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7 Method Supplement
7.1 Multi-scale GCN for Spatial Modeling
To effectively capture long-range and complex spatial correlations across skeletal joints, our framework implements a multi-scale Graph Convolutional Network (GCN) scheme. We begin by establishing a localized structural baseline through a -adjacency matrix . This matrix quantifies the connection topology between joints at a topological distance of exactly , which is formally defined as:
        					(4)
where  denotes the shortest path separating joint  from joint . To aggregate spatial information across diverse receptive fields, we gather these distinct topological scales from 0 up to a maximum neighborhood range  (=13). By concatenating these matrices along the secondary dimension (denoted by the operator ), we construct a comprehensive multi-scale adjacency representation :
			   (5)
where the normalization matrix  is a diagonal matrix derived from . Its diagonal elements are computed via , wherein a minor regularizer  is introduced to circumvent potential zero-degree isolation issues.
For an incoming spatial-temporal sequence denoted as , the aggregated multi-scale spatial feature map  is formulated through the following graph convolutional operation:
  				(6)
In this formulation,  represents a learnable parameter matrix designed to dynamically inference unconstrained joint dependencies. The function  rearranges the tensors to project the intermediate features from  into the target space . Finally, the transformation matrix  functions as a channel-wise adjustment convolution to yield the finalized embedding.
7.2 Description of Actions in LDA
As instantiated in Table 5 and 6, the behavioral workflow of the ENP and RJA protocols is structurally decomposed into sequential action phases, each augmented with dense textual descriptions across multiple anatomical dimensions—including the head, arms, and hands. These detailed language archetypes serve as the semantic grounding that guides the pretrained text encoder. By projecting these multi-level textual descriptions into the continuous latent space, the model successfully constructs a topologically meaningful “semantic map” thereby supervising the skeleton-based feature representations to conform strictly to the intrinsic clinical semantics rather than arbitrary numeric classifications.



Table 5 The Textual Description of Actions in the ENP Protocol.
	Action Name
	Action Description
	Head
	Left Arm
	Right Arm
	Left Hand
	Right Hand

	Background
	Without action
	Without action
	Without action
	Without action
	Without action
	Without action

	Open bubble water
	The doctor grasps    the bottle and unscrew the cap
	Tilt slightly forward
	Bent at the elbow, positioned in front of body
	Bent at the elbow, raised      to shoulder
	Grasp the bottle
	Unscrew the        cap counter-clockwise

	Blow bubbles,   interact with child
	The doctor blows bubbles  and plays with the child
	Tilt slightly forward
	Bent at the elbow, without action
	Raise to mouth     to blow the bubbles
	Grasp the bottle
	Close to the  mouth, or push forward   to play with the child

	Close and place   bubble water
	The doctor screws the bottle and puts the bottle at a specified position
	Tilt slightly forward
	Bent at the elbow to grasp the bottle, and then put the bottle to the specified position
	Bent at the elbow, raised to shoulder, and then put down
	Grasp the bottle, then move downward
	Screw the cap on clockwise, then move downward

	Observe
	The doctor sits on the chair and looks at the child
	Tilt slightly forward
	Hang down and don’t move
	Hang down and don’t move
	Don’t move
	Don’t move

	Take the ball
	The doctor puts the bottle down and then takes the ball to the table
	Turn left
	Reach under the table, then move upward
	Turn left and follow left arm
	Grasp the bottle and ball
	Without action, then grasp the ball with left hand

	Play with the ball
	The doctor plays with the ball with the child
	Tilt slightly forward
	Push the ball or without action
	Play the ball with child or without action
	Grasp the ball or without action
	Grasp the ball or without action

	Place the ball
	The doctor shuts down the ball and put the ball at a specified position
	Tilt slightly forward
	Bent at the elbow to put the ball to the specified position
	Bent at the elbow
	Grasp the ball, then move downward
	Grasp the ball, then move downward


Table 6 The Textual Description of Actions in the RJA Protocol.
	Action Name
	Action Description
	Head
	Left Arm
	Right Arm
	Left Hand
	Right Hand

	Background
	Without action
	Without action
	Without action
	Without action
	Without action
	Without action

	Point to target
	The doctor points to a specified target object
	Turn toward the target object
	Extend straight forward toward the target object and maintain
	Bent at the elbow or rest on the table surface
	Extend the index finger pointing directly at the target object
	Without action


