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Abstract
Research in child development has shown that embodied expe-
rience handling physical objects contributes to many cognitive
abilities, including visual learning. One characteristic of such
experience is that the learner sees the same object from sev-
eral different viewpoints. In this paper, we study how learning
signals that equate different viewpoints—e.g., assigning simi-
lar representations to different views of a single object—can
support robust visual learning. We use the Toybox dataset,
which contains egocentric videos of humans manipulating dif-
ferent objects, and conduct experiments using a computer vi-
sion framework for self-supervised contrastive learning. We
find that representations learned by equating different physical
viewpoints of an object benefit downstream image classifica-
tion accuracy. Further experiments show that this performance
improvement is robust to variations in the gaps between view-
points, and that the benefits transfer to several different image
classification tasks.
Keywords: infant learning; embodied vision; machine learn-
ing.

Introduction
In interacting with the real-world, an individual’s experience
is highly connected from one instant to the next. If someone is
holding a spoon at one moment, it is likely that they will still
be holding the same spoon in the next, possibly at a slightly
different distance and hand/head/spoon pose. This physical
continuity serves to generate a multitude of different views
of the held object. Furthermore, the physical act of holding
the object informs the learner that the sequence of differing
views is tied to the same object, i.e. a form of object perma-
nence. Even if the observer does not know that an object is a
spoon, they understand that the object is the same across mul-
tiple moments in time. In this paper, we study whether this
embodied experience of seeing different views of an object,
and knowing that the views correspond to the same object,
can provide a useful form of self-supervisory signal to enable
visual learning in computational models.

There is a rich body of research studying the links between
motor development in infants and their perceptual and cogni-
tive abilities. Bushnell and Boudreau (1993) proposed that
the progressive development of different motor abilities in
infants leads to different schedules for various kinds of per-
ceptual inputs; these, in turn, cause a temporal difference in
the appearance of various cognitive abilities. Further stud-
ies have elaborated on the links between different kinds of
perceptual inputs in development and the appearance of var-
ious cognitive skills (Needham, 2000; Libertus & Needham,
2010; Schwarzer et al., 2013; Baumgartner & Oakes, 2011).

Figure 1: Visual experience during embodied object manip-
ulation. Each row shows frames from an egocentric video of
one object being manually rotated. Equating different physi-
cal views provides a strong learning signal.

Looking specifically at the ability to hold and manipulate ob-
jects, there is evidence that being able to perform hand-held
object manipulations benefits several different cognitive abil-
ities, such as learning nouns (Slone et al., 2019), visual under-
standing (Ruff, 1982; Soska et al., 2010) and understanding
causality of actions (Rakison & Krogh, 2012). Recent re-
search aiming to characterize infant visual experience using
head-mounted cameras has found that first-person visual ex-
perience of manipulating objects during self-play constitutes
a significant portion of the infants’ visual diets (Herzberg et
al., 2022). In addition, there is considerable consistency in
the distributions of object viewing experience across differ-
ent cultures (Casey et al., 2022).

While previous studies have observed the importance of
the embodied experiences generated by infants, the specific
learning mechanisms that link these inputs (and their charac-
teristics and distributions) to learning outcomes are not well
understood. In this paper, we consider the visual experience
that is generated during embodied manipulation of objects
and propose a possible mechanism by which this experience
helps develop good visual representations which support cat-
egory learning. To do this, we use the SimCLR framework
(Chen et al., 2020) which learns effective representations
by maximizing the representational similarity between two
differently-augmented versions of one image. This frame-
work relies on instance-level similarity to learn representa-
tions, and a similar framework has recently been proposed to
explain the representational goal of the visual system (Konkle
& Alvarez, 2022). We hypothesize that natural visual expe-
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rience provides stronger signals for this kind of learning. In
this paper, we focus on the multi-view aspect of natural visual
experience and show that access to different physical views of
the same object leads to emergence of strong category struc-
ture.

