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HIGHLIGHTS

« A large-scale ADOS-M1 dataset with refined paradigm annotations and item-level clinical scores.

« A multimodal framework integrates visual, audio, and dialogue cues through instruction-tuned LLMs.

» ADOS paradigm recognition and item-level behavior assessment are reformulated as structured text generation tasks.
» Accurate item-level prediction enables reliable subject-level ASD detection.

» Robust item-level behavior prediction from raw clinical recordings.
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ABSTRACT

Autism Spectrum Disorder (ASD) is a neurodevelopmental condition characterized by deficits in social com-
munication and interaction. The Autism Diagnostic Observation Schedule (ADOS) is widely regarded as the
gold-standard clinical tool for ASD assessment; however, the need for extensive expert observation limits its
scalability for large-scale screening. Recent studies in artificial intelligence have attempted to detect ASD from
multimodal behavioral data, yet most approaches directly predict diagnostic labels and fail to model the struc-
tured scoring protocol used in ADOS evaluations. In this study, we propose a multimodal large language model
framework for ADOS-M1 behavioral assessment from audio—visual data. The proposed method integrates vi-
sual, audio, and dialogue information through three modality branches. Lightweight adapters and Low-Rank
Adaptation (LoRA) are used to align multimodal representations with the embedding space of instruction-tuned
large language models (LLMs). Instead of predicting diagnostic labels directly, we reformulate ADOS paradigm
recognition and item-level behavioral assessment as structured text generation tasks, enabling LLMs to reason
over multimodal behavioral cues in accordance with clinical assessment rules. Experiments on a clinical ADOS-M1
dataset containing 447 participants demonstrate that the proposed framework significantly outperforms unimodal
and multimodal baselines. The best model achieves 73.77% accuracy in paradigm classification and 72.61% mean
accuracy averaged across all ADOS items at clip level, and enables subject-level ASD detection with up to 86.67%
accuracy. These results demonstrate the effectiveness of multimodal LLMs for ASD behavioral assessment.
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1. Introduction

Autism Spectrum Disorder (ASD) is a complex neurodevelopmental
disorder characterized by persistent deficits in social communication
and interaction skills, along with restricted and repetitive patterns of
behavior [23]. There is broad consensus among experts that early and
accurate diagnosis is essential for timely intervention and improved de-
velopmental outcomes [16,42,49]. Data reported by the U.S. Centers for
Disease Control and Prevention indicate a significant and sustained in-
crease in the prevalence of ASD in recent years [45]. Due to pronounced
differences in social communication and interaction, autistic children
often require long-term support. These neurodevelopmental traits can
place substantial psychological and financial demands on families and
present broader societal challenges [44].

Early and accurate diagnosis is essential for enabling timely inter-
vention and improving developmental outcomes. The ADOS [43] is
widely recognized as the gold standard for ASD diagnosis. This as-
sessment evaluates multidimensional competencies such as language,
social interaction, play, and restricted or repetitive behaviors through
structured and semi-structured interaction paradigms. However, the
ADOS assessment requires extensive expert observation and relies heav-
ily on subjective behavioral interpretation, which limits its scalability
and hinders widespread adoption, particularly in regions with limited
healthcare infrastructure.

Therefore, there is an urgent need for objective and efficient screen-
ing tools that can be easily implemented on a large scale. To this
end, researchers have increasingly investigated the application of ar-
tificial intelligence techniques for the automated analysis of autism-
related behaviors using audio-visual data. Previous studies have in-
vestigated feature-based deep learning methods that train classifiers
on visual [30,36,38,54,62,63], audio [5,28,34,46,71], text [3,11,41,58]
or multimodal fusion [48,57,60] representations for autism detection
and behavioral assessment. Despite their promising performance, these
approaches exhibit three major limitations. First, unimodal representa-
tions are insufficient to capture the complex interactions among visual
behaviors, speech prosody, and conversational semantics that are criti-
cal for ADOS behavioral assessment [19,47,48]. Second, conventional
multimodal fusion frameworks typically follow a feature-level classi-
fication pipeline, lacking the capacity to reason over clinical scoring
rules. Third, most existing models directly predict diagnostic labels with-
out explicitly modeling fine-grained ADOS behavioral items, thereby
limiting interpretability and clinical compatibility. Script-centric be-
havior understanding methods [37] attempt to address these issues by
transforming audio-visual data into structured behavioral scripts and
leveraging large language models for downstream reasoning. However,
the effectiveness of behavioral script generation depends on standard-
ized experimental settings and high-precision perception models. When
generic video-language models are employed, substantial performance
degradation is often observed [37].

Large language models (LLMs) [15,21,69] have recently demon-
strated remarkable reasoning capabilities and strong generalization
performance in instruction-following tasks, making them a promising
direction for medical diagnosis [18,50,59]. However, substantial distri-
butional discrepancies between perception models and language models
make the direct application of LLMs to raw audio-visual signals challeng-
ing. Moreover, existing video-language models [56,65] remain limited
in capturing the fine-grained behavioral patterns associated with ASD.

To address these challenges, we propose a multimodal framework
that enables instruction-tuned LLMs to perform ADOS paradigm clas-
sification and item-level behavioral assessment. Specifically, we de-
sign three modal branches (visual, audio, and dialogue) to transform
raw multimodal signals into token representations aligned with the
LLM’s embedding space. A lightweight adapter mechanism is intro-
duced to bridge cross-modal discrepancies, incorporating LoRA [24]
for parameter-efficient multimodal instruction tuning. Unlike conven-
tional end-to-end classifiers, our framework reformulates both paradigm
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classification and item-level behavior assessment as structured text gen-
eration tasks, thereby allowing LLMs to reason in accordance with
clinical rules. The methodological contribution of this work lies in
formulating the structured ADOS-M1 protocol as an item-oriented multi-
modal generation task for clinically interpretable behavioral assessment.

We collected a large-scale clinical ADOS-M1 dataset comprising 447
participants and conducted extensive experiments to evaluate the effec-
tiveness of the proposed framework. Compared with unimodal baselines,
conventional multimodal fusion methods, and script-centric behavioral
understanding methods, our approach achieves substantial improve-
ments in both paradigm classification and item-level assessment tasks.
Moreover, the predicted ADOS item scores effectively support subject-
level ASD detection under both ADOS rule-based and machine learning
backend based diagnostic protocols, highlighting the clinical relevance
of fine-grained behavioral assessment.

The main contributions of this study are summarized as follows:

We collect a large-scale ADOS-M1 clinical dataset with refined
paradigm annotations, standardized item-level behavioral scores
and expert diagnostic outcomes.

We propose a multimodal large language model framework that
integrates visual, audio, and dialogue information for automated
ADOS paradigm recognition and behavioral assessment.

We reformulate ADOS paradigm recognition and item-level behav-
ioral assessment as structured text generation tasks and introduce
multimodal instruction tuning with LoRA to adapt LLMs for clinical
behavioral reasoning.

Extensive experiments demonstrate that the proposed framework
significantly improves paradigm classification and item-level be-
havioral assessment, enabling reliable subject-level ASD detection.

2. Related work
2.1. Feature-based methods for automated autism detection

Recent advances in artificial intelligence have promoted automated
ASD detection from multimodal behavioral data. Early studies primar-
ily focus on unimodal representations. Vision-based approaches model
gaze patterns, body movement, or facial expressions using convolu-
tional or transformer-based architectures. For example, Liu et al. [36]
develop a machine learning framework based on eye-tracking features
of face processing abnormalities to automatically identify ASD in chil-
dren. Liu et al. [38] also introduce a multimodal dataset centered
on response-to-name behavior and propose a machine learning frame-
work that integrates audio and visual cues for automatic recognition
of autism-related behaviors. Li et al. [30] propose an appearance-based
gaze estimation method that extracts the 3D gaze direction from raw
video to characterize gaze behavior and achieve high accuracy in de-
tecting ASD. Wei et al. [62] propose a three-dimensional convolutional
neural network that leverages spatiotemporal action features for the
automatic detection of stereotyped movements in ASD. Chen et al.
[63] employ Longformer to establish the correlation of facial features
in videos over time, aiming to learn a deep representation from dy-
namic facial data for ASD detection. Audio-based methods enable early
screening by analyzing vocalization modes, acoustic characteristics and
intonation patterns. For example, Li et al. [34] present an automated
assessment framework that integrates prosodic and textual features to
identify atypical language behaviors in ASD. Mohanta and Mittal [46]
investigate a feature-based pipeline that analyzes low-level acoustic
speech descriptors and trains machine learning classifiers for ASD detec-
tion. Briend et al. [5] show that traditional acoustic features extracted
from speech recordings can achieve high accuracy in ASD classifica-
tion. Yin et al. [71] develop a machine learning-based early prediction
framework that leverages acoustic features extracted from infants’ vo-
calizations to identify ASD risk. In contrast, text-based methods utilize
transcribed dialogues to capture linguistic and pragmatic anomalies.
For example, Cho et al. [11] employ both textual and acoustic features



W. Liu, Y. Pan, D. Zhang et al.

extracted from conversational data and demonstrate the effectiveness of
machine learning models for ASD detection. Londhe et al. [41] com-
bine NLP feature extraction methods such as Bag-of-Words, TF-IDF,
and word embeddings with multiple machine learning approaches to
validate the effectiveness of text-based ASD detection. Themistocleous
et al. [58] integrate BERT [13] embeddings with machine learning mod-
els to classify children with ASD from typically developing (TD) based on
narrative production and expressive vocabulary. Assaf et al. [3] develop
a transcript-based ASD screening framework that extracts quantitative
linguistic features from children’s spoken language and trains machine
learning classifiers to distinguish ASD cases.

To better capture cross-modal interactions, Tsai et al. [60] proposed
a multimodal fusion framework (MULT) that integrates visual, audio,
and textual features via cross-modal attention mechanisms. Although
these approaches generally outperform unimodal baselines, they still
follow a feature extraction—classification pipeline that directly maps rep-
resentations to diagnostic labels. Such pipelines lack explicit modeling
of structured clinical rules like ADOS and often cannot simultaneously
predict multiple item-level scores, thereby limiting interpretability and
clinical applicability. Moreover, the lack of in-domain training data
often further degrades the performance.

