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Abstract

The principles underpinning the development of human visual perception remain poorly under-
stood. Current computational models of human visual learning still fail at capturing humans’ rich
semantic recognition abilities. Here, we introduce Embodied Self-Supervised Learning (E-SSL), a class
of computational models that harness the rich statistical structure of concurrent visual and motor sig-
nals during embodied interaction with the environment for visual representation learning. E-SSL relies
on two prominent unsupervised learning principles: temporal consistency and sensorimotor contingen-
cies. When E-SSL is applied to large-scale recordings of human egocentric videos, eye movements and
body movements during natural behavior, it produces high-level semantic visual representations in the
absence of additional language input or explicit supervision. The learned representations substantially
outperform those of previous models of human vision on a range of downstream tasks. We further find
that representations learned via E-SSL become more aligned with those of visual cortex of pre-verbal
children than those of an established self-supervised model of biological vision. Finally, E-SSL predicts
that the onset of locomotion substantially enhances visual perception and suggests that the dichotomy
between the ventral and dorsal visual streams may have its origin in the two complementary learning
principles of E-SSL. Together, these results shed light on the learning principles and experiences that
jointly drive the development of human vision.

1 Introduction

Within a few years, humans acquire powerful visual abilities with minimal supervision, such as semantic
object recognition. The principles that drive this development remain poorly understood, however.
Bio-inspired models of learning fall short of reproducing human visual performance [IH5], whereas high-
performing artificial vision systems depend on training data and learning mechanisms that drastically
differ from those of humans [6H8]. For instance, common self-supervised learning (SSL) methods
depend on artificial image transformations unlikely to be implemented by the brain, such as aggressive
cropping or masking, to generate learning signals [7]. It is currently unclear how this gap between
human-level performance and human-like learning principles can be bridged [5].

An important difference between learning in high-performing artificial vision models and humans is
that humans actively explore their environment through eye and body movements. This allows them to
exploit the statistical structure of concurrent sensory and motor signals during their interactions with
the world when acquiring visual representations. This observation has laid the groundwork for two
prominent theories of visual learning. The theory of temporal consistency (TC) posits that mammalian
vision systems learn similar representations for visual inputs that occur close in time [9HIT]. In natural
settings, TC has been argued to support the formation of semantic object representations. For example,
rotating an object can allow the visual system to associate different views of the same object [12-
14]. A complementary account is provided by the theory of sensorimotor contingencies (SMC), which
proposes that visual learning arises from understanding the relationship between actions and the visual
consequences they produce [I5] [16]. For instance, rotating a mug may reveal its handle, making the
handle’s presence and shape informative about the applied rotation. Learning this SMC facilitates
the recognition of mugs, as the presence of a handle is a defining feature of the concept of “mug”.
Although both TC [I7, 18] and SMC [19H21] are supported by neurobiology, existing computational
investigations are based on simplified datasets and additional artificial learning signals [12] [13] [221H24].
Thus, it is presently unclear if these principles suffice to drive the development of human-like visual
representations.

In this work, we test to what extent temporal consistency and sensorimotor contingencies are suffi-
cient to support the emergence of human-like visual representations from human experience. For this
purpose, we introduce Embodied SSL (E-SSL), a powerful SSL framework designed to model human
visual learning through TC and SMC. E-SSL receives gaze-centered visual input (cf. Figure [1]A) and
learns from the temporal structure of visual observations and associated movements (cf. Figure [1B).
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Concretely, we simulate the daily experience of humans with Nymeria [25], a dataset comprising 300
hours of naturalistic videos recorded with head-cameras. Nymeria also contains gaze locations from
eye tracking as well as the trajectory of the participants’ head, from which we can derive participants’
eye and head movements. We evaluate the resulting visual representations across a diverse set of
visual tasks mastered by humans such as object categorization or relative object pose estimation (cf.
Figure [1|C-D-E).

Our results demonstrate that utilizing the principles of TC and SMC during learning from human
experience yields powerful semantic representations, substantially narrowing the performance gap be-
tween existing bio-inspired learning models [2] [3] 26} 27] and humans. The learned representations
support a wide range of visual tasks and exhibit properties similar to those observed in pre-verbal
children. Moreover, our experiments predict that sensorimotor experiences following the onset of
locomotion improve children’s ability to perceive the semantic and geometric structure of their envi-
ronment. Finally, we find that the principles of temporal consistency and sensorimotor contingencies
naturally give rise to a functional organization reminiscent of the ventral and dorsal visual pathways.
Together, these findings suggest that temporal consistency and sensorimotor contingencies constitute
fundamental principles underlying human visual development.

