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Abstract

Home-based interventions like parent-child shared reading
provide a cost-effective approach for supporting children
with autism spectrum disorder (ASD). However, analyzing
caregiver intervention strategies in naturalistic home inter-
actions typically relies on expert annotation, which is costly,
time-intensive, and difficult to scale. To address this chal-
lenge, we propose InterventionLens, an end-to-end multi-
agent system for automatically detecting and temporally
segmenting caregiver intervention strategies from shared
reading videos. Without task-specific model training or fine-
tuning, InterventionLens uses a collaborative multi-agent
architecture to integrate multimodal interaction content and
perform fine-grained strategy analysis. Experiments on
the ASD-HI dataset show that InterventionLens achieves
an overall F1 score of 79.44%, outperforming the base-
line by 19.72%. These results suggest that InterventionLens
is a promising system for analyzing caregiver intervention
strategies in home-based ASD shared reading settings. Ad-
ditional resources will be released on the project page.

1. Introduction

Autism Spectrum Disorder (ASD) is a prevalent neurode-
velopmental disorder that substantially impairs social com-
munication and daily functioning [4, 8]. While early in-
tervention can improve core symptoms [7], many families
lack consistent access to effective services due to long-term
costs and uneven resource distribution [17]. This gap has
motivated scalable, caregiver-deliverable home-based inter-
ventions [18, 22, 26, 27], among which shared book read-
ing (SBR) is a particularly effective and accessible routine
[6, 25]. In practice, families often record SBR sessions
at home and submit the videos to speech-language pathol-
ogists (SLPs), who manually conduct video-by-video re-
view to identify caregiver intervention strategies and pro-
vide guidance [2]. However, such expert-driven annota-
tion is labor-intensive, costly, and difficult to scale. There-

fore, a key technical need is to automatically detect inter-
vention strategies from home-based videos. In this work,
we focus on three caregiver intervention strategies used in
parent-implemented ASD interventions: Modeling, where
the caregiver demonstrates the target word or phrase for the
child; Mand-Model, where the caregiver prompts the child
to respond and then provides a model when needed; and
Time Delay, where the caregiver deliberately pauses to cre-
ate an opportunity for the child to initiate or complete the re-
sponse [19-21]. These strategies originate from the Parent-
Implemented Communication Strategies (PiCS) framework
and were later adapted to shared reading and telepractice-
based interventions for children with ASD [1-3].

Achieving this goal is inherently difficult because shared
book reading (SBR) is highly dynamic and interactive, typ-
ically involving a tightly coupled, triadic interaction among
a caregiver, a child, and a book. Caregivers drive this pro-
cess through continuous verbal scaffolding while simulta-
neously coordinating multi-modal social cues —such as
gaze, facial expressions, and gestures —to regulate child
engagement [16]. Fine-grained recognition and reasoning
of these interaction segments become even more challeng-
ing in unstructured, in-the-wild home settings. In these en-
vironments, non-fixed camera viewpoints, ambient noise,
and variable interaction rhythms are compounded by the in-
herent acoustic differences between adult and child voices
[15]. These factors drastically degrade the performance of
mainstream Automatic Speech Recognition (ASR) systems
like Whisper [5], severely undermining the reliability of
subsequent interaction modeling. Finally, these technical
hurdles are further magnified by a severe scarcity of high-
quality annotated data. Although the ASD-HI dataset [16]
partially addresses the gap in home-based SBR, its limited
scale cannot support the massive data demands of modern
data-intensive model training. Consequently, developing a
robust and generalizable automated analysis system under
these compounding constraints remains a core open chal-
lenge in the field.

To address these limitations, we propose Intervention-
Lens, a hierarchical multi-agent framework for caregiver in-

CVPR
#15

036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053
054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075



CVPR
#15

076
077

078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094

095

096
097
098
099
100
101
102
103
104
105
106
107
108
109

110
111
112
113
114
115
116
117
118
119
120
121
122

123
124

CVPR 2026 Submission #15. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

tervention detection without parameter updating. Our con-
tributions are three-fold:

* We propose a two-layer multi-agent architecture that de-
couples multimodal perception from intervention detec-
tion and segmentation, combining structured transcript
and book-context modeling with coarse-to-fine expert-
based temporal localization.

