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Abstract. We propose an autism spectrum disorder (ASD) screening
framework that integrates an expert vision-language model (VLM), CARE-
VL, with a large language model (LLM)-based aggregation module to
assess children’s social interactions and derive subject-level ASD/typical
development (TD) classifications. Our framework processes video data
collected using social interaction-inducing content, where medical ex-
perts annotated predefined query-response (Q-R) intervals based on key
social indicators—such as response to name, eye contact, imitation be-
havior, social smiling, and pointing—by marking correct responses and
assigning subject-level ASD/TD classifications. To adapt the general-
purpose VLM to the ASD screening domain, we constructed a syn-
thetic instruction-tuning dataset using a label-guided reasoning method
on these clinical tags, fine-tuning the model to generate detailed captions
and multiple-choice question-answer (MC-QA) pairs, capturing children’s
critical social behaviors. CARE-VL processes Q-R intervals to produce
clip-level MC-QA results and descriptive captions, which are then ag-
gregated by an LLM to derive final ASD/TD classification and clini-
cal reasoning. Our end-to-end framework combines visual understanding
and linguistic reasoning, achieving 84.6% accuracy for clip-level response
prediction and 75.8% accuracy for subject-level ASD/TD classification.
These results demonstrate the potential of our framework as a practical
and interpretable tool for early ASD screening and behavioral assess-
ment. The code is publicly available at https://github.com/etri/AI4ASD.
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1 Introduction

Autism spectrum disorder (ASD) is a neurodevelopmental condition character-
ized by persistent deficits in social communication and restricted, repetitive be-
haviors [1, 2]. Early detection and intervention are critical for improving long-
term outcomes in children with ASD. However, current clinical diagnostic tools,
such as the Autism Diagnostic Observation Schedule (ADOS) [14], are resource-
intensive and demand specialized expertise, limiting their accessibility. Recent
advancements in large language models (LLMs) have shown promise in clinical
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applications, including medical diagnosis, computer-aided decision-making, and
summarization [19, 25, 20]. Building on this potential, vision language models
(VLMs) [24, 11, 21, 9, 13, 8] have also been applied to medical domains. Models
such as Med-Flamingo [17] and LLaVA-Med [12] have improved radiology in-
terpretation and pathology image analysis through domain-specific adaptation,
underscoring the need for specialized training in clinical tasks. However, as far as
we know, their application in ASD screening remains largely unexplored, despite
the critical role of social behavior analysis in early diagnosis. While recent re-
search [5] has begun to explore VLMs for analyzing the behaviors of children with
autism, distinguishing ASD from typical development (TD) children requires in-
tegrating multiple social indicators—such as response to name, pointing, and
imitation behavior [7]. Existing study often focuses on isolated features or lacks
comprehensive analyses across these critical indicators, limiting their utility in
real-world diagnostic scenarios.

To address these challenges, we propose Child Autism Reasoning Expert
in Vision–Language (CARE-VL), a domain-specialized VLM designed to ana-
lyze children’s social interaction behaviors in video data. Our approach begins
with a structured system built on Social Interaction-Inducing Content (SIIC),
which provides video datasets capturing key social behaviors of ASD and TD
children. Medical experts annotate predefined query-response (Q-R) intervals in
these videos, labeling each segment for the presence or absence of correct re-
sponses and assigning subject-level ASD/TD classifications. Using these expert-
provided annotations, we construct a synthetic video instruction-tuning dataset
using a label-guided reasoning method. This dataset includes detailed captions
and multiple-choice question-answer (MC-QA) pairs tailored to critical behav-
ioral indicators. The fine-tuned CARE-VL model is then capable of generating
clip-level MC-QA responses and descriptive captions, which are aggregated by
an LLM to provide subject-level ASD/TD classifications and clinical reasoning.

