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Abstract— Motor imitation impairments are commonly
reported in individuals with autism spectrum conditions
(ASCs), suggesting that motor imitation could be used as a
phenotype for addressing autism heterogeneity. Traditional
methods for assessing motor imitation are subjective and
labor-intensive, and require extensive human training. Mod-
ern Computerized Assessment of Motor Imitation (CAMI)
methods, such as CAMI-3D for motion capture data and
CAMI-2D for video data, are less subjective. However, they
rely on labor-intensive data normalization and cleaning
techniques, and human annotations for algorithm training.
To address these challenges, we propose CAMI-2DNet, a
scalable and interpretable deep learning-based approach to
motor imitation assessment in video data, which eliminates
the need for ad hoc normalization, cleaning and annotation.
CAMI-2DNet uses an encoder-decoder architecture to map
a video to a motion representation that is disentangled
from nuisance factors such as body shape and camera
views. To learn a disentangled representation, we employ
synthetic data generated by motion retargeting of virtual
characters through the reshuffling of motion, body shape,
and camera views, as well as real participant data. To
automatically assess how well an individual imitates an
actor, we compute a similarity score between their motion
encodings, and use it to discriminate individuals with ASCs
from neurotypical (NT) individuals. Our comparative anal-
ysis demonstrates that CAMI-2DNet has a strong correla-
tion with human scores while outperforming CAMI-2D in
discriminating ASC vs NT children. Moreover, CAMI-2DNet
performs comparably to CAMI-3D while offering greater
practicality by operating directly on video data and without
the need for ad hoc normalization and human annotations.

Index Terms— Autism Spectrum Conditions, Behavior
Analysis, Motor Imitation Assessment, Motion Analysis in
Video Data, Disentangled Motion Representation Learning.

I. INTRODUCTION

AUTISM spectrum conditions (ASCs) are defined by core
symptoms of social-communicative difficulties, restricted

interests and repetitive behaviors. However, the considerable
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Department of Psychology at the Nottingham Trent University. This work
was supported by NSF grant 2124277 and 2430816.

heterogeneity in ASCs creates challenges for efficient diagno-
sis and treatment options [1]. Based on a growing amount of
neuroscience and behavioral research, one promising way of
addressing this heterogeneity is through precise quantification
of motor imitation impairments, which are highly prevalent in
autism [2]. Motor imitation skills are fundamental for social-
ization, communication, and acquiring essential skills, partic-
ularly during early development and in social interactions [3].
Motor imitation impairments seem specific to ASCs, and not
shared with other highly co-occurring conditions, such as
Attention-Deficit/Hyperactivity Disorder (ADHD) [4], which
are typically challenging to distinguish in clinical settings.
Importantly, impairments in motor imitation are associated
with core autism symptoms and brain mechanisms involved
in social communication and learning [5], [6].

Human Observation Coding (HOC) has been the standard
method for assessing motor imitation. HOC relies on trained
human coders to directly observe and evaluate individuals’
imitation skills [7]. Although it provides valuable insights into
specific imitation challenges indicative of ASCs, it has several
limitations. First, it is inherently subjective, since it depends on
human judgment, potentially introducing biases and inconsis-
tencies. In addition, HOC is labor-intensive, requiring signif-
icant time, effort, and trained personnel for accurate analysis
and behavior coding. These limitations significantly hinder its
scalability and practicality in clinical and home settings.

With the increasing prevalence of ASCs [8], [9] and the
growing demand for early and accurate assessments, there
is a need for automated and objective assessment tools that
address the challenges associated with HOC. The develop-
ment of tools that are effective and widely applicable offers
several potential advantages, including efficiency, objectivity,
and scalability. However, the development of such tools faces
several challenges, including (i) the diverse range and complex
nature of human actions involved in imitation, (ii) the trade-
off between sensitivity and specificity in recognizing atypical
imitation patterns, and (iii) the need to ensure the adaptability
of the tool across diverse settings.

Several automated methods have been proposed to address
these challenges [10]–[14]. Among these, motion-capture-
based methods, which rely on precise 3-dimensional (3D) mo-
tion data, have been proven to be effective. For instance, Com-
puterized Assessment of Motor Imitation (CAMI-3D) [15]
uses a Kinect Xbox cameras to collect 3D motion data
and applies Dynamic Time Warping (DTW) [16] and linear
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regression to produce a similarity score that takes into account
variations in both motion trajectories and timing discrepancies.

CAMI-3D has shown promising results in autism, demon-
strating high test-retest reliability and surpassing the perfor-
mance of HOC in effectively discriminating children with
ASCs from neurotypical (NT) children as well as from chil-
dren with ADHD, a highly prevalent condition that is both
a differential diagnosis of ASC and a frequent co-occurring
diagnosis [4]. However, despite its promising results, CAMI-
3D has several limitations. First, it relies on specialized
hardware, such as Kinect or similar 3D cameras, which may
restrict its scalability and applicability in settings like homes
or clinics. Second, obtaining accurate motion coordinates
requires extensive manual frame-by-frame data cleaning to
obtain accurate motion coordinates. CAMI-3D also depends
on hand-crafted normalization techniques to handle variations
in body shape (e.g., height, limb length) and slight differences
in camera angles. While these techniques may be effective
in controlled studies, they may not generalize well to diverse
anatomical and pose variations encountered in real-world sce-
narios. Third, HOC annotations are needed for training, thus
requiring continued human input for new action sequences.

To address the dependence on costly 3D motion capture
devices and enhance scalability, advances in 2D pose esti-
mation techniques [17]–[19] can be utilized. These methods
accurately detect and track skeletal joints from video data
captured by widely accessible 2D cameras. Motivated by these
advances, the CAMI-2D method [20] employs an off-the-
shelf pose estimation network, OpenPose [17], to extract 2D
joint trajectories from videos. Exactly as CAMI-3D, CAMI-
2D compares joint trajectories using DTW and computes
imitation scores through linear regression. However, CAMI-
2D inherits CAMI-3D limitations, such as the need for hand-
crafted normalization and ongoing human annotations (HOC).
Additionally, 2D joint locations are more heavily affected by
camera viewpoint due to perspective projection and occlusions.
Therefore, comparing 2D trajectories can be misleading, as
these trajectories are affected by nuisance factors such as
variations in body shape and camera viewpoint.