* We introduce a progressive knowledge refinement mech-
anism that uses a small amount of labeled data to itera-
tively update decision rules and refine the agent’s struc-
tured guidance. By translating clinical standard operat-
ing procedures (SOPs) into explicit agent roles and deci-
sion constraints, our framework enables structured strat-
egy analysis without data-intensive fine-tuning.

e We demonstrate strong empirical performance on the
ASD-HI dataset, where InterventionLens substantially
outperforms existing baselines under strict evaluation cri-
teria, improving the overall F1 score from 59.72% to
79.44% and Precision from 50.21% to 82.36%.

2. Related Work

LLM-based Multi-Agent Systems: Large language
model (LLM)-based multi-agent systems (MAS) have
emerged as an effective paradigm for complex reasoning
by decomposing problems into modular subtasks handled
by specialized agents [11, 23, 29]. Compared with single-
agent systems, which often suffer from context dilution and
error accumulation over long interactions, MAS can bet-
ter isolate subproblems, reduce interference across reason-
ing stages, and enable targeted optimization for heteroge-
neous tasks [9, 12, 14, 24, 30]. While prior MAS research
has mainly focused on general planning, coding, and task-
solving settings, the use of MAS for ASD intervention strat-
egy detection in shared book reading interactions remains
underexplored.

Challenges in Multimodal Perception. Fine-grained
analysis of parent-child shared book reading requires ac-
curate speech recognition and reliable temporal grounding.
However, child speech remains challenging for traditional
ASR systems because of its substantial acoustic variability
and pronunciation instability [10, 13]. In parallel, recent
multimodal large language models have shown promising
video understanding ability, but they still struggle to provide
precise temporal localization in long-form videos [28, 31],
especially when second-level timestamps are required for
segment-level analysis. These limitations make robust mul-
timodal perception a key bottleneck for automated interven-
tion detection in naturalistic home environments.

ASD Intervention Detection: In the domain of ASD lan-
guage intervention assessment, the ASD-HI dataset [16]

provides the main benchmark for caregiver intervention
strategy detection in home-based shared book reading
videos.The strongest publicly available baseline uses Whis-
per for speech transcription and a single LLM agent guided
by prompts designed by ASD intervention experts for inter-
vention identification, followed by greedy sequential scan-
ning for temporal segmentation. This benchmark estab-
lishes an important foundation for the task; however, its
overall detection performance still leaves substantial room
for improvement because it relies on error-prone transcripts
and rigid heuristic boundary search.

3. Problem Formulation

We formulate the task as a strategy detection problem over
parent—child shared book reading videos. Given an in-
put video, the objective is to temporally localize inter-
vention strategies and classify each detected segment into
its corresponding strategy category. Let V' & )V denote
a parent-child shared book reading video, and let S =
{Modeling, Mand-Model, Time Delay} be the intervention
strategy space. The goal is to predict a set of temporally
localized intervention strategy segments:

Y= A{(E s 8m) k=1, Sm €S, ()
where M is the total number of predicted interventions. For
the m-th predicted segment, 5, and £¢, denote its predicted
start and end timestamps, respectively, and s,,, represents
its assigned strategy label.

InterventionLens first utilizes the OPA module to pro-
cess the raw video V into grounded interaction transcript
features X. Subsequently, the BMA module is applied to
extract the book context representation B aligned with the
current interaction:

X = OPA(V), B = BMA(X). 2)

Next, the system employs the ICSA module to generate
a set of K intervention candidates along with their routing
cues based on the transcript features X'

C = {(crs ar) oey = ICSA(X), 3)

where ¢, = (t},t;) denotes the k-th intervention candi-
date segment with its initial coarse start and end times, and
qr € Q = {MODEL-like, MAND-like, TD-like} is the cor-
responding strategy cue used for expert routing.

