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Abstract the neuro-developmental condition. In medical context, foun-
dation models [5, 6, 7, 8] have shown impressive performance

Multimodal foundation models have paved the way for a in standard medical examinations and multimodal pathological

paradigm shift in long video understanding. The extent to which image analysis providing evidence of their clinical utility. How-
FheSf? models can help anal}fze Vert?al apd non-verbal behav- ever, the extent to which foundation models could analyze real-
iors in the context of human interactions is underexplored, par- world human interactions to yield relevant insights in challeng-

ticularly in the challenging settings of clinical diagnosis and ing clinical settings and populations is not well-studied.
treatment. We investigate the use of foundation models across In this work, we investigate the potential of multimodal
speech, video, and text modalities to analyze child-focused in- foundation models to analyze human interactions in a child-
teractions in the context of autism diagnosis. We evaluate inclusive diagnostic setting for Autism Spectrum Disorder
modell performange in two .related ta§ks, i.e. activity under- (ASD). Children on the autism spectrum may exhibit clini-
standing and atypical behavior detection. We further propose cally relevant behavior during these sessions, such as inconsis-
a'umﬁed methodology for merging information from audio and tent gaze patterns, repetitive behaviors with toys, and repeated
video streams by leveraging large language models as reason- words or phrases (echolalia) [9, 10, 11]. These behaviors are
ing agents. Our experiments reveal that, while models perform coded either by the clinicians during the assessment or during
rell.atlvely well for 'colarsle-gra.lned .tasks such as activity recog- post-assessment. However, this coding process can still be com-
nition and over-activity identification, they fail to generalize to plemented and supplemented by nuanced interaction details that
ﬁne-gra'uned tasks such as anxiety detection and activity seg- may be overlooked. Moreover, the whole process requires sig-
mentation. . ) ) nificant manual effort, which prevents the scaling of the analysis
Inflex. Terms: f(?undatlon models, autism spectrum disorder, of these diagnostic sessions. Hence, the ability to computation-
child-inclusive, video language models ally analyze and interpret these behaviors could help clinicians
quantify them more effectively, ultimately enabling the automa-

1. Introduction tion of large-scale diagnostic analysis.

Autism Spectrum Disorder (ASD) is a neuro-developmental Prior work in analyzing child-inclusive videos related to
disorder characterized by challenges with social skills, repeti- ASD have focused on action recognition [12, 13] and distin-
tive behaviors, and nonverbal communication. The condition is guishing autistic from typically developing children [14, 15,
highly prevalent globally; for example, according to the Cen- 16]. However, a classification label is rarely explainable and
ter for Disease Control and Prevention (2023), about 1 in 36 does not substantially inform clinicians during diagnosis. In-
children [1] in the United States are diagnosed with ASD. Cur- stead, providing measures of specific behaviors such as social
rently, diagnosis and behavioral changes related to treatment affect and restrictive repetitive behaviors would aid clinicians
are evaluated through clinically-validated instruments such as in better conducting the behavior phenotyping. This work rep-
Autism Diagnostic Observation Schedule (ADOS) [2] and resents one of the first studies to explore the utility of multi-
Brief Observation of Social Communication Change (BOSCC) modal foundation models in a diagnostic setting of child-adult
[3]. Both involve dyadic interaction sessions between a clin- interactions, particularly in the context of ASD. Our main con-
ician/caregiver and the child, and incorporate a multitude of tributions are the following.

complex activities, such as puzzle solving, story creation, toy + We propose a unified methodology that combines informa-

play, and conversation about emotions, loneliness and social
difficulties. These sessions are recorded as long-form videos
and contain rich verbal and nonverbal cues. Automatically ana-
lyzing such videos at scale using foundation models could better
quantify and expand on the behaviors of autistic children.
Multimodal foundation models such as GPT-40 [4] and
Gemini [5] have shown impressive performance in visual ques-
tion answering and spatial reasoning benchmarks. The ability
to employ these models in diagnostic interaction settings, such
as child-clinician interactions, could provide valuable informa-
tion in quantifying measures of behavioral patterns related to

tion from video and speech modalities to achieve robust per-
formance across different recording settings.

