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his work was initiated by a serendipitous referral to our
laboratory of a young boy, RK, with an unusual visual history.
RK was born in China and placed in an orphanage soon thereafter. He had dense bilateral congenital cataracts, but lack of
resources prevented him from receiving treatment until he was
4.5 y old. Two years after his surgery, an American family adopted
and brought him to the United States, where he lives today. RK
adapted well and his health and intellectual development progressed satisfactorily. However, his parents noticed that despite
being otherwise visually proficient, he had difficulty recognizing
people’s faces, an impairment that was impeding his ability to
socialize. They contacted us to request that we assess RK’s vision.
In the laboratory, we tested RK along multiple perceptual and
neurological dimensions including acuity, contrast sensitivity, face/
nonface discrimination, within-class object individuation, and face
individuation. Consistent with his parents’ observations, we found
that RK performed normally on all tests except face identification,
on which his responses were no better than chance.
A review of the literature reveals that RK is not unique in his
performance profile; his recognition deficit echoes results that
have previously been reported in studies with adolescent children
who underwent treatment for congenital cataracts during the
first year of infancy. They exhibit impaired face-discrimination
performance even when tested several years after their treatments (1–3). Notably, the periods of deprivation they suffered
were quite short, ranging between 2 and 6 mo.
The finding that even brief periods of visual deprivation can
lead to face-identification deficits, while appearing to spare
other visual skills, has been explained as the manifestation of a
critical period for face learning (4, 5). According to this account,
face recognition is an “experience-expectant” process, requiring
exposure to faces early in development to enable appropriate
www.pnas.org/cgi/doi/10.1073/pnas.1800901115

perceptual and cortical specialization necessary for faceidentification abilities (1, 6–8). Children like RK, who pass this
period without normal exposure to faces, are expected to exhibit
compromised face recognition skills later in life. Recent evidence
from nonhuman primates who have undergone controlled deprivation is consistent with these results (8). Monkeys reared
without exposure to faces lacked face preference in their looking
behavior, and did not exhibit face-specialized cortical domains,
in contrast to nondeprived controls. These observations suggest
that skills which appear early in the developmental timeline, such
as face discrimination, may be particularly vulnerable to visual
deprivation. It is worth pointing out, however, that the consequences of delayed treatment of congenital blindness are complex and do not all conform to a unitary template. Several highlevel visual skills appear capable of being acquired even after
prolonged periods of initial deprivation (9–12). Additional evidence of resilience is provided by studies of low-level vision.
Here, findings suggest that the earliest appearing proficiencies of
normal development, such as the ability to perceive visual flicker,
are also the ones least susceptible to deprivation, a biological
analog of the common corporate practice of “first-hired lastfired” (13, 14). Taken together, these studies point to a varied
landscape of visual proficiencies following late treatment of
congenital blindness, with some skills more susceptible to compromise by visual deprivation during early “sensitive” periods in
development. Specifically, impairments of face processing following early visual deprivation may plausibly admit a sensitive
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Children who are treated for congenital cataracts later exhibit
impairments in configural face analysis. This has been explained in
terms of a critical period for the acquisition of normal face processing.
Here, we consider a more parsimonious account according to which
deficits in configural analysis result from the abnormally high initial
retinal acuity that children treated for cataracts experience, relative to
typical newborns. According to this proposal, the initial period of low
retinal acuity characteristic of normal visual development induces
extended spatial processing in the cortex that is important for
configural face judgments. As a computational test of this hypothesis,
we examined the effects of training with high-resolution or blurred
images, and staged combinations, on the receptive fields and performance of a convolutional neural network. The results show that
commencing training with blurred images creates receptive fields that
integrate information across larger image areas and leads to improved
performance and better generalization across a range of resolutions.
These findings offer an explanation for the observed face recognition
impairments after late treatment of congenital blindness, suggest an
adaptive function for the acuity trajectory in normal development,
and provide a scheme for improving the performance of computational face recognition systems.