Our work is also linked to research showing that tempo-
ral contiguity of visual experience can play a crucial role
in learning invariant representations (Sprekeler, Michaelis, &
Wiskott, 2007; Li & DiCarlo, 2010; Wood & Wood, 2018).
Further, the development of such invariant object representa-
tions is not affected by reward (Li & DiCarlo, 2012), suggest-
ing an unsupervised mechanism which regulates this kind of
learning. For our part, we only consider the different views
of an object that are generated during embodied manipula-
tion of the object and show that equating these views presents
a strong signal for category learning. Our contributions in this
paper are:
• We demonstrate that representations learned by maximiz-

ing similarity between different physical views of the same
object support strong performance on a subsequent classi-
fication task.

• We show that the representations are fairly robust to vari-
ations in the magnitude of difference between the paired
object views utilized for learning.

• We demonstrate that these learned representations also suc-
cessfully transfer to a diverse set of downstream classifica-
tion tasks.

Related Work
There has been recent interest in using machine learning
(ML) models to explain and understand different facets of
human visual abilities as they relate to human visual expe-
rience. Bambach et al. (2018) used convolutional neural net-
works (CNN) to investigate the differences in the visual ex-
periences of infants and adults and showed that an infants’
visual experience contains a more diverse range of views of
objects, which lends itself to better object recognition per-
formance. Stojanov et al. (2019) addressed the problem of
learning object representations from incremental experience
with individual objects and showed that repeated experiences
with objects help ML models avoid problems related to catas-
trophic forgetting.

A recent work (Orhan et al., 2020) considered the problem
of learning representations from infant headcamera record-
ings without explicit image labels. They used data from the
SAYCam dataset (Sullivan et al., 2021), and showed that a
learning signal based on temporal continuity enables learn-
ing representations that support image classification on the
SAYCam and the Toybox datasets. While this work has simi-
larities to our work, we focus on the visual experience that is
generated during embodied object manipulation.

Other works have used CNNs to reason about the relation-
ship between visual abilities in humans and limitations in vi-
sual experience; (Vogelsang et al., 2018) showed that CNNs
can help explain deficits in configural face processing in chil-

dren born with congenital cataracts. Jang and Tong (2021)
showed that while CNNs can be used to recreate differences
between object and face processing, they do not yet account
for robustness of adult vision to image blur.

Another relevant body of research is that of learning repre-
sentations from visual data without explicit labels in the field
of computer vision. Initial approaches for these methods used
various pretext tasks such as image colorization (Zhang et al.,
2016), predicting relative patches in images (Doersch et al.,
2015), solving jigsaw puzzles (Noroozi & Favaro, 2016) and
predicting rotations (Gidaris et al., 2018) to generate self-
supervision. However, a recent body of work (Grill et al.,
2020; Misra & Maaten, 2020; Chen et al., 2020) based on
contrastive learning (Hadsell et al., 2006) has significantly
outperformed those earlier approaches. Self-supervised ap-
proaches have also been applied to the problem of learning
visual representations from videos (X. Wang & Gupta, 2015;
J. Wang et al., 2020; Qian et al., 2021; Tschannen et al.,
2020).

Our Approach
Dataset
Previous research has established differences between the dis-
tributional properties of infant visual experience and tradi-
tionally popular datasets used in the computer vision litera-
ture (Smith & Slone, 2017). Therefore, we used the Toybox
(X. Wang et al., 2018) dataset, which was designed to contain
more human-like continuous videos of egocentric handheld
object manipulations. The dataset consists of 12 categories
from 3 super-categories: household items (ball, cup, mug,
spoon), animals (cat, duck, giraffe, horse) and vehicles (air-
plane, car, helicopter, truck). These 12 categories are among
the most common early-learned nouns for children in the US
(Fenson et al., 2007). For vehicle and animal categories, the
objects in the dataset are either realistic, scaled-down models
or toy objects. Fig 2 shows one object per category from the
Toybox dataset.