* We provide a comprehensive analysis of the capabilities of
foundation models in analyzing child-adult interactions in
autism diagnostic sessions by evaluating two tasks: activity
understanding and atypical behavior detection.

* We report noticeable performance gains (~20% relative)
while reasoning with Large Language Models (LLMs) and
natural language descriptions of video and speech, compared
to zero-shot inference of Video-Language Models (VLMs).
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Figure 1: Schematic overview of the proposed multimodal processing pipeline. During the modality-specific content extraction, natural
language descriptions of video and speech are obtained. These descriptions are then used for LLM refinement. El, E2, and E3
are binary classification tasks. The classes for Activity Recognition and Activity Segmentation are as mentioned. Example prompts
corresponding to each refinement mode are provided in the bottom table.

Table 1: Details of the datasets used in the analysis. Age is reported in years, Duration of session is reported in minutes.

Dataset Setting Adult Duration  # Sessions Age Gender Tasks
Remote-NLS  Zoom recordings  Parents ~15 89 6.26£1.07 70M, 19F  Activity Recognition
ADOSMod3 Diagnostic ~ Clinician ~ ~60 83 8684233 s6M,27F Activily Segmentation,
Atypical behaviors
2. Tasks Overactivity/Aggression (E1) evaluates excessive movement

To evaluate the performance of foundation models, we consider
two exemplary tasks, namely activity understanding and atyp-
ical behavior detection. While activity understanding tasks let
us evaluate the model’s ability to identify human-object inter-
actions and corresponding nonverbal gestures, atypical behav-
ior tasks offer additional insights in analyzing conversations and
interaction-behavioral dynamics.

2.1. Activity Understanding

Diagnostic videos of ASD feature semi-structured interactions
with a pre-defined set of activities conducted throughout the
session. Each activity explores a target behavior from the child.
This makes it important for the models to be able to identify the
activity that could further help identify any deviation from ex-
pected typical behavior. Activity understanding comprises two
subtasks: activity recognition and activity segmentation.
Activity Recognition (AR) is a multilabel task wherein, given
a video, the objective is to identify all the activities that occur
during the course of the video.

Activity Segmentation (AS) involves identifying specific ac-
tivities and localizing their timestamps within a video.

2.2. Atypical Behaviors

Atypical behaviors in children refer to atypical verbal or non-
verbal actions that are deemed not appropriate for the respec-
tive setting or context. During the course of autism diagnostic
assessment, clinicians note atypical behaviors that a child might
exhibit. These are organized into three constructs, Overactiv-
ity/Agitation (E1), Tantrums (E2) and Anxiety (E3). For a
given clinical interaction, the coding for each construct corre-
sponds to a binary value, i.e. presence/absence of said behavior.
The distributions are shown in Table 2.
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or physical agitation of the child during the ADOS session.
This item is coded relative to the participant’s nonverbal mental
age. Notable characteristics include standing up from the chair,
walking around the room during the session, and fidgeting or
moving about in the chair.

Tantrums, Aggression, Disruptive Behavior (E2) refers to
any form of anger or disruption by the child during the course of
the interaction. This includes behaviors such as occasional mild
disruptions in the form of anger, aggression, throwing things,
hitting or biting others, and loud screaming or yelling.

Anxiety (E3) is measured through signs displayed by the child
during the entire session. Notable signs include worry, upset, or
concern from the child, including trembling or jumpiness.

3. Datasets

To evaluate our method, we consider the Remote-NLS (Natu-
ralistic) and the ADOSMod3 (semi-structured) child-adult in-
teraction datasets. Details about the demographics and record-
ing settings of the datasets are provided in Table 1. We comply
with the data usage terms mentioned in the IRB and DUAs from
the original data owners.

