The BabyView dataset: High-resolution egocentric videos of infants’ and
young children’s everyday experiences
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Abstract

Human children far exceed modern machine learning al-
gorithms in their sample efficiency, achieving high perfor-
mance in key domains with much less data than current
models. This “data gap” is a key challenge both for build-
ing intelligent artificial systems and for understanding hu-
man development. Egocentric video capturing children’s
experience — their “training data” - is a key ingredient for
comparison of humans and models and for the develop-
ment of algorithmic innovations to bridge this gap. Yet
there are few such datasets available, and extant data are
low-resolution, have limited metadata, and importantly,
represent only a small set of children’s experiences. Here,
we provide the first release of a large developmental ego-
centric video dataset — the BabyView dataset — recorded
using a high-resolution camera with a large vertical field-
of-view and gyroscope/accelerometer data. This 868 hour
dataset includes egocentric videos from children spanning
6 months — 3 years of age in longitudinal, at-home contexts.
We provide gold-standard annotations for the evaluation
of speech transcription, speaker diarization, and human
pose estimation, and evaluate models in each of these
domains. We train self-supervised language and vision
models and evaluate their transfer to out-of-distribution
tasks, including syntactic structure learning, object recog-
nition, depth estimation, and image segmentation. Al-
though performance in each domain scales with dataset
size, overall performance is relatively lower than when
models are trained on curated datasets, especially in the
visual domain. Our dataset stands as an open challenge
for robust, human-like Al systems: how can such systems
achieve human-levels of success on the same scale and
distribution of training data as humans?

Keywords: head-mounted cameras; data gap; language learn-
ing; visual representations; large language models

Infants and young children are remarkable learners, becom-
ing capable and engaged social partners within their first two
years of life. The pace of this developmental progress far ex-
ceeds modern machine learning algorithms in its efficiency

and capacity (Frank,2023). In particular, signature accomplish-
ments of artificial systems, such as few-shot learning (Brown
et al.,|2020) and image classification (Krizhevsky et al., 2012),
require hundreds of billions of words of training data and mil-
lions of labeled images. In contrast, human learners become
proficient in extending labels for newly learned visual concepts
(Carey & Bartlett,|1978) and producing language (Frank et al.,
2021) from only tens of millions of words and far fewer labeled
examples (Zhuang et al., |2021). This “data gap” between hu-
man and machine learners is thus a key challenge for the joint
goals of understanding human learning and building intelligent
artificial systems. Making progress will require not just an un-
derstanding of the flexibility of human intelligence, but also an
understanding of the efficiency of human learning.

Data availability is a major barrier to progress in our under-
standing of the gap in learning efficiency between machines
and humans. To make effective comparisons between human
and machine learners, we need to be able to evaluate models
on data comparable to what children see and hear during ev-
eryday learning experiences. While models today are trained
on millions or billions of images and/or videos, these are taken
from the adult perspective, providing a very different vantage
point on the world that is disconnected from real-world learning
environments.

Egocentric video recordings taken from the child’s perspec-
tive provide a key window into what children both see and
hear as they learn about the world around them and from their
social partners (Smith et al.l 2015 [Yoshida & Smith} 2008}
Aslin, [2009; |Franchak et al.,[2011). Developmental psychology
studies using these types of video recordings have together
revealed that the infant view is dramatically different from that
of adults’ (Yoshida & Smith,|2008) and varies as children learn
to locomote on their own and interact actively with the objects,
places, and people around them (Kretch et al.l 2014;|Long.
Sanchez, et al.| 2022).

Here we present the largest high-resolution developmental
egocentric video dataset to date, the BabyView dataset. We
collect videos from 31 families predominantly located in the
United States, totaling 868 hours of usable recordings. We
capitalize on innovations in the development of head-mounted
cameras (Long et al.,|2023), obtaining videos with a large verti-
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cal field of view and coordinated gyroscope/accelerometer data
that can be used to estimate the child’s own head movements.
We provide pose detection, automated speech transcriptions,
and diarization, along with gold-standard annotations for use
in evaluating each of these. We additionally provide language
outcome measures for a subset of the children in the dataset.
We then evaluate self-supervised vision and language models
on these data relative to existing benchmarks.