2 Results

2.1 E-SSL with human experience acquires powerful semantic visual
representations

We first want to assess whether the principles of TC and SMC, as embodied by E-SSL, together with
human experience are sufficient for the emergence of object recognition abilities. To compare E-SSL
with other models, we use the ImageNet-1k and Cifarl0, two classical benchmarks for evaluating
category recognition in computer vision and computational neuroscience. We follow the evaluation
protocol illustrated in Figure [[JC-D. In Figure [2A, we observe that the complete version of E-SSL
can achieve 71.04% of Top-5 accuracy on ImageNet-1k, outperforming Prednet, an established model
of biological learning [3], by up to 58.73%. When controlling the training data (here Kitti [35]), a
drastically ablated version of E-SSL trained solely with TC surpasses Prednet by 1.72%. In Cifarl0,
E-SSL yields a similar increase in object recognition performance and surpasses state-of-the-art bio-
inspired models (LPL [2], SH [26] and SCFF [27]), despite the fact that these models were evaluated
on in-distribution images (Cifarl0 pre-training), vs. out-of-distribution images for E-SSL (Nymeria
pre-training).

E-SSL does not process any semantic information during training, making it comparable to pre-
verbal infants. Since infants’ performance is unavailable and difficult to obtain with classical vision
benchmarks, we compare E-SSL to an upper-bound performance represented by human adults who
have extended language-enhanced visual experience. In Figure 2JA, E-SSL is only ~ 20 and ~ 10
percentage points lower than current estimates of adult performance on ImageNet-1k [30] and Cifar10
[31], respectively. In general, our results demonstrate that semantic visual representations emerge from
TC and SMC learning with human experience, despite using no form of semantic information during
pre-training.

2.2 E-SSL reproduces visual abilities similar to those of pre-verbal
children

Next, we test whether E-SSL develops visual properties similar to those of children with limited lan-
guage experience. We consider complete E-SSL (TC+SMC), E-SSL without sensorimotor contingencies
(TC) and E-SSL without temporal consistency (SMC). We first verify whether the model can form
infancy-level attribute prototypes (cf. Figure ) In Figure , we observe that E-SSL forms reliable
color, texture and size prototypes. In contrast, considered baselines heterogeneously fail in at least one
of the three tasks: a random baseline with the same architectural inductive biases (“Random”) does
not build strong size or texture prototypes, and an established model of the visual cortex (Prednet)
fails to build color or size prototypes. Removing sensorimotor learning (TC) does not significiantly
impair the quality of the prototypes, whereas removing temporal consistency (SMC) impairs color
recognition. Other E-SSL models that implement the same embodied learning principles with different
loss functions and architectures show similar results (cf. Appendix . These results suggest that TC
is sufficient to support the emergence of visual properties similar to those observed in infancy

If E-SSL models infancy-level properties, it may also develop visual properties achieved by young
toddlers. As presented in Figure[3JA, we investigate whether the model can recognize shape caricatures
of object categories, a skill that begins to emerge at around 18 months of age in human development [3§].
In Figure , E-SSL correctly matches a prototype to the corresponding natural image ~ 65% of the
time. In contrast, “Random” and “Prednet” achieve chance-level performance. Furthermore, ablating
sensorimotor learning (TC) yields a small decrease in caricature recognition, though consistent across
E-SSL models (cf. section [C). This shows that TC and SMC promote the extraction of features that
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Figure 1: Overview of E-SSL and the evaluation protocol. A) We randomly sample pairs of temporally
adjacent images x; and x5 separated by 0t ~ U(—AT, AT) seconds from Nymeria, a dataset of human
egocentric data captured with ARIA glasses. For each pair, we extract a 224 x 224 crop centered on
the participant’s gaze location. To simulate diverse lighting conditions that are consistent across time
(bulb, sunset etc.), we apply the same color transformation to both images. We additionally extract
the head and eye movements executed between the two time points, derived from IMU and eye-tracking
measurements. B) The generic computational model of learning consists of two loss functions based on
SSL. The first promotes similar embeddings z; and z;44; for temporally adjacent visual inputs. The second
one aligns a parameterized movement mgyt _s¢ With an embedding of the visual transition m; 4 a; obtained
by concatenating the visual representations before and after the movement. We implement E-SSL with
MoCoV3[28|, SimCLR[7] or VICReg[29], which we refer to as E-MoCoV3, E-SimCLR and E-VICReg.
For E-MoCoV3, the model also incorporates momentum neural networks and predictors [28]. Our main
experiments are all done with E-MoCoV3, but all experimental conclusions are replicated with the two
other E-SSL models Appendix C) For object recognition, we assess the quality of the visual encoder by
training a probe to solve downstream visual recognition tasks, following standard conventions. D) During
classification, humans may have performed different eye movements, image comparisons [30, 31| etc. To
account for this, we emulate multiple eye fixations by sampling N image portions at a fixed scale ratio
(0.15), encode them with the visual model, and average their representations, following [32]. For each
image, we sample one training fixation and N = 16 evaluation fixations. E) Extended set of visual tasks
and their respective dataset, arranged based on whether they are related to the ventral or dorsal stream
in the visual cortex [33] [34].
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Figure 2: Imagenet-1k Top-5 accuracy and Cifarl0 Top-1 accuracy for bio-inspired models of object
recognition, E-SSL and humans. As baseline models, we consider untrained models of the visual cortex
(HMAX [36], Scattering [37]), recent state-of-the-art bio-inspired models (LPL [2], SH [26] and SCFF [27])
trained on static data, and Prednet [3], an established model of visual learning. We also consider E-SSL
without saccades (/S), without light augmentations (/L) and without learning sensorimotor contingencies
(/SMC). We are not aware of other bio-inspired unsupervised models that report Imagenet-1k accuracy.
We train only E-SSL /S /L /SMC with Kitti to align training assumptions to that of Prednet.

support generalization over categories of shapes, similar to young toddlers.