2.2. Fine-grained behavioral modeling for ADOS-related assessment

Unlike direct diagnostic classification, ADOS evaluates multiple di-
mensions of social communication and interaction through structured
paradigms and standardized item-level scoring rules. Consequently,
recent studies have attempted to move beyond coarse diagnostic pre-
diction toward modeling the fine-grained behavioral patterns associated
with ADOS assessments.

Early research primarily focused on identifying and evaluating
specific interactive behaviors closely related to ADOS assessment items.
For instance, Pan et al. [52] developed a multimodal machine learning
framework that integrates speech recognition and facial expression anal-
ysis to automatically evaluate children’s responses in the Responsive
Social Smiling paradigm. Zhang et al. [73] constructed a 3D spatiotem-
poral facial analysis pipeline with few-shot learning, extracting facial dy-
namics from ADOS interview videos through spatiotemporal feature and
scene-level fusion. Cheng et al. [10] proposed a computer-assisted ASD
detection system based on multimodal behavioral signal processing, in
which audio-visual signals are parsed to evaluate several ADOS-related
behavioral patterns. Kim et al. [26] introduced an Al-based screening
framework that analyzes structured home videos (e.g., name response,
imitation, and ball play) by extracting gaze, motion, and audio features
to detect ASD risk. Kinfu et al. [27] proposed CAMI-2DNet, a deep
learning framework that assesses motor imitation deficits by analyzing
motion representations from video-based imitation tasks. Although these
studies attempt to model clinically relevant behavioral cues rather than
perform direct diagnostic classification, they typically focus on a lim-
ited subset of behaviors and therefore cannot provide a comprehensive
assessment across the full range of ADOS-related dimensions.

More recently, script-centric behavior understanding methods [37]
have emerged as a promising pipeline. This approach converts audio-
visual data into structured behavioral scripts, enabling LLMs to perform
downstream reasoning. By bridging multimodal perception models and
LLMs through textual behavioral representations, script-based frame-
works offer improved interpretability and better alignment with clinical
assessment rules. However, this method is primarily used to map multi-
modal inputs to behavior labels or textual descriptions, without explic-
itly modeling standardized clinical assessment protocols or leveraging
structured dialogue-level semantics.

2.3. Multimodal large language models for clinical reasoning

LLMs have recently achieved remarkable progress in instruction
following, reasoning, and domain generalization. Their strong natural
language processing capabilities demonstrate considerable potential for
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clinical reasoning [1,64,70]. In addition to text-only LLMs, Multimodal
Large Language Models (MLLMs) have emerged that can jointly process
visual, auditory, and textual inputs. For example, Zhang et al. [72] pro-
posed Video-LLaMA, an instruction-tuned audiovisual language model
that aligns pretrained visual and audio encoders with a large language
model through a Q-former module, enabling unified understanding
of multimodal video content. Li et al. [29] introduced a biomedi-
cal vision-language model that jointly trains a CLIP visual encoder
with a large language model via instruction fine-tuning, enabling con-
versational understanding and visual question answering on medical
images. Jiang et al. [25] proposed Med-MoE, a lightweight medical
vision-language framework that incorporates a hybrid expert archi-
tecture and a modality-aware routing mechanism to support efficient
multimodal medical reasoning across tasks. Deng et al. [12] intro-
duced an audio-visual autism behavior recognition framework that
combines visual features, audio captions, and speech transcripts with
a multimodal large language model to detect autism-related behav-
iors and generate interpretable explanations. He et al. [22] developed
PFMVG, a parameter-efficient fine-tuning framework for medical mul-
timodal LLMs. Built upon LoRA, this framework adapts LLMs to visual
localization tasks, enabling precise alignment between medical textual
descriptions and lesion regions in medical images.

Despite these advances, directly applying multimodal LLMs to struc-
tured behavioral assessment remains challenging. First, existing ap-
proaches do not explicitly model standardized clinical assessment pro-
cedures such as ADOS. In contrast, our work decomposes the problem
into paradigm classification, item-level behavioral assessment, and diag-
nostic inference, which closely align with real-world clinical evaluation
protocols. Second, prior studies mainly rely on low-level audio features
or plain speech transcripts, lacking explicit modeling of dialogue-level
semantic information, which is critical for assessing social communica-
tion behaviors.

2.4. Multimodal adaptation and spatiotemporal modeling

Recent advances in multimodal learning have substantially im-
proved the capabilities of multimodal large language models through
parameter-efficient adaptation techniques and more effective spa-
tiotemporal representation learning. For multimodal adaptation, Shen
et al. [55] propose a conditional mixture of LoRA experts to mitigate task
interference by constructing input-specific low-rank adaptations. Wang
et al. [61] introduce multimodal prompt tuning that learns prompts
on both the vision and language sides to improve cross-modal align-
ment. Liu et al. [40] formulate efficient multimodal instruction tuning
as directly editing semantically rich multimodal representations. Recent
video understanding research has further explored spatiotemporal mod-
eling and parameter-efficient reasoning. Yan et al. [67] develop a
weakly supervised video instance segmentation framework that lever-
ages spatiotemporal collaboration. Yan et al. [66] propose knowledge-
aware generative prompt collaboration for parameter-efficient video
captioning. Chen et al. [7] introduce a prompt-guided intent aligner
for lightweight iterative reasoning in zero-shot object navigation. Yan
et al. [68] integrate long-range, short-range, and local-keyframe repre-
sentations for fine-grained video captioning. Although these methods
address tasks different from clinical behavioral assessment, they high-
light promising directions for modeling temporal dynamics, adapting
multimodal representations, and improving structured reasoning over
video inputs.

3. ADOS-M1 clinical dataset collection

The SYSU-ADOS-M1 clinical dataset is a multi-view audio-visual
dataset designed in accordance with the ADOS Module 1 [43] for
structured ASD assessment. All participants provided written informed
consent, which was approved by the Institutional Review Board (IRB) of
the Third Affiliated Hospital of Sun Yat-sen University.



W. Liu, Y. Pan, D. Zhang et al. Neurocomputing 706 (2026) 135024

o 51 @

T View 1 View 8 View 7

Doctor

[ @

Paradigms

door

View 2 . . View 6
Child Parent
View 3 View 4 View 5
N .5 w 4‘
k m )
Functional and symbolic imitation Birthday party Snack
(a ) Equipment Layout (b) Paradigms (¢) Tool Box
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from Viewpoint 1 as shown in (a). Although multiple views were collected, only Viewpoint 1 was used to ensure consistency and reduce computational complexity.

(c) Overview of the toys used in the assessment paradigms.

3.1. Capture system

To minimize external influences on the ADOS assessment process
and ensure video stability, all recordings were conducted in a quiet
hospital room with a standardized data acquisition system. Fig. 1 (a)
illustrates the equipment setup. Eight RGB cameras (1280 x 768 resolu-
tion) were placed around the assessment area, capturing synchronized
50 fps recordings. In post-processing, video streams were further aligned
using recorded timestamps to ensure temporal consistency across views.

The doctor and child sat facing each other at a table, with the par-
ent seated beside the child for support. The doctor and child each wore
wireless microphones, capturing individual speech signals at a 16 kHz
sampling rate, resulting in three synchronized audio tracks. These au-
dio tracks were subsequently merged into a single audio stream for
downstream processing.

3.2. Paradigms

Module 1 of the ADOS [43] is designed for toddlers or children
with very limited language skills. The doctor employs a series of semi-
structured activities to observe the child’s socialization, communication,
imaginative play, and imitation skills. The ADOS-M1 video dataset com-
prises 10 structured interaction sections (paradigms) between doctors
and children. Fig. 1 (b) illustrates the snapshots of the ten paradigms.
The experimental paradigms and their corresponding descriptions are
shown in Table 1.

3.3. ADOS participants

During the recruitment phase, a total of 628 parents agreed to have
their children participate in this study. During the data screening phase,
we excluded children diagnosed with Fragile X syndrome, tuberous scle-
rosis, Down syndrome, or those with a significant early medical history.
Additionally, children with missing data recordings or incomplete basic
information were excluded. The final dataset included 447 participants.
It comprises 316 children diagnosed with ASD and 131 children with TD.
Participants ranged in age from 17 to 161 months, including 366 males
and 81 females. Although a small number of participants exceeded the
typical age range of Module 1, their expressive language abilities were

Table 1
Description of Experimental Paradigms.

Paradigm Abbreviation Description

Free FR The child engages in spontaneous play with
age-appropriate toys in an unstructured setting,
enabling assessment of natural social initiation
toward the parent or doctor.

The child’s attention and responsiveness to ex-
ternal social cues are evaluated by calling their
name during ongoing activity.

Shared attention is elicited via gaze, gestures, or

Response to Name RN

Response to Joint RJA

Attention verbal cues, assessing the child’s ability to follow
and coordinate attention with the doctor.
Bubble Play BUP Interactive engagement is stimulated through

bubble play, capturing affective expression,
attention, shared enjoyment, and motor
responses.

The child’s ability to anticipate sequential ac-
tions is assessed within familiar object-based
routines (e.g., balloon play).

Anticipatory behavior is evaluated within fa-
miliar social interactions (e.g., hide-and-seek),
reflecting social prediction ability.

Anticipation of ARO
a Routine with

Objects

Anticipation ofa  ASR
Social Routine

Functional FSI The child’s capacity to imitate familiar func-
and Symbolic tional and symbolic actions demonstrated by the
Imitation doctor is examined.

A simulated social scenario is used to assess
social interaction, emotional expression, and
verbal communication abilities.

Birthday Party BIP

Snack SN Food-related interaction is used to evaluate the
child’s requesting behavior and responsiveness
to others.

Non-paradigm NP Unstructured segments outside predefined

paradigms, typically corresponding to transitions
between adjacent activities.

consistent with Module 1 criteria. The mean age was 39.9 months for
male participants and 44.6 months for female participants. Fig. 2 clearly
shows that ages are concentrated between 24 and 60 months.

All participants were Mandarin-speaking or Cantonese-speaking chil-
dren from an urban region of China. Although specific socioeconomic
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indicators were not stored due to privacy regulations, the recruitment
center predominantly serves middle-income families.

Each child underwent a standardized ADOS-2 Module 1 assess-
ment [20]. ADOS-2 assessments were administered by experienced doc-
tors who had obtained clinical administration qualifications for ADOS-2.
Final ASD diagnostic labels were determined through consensus among
at least two senior doctors based on a comprehensive evaluation of
ADOS-2 scores, clinical observations, and developmental history. Fig. 3
displays the scoring distribution of the ADOS-2 for child participants,
providing a basic profile of children in our clinical database.