Related Work

Few developmental egocentric video datasets are avail-
able Egocentric video has been an important domain for
computer vision (Damen et al., 2022; Grauman et al., [2022)
and resulting commercial applications, such as wearable de-
vices. Yet, egocentric video datasets are mostly taken from the
adult perspective, including the Ego4D dataset, which has be-
come an important standard in this field (Grauman et al.,|2022).
Head-mounted cameras have also been used in research with
children, including both descriptive investigations (Yoshida &
Smith}, |2008; /Aslin, 2009; |[Franchak et al., 2011} |Kretch et
al.l [2014; |Fausey et al., 2016} Bergelson & Aslin, [2017) and
computer vision studies (Sheybani et al., |2024} |Zhuang et al.,
2021). Unfortunately, most prior work did not obtain consent for
broad sharing with other research groups and so many major
datasets are unavailable for re-analysis.

The few developmental egocentric video datasets that are
available have been difficult to use for training models for rea-
sons of both data quantity and quality (Long, Sanchez, et al.,
2022} |Sullivan et al.,|2021;|Bergelson & Aslin,2017). For exam-
ple, the SAYCam dataset — by far the largest available dataset
— is relatively low-resolution (480 x 640 pixels), has limited
motion-correction (leading to blurry views), and has times-
tamps imprinted on every frame (Sullivan et al.,2021). The
audio quality is quite variable depending on the background
noise and context, and the videos have restricted vertical view
angle that obscures views of children’s hands and what chil-
dren are interacting with. Further, SAYCam represents video
from three children of highly-involved and informed academic
parents, all of whom were the first children in their families.
These issues have limited the field’s ability to make use of
automated annotations of the visual or linguistic content of
these videos and have restricted the ability to use these data
to draw broadly generalizable conclusions. Here, we present
the largest high-resolution, developmental egocentric video
dataset with broad consent from caregivers for reuse within the
research community.

Models trained on developmental data show limited per-
formance Self-supervised vision models trained using devel-
opmental egocentric video data (Zhuang et al., [2021}|Orhan
et al., [2020}; |[Zhuang et al.} [2022}; (Orhan & Lake, 2024} |Vong
et al., [2024) have had some intermediate success. However,
these models significantly underperform those self-supervised
models trained on curated datasets, while the latter models ap-
proach the accuracy of models trained using fully-supervised

methods (Oquab et al.} |2023; |Caron et al., |2021f |He et al.,
2021;|T. Chen et al.} |12020; |He et al.,|2020). Thus, it remains
unclear whether the current state-of-the-art techniques rep-
resent truly general-purpose visual learning algorithms. In
particular, it is unclear whether gaps in model performance
are due to dataset quality and quantity or are instead due to
the difficulty of learning robust representations from children’s
more realistic everyday inputs.

Relatedly, in the language domain, recent work has inves-
tigated the possibility of training language models (LMs) on
small-scale developmental datasets (see e.g.,|Warstadt et al.)
2023} |Zhuang et al.l 2024} |[Feng et al., |2024), but most of
these have focused on datasets larger than those available
from egocentric video data. For example, the text data used
in the popular BabyLM competition (Warstadt et al., [2023) are
also meant to approximate what a 10-year-old child could re-
ceive (including text from Wikipedia and other sources), which
is very likely more — and different — data than what is required
to acquire a language. One exception is|Qin et al.| (2024), who
trained GPT-2 (Radford et al. 2019) on very small amounts
of input from a single child and investigated the amount of
grammatical knowledge that could be learned.

Here, we evaluate whether data from a new, high-resolution
dataset will lead to increases in performance for self-
supervised visual and linguistic benchmark models.