Remote-NLS [17] contains 89 Zoom recordings of 15-minute
child-parent interactions focusing on the child’s spontaneous
spoken language in a naturalistic context. An example frame
is shown in Fig. 1, wherein the child is playing a game of Con-
nect4 with their parents. For this dataset, we explore the Ac-
tivity Recognition task, where the objective is to identify the
subset of 13 activities (mentioned in Fig. 1) at the session level.
ADOSMod3 comprises child-clinician diagnostic interactions
for ASD following the ADOS-2 protocol [2, 18]. The dataset
contains 83 videos of Module 3 (~1 hour each), designed for
verbally fluent children. Each session is administered to elicit
spontaneous interaction and observe the child’s verbal and non-



verbal communication and behavior through 14 different activ-
ities (Fig. 1). During the session, clinicians evaluate behaviors
associated with communication, interactions, and gesturing by
the child. For this dataset, we evaluate Activity Segmentation
and all three atypical behavior constructs (E1, E2, E3).

4. Methodology

Traditional video processing methods struggle to adapt to long
video understanding [19]. Instead, we draw inspiration from
recent works in visual reasoning, robotic planning, and nav-
igation domain [20, 21, 22], wherein visual entities such as
charts and images are converted to natural language through
descriptions. The reasoning agent (LLM) then leverages the
enriched prompt with these descriptions to perform single-step
or multi-step inference for the desired task. Similarly, rather
than performing modality fusion through unified training of vi-
sion and speech models, we opt for a training-free alternative
wherein task-relevant information from video and speech are
extracted from pre-trained models (video-language models and
automatic speech recognition (ASR) models, respectively). Fol-
lowing this, the natural language descriptions for each modality
are provided to an LLM to perform inference (Fig. 1). In this
manner, the reasoning agent leverages the complementary infor-
mation available in both modalities without explicitly training
a combined model. Fig. 1 shows the described pipeline along
with example prompts corresponding to the refinement proce-
dure. The textual descriptions of different modalities are inte-
grated into LLM refinement as described in the following.
Video captions are generated by VLMs through prompting for
a detailed description of the provided video. The generated de-
scription is provided to an LLM to derive the predictions for the
specific task. This process allows the VLM to generate a de-
scriptive caption for the video that goes beyond predefined class
labels. Following this, the LLM is able to infer the downstream
task through the contextually rich description.

Transcriptions are generated from Whisper large-v3 [23], sep-
arately for each video. Although the transcriptions would con-
tain errors (WER: Adult ~25; Child ~55) and would not have
the speaker attributions for each utterance, we hypothesize that
the information content in transcripts would contain adequate
information for downstream tasks. Transcripts are then pro-
vided as context to LLMs for the aforementioned activity un-
derstanding and atypical behavior detection tasks.

Multimodal setting consists of refinement from LLMs by pro-
viding both transcriptions and video captions. The prompt ex-
ample for this refinement is shown in Fig 1. We assume that
LLMs would perform better on the tasks by leveraging the com-
plementary information provided by each stream.

5. Experiments

Due to privacy concerns and the sensitive nature of the data,
cloud-based models such as GPT-4 [4] and Gemini [5] cannot
be used. Hence, we rely on open-sourced models which can be
deployed in secure local servers. For video-language models,
we use LLaVA-NeXT-Video 7B DPO, LLaVA-NeXT-Qwen-
32B[24] and Video-LLaMA?2 7B[25] models. Meta-Llama-3-
8B-Instruct[26] is the LLM chosen, owing to its large context
length, and Whisper[23] is used for generating the audio tran-
scripts from videos. The 7B/8B models are used at 16-bit pre-
cision, and the 32B models are used at 8-bit precision. A single
A6000 GPU is used for inference in all experiments.

As a baseline, we show the zero-shot performance of the
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Table 2: Zero-shot and LLM refinement classification results.
Activity {Recognition, Segmentation} - AR, AS; overactiv-
ity/agitation - El, tantrums - E2 and anxiety - E3. Fl1-Macro
is reported for AR and AS. PR-AUC is reported for El, E2 and
E3. A refers to absence and P refers to Presence of the atypical
behavior. For all metrics, higher is better.