Recent advances in deep learning offer a more robust and
efficient approach to comparing human movements in video
data [21], [22]. The key idea is to use a neural network to map
the video to a compressed motion representation that captures
the essence of the movements. This is achieved by using
large-scale video data or pose sequences to learn disentangled
motion representations, i.e., motion representations that are
invariant to nuisance factors such as body shape and viewpoint.

For example, [23] proposes a novel approach for decom-
posing motion data into dynamic and static representations.
Originally developed for motion retargeting, this technique
utilizes an encoder-decoder network to separate motion data
into skeleton-independent dynamic features and skeleton-
dependent static features. The model in [24] further decom-
poses a pose sequence into individual body parts, generating
representations for each part separately. This results in motion
representations that are suitable for measuring the similarity
between different motions of each part. The network is trained
with a motion variation loss, enhancing its ability to distin-

guish even subtly different motions. However, these methods
are not directly applicable for distinguishing an individual with
ASC as they need very large training datasets to be able to
distinguish fine-grained differences in motion, e.g., when an
individual is trying to imitate precise movements. A detailed
review of related works is provided in Appendix I.

In this work, we propose CAMI-2DNet, a novel deep
learning-based method to assess motor imitation for distin-
guishing individuals with ASC in video data. CAMI-2DNet
uses an encoder-decoder architecture to learn a motion rep-
resentation or encoding that is disentangled from nuisance
factors such as skeletal shape and camera views. Such a
disentangled representation is crucial for ensuring that the
model accurately captures the essence of the movements
themselves, without being influenced by irrelevant variations.
For example, people with different body shapes may perform
the same movement in slightly different ways due to variations
in limb length or body shape. If the model does not disentangle
these factors, it might incorrectly attribute these differences to
the quality of the imitation rather than as natural variations due
to the person’s physical characteristics. Similarly, variations in
camera angles or distances could make identical motions look
different. By isolating the motion characteristics from these
factors, CAMI-2DNet can consistently evaluate the quality of
motor imitation, regardless of an individual’s body shape, or
whether the video was recorded from a different angle, thereby
eliminating the need for labor-intensive tasks like manual
frame-by-frame data cleaning and ad hoc normalization, which
are needed in methods like CAMI-3D and CAMI-2D.

To effectively learn these disentangled representations, we
employ large-scale synthetic data generated by motion retar-
geting of virtual characters through the reshuffling of motion,
body, and camera views, along with participant data from indi-
viduals with ASCs and neurotypical individuals. CAMI-2DNet
automatically assesses a person’s imitation performance by
computing a similarity score between motion encodings, which
can then be used for autism diagnosis. CAMI-2DNet addresses
critical limitations of existing manual methods (HOC) and
automated systems (CAMI-3D and CAMI-2D) by providing a
quick, reliable, and easy-to-use tool for assessing imitation.

The ability of CAMI-2DNet to precisely quantify motor im-
itation performance offers a scalable approach for addressing
autism heterogeneity in ways that account for a skill, motor
imitation, that is fundamental for development of socialization,
communication, and other essential skills central to diagnosis
of, and targeted intervention for, autism. As such, CAMI-
2DNet has the potential to support more frequent, accessible,
and detailed assessments, facilitating earlier and more accurate
diagnoses, and more personalized treatment planning.

Specifically, the contributions of this paper are as follows:

• A deep-learning-based approach to motor imitation
assessment. CAMI-2DNet uses an encoder-decoder ar-
chitecture trained on (a) large-scale synthetic videos
generated through motion retargeting and (b) participant
videos from individuals with ASCs as well as neurotypi-
cal individuals to effectively learn a motion representation
that is disentangled from skeletal shape and camera
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viewpoint, providing a more robust and objective repre-
sentation for quantitative assessment of motor imitation.

• Interpretability through localized scores. By segment-
ing the motion representation into different body parts
and movement types, CAMI-2DNet offers localized imi-
tation scores, which not only improves the interpretability
of the results but also has the potential to enable tailored
interventions based on the specific imitation deficits iden-
tified in individuals with ASCs.

• Scalability and practicality. Unlike CAMI-3D, which
relies on specialized 3D cameras, hand-crafted normaliza-
tion, and HOC annotations for training, and CAMI-2D,
which also requires hand-crafted normalization and HOC
annotations, CAMI-2DNet operates directly on standard
video input and requires neither ad hoc normalization
nor HOC annotations. This significantly enhances the
scalability and practicality of CAMI-2DNet making it
suitable for use in varied settings, including clinics and
home environments.

• Empirical validation. Our comparative analysis demon-
strates that CAMI-2DNet strongly correlates with HOC,
matches the performance of CAMI-3D, and outperforms
both CAMI-2D and HOC in classifying children into
diagnostic groups. These results validate CAMI-2DNet
as an effective, practical, and scalable tool for assessing
motor imitation in autism diagnosis.

II. OVERVIEW OF CAMI-2DNET

In this section, we summarize our CAMI-2DNet method for
distinguishing individuals with autism in video. Given a video
of an actor performing a sequence of movements and a video
of a person imitating these movements, the goal is to produce
a score that quantifies how closely the person’s movements
match those of the actor. This imitation score is then used to
help discriminate individuals with ASCs from NT individuals.

A. Stages of CAMI-2DNet
An overview of CAMI-2DNet is illustrated in Figure 1a.

The method comprises three main stages: estimating body
pose, learning a disentangled motion representation, and com-
puting the imitation score. Here is a summary of each stage,
with further details provided in the corresponding sections.

• Estimate 2D Body Pose: Extract a sequence of 2D body
joints (e.g., elbows, knees) from each video, converting
visual data to 2D trajectories suitable for motion analysis.