The dataset consists of short videos, each of which shows

Figure 2: Examples of all 12 classes in the Toybox dataset:
car, truck, helicopter, plane, ball, spoon, cup, mug, giraffe,
horse, duck, cat. This figure shows full images; in our exper-
iments, we used images cropped to their bounding boxes.
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Figure 3: An overview of the learning framework with four images from a batch. Each of the four augmented images are run
through the network and we obtain the feature vector zi associated with each image. The contrastive learning signal then works
by moving the positive image pairs closer together while pushing the negative image pairs further apart. The pairs of images
linked by the green arcs represent the positive pairs, while the image-pairs linked by the red arcs represent the negative pairs.

one object being manipulated in one of several ways using
an egocentric head-mounted wearable camera. The manip-
ulations present in the dataset include systematic transfor-
mations, such as rotation and translation as well as random
manipulations labeled as “hodgepodge” videos. Since our
learning signal uses different viewpoints for each object, we
use the 6 rotation videos (one around each axis in one di-
rection) and the hodgepodge video. This gives us a total of
2520 videos for the 360 objects. Each video is about 20 sec-
onds in length, and rotation videos contain two full revolu-
tions around the specified axis and direction.

There are several interesting aspects of the Toybox dataset.
First, since the objects are being manipulated by hand, the ob-
jects are often partially occluded by the subjects’ hands. Sec-
ond, there are several views for each object, including a lot
of non-canonical views. Third, unlike traditional ImageNet-
style datasets which contain many thousands or millions of
objects (with one image each), Toybox has images from a
relatively small set of physical instances (30 objects per cat-
egory) with a large number of images from each. Thus, it
can be challenging for a learner to acquire category-general
representations that are less sensitive to the idiosyncrasies of
individual objects in the training data. However, these spe-
cific aspects of the dataset enable our experiments, since these
properties also characterize the visual experience of infants.

Bounding box annotations at 1 fps are available for the
rotation and the hodgepodge videos in the Toybox dataset.
In order to maintain the original aspect ratios of the objects
in the images, we extended the bounding boxes along their
shorter dimension to match the size of the larger dimension.
Cropping each image to this extended bounding box helps
maximize the information content in the images while also
preventing distortion of the images.

Method
SimCLR framework We use the paradigm of contrastive
learning in our experiments, and particularly the SimCLR ap-
proach (Chen et al., 2020). The experiments progress in two
steps:

1. Self-supervised representation learning. First, a CNN
backbone (Lecun et al., 1998) is trained from scratch to
learn image representations. During this phase of train-
ing, a base network fθ is attached to a smaller projection
network gφ, and this combined network is trained using a
self-supervised objective function.

2. Representation evaluation using supervised learning. In
the second phase of training, called the linear evaluation
phase, we throw away the projection network gφ, the back-
bone fθ is frozen and we attach a linear classifier f c on
top of the backbone network. This linear classifier is then
trained to perform image classification.

We now describe the learning signal used for training the net-
work. During training, each minibatch M contains N pairs of
images {x2i,x2i+1}N

i=1. Each pair (x2i,x2i+1) forms a positive
pair and all other image pairs (xi,xk) within M constitute the
negative pairs. Each image is passed through the backbone
and the projection network to obtain zi = g ◦ f (xi). The loss
for one pair of positive images (xi,x j) is given by

l(i, j) =− log
exp(sim(zi,z j)/τ)

∑
2N
k=11[k ̸=i]exp(sim(zi,zk)/τ)

where sim(u,v) represents the dot product u ·v, τ is the tem-
perature parameter which modulates how sharp the similar-
ity function is and 1 represents the indicator variable, which
evaluates to 1 when k ̸= i and to 0 otherwise. The above loss
function is called the NT-XEnt loss. For the entire minibatch,
the loss function for all positive pairs is aggregated as:
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L =
1

2N

N

∑
k=1

[l(2k,2k+1)+ l(2k+1,2k)]

By minimizing the above loss function, the learning signal
encourages the network to learn representations so that the
positive image pairs are closer in the representation space,
while the negative image pairs are further away. The effec-
tiveness of the learning signal depends on the positive im-
age pairs that are used. In the original paper (Chen et al.,
2020), xi and x j are sourced from the same image with dif-
ferent amounts of stochastic image augmentation applied on
them, thus telling the network to put differently augmented
versions of the same image closer in the feature space com-
pared to different images.