Recognizing shape caricatures requires complex shape processing. Toddlers progressively and pref-
erentially recognize objects using shapes versus textures |39, [40]. Here, we hypothesize that texture
statistics and shape features are stable and unstable over time, respectively. By definition, TC priori-
tizes the extraction of features that are stable over time, whereas SMC favors features related to (fast)
movements. We therefore ask whether TC and SMC yield an opposite specialization towards texture
and shape encoding. To this end, we use a developmentally-inspired cue-conflict evaluation protocol
[41], 42] illustrated in Figure[A. In Figure[3B, the results show that TC favors texture encoding, while
adding SMC boosts shape encoding. The shape bias of untrained networks has already been reported
before [42] and tends to decrease during training in most models. Overall; this indicates that SMC can
favor the emergence of a visual shape bias.

Since E-SSL captures similar semantic visual properties to that of 1-year-old children, it may
capture the visual geometry of semantic representations in the infant brain. To test this, we compare
the structure of model representations to fMRI data recorded for 24 images in the ventral visual
cortex (VVC), a region associated with semantic processing [48]. Data were recorded for 2-month-old
infants, 9-month-old infants, and adults. In Figure [BIC, the “Prednet” model fails to reproduce the
representational structure observed in infants, whereas E-SSL captures meaningful patterns, notably
for animate objects (top-left square block). This is quantitatively confirmed in Figure , where E-SSL
has higher correlations with VVC representations in 9-month-old infants (p = 0.289) compared to the
Random model and Prednet. Notably, E-SSL exhibits a particularly strong alignment with the brain
representations of 9-month-old infants, compared to adults and 2-month-old infants. Taken together,
these results show that TC and SMC yield visual representations that capture important aspects of
vision in pre-verbal children.

2.3 Visuomotor alignment from self-induced locomotion promotes vi-
sual learning

Since E-SSL captures important aspects of children’s visual development, we wondered how specific
visuomotor experiences may shape learning. In particular, we hypothesize that the onset of self-induced
locomotion provides to the human brain an unprecedented opportunity to relate efference copies of
motor commands and their visual effects. To investigate this hypothesis, we first simulate different
embodied conditions, ranging from an “embodied” agent that leverages aligned visuomotor signals to an
externally manipulated “puppet” (“Puppet” and “Puppet swap”) in which motor signals are uncorrelated
to the visual effects. We see in Figure[dJA that the “embodied” agents consistently outperform “Puppet”
and “Puppet swap” on all visual tasks. Interestingly, removing eye movement signals (“Puppet w/o
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Figure 3: A) Developmentally-relevant evaluation protocol for few-shot recognition. For all given triplets,
We compare the representation of an anchor to that of two controlled stimuli using the cosine similarity.
We test color [43], texture [44], and size recognition [45] by emulating preferential-looking paradigms [43],
following [46]. We compute attribute prototypes (anchors) by averaging the representations of images that
share a given attribute (e.g “blue”) within a semantic category. Using cosine similarity, the representation
of the prototype anchor is then compared to the representation of a held-out image that shares the same
attribute or an image with a different value of that attribute (e.g. “yellow”). Both images belong to the same
category as the prototype anchor. To emulate shape caricature recognition [38], we leverage a previously
constructed set of simplified shapes [47] following [42]. Here, the anchor is an image representation of a
single shape caricature. To quantify the shape bias of a representation, we assess whether an image for
which a given shape and texture (anchor) is closer to an image with the same shape/different texture
versus to an image with a different shape/same texture, in the representation space [41, 42]. B) We
compute the success rate of E-SSL and baseline models across triplets, for each few-shot recognition test.
C) Representation Similarity Matrix (RSM) of “No Pretraining” model, E-SSL, and fMRI data from the
ventral visual cortex of 9-month-old infants (ROIs FG1/VO1, FG3/PHC, FG2 and FG4). To compute
similarity scores, we compute spearman scores between pairs of image representations. D) Representational
Similiarity Analysis (RSA) between models’ representations and fMRI recordings from 2-month-old infants,
9-month-old infants, and adults [48]. We compute the Spearman correlation score between RSM upper
triangles (diagonal excluded) and normalize the score by the split-halves noise ceiling (0.90, 0.87, 0.76 for
adults, 9-month-old and 2-month-old infants, respectively). Error bars represent 95% confidence intervals,
calculated by bootstrap resampling (50 bootstraps) across subject/run pairs, with group average RSM.
We retain only the highest score across layers of the ResNet50 (Layer 1-4 and Average Pooling), which is
obtained by the last layer. We refer to [48] for more details about human fMRI data.
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Figure 4: A) Normalized performance of E-SSL when removing eye or head movements from parameter-
ized movements, or randomly swapping parameterized movements m across the dataset. For each of the
six downstream tasks, we normalize the performance such that % is the best performance of E-SSL and 0
is the worst performance for a given SSL method. We set eye and head signals to zero for puppets w/o
eye and w/o head, respectively. For Puppet “swap”, we switch the motor signals associated with a pair of
visuals inputs with that of a randomly sampled pair in the dataset. “Puppet” is E-SSL without SMC. B)
Normalized performance similar to A), while varying the epoch at which the model has access to the head
movement associated to a visual transition. Prior to that, head movements are generated with Gaussian
noise. “Immediate”; “Early”, “Medium”, “Delayed”, “None” refer to epochs 0, 5, 10, 15, never (over a total
of 20 training epochs), respectively.