3.4. ADOS scores and annotation

The expert scores for ADOS Module 1 are determined by evaluat-
ing all paradigm videos collectively, rather than assessing individual
paradigm videos. The scoring system consists of 29 items categorized
into 5 categories: (A) language and communication (8 items), (B) recip-
rocal social interactions (12 items), (C) play (2 items), (D) stereotypic
behaviors and restricted interests (4 items), and (E) other unusual be-
haviors (3 items). In this study, only 12 items (A2, A5, A6, A7, A8,
B1, B3, B5, B9, B10, B11, B12) relevant to rule-based ASD classifica-
tion algorithm [20] were selected. The specific item names and their
corresponding descriptions are provided in Table 14 (Appendix A).

Each item may contain several score levels: 0, 1, 2, 3, 7, and 8. Most
items use scores ranging from O to 3, representing the severity of ASD-
related behaviors. A score of 0 indicates that the behavior does not align
with the expected ASD characteristics for that item, whereas a score
of 3 signifies a high level of autism-related concern. A small subset of
items includes scores of 7 or 8, which denote that the behavior is not
applicable for ASD assessment. For example, a score of 8 for item A3
indicates insufficient vocalization, preventing speech evaluation, while
a score of 7 for item E1 suggests an activity level too low for judgment.

According to the revised ADOS-2 assessment algorithms [20], item-
level assessment scores (item scores) are recoded as follows: (1) item
scores of 0, 1, and 2 are retained, (2) item scores of 3 are recoded
as 2, (3) item scores of 7 and 8 are recoded as 0. After recoding,
the revised algorithm is used to compute domain totals for Language
and Communication (Class A) and Reciprocal Social Interaction (Class
B). Diagnostic classifications are then determined based on established
cutoff thresholds using Class A, Class B, and their combined total
(A+B) [51]. Algorithm 1 illustrates the process of score recoding and di-
agnostic classification in Module 1. This assessment algorithm is applied
solely for diagnostic classification.

3.5. ADOS assessment videos

The ADOS is a semi-structured, standardized behavioral observation
scale. Trained doctors systematically elicit and observe an individ-
ual’s communication, social interaction, and repetitive behaviors across
different interaction paradigms. In this study, a standardized data col-
lection system recorded video and audio of the entire interaction. Most
of the time, participants sit in chairs with the doctor and conduct the in-
teraction at a table, ensuring the camera can clearly capture them. Each
video consists of 20-80 min. The average duration of the videos is about
36.38 min.

Due to computational resource constraints, long videos remain chal-
lenging for direct model analysis. Therefore, the long videos were
divided into non-overlapping 30-second clips. Based on the annotated
start and end timestamps for each paradigm, the type of paradigm of
each 30-second clip can be derived from the manually labeled times-
tamps. Table 2 presents the average length, total length, and the number
of 30-second clips for each paradigm.

Because the raw audiovisual recordings contain sensitive infor-
mation involving children, they cannot be released publicly. Subject
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Algorithm 1 Calculation and Classification for ADOS-M1 [51].
Input: Category A scores A2, AS,A6,A7,A8; Category B scores
B1, B3, B5, B9, B10, B11, B12
Output: Diagnostic classification
d € {Autism, Autism Spectrum, Non-Spectrum }

1: S, < A2+ A5+ A6+ AT + A8

2: Sp < Bl+ B3+ B5+ B9+ B10+ B11+ B12
3 if S, >4ASg>TAS, +Sp > 12 then
4.
5

: d < Autism
celseif Sy >2ASg > 4AS +Sp > TA(Sy >4ASp >2TAS,+ S >
12) then
d « Autism Spectrum
else
d < Non-Spectrum
: end if
10: return d

° ®ND

Table 2

The information of selected ADOS paradigm videos.
Paradigm  Average Length  Total Length  Clip Count
FR 9.79 4484.90 7385
RN 0.42 660.13 510
RJA 1.28 601.56 663
BUP 2.35 1112.45 1765
ARO 2.56 1245.08 2502
ASR 0.82 585.06 569
FSI 1.94 935.52 1374
BIP 5.19 2296.17 4053
SN 4.04 1895.05 3325
NP 5.29 2366.9 8017

1 Average length is computed per subject.

2 Total length is aggregated across all participants.

3 The statistical units for “Average Length” and “Total
Length” are minutes.

to institutional and ethical approval, we will work toward providing
qualified research collaborators with controlled access to de-identified
behavioral feature representations and corresponding ADOS item-level
scores.

3.6. Task design

Clinical assessment videos for a single individual are typically up
to one hour long and contain both paradigm and non-paradigm clips.
To assess long videos fully automatically, we divide them into non-
overlapping 30-second clips. In the first step, each clip is classified into
a paradigm category to filter out non-paradigm segments and to provide
category information for the subsequent assessment model. In the sec-
ond step, multi-item assessments are conducted on the paradigm clips.
Therefore, the task design is as follows:

Task 1: Paradigm Classification. The first task aims to identify the
interaction paradigm of a given 30-second video clip. Each clip is as-
signed a single paradigm label corresponding to the ADOS-2 Module 1
activity during which it was recorded. This task evaluates the model’s
ability to distinguish between structured and unstructured assessment
paradigms.

Task 2: Item-level Behavioral Assessment. The second task fo-
cuses on predicting assessment scores for paradigm clips (Non-paradigm
clips are excluded in advance during both training and testing). For
paradigm clips, the model predicts scores for all ADOS behavioral items.
Each item score is formulated as a multi-class classification problem,
where discrete score values follow the standardized ADOS-2 scoring
criteria. Although ADOS item-level scores are determined based on
the entire assessment session rather than individual video segments,
we apply the same item scores to all 30-second clips extracted from
the same recording. This design is motivated by the observation that
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many ADOS behavioral indicators, such as vocalization frequency, joint
attention, and social interaction patterns, tend to manifest repeatedly
across different paradigms during the assessment process. As a result,
short video clips still contain informative behavioral cues relevant to the
final item-level evaluation. Moreover, using clip-level supervision en-
ables the model to learn fine-grained behavioral patterns associated with
different interaction paradigms while preserving standardized clinical
labels. During inference, predictions from multiple clips are aggregated
to obtain subject-level behavioral assessments.

In Task 2, original ADOS item scores, including values of 7 and 8,
are treated as distinct classes and directly learned by the model in a
multi-class classification setting. The recoding of assessment scores 7 or
8 to 0 is applied only during the post-processing stage for ASD diagnostic
classification. All models predict original item scores rather than recoded
scores.

The two tasks are designed to capture complementary aspects of
clinical assessment. Paradigm classification provides coarse-grained
contextual understanding, while behavioral score prediction targets fine-
grained behavioral quantification. The integration of these two tasks
enables fully automated assessment of long videos.

4. Methods

Fig. 4 illustrates the general framework of our proposed multimodal
method, enabling LLMs to recognize ADOS paradigm and assess ADOS
behavior. This method enables LLMs to understand visual and audio
signals to accomplish specific ADOS-related tasks.

Specifically, we designed three branches: the visual branch, audio
branch, and dialogue branch, to convert video and audio into token rep-
resentations comprehensible to LLMs. In this section, we first define the
problem, then introduce the structure and functionality of each branch,
and finally describe large language model and the process of instruction
tuning.

4.1. Problem formulation

Each sample corresponds to a 30-second multimodal clip x, including
a video segment v, and an audio segment a. We study two tasks based
on the same multimodal input:

« Task 1 (Paradigm Classification): Given a 30-second clip, predict
its corresponding ADOS paradigm label y» € {1,..., K}, where K
includes all structured paradigms as well as the non-paradigm (NP)
class.

« Task 2 (Item-level Behavioral Assessment): Given a 30-second
clip from paradigm clips, for each ADOS behavioral item m €
{1,..., M}, predict a discrete score yE,",) €{0,1,2,3,7,8}.

Task 1 can be formulated as a multi-class classification problem with
10 categories, while Task 2 can be regarded as a multi-task multi-class
classification problem involving 12 ADOS items, each associated with 4
or 5 possible score levels. Both tasks were reformulated as structured text
generation problems for LLMs. The generated structured outputs were
then parsed using regular expressions to obtain independent prediction
results.

4.2. Visual branch

The video branch takes a 30-second video clip as input, from which
visual representations are extracted and subsequently analyzed by the
backend LLM. When selecting a video foundation model, it is essen-
tial to consider its capability to model temporal dynamics and support
complex video-language understanding tasks. To this end, we adopt
the recently proposed video foundation model (UML [32]) for visual
feature extraction. UML is built upon the vanilla ViT-L/16 [14] architec-
ture and employs a progressive pre-training framework. Benefiting from
large-scale pre-training on the Kinetics-710 dataset [31] and multiple
image—text corpora [8], UML is well suited for capturing temporal
information and supporting time-aware video-language understanding.
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Fig. 4. The overview of our proposed Visual-Audio-Dialogue (VAD) framework for ADOS-M1 behavioral assessment. Given a 30-second ADOS-M1 video segment,
the framework integrates three modalities, including visual, audio, and dialogue information. The visual and audio streams are encoded by pre-trained encoders and
aligned to the language space via modality-specific adapters. In parallel, structured dialogue text is obtained through speaker diarization, speech recognition, and
role identification, followed by tokenization. All modality tokens are then fed into a large language model (LLM), where instruction tuning and LoRA are employed
to enhance task-specific reasoning. The model jointly performs two tasks: ADOS paradigm classification and item-level behavioral assessment. The predicted item
scores are further utilized for subject-level ASD detection via rule-based inference or machine learning-based classification.

Given a video segment v, we first downsample the frame rate to 8
FPS and then extract visual tokens using a UML encoder, which is kept
frozen during training. The resulting visual token sequence is denoted
as

Z, € RTvxdo, (€))]

where T, and d, denote the number of tokens and the embedding
dimension, respectively. In our setting, T, = 240 and d,, = 1024.

Pre-trained visual encoders provide powerful general representa-
tions. However, their feature distributions differ significantly from
those of LLMs. To address this, we introduce lightweight visual-modal
adapters that project visual representations onto a unified semantic
space grounded in language reasoning, enabling efficient cross-modal
fusion.