• Learn a Disentangled Motion Representation: Map
the sequence of 2D body joints to a learnable motion
representation that is disentangled from nuisance factors
such as variations in body shape or camera viewpoint.

• Compute Motion Imitation Score: Use the disentangled
motion representation to compute a score that quantifies
how well a person imitates the movements of the actor.

These stages allow CAMI-2DNet to yield a more accurate
and robust motor imitation assessment by disentangling the
dynamics of motion and eliminating distortions caused by
irrelevant variables such as body shape and camera viewpoint.

B. Estimating 2D Body Pose
The first step in CAMI-2DNet is to extract the 2D coordi-

nates of the human body joints (e.g., elbows, knees, shoulders)
in each video frame, a.k.a. 2D pose estimation. Given a video
X ∈ RT×H×W×3, where T represents the number of frames
and (H , W ) denotes the height and width of each frame,
a pose estimation model predicts the 2D coordinates of key
body joints, which we represent as J ∈ RT×J×2, where J is
the number of body joints. These joint positions form a time
series that tracks the subject’s body movements throughout the
video, providing suitable data for understanding their motion
in subsequent stages of motor imitation assessment.

In this work, we utilize a Vision Transformer-based pose
estimation model, EViTPose [19], due to its ability to capture
long-range dependencies between body parts while maintain-
ing computational efficiency. This allows the model to generate
accurate joint positions even in complex scenarios, such as
when the subject is partially occluded or in varying postures.
We use EViTPose as a pre-trained, off-the-shelf pose estimator
without any additional fine-tuning.

To further enhance the specificity and interpretability of mo-
tor imitation assessments, we divide the overall pose sequence
J into S segments, each one corresponding to a specific body
part (e.g., arms, legs, torso), and denote the trajectories of
the joints in body part segment S by JS . This localization
into body parts allows for more detailed insights into which
specific areas may be contributing to any observed differences
in motor imitation. For more details, please refer to Appendix
IV-A.

C. Learning Disentangled Representations
Assessing motor imitation by comparing raw joint trajecto-

ries obtained via pose estimation can be misleading because
anatomical and viewpoint variations in these trajectories can
make it difficult to evaluate accurately how well an individual
is imitating a target action. For example, two people per-
forming the same action, such as raising an arm, may appear
different due to variations in body posture, like limb length.
Similarly, identical movements can look significantly different
when captured from a side view versus a front view.

As discussed in the introduction, methods like CAMI-
3D [15] attempt to address these variations using hand-crafted
techniques, such as adjusting and reorienting joint coordinates
to account for changes in body proportions and camera an-
gles, respectively. While effective in controlled settings, these
rule-based techniques often fail to generalize to real-world
variability. In contrast, CAMI-2DNet learns disentangled rep-
resentations of motion, shape, and viewpoint, i.e., it learns
motion features that are invariant to body shape or viewpoint
variations, as detailed in Section III.

D. Computing Motion Similarity
After disentangling motion from skeletal and viewpoint

variations, CAMI-2DNet computes an imitation score that
quantifies how closely an individual mimics the actor’s move-
ments. By comparing the motion representations alone, ignor-
ing irrelevant factors related to body shape and camera view-
point, CAMI-2DNet provides a robust and objective measure
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Fig. 1: Overview of CAMI-2DNet. (a) Given videos of an actor performing a target action and an individual imitating it,
CAMI-2DNet extracts 2D joint positions using a pose estimation network and encodes the joint trajectories into disentangled
motion, shape, and viewpoint components. The imitation score is computed by calculating the cosine similarity of the motion
representations (Ma for the actor and Mi for the individual). (b) During training, the model learns these disentangled
representations from synthetic data generated via motion retargeting (varying motion, shape, and viewpoint) and real
participant data from neurotypical individuals and individuals with ASCs. The encoder-decoder architecture is optimized using
reconstruction and disentanglement losses, ensuring effective encoding and disentanglement of motion, shape, and viewpoint.

of motor imitation performance. This score is then used to
distinguish typical imitation from potential impairments, such
as those seen in ASCs [25]. The details of how we compute
the motion imitation score are discussed in Section IV.

III. LEARNING DISENTANGLED REPRESENTATIONS

As discussed in the previous section, simply relying on
raw pose sequences for motor imitation assessment is in-
sufficient due to the entanglement of motion with irrelevant
factors like body shape and camera viewpoint. To address
these challenges, CAMI-2DNet automatically learns a motion
representation from the raw pose sequences that is disentan-
gled from these nuisance factors. In this section, we discuss
how CAMI-2DNet achieves this disentanglement. First, we
describe the encoder-decoder model architecture that processes
pose sequences to produce disentangled motion, shape, and
viewpoint encodings. Next, we discuss the role of training
data, specifically motion retargeting and the integration of
synthetic and participant data. Finally, we outline the training
objectives that guide the model to learn robust and disentan-
gled representations. The overall training process is illustrated

in Figure 1b, which provides a visual summary of how
CAMI-2DNet leverages both synthetic and real data to achieve
effective disentanglement of motion, shape, and viewpoint.

A. Model Architecture

To effectively learn a representation disentangled from
nuisance factors, we employ an encoder-decoder architecture.
The encoder compresses the input pose sequences into latent
representations that focus on different action components,
while the decoder reconstructs the original pose sequence to
validate the quality of the learned representation.

1) Encoding: The encoder is designed to isolate the core
characteristics of motion so that the learned representation
accurately reflects the subject’s motor abilities, free from
distortions caused by body shape and camera perspectives.
The encoding process is formally defined as:

(M,S,V) = fenc(J; θenc), (1)

where fenc is the encoding network, parameterized by weights
θenc, which transforms the raw pose sequence J into three
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disentangled components: (i) M is a motion representation
that captures the essence of the subject’s movement, (ii) S is a
shape representation that models the body shape of the subject,
which can vary across individuals, and (iii) V is a viewpoint
representation that accounts for the camera perspective from
which the movement is captured.