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period-based account. However, an explanation that is not dependent on the domain-specific action of visual deprivation
would have the virtue of parsimony. Here, we consider a domaingeneral account and present results from computational tests of
its predictions.
Rather than focusing exclusively on the absence of information
in the period prior to treatment as a critical contributor to later
face-processing impairments (the “experience-expectant” viewpoint), an alternative is to consider how visual experience in the
period following treatment differs in children like RK relative to
the typically developing newborn. An important source of such
differences are maturational processes in the visual system that
continue progressing even while the eye has an occlusive pathology
like a cataract. A key dimension impacted by such processes is
acuity (15–17). Typically developing newborns commence their visual experience with remarkably poor acuity, below 20/600 (18–20),
which is well beyond the criterion for legal blindness. Much of this
acuity impairment can be attributed to the immature neonatal
retina (21, 22), with its reduced foveal photoreceptor packing
density (23), as well as to immaturities in the visual cortex (24, 25).
Over the initial months of development, these immaturities
diminish steadily, leading to a stereotyped pattern of acuity improvement (26). In a child with congenital cataracts, the physiological mechanisms of neural maturation continue to proceed
despite the lenticular opacity (27, 28). As a consequence of this
maturational progression, once the cataracts are eventually removed, the initial retinal acuity of the child is significantly higher
than that of a newborn. Indeed, this was the case with RK, whose
visual experience started with an acuity of 20/40.
There are several notable aspects of the vision of children
treated for congenital cataracts (29), including a lack of accommodation [given the fixed-focus aphakic correction comprising
either intraocular lenses (IOLs) or external glasses], changes in
ocular growth (30), and the development of deprivation-induced
amblyopia (31, 32). The studies have spanned a spectrum of ages
[with age at surgery ranging from less than 6 mo (33–35) to 8 y (36,
37)]. The data show that although outcomes are generally better
the earlier the surgery is conducted, and long-term acuity does not
reach normal levels, of particular relevance here is the finding that
these children exhibit better than neonatal acuity rapidly after
treatment.
Although high retinal acuity at the outset may appear to be
advantageous for the visual system given the richer visual experience it offers, it may, in fact, compromise the development of
important visual processes, specifically those involving extended
spatial integration. Poor acuity, by definition, introduces blur
that reduces effective image resolution. Small patches in blurred
images do not contain enough structure to be informative; spatial
integration is necessary to detect and discriminate patterns in
such images (38). With high-resolution images, however, local
processing suffices for discrimination tasks, rendering extended
spatial integration superfluous (39).
To formalize this intuition, in a simple fragment-based image
classification system (detailed in Methods), we examined fragment
sizes needed in high-resolution versus blurred images to obtain
similar levels of classification performance. As Fig. 1 shows, to
achieve the same z-score (or comparable classification performance), a smaller integration area suffices for high-resolution images relative to blurred ones. The implication is that the early
availability of high-resolution information may obviate the development of strategies for integrating over extended spatial extents.
Such integration is a prerequisite for the analysis of configural relationships in images (40), which, in turn, are believed to be especially important for facial identification (41, 42). This line of
reasoning, first suggested as a possible explanation for some of the
observed “sleeper effects” following early visual deprivation (43),
predicts that children with initially high acuity would be biased
toward local processing. Indeed, this is consistent with data showing
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Fig. 1. (A and B) Confusion matrices derived from all pair-wise comparisons
of 400 face images (10 exemplars per 40 individuals). The matrices are averaged across 10 matching regions distributed across the image (an example
matching region is indicated by the boxes overlaid on the face images),
when the images are processed at high resolution (A) or with blur (B).
