MODULE

(SKELETON FEATURES)

TABLE IV

THE MEAN TEST ACCURACY AND F1-SCORE OVER FIVE FOLDS FOR
COMPARISON OF REGULARIZATION STRATEGIES

estimated lag curve noisier and less discriminative. Based on
this study, we set w = 12 as the default configuration in all
other experiments.

3) Comparison of Regularization Strategies: To further
clarify the role of the proposed diffusion-based regularizer, we
compare it against more conventional regularization schemes
applied to the same LADS architecture. With setting of (cross-
entropy only), the model is trained with cross-entropy loss
without any explicit regularizer. This configuration corre-
sponds to the (–Ldiff) variant in Table II. As comparisons, we
add `2 weight decay with coefficient λ = 10−2 to all trainable
parameters and insert a dropout layer with rate p = 0.5 to the
temporal encoding module.

From Table IV we observe that both conventional strate-
gies, which are weight decay and dropout, indeed provide
noticeable improvements over using cross-entropy alone (accu-
racy increases from 0.832 to 0.848 and 0.842, respectively).
This confirms that the LADS classifier benefits from stan-
dard regularization. However, the diffusion-based regularizer
still achieves the best performance, improving accuracy by
0.8% and F1-score by 1.4% points over the second-best
configuration with weight decay, indicating that the proposed
diffusion formulation is particularly well aligned with the
dyadic imitation modeling task. Unlike norm-based penalties
or random feature dropping, our diffusion module injects
structured Gaussian noise into the subject stream and trains a
denoising network conditioned on the experimenter features.
This latent-space denoising objective explicitly enforces cross-
stream consistency and encourages the encoder to discard

noise while retaining diagnostically relevant interaction pat-
terns.

VII. CONCLUSION

In this work, we introduced a novel dual-view imita-
tion dataset and proposed the lag-aware dual-stream (LADS)
framework to advance automated ASD classification through
imitation task analysis. Our dataset, which is the first of its
kind, provides synchronized recordings of both experimenter
demonstrations and child responses during structured imitation
tasks, enabling analysis of when and how children with
ASD imitate actions compared to typically developing peers.
Building on this resource, our LADS framework leverages
cross-attention to align the dual-view streams and explicitly
quantify the child’s response delay. We further incorporate a
diffusion-style feature regularization to guide the encoder with
coherence between the child’s representation and the context
from the experimenter.

Experimental results demonstrate that integrating dual-
perspective interactions and temporal dynamics yields sub-
stantial improvements over traditional single-view methods.
LADS achieved state-of-the-art performance in distinguishing
ASD from TD participants, outperforming both single-stream
deep learning models and an existing dual-stream method.
These findings underscore the value of capturing interpersonal
coordination cues, such as timing alignment and pose dis-
crepancy, for identifying ASD-related behavioral patterns. The
learned lag profiles are consistent with clinical observations
of delayed and atypical imitation in ASD, indicating that
our computational approach captures meaningful behavioral
markers.

Limitation and Future Work:The current release contains
1054 dyadic clips from 84 participants collected at a single
clinical center. While this provides a unique resource for dual-
view imitation analysis, the geographic scope and sample
size are inherently limited. To mitigate demographic and
appearance biases, we do not distribute raw RGB video clips,
instead, we provide only mid-level features such as skeletons,
optical flow, and pose heatmaps. These representations abstract
away background, clothing, and camera-specific details. Nev-
ertheless, we acknowledge that fully assessing the robustness
of multi-group of participants will require additional patients
group or independent datasets. Creating and introducing such
multi-group dyadic imitation datasets is an important direction
for future work and will be greatly facilitated by the public
release of our current benchmark.
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