The primary contributions of this work are as follows: (i) Domain-specialized
VLM: We introduce CARE-VL, a VLM tailored for ASD screening, incorpo-
rating domain-specific knowledge of children’s social interaction behaviors. (ii)
Synthetic instruction-tuning dataset: We design a structured system to collect
SIIC-based videos of ASD/TD children and generate a synthetic instruction-
tuning dataset. This dataset is constructed using expert annotations and a label-
guided reasoning method, enabling the generation of detailed captions and MC-
QA pairs for critical behavioral indicators. (iii) End-to-end workflow for ASD
screening: We develop an interpretable pipeline that combines CARE-VL’s clip-
level predictions with LLM-based aggregation to achieve subject-level ASD/TD
classification and provide clinical reasoning.

2 Proposed Method

2.1 SIIC-Based Dataset and Clinical Annotations

As shown in Fig. 1, we collected video recordings of children with ASD and TD
peers, each approximately six minutes in length, using SIIC. SIIC is specifically
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Fig. 1: Overview of the proposed ASD screening pipeline. Videos collected based
on SIIC are segmented into predefined QR intervals, which are processed by the
expert VLM to generate captions and MC-QA responses. The clip-level outputs
are aggregated using an LLM to provide subject-level ASD/TD classification.

designed to elicit core social behaviors—such as response to name, eye contact,
imitation behavior, social smiling, and pointing—that are clinically relevant for
ASD screening [7], with each behavior corresponding to a predefined Q-R inter-
val. Within these intervals, expert clinicians provided binary labels indicating
positive response (PR) or non-positive response (NR), assessing whether the
child’s behavior met established clinical criteria. In addition to clip-level an-
notations, each subject was assigned an ASD or TD label based on diagnostic
criteria (e.g., DSM-5 [7]). This dual-level annotation allows us to analyze both
fine-grained responses at the interval level and global ASD/TD classification at
the subject level. Data collection was conducted at two clinical sites, yielding a
total of 118 subjects: 85 from Site A, which was used for training, and 33 from
Site B, designated as the test benchmark. During the data collection process,
contents were displayed across three monitors, positioned in front of the child to
ensure engagement and controlled behavioral elicitation. Each subject underwent
behavioral assessments across five key social indicators, with video captured from
four to five camera views per environment to ensure comprehensive behavioral
observation. Additionally, each behavioral indicator was evaluated two to three
times per session, resulting in a total of 5,409 video clips for Site A and 1,716
video clips for Site B. This diverse dataset enables a comprehensive evaluation
of our proposed ASD screening framework across different environments.

2.2 Synthetic Video Instruction-Tuning Dataset

To adapt a general-purpose VLM to the ASD domain, we adopt a label-guided
reasoning approach, similar to [5], to generate a synthetic video instruction-
tuning dataset that facilitates fine-tuning for ASD-related tasks. For each social
indicator si ∈ {response to name, eye contact, imitation, social smiling, pointing},
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Fig. 2: Synthetic instruction-tuning dataset generation pipeline. The VLM is
provided with predefined social indicators and their response labels as hints to
generate detailed captions. These generated captions, with instruction prompts
without response labels, are used to fine-tune the VLM for ASD screening.

the input video segment corresponding to the Q-R interval, denoted as VQ-Ri
,

is pre-annotated with a response label yi ∈ {PR,NR}. For each VQ-Ri
, we pro-

vide a baseline VLM (e.g., LLaVA-OneVision [11]) with a textual prompt that
includes an instruction Ii, and a hint sentence derived from the pre-annotated
label yi to generate a detailed caption Ci as follows:

Ci = VLM(VQ-Ri
, Ii,Hint(yi)) (1)

Here, yi serves as a guiding label to drive the model to produce a detailed,
context-aware description of the child’s behavior. An example of this process
is illustrated in Fig. 2, where the model generates a detailed caption based on
the provided hint. This label-guided reasoning approach shares a conceptual
similarity with self-correction [15, 10] and reflection-based learning [18], which
have been widely explored in the LLM domain to enhance model reasoning and
output reliability. Our approach similarly leverages external guidance to improve
model outputs by incorporating structured expert labels before inference.

