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because we focused on relatively broad measures of performance in 
our qualitative and quantitative evaluations, we cannot rule out more 
fine-grained differences between the models that might be hidden 
behind their comparable overall performance. However, isolating the 
causes of such potential fine-grained differences would be difficult 
in our case, as our reference datasets differ across many dimensions.

What are the implications of our results for the ‘nature versus 
nurture’ question regarding the acquisition of basic visual capabili-
ties, such as real-world object recognition? Motivated by the early 
emergence of some visual capabilities in infants, developmental 

psychologists postulated various innate constraints related to objects, 
agents, space and categories3,4,9–11, hypothesized to be critical for subse-
quent learning. However, a rigorous computational test of these claims 
requires considering both a sufficiently realistic proxy of a child’s actual 
visual experience and powerful, generic, scalable learning algorithms 
and models. Arguably for the first time in history, we now have both 
ingredients, thanks to advances in the collection of large-scale longi-
tudinal developmental datasets like SAYCam13 and advances in deep 
learning, giving us powerful generic learning algorithms and architec-
tures. Together with a handful of other recent studies28,30–34, this work is 
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Fig. 5 | Nearest neighbours in the embedding space. a,b, The leftmost column 
shows six query images; the next ten images in each row are the ten nearest 
neighbours in the embedding space. Results from a ViT-B/14 DINO model trained 
on child S (a) and from a random, untrained model with the same architecture (b) 

are shown. Nearest neighbours are with respect to the Euclidean metric.  
Both the query and the nearest neighbours are from the Open Images V7 
dataset26. Detailed image credits can be found in Supplementary Table 2.
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among the first to take advantage of these new opportunities to address 
fundamental questions in cognitive science. Our results, for example, 
suggest that strong inductive biases like a taxonomic generalization 
bias or an innate ability to segment objects may be unnecessary, as our 
generic self-supervised models already do a reasonably good job of 
learning to segment objects in images (Fig. 3a) or to categorize objects 
based on their kind (Fig. 4) from limited and noisy visual data available 
to a child without such inductive biases. However, the models’ ability 
to cleanly segment and generate objects is imperfect (Figs. 3b and 6), 
so it remains an open empirical question if they can attain human-level 
understanding of objects by simply being trained on developmentally 
more realistic amounts of data or if stronger object-centric inductive 
biases may still be necessary to achieve this3,4,35.

There are several differences between our experimental setting 
and the actual learning problem faced by children. These differences 
should be kept in mind when considering the implications of our results 
for developmental psychology. First, even the combined data from 
SAYCam amount to roughly 40 days of visual experience (factoring in 
12 hours of sleep per day). To extend this to developmentally realistic 
amounts of data would require roughly two orders of magnitude more 
data than we currently have. The capabilities of the current models 
would undoubtedly improve with additional data at this scale even 
without any other changes, but it is an open empirical question how 
much they would improve. Second, here we only considered visual data, 
but a child’s actual experience is multimodal, with auditory, haptic and 
sensorimotor components, in addition to vision. The capabilities of the 
current models would again likely improve with these complementary 
sources of information. Third, our models are trained with stochastic 
gradient descent, which is biologically implausible in the context of 
deep networks36. To the extent that biological learning must satisfy 
demanding constraints that are not relevant for deep learning, our 
results may overestimate what can be learned from a child’s visual expe-
rience with biologically plausible learning mechanisms. Compared to 

deep learning models, this may necessitate more reliance on innate 
inductive biases in humans.

Another difference is that children are interactive learners. They 
learn their own behavioural policies regarding how to interact with 
objects or other agents in the environment. This allows them to shape 
and structure their own sensory experiences. Our models, on the other 
hand, are passive learners. The learnability results here thus relate to 
what is learnable from a visual stream that is, to some extent, already 
structured by the child. Interactive models that can actively shape 
their own experiences, as children do, might learn more effectively 
compared to passive learners37, in which case our results would under-
estimate what can be learned from child-like visual experience without 
strong inductive biases.