By disentangling these components, the encoder allows
CAMI-2DNet to focus solely on the core aspects of the motion
M, independent of irrelevant factors like body shape S or
camera viewpoint V. This is crucial for enabling accurate
motion comparisons across subjects and environments.

2) Decoding: The decoder plays a vital role in ensuring
that the learned latent representation not only captures the
essential characteristics of the motion but also retains sufficient
information for accurate reconstruction of the original pose
sequence. The decoder’s objective is to reconstruct the pose se-
quence Ĵ from the disentangled representations, M (motion),
S (shape), and V (viewpoint). This reconstruction ensures
that the latent space adequately represents all the necessary
details to model the original movement accurately. Formally,
the decoding process is defined as:

Ĵ = fdec(M,S,V; θdec), (2)

where fdec is the decoding network, parameterized by weights
θdec, which maps the disentagled components M,S, and V to
a reconstructed pose sequence Ĵ that matches the original pose
sequence J as closely as possible. Please refer to Appendix
II-A for further details about the encoder-decoder architecture.

B. Training Data

1) Motion Retargeting: Directly learning disentangled repre-
sentations from real-world data is inherently challenging due
to the absence of explicit information about the underlying
motion, body shape, or camera viewpoint. In natural scenarios,
the variations in motion are often entangled with differences in
body shapes (e.g., height, limb length) and camera perspectives
(e.g., angle, distance), making it difficult to isolate the core
movement characteristics from irrelevant factors.

As illustrated in Figure 1b, we address this challenge by
leveraging motion retargeting, which allows us to systemati-
cally reshuffle motion, body shape, and camera viewpoint by
applying identical movements to different virtual characters
with varying body shapes and capturing these motions from
multiple viewpoints. For example, as depicted in the bottom
left, the same underlying movement is performed by two
distinct virtual characters (Xm1

s1v1 and Xm1
s2v1 ) or viewed from

different camera angles (Xm1
s1v1 and Xm1

s1v2 ). This produces
a diverse and rich synthetic dataset, allowing the encoder-
decoder to effectively disentangle the core motion dynamics
from irrelevant factors such as body shape and viewpoint.

We leverage the Synthetic Actors and Real Actions
Dataset [26], a synthetic dataset generated via motion retar-
geting. In this dataset, virtual characters from a set B perform
motions from a set M, and these motions are observed from
different viewpoints in a set V . Each training sample includes
pairs of virtual characters s1, s2 ⊆ B performing a triplet
of motions m1,m2,m3 ⊆ M, captured from two distinct

viewpoints v1, v2 ⊆ V . The motions m1 and m2 are variations
within the same motion class – such as a low jump and a
high jump – while m3 is a distinctly different motion, such as
sitting. By reshuffling these components, we ensure that the
model learns robust, disentangled motion representations that
are invariant to skeletal and viewpoint differences, ultimately
leading to more accurate and fair motion comparisons.

2) Integrating Synthetic and Real Participant Data: While
synthetic data is essential for learning disentangled represen-
tations, it introduces a domain gap: synthetic motions are
generic and do not fully reflect the specific types of motions
we target in motor imitation assessment for distinguishing
ASCs. To address this gap, we employ a balanced, integrated
training strategy, where each training batch includes an equal
mix of samples from both synthetic and real participant
data. The model is optimized jointly using the corresponding
training objectives from both data sources. Synthetic data lays
the foundation for learning robust motion representations by
disentangling motion from skeletal and viewpoint variations,
while the participant data refines the model’s ability to adapt
to the target motion types and captures nuanced differences
present in practical settings. This combined training approach
ensures that the model benefits from the controlled variability
of large-scale synthetic data while simultaneously adapting to
the complexity and subtleties of real-world scenarios.

C. Training Objectives
During training, we employ a combination of loss functions

tailored to both synthetic and participant data. These loss
functions are crucial in guiding the model to effectively
separate the core motion from irrelevant factors such as body
shape and camera viewpoint, while also capturing the nuanced
variations in motor imitation tasks.

For the synthetic data, the model is trained with losses that
enforce the disentanglement of motion, shape, and viewpoint,
in addition to the reconstruction loss. In contrast, the partic-
ipant data training utilizes the reconstruction loss alongside
a nuanced motion loss, which helps the model capture the
subtleties of the motor imitation task.

1) Disentanglement Losses: Here, we describe the disen-
tanglement loss functions, beginning with a common triplet
loss formulation that is applied across all action components.
Triplet Loss: The triplet loss is designed to ensure that
encodings of the same type (motion, shape, or viewpoint) are
closer to each other than encodings of different types. The
triplet consists of an anchor, a positive example (similar to
the anchor), and a negative example (dissimilar to the anchor).
The objective of the triplet loss is to minimize the distance be-
tween the anchor and the positive example while maximizing
the distance between the anchor and the negative example,
encouraging separation between distinct factors. Formally, the
triplet loss for an anchor encoding EA with its corresponding
positive and negative example encodings EP,EN, is defined as:

Ltriplet(EA,EP,EN) =
[
∥EA−EP∥22 − ∥EA−EN∥22 + α

]
+

(3)

where E can represent motion, shape, or viewpoint represen-
tations, [·]+ denotes max(0, ·) and α is a margin parameter

This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TBME.2025.3637089

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Nottingham Trent University. Downloaded on March 18,2026 at 20:55:40 UTC from IEEE Xplore.  Restrictions apply. 



6

that ensures the distance between EA and EP is smaller than
the distance between EA and EN by at least the margin α.