eye”) does not significantly impede the performance. This may stem from the difficulty of inferring
eye movement signals from visual transitions derived from extended body movements. In contrast,
discarding head movement signals (“Puppet w/o head”) hinders visual learning, even though the models
still outperform the full “Puppet” baseline (no motor signals). This indicates that the alignment
between the motor signals of the head and the visual experience plays an important role in visual
learning.

The onset of self-induced locomotion is an important driver of alignment between head movement
signals and visual transitions. This raises the question of whether delayed visuomotor alignment,
induced by delayed locomotion development, may impede visual development. To answer this question,
we varied the time point at which head movement signals become aligned with visual transitions, during
training. As observed in Figure [l]A, the earlier the alignment, the better the final performance of the
model on all visual tasks, on average. We also notice that delayed alignment fills an important part
of the performance gap relative to “Immediate” locomotion, though not entirely. Together, these
results show that early access to visuomotor regularities induced by self-locomotion boosts visual
representation learning.

2.4 E-SSL induces ventral and dorsal stream-like specializations

We found that the TC and SMC objectives preferentially promote the representation of, respectively,
texture and shape information: hence, they should also support different classes of visual tasks. In
particular, the human visual cortex progressively separates visual processing into ventral and dorsal
streams [33] [49]. Functionally, ventral areas support semantic perception, while the dorsal stream
processes visual information required for embodied actions such as reaching [49]. Therefore, we explore
whether the learning principles of TC and SMC promote features related to visual or dorsal areas,
respectively. To do so, we vary the importance of SMC during training with E-SSL. In Figure [FA,
we first observe that considering SMC with medium importance (asmc = 0.1) consistently improves
over TC alone (asmc = 0) across both kind of visual tasks. This indicates that learning contingencies
between egocentric movements and visual changes supports the development of general-purpose visual
representations. However, the sweet spot of asmc varies across tasks. Ventral-related tasks perform
best with intermediate values (asmc € [0.1,0.3]), whereas tasks associated with the dorsal pathway
[33] benefit from stronger SMC learning (asmc = 1). This pattern is consistent with all three E-
SSL methods (cf. Appendix [C). This demonstrates that TC and SMC preferentially promote neural
representations aligned with human ventral and dorsal visual functions, respectively.

Our experiments show that TC and SMC induce a functional specialization towards ventral and
dorsal streams. Since dorsal processing is tuned to faster temporal dynamics than the ventral pathway
[50H52], varying our hyper-parameter AT, which governs the timescale for learning TC and SMC, may
analogously trade off performance between dorsal- and ventral-related tasks. As seen in Figure B,
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Figure 5: Downstream performance of E-SSL on A) ventral-related and dorsal-related visual tasks. We vary
the importance of SMC learning by varying the hyper-parameter agyc on a logarithmic scale. agyc =0
denotes the absence of SMC while agyc = 1 means equal contribution from TC and SMC. We normalize
all scores such that 0 and 1 denote the worst and best performance, respectively. For ventral-related tasks,
we average the normalized performance over ImageNet-1k, Places365 and Pascal VOC. For Dorsal-related
tasks, we average the normalized performance over Davis, NYUv2 and MVImgNet. B Similar to A, we
plot results of E-SSL. while varying the hyper-parameter AT on a logarithmic scale, which defines the
temporal range for aligning frames and movements. C) To compare the pathways recruited by TC and
SMC, we compute the correlation between TC and SMC gradients. Using 1,280 randomly sampled training
pairs of images, we group the gradients for each ResNet50 layer and compute the Pearson correlation score
between the TC gradient groups and their analog SMC gradient groups. We replicate the experiment with
gradients of neurons (after ReLLU activation). D) Gradient correlation between TC and SMC.
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E-SSL with short timescales (AT = 0.2s) achieves strong performance for dorsal-related tasks. In
contrast, ventral-related tasks (such as object and scene recognition) benefit from intermediate move-
ments (AT = 2s). These results suggest that learning TC and SMC over short timescales supports
dorsal-related tasks, while focusing on intermediate timescales promotes semantic perception.