There are also important differences between the raw visual inputs 
received by our models and those received by children. The SAYCam 
frames have relatively low spatial resolution (640 × 480 pixels) com-
pared to the human retina. They contain a substantial amount of motion 
blur artefacts, and the image quality is generally poor in low lighting 
conditions. Efforts to collect higher quality headcam data with better 
cameras are already under way38. Modern SSL algorithms often use 
heavy data augmentation strategies like colour jittering or random 
resized cropping (the particular data augmentations used by each of 
our SSL algorithms are detailed in Methods). These augmentations 
increase the effective sample size to the benefit of the models. It is 
unclear whether similar processes in humans could implicitly expand 
the input in a biologically plausible way. Foveation represents an inter-
esting example in this respect, with its functional similarity to random 
resized cropping.

We hope that our work will inspire new collaborations between 
machine learning and developmental psychology27,29,39, as the impact 
of modern deep learning on developmental psychology has been rela-
tively limited thus far. One key reason for this is the data gap40 between 
machine and human learners; for example, today’s computer vision 
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Fig. 6 | Qualitative evaluation of the generative models. a,b, Conditional 
samples from two different models (trained on child S in SAYCam or on all 
of ImageNet) seeded with images from child Y in SAYCam (a) or with images 
from the Konkle objects dataset (b). In each case, the upper half of the image is 

given to the model as context, and the lower half is generated by the model. All 
model completions are zero-shot (the models have not seen any prior examples 
from these datasets). More examples can be found at the accompanying code 
repository.
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models are typically trained with visual data that are very different 
in content, style and amount from a child’s visual experience (for the 
models, millions, sometimes billions, of static photographic pictures 
scraped from the internet versus, for the child, a few years of continu-
ous, egocentric data streams from the world). Here we bridged this 
data gap by training the same models on a realistic proxy of a child’s 
egocentric visual experience and demonstrating these models’ pow-
erful visual capabilities. Future algorithmic advances, combined with 
richer and larger developmental datasets, can be evaluated through 
the same approach, further enriching our understanding of what can 
be learned from a child’s experience with minimal inductive biases.

Methods
Evaluation tasks for the embedding models
Here we describe the nine tasks used for evaluating the embedding 
models, each associated with a dataset.

Labeled S. Labeled S contains ~58,000 manually labelled frames from 
child S in SAYCam30. We use the temporally ×10 subsampled version of 
this dataset (0.1 frames per second) containing ~5,800 images from 26 
different classes. Temporal subsampling reduces the temporal correla-
tions in the dataset and makes the classification task more challenging. 
We then randomly split the data in half, use the first half for training 
and the second half for evaluation. This is our only within-domain 
evaluation task for models trained on SAYCam, specifically for models 
trained on data from child S.

Konkle objects. This is a public dataset available from ref. 41. The 
images in this dataset depict common everyday objects in isolation 
against a uniform white background42. We only use a subset of the 
categories from the dataset that contains a sufficiently large number 
of exemplars, that is, 16 or 17 exemplars. This subset contains 4040 
images from 240 different object categories. We split the data in half, 
use the first half for training and the second half for evaluation.

CORe50. This is a public dataset available from ref. 43. The dataset 
contains 50 different everyday objects undergoing various continuous 
transformations (complex combinations of 3D rotations and transla-
tions) against a variety of backgrounds44. The dataset is originally in video 
format, but we sample the videos at five frames per second to make an 
image dataset. Each object is shot against the same set of 11 unique back-
grounds. We use six of these backgrounds for training and the remaining 
five backgrounds for evaluation (90,000 images in total for training, 
75,000 images for evaluation). This task thus tests whether a model 
can (1) ignore the background and primarily respond to the foreground 
object instead and (2) generalize over continuous transformations. Note 
that a model primarily responding to the background would perform at 
near chance levels (2% top-1 accuracy) in this task, since the background 
does not have any predictive value for the object identity.

ImageNet. ImageNet (ILSVRC-2012) is a large and diverse dataset of 
high-quality images from the internet19 and is a very popular benchmark 
for real-world visual object recognition. The dataset is publicly avail-
able from ref. 45. We use the standard training–validation split for this 
dataset, containing ~1,280,000 training images and 50,000 validation 
images from 1,000 semantic classes.