Shape Disentanglement Loss: To ensure that the shape
encoding S is invariant to variations in motion and viewpoint
but still captures differences in body shape, we apply the
triplet loss to shape encodings. In each training sample from
the synthetic dataset, virtual characters s1, s2 ⊆ B perform
motions m1,m2,m3 ⊆ M from two distinct viewpoints
v1, v2 ⊆ V . This allows us to create different combinations for
anchor, positive, and negative examples. For an anchor shape
encoding Sm1s1v1 , where body s1 performs motion m1 from
viewpoint v1, the positive example is Sm2s1v2 (same body,
different motion and viewpoint), and the negative example is
Sm1s2v1 (same motion and viewpoint, different body). The
shape disentanglement loss is defined as:

Lshape = Ltriplet(Sm1s1v1 ,Sm2s1v2 ,Sm1s2v1). (4)

Viewpoint Disentanglement Loss: Similarly, we apply the
triplet loss to disentangle the viewpoint representation V
from the motion and shape. In this case, for an anchor
Vm1s1v1 representing the viewpoint encoding of motion m1

performed by body s1 from viewpoint v1, the positive example
is Vm2s2v1 (different motion and body, same viewpoint), and
the negative example is Vm1s1v2 (same motion and body,
different viewpoint). The viewpoint disentanglement loss is:

Lviewpoint = Ltriplet(Vm1s1v1 ,Vm2s2v1 ,Vm1s1v2). (5)

Motion Disentanglement Loss: We apply a set of motion-
specific loss functions to disentangle the motion representation
M from the shape representation S and the viewpoint repre-
sentation V, while capturing both intra-class variations and
subtle differences in motor imitation. We employ two motion
disentanglement losses: one for training on the synthetic
dataset and another for refining the model’s performance on
real-world data where the differences in motor imitation are
more nuanced. For the synthetic dataset, we extend the triplet
loss into a quadruplet loss as in [26], to ensure that the model is
sensitive to small variations within the same motion class. This
quadruplet loss introduces a semi-positive example, which
represents a variation within the same motion class. Given an
anchor motion encoding Mm1s1v1 for motion m1 performed
by body s1 from viewpoint v1, a positive example Mm1s2v2

with the same motion but different body and viewpoint, a semi-
positive example Mm2s2v2 with a variation within the same
motion class but different body and viewpoint, and a negative
example Mm3s1v1 with a different motion but same body and
viewpoint, the quadruplet loss can formally be defined as:

Lmotion = Ltriplet(Mm1s1v1 ,Mm1s2v2 ,Mm3s1v1)

+ β{∥Mm1s1v1 −Mm2s2v2∥2 − γ · var(m1,m2)}.
(6)

The first term is a triplet loss that ensures that the anchor
motion remains closer to the positive example than to the
negative example. The second term controls the sensitivity of
the motion encoding to intra-class variations by penalizing the
Euclidean distance between anchor and semi-positive example.

The third term penalizes a variation score between the charac-
teristics vectors vm1 and vm2 of the anchor and semi-positive
example and is defined as:

var(m1,m2) =
∥vm1 − vm2∥1

2× |vm1
|

. (7)

These characteristics vectors contain variables such as energy,
distance, and height, which influence the shape movement and
are provided as metadata in the dataset. Finally, β and γ are
scaling factors that adjust the impact of each term in the loss.
Nuanced Motion Loss: For the participant data, where motor
imitation assessments require distinguishing even more subtle
differences between a target and an imitated motion, we intro-
duce a nuanced motion loss to capture these fine distinctions.
This loss penalizes the distance between the motion encodings,
using the DTW distance between the corresponding pose
sequences as a dynamic margin that guides how “close” or
“far apart” these motion encodings should be. Given a pair of
pose sequences – Jactor, representing the actor’s movements
and, Jimit, representing a person’s imitated movements –
and their corresponding motion encodings, Mactor and Mimit,
respectively, the loss is defined as:

Lnuanced=∥Mactor−Mimit∥22 + δ · dist(DTW(Jactor,Jimit)), (8)

where the function dist(DTW(Jactor,Jimit)) calculates the dis-
tance between the pose sequences after alignment with Dy-
namic Time Warping (DTW). The Euclidean distance between
the motion encodings ∥Mactor −Mimit∥22 is influenced by this
DTW distance, which acts as a margin, and the parameter δ
is a scaling factor that modulates its impact. If the DTW dis-
tance between the pose sequences is small (indicating strong
alignment in the movements), the encodings are encouraged to
be closer together than the ones with a larger DTW distance
(indicating less alignment).

2) Reconstruction Loss: The reconstruction loss ensures that
the latent representations contain sufficient information to
accurately reconstruct the original pose sequence. This loss
helps maintain the integrity of the learned representation while
simultaneously validating the completeness of the disentangled
components: motion (M), shape (S), and viewpoint (V). The
reconstruction loss is computed as:

Lrec(J, Ĵ) =
1

T

1

J

T∑
t=1

J∑
j=1

∥Jj
t − Ĵj

t∥22, (9)

where Jj
t and Ĵj

t represent the 2D coordinates of joint j at time
t in the original and reconstructed sequences, respectively.

3) Total Loss: The total loss integrates the disentanglement,
reconstruction, and nuanced motion losses. For the synthetic
data, the focus is on disentangling motion, shape, and view-
point while ensuring that the model can reconstruct the original
pose sequences. The total loss for synthetic data is given by:

Ltotal-syn = λdis(Lshape + Lviewpoint + Lmotion) + λrecLrec, (10)

where λdis and λrec are weighting factors that control the
contribution of each component.

For the participant data, we apply a different combination of
losses to ensure that the model can reconstruct real sequences
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and capture the nuanced differences in motor imitation. The
total loss for the participant data is given by:

Ltotal-real = λrecLrec + λnuancedLnuanced, (11)

where the weights λrec and λnuanced balance the two losses.
During training, the model learns from both synthetic and

participant data in a mixed process. The overall total loss is a
weighted sum of the synthetic and real data losses:

Ltotal = λsynLtotal-syn + λrealLtotal-real, (12)

where λsyn and λreal are weighting factors that balance the
contributions of the synthetic and participant data during
training. By combining these losses, the model benefits from
the strengths of both datasets, leveraging synthetic data for dis-
entanglement and participant data for adapting to the nuanced
complexities of real-world motor imitation.