In addition to caption generation, MC-QA pairs (qi, ai) are also created for
each VQ-Ri

. The question asks whether the child responded appropriately to the
given social indicator, with the answer directly derived from the pre-annotated
label yi. By iterating this process for all annotated Q-R intervals in the training
set, we construct a synthetic dataset Dsynthetic:

Dsynthetic = {(Ii, Ci, qi, ai) | i = 1, 2, . . . , N} (2)

where N represents the total number of Q-R intervals in the data set. The re-
sulting dataset Dsynthetic includes both detailed captions and MC-QA pairs tai-
lored to ASD-related social indicators. Thus, the constructed instruction-tuning
dataset serves as a specialized resource for fine-tuning a general-purpose VLM,
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Data Source # Video # Detailed Caption #MC-QA

Site A 5.4K 5.4K 5.4K

Site B 1.7K 1.7K 1.7K

Fig. 3: Distribution of the synthetic instruction-tuning dataset. Detailed captions
and MC-QA pairs are created for each Q-R interval.

transforming it into CARE-VL—an expert model capable of accurately identify-
ing, describing, and evaluating critical social behaviors relevant to ASD screen-
ing. Fig. 3 presents the distribution of the generated instruction-tuning dataset.

2.3 LLM Aggregation

As shown in Fig. 1, each test video is segmented into predefined Q-R intervals,
allowing the fine-tuned domain-specialized VLM to generate clip-level MC-QA
results and detailed captions describing the child’s behavior. To achieve subject-
level ASD/TD classification with clinical reasoning, we aggregate these clip-level
outputs using an LLM, such as LLaMA-3.2 [6]. The LLM takes as input the
MC-QA predictions {â1, . . . , âN} and the corresponding captions {Ĉ1, . . . , ĈN},
from all Q-R intervals, along with a prompt requesting a final ASD/TD deci-
sion. Since the dataset contains a limited number of subject-level samples, we
adopt a few-shot prompting strategy [3, 16] to guide the LLM. Specifically, a
small set of labeled examples (e.g., two ASD and two TD cases from the train-
ing dataset) is included in the prompt to guide the LLM in interpreting the
MC-QA results and captions without requiring additional fine-tuning. By inte-
grating these inputs, the LLM produces a subject-level classification along with
an optional textual summary explaining the reasoning behind its decision. This
two-stage pipeline—clip-level analysis followed by LLM aggregation—follows a
Divide and Conquer approach [4], where a complex task is decomposed into
smaller subproblems that are independently analyzed before final integration. In
our framework, the domain-specialized VLM independently processes each Q-R
interval, generating localized behavioral descriptions that focus on specific social
indicators. The LLM then consolidates these outputs, synthesizing diverse be-
havioral cues into a holistic subject-level ASD/TD classification, ensuring both
interpretability and robustness in clinical decision-making.
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3 Experiments

3.1 Experimental Setup

Datasets and Preprocessing. We utilize data collected from two clinical sites,
as described in Section 2.1 and Section 2.2. For training, we use the generated
synthetic instruction-tuning dataset Dsynthetic from Site A, which contains both
detailed captions and MC-QA pairs, while datasets from Site B serve as a test
benchmark to evaluate generalization ability of the proposed framework.

Implementation Details. For the expert VLM, CARE-VL, we fine-tuned all com-
ponents of the LLaVA-OneVision-Qwen2-7B-OV [11], including the vision en-
coder, MLP adapter, and language components. The model was trained for one
epoch on 8 NVIDIA A6000 GPUs, with each GPU processing a batch size of 1.
The learning rate was set to 1e−5 using a cosine scheduler. For the LLM aggre-
gation module, we employ an off-the-shelf LLM (e.g., Llama-3.2-3B-Instruct [6])
with a few-shot prompting strategy without additional fine-tuning.

Evaluation Metrics. We evaluate performance in three aspects. First, clip-level
MC-QA accuracy is the proportion of correctly classified Q-R intervals. Second,
we assess clip-level captions with LLaVA-Critic [22], which evaluates the descrip-
tive quality of CARE-VL in capturing clinically relevant behaviors. Finally, we
report subject-level ASD/TD classification with accuracy and F1-score.