ImageNet OOD. To evaluate the robustness, or out-of-distribution 
(OOD) generalization capabilities, of the trained models, we also con-
sider out-of-distribution versions of the ImageNet benchmark46,47. The 
ImageNet OOD benchmark contains 17 different out-of-distribution 
versions of ImageNet generated by applying various transformations 
to images from the ImageNet validation set. These include transforma-
tions such as taking the silhouettes of the objects in the image, stylizing 
the image, adding different types of noise to the image, changing the 

colours in the image, etc. For evaluation, we use the OOD accuracy met-
ric, which is just the mean top-1 accuracy over all 17 out-of-distribution 
datasets47. This evaluation dataset is publicly available from ref. 48.

Ecoset. Ecoset can be thought of as an ecologically more realistic ver-
sion of ImageNet containing images from 565 basic-level categories 
only, selected for their concreteness and frequency of usage in lan-
guage49. The dataset comes with a standard training–validation split 
containing ~1,440,000 training images and 28,250 validation images, 
which we use for training and evaluation, respectively. The dataset is 
publicly available from ref. 50.

Places365. Because the SAYCam dataset contains examples of vari-
ous scene categories (living room, dining room, kitchen, bathroom, 
playground, beach, street, porch, and so on) in addition to object cat-
egories, we are interested in evaluating the capacity of SAYCam-trained 
models to recognize places as well as objects. For this purpose, we use 
the Places365 dataset51. Places365 contains ~1,800,000 training images 
and 36,500 validation images from 365 different place categories. The 
dataset is publicly available from ref. 52.

DAVIS-2017. A good visual representation is ideally a general-purpose 
representation that can be used profitably not just in visual recognition 
tasks, but in a broader range of downstream tasks. For this reason, we 
also evaluate the SAYCam-learned representations in two dense pre-
diction tasks. DAVIS-2017 is a video object segmentation task where 
the model is given a ground-truth segmentation mask for the initial 
frame of a short video clip and is expected to predict the segmentation 
masks for the following frames in the video53. In common evaluation 
protocols used for this task, the predicted segmentation masks for the 
non-initial frames are computed with a non-parametric message pass-
ing type algorithm that uses the representations of the frames and the 
predicted segmentation masks for nearby frames. This task essentially 
evaluates how robust the model’s representations of the objects in the 
video clip are to spatiotemporal transformations that take place in the 
clip: more robust representations are expected to propagate the initial 
ground-truth segmentation masks better. The evaluation set consists 
of 30 video clips, each containing ~67 frames and ~2 objects on average. 
The data are publicly available from ref. 54.

COCO. We also evaluate our models on the semantic segmentation 
component of the COCO benchmark55. COCO is publicly available to 
download from ref. 56. Recall that in semantic segmentation the goal 
is to label each pixel of the image with the semantic category label of 
the object (or ‘stuff’) occupying that pixel. We use a subset of COCO 
that contains the 21 categories present in the Pascal VOC dataset. This 
subset has ~92,500 training images and 5,000 validation images in total.

For all evaluation tasks except DAVIS-2017 (including the COCO 
semantic segmentation task), we use linear readouts trained on top of 
frozen features, also known as a linear probe. For DAVIS-2017, as men-
tioned above, we use a standard non-parametric label propagation algo-
rithm to predict the segmentation masks57. We use standard evaluation 
metrics for all our evaluation tasks: top-1 accuracy for the classification 
tasks, mean intersection over union for the COCO semantic segmenta-
tion task and the mean region and contour similarity for DAVIS-2017.

SSL algorithms for the embedding models
Here we describe each of the three SSL algorithms we used for training 
our embedding models. These algorithms represent a range of different 
modern approaches to self-supervised representation learning from 
static images or frames.

DINO. DINO is a self-distillation type representation learning  
algorithm14, where a teacher model and a student model iteratively 
improve each other. During training, the teacher and the student 
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receive different copies of the same image, transformed in various 
ways with a set of data augmentation methods, and the objective of 
the algorithm is to push the representations of these copies towards 
each other, because they share the same semantic content. The data 
augmentation methods used in DINO are colour jitter, random resized 
crops, horizontal flips, grey-scaling, Gaussian blur and solarization.

Mugs. Mugs is a hybrid SSL algorithm combining ideas from 
self-distillation and contrastive learning to learn multi-granular visual 
representations15. Mugs uses the same set of data augmentations as 
DINO.