AR AS

Model (CAASL)  (ADOS) El E2 E3
2 2 2
# Classes 13 14 (A-48) (A-76) (A-T73)
P-34) (P-7) (P-10)
Zero-shot
VidL 2 7B¢, 31.6 4.0 84.2 12.4 22.6
L-Next Vid 7B DPO? 27.6 3.8 81.5 42 19.3
L-Next Vid 32B Qwen® 36.8 4.4 91.7 54.2 28.0
LLM Refinement
L,Video only
VidL 2 7B 377 5.1 78.1 45.5 19.9
L-Next Vid 7B DPO? 36.8 43 76.8 54.2 23.7
L-Next Vid 32B Qwen® 42.8 3.7 61.3 42 18.2
LTranscript only
whisper-L (16s) 16.3 12.3 83.9 10.7 9.8
whisper-L (64s) 39 22 79.1 10.4 12.0
LMultimodal
VidL 2 7B 41.3 124 80.1 373 16.0
L-Next Vid 7B DPO? 38.7 9.6 70.0 9.4 28.8
L-Next Vid 32B Qwen® 44.8 9.8 82.2 10.4 12.0

@ Video-LLaMA?2 7B, bLLaVA-NeXT-Video 7B DPO, ©LLaVA-NeXT-Qwen-32B

video-language models on the respective tasks. Then, LLM re-
finement is performed for three conditions, namely video only,
transcript only, and multimodal, as described in the previous
section. Zero-shot and video descriptions are extracted for
video segments sampled at 1 fps for 16 seconds. A label is
generated for each video segment for each task.

Segment-level activity timestamps are unavailable for ac-
tivity recognition. Hence, evaluation is performed at session
level. Session labels are determined based on the segment-level
activity predictions. An activity is considered part of the ses-
sion if it is predicted by the model for at least 90 seconds. This
threshold is heuristically set based on the task design. For ac-
tivity segmentation, metrics are computed at the segment level
as segment-level timestamps are available. Macro F1 scores are
reported for both Activity Recognition and Segmentation tasks.

For the atypical activities, we have a single label per ses-
sion. From the video segment predictions, the ratio of num-
ber of segments with presence of atypical behavior from pre-
dictions is computed. A higher ratio indicates more frequent
atypical behavior being observed by the models. This ratio is
then used to compute the evaluation metrics. Since E1, E2 and
E3 have significant class imbalance, the Precision-Recall Area
Under Curve (PR-AUC) metric is reported.

For transcript-only refinement, two settings are evaluated,
i.e. transcript chunks corresponding to 16-second and 64-
second video segments. This is done to ensure a fair compari-
son for speech modality, as 16 seconds of audio (about 2-3 sen-
tences in total) may not contain enough task-specific cues.

6. Results
6.1. Activity Recognition

Table 2 shows the results for both activity understanding and
atypical behavior detection tasks. For activity recognition, we
see that both zero-shot and LLM refinement perform signifi-
cantly better than random chance. Additionally, we see that
augmenting the prompt with contextually rich descriptions from
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Figure 2: Class-wise Activity Recognition F1 Score for LLaVA-
NeXT-Qwen-32B.

videos can improve the LLM refinement performance (~20%
relative) compared to zero-shot inference from VLMs across all
tested models. Fig. 2 shows the class-wise F1 scores for activity
recognition on the best performing VLM, i.e. LLaVA-NeXT-
Qwen-32B. Here, we see that the zero-shot inference is unable
to generalize well for activities such as snack, and sensory. This
behavior could be explained by VLMs being better at generat-
ing descriptions about visual entities but unable to reason the
distinctions between these nuanced categories. Hence, LLMs
are able to use these descriptive captions of the video to pro-
vide better reasoning, thereby better demarcating these classes.
Performance gains are observed with multimodal refinement in
tasks such as singing, reciting and shared book reading, point-
ing to LLM being able to leverage complementary information
from audio and video to perform more accurate reasoning.