7.3 Kullback-Leibler Divergence for Skeleton-Text Alignment
The extracted sequential motion features, including both body-part and whole-body features,  are first mapped onto a high-dimensional joint latent space, yielding an enriched representation . Utilizing the temporal annotations of action boundaries, we partition  into  distinct behavioral segments. A global temporal pooling operation is subsequently executed within each interval, generating a structured set of video-side action descriptors . Concurrently, let  denote the matrix containing the linguistic prior embeddings extracted across all  protocol action categories. By indexing the specific categorical label assigned to each of the  segmented samples, we assemble the target text-side embedding matrix . A cross-modal contrastive learning paradigm is then established between  and  to regulate the topological distribution of skeleton features according to textual logical boundaries.
Quantitatively, the semantic affinity between the motion segment descriptors and linguistic embeddings is measured via a frame-wise cosine similarity function, formulating a correlation matrix :
                   					(7)
where the similarity operator is defined as . To capture bidirectional associations,  undergoes Softmax normalization across both rows and columns independently, yielding the vision-normalized instance distribution  and the text-normalized instance distribution . Let  serve as the supervising ground-truth matrix, where  indicates that the -th skeleton segment and the -th text embedding share identical clinical labels (positive pairs), and 0 otherwise. The alignment optimization is driven by minimizing the multi-modal Kullback-Leibler (KL) divergence, forcing the network’s relational map to match the empirical target layout:
				      (8)
where  and represent the idealized ground-truth distribution and the empirical normalized similarity matrices, respectively. The  is defined as:
   				(10)
7.4 Skeleton Extraction
We perform 2D human pose estimation using the RTMPose [1] framework provided by the OpenMMLab MMpose toolbox. Specifically, we adopt the RTMPose model pre-trained on the COCO-WholeBody dataset, which originally predicts 133 keypoints per subject. 
However, under the constrained camera viewpoint in clinical settings, clinicians are often only partially visible (typically displaying the upper body and head). To eliminate redundant keypoint predictions and reduce feature dimensionality, we design a selective filtering mechanism to retain 53 essential keypoints for pose estimation input:
·Hand Keypoints (42 keypoints): Consisting of 21 keypoints for each hand, which encompass 1 wrist keypoint and 4 keypoints per finger across 5 digits.
·Head Keypoints (5 keypoints): Comprising the nose, left/right eyes, and left/right ears.
·Arm Keypoints (6 keypoints): Formed by the left and right shoulders, elbows, and wrists (3 keypoints per arm).
By focusing on these 53 informative keypoints, the proposed extraction pipeline effectively suppresses background keypoint noise while preserving fine-grained gesture and upper-body dynamic cues for subsequent behavioral modeling.
7.5 Threshold Definition and Protocol Design
The operational thresholds for task completion and response latencies in our experimental paradigms are defined based on established clinical screening protocols. Specifically, the design and threshold selection for the ENP paradigm follow the protocol formulated by Wang et al. [2], where temporal boundaries for pointing gestures and behavioral initiative are calibrated to distinguish autistic toddlers from neurotypical peers. Similarly, the threshold criteria for the RJA paradigm are followed from the joint attention cycle modeling introduced by Liu et al. [3]. It is worth clarifying that these threshold values are strictly grounded in literature-backed clinical guidelines rather than defined subjectively.
8 Experiments Supplement
8.1 Definition of Action Boundaries
The action definitions and precise temporal boundary criteria for both ENP and RJA protocols are systematically detailed in Table 7.
[bookmark: bookmark1]Table 7: Action definitions and temporal boundary rules for ENP and RJA protocols.
	Protocol
	ID
	Action Definition
	Start Frame Criteria
	End Frame Criteria