Modifications and Details 1 In our experiments, we inves-
tigate the extent to which having access to different physi-
cal views of the same object contributes to good representa-
tions through self-supervision. Thus, in addition to applying
stochastic augmentations on the images, we vary the view-
points from which the positive image pair are chosen. Thus,
by equating these two different views, the underlying network
learns to bring the representations of these views closer. Fig
3 provides an overview of our learning framework.

We use 27 objects from each Toybox class as the train-
ing set. During both phases of training, images from these
324 objects are used to train the network. Classification ac-
curacies are reported on images from the remaining 3 ob-
jects. During the linear evaluation phase, in keeping with
prior work, we use a randomly sampled 10% of the images
to train the network. During both phases of training, we ap-
ply the following set of augmentations to all training images:
color jitter, random grayscale, random crop, and random hori-
zontal flip. No augmentations are applied to the images while
calculating the accuracies. For our backbone fθ, we use a
ResNet-18 (He et al., 2016) and the projection head gφ is a
2-layer neural network.

Experiment 1
As stated above, we vary the viewpoints that comprise each
positive pair during training. In doing so, we are signalling
that the different views are from the same object. To system-
atically study how this signal contributes to the learned rep-
resentations, we use 5 different settings in our experiments:

1. SimCLR + Self: The positive pair is sourced from the same
image frame with different image augmentations applied.
This is the default setting for the SimCLR framework.

2. SimCLR + Transform: The Toybox dataset consists of 7
videos for each object. In this setting, the positive image
pair are sourced from any one of those videos. Specifically,
for every image in the dataset, we randomly sample another
image from the same video to form the positive pair.

1The code for these experiments can be found at:
https://github.com/aivaslab/toybox simclr

Figure 4: Image pairings used in different experiment set-
tings. In all cases, the anchor image is paired with one other
image. In the Self setting, the same image is reused. In the
Transform setting, another image of the same object from the
same video is selected as the pair. In the Object setting, the
image pair can be any image from any of the videos of the ob-
ject. In the Class setting, the only restriction is that the image
pair need to belong to the same class. After the image pair is
selected, stochastic image augmentation is applied to both to
generate augmented images for learning.

3. SimCLR + Object: The positive pairs, in this setting, come
from any videos of the same object.

4. Supervised: For baseline comparison, we train a network
in a supervised setting on the training images from Toybox.

5. SimCLR + Class: As a second baseline, we use SimCLR
with positive pairs formed by two images from any two ob-
jects of the same class. This setting uses the same informa-
tion about category membership as the Supervised setting
but modified to the SimCLR framework.
Fig 4 shows example image pairings used as positive pairs

in these different settings. We observe that the difficulty of
the self-supervised task increases from the Self setting to the
Class setting as the visual dissimilarity between the positive
image pair comes from a larger range.

Table 1: Performance under different training settings. (Ran-
dom guessing would yield 1/12, i.e., roughly 8.3% accuracy.)
The best performance is shown by the learner in Transform
setting and is comparable to the supervised learner. Accuracy
drops off in the Object and Class settings. It is notable that
the Transform setting exceeds the performance of the Self set-
ting, which is the default for how SimCLR works. We report
the mean and std over two runs with different random seeds.

Results Table 1 shows the results of our experiments in the
different settings. We find that the default SimCLR setting
achieves modest performance on the Toybox dataset. How-
ever, in both the Transform and the Object settings, the fi-
nal accuracy approaches that of the supervised model. These
accuracies show that the representations learned by equating
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different views of the same object support good classifica-
tion performance. What we find exciting in the results is
that the Transform setting performs so well, despite learn-
ing from a weaker supervisory signal compared to the super-
vised model and the SimCLR models in the Object and Class
settings. This seems to suggest that access to some form of
viewpoint variation during training is extremely beneficial for
the learned representations. We explore this more in Experi-
ment 2.