Next, we investigate whether this functional matching originates from the learned vision models
mirroring the neuronal organization of the visual cortex into ventral and dorsal streams. To characterize
the pathway recruited by TC or SMC, we use a gradient-based approach to determine which neuron
and weights are involved in optimizing TC or SMC, as illustrated in Figure . In Figure , the
neurons and weights associated with each optimization objective progressively diverge in deeper layers
of the network. Notably, this pattern mirrors the increasing anatomical separation between ventral
and dorsal pathways in the visual cortex. This demonstrates that the learning principles of TC and
SMC naturally give rise to an organizational structure resembling the ventral and dorsal streams.

3 Conclusion

How do humans learn to visually perceive their environment? A key challenge for addressing this
long-standing question lies in establishing links between neural mechanisms, human experience and
emerging visual abilities. In this work, we introduced E-SSL, a self-supervised learning framework that
exclusively models the well-supported biological learning principles of temporal consistency (TC) and
sensorimotor contingency (SMC). Three instances of E-SSL were trained on human egocentric data
that encompass first-person naturalistic video recordings as well as eye and head movement signals.
After training, the models were probed and tested on a diverse range of visual tasks. This framework
provides a computational approach to studying how biologically grounded learning principles may
support the emergence of human visual perception.

Our results demonstrate that TC and SMC yield powerful semantic visual representations. E-
SSL substantially narrows the gap between established neuroscience models and human perception,
supporting semantic visual perception, and capturing key visual properties emerging in young toddlers.
Moreover, TC and SMC naturally give rise to a neural and functional organization reminiscent of the
ventral and dorsal pathways of the visual cortex. Our analysis indicates that the visuomotor alignment
induced by self-locomotion plays a substantial role in this development. These findings support the
view that TC and SMC constitute fundamental principles underlying human visual learning.

These findings have broader implications for developmental research. E-SSL may enable researchers
to rigorously generate testable predictions about how variations in human experience shape visual
development [53H55]. Many computational models used in developmental psychology rely on learning
principles that differ from those of humans, neglecting the temporal or sensorimotor structure of human
visual experience. This limits their ability to capture developmental trajectories. For instance, the
learning mechanisms by which self-locomotion promotes distance and spatial cognition |56, [57] remain
unclear. By systematically controlling visuomotor alignment during training, our study suggests that
developmental improvements following locomotion onset may arise from learning contingencies between
internal efference copies of motor signals and their visual effects. Moreover, our results predict that
self-induced locomotion may facilitate not only spatial abilities but also semantic recognition, extending
beyond the restricted set of tasks studied so far [58].

E-SSL could also open avenues for elucidating the neuroanatomical development of the visual
system. In particular, our experiments contribute to the long-standing debate about the extent to
which the functional structure of the cortex stems from innate factors versus experience [59] [60].
When training a classical ResNet50 from scratch, we observed that neurons and weights in later layers
tended to specialize for either the TC or SMC learning objective. This result suggests that functional
specialization resembling dorsal and ventral pathways may emerge from general unsupervised learning
dynamics rather than being rigidly specified by innate architectural constraints [61].

Furthermore, E-SSL offers a bio-inspired alternative to standard approaches of machine learning.
Current machine learning models struggle to fully capture the representational structure of human
perception [62H64]. In addition, they need far more diverse data than humans and remain strongly
misaligned in object shape and relational processing [42) [65H67]. Recent research suggests that the
latter may stem from the absence of dorsal-related visual learning in these models [68, [69]. Our
experiments provide mixed evidence for this hypothesis: we found that SMC does promote shape-
based object encoding, but only to some extent this supports object recognition. Nonetheless, we
focused on human head and eye movements. Future work should incorporate richer sensorimotor
signals, such as hand-manipulation behaviors and action selection, which have been argued to play an
important role for human learning [70].

Despite the progress achieved by E-SSL in modeling human visual learning, a substantial gap
remains between E-SSL and humans in object recognition performance. This limitation is also reflected
in the visual abilities acquired by the model: E-SSL only begins to recognize abstract shapes composed
of a few geometric parts, and the best-performing models (for object recognition) remain strongly
biased toward encoding textures rather than object shape. In contrast, 3-year-old toddlers can readily



239

240

242

243

244

245

246

247

248

249

250

251

252

recognize abstract shapes and tend to generalize object categories based on shape rather than texture
[38H40].