IV. COMPUTING MOTION IMITATION SCORE

Having learned robust and disentangled representations of
motion, shape, and viewpoint during training, the goal of
CAMI-2DNet is to compute an imitation score that quantifies
the similarity between the actor’s motion and the person’s
imitated motion. As discussed before, this score is critical for
evaluating motor imitation performance for diagnosing ASCs.

To compute this score, CAMI-2DNet focuses solely on
the motion encodings, eliminating the influence of nuisance
factors such as differences in body shape or camera viewpoint.
This allows for a more accurate and fair comparison of the
movements between the actor and a person. In this section, we
detail the process CAMI-2DNet uses to compute the imitation
score, beginning with the encoding of the pose sequences,
followed by refining and aligning the motion encodings, and
concluding with the calculation of cosine similarity between
the actor’s and the person’s motion encodings.

1) Encoding: Given two pose sequences, Jactor representing
the actor’s movements and Jimit representing the person’s
imitated movements, we first encode these sequences using
the trained encoder fenc, which generates three disentangled
components for both the actor and the person: motion encoding
M, shape encoding S, and viewpoint encoding V:

(Mactor,Sactor,Vactor) = fenc(Jactor; θenc), (13)
(Mimit,Simit,Vimit) = fenc(Jimit; θenc). (14)

2) Optimizing Motion Encodings: Once the original pose
sequences (Jactor,Jimit) have been encoded, we refine their mo-
tion encodings (Mactor,Mimit) to improve the reconstruction
of the original pose sequences. The refinement is carried out
by minimizing the reconstruction loss Lrec, which measures
the difference between the original pose sequences and their
reconstructed versions Ĵactor = fdec(Mactor,Sactor,Vactor; θdec)
and Ĵimit = fdec(Mimit,Simit,Vimit; θdec), while keeping shape
(Sactor,Simit) and viewpoint (Vactor,Vimit) encodings and the
decoder frec freezed. The minimization objective is given by:

min
Mactor

Lrec(Jactor, fdec(Mactor,Sactor,Vactor; θdec)), (15)

min
Mimit

Lrec(Jimit, fdec(Mimit,Simit,Vimit; θdec)). (16)

3) Computing the Imitation Score: After optimizing the mo-
tion encodings, we ignore the shape and viewpoint encodings
and focus solely on comparing the motion representations
Mactor and Mimit. Before computing the similarity between the
two motion encodings, we first temporally align the encodings
using DTW to account for any differences in timing or duration
between the actor’s and the person’s motions. Following the
alignment, we compute the similarity between the motion en-
codings using cosine similarity, which provides a quantitative
measure of how closely the encoded representations of the two
motions align. The cosine similarity is given by:

score(Mactor,Mimit) =
Mactor ·Mimit

∥Mactor∥2∥Mimit∥2
. (17)

To enhance the interpretability of the imitation assessment,
the final score is computed as a weighted average of the cosine
similarity of motion encodings of the actor and an individual
for the S body segments as discussed in Section II-B. The
final imitation score is computed as:

CAMI(Mactor,Mimit) =
∑
S⊂J

wS ·
[
score(MS

actor,M
S
imit)

]
+
,

(18)

where wS represents the weight assigned to the body segment
S, which is a subset of J , the full set of body joint indices.
Each body segment S corresponds to a specific set of joint
indices (e.g., joints for the left arm or right leg). The weights
are determined via cross-validation grid-search hyperparame-
ter tuning. By isolating body segments, CAMI-2DNet localizes
the assessment to specific areas of the body, providing insight
into which body part contributes to the imitation differences.
For visualization examples of these localized assessments,
please refer to Appendix IV-A. The final CAMI score ranges
between 0 and 1, and quantifies how well the person imitates
the actor’s movement, with higher values indicating greater
similarity and better imitation performance. This score, after
normalization using the minimum and maximum values, is
then used to discriminate people with ASCs from NT.

V. EXPERIMENTS

In this section, we provide an overview of the synthetic
and participant datasets, including details about the partic-
ipants and experimental procedures. Moreover, we present
experiments comparing the effectiveness of our deep-learning-
based method, CAMI-2DNet, relative to the non-deep-learning
methods, CAMI-3D, CAMI-2D, and Human Observation Cod-
ing (HOC). The evaluation focuses on construct validity,
reliability, and diagnostic classification performance.

A. Dataset details

1) Synthetic Actors and Real Actions Dataset: We employed
the synthetic motion dataset SARA [26], created using Adobe
Mixamo [27], to gather sequences of poses from a variety of
3D characters, each with a unique body shape, performing
the same motions under kinematic constraints. This dataset
comprises motion sequences from 18 different 3D characters
across four action categories: Combat, Adventure, Sport, and
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Dance. Each action sequence comprises a minimum of 32
frames, with a total of 4,428 base motions (e.g., dancing,
jumping), having noticeable intra-class variations, resulting in
a total of 103,143 variations. Each frame in these sequences
contains the 3D coordinates of 17 joints from various body
parts, and samples were generated through 2D projection.

2) Participant Dataset: In addition, we incorporated partic-
ipant data from neurotypical (NT) individuals and individuals
with Autism Spectrum Conditions (ASCs) to train and evaluate
our method. These participant data were collected as part of
a wider-scale study examining imitation skills in autism.

a) Participants: The participant dataset included 185 peo-
ple aged 6 to 12 years, comprising 82 children with ASCs
and 103 neurotypical (NT) children. We refer to this dataset
as CAMI-185. Among these participants, 47 participants (27
with ASCs, 20 NT) have HOC score annotations, forming a
subset we refer to as CAMI-47. See Appendix III-A for details
on the participant demographies and socioeconomic status.
As detailed in [15], and consistent with other prior methods
for assessing motor imitation [28], the HOC procedure was
designed to derive semi-quantitative scores of motor imitation
performance, with summed ratings of individual movements,
each scored as inaccurate (0) or accurate (1). Two expert raters,
trained by a pediatric neurologist (SHM), scored each partic-
ipant, with inter-rater and intra-rater reliability established.