Each candidate is then routed to the corresponding
strategy-specific expert Expert,, for verification and bound-
ary refinement. The expert first evaluates the candidate cy,
against its predefined strategy criteria in conjunction with
the book context B to verify and assign the definitive strat-
egy label §;, € S. For accepted candidates, it subsequently
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adjusts the coarse boundaries (t7,f,) into precise bound-
aries (7,t%):
Ik = Expertqk (Cka B), 4

where the output is explicitly defined as g, €
{(#,15,31), @} Here, @ denotes that the candidate is re-
jected (i.e., classified as background or invalid) during the
strategy-specific verification.

The final prediction set is composed of all accepted and
temporally refined candidates:

V= {9 #2},. (5)

4. Method

As shown in Fig. 1, InterventionLens is a two-layer multi-
agent framework that decouples multimodal perception and
contextual grounding from downstream intervention detec-
tion and boundary refinement. Specifically, the Perception
Layer converts raw shared book reading videos into time-
aligned multimodal interaction transcripts and infers struc-
tured book context from the ongoing session. Conditioned
on these structured representations, the Intervention Detec-
tion and Segmentation (IDS) Layer follows a coarse-to-fine
pipeline that first extracts and routes candidate intervention
segments, and then performs strategy-specific verification
and temporal boundary refinement.

4.1. Perception Layer

The Perception Layer consists of two components: the
Omni-Perception Agent (OPA), which constructs time-
aligned multimodal interaction transcripts, and the Book
Modeling Agent (BMA), which reconstructs a structured
book-context representation.

Omni-Perception Agent (OPA): The Omni-Perception
Agent (OPA) constructs time-aligned multimodal interac-
tion transcripts from caregiver-child Shared Book Reading
(SBR) videos for downstream intervention analysis. It cap-
tures verbal exchanges between caregivers and children to-
gether with observable actions and facial expressions from
both participants. We use gemini-3-flash-preview as the
backbone multimodal audio-video understanding model to
parse dialog and visible interaction cues. For temporal
grounding, we follow an OCR-assisted timestamping strat-
egy in which a red timestamp is overlaid in the bottom-right
corner of each frame and used as an explicit temporal ref-
erence to predict start and end times [28]. For long record-
ings, each reading session is processed as a sequence of 15-
second clips. In parallel, the audio stream is transcribed
using Whisper. We then align Gemini-generated caregiver
utterances with Whisper transcriptions under semantic and
temporal consistency constraints. When a Gemini-parsed
caregiver utterance has a semantically matched Whisper

counterpart with closely aligned timestamps, we replace
the Gemini-predicted temporal boundaries with the cor-
responding Whisper timestamps. The resulting transcript
serves as perceptual input to the downstream BMA and IDS
Layer.

Book Modeling Agent (BMA): Shared book reading
forms a triadic interaction among the caregiver, the child,
and the book. As a result, caregiver interventions are of-
ten grounded in the specific context of the book being read
rather than in dialogue alone. To incorporate this contex-
tual information, we introduce the Book Modeling Agent
(BMA), which infers a Structured Book-Context Represen-
tation from the parent—child interaction transcript. Instead
of reconstructing the full book content, BMA extracts con-
textual cues such as recurring sentence patterns and poten-
tial target words that are relevant to the current reading in-
teraction. This inferred book context is then used as se-
mantic grounding for downstream expert modules, enabling
more accurate intervention detection by aligning caregiver
utterances with the underlying reading context.

4.2. Intervention Detection & Segmentation Layer

The Intervention Detection and Segmentation Layer detects
and temporally segments caregiver intervention strategies
by leveraging the enriched interaction transcripts and re-
constructed book context produced by the Perception Layer.
It is implemented through task-specific agents whose deci-
sion logic is derived from the ASD-HI coding manual and
refined on the training split. Rather than training model pa-
rameters, we translate the operational definitions of Mod-
eling, Mand-Model, and Time Delay into reusable decision
rules.