3.2 Social Indicator Evaluation at the Clip Level

We assess the ability of different models to identify correct or incorrect responses
across all five social indicators (response to name, eye contact, imitation behav-
ior, social smiling, pointing) using clip-level Q-R intervals. As shown in Table 1,
we compare our expert model, CARE-VL, with several general-purpose baseline

Table 1: Performance comparison between baseline models and CARE-VL. MC-
QA measures correct response identification across social indicators, while cap-
tion evaluates descriptive quality.

Model MC-QA

Overall Response Eye Imitation Social Pointing Caption
Acc. to Name Contact Behavior Smiling

Chat-UniVi-7B [9] 28.8 69.7 35.6 14.6 20.1 21.5 48.8
Video-LLaVA-7B [13] 29.1 69.7 35.4 14.1 13.6 21.2 30.5
LLaVA-Video-7B [24] 31.5 62.9 37.1 16.2 17.4 29.8 57.7
LLaVA-NeXT-Video-7B [23] 34.5 32.6 39.1 25.8 38.3 37.6 55.3
LLaVA-OV-0.5B [11] 49.2 60.2 39.6 58.1 34.5 52.5 35.3
LLaVA-OV-7B [11] 61.2 36.4 60.9 68.4 57.6 73.5 53.3

CARE-VL (Ours) 84.6 68.9 72.7 94.2 92.0 92.4 69.5
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User Generate video descriptions in detail, focusing specifically on the child's 'Pointing' indicator being currently tested.

CARE-VL The video features a child seated in a high chair, dressed in a white shirt and blue overalls. The setting is a room with

beige walls and a large television screen displaying a blue screen. The child is initially seen looking at the television

screen, then turns to look towards the right side of the frame, where a small table or shelf is visible. The child then

points towards the television screen with their right hand, indicating a positive response to the 'pointing’

indicator. Throughout the video, the child continues to point towards the television screen, maintaining focus on it.

LLaVA-OV The video features a child sitting in a high chair in a room with beige walls and a white baseboard. The child is

dressed in a white long-sleeve shirt and blue overalls, with a bow in their hair. The room is minimally furnished, with

a door on the left side and an air conditioning unit mounted on the wall above it. Throughout the video, the child

remains seated in the high chair, occasionally moving their arms slightly but not making any significant

gestures or movements. The background remains consistent, emphasizing the child's stillness and lack of interaction

with the stimuli presented during the test.

Detailed Caption and MC-QA Results for the Social Indicator (Pointing)

User Did the child respond appropriately during the stimulus-response interval of Pointing?\nYes\nNo

CARE-VL Yes

LLaVA-OV No

Fig. 4: Comparison of CARE-VL and the general VLM in generating detailed
captions and MC-QA responses for the social indicator.

models, including Chat-UniVi [9], Video-LLaVA [13], LLaVA-Video [24], LLaVA-
NeXT-Video [23], and LLaVA-OV [11]. CARE-VL achieves the highest average
clip-level accuracy of 84.6%, significantly outperforming other baseline models,
including LLaVA-NeXT-Video at 34.5% and LLaVA-OV-7B at 61.2%. A break-
down by social indicator further emphasizes the superiority of CARE-VL over
baseline models. For instance, in the social smiling category, CARE-VL achieves
an accuracy of 92.0%, outperforming LLaVA-OV-7B (57.6%) and LLaVA-NeXT-
Video (38.3%). In addition to MC-QA accuracy, we evaluate the descriptive
quality of generated captions using an LLM-as-a-judge approach (e.g., LLaVA-
Critic [22]), with scores ranging from 0 to 100. CARE-VL achieves an average
caption evaluation score of 69.5, outperforming general-purpose models that of-
ten provide generic or misleading descriptions. These results confirm the impor-
tance of integrating domain-specific knowledge via label-guided reasoning and
fine-tuning to enhance the model’s ability to accurately capture clinically rel-
evant social behaviors. In Figure 4, we also present a qualitative comparison
of the detailed captions and MC-QA responses generated by CARE-VL and the
baseline model (LLaVA-OV) for the pointing social indicator. While the baseline
model provides a generic and partially incorrect description, CARE-VL gener-
ates a clinically accurate caption that captures the child’s interaction with the
pointing cue. Furthermore, the MC-QA results show that CARE-VL correctly
identified the response, whereas the baseline model failed to recognize it, demon-
strating its superior understanding of ASD-related social behaviors.