Several additional factors may contribute to narrowing the gap between E-SSL and toddlers. Al-
though our work focuses on unsupervised learning, language and social interactions play an important
role in refining visual representations [TIH73]. In addition, recent research suggests that children’s
early visual experience, compared to the adult experience used in the present work, may be particu-
larly suited to visual learning |14}, [53] 55, [74H76]. In the present study, we restricted our experiments
to adult data as there is no open dataset of children’s egocentric videos that comprise motor signals,
which are indispensable to our aim of testing the importance of SMC in visual learning. Another pos-
sibility is that a more mechanistic model of brain computations may be required to close the remaining
gap, though the current panorama of vision models rather reflects a trade-off between accurately mod-
eling brain learning mechanisms and modeling human object recognition [2, 5], [26]. In this context,
E-SSL provides a simple yet powerful framework for investigating the principles that underpin humans’
impressive visual development.
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4 Method
4.1 Training data

Nymeria[25] is by far the largest dataset of human movements with 300 hours of daily activities
distributed into 1,200 sequences. The participants were given high-level instructions such as “grab
food in the cafeteria and eat on the patio”, ensuring that they perform an activity. All participants
wore ARIA glasses, recording raw egocentric view and movements. After preprocessing, the dataset
comprises the gaze location of participants in their egocentric visual field and the closed-loop trajectory
of participants’ head. We extract crops of images centered on gaze locations at 5 fps, yielding a dataset
of 6.1M images. When the boundaries of the crop area go beyond the field of view of the camera, we
minimally shift the crop location to fit the field of view.

4.2 Embodied Self-Supervised Learning

Construction of image pairs. At each training iteration, E-SSL samples close-in-time images
¢ and x¢4s: where 0t ~ U(—AT, AT) seconds. Following |23], E-SSL attenuates peripheral vision
by applying a 224 x 224 crop centered on gaze locations ¢; and ct4s5:. Humans redundantly interacts
with the same environment exposed to different lighting conditions, such as sunset, artificial light,
darkness etc. This lighting diversity is not reflected in the raw data. Therefore, we augment pairs of
training images with time-consistent color jittering (p = 0.8) and grayscaling (p = 0.2), with the same
parameters as in [7].

Derivation of eye and head movements. Alongside image sampling, we derive eye and body
movements. For eye movements, we compute a two-dimensional translation in the image place, ¢t +y5: =
cit+st — ¢¢ from the gaze locations ¢; and c;45¢. For body movements, we compute the relative rotation
Rye1 and translation pye; of the camera as

-
Ri iyt = Ry Ritse,

T
Pt t46t = R, (pt+5t - pt)a

where R, is the camera-to-world rotation matrix and p; represents the camera position in world coor-
dinates at time t. Ry s+ is converted into a quaternion g :+s¢. Finally, the full movement my t1s: is
represented as a 9-dimensional vector [ci4st, Gt,t46t, Pt,t+6t)-

Self-supervised learning models. At each training step, a mini batch of images and movements
feed our neural networks following Figure . This yields a minibatch of image embeddings Z, vision-
derived movements M and movements M’. For generality, we instantiate E-SSL with three SSL
approaches[7, 28, 29], namely E-MoCoV3 , E-SimCLR, E-VICReg. This choice aims to cover the
diversity of SSL methods: VICReg uses a different loss function and similarity metric than SimCLR and
MoCoV3. MoCoV3 stands out by incorporating predictors and momentum networks during training.
We essentially apply their loss functions between two close-in-time visual representations (TC) as well
as between the concatenate of visual representations and the movement they induce (SMC) [77].
E-SimCLR minimizes

1 exp (sim(z¢, 2¢46¢)/T)
LE-$imCLR = 757 —log Ll TC
12| z;g > ovez Lz exp (sim(ze, 21) /7)
1 exp (sim(m , T
Fasmo Z ~log p (sim(my,eqsr t,'t—o—éT)/ ) . sMC
IMUM| > mpemum Lik{t oty €xXp (Sim(me, 51, M) /7)
where T is the temperature hyper-parameter and sim is the cosine similarity.
E-MoCoV3 minimizes
: d
1 exp (sim(po(2t), 2i45:)/T
LE-MoCoVs = @ Z —log ( ( ( )7 t+<5f)/ ) TC

2EZ Ezkez 1[k¢t] €xXp (Sim(p9(zt)7zg)/7-)

exp (sim(qe (me,e4o1), mg,iu-éT)/T)

> emunt Lkt erory) exp (sim(go(me,ersr), mi) /)’

1
— 3 M
aSMO TG M| o8 SMC

my ¢4 5T EM

where sim is the cosine similarity. ps and gy are predictor networks and the superscript d represents
the embedding of a frozen neural architecture that mirrors the original one. The weights of this neural
network are updated at each iteration according to an exponential moving average over the original
network p = 0.9964 + (1 — 0.996)0.
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E-VICReg minimizes

d
1 - 1
LE-VICReg = )\@ E l2e — zevsell® + 1 E max(0,1 — /Var(z7) +¢€) + vy E [C(Z)]?k TC

Zt€EZ j=1 J#k
1 d
+ asmc [)\W Do lmeerse — miisll® +p Y max(0,1 - /Var(m) + )
my 5t EM j=1
1 2
2 > ICM UM SMC

£k
where C'is the covariance matrice between embeddings within a minibatch and d = 2048 the dimension

size of embeddings. For all methods, we optimize £ and its symmetric loss function, which can be
derived by swapping mq t+s: with my, 5, and z¢ with z;4s¢ in the loss functions L.