Intervention Candidate Scanner Agent (ICSA) ICSA
is a module for candidate intervention extraction. Based on
the caregiver-child interaction transcripts produced by the
Perception Layer, it identifies interaction segments that may
constitute intervention events. Specifically, ICSA extracts
two clinically meaningful candidate patterns: Complete In-
tervention Loops, which follow a caregiver stimulus, child
response, and caregiver reinforcement sequence, and Inter-
vention Attempts, in which a caregiver provides a stimulus
but the child does not respond. Based on these candidates,
ICSA further assigns a coarse-grained strategy cue, such as
MODEL-like, MAND-like, or TD-like, and uses it as a rout-
ing signal to dispatch each candidate to the corresponding
strategy-specific expert for subsequent fine-grained verifi-
cation and boundary refinement.

Strategy-Specific Experts (SSEs) The Strategy-Specific
Experts (SSEs) perform strategy-specific verification and
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Figure 1. Overview of InterventionLens. The framework consists of a Perception Layer and an Intervention Detection & Segmentation
Layer (IDS). The Perception Layer first converts the raw shared book reading video into a time-aligned multimodal transcript and structured
book context. The IDS Layer then proposes candidate intervention segments and routes them to strategy-specific experts, each of which
performs strategy-specific verification and boundary refinement to produce the final temporally localized intervention segments.

temporal boundary refinement for the candidate interven-
tion segments routed from the Intervention Candidate Scan-
ner Agent (ICSA). To account for the substantial differences
in linguistic patterns and interaction structures among Mod-
eling, Mand-Model, and Time Delay, we design SSE as a
parallel strategy-specific expert architecture. This architec-
ture consists of three independent expert systems, each ded-
icated to one intervention strategy. All three expert systems
follow the same two-stage cascade paradigm, where Stage
1 performs strategy-specific verification and Stage 2 refines
temporal boundaries.

Strategy-Specific Verification: Strategy-Specific Verifica-
tion is the core logical filtering stage for candidate interven-
tion screening. Because the candidate segments proposed
by ICSA still contain noisy or weak matches, this stage ver-
ifies each candidate using strategy-specific constraints in-
duced from the ASD-HI dataset together with book-context
cues from the Book Modeling Agent (BMA). The verifi-
cation considers utterance form, interaction structure, local
discourse context, and book-related patterns. Only candi-
dates consistent with the target strategy are retained for sub-
sequent boundary refinement.

Temporal Boundary Refinement: After strategy verifica-

tion, the retained candidates proceed to the temporal bound-
ary refinement stage, where their temporal extent is local-
ized more precisely. Guided by local dialogue flow and ex-
pert annotation conventions, this stage refines the start and
end boundaries of each intervention segment. Its goal is to
narrow the relatively broad candidate region from the pre-
vious stage into a precise intervention interval by removing
adjacent turns before and after the core intervention that do
not belong to the intervention itself. As a result, the refined
segments are more closely aligned with expert annotation
standards and more accurately capture the actual temporal
span of the intervention.

4.3. Progressive Knowledge Refinement for SSEs

We initialize the agent’s structured guidance using the
ASD-HI annotation protocol, which specifies strategy def-
initions, temporal boundary judgment, and key interaction
cues. We then iteratively refine the guidance on the training
split with F1 score as the optimization objective. In each
iteration, we run the full system, analyze recurrent failure
cases, and update the guidance rules based on the most fre-
quent error patterns. We stop the refinement process when
the F1 score does not improve for three consecutive itera-
tions.
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5. Experiments

This section presents the experimental evaluation of Inter-
ventionLens on the ASD-HI benchmark. To ensure direct
comparability, we follow the same evaluation protocol as
prior work. We first introduce the dataset, evaluation met-
rics, and implementation details. We then compare Inter-
ventionLens with the strongest reported baseline and con-
duct an ablation on the Book Modeling Agent (BMA). Fi-
nally, we provide additional analysis on the unguided pre-
feedback subset, where caregivers had not yet received ex-
pert feedback, and discuss the main error patterns observed
in the benchmark.