The visual adapter is implemented as a lightweight linear projec-
tion layer that maps UML features to the target embedding dimension
of the backend language model. This design ensures minimal parameter
overhead while enabling effective alignment between visual tokens and
language representations. The lightweight linear projection is applied to
align visual tokens:

H,=7,(2,)=2Z,W,, 2
where W, € R%*¢ is a trainable projection matrix, and H, € R7vX4,

4.3. Audio branch

The audio branch takes the audio corresponding to a 30-second video
clip as input, extracts an audio representation from it, and then feeds
it to the subsequent LLMs. Verbal and nonverbal cues play a crucial
role in behavioral assessment, particularly in tasks involving social com-
munication and interaction analysis. In clinical assessment scenarios,
audio signals often exhibit high variability in speech rate, articulation,
background noise, and recording conditions. Therefore, a pretraining

audio encoder with strong robustness and generalization capabilities
is essential for reliable feature extraction. In this work, we adopt the
Whisper-large-v3 [53] model as the audio backbone to extract audio
features from raw speech signals.

Given an audio segment a, we extract audio features using Whisper-
large-v3, which is also frozen during training:

Z, € RTaxd, 3)

For audio adapter, we adopt the OsumAdaptorModule proposed in
OSUM [17], which consists of 3-layer 1D convolutional layers (Conv1D)
and 4-layer Transformer, and a linear projection layer to map audio
features into the LLM embedding space:

H,=/,2Z,). H,eR™ ©

This architecture bridges the output of the speech encoder with the
input requirements of the LLM, achieving efficient modal alignment.

4.4. Dialogue branch

The dialogue branch takes a raw audio signal as input and aims to
transform audio into structured dialogue through a multi-stage speech
processing pipeline. Specifically, the speech signal is processed in three
sequential stages.

In the first stage, a speaker diarization model, S2SND [9], is em-
ployed to segment the continuous audio stream and generate a times-
tamped speech log d, where speaker role identities are initially un-
known. In the second stage, the automatic speech recognition model
(WhisperX [4]) is applied to the speech segments defined by the speech
log, producing timestamped dialogue transcripts s. In the third stage, a
speech-based age estimation model (wav2vec2 [6])is used to infer the
age of each speech segment. Given that the video recordings involve
only three predefined role identities (doctor, parent, and child) and fol-
low a semi-structured evaluation protocol, speaker roles are inferred
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using a rule-based strategy that combines age estimation and speak-
ing frequency statistics. Specifically, doctors are typically characterized
by higher speaking frequency and older age, parents by lower speaking
frequency and older age, and children by younger age.

Finally, the dialogue content is organized into a structured format
[timestamp, speaker, utterance], as illustrated in the Dialogue Text of
Fig. 4. The dialogue content is tokenized using the LLM tokenizer to
produce text tokens Z,. Similarly, specific task prompts and questions
are also processed by the LLM tokenizer and converted into text tokens,
referred to as P, and Q,, respectively.

4.5. Large language models

Finally, we concatenate the adjusted visual token H,, audio token
H,, and text token H, (including task-specific prompts P,, questions Q,,
and dialogues Z,) to form the input sequence for LLMs:

X =[H,,H,,P,Q.Z] )

The objective is to generate reasonable and consistent target outputs
(answers) X, based on X.

X, = LLM(X) (6)

We employ LLMs based on the decoder-only architecture (such as
the Qwen series models [69]) to process input sequences and gener-
ate structured text responses. For Task 1, the model outputs a single
paradigm label; for Task 2, it outputs assessment scores for the queried
ADOS items.

4.6. Multimodal instruction tuning

The multimodal instruction fine-tuning in this paper comprises two
stages: In the first stage, the parameters of the visual encoder, audio en-
coder, and LLM (all checkpoints from existing open-source models) are
frozen, while only the parameters of the video and audio adapters are
trained to achieve multimodal language alignment [12,33,72]. In the
second stage, the frozen LLM parameters are unfrozen, and LoRA [24]
is employed for efficient training to adapt to different downstream
tasks [35]. In both stages, we fine-tune the model using instruction
data to optimize performance. To adapt to different tasks, the instruc-
tion content is designed differently, with specific instructions detailed in
Appendix B. We perform instruction-tuning of the LLM on the prediction
tokens, using its original auto-regressive training objective. The training
process is given a target text answer y, and the training objective is the
standard next-token prediction loss:

1yl
£=— Y logpy(y, | X, yp)- %)

t=1

Fig. 5 illustrates the unified format for multimodal instruction se-
quences during multi-turn dialogues, showing only two dialogue turns
here. The number of turns varies by task category: Task 1 has only one
turn, while Task 2 has 12 turns, each corresponding to one ADOS item
assessment. During training, we follow the format specified by the Qwen
model [69] to structure the instruction sequence. After fine-tuning, the
LLM predicts both the assistant response and the stop position; thus,
the green sections in the format are used to compute losses in the
auto-regressive model.

5. Experiments
5.1. Experimental setup

All experiments adopt a subject-independent data splitting strategy.
Specifically, participants are randomly sampled at the subject level into
training and test sets with a ratio of 90% and 10%, respectively. All
30-second video clips extracted from the same participant are strictly as-
signed to the same split, ensuring that no subject appears in both training
and test sets.
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<im_start>system P, <im end>

<|im_startPuser Hy; H; Z;; Qy <[im end|>
<|im_start[>assistant X,; <|/im end

<|im_start[>user Q,, <|im_end|>
<|im_start[>assistant X,, <|im end|>

Fig. 5. The unified format for multimodal instruction sequences.
<|im_start|>system denotes the start marker for system prompts,
<|im_start|>user indicates the start marker for user utterances, and
<|im_start|>assistant signifies the start marker for model responses.
<|im_end|> denotes the stop token.

A fixed random seed is used to ensure reproducibility, and the main
experiments use the same split to maintain a consistent evaluation proto-
col across tasks. To further assess robustness across alternative subject
splits, we additionally perform subject-independent stratified five-fold
cross-validation, as reported in Section 5.5.5.

5.2. Baseline methods

We established a comprehensive benchmark comparison, as shown in
Table 1. The baseline methods encompass two categories: feature-based
deep model methods and script-centric behavior understanding (SCBU)
methods [37]. The specific experimental workflow and details are as
follows:

(1) Feature-based deep learning methods. This class of methods
follows an end-to-end feature classification framework across multiple
modalities. Modality-specific representations are first extracted using
deep learning models, after which prediction heads are employed to di-
rectly learn the mapping from input features to target labels for various
downstream tasks. In our experiments, unimodal approaches (visual, au-
dio, and dialogue) as well as tri-modal fusion methods were evaluated
separately. To ensure a fair and rigorous comparison, the pre-trained
models used for feature extraction were kept consistent with those
adopted in our proposed framework.

« Vision Transformer (ViT) [32] is employed to extract visual rep-
resentations, followed by training a prediction head for paradigm
classification or ADOS item score prediction. The extracted video
features have a dimensionality of 1568 x 1024 per second. For a
30-second clip, frame-level features are temporally aggregated via
average pooling to produce a sequence-level representation.
Whisper-Large-V3 [53] is employed to extract audio representa-
tions, followed by training a prediction head for paradigm classi-
fication or item-level assessment score prediction. The extracted
audio features have a dimensionality of 1500 x 1280 per second.
Temporal aggregation is performed using average pooling along
the time dimension to obtain a compact clip-level representation.
BERT [13] is employed to extract text representations, followed
by training a prediction head for paradigm classification or ADOS
item score prediction. Specifically, the textual modality is de-
rived from timestamped dialogue content obtained through the
dialogue branch of the proposed framework. For each 30-second
audio segment, transcripts are temporally aligned by dividing the
segment into fixed-length intervals (1 s), with speech segments as-
signed to corresponding intervals based on timestamps. Intervals
without dialogue are filled with a special token ({silence)) to pre-
serve temporal consistency. Each interval-level text is then encoded
using a pre-trained BERT model, from which the [CLS] token
representation is extracted as the segment-level embedding. This
process produces a fixed-length textual feature of size 30 x 768.
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Table 3

The accuracy for paradigm classification (10-category) at the
30-second clip level in Task 1. V represents video, A represents
audio, T represents text, and D represents dialogue transcripts.

Model Modality ~ Post-training ~ Acc
VIT [32] A v 0.2629
Whisper-Large-V3 [53] A v 0.4505
BERT [13] T v 0.4099
MULT [60] VAT v 0.5573
SCBU-qwen3-omni [37] VAT X 0.4763
VAD-Qwen2.5-0.5B VAD X 0.3945
v 0.6091
VAD-Qwen3-0.6B VAD X 0.4195
v 0.6119
VAD-Qwen3-4B VAD X 0.4498
v 0.6588
VAD-Qwen3-8B VAD X 0.4846
v 0.6763
VAD-Qwen3-30B VAD X 0.4994
v 0.7377

« The multimodal transformer (MULT) [60] is employed for temporal
cross-modal fusion of multimodal features, followed by training
a prediction head for paradigm classification or ADOS item score
prediction. To address the mismatch in feature dimensions across
modalities, we apply a learnable linear projection layer prior to
cross-modal fusion.

(2) Script-centric behavior understanding method. This method
leverages a general video-language model to transform multimodal in-
puts into structured behavioral scripts, thereby enabling large language
models (LLMs) to perform downstream tasks. Specifically, we employ
Qwen-Omni [65] to convert audio and video data into textual repre-
sentations, which are then fed into Qwen3-30B-A3B-Instruct [69] to
accomplish Task 1 and Task 2.

5.3. Overall performance

We evaluate the proposed Visual-Audio-Dialogue (VAD) frame-
work on both Task 1 (Paradigm Classification) and Task 2 (Item-level
Behavioral Assessment). Within the VAD framework, we evaluated the
impact of LLMs with different parameter scales. For example, VAD-
Qwen2.5-0.5B denotes that the LLM backbone adopts the Qwen2.5
model with 0.5B parameters. The quantitative results are reported in
Tables 3 and 4, respectively.

Task 1: Paradigm Classification. As shown in Table 3, uni-
modal models exhibit limited performance. The visual-only model (ViT)

Table 4
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achieves an accuracy of 26.29%, while audio-only (Whisper-Large-
V3) and text-only (BERT) models obtain 45.05% and 40.99%, respec-
tively. This indicates that visual cues alone are insufficient for reliable
paradigm identification, and speech-related modalities provide more
discriminative information.