4.3 Hyper-parameters

The code is implemented using the solo-learn code base [78]. As visual encoder, we use a ResNet50, a
well-established convolutional neural network that has been used to model human vision [§]. Important
hyper-parameters were selected based on ImageNet-100 k-nearest-neighbors accuracy [79]. For E-
SimCLR, we set 7 = 0.1, asmc = 0.1, and AT = 10s and all projection heads ag, go and up have
2 hidden layers. For E-MoCoV3, we use 7 = 0.2, asmc = 0.1, and AT = 2s. Hidden layers of all
projection and prediction networks have 2 hidden layers, except for the predictor pg for which we use
1 hidden layer. Regarding E-VICReg, we set A = 10, . = 10, v = 1, asmc = 0.1, AT = 55 and use 3
hidden layers in the projection heads.

Nymeria We train the models for 20 epochs. After hyper-parameter search, we configure the initial
learning rate to 1.6 for all methods, scaled by Batii(isize. Following standard practices [7], we apply
a linear warmup schedule from 0.00003 to 1.6 during the first training epoch. Then, we decrease the
learning rate following a cosine decay scheduler. We use a Lars optimizer and a batch size of 512
distributed into 8 GPUs.

To adapt to Cifarl0 resolution, we pre-train a different model. We employ the modified version of
Resnet50 (No max pooling, and first kernel size of 3 x 3 without strides). We also resize the pre-training

images to 32 x 32. That way, we observed a small improvement in object recognition accuracy.

Kitti We use the preprocessed dataset provided along Prednet [3]. Similar to Prednet, we resize the
training images to 128 x 160 and pre-train E-SSL (Kitti) for 200 epochs.

4.4 Evaluation protocol
When possible, we followed task-specific established evaluation protocols from the SSL literature.

Object and Scene perception. Following standard linear evaluation protocols [7], we freeze
the visual encoder and train a linear classifier on top of the learned representations. Object and scene
perception are evaluated on ImageNet-1k [30] and Places365 [80], respectively. We also consider Cifar10
in some experiment for comparison purpose. To ensure that performance differences do not stem from
suboptimal learning-rate choices, we simultaneously train classifiers with base SGD learning rates in
0.05,0.1,0.2,0.4,0.8,1.6 |23]. We report the maximum accuracy across epochs and learning rates.

To maintain consistency between training and testing for both Prednet and E-SSL (Kitti), we
always resize the images to 128 x 128 during evaluation, versus 224 x 224 for other models (32 x 32 for
Cifar10). Due to computational constraints (for Prednet), we train the linear probe of Kitti models
for 20 epochs.

Semantic segmentation. We evaluate semantic segmentation on PascalVOC 2012 using the
BYOL protocol [81]. We modify the fourth ResNet50 block to use dilation 2 and stride 1. The
resulting feature maps feed a randomly initialized convolutional head composed of two 3 x 3 layers
with padding 6 and dilation 6, each followed by Batch Normalization and ReLU activations. A fi-
nal 1 x 1 convolution predicts, after up-sampling, per-feature class labels. The model is trained with
cross-entropy for 100 epochs and we report the best validation mean intersection-over-union (mloU).

Single instance segmentation. We evaluate single-instance segmentation on DAVIS 2016 [82]
using the same architecture as for semantic segmentation. The visual encoder is frozen and only the
convolutional head is trained for 100 epochs with a base learning rate of 3. Performance is measured
using the Jaccard index J (IoU). Due to high variance, results are averaged over five random seeds.

Depth estimation. We evaluate depth estimation on NYUv2 [83], mainly following the protocol
used in BYOL [81]. Frozen Layer 4 features feed four fast up-projection blocks with filter sizes 512,
256, 128, and 64 |[84]. A final 3 x 3 convolution predicts depth values that are then upsampled to the
original resolution. Training runs for 40 epochs using an L1 loss with a base learning rate of 0.1. We
report the best test relative mean squared error across epochs.
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Pose estimation. We evaluate pose estimation on MVImgNet [85], which provides camera poses
alongside object-centric video clips. At each iteration, two images are sampled from a clip. From their
poses we compute the ground-truth relative rotation quaternion gg¢ and translation vector pgi. Because
clips have different world scales, translations are normalized to represent only the direction of motion.
Each image is processed independently by the frozen visual encoder. The resulting representations
are concatenated and passed through a four-layer fully connected network with output dimensions
512,256,128, and 7. Hidden layers are followed by Batch Normalization and ReLU activations. The
prediction head is trained for 20 epochs using the losses

Lrot =1-

q;edqgt , Lirans = SmoothL1(ppred — Pgt)- (1)

We use the 10% train split defined in [77] and report the loss function over the validation split.
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Table 1: Comparison of E-SSL models with SSL models that use bio-implausible learning signals.

‘ Pre-training data ‘ Vision encoder | Top-1 I1K acc.