Masked autoencoders. MAEs use reconstruction of masked image 
patches as the SSL objective16. By learning to predict masked patches 
from visible patches, the algorithm expects to learn higher level, seman-
tically useful regularities in visual scenes (for example, learning that 
the face, the legs and the tail of a dog often appear in a particular con-
figuration). MAEs use a much lighter data augmentation pipeline than 
other algorithms, requiring only random resized crops and horizontal 
flips. As recommended16, we use a large masking ratio of 75% during 
training, that is, 75% of the image patches are randomly masked out.

We generally use the default hyperparameter choices and train-
ing configurations recommended for these algorithms in the original 
papers, with minor modifications. We use the same data augmentation 
pipeline for every model trained with a given algorithm. Further details 
can be found in the corresponding training codes that can be accessed 
from our main public repository.

Reference datasets for the embedding models
Kinetics-700 consists of short YouTube clips of people perform-
ing various actions, representing 700 different action categories20. 
Kinetics-700 is publicly available for download from ref. 58. The video 
clips in Kinetics-700 are typically shorter than ten seconds, hence 
the dataset overall is expected to be much more diverse in style and 
content and temporally much less correlated than SAYCam. Ego4D, on 
the other hand, has more similar temporal characteristics to SAYCam; 

the videos are temporally extended, continuous, egocentric headcam 
recordings, with recording sessions lasting tens of minutes on aver-
age21. The main differences from SAYCam are (1) the videos are taken 
from the perspective of adult camera wearers, not from the perspec-
tive of young children, and (2) the recordings are made by many more 
individuals than the SAYCam recordings. In Ego4D, each individual 
contributes ~4 hours of recording on average, so a 200-hour-long 
subset of the dataset would be expected to contain recordings from 
roughly 50 different camera wearers, in contrast to a single child in 
SAYCam. Ego4D is publicly available from ref. 59 (after signing a license 
agreement). We use 200-hour-long subsets of these datasets, because 
200 hours is roughly equal to the total length of the video data we have 
available from one of the children in SAYCam, namely S. To obtain 
these 200-hour long subsets, we use the first 128 clips from each class 
in Kinetics-700 and select a continuous chunk of videos from Ego4D 
with a random starting point until the total length of the videos in the 
selection roughly equals 200 hours.

Training details for the embedding models
We train each model for four days on four A100 graphics processing 
units (GPUs) with 80 GB GPU memory, using data parallelism (the 
ViT-B/14 DINO model trained on all of ImageNet was trained for four 
additional days to make sure it was not under-trained). We use the 
Adam optimizer to train all models60. In each experiment, we use either 
a batch size of 512 or the largest batch size we could fit on four GPUs, 
in those cases where we could not fit a total batch size of 512 on the 
GPUs. Batch sizes and learning rates thus vary across experiments. 
Inspection of the training losses confirms that they all saturate, hence 
under-training is unlikely for any of our pretraining runs (all training 
logs are made available in our public repository). Table 1 presents a 
concise list of all embedding models trained for this work.

Class activation maps
In visualizing the CAMs shown in Fig. 3a, we first normalize the linearly 
combined and upsampled feature map to have zero mean and unit vari-
ance, where the mean and variance are estimated over a batch of images 

Table 1 | List of all trained embedding models (49 models in total)

Algorithms Data Models

ResNeXt-50 ViT-B/14 ViT-L/16 ViT-B/16 ViT-S/16

DINO

SAY ✓ ✓ ✓ ✓ ✓

S ✓ ✓ ✓ ✓ ✓

A ✓ ✓ ✓ ✓ ✓

Y ✓ ✓ ✓ ✓ ✓

Ego4D-200h ✓

Kinetics-200h ✓

ImageNet (100%) ✓

ImageNet (10%) ✓

ImageNet (1%) ✓

Mugs

SAY ✓ ✓ ✓

S ✓ ✓ ✓

A ✓ ✓ ✓

Y ✓ ✓ ✓

MAE

SAY ✓ ✓ ✓

S ✓ ✓ ✓

A ✓ ✓ ✓

Y ✓ ✓ ✓

The trained combinations of algorithm, data and model are indicated by check marks.
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from the same class, pass the normalized map through a pointwise 
sigmoid nonlinearity and then scale it by 255 so that the values in the 
final map are between 0 and 255 (or, in torch notation: m = 255 * torch.
sigmoid((m-torch.mean(m))/torch.std(m)). We then alpha-blend this 
activation map with the original image using a blending coefficient of 
0.8 for the map and 0.2 for the image.