5.1. Experimental Setup

Dataset We evaluate InterventionLens on the ASD-HI
[16] benchmark, a multimodal parent-child shared book
reading dataset collected in home-based intervention set-
tings for families of children with ASD. The dataset records
natural caregiver child interactions in real home environ-
ments. It contains 48 complete shared-reading sessions
from 3 families, together with expert-provided fine grained
annotations of caregiver intervention segments. For each in-
tervention segment, the dataset provides not only the corre-
sponding intervention strategy label and its temporal bound-
aries, but also fine-grained annotations of the caregiver-
child interaction process within the segment, including di-
alogue content, behavioral actions, and other interaction
cues. In addition, the samples in the dataset can be fur-
ther divided into two groups: those collected before care-
givers received expert feedback, and those collected after
caregivers received expert feedback.

Due to variations in home environments and recording
conditions, camera placement is not consistent across fam-
ilies. Moreover, caregivers differ in prompting style, and
children vary in engagement and responsiveness, result-
ing in substantial cross-family variability and distribution
shift. The dataset provides 239 annotated segments for train-
ing and 120 annotated segments for evaluation. We note that
3 segments in the evaluation split contain incomplete anno-
tations, specifically missing strategy labels or missing tem-
poral boundaries. We therefore conduct our final evaluation
on 117 valid test segments. All reported results follow the
same evaluation split used by the original dataset authors.

Evaluation Protocol We employ Precision, Recall, and
F1-score as the primary evaluation metrics. A predicted in-
tervention is counted as a true positive only if it simultane-
ously satisfies three core criteria: (1) Strategy Correctness,
where the predicted strategy category must exactly match
the expert-annotated ground truth; (2) Strategy Complete-
ness, where the prediction must capture the complete care-
giver child interaction process underlying the intervention,

Table 1. Overall results on ASD-HI

Method Prec. Rec. F1

Baseline 50.21 73.68 59.72
Ours 82.364+3.44 76.75+0.49 79.44+1.84

Gain +32.15 +3.07 +19.72

including all necessary interactional details, rather than only
a fragmented or isolated portion of it; and (3) Temporal Ac-
curacy, where the predicted time interval must align with
the annotated reference boundaries within a reasonable tol-
erance window of 1.0 second. To assess the stability of
model generation, we conduct three independent runs on
the same evaluation split. For each run, we compute the
results for the three strategy categories Mand-Model, Mod-
eling, and Time Delay and report the macro-averaged per-
formance. The final results are presented as the mean +
standard deviation across the three runs.

Implementation Details In the perception layer, we
use Whisper-1 for audio transcription and text-embedding-
3-small to support semantic alignment between Gemini
parsed caregiver utterances and Whisper transcription seg-
ments. Specifically, alignment is performed by computing
the cosine distance in the embedding space. We replace
the Gemini-predicted temporal boundaries with the corre-
sponding Whisper boundaries only when the cosine dis-
tance is below 0.1 and the boundary discrepancy is within
1.0 second; otherwise, the original Gemini timestamps are
retained. For multimodal understanding and downstream
reasoning, all agent components use gemini-3-flash-preview
as the backbone model, with the temperature set to 1.0.

During the Progressive Knowledge Refinement for SSEs
stage, all rule induction and prompt refinement are per-
formed on the subset collected after caregivers received ex-
pert feedback, consisting of 197 annotated segments. We
use this subset because intervention behaviors at this stage
are more standardized, with more stable strategy boundaries
and interaction patterns, which makes it better suited for ex-
tracting reusable decision rules. In contrast, the interactions
collected before expert feedback are more natural and vari-
able, and are used in our subsequent analysis. We conduct
nine rounds of refinement and stop the process when the
F1 score fails to improve for three consecutive iterations,
yielding a final training-set F1 score of 0.774.