Among traditional multimodal baselines, MULT achieves 55.73% ac-
curacy, outperforming the zero-shot SCBU-Qwen3-Omni. A potential
explanation for the inferior performance of zero-shot SCBU compared
with traditional multimodal feature-based methods is its reliance on the
capabilities of the video-language models. Despite recent advances, cur-
rent video-language models remain limited in their ability to directly
capture fine-grained distinctions between ASD-related behaviors and
different ADOS paradigms.

However, when integrating multimodal features with instruction
tuning and LoRA, the performance improves substantially. In particular,
VAD-Qwen3-30B with LoRA achieves the best accuracy of 73.77%, sur-
passing the strongest baseline (MULT) by 18.04% in absolute terms. This
significant improvement demonstrates the effectiveness of multimodal
alignment and large-scale language reasoning for 10-category paradigm
classification.

For the impact of LoRA Fine-Tuning, the accuracy of LLMs across
different parameter scales improves significantly after LoRA fine-tuning.
This substantial and stable improvement suggests that LoRA fine-tuning
plays a crucial role in adapting LLMs for paradigm classification tasks.
Without post-training, even large-scale models fail to fully exploit mul-
timodal cues. For example, VAD-Qwen3-30B achieves 47.63%, which
is lower than MULT. With LoRA fine-tuning, the models can effec-
tively align visual-audio-text representations with the target paradigm
categories.

Furthermore, model scaling remains beneficial under LoRA fine-
tuning. The accuracy steadily increases from 60.91% (VAD-Qwen2.5-
0.5B) to 73.77% (VAD-Qwen3-30B), demonstrating that both LoRA and
model capacity contribute to improved paradigm understanding.

Task 2: Item-level Behavioral Assessment. Table 4 reports the ac-
curacy for each ADOS item and the overall mean accuracy. Compared
with unimodal and conventional multimodal baselines, our method
achieves substantially better performance across almost all items. The
best-performing model, VAD-Qwen3-30B with LoRA, achieves a mean
accuracy of 72.61% at the 30-second clip level, which is 25.60% higher
than the strongest baseline BERT (47.01%).

Notably, performance gains are consistently observed across both so-
cially interactive items (A-series) and communicative behavior items (B-
series). For the A-series, which typically involve language and nonverbal
interaction cues, the proposed model yields substantial improvements.
For example, the accuracy on A2 increases from 24.22% (VIT) to 93.89%
(VAD-Qwen3-30B with LoRA), and A8 improves from 26.41% (BERT) to

The accuracy of each ADOS item at the 30-second clip level in Task 2. Language and communication items are denoted in A-series and reciprocal social interaction

are B-series items (Details can be found in Table 14). Post represents Post-training.

Model Post A2 A5 A6 A7 A8 Bl B3 B5 B9 B10 B11 B12 Mean
VIT [32] v 0.2422 0.4513 0.4238 0.2396 0.3206 0.7899 0.3929 0.4882 0.4577 0.4814 0.3865 0.2441 0.4098
Whisper-Large-V3 [53] - 0.3458 0.4950 0.4475 0.3744 0.3228 0.8140 0.4867 0.4188 0.5228 0.5801 0.4520 0.3345 0.4662
BERT [13] v 0.2475 0.5763 0.5714 0.3850 0.2641 0.8535 0.2968 0.4241 0.5624 0.6584 0.4776 0.3251 0.4701
MULT [60] v 0.2870 0.3378 0.5171 0.2934 0.2915 0.8026 0.4915 0.3548 0.4667 0.5242 0.4606 0.3559 0.4319
SCBU-Qwen3-Omni [37] X 0.3543 0.3974 0.2294 0.2983 0.4148 0.8338 0.5635 0.1363 0.5869 0.6434 0.1174 0.3501 0.4105
VAD-Qwen2.5-0.5B X 0.3185 0.4048 0.4727 0.3061 0.4167 0.7641 0.4727 0.4727 0.4690 0.4543 0.4130 0.2331 0.4331
v 0.5286 0.5667 0.6135 0.5318 0.5557 0.8054 0.6406 0.5699 0.5814 0.5594 0.5796 0.5291 0.5885
VAD-Qwen3-0.6B X 0.3070 0.4094 0.4484 0.3199 0.3974 0.7737 0.4263 0.4897 0.4924 0.4690 0.4511 0.2143 0.4332
v 0.5722 0.5984 0.6305 0.5796 0.5869 0.8086 0.6558 0.6080 0.6112 0.5920 0.6158 0.5653 0.6187
VAD-Qwen3-4B X 0.3350 0.4475 0.5231 0.3988 0.3745 0.8513 0.4768 0.4947 0.5704 0.4915 0.4195 0.2910 0.4728
v 0.9183 0.7278 0.7044 0.6071 0.6085 0.7999 0.5516 0.5516 0.6778 0.6333 0.5663 0.5768 0.6574
VAD-Qwen3-8B X 0.3433 0.4176 0.4933 0.3378 0.4195 0.7760 0.5076 0.5296 0.5168 0.5140 0.4328 0.3061 0.4662
v 0.9219 0.7329 0.7104 0.6140 0.5952 0.8090 0.6727 0.5387 0.7012 0.6480 0.5819 0.5938 0.6767
VAD-Qwen3-30B X 0.3561 0.4387 0.5066 0.3580 0.4254 0.7880 0.5374 0.5493 0.5567 0.6939 0.5626 0.3291 0.5086
v 0.9389 0.7384 0.7246  0.6282 0.6305 0.8191 0.6837 0.6594 0.7921 0.7287 0.7140 0.6553  0.7261
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Table 5
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Modality ablation study with fixed Qwen3-0.6B using LoRA fine-tuning setup on Task 2 (30 s clip level). V represents video, A represents audio, and D

represents dialogue transcripts.

Setting A2 A5 A6 A7 A8 Bl B3 B5S B9 B10 B11 B12 Mean

V only 0.4460  0.3354 05700  0.5260  0.3799  0.5594  0.5158  0.5135  0.6186  0.5741  0.6213  0.3919  0.5044
A only 0.4653  0.4079  0.4690  0.4410  0.4066  0.3519  0.3501  0.6815  0.3373  0.3914  0.7315  0.2973  0.4443
D only 0.5034 03575 05608  0.5318  0.4290  0.3272  0.3795  0.7053  0.3584  0.4690  0.7310  0.3037  0.4714
V+A 0.3882 03386 0.6131  0.6952 0.6255 0.6351  0.6167  0.6700  0.5828  0.7310  0.6434  0.4313  0.5805
V+D 0.3946 03217  0.7127 05796  0.5474  0.6163  0.5309  0.6126  0.6714  0.5929  0.6291  0.3827  0.5493
A+D 0.3005  0.3836  0.5626  0.4520  0.4910  0.4745  0.4194  0.7356  0.4107  0.4768  0.7838  0.3478  0.4866
V+A+D 0.5722  0.5984 0.6305 0.5796 0.5869  0.8086 0.6558 0.6080  0.6112  0.5920  0.6158  0.5653  0.6187

Table 6 designed to elicit joint attention-related behaviors, while B1 and B9

Modality ablation study with fixed Qwen3-0.6B using
LoRA fine-tuning setup on Task 1 (10-category paradigm
classification). V represents video, A represents audio, and
D represents dialogue transcripts.

Setting \% A D Acc

V only v/ 0.4636
A only v 0.3196
D only v 0.5631
V+A v v 0.4408
V+D 4 v 0.5573
A+D v 0.5243
V+A+D v v v 0.6119

63.05% (VAD-Qwen3-30B with LoRA). These results suggest that multi-
modal alignment effectively captures fine-grained social signals that are
difficult to model using unimodal representations. Similarly, for the B-
series items related to communicative behaviors and repetitive patterns,
consistent improvements are observed in 6 out of 7 items (except for B1).
Large gains are achieved on B3 (+38.69%) and B12 (+ 33.02%), indi-
cating that integrating visual-audio-dialogue cues with LLMs reasoning
enhances structured behavioral assessment. Overall, the improvements
are not confined to a specific subset of items but span different behav-
ioral dimensions, demonstrating the robustness and generalizability of
the proposed multimodal framework.

Similar to Task 1, model scaling consistently improves item-level
prediction accuracy. These results verify that combining aligned visual-
audio-dialogue features with LLMs significantly enhances detailed item-
level assessment.

5.4. Ablation studies

5.4.1. Analysis of session-level label propagation

To investigate whether session-level item labels provide consis-
tent supervision across different interaction contexts, we further an-
alyzed item-level performance across ADOS paradigms. As shown in
Table 7, some items are strongly associated with their clinically designed
paradigms, while others can be predicted across multiple interaction
contexts. For example, B10 and B11 perform well in the paradigms

remain predictable across several paradigms. These findings suggest
that although session-level label propagation introduces some clip-level
uncertainty, multiple interaction contexts can provide complementary
behavioral evidence.

To investigate the contribution of each modality, we conduct modal-
ity ablation experiments on both Task 1 and Task 2. In this study, the
backend LLM is fixed as Qwen3-0.6B with LoRA fine-tuning, and we vary
the input modality combinations.

5.4.2. Modality contribution analysis

Task 1: Paradigm Classification. As shown in Table 6, the text-
only setting achieves the best performance among unimodal configu-
rations (56.31%), outperforming visual-only (46.36%) and audio-only
(31.96%). This indicates that dialogue transcripts carry strong semantic
cues for paradigm identification.

Interestingly, combining modalities does not always guarantee im-
provement. For example, the V+A setting (44.08%) performs worse
than visual-only (46.36%). This counterintuitive result indicates that
audio features alone provide limited discriminative information com-
pared with dialogue transcripts for paradigm classification. Since Task 1
primarily requires understanding interaction structures, low-level acous-
tic cues such as intonation and pitch variations may introduce less
information when not grounded in dialogue transcripts. When fused
with visual features without explicit modal weighting, audio cues may
dilute the dominant visual cues, leading to a slight performance de-
cline. In contrast, combining visual and dialogue transcript modalities
(V+D) yields significant improvements, indicating that dialogue-level
text information plays a crucial role in paradigm recognition.

Overall, the full-modality configuration (V + A + D) demonstrated the
highest accuracy rate of 61.19%, proving that complementary informa-
tion can be generated when three modalities collaborate in modeling.