6.2. Activity Segmentation

Activity Segmentation on ADOSMod3 results in chance-level
performance for zero-shot and video description-only refine-
ment. This could be explained by two factors. Firstly, the
video descriptions generated by the VLMs are unable to cap-
ture fine-grained details necessary for the LLM refinement to
reason about the downstream tasks. It is worth noting that mul-
tiple activities (make-believe play, join interactive play, creat-
ing a story) in an ADOS session involve the use of similar
toys. The VLM descriptions do not capture these distinctions,
thereby causing the LLM refinement to be unable to distinguish
these activities. Also, ADOSMod3 dataset contains conversa-
tional activities (loneliness, emotions, conversation and report-
ing), wherein the details are solely captured by speech modal-
ity. Hence, for transcript-only or multimodal LLM refinement,
we observe a noticeable performance improvement over video-
only LLM refinement, indicating a stronger signal for activity
segmentation in speech.

6.3. Atypical behaviors

Both zero-shot and LLM refinement are able to capture Overac-
tivity (E1) in the videos, as indicated by the results in Table 2.
El is often characterized by the child standing up from the chair
and moving around the room. Since VLMs are trained on ac-
tion recognition and movement tasks, they are able to map the
construct of overactivity to movement of the child around the
room. As far as E2 is concerned, accounting for tantrums and
negative behavior requires understanding the voice characteris-
tics (such as loud voice or verbal threats) of the child in addi-
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tion to the speech content and actions. This leads to the LLM
refinement being unable to generalize well to this task. For E3,
we observe that the VLM descriptions incorrectly recognize the
child as trembling even though the child exhibits regular hand
movements as a part of play. This leads to LLM refinement
incorrectly predicting the child appearing to be anxious during
these video segments.

6.4. Multimodality vs. Unimodality

The results for activity segmentation and activity recognition
show that some modalities might be more informative for a
given task. For example, in the case of activity recognition
(Remote-NLS), video modality is more informative than audio.
However, in the case of activity segmentation, we notice the
opposite trend. The proposed approach of combining modality-
specific information followed by LLM refinement enables in-
ferring from the more informative modalities, thereby provid-
ing improved performance across the different activity tasks.
However, while we observe performance gains for multimodal
refinement in activity tasks, we do not see a similar trend in
atypical behavior tasks. As mentioned earlier, this is primarily
because of errors in modality-specific content extraction, i.e.,
hallucinations of VLMs or ASR models. Currently, multimodal
refinement equally weighs all the modality descriptions without
providing modality-specific confidence weights. This leads to
faulty inferences by multimodal refinement in the presence of
errors in modality-specific descriptions.

6.5. Context Scaling and Model Size

We test whether increasing the context length of the input
modality results in improved downstream performance. As
most video-language models considered in this work are trained
for a maximum context of 16 frames, this analysis is applied on
audio modality, wherein increasing the context length is equiv-
alent to providing transcripts from longer video segments.

By comparing the rows whisper-L (16s) and whisper-L
(64s) in Table 2, we observe that increasing the context length
of audio information from 16s to 64s leads to a significant im-
provement in the performance for activity tasks. This could be
the case because transcripts which are 16 seconds long may not
provide activity-specific information and might have generic
conversations which leads to the model falsely predicting those
chunks as conversations. When increasing the context length
to 64 seconds, there is a higher chance of capturing informa-
tion about the primary activity. For the activities task, we see a
performance improvement for the 32B llava-next model when
compared to the 7B model. However, no consistent trend is seen
for atypical behaviors.

7. Conclusion & Future Work

In this study, we explored the utility of foundation models in an-
alyzing clinical videos for ASD diagnosis. The proposed mul-
timodal refinement pipeline provided robustness to unimodal
limitations by leveraging complementary information that is
present in the additional modalities. We also underscored the
limitations of foundation models in supporting reasoning in
these complex settings of human interactions. In the future, we
plan to expand our work to provide multistep reasoning wherein
the LLM reasoning agent would be able to selectively prompt
for task-specific information. Additionally, we plan to extend
the reasoning capabilities to identification of a larger set of
ASD-related behaviors such repetitive behaviors and gestures.
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