	ENP
	0
	Background
	N/A
	N/A

	
	1
	Open bubble bottle
	Grasp bottle cap
	Wand  suspended  at lip

	
	2
	Blow bubbles
	Wand at lip
	Intention to screw cap

	
	3
	Close and place bot- tle
	Touch cap
	Bottle released at pos

	
	4
	Observe child
	Bottle placed
	Intention to regrasp

	
	5
	Remove bottle and Get ball
	Intention to remove
	Ball placed in front

	
	6
	Play the ball with child
	Ball in front
	Touch ball for placement

	
	7
	Place ball
	Touch ball
	Ball released

	
	8
	Observe child
	Ball placed
	Intention to regrasp

	RJA
	0
	Background
	N/A
	N/A

	
	1
	Point at target
	Intention to point
	Finger retracted


8.2 Efficiency Analysis
To evaluate the computational efficiency and model complexity, we compare the FLOPs (Floating Point Operations) and parameter count (Params) of our proposed LAPS-AS with state-of-the-art temporal action segmentation and modeling methods. As shown in Table 8, lightweight convolutional architectures such as MS-TCN and ASRF achieve low computational overhead (3.13G FLOPs and 7.09G FLOPs, respectively), but often at the cost of limited spatio-temporal modeling capability.
In contrast, graph-based and transformer-based architectures require significantly higher computation. Our method, LAPS-AS, incurs 34.73G FLOPs and 2.73M parameters. Although our model introduces a slight increase in computational complexity to capture rich multimodal/temporal representations, it remains within a practical budget while delivering superior representation capacity and segmentation performance compared to existing methods.
8.3 Error Propagation and Sensitivity to Temporal Boundary Shifts
Segmentation errors primarily manifest as either action misclassifications or temporal boundary shifts (onset/offset jitter). Catastrophic misclassifications are mitigated by the high frame-wise accuracy of LAPS-AS (86.6% on ENP and 99.0% on RJA) and fall-back logic in our scoring protocol, occurring in less than 2% of cases.
To quantify the tolerance of the downstream scoring engine against primary boundary noise, we conducted a sensitivity analysis by introducing controlled temporal offsets (ranging from -1.0s to +1.0s) to the ground-truth observation windows. RJA remains above 91%. For ENP, consistency remains stable up to a +0.6s shift (declining from 82.1% to 78.4% thereafter), demonstrating that our pipeline effectively prevents segmentation boundary noise from undermining downstream assessment reliability.
[bookmark: bookmark2]Table 8 Comparison  of  computational  complexity   (FLOPs)  and  parameter  count (Params).
	Method
	FLOPs (G)
	Params (M)

	MS-TCN
	3.13
	0.52

	ASRF
	7.09
	1.19

	MS-GCN
	31.73
	0.84

	DeST-Transformer
	7.71
	1.10

	LAPS-AS (Ours)
	34.73
	2.73


8.4 Robustness Analysis
We conduct noise perturbation experiments on the input 2D skeleton keypoints under two typical synthesis settings:
·Gaussian Noise: Gaussian noise is added to the predicted 2D keypoint coordinates to simulate spatial location jitter and imprecise pose regression.
·Joint Occlusion: Keypoints corresponding to specific body parts are randomly masked or set to zero across continuous frames to simulate real-world visual occlusions.
As presented in Table 9, our model demonstrates strong resilience and stability against both keypoint perturbations. Under Gaussian jitter noise, the classification accuracy drops by a marginal 0.3% (from 86.6% to 86.3%), and the F1@50 score decreases by only 1.3%. Under the more challenging joint occlusion scenario, where spatial structural information is severely disrupted, our framework still maintains robust performance, experiencing slight performance drops of 3.1% in Accuracy and 2.7% in F1@50 score. These results confirm that our model does not overly rely on individual fragile keypoints, but rather effectively captures high-level temporal dynamics and holistic spatial dependencies, ensuring high reliability in practical applications.
[bookmark: _GoBack]Table 9 Robustness analysis on the ENP protocol dataset.
	Method
	Gaussian Noise
	Joint Occlusion

	
	Acc
	F1@50
	Acc
	F1@50

	Clean Input
Ours (Perturbed)
	86.6
86.3 (-0.3%)
	88.0
86.7 (-1.3%)
	86.6
83.5 (-3.1%)
	88.0
85.3 (-2.7%)


References
1.  Jiang T, Lu P, Zhang L, Ma N, Han R, Lyu C, et al. Rtmpose: Real-time multi-person pose estimation based on mmpose. arXiv preprint arXiv:2303.07399 2023.
2.  Wang Z, Qin H, Liu J, Zhou B, Wang X, Li H, et al. Early screening of autism in toddlers via express-needs-with-pointing protocol. IEEE J Biomed Health Inform 2025;29(4):2911-2921.
3.   Liu J, Wang Z, Qin H, Wang Y, Deng J, Li H, et al. Social recognition of joint attention cycles in children with autism spectrum disorders. IEEE Trans Biomed Eng 2023;71(1):237-246.
2