Additional details about the generative models
We train customized VQGAN models using the Taming Transformers 
repository made available by the authors of VQGAN22. The Taming 
Transformers repository can be accessed at ref. 61. For the GPT model, 
we use a standard 730 million-parameter GPT model that is similar to 
OpenAI’s gpt2-large model23. Using the same architecture, we also train 
reference VQGAN-GPT models on ImageNet, using either 100%, 10%, 
or 1% of the training set, as described previously.

For the VQGAN component of the generative models for SAYCam, 
we use a codebook with a vocabulary size of 8,192 and a spatial resolu-
tion of 32 × 32 (thus each frame is encoded as a 32 × 32 grid of integers, 
where the integers take values between 1 and 8,192). For the encoded 
SAYCam frames, the spatial resolution of 32 × 32 corresponds to a 
sequence length of 1,024 tokens. Due to computational constraints, 
the VQGAN models for ImageNet use a spatial resolution of 16 × 16 
and a codebook with a dictionary size of 16,384. To train the VQGAN 
component of the generative model, we use the Taming Transformers 
repository (model configuration files are available from our public 
repository). The GPT component of the generative models has 36 layers,  
20 attention heads and an embedding dimensionality of 1,280 in all 
cases (the model configuration is equivalent to OpenAI’s gpt2-large 
model). We generate the model completions through exact sampling, 
with the softmax temperature set to T = 1.0.

Training and evaluation details for the generative models
SAYCam-trained GPT models were trained for four days on 16 A100 
GPUs with a batch size of 96 (the model trained on the combined data 
from SAYCam was trained for four additional days to make sure it was 
not under-trained). The training logs (all made available from our 
public repository) confirm that under-training is not a serious concern 
for any of our models. The ImageNet-trained models were trained on 
eight A100 GPUs with a total batch size of 256 (the model trained on 
100% of ImageNet was trained for 6 days, whereas the models trained 
on 10% and 1% of ImageNet were trained for 2 days only due to the more 
limited size of the training data in these cases). All models were trained 
with the Adam algorithm. Table 2 presents a concise list of all generative 
models trained for this work.

We measure the overall quality of the completions with the 
FID between the model generated samples and the ground-truth 
images62. We use three different image completion tasks to 

quantitatively evaluate the generative models: Labeled S, Konkle 
independent-identically-distributed (iid) and Konkle out-of- 
distribution (ood). In Labeled S, we use images from the validation split 
of the Labeled S dataset described above for the image completion 
task. In Konkle-iid, we randomly split the Konkle objects dataset in 
half, use the first half for training or finetuning the generative models 
and use the other half for the image completion task. In Konkle-ood, 
we split the Konkle objects dataset into non-overlapping vehicle and 
non-vehicle categories, use the non-vehicle categories for training or 
finetuning the generative models and use the vehicle categories (144 
images in total) for the image completion task. Since this is an OOD 
generalization task, it is expected to be more challenging than the iid 
condition. The results are presented in Supplementary Table 1, which 
shows the FID scores of different models in each image completion task.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Except for SAYCam, all data used in this study are publicly available. 
Instructions for accessing the public datasets are detailed in Methods. 
The SAYCam dataset can be accessed by authorized users with an insti-
tutional affiliation from the following Databrary repository: https://
doi.org/10.17910/b7.564. The ‘Labeled S’ evaluation dataset, which is 
a subset of SAYCam, is also available from the same repository under 
the session name ‘Labeled S’.

Code availability
All of our pretrained models (over 70 different models), as well as a 
variety of tools to use and analyse them, are available from the following 
public repository: https://github.com/eminorhan/silicon-menagerie 
(ref. 63). The repository also contains further examples of (1) attention 
and class activation maps, (2) t-SNE visualizations of embeddings, 
(3) nearest neighbour retrievals from the embedding models and (4) 
unconditional and conditional samples from the generative models. 
The code used for training and evaluating all the models is also publicly 
available from the same repository.
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