5.2. Main Results

We first compare InterventionLens with the baseline re-
ported in the original ASD-HI paper under the same eval-
uation protocol. Since the original ASD-HI paper reports
only overall performance without strategy-wise Precision,
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Table 2. Strategy wise results on ASD-HI.

Strategy Prec. Rec. F1

Mand-Model 91.874+1.19 87.88+0.75 89.824+0.31
Modeling 57.34£12.72 26.67+6.67 36.28+8.25
Time Delay ~ 65.03+£6.44 72.84+5.66 68.65+£5.63

Note: The evaluation contains 117 annotated intervention strategies,
including 74 Mand-Model, 27 Time Delay, and 16 Modeling instances.

Recall, or F1 scores, we restrict our comparison to the over-
all metrics. As shown in Table 1, InterventionLens sub-
stantially improves overall performance over the reported
baseline [16]. Specifically, our method increases Precision
from 50.21 to 82.36, Recall from 73.68 to 76.75, and F1
from 59.72 to 79.44. The most notable gain comes from the
large improvement in Precision (+32.15), while Recall is
also slightly improved (+3.07). Consequently, the overall
F1 score increases by (+19.72), indicating a substantially
better balance between prediction accuracy and coverage.
This suggests that InterventionLens does not achieve better
performance simply by producing more aggressive predic-
tions; instead, it substantially reduces false positives while
maintaining strong coverage of true intervention segments.

Table 2 further reports the per-strategy performance of
InterventionLens. Our method achieves the strongest results
on Mand-Model, with an F1 of 89.82, suggesting that this
strategy can be detected reliably under our framework. Per-
formance on Time Delay remains competitive, reaching an
F1 of 68.65. In contrast, Modeling is the most challenging
category, with an F1 of 36.28. This gap suggests that differ-
ent intervention strategies pose substantially different levels
of difficulty, and that Modeling remains the major bottle-
neck in the current benchmark.

In addition, as a supplementary analysis, we further ex-
amine the performance of InterventionLens on the unguided
interaction subset collected before caregivers received ex-
pert feedback. On this subset, the system achieves an over-
all F1 of 85.0942.24, suggesting that the rules induced from
post-feedback data remain applicable to more natural fam-
ily shared-reading interactions. However, this result should
not be over interpreted, since the evaluation subset contains
only 24 annotated segments and is highly imbalanced across
strategy categories, with only 15, 6, 3 instances for Mand-
Model, Time Delay, and Modeling, respectively. We there-
fore treat this result as a supplementary observation on sys-
tem applicability, rather than as a definitive validation of
cross-distribution generalization.

5.3. Ablation Study

Ablation on the Book Modeling Agent (BMA). To eval-
uate the contribution of book-conditioned semantic ground-
ing, we remove the Book Modeling Agent (BMA) while

Table 3. Overall results under BMA ablation.

Method

InterventionLens 82.361+3.44 76.754+0.49 79.44+1.84
w/o BMA 70.224+3.49 67.79+1.28 68.97+2.35

Prec. Rec. F1

Drop -12.14 -8.96 -10.47

Table 4. Strategy-wise F1 under BMA ablation.

Strategy InterventionLens w/o BMA  AF1
Mand-Model 89.82+0.31 80.27£2.90 -9.55
Modeling 36.2848.25 16.96+9.06 -19.32
Time Delay 68.65+5.63 64.93+2.17 -3.72

keeping all other components and experimental settings un-
changed. As shown in Table 3, removing BMA leads to a
clear overall performance drop: Precision decreases from
82.36 to 70.22, Recall decreases from 76.75 to 67.79, and
F1 decreases from 79.44 to 68.97. This result indicates that
explicit book modeling is a key component of the full sys-
tem rather than an optional auxiliary module.