The BabyView Dataset

We address gaps in data availability by collecting and analyzing
a new set of developmental egocentric videos: the BabyView
dataset. The current paper describes the first release of the
dataset, but data collection is still ongoing and we anticipate
future growth in the overall size of the dataset. Recordings
were obtained using a high-resolution head-mounted camera
for infants and children from 6 months through 3 years of age
in at-home settings. In the BabyView-Home portion of the
dataset, 31 families recorded longitudinal data during everyday
activities for a total of 868 hours across all children. All videos
are accompanied by accelerometer/gyroscope data that can be
used to estimate children’s head-motion (N. Joshi et al., [2010;
Karpenko et al.,[2011};|B. Joshi et al.,|2022). We additionally
release the Ego-SingleChild dataset, a related dataset with
70 hours of recordings with a different camera (see below).
Together, these data comprise the first release of the largest
high-resolution egocentric video dataset from children that will
be available to researchers for both descriptive analysis and
model building (see Table []for comparison to prior datasets).

Camera and sensor data

The BabyView camera is a GoPro Hero Bones camera at-
tached to a child-safety helmet. This camera was selected
because it has gyroscope and accelerometer data, built-in im-
age stabilization features, and relatively high-resolution sound
and video (Long et al.,|2023). The camera is oriented vertically
and is neutral with respect to the face plane of the child, en-
abling the camera to capture both adult faces and objects in a
child’s hands in the same image, with an effective view angle
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Table 1: Comparison of the BabyView dataset to existing related datasets; the BabyView dataset is the only egocentric
developmental video dataset with accelerometer/gyroscope data available for research.

Dataset Egocentric?  Longitudinal? Type N Hours  Audio Transcript ~ Motion
BV-Home v v Infant 31 868 v v v
Ego-SingleChild v v Infant 1 70 v v

SAYCam |Sullivan et al.|(2021) v v Infant 3 476 v v

Ego4D Grauman et al.|(2022) v Adult 931 3670 V v

Epic Kitchens|Damen et al.|(2018) v Adult 37 100 v v

of 100° vertical by 75 ° horizontal (see Figure (Long et
al, 2023).

Dataset components

BV-Home Thirty-one families consented to capture home
recordings with their infant-toddler (0;5-3;1 years, average
age at onboarding = 10 months, SD = 0.26 years, see Fig-
ure[Tc). Data collection is ongoing. Families were recruited
from a convenience sample of researchers in the field of cogni-
tive development (N=7/31 families) and from advertisements
within the State of California, and the broader United States.
Some English-speaking (N = 18/31) and English/Spanish bilin-
gual families (N=1/31) completed one or more parent-report
measures of children’s language development using the long-
forms of the MacArthur-Bates Communicative Development
Inventories (Marchman et al., 2023} [Jackson-Maldonado et
al.,|2003). Our current sample is relatively multilingual (with
only 19/31 English monolingual participants) and highly ed-
ucated, with 24/31 families having at least one parent with
a graduate degree. See Appendix for further information on
participant consent, detailed demographics, and number of
language questionnaires.

Ego-SingleChild We also release 70 hours of data from a
single child of an academic parent who recorded frequently.
This participant was recruited before procedures were finalized,
and recorded using a different camera from other participants.
They used a Cigno F18 Night Vision 1080P Headband Sport
Camera rather than the BabyView camera, which yields shorter
and lower-resolution videos. However, they are comparable
to previous dense longitudinal recordings (see (Sullivan et al.,
2021)), and thus provide additional data that other researchers
may benefit from.

Data access & ongoing data collection

Egocentric video data from children in their home environments
necessarily contain more sensitive information than videos in
egocentric videos by adults. Families provided full consent for
the data that are shared at the time of recording. During a
6-month period after recording, families can also retract any
portion of their recording. Thus, all data in this release will
be made available in August 2025 once the parental embargo
period has lapsed for all videos in this release (release 2025.1).
To ensure BabyView data are accessible to researchers while

protecting the privacy of participants, we distribute the data
through Databrary (https://nyu.databrary.org/) (Gilmore et al.,
2016), similar to previous developmental egocentric datasets
(Sullivan et al., |2021}; Bergelson & Aslin, 2017). Databrary
is a U.S. National Institutes of Health-funded site designed
specifically for the distribution of developmental video data.
Access to data on Databrary requires investigators to be autho-
rized via an institutional agreement that bars re-identification
of participants and redistribution of data.