Task 2: Item-level Behavioral Assessment. The modality ablation
results for Task 2 are presented in Table 5. Among single-modality
configurations, the visual modality achieves the best performance
(50.44%). The V+ A combination yields superior results (58.05%) com-
pared to other bimodal settings, while the full multimodal configuration
(V+A+D) achieves the highest overall performance (61.87%).

Notably, the V+A combination (58.05%) outperforms both
V+D (54.93%) and A+D (48.66%). This observation suggests that

Table 7

Item-level accuracy (%) of VAD-Qwen3-30B on test clips from each ADOS paradigm.
Paradigm A2 A5 A6 A7 A8 Bl B3 B5 B9 B10 B11 B12
FR 94.23 74.65 78.17 65.12 68.13 84.07 66.62 65.37 79.17 76.29 73.65 64.12
RN 86.67 73.33 73.33 86.67 80.00 93.33 80.00 93.33 93.33 66.67 53.33 46.67
RJA 91.89 83.78 56.76 72.97 32.43 78.38 70.27 56.76 81.08 62.16 76.76 75.68
BUP 92.64 72.39 64.42 52.15 55.21 79.75 77.30 67.48 83.44 72.39 66.26 70.55
ARO 95.56 76.67 68.33 58.89 60.00 86.11 70.00 61.67 82.22 68.33 71.67 68.89
ASR 92.31 75.64 67.95 69.23 43.59 79.49 69.23 58.97 82.05 65.38 76.92 66.67
FSI 96.58 68.49 67.81 69.18 63.01 81.51 76.03 67.81 78.08 70.55 73.29 67.81
BIP 93.84 76.11 74.38 63.79 63.79 82.02 69.95 67.00 80.79 74.38 68.47 67.00
SN 92.16 69.47 67.79 57.42 62.75 76.19 61.62 68.07 73.11 69.47 72.27 61.62
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fine-grained behavioral assessment relies more heavily on audio-visual
interaction cues rather than purely textual semantics. The ADOS assess-
ment items encompass vocal prosody (A2, A5), nonverbal engagement
(A6, A7, A8), eye contact (B1), facial expressions (B3), social interaction
(B5, B9, B12), and attention-related behaviors (B10, B11). These charac-
teristics are more effectively captured through visual and audio signals.
In contrast, the A+D configuration demonstrates relatively weaker
performance. Since audio features and dialogue transcripts are highly
correlated, their combination may introduce redundancy without pro-
viding sufficiently complementary behavioral information. Moreover,
the absence of visual cues limits the model’s ability to capture nonver-
bal interaction patterns, which are essential for accurate scoring of many
ADOS items.

At the item level, substantial variability in modality preference is
observed. The V+A configuration achieves strong performance on A7
(Pointing), A8 (Gestures), and B10 (Spontaneous Initiation of Joint
Attention), indicating that audiovisual interaction cues are critical for
evaluating nonverbal engagement behaviors. In contrast, the V+D com-
bination performs particularly well on interaction-related items such as
A6 (Using Another’s Body to Communicate) and B9 (Showing), high-
lighting the essential role of conversational semantics in socially interac-
tive contexts. Meanwhile, the superior performance of the A+ D config-
uration on B5 (Shared Enjoyment in Interaction) and B11 (Response to
Joint Attention) can be attributed to the intrinsic reliance of these items
on dialogue transcripts and acoustic cues. Both items primarily assess
whether the child expresses emotional involvement and provides appro-
priate responses within conversational settings. Such characteristics are
more effectively captured through dialogue transcripts and acoustic cues
than through visual motion patterns alone.

Overall, different behavioral dimensions exhibit distinct modality de-
pendencies, and the complete multimodal configuration provides the
most robust and generalized performance across diverse ADOS items.

5.4.3. Analysis of modality-weighted fusion

To further investigate whether explicit modality weighting can im-
prove the original concatenation-based fusion strategy, we compared the
standard concatenation approach with two lightweight gating mecha-
nisms: global scalar gating and sample-adaptive gating. All experiments
used the same Qwen3-0.6B LLM, visual-audio-dialogue inputs, subject-
independent data split, and training configuration as in the main
experiments.

The global scalar gate learns a fixed set of weights for the three
modalities, while the sample-adaptive gate dynamically generates
modality weights based on the multimodal representation of each in-
put sample. Both gating mechanisms are applied after modality-specific
representations are extracted and before the features are fed into the
LLM.

As shown in Table 8, both gating strategies improve upon the orig-
inal concatenation-based fusion for paradigm classification. The results
indicate that explicit modality weighting can reduce potential modality
competition and provide more effective multimodal representations for
paradigm classification.

For ADOS item-level prediction, the improvement is relatively lim-
ited, although the sample-adaptive gate achieves the best performance
(63.62%). This suggests that modality-level weighting can provide addi-
tional information for fine-grained behavioral assessment, but it cannot

Table 8

Comparison of the original concatenation fusion and lightweight modality-
gating alternatives. Task 1 is 10-category paradigm classification; Task 2 is
mean accuracy across the 12 ADOS items.

Fusion method Task 1 accuracy (%) Task 2 mean accuracy (%)

Concat 61.19 61.87
Global scalar gate 66.55 62.52
Sample-adaptive gate 66.23 63.62
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Table 9

Visual-audio fusion analysis for Task 1. Visual and Concat results are reused
from the original ablation study, while gating experiments use Qwen3-0.6B
under the same split and metric.

Input Fusion Accuracy (%)
Visual - 46.36
Visual + audio Concat 44.08
Visual + audio Global scalar gate 55.61
Visual + audio Sample-adaptive gate 57.40

Table 10

Controlled component ablation with a fixed LLM (Qwen3-0.6B), visual-
audio-dialogue inputs, subject-independent data split, and evaluation met-
ric. Complete instruction denotes the original clinically oriented instruction
format; minimal instruction denotes a single direct task prompt without the
clinical role description or additional task prompts. Frozen random adapters
are randomly initialized visual and audio projections that are not updated
during training.

Setting Instruction LLM update Visual/audio Task 2 mean
design adapters accuracy (%)

El Minimal Frozen Trainable 40.06

E2 Complete Frozen Trainable 43.32

E3 Complete LoRA Trainable 61.87

E4 Complete LoRA Frozen random 41.53

fully model the complex relationships among different modalities. More
advanced cross-modal modeling methods remain an important direction
for future work.

To further investigate the performance drop observed in the visual-
audio concatenation setting, we compared visual-only input and di-
rect visual-audio concatenation with global scalar gating and sample-
adaptive gating. As shown in Table 9, directly concatenating visual and
audio features reduced Task 1 accuracy from 46.36% to 44.08%. In
contrast, the global scalar gate and sample-adaptive gate achieved ac-
curacies of 55.61% and 57.40%, respectively. These results suggest that
the performance decrease with direct concatenation does not necessar-
ily mean that audio information is unhelpful, but may be caused by
the lack of effective modality balancing. Learned modality weighting al-
lows the model to better utilize information from both visual and audio
modalities.

5.4.4. Component-wise ablation of instruction, LoRA, and adapter

To understand the contributions of different optimization compo-
nents, we further conducted controlled ablation experiments by sepa-
rately evaluating the effects of clinical instruction design, LoRA-based
LLM adaptation, and learnable multimodal adapters.

As shown in Table 10, replacing the minimal instruction with the
clinically oriented instruction improves the mean item prediction accu-
racy from 40.06% to 43.32%, a gain of 3.26 percentage points, indicat-
ing that a more complete clinical task description provides clearer task
constraints. Introducing LoRA-based LLM adaptation further increases
the accuracy to 61.87%, an improvement of 18.55 percentage points
over the frozen-LLM setting and the largest gain among the evaluated
components. When the learnable visual and audio adapters are replaced
with frozen random projections, the accuracy decreases to 41.53%,
which is 20.34 percentage points lower than the complete model. These
results show that LoRA improves adaptation of the pretrained LLM
to ADOS item prediction, while learnable adapters are important for
aligning visual and audio features with the LLM representation space.

5.5. Subject-level ASD detection performance

After obtaining ADOS item-level scores for all video clips, we further
evaluated subject-level ASD detection performance. The training set is
the same as in the item-level assessment, which includes 402 subjects
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Table 11

Subject-level ASD detection performance under physician annotations.
Model Rule LR SVM NB
VIT [32] 0.6222 0.7333 0.7333 0.5333
Whisper-Large-V3 [53] 0.5777 0.7333 0.7333 0.6222
BERT [13] 0.6000 0.7333 0.7333 0.5333
MULT [60] 0.6444 0.6667 0.7111 0.5778
SCBU-Qwen3-Omni [37] 0.7333 0.7333 0.7333 0.6200
VAD-Qwen2.5-0.5B 0.6444 0.7333 0.7111 0.6667
VAD-Qwen3-0.6B 0.6666 0.7556 0.7333 0.6000
VAD-Qwen3-4B 0.6444 0.7333 0.7556 0.6000
VAD-Qwen3-8B 0.7555 0.7556 0.7778 0.6889
VAD-Qwen3-30B 0.7555 0.7556 0.8000 0.6667

(283 ASD and 119 TD; 328 males and 74 females), while the test set
includes 45 subjects (33 ASD and 12 TD; 38 males and 7 females).

5.5.1. Ground truth settings
We evaluated ASD detection under two different ground-truth (GT)
settings.

(1) Physician Annotations. This GT was determined by experi-
enced doctors. The final diagnosis was reached through consensus
between at least two senior clinical experts, based on a compre-
hensive assessment of ADOS-2 scores, clinical observations, and
developmental history. The physician-annotated GT contains two
categories: ASD and TD.

ADOS Rule-Based Annotations. This GT was generated accord-
ing to the ADOS-2 Module 1 scoring algorithm. This GT contains
three categories: Autism, Autism Spectrum, and Non-Spectrum. For
evaluation under physician annotations, the categories Autism
and Autism Spectrum were merged into a single ASD class.

(2)

5.5.2. ASD detection strategies
Based on the predicted ADOS item-level assessment scores, we
implemented two ASD detection strategies:

(1) ADOS Rule-Based Inference (Rule). The final diagnostic re-
sult was determined directly using the ADOS assessment algo-
rithm [20].