Bio-inspired SSL

Prednet 1 car ego-hours Specific 4.59%
E-VICReg (TC+SMC) 300 adult ego-hours ResNet50 38.87%
E-SimCLR (TC+SMC) 300 adult ego-hours ResNet50 41.31%
E-MoCoV3 (TC+SMCQC) 300 adult ego-hours ResNet50 44.23 %

SSL with bio-implausible learning signals
MoCoV3 300 adult ego-hours ResNet50 46.30 %
MoCoV3 (TC) [86] 3,600 adult ego-hours ResNet50 49.58%
MoCoV3 100k curated images (I1K 10%) ResNet50 50.9%
DinoV?2 [75] 868 baby ego-hours ViT-B/14 53.28%
DinoV2 [75] 3,600 adult ego-hours ViT-B/14 54.39%
MoCoV3 1M curated I1K images (I1K 100%) ResNet50 75.3%

Table 2: Raw models performance as well as estimated lower-bound and upper-bound for each visual task.

Task ‘ E-MoCoV3 No pretraining ‘ Minimum Maximum
ImageNet-1k 1 44.23 6.05 0.1 (Chance) 74.3 [81]
Places365 1 41.59 9.25 0.27 (Chance) 53.2[8T]
PascalVOC (segm.) 1 34.69 1.5 0 76.3[81]
Davis2016 1 36.05 12.73 0 81.7 [88]
NYUv2 | 0.756 1.128 1.41 (First epoch)  0.573 [&4]
MVImgNet | 0.137 0.334 0.37 (First epoch) 0

A E-SSL approaches the performance of SSL based on bio-
implausible learning signals

Here, we compare our Embodied SSL framework (E-MoCoV3, E-VICReg, E-SimCLR), which rest on
biologically inspired learning principles, to standard SSL models (MoCoV3, DinoV2) that on non-
biological inductive biases, such as invariance to color jitter and horizontal flips. We use the con-
ventional SSL evaluation protocol illustrated in Figure . As shown in Table |1} E-MoCoV3 (44.23%)
nearly matches the performance of MoCoV3 (46.30%) when pre-trained on 300 hours of egocentric data.
Furthermore, E-SSL performs competitively compared to training regimes that leverage substantially
larger video corpora, infant-view videos, or curated subsets of data. Overall, this demonstrates that
the biological principles TC and SMC achieve performance comparable to the bio-implausible learning
signals employed by artificial SSL models.

B E-SSL yields versatile visual representations

In daily life, humans must visually estimate distances and egomotion, categorize scenes, locate objects,
or infer motion. To assess whether the visual representations learned by E-SSL support solving such
diverse visual tasks, we probe the pre-trained vision encoder on a range of datasets. As observed in
Figure 2B, E-SSL yields drastic performance gains compared to “No pre-training” across all considered
tasks. We also visualize downstream depth and object location predictions of E-SSL in Figure 2IC-D-E.
The models evaluated without pre-training fails to capture scene geometry or localize salient objects
reliably. In contrast, E-SSL exhibits a coarse but consistent understanding of scene geometry and
salient object location. This indicates that the learned representations capture generic and diverse
visual features transferable to many downstream tasks.

The performance reported in Figure|6|is calculated as % where x is the performance
of a given model. “minimum” and “maximum” are defined according to Table [2]

C Results are consistent across E-SSL models

In this section, we complement the experiments presented in the main paper. In Figure[7} we consider
a model that leverages bio-implausible learning signals (MoCoV3) as well as various E-SSL models
(E-SimCLR and E-VICReg). We observe that the performance of E-MoCoV3 is consistent with that
of other E-SSL models, across various tasks, loss functions (TC, TC+SMC) and metrics for computing
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Figure 6: A) Normalized performance of E-MoCoV3 and “No pretraining” for diverse visual tasks:
scene categorization with Places365 [80], semantic segmentation with PascalVOC [87], depth estimation
with NYUv2 [83], single instance segmentation with Davis2016 [82], and estimation of egomotion with
MVImgNet [85]. We restrict our comparison to a Random neural network (Resnet50) as the evaluation
protocol can not be easily adapted to prior bio-inspired models. For each dataset, we perform a min-max
normalization based on the theoretical optimal performance or state-of-the-art results from computer vision
methods. B-C-D) Visualization of the predictions of E-MoCoV3 and “No pretraining” for downstream
depth estimation (B), single instance segmentation (C).

Pose
estimation

RDMs. MoCoV3 is reasonably well-aligned with infants’ representations, except that this model fails
to build color prototypes, which is likely due to the model being trained to learn invariance to color
transformations [89].

In Figure [8] we present the raw performance of three E-SSL models on our set of visual tasks
for various hyper-parameters. Overall, we see that the results obtained in section [2.4] are consistent
across E-SSL models. Figure [J] further demonstrates that the findings made in section [2:3] generalize
to diverse E-SSL models.
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Figure 8: Detailed results of Figure [5] for each E-SSL model and downstream task. Because of high
variance (omitted for clarity), Davis2016 results are averaged over 5 random seeds and we compute an
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