The model trained in the Class setting did not perform as
well as the Transform or the Object settings. This is likely
because of the negative pairs: while we control which images
form the positive pairs, the negative pairs are automatically
decided during training. Because of this, several of the neg-
ative pairs are images from the same category. While this
drawback is present in the other settings as well, the network
seems to be able to handle them better in those settings. This
robustness of the learning signal in the Transform and Object
settings derives from the fact that in these cases, the chances
of getting a negative pair which is more closely related than a
positive pair are lower. Hence, the false negative pairs do not
affect performance in these cases as much.

Experiment 2
In the previous experiment, we saw that the Transform model
performs better than the Object model despite weaker learn-
ing signal from the positive pairs. In the current experiment,
we wish to study how the visual dissimilarity between the
images forming the positive pair affect the learned represen-
tations. We do this by carefully controlling the gap between
the video frames which form the positive pairs. We focus on
the SimCLR+Transform configuration in these experiments.
We vary the gap between the frames in two settings: 1) Fixed:
We fix the gap between the frames, i.e. we say that the two
frames forming the positive pair have to be 2 or 4 seconds
apart in the same Toybox video. 2) Range: We fix the max-
imum gap between the two frames , i.e. if we fix the gap to
be 2s, the two frames can be 1s or 2s apart. In both settings,
we increase the gap in steps of 2s from 0s to 10s and train the
networks as described in the previous section. By varying the
gap between frames, we can see how the distance in view-
points for the positive pairs affects the learning performance.
It should be noted that a gap of 0 in both settings corresponds
to the SimCLR+Self model.

Results Table 2 shows our results for these experiments.
We see that the Range setting seems to perform comparably
with the Fixed, though it has more variation in the learning
signal. This seems to indicate that there is enough variabil-
ity that arises from the visual data itself which can lead to
stronger learning. Further, we see that the performance in
both settings remains in the same range even with decreasing
gap between the positive pair.

To reduce the gap further, we used a version of the Toybox
dataset sampled at 3fps. Since the bounding box annotations
are done at 1fps, we use linear interpolation to obtain the an-

Table 2: Comparison of model performance using the Sim-
CLR + Transform model in the Fixed and Range settings as
the gap between frames is varied from 0 to 10 seconds. We
report the mean and std over 2 runs.

Table 3: Comparison of model performance using the Sim-
CLR + Transform model in the Fixed and Range settings as
the gap between frames is varied from 0 to 3.33 seconds. This
table uses images from the Toybox dataset extracted at 3fps.
We report mean and std over 2 runs.

notations for the intermediate frames. Further, for this set
of experiments, we used only the rotation videos. This al-
lows us to avoid the randomness from the hodgepodge video
and study the effect of viewpoint variation in a more struc-
tured and regular manner. We increase the gap parameter
from 0s to 3.33s in steps of 0.67s. The other settings remain
similar to the 1fps experiments. Table 3 shows our results
in this setting. The first thing we note is that, because the
total amount of training data increases close to 3-fold, the
accuracy increases in both the Self and Transform settings.
This is consistent with previous results in the machine learn-
ing literature showing that more data is generally beneficial.
Secondly, we also note that the performance in both settings
remains competitive even when the gap between frames is re-
duced to 0.67s. This demonstrates that the learning signal
remains robust even when the gap between frames is reduced
to 0.67s. With the Toybox videos, this gap corresponds to an
average angular distance of 12◦ between viewpoints. These
results suggest that during object manipulation, it is possible
to leverage even small variations in viewing angles to learn
good visual representations.