The CAMI-47 subset was used to evaluate the performance
of the methods against HOC and to train the CAMI-3D
method.1 The autism diagnoses were based on the Diagnostic
and Statistical Manual of Mental Disorders, Fifth Edition
(DSM-5) [29] criteria as applied by a board-certified Child
Neurologist (SHM) with over 30 years of clinical and re-
search experience with children with ASC. Research-reliable
assessors confirmed the diagnosis on-site using the Autism
Diagnostic Observation Schedule, Second Edition (ADOS-
2) [30]. The parent-report version of the Social Responsiveness
Scale, Second Edition (SRS-2) [31] was also administered. To
participate, children needed a full-scale IQ score of at least 80
or at least one index score of 80 (verbal comprehension, visual-
spatial, or fluid reasoning index) on the Wechsler Intelligence
Scale for Children-Fifth Edition [32]. Additionally, to account
for autism-associated differences in general motor abilities, we
used the Movement Assessment Battery for Children (mABC),
Second Edition [33]. Ethics approval was obtained from the
Johns Hopkins University School of Medicine Institutional
Review Board before the study began. Written informed
consent was obtained from all participants’ legal guardians,
and verbal assent was obtained from all children. Recruitment
was conducted through local schools and community events.
Participants were invited to the Center for Neurodevelopmental
and Imaging Research at the Kennedy Krieger Institute for
two-day visits and received $100 compensation for their time.

b) Procedure: Children participated in an imitation task
involving two movement sequences, (Sequence 1, Sequence 2),
each repeated across two trials (Trial A and Trial B). The two
sequences included different types of movements (Sequence

1CAMI-2D does not require training the linear regression as it uses the
weights learned by CAMI-3D for regressing the CAMI scores.

1: 14 movements, Sequence 2: 18 movements) that were
relatively unfamiliar to the participants (e.g., moving arms up
and down like a puppeteer), lacked an end goal, and required
the simultaneous movement of multiple limbs. See Appendix
III-B for details on the movement types. The movements
were designed to assess imitation of a continuous series of
fluid, dynamic movements involving simultaneous articula-
tion of multiple joints. This design provided for assessment
of autism-associated difficulties with imitation, in particular
challenges with movements requiring dynamic visual-motor
integration [5], [34]–[38]. The stimulus video was displayed
on a large TV screen, showing an actor performing dance-
like whole-body movements without any background music
or sound. The children’s movements were recorded using two
Kinect Xbox cameras at 30 frames per second, one positioned
in front of the child and the other at the back. 3D data was used
for CAMI-3D and video data from the front camera was used
for CAMI-2D and CAMI-2DNet analysis. In the CAMI-185
dataset, 182 participants completed Trial A of both sequences,
while fewer participants completed Trial B (Sequence 1: 54,
Sequence 2: 61). For the CAMI-47 subset, participants in Trial
A were 43 for Sequence 1 and 46 for Sequence 2, while in
Trial B they were 40 for Sequence 1 and 36 for Sequence 2.

B. Results
1) Construct Validity and Test Re-test Reliability: To verify

the construct validity of our method relative to CAMI-3D and
CAMI-2D, we analyzed their correlation with the scores ob-
tained from HOC across all sequences and trials of the CAMI-
47 dataset. The results, as illustrated in Figure 2a, show strong
positive correlations between the three methods and HOC.
Specifically, the correlation coefficients were 0.69 for CAMI-
3D, 0.66 for CAMI-2D, and 0.70 for CAMI-2DNet. Notably,
CAMI-2DNet, which operates entirely without supervision
from HOC, demonstrated the highest correlation with HOC
scores. This strong correlation not only highlights the accuracy
and reliability of CAMI-2DNet but also underscores its poten-
tial as a highly effective tool for analyzing the participant data
independently of HOC supervision. Despite strong correlation,
indicating similar coarse-level assessment, CAMI-2DNet and
HOC differ in diagnostic discrimination: HOC’s subjective
binary scoring can overlook subtle variations in imitation,
whereas CAMI-2DNet’s fine-grained features capture nuanced
patterns, yielding superior diagnostic discrimination (see next).

2) Diagnostic Classification Ability: We evaluated the per-
formance of our method, CAMI-2DNet, relative to CAMI-
3D, CAMI-2D, and HOC in classifying children into diagnos-
tic groups by computing the receiver-operating characteristic
(ROC) curve across all sequences and trials of the CAMI-
47 dataset. Larger areas under the curve (AUC) indicate
better discriminative ability, as shown in Figure 2b. CAMI-
3D demonstrated the highest performance with an AUC of
0.859, indicating its superior capability in distinguishing be-
tween diagnostic groups. The 3D nature of this method likely
contributes to its better performance. The CAMI-2D method,
which operates on 2D video data, showed an AUC of 0.789.
While its performance is slightly lower than that of CAMI-
3D, it provides valuable discriminative ability, comparable
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Fig. 2: Comparing CAMI-2DNet, CAMI-2D, CAMI-3D, and human observation coding (HOC) on the CAMI-47 dataset (27
ASCs, 20 NT). (a) Correlation with HOC Scores: Scatter plots showing the correlation between HOC scores and the scores
from CAMI-3D, CAMI-2D, and CAMI-2DNet. CAMI-2DNet has the highest correlation with HOC scores. (b) ROC Curve
for Both Sequences: Receiver operating characteristic (ROC) curve: true positive rate vs. false positive rate as classification
threshold is varied. The Area Under the Curve (AUC) indicates the diagnostic ability of the different methods. CAMI-2DNet
(AUC = 0.843) demonstrates comparable performance to CAMI-3D (AUC = 0.859) and superior performance over both HOC
(AUC = 0.792) and CAMI-2D (AUC = 0.789). (c) Violin Plot of Scores: The violin plots illustrate the distribution of scores
for ASC and NT groups across the four methods. CAMI-2DNet not only shows a clear separation between the ASC groups
but also displays less variability within each group, highlighting its robustness and reliability.