3.3 LLM Aggregation for Subject-Level ASD/TD Classification

To evaluate the effectiveness of the proposed ASD screening framework at the
subject level, we aggregate clip-level predictions using an LLM to derive the final
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Table 2: Example of LLM aggregation process for ASD/TD classification.
System You are a helpful assistant for ASD screening. Given Q-R clip observations, you will

decide if the child is ASD or TD. (DSM5 CRITERIA)

Few-Shot Examples: 2 ASD, 2 TD cases

Q-R Interval Yes/No Generated Caption

Response to Name No "The child is seated in a high chair, wearing a green jacket and blue pants. The room
has beige walls and a white door on the left side. The child remains still throughout
the video, showing no response to their name being called."

Eye Contact No (omitted)
Imitation Behavior No (omitted)
Social Smiling No (omitted)
Pointing No (omitted)

User "Based on the observations above, determine whether the child is more likely to have ASD
or TD. A. TD, B. ASD"

LLM output "B. ASD. The child’s behavior and responses to various stimuli in the video suggest that
they may have ASD. Here are some reasons why: **Lack of engagement and interaction**:
Throughout the video, the child shows minimal engagement and interaction with the stimuli
presented, such as their name being called, imitation behavior, and pointing, which is a common
characteristic of individuals with ASD. (omitted)"

Table 3: Subject-level ASD/TD classification results. (a) Confusion matrix on
test set (Site B), and (b) effect of few-shot prompting on classification accuracy.

(a) Confusion matrix on ASD classifi-
cation.

Predicted \Actual ASD TD

ASD 15 5
TD 3 10

(b) Effect of few-shot prompting on classi-
fication accuracy (%).

# Examples Accuracy F1-Score

Zero-shot 54.5 70.6
Few-shot 75.8 78.9

ASD/TD classification. As shown in Table 2, the LLM processes multiple Q-R
interval outputs, including MC-QA responses and detailed captions, to generate
a subject-level decision with explanatory reasoning. Table 3a presents the con-
fusion matrix of the subject-level classification results on the test set (from Site
B). CARE-VL achieves an overall subject-level accuracy of 75.8%, with an F1-
score of 78.9% for ASD screening. To analyze the impact of few-shot prompting
on classification performance, we conducted experiments comparing zero-shot
and few-shot scenarios. As shown in Table 3b, incorporating a small number
of few-shot examples significantly improves performance, enhancing the LLM’s
ability to generalize better to unseen test data. Overall, our subject-level eval-
uation demonstrates that the proposed ASD screening framework, integrating
CARE-VL with LLM-based aggregation, offers promising performance, making
it a practical and interpretable solution for real-world ASD screening.

4 Conclusion

In this work, we introduced CARE-VL, a domain-specialized VLM for ASD
screening based on social interaction behaviors in video data. By leveraging
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SIIC-based video collection and expert-annotated Q-R intervals, we generated
a synthetic instruction-tuning dataset using a label-guided reasoning approach
to fine-tune a general-purpose VLM for ASD screening. Our experimental re-
sults demonstrate that CARE-VL outperforms general-purpose models, provid-
ing more clinically relevant descriptions and accurate responses. Furthermore,
through few-shot in-context learning, our LLM aggregation approach achieves
a subject-level ASD/TD classification accuracy of 75.8%, ensuring both reliable
performance and enhanced interpretability of the final predictions. In future
work, we plan to refine the aggregation process to further improve subject-level
classification, potentially by leveraging stronger LLMs.
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