Experiment 3
In the previous experiments, we have seen that representa-
tions learned using self-supervision are beneficial for cate-
gory learning on the Toybox dataset. In the final set of ex-
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Table 4: Performance of the models trained with different learning signals on various transfer experiments

periments, we examine how these representations generalize
to other kinds of classification tasks. Do the benefits we see
by equating different physical views of objects in classify-
ing Toybox images transfer to other datasets as well? To ac-
commodate a variety of classification tasks, we use several
downstream tasks to measure transfer performance. The phe-
nomenon of machine learning methods developing bias to-
wards their training dataset is well-documented (Torralba &
Efros, 2011). Our aim in this set of experiments is to show
that the benefit from using the learning signal is not limited
only to the Toybox dataset, but extends to other datasets as
well. We will refrain from providing a detailed description of
the datasets, but will point out some aspects of the datasets
which we find relevant for this paper.

In the computer vision community, use of large-scale
datasets is mainstream. These datasets function as good test
data to evaluate the generality of models. To include these
kinds of datasets, we choose the CIFAR-10 and CIFAR-100
datasets (Krizhevsky et al., 2009). While the CIFAR-10
dataset has some classes overlapping with the Toybox dataset,
the CIFAR-100 dataset has classes of natural scenes and a
much larger variety of classes than the Toybox dataset. While
these internet-based datasets have a large number of instances
for each class, there is usually only one image of each in-
stance and it has been shown that the images in the dataset
have a skewed distribution over viewpoints due to cameraman
bias. To include more datasets where evaluation is done over
multiple viewpoints, we include an object classification task
on the CORe50 (Lomonaco & Maltoni, 2017) dataset and
an instance classification task on the ALOI (Geusebroek et
al., 2005) dataset. Finally, we examine if the representations
learned from the Toybox dataset are transferable to real-world
instances of the same categories. For this, we have curated
the IN-12 dataset using images from the popular ImageNet
(Deng et al., 2009) and MS-COCO (Lin et al., 2014) datasets
for the Toybox classes. Specifically, we identify classes in the
ImageNet dataset which overlap with the Toybox classes and
randomly sample from each of these candidate classes to se-
lect 1700 images for each Toybox category. From these 1700
images, we use 1600 images per class for training and 100
images per class for testing the network.

Results

Table 4 shows our results for the transfer learning experi-
ments. We see that the Transform model performs better than
the Self model and is competitive with the Object models on

all the transfer tasks. The improvement in performance is
strong for the datasets with multiple viewpoints (CORe50 and
ALOI), thus showing that learning from multi-view egocen-
tric experience of object manipulation benefits downstream
performance for other multi-view datasets as well. The rel-
ative jump in performance is highest for CIFAR-100, thus
demonstrating the general strength of the learned representa-
tions even for classification tasks where the image classes are
vastly different. Looking at how the representations learned
from the Toybox images transfer to real-world images from
the same categories (IN-12 dataset), we find that similar
trends hold in this case as well. It is interesting that even in
these transfer conditions, the Class models generally perform
worse than the Transform models, though it performs slightly
better for the CORe50 dataset.

Conclusion and Discussion
We have considered the problem of learning from the visual
experience of embodied object manipulation and proposed
a mechanism by which good representations which support
image classification can be learned. We do this by utilizing
a learning signal which minimizes the representational dis-
tance between different physical views of the same object.
Through our experiments, we showed that this signal enables
learning good representations which support categorization.
We further showed that this signal is robust to the magnitude
of difference between the viewpoint-pair which generate the
learning signal. Finally, we demonstrated that the generality
of learning with this signal by showing that the learned model
can transfer non-trivially to a diverse classification tasks.

Our work leads to several important questions that will be
addressed in future work: 1) While our work shows the effec-
tiveness of the learning signal for downstream classification
tasks, research has shown that similar algorithms can lead
to relevant information being lost in the model (Xiao et al.,
2021). In order to understand the development of robust hu-
man vision that can perform diverse visual tasks, further re-
search looking at the interaction between learning signals and
the efficacy of the learned representations at different tasks
needs to be done. 2) Our approach requires the use of strong
image augmentations. This is likely due to the fact that CNNs
can learn to use color histograms as a shortcut (Chen et al.,
2020) during the self-supervised training and this problem is
especially acute in the case of exemplar-based datasets like
the Toybox dataset. Further research needs to be done to un-
derstand how the human visual system avoids such issues.
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