Machine Learning-Based Classification. We further trained
three machine learning classifiers on the training set to learn
diagnostic decision boundaries from predicted ADOS scores:

« Logistic Regression (LR)

« Support Vector Machine (SVM)

» Naive Bayes (NB)

The trained classifiers were then applied to the test set to obtain
subject-level predictions.

(2)

5.5.3. Results under physician annotations

The subject-level ASD detection results under physician annotations
are presented in Table 11. Our multimodal approaches, implemented
with different LLMs, consistently outperform feature-based deep learn-
ing methods and script-centric behavior understanding methods. Among
all methods, VAD-Qwen3-30B combined with a support vector ma-
chine (SVM) achieves the highest accuracy (80.00%), followed by
VAD-Qwen3-8B (77.78%). This indicates that large instruction-tuned
multimodal models are capable of generating more discriminative ADOS
scores for ASD classification. This suggests that learned decision bound-
aries are more robust to prediction noise at the item level compared to
deterministic ADOS rules. The improvement is especially pronounced for
methods with relatively lower ADOS scoring accuracy (e.g., VIT +SVM
improves by 11.11% over VIT + Rule).

5.5.4. Results under ADOS rule-based labels
Table 12 reports the validation results based on ground truth derived
from ADOS assessment algorithm. VAD-Qwen3-30B achieves the best

12

Neurocomputing 706 (2026) 135024

Table 12

Subject-level ASD detection performance under ADOS score rule.
Model Rule LR SVM NB
VIT [32] 0.6000 0.6444 0.6889 0.3556
Whisper-Large-V3 [53] 0.4222 0.6000 0.6000 0.3778
BERT [13] 0.5555 0.7333 0.7333 0.3556
MULT [60] 0.4222 0.5778 0.6000 0.4000
SCBU-Qwen3-Omni [37] 0.7333 0.7333 0.7333 0.7333
VAD-Qwen2.5-0.5B 0.7111 0.7778 0.7333 0.6889
VAD-Qwen3-0.6B 0.7111 0.8000 0.7333 0.6889
VAD-Qwen3-4B 0.8000 0.8222 0.8222 0.7556
VAD-Qwen3-8B 0.8444 0.8000 0.8444 0.8000
VAD-Qwen3-30B 0.8667 0.8000 0.8667 0.8222

overall performance, reaching 86.67% under both rule-based and SVM
settings. Compared to the results under physician annotations, accu-
racy is generally higher when evaluated against ADOS rule-derived
ground truth considering it is a 3-category classification. This outcome
is expected, as rule-based ground truth strictly follows ADOS cutoff
thresholds. Therefore, accurate ADOS item prediction can effectively
support subject-level ASD detection under this evaluation protocol. In
contrast, physician diagnosis incorporates broader clinical judgment be-
yond standardized scoring, and relying solely on ADOS score prediction
is insufficient to fully capture diagnostic complexity.

Overall, these findings demonstrate that precise ADOS item pre-
diction effectively supports subject-level ASD detection, and the in-
tegration of machine learning classifiers further enhances diagnostic
robustness.

5.5.5. Robustness analysis with five-fold cross-validation

To further evaluate the robustness of subject-level ASD detection, we
performed subject-independent stratified five-fold cross-validation on all
447 participants. All samples from the same participant were assigned
to the same fold to prevent subject-level leakage, and the diagnostic
distribution was preserved as closely as possible across folds. In each
fold, the SVM diagnostic backend was fitted only on the training subjects
and evaluated on the held-out subjects. We selected VAD-Qwen3-0.6B
and compared it with other baselines under the same cross-validation
setting.

As shown in Fig. 7, VAD-Qwen3-0.6B achieved the highest OOF
accuracy of 68.18% with a 95% bootstrap confidence interval of
63.70-71.87%. This result exceeds those of ViT (64.36%), MULT
(64.14%), BERT (63.09%), and Whisper-Large-V3 (62.87%). VAD-
Qwen3-0.6B also achieved the lowest standard deviation across folds at
2.58 percentage points, compared with 6.64 for ViT, 4.54 for MULT, 3.20
for BERT, and 3.66 for Whisper-Large-V3, indicating more consistent
performance across subject splits.

The five-fold cross-validation accuracy is more conservative than the
73.33% obtained under the original fixed split. This analysis does not re-
place the original evaluation, but provides complementary evidence that
the effectiveness of the proposed framework is not limited to a particular
subject split.

5.5.6. Confusion matrix analysis

Fig. 6 illustrates the confusion matrices of the best-performing model
(VAD-Qwen3-30B with SVM) under the two ground-truth settings.

Under physician annotations (binary classification), most misclas-
sifications occur when ASD cases are incorrectly predicted as TD,
accounting for eight instances, whereas only one TD case is misclassi-
fied as ASD. This asymmetric error pattern suggests that the model tends
to adopt a conservative strategy when predicting ASD. Such behavior
may arise because some ASD cases exhibit relatively mild behavioral
symptoms, making them difficult to distinguish from TD individuals
based solely on clip-level ADOS item predictions. Moreover, since both
Autism and Autism Spectrum cases are merged as ASD in the physi-
cian annotations, the system might predict Autism Spectrum as TD.
Under the ADOS rule-based annotations (three-class classification), the
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Fig. 6. The confusion matrices of the best-performing model (VAD-Qwen3-30B with SVM) for subject-level ASD detection under the two ground-truth settings.
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Fig. 7. Five-fold stratified subject-independent cross-validation for subject-level
ASD detection using the SVM backend. The shaded profiles visualize the reported
fold mean and standard deviation, while the circles and vertical error bars indi-
cate the OOF accuracy and its 95% bootstrap confidence interval, respectively.
OOF denotes pooled out-of-fold predictions.

confusion matrix shows that most predictions lie along the diagonal,
indicating strong consistency between the predicted scores and the rule-
based diagnostic categories. The primary confusion occurs between the
categories of Autism and Autism Spectrum. This pattern is consistent
with clinical observations, as the boundary between Autism and Autism
Spectrum can be ambiguous and often depends on the severity of social
and communication impairments.

Overall, the confusion matrices indicate that the proposed ASD
detection strategy successfully captures the major diagnostic patterns re-
flected in ADOS assessments while maintaining strong agreement with
both doctor judgments and rule-based diagnostic criteria.

5.5.7. Correlation analysis

To evaluate the consistency between the predicted item-level assess-
ment scores and the Doctor’s item-level assessment scores, we perform
a correlation analysis. As shown in Fig. 8 each point represents one
subject in the test set, where the predicted score is obtained by aggre-
gating the 12 item-level assessment scores. The results demonstrate a
strong positive correlation between the predicted scores and the ground-
truth scores, with a Pearson correlation coefficient of r = 0.875 (p <
0.001) and a Spearman correlation coefficient of p = 0.838. The high
Pearson coefficient indicates a strong linear relationship, while the
Spearman coefficient further confirms that the monotonic trends are
well preserved.
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Fig. 8. Correlation analysis between predicted and doctor’s item-level scores.
Each point represents one subject, where the predicted score is obtained by
aggregating the 12 item-level predictions. The solid line represents the fitted
regression, with the shaded region indicating the confidence interval, while the
dashed diagonal line (y = x) denotes perfect agreement.

As shown in Fig. 8, most samples are distributed around the diago-
nal reference line (y = x), indicating that the predicted scores are well
aligned with the ground-truth ratings across different severity levels.
Moreover, predictions in the high-score range exhibit tighter cluster-
ing near the diagonal, suggesting that the model achieves more stable
performance for subjects with more pronounced ASD-related behavioral
characteristics.

Several outliers can be observed where the predicted scores devi-
ate substantially from the doctor ratings. For instance, one sample in
the upper-left region shows a predicted total score of 27 compared to
a doctor rating of 7. After reviewing the video, we found that the child
frequently moved out of the camera view during recording, leading to
incomplete capture of observable behaviors and consequently an over-
estimation of the predicted score. This observation highlights the impact
of missing or degraded modality information and suggests that handling
modality absence or using multi-view cameras should be considered in
future work.

Overall, these results demonstrate that the proposed framework is
capable of capturing ADOS-related behaviors, providing strong evidence
for its clinical consistency and interpretability.
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Table 13

Subject-level ASD detection accuracy under
three clip filtering settings (No Filtering,
Automatic Filtering, and Manual Filtering).

Method Accuracy (%)
No filtering 77.78
Automatic filtering 82.22
Manual filtering 86.67

5.6. Fully automated assessment of long videos

After separately validating the model performance for Task 1 and
Task 2, we proceed to evaluate fully automated assessment on long
videos. To this end, we integrate Task 1 and Task 2 into a unified
pipeline: the Task 1 model is first used to filter out non-paradigm clips
from long videos, followed by the Task 2 model to generate item-level
scores. Finally, the ADOS rule-based ASD detection strategy is applied
to produce the final diagnostic outcome.

To evaluate the performance of fully automated long-video assess-
ment, we design the following experimental settings: (1) No Filtering:
ADOS multi-item behavioral assessment and ASD detection are per-
formed directly on the full videos without excluding non-paradigm clips.
(2) Automatic Filtering (Task 1 + Task 2 pipeline): Non-paradigm clips
are excluded based on the paradigm categories predicted by the Task 1
model, followed by ADOS multi-item behavioral assessment and ASD de-
tection. This setting evaluates the effectiveness of combining Task 1 and
Task 2. (3) Manual Filtering (Task 2): Non-paradigm clips are excluded
using manually annotated timestamps, after which ADOS multi-item
behavioral assessment and ASD detection are performed. This setting
follows the same procedure as Task 2 and serves as an upper bound for
performance.

To ensure fair comparison, all experiments use the best-performing
model from Task 2, VAD-qwen3-30B. The Task 1 model used in Setting
(2) is also its best-performing model, VAD-qwen3-30B.

As shown in Table 13, filtering out non-paradigm segments sig-
nificantly improves ASD detection performance. Compared to the no-
filtering setting (77.78%), automatic filtering based on the Task 1 model
increases the accuracy to 82.22%, demonstrating both the effectiveness
and necessity of the Task 1 design. However, due to errors in paradigm
classification, the Task 1 model still limits the overall detection perfor-
mance, resulting in a performance gap between automatic and manual
filtering. In future work, integrating Task 1 and Task 2 into a unified
VAD framework for joint training may simplify the assessment process
while further enhancing overall performance.