BabyView is an ongoing longitudinal project and our aim is
to release further data as the dataset grows. Because of the
multi-faceted and growing nature of our dataset, we do not
pre-specify train/test splits, recognizing that any split might be
appropriate for only a subset of research goals (e.g., examining
age-related change, or within- vs. cross-child change).

Annotations
Language annotations

Transcription & diarization pipeline All videos were tran-
scribed using Distil-Whisper model distil-large-v3 (Gandhi et
al.,[2023). As this version only supports English transcription,
we conducted transcription validation for families who reported
speaking only English at home. We also ran a multilingual
voice type classifier (Lavechin et al., |2020) in parallel on the
audio extracted from all BabyView-Home videos (regardless
of language), which classified the speech segments as origi-
nating from a female adult, male adult, key child (the wearer of
the camera), or other child. Transcripts and diarizations were
then merged: Each utterance was assigned to one speaker
by choosing the model-annotated speaker category that had
the greatest overlap with the utterance timestamps. In some
cases, an utterance did not overlap with any model-annotated
speaker; these were marked as NA (NA rate was 8.39% for BV-
Home). For our language model training experiments below,
we also ran the same pipeline on the SAYCam audio, though
we did not conduct validation on this dataset.

Evaluation procedure To assess the accuracy of speech
transcription and speaker diarization on this dataset, we hand-
annotated a subset of 2242 utterances in English monolingual
families, stratified across participant and age at the time of
recording. These utterances account for 2.59 hours of the
BV-Home videos. For each sampled video, we extracted 30
seconds of video beginning at the midpoint of the video. Two
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Figure 1: (a) Schematic of a child wearing the BabyView camera illustrating a large vertical field of view. (b) Example frames
from a video in the dataset (where the parent has provided broad sharing consent). (c) Cumulative hours of video by each of the
participants; each color represents an individual child. The grey line represents video data from the Ego-SingleChild subset. Data
collection is ongoing. The BabyView dataset thus collects high-resolution video and gyroscope/accelerometer with a large vertical
field of view from many children over a large age range, with dense longitudinal data from a few participants.

Table 2: Performance of the automated transcription and diarization pipeline across the age of the child and the speaker.

Child-produced speech had the highest error rates.

Dataset Child age Speaker Word error rate  Diarization Diarization Utterances
precision recall annotated
BV-Home All Ages All Speakers 0.35 0.66 0.66 2242
6-18 m.o. Adult 0.26 0.66 0.79 1371
Key-child 1.08 0.73 0.45 208
Other-child 0.51 0.63 0.39 95
18-30 m.o. Adult 0.37 0.64 0.77 271
Key-child 0.56 0.76 0.62 94
Other-child 0.21 0.60 0.38 15

authors transcribed the speech and labeled the speaker in
each segment. For transcription validation, we computed a
Word Error Rate (WER), which is the ratio of the number of
word-level errors to the total number of words in the original
utterance (Gandhi et al.|[2023). To evaluate speaker diarization
accuracy, we computed precision and recall of the model output
by age and speaker.

Child-produced and child-directed speech is challenging
for transcription algorithms Across all speakers, WER for
automated transcriptions was comparable to that for adult
recordings and was somewhat lower in these naturalistic home
environments, especially compared to that previously seen
using the same methods with preschool classroom recordings

(see|Sparks et al.l [2024). Qualitatively, these decrements in
performance appear to result from a high prevalence of infant-
directed speech with which annotation algorithms are less
familiar. Although automated transcriptions perform poorly for
the youngest children, we see considerable improvement in
WER of child-produced speech of the older (18-30 months)
children in the dataset. Similarly, we found that Whisper often
hallucinated incorrect utterances for child-produced speech
for the youngest infants (rather than appropriately labeling it
as babble). The speaker diarization algorithm (Lavechin et
al., [2020) was able to identify whether a child vs. adult was
speaking 78% of the time, and often could accurately identify
the speaker type (female-adult, male-adult, key-child, other-
child) (see Table[2). While combining speaker diarization and
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