Table 4 further shows that the impact of removing BMA
is not uniform across strategy categories. In particular, the
F1 of Modeling drops from 36.28 to 16.96, while Mand-
Model also decreases from 89.82 to 80.27. In contrast,
Time Delay is relatively less affected, with F1 decreasing
from 68.65 to 64.93. These results suggest that BMA con-
tributes broadly to intervention strategy detection, and may
be particularly important for strategies that require aligning
caregiver utterances with book content and target-word se-
mantics. We note that the Modeling category has relatively
few instances in the evaluation split, and its category-level
results should therefore be interpreted with caution; how-
ever, the clear degradation in both the overall results and
Mand-Model still consistently indicates that explicit book
modeling provides critical contextual grounding for the sys-
tem. Overall, this ablation supports our central assumption
that shared book reading should be modeled as a triadic in-
teraction among the caregiver, the child, and the book.

5.4. Error Analysis

A notable observation is that the detection performance of
Modeling is substantially lower than that of the other two
strategy categories. We believe that this result is influenced
by at least two factors. First, the number of Modeling in-
stances in the evaluation split is very small, with only 16
samples, making the corresponding metrics more sensitive
to fluctuations caused by a few individual cases. Second,
we observe that there may be some inconsistency in la-
beling criteria between the training and evaluation splits.
Specifically, when the same caregiver reads the same story
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book, Brown Bear, Brown Bear, What Do You See?, utter-
ances that are highly similar in both form and semantics are
not always annotated consistently across splits. For exam-
ple, in the training split, repeated target-word expressions
such as “black sheep . ..black sheep” are labeled as Model-
ing, whereas in the evaluation split, similarly structured ex-
pressions from the same caregiver, such as “red bird ...red
bird”, are not labeled as Modeling. This suggests that the
Modeling category is challenged not only by limited sample
size, but also potentially by ambiguous labeling boundaries
or inconsistent annotation criteria.

6. Conclusion and Limitations

In this paper, we presented InterventionLens, a hierarchi-
cal multi-agent framework for detecting and temporally
segmenting caregiver intervention strategies in home-based
shared reading videos. Unlike approaches that rely on task-
specific parameter updating, we decompose the task into a
sequence of interconnected subprocesses, including mul-
timodal perception, book-context modeling, intervention
candidate discovery, strategy-specific verification, and tem-
poral boundary refinement. This task decomposition allows
the system to organize the overall reasoning pipeline from
perception to decision-making in a modular manner, while
enabling fine-grained temporal localization of intervention
segments on the current benchmark.

Experiments on the ASD-HI benchmark show that In-
terventionLens substantially outperforms the strongest re-
ported baseline, achieving clear gains in overall Precision
and F1. Further ablation results demonstrate that explicit
book-conditioned semantic grounding is a key component
of the full system rather than an optional auxiliary design.
Modeling shared reading as a triadic interaction among the
caregiver, the child, and the book provides important con-
textual support for intervention detection, and is particularly
helpful for strategies that depend on aligning caregiver ut-
terances with recurring story patterns and target-word se-
mantics.

It should also be noted that InterventionLens was devel-
oped based on the ASD-HI training set and its correspond-
ing task formulation. As a result, the method may still ex-
hibit a certain degree of dependence on the benchmark’s
annotation conventions, strategy boundaries, and data dis-
tribution.  Although the experimental results show that
InterventionLens achieves substantial improvements under
the current evaluation protocol, its transferability and ro-
bustness across datasets, family settings, and annotation
schemes still require more systematic validation.

7. Ethical Considerations

This study utilizes the ASD-HI benchmark dataset, which
was collected through a prior Institutional Review Board

(IRB)-approved study. The current research does not in-
volve any new human-subject data collection; the released
dataset is used strictly for academic research purposes in
line with the approved data use guidelines.

For multimodal analysis, we accessed the Gemini model
through Google Cloud Vertex Al. Customer data is not used
to train Google’s Al models as stated in their terms of use,
and all API communications are protected via encryption in
transit using TLS. Furthermore, we have strictly limited the
use of data to research analysis, with no attempts to iden-
tify or re-identify participants, and no redistribution of raw
videos or identifiable materials.
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