5.7. Discussions and limitations

Our method evaluates ADOS-M1 behavioral scores using a mul-
timodal large language model framework. In practice, ADOS clini-
cal recordings are typically lengthy and contain multiple interaction
paradigms. To address this, we first define a paradigm classification task
to identify the relevant paradigm clips requiring assessment, thereby
filtering out irrelevant video clips. Next, we formulate an item-level be-
havioral assessment task based on the ADOS scoring rules, where LLMs
analyze multimodal cues to generate ADOS-M1 item-level results that
can support clinical diagnosis. Finally, the predicted behavioral scores
are used to perform end-to-end ASD detection through both rule-based
ADOS inference and machine learning-based classifiers.

Although the proposed method achieves strong performance across
tasks, several limitations remain for real-world deployment. First, clin-
ical diagnostic videos must be recorded in relatively controlled envi-
ronments with synchronized audio and video to ensure sufficient data
quality for behavioral assessment. Second, although lightweight modal-
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ity adapters and LoRA reduce the demand for large training datasets,
autism research [2,39,73] often involves data from limited sample sizes
(typically fewer than 100 subjects), which may significantly affect the
robustness of the proposed framework. Finally, the current framework
does not explicitly model the temporal interactions between video and
audio signals, which may limit the ability of LLMs to capture the
consistency between behavioral actions and speech cues.

Recent advances in multimodal learning, including spatiotemporal
representation learning [7,66-68] and multimodal adaptation strate-
gies [40,55,61], provide promising directions for improving ADOS
behavioral assessment. Incorporating these techniques may help capture
complex behavioral dependencies and enhance multimodal alignment,
which we leave for future investigation.

Our cohort was collected from a single urban medical center and con-
sists of Mandarin-/Cantonese-speaking children, which may limit cross-
cultural generalizability. Socioeconomic variables were not retained
due to privacy regulations. In addition, the dataset exhibits class and
demographic imbalance (e.g., ASD vs. TD, male vs. female). Future work
will evaluate the trained model on independent cohorts from multiple
clinical centers to assess its generalizability across broader regional, lin-
guistic, and recording conditions. Although only Viewpoint 1 was used
in this study, quality-aware view selection and multi-view fusion will
be explored to address occlusion and out-of-view behavior. Future data
collection will also retain independent item-level ratings from multiple
ADOS-qualified clinicians before consensus, enabling inter-rater relia-
bility analysis using weighted Cohen’s kappa and confidence intervals.

6. Conclusion

This paper proposes a multimodal large language model framework
for automated ADOS-M1 behavioral assessment. The framework inte-
grates visual, acoustic, and dialogue transcript information through
modality-specific adapters and leverages instruction fine-tuning with
LoRA to improve the understanding of multimodal cues in ADOS as-
sessment. By reformulating ADOS paradigm classification and item-level
behavioral assessment as structured text generation tasks, the frame-
work enables LLMs to reason over multimodal behavioral cues in
accordance with ADOS scoring protocols. Experimental results show that
the proposed framework outperforms unimodal models, conventional
multimodal fusion methods, and script-centric behavioral understand-
ing approaches. Moreover, the predicted ADOS scores enable reliable
subject-level ASD detection, achieving up to 86.67% accuracy under
doctor-annotated ground truth. These results demonstrate that multi-
modal LLMs provide an interpretable and clinically compatible approach
for ADOS behavioral assessment. Future research will focus on enhanc-
ing the perception capabilities for multimodal temporal information
and exploring the generalization capabilities of datasets across ADOS
modules.
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Appendix A. ADOS items
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Table 14 lists the ADOS-M1 items evaluated in this study, including the item abbreviations, full item names, and their corresponding brief

descriptions.

Table 14

The item abbreviations (Item), full item names (Name), and corresponding brief descriptions (Description) of the ADOS items.

Item

Name

Description

A2

A5

A6

A7

A8

Bl

B3

B5
B9

B10

B11

B12

Frequency of Vocalizations Directed to
Others

Stereotyped or Idiosyncratic Use of
Words or Phrases

Use of Another Person’s Body to
Communicate

Pointing

Gestures

Unusual Eye Contact

Facial Expressions Directed to Others

Shared Enjoyment in Interaction
Showing

Spontaneous Initiation of Joint
Attention

Response to Joint Attention

Quality of Social Overtures

This item evaluates the number of vocalizations that are socially directed toward others.

This item includes delayed echolalia or other highly repetitive utterances with consistent
intonation patterns.

This item focuses on situations in which a child uses another person’s body as a tool to accomplish
an action.

This item describes socially directed pointing gestures used to request or share attention.

This item evaluates the use of emotional or descriptive gestures other than pointing.

This item distinguishes appropriate, flexible, and socially regulated eye gaze from gaze that is
limited in flexibility, appropriateness, or contextual use.

This item evaluates whether the child’s facial expressions are directed toward another person to
communicate emotion.

This item assesses the child’s social responses during activities or interaction-eliciting stimuli.
Showing is defined as intentionally orienting or placing an object so that another person can see
it, without a clear purpose of requesting help or participating in a routine.

This item evaluates attempts by the child to draw another person’s attention to an object that
neither individual is touching.

This item evaluates the child’s response when the examiner directs the child’s attention to a
distant object using gaze and/or pointing.

This summary item focuses on the quality of the child’s attempts to initiate social interaction
rather than their frequency.

Appendix B. Instruction data

B.1. Task 1

Instructional data can enhance an LLM’s capability to handle downstream tasks. Therefore, we design the instructional data for paradigm classi-
fication comprising system prompt and question, as detailed in Fig. 9. The system prompts consist of four parts: (1) Input Specifications define the
input format. (2) Task clarifies the task content. (3) Paradigm Introduction details the workflow and characteristics of each paradigm. (4) Output
Specifications constrain the format of the output results.
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System prompt

#it# Input Specifications ###
You will receive an embedding vector for a 30-second video clip, the corresponding embedding vector for its audio track, and the
associated conversation content.

#it# Task ###
Your task is to accurately identify which AODS-M1 paradigm this clip belongs to.

#it# Paradigm Introdution ###

- Free: Doctors provide a range of age-appropriate toys for children to play with in a natural and relatively unstructured manner.
Specifically, during the paradigm process, a large number of toys are placed on the table or floor.

- Response to name: Doctors or parents call out the child's name during the activity. Specifically, the parent/doctor walks behind the
child with a microphone and calls out the child's name.

- Response to joint attention: Doctors attempt to guide children to engage in joint attention through eye contact, gestures, or verbal
cues. Specifically, a rabbit toy appears during the paradigm.

- Bubble play: The doctor encourages the child to participate in the interaction by blowing bubbles. Specifically, bubble solution is
used during the paradigm process.

- Anticipation of a routine with objects: Doctors assess children's ability to predict the next action in a familiar sequence of object
manipulations. Specifically, balloons appear during the paradigm.

- Anticipation of a social routine: Observe children for signs of anticipating the next action in familiar social interactions. Specifically,
doctors play games with children, such as peek-a-boo, tickling, and lifting them up high.

- Functional and symbolic imitation: The doctor demonstrates familiar movements from everyday life. Specifically, frogs, cars, cups,
cylinders, or flowers appear during the modeling process.

- Birthday party: The doctor simulates a birthday party scenario. Specifically, props needed for a birthday party, such as dolls, plates,
knives, forks, candles, cups, and towels, appear during the paradigm process.

- Snack: The doctor provides the child with food or snacks and observes the child's behavior in asking others for food or reacting to
food. Specifically, two snack boxes appear during the paradigm process.

- no paradigm: Interactive behaviors other than the above nine paradigms

- invalid video: Doctors did not interact effectively with children. Specifically, there may have been a shortage of staff and chaos.

##t# Output Specifications ###

Your output should be a AODS-M1 patterns present in the audio-visual clip. The paradigm category only includes the following: Free,
Response to name, Response to joint attention, Bubble play, Anticipation of a routine with objects, Anticipation of a social routine,
Functional and symbolic imitation, Birthday party, Snack, no paradigm, invalid video.

Question
What are the ADOS-M1 paradigm type in this audio-visual clip?

Fig. 9. The instruction data of paradigm classification.
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B.2. Task 2
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We design the instruction data for the ADOS item score prediction, including system prompts and questions, as detailed in Fig. 10. The system
prompts comprise three sections: (1) Input Specifications define the input format. (2) Task clarifies the task content. (3) Output Specifications
constrain the output format. The questions comprise 12 distinct ADOS items. For each item’s scoring assessment, we designed it in a multiple-choice
format, querying each item sequentially through a multi-round dialogue process.

f
System prompt

### Input Specifications ###

#it Task ##t

### Output Format ###
Please provide your score in the following format:
The score for [your assessment item] is [your_ score].

Questions

friendliness, interest, or needs.
infrequently.

whining or crying due to frustration.

[0]: Rarely or never uses stereotyped or odd words or phrases.

spontaneous language.

composed of unusual or stereotyped language.
[8]: Not applicable (e.g., no phrase-level speech)

You will receive an embedding vector for a 30-second video clip, the corresponding embedding vector for its audio track. This clip
captures the interaction between the doctor and the child in <paradigm>.

Your task is to answer the 12 multiple-choice questions. Answer the multiple-choice questions directly; do not explain your reasoning.

Question 1: Which of the following is the score for Frequency of vocalizations directed toward others in this audio-visual segment?
[0]: Vocalizes toward parent/caregiver or examiner across different situations. Includes chatting or vocalizations that express

[1]: Consistently vocalizes toward parent/caregiver or examiner in a single situation, or vocalizes across different situations but

[2]: Inconsistently and occasionally vocalizes toward parent/caregiver or examiner in a limited number of situations. May include

[3]: Rarely or never vocalizes toward parent/caregiver or examiner, or vocalizes very little overall.

Question 2: Which of the following is the score for Stereotyped or idiosyncratic use of words or phrases in this audio-visual segment?

[1]: Shows a tendency to use words or phrases more repetitively than most others at the same level of complexity, but not overtly
bizarre; or occasionally uses stereotyped or unusual language, or uses phrases in an odd way, but also demonstrates flexible,

[2]: Frequently uses stereotyped or odd words or phrases, along with some other language.\n[3]: Phrases are almost entirely

Question 12: Which of the following is the score for Quality of spontaneous social overtures in this audio-visual segment?

\

Fig. 10. The instructions for the ADOS item score prediction.

Data availability

The authors do not have permission to share data.
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