to the HOC method (AUC = 0.792). The reliance on 2D
data without leveraging the depth information of 3D data
might account for this difference. CAMI-2DNet achieved
an AUC of 0.843, demonstrating comparable performance
to CAMI-3D and superior performance over both CAMI-
2D and HOC. CAMI-2DNet’s ability to operate directly on
video data without requiring HOC annotations during training
offers a significant practical advantage. This makes CAMI-
2DNet a highly effective and efficient tool for diagnostic
classification, balancing high performance with operational
simplicity. Furthermore, the violin plots, in Figure 2c, showing
the distribution of scores for the NT and ASC groups across
the four methods, demonstrate that CAMI-2DNet not only
exhibits a distinct separation between ASCs and NT groups
but also shows relatively reduced variability within each group,
underscoring its robustness and reliability.

The ROC curve for both sequences, consisting of two trials

in CAMI-47, is shown in Figure 3 (a-d). For instance, in
both trials of Sequence 1, CAMI-2DNet achieved the highest
AUC (Trial A: 0.885, Trial B: 0.887), outperforming CAMI-
3D (Trial A: 0.794, Trial B: 0.84), CAMI-2D (Trial A: 0.785,
Trial B: 0.839, and HOC (Trial A: 0.785, Trial B: 0.854).
For Sequence 2 - Trial A, CAMI-2DNet achieved an AUC
of 0.825, which is higher than CAMI-2D (0.802)2 and HOC
(0.762), but lower than CAMI-3D (0.906). In Sequence 2 -
Trial B, CAMI-2DNet and CAMI-2D both achieved an AUC
of 0.863, while CAMI-3D scored the highest at 0.906 and
HOC obtained 0.834. These trials demonstrate the consistent
and high performance of CAMI-2DNet across different se-

2The results for CAMI-2D reported in this paper differ from those reported
in the original CAMI-2D paper [20] due to two main reasons: i) the current
evaluation included 46 participants, compared to the 40 participants in the
original study, and ii) the analysis in this paper employs cross-validation,
whereas the original paper did not use cross-validation in its evaluation. These
factors contribute to variations in the performance outcomes observed.
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Fig. 3: Receiver Operating Characteristic (ROC) curves comparing the diagnostic performance of HOC, CAMI-3D,
CAMI-2D, and CAMI-2DNet across two datasets: CAMI-47 and CAMI-185. The top row (a-d) presents results on the
CAMI-47 dataset for two sequences, each consisting of two trials. CAMI-2DNet consistently outperforms HOC and CAMI-2D
and demonstrates comparable or superior performance to CAMI-3D. The bottom row (e-h) shows results on the CAMI-185
dataset, comparing CAMI-2DNet with CAMI-2D across two sequences and two trials. CAMI-2DNet achieves higher diagnostic
accuracy in all trials, demonstrating a higher AUC than CAMI-2D.

quences and trials, reinforcing its capability as a practical and
effective tool for diagnostic classification.

The ROC curves across both sequences and trials in the
CAMI-185 dataset further highlight CAMI-2DNet’s consistent
superiority compared to CAMI-2D. As shown in Figure 3 (e-
h), CAMI-2DNet achieves higher AUC scores in both trials
of Sequence 1 (Trial A: 0.787 vs. 0.737, Trial B: 0.853 vs.
0.824) and Sequence 2 (Trial A: 0.767 vs. 0.751, Trial B: 0.856
vs. 0.824). Overall, CAMI-2DNet outperforms CAMI-2D and
HOC in terms of diagnostic ability and maintains a strong cor-
relation with HOC scores. Moreover, CAMI-2DNet performs
comparably to CAMI-3D while offering greater practicality by
operating directly on video data and without needing labor-
intensive HOC annotations and ad hoc normalization steps.

VI. LIMITATIONS AND FUTURE DIRECTIONS

While CAMI-2DNet shows strong promise as a practi-
cal and scalable tool for motor imitation assessment, it has
some limitations that open avenues for future research. First,
learning disentangled motion representations is based on syn-
thetic data, which may not fully capture the variability and
complexity of real-world human movements. To bridge this
gap, we employed integrated training with real participant
data, but future work should explore other ways, such as
domain adaptation. Second, deploying CAMI-2DNet in real-
world clinical or mobile settings introduces challenges related
to computational efficiency and hardware limitations, and
comprehensive clinical assessment. Optimizing the model for
lightweight inference is a critical next step toward broader
accessibility and scalability. It should also be noted that

motor imitation difficulties captured by CAMI-2DNet rep-
resent only one aspect of autism. Thus, CAMI-2DNet can
be a useful tool that complements, but does not necessarily
replace, other diagnostic and treatment assessments that tap
into autism diagnostic criteria, such as social-communicative
difficulties and restricted interests and repetitive behaviors.
Finally, motor imitation behaviors could be influenced by
cultural and environmental factors. Expanding training and
evaluation datasets to include diverse populations would help
improve the model’s robustness and fairness across different
demographic and cultural contexts.

VII. CONCLUSION

We introduced CAMI-2DNet, a scalable and interpretable
deep learning-based approach to motor imitation assessment
in video data. CAMI-2DNet uses 2D pose estimation tech-
niques to extract 2D joint trajectories from the video. These
trajectories are then mapped to a motion representation that
is disentangled from nuisance factors such as body shape and
camera viewpoint. A motor imitation score is then computed
by comparing the motion representation of an individual to that
of the actor. Our experiments demonstrate that CAMI-2DNet
performs on par with CAMI-3D in discriminating ASC vs
neurotypical children, and outperforms both HOC and CAMI-
2D, while offering greater practicality by operating directly on
video data and without the need for ad hoc data normalization
and HOC annotations. These results highlight CAMI-2DNet as
an effective and accessible tool for assessing motor imitation
in children with ASCs and related developmental conditions.
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