Lighter shades indicate higher match scores. The reduced distinctiveness of
content in the blurred image patches leads to the confusion matrix in B
being dominated by indiscriminately high match scores, relative to A. Note
that the two confusion matrices are plotted using identical color scales. (C)
From each confusion matrix, we can determine how different the “withinclass” scores (for the 10 images of the person shown in the reference image)
are relative to the scores of the other 390 images. The plots show summary
results of 5,208 simulations using different matching region locations and
sizes when the images are in high resolution (red curves) or blurred (blue
curves). The bold curves represent the averages across all individual simulations (seen here as diffuse background curves). Within-class z-scores are
plotted against region sizes. A higher z-score corresponds to better differentiation of within-class images relative to out-of-class images. As is evident
from the plots, to achieve the same level of class discrimination, a smaller
image fragment suffices for the high-resolution case compared with the
blurred one. Face images courtesy of AT&T Laboratories Cambridge.

that children treated for congenital cataracts are able to perform
face discrimination tasks where the patterns differ in local features
but are impaired on a task requiring detection of configural changes
(44), as well as on holistic face processing (45). In summary, the
abnormally high initial retinal acuity experienced by children
treated for congenital blindness later in life, compared with typical
newborns, may result in compromised spatial integration. We refer to this as the high initial acuity (HIA) hypothesis.
To test the HIA hypothesis’ predictions about how experience
with different acuity levels can affect the development of spatial
integration fields and overall face-recognition performance, we
trained different instances of a deep convolutional neural network (CNN) (46) on a large database of face images (47) while
manipulating the blur of training and test data. It is worth
Vogelsang et al.
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Fig. 2. Results of uniform training on CNNs. (A) Top-10 RFs in the first layer
of CNNs trained on images blurred with a Gaussian filter with σ = 0, 1, 2, 3, 4,
and corresponding acuities. The stronger the blur, the bigger and smoother
the Gabor patches of the depicted RFs appear to be. (B) RF size increases
with increasing blur. (C) Performance curves for training and testing CNN
instances on different levels of blur. Performance is tied to the blur level of
the training set, peaking at the test level that matches training level, although training on blurred images results in better generalization across
other resolutions than training on high-resolution images. Face images
courtesy of AT&T Laboratories Cambridge.
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frequency information (necessary for effective generalization to
blurred images) is mostly disregarded. The third result, also evident
in Fig. 2C, is that none of these training regimens yields broad
generalization performance. When testing the network with new
images spanning a range of blurs, recognition accuracy peaks at the
blur level matching the one used during training. This has an interesting implication: The front end of a network (comprising convolutional layers) trained with blurred images does not impose
mandatory low-pass filtering on the inputs. If such filtering were to
be employed, then high-resolution images, which subsume low
spatial-frequency information, would have yielded the same performance as blurred inputs. Instead, high spatial-frequency information
does progress through the network and influences eventual classification. That this influence is a detrimental one suggests that besides
being able to utilize low-spatial frequency information, the network
also needs to learn the appropriate weights for the high spatialfrequency components of the image data. Taken together, these
results bear out our expectation of image resolution as a modulator
of the extent of spatial integration by the initial RFs. They also point
to the insufficiency of blurred images on their own for achieving
broad generalization across resolution levels. More pragmatically,
they reveal a limitation of CNN-based image recognition systems
that are often trained on only high-resolution inputs (46, 52).
Motivated by the fact that visual experience in the normally
developing brain involves a temporal progression from low to
high acuity, we trained additional instances of the CNN using a
staged regimen that commenced with blurred images, which
were then followed by high-resolution ones. To examine ordering
effects comprehensively, we trained four different instances of
the CNN, one on each of the following regimens: “blurred-tohigh-resolution” (250 epochs of training with blurred images followed by 250 epochs of training with high-resolution images);
“high-resolution-to-blurred” (250 epochs of training with highresolution images followed by 250 epochs of training with blurred images); “blurred-to-blurred” (500 epochs with exclusively
blurred training images); and “high-resolution-to-high-resolution”
(500 epochs with exclusively high-resolution training images).
These simulations yielded three primary results, summarized
in Fig. 3. First, the introduction of blurred images in the training
phase consistently induced the system to increase the sizes of its
RFs, irrespective of when in the training regimen the blurred
training was introduced (Fig. 3A). Interestingly, having highresolution images follow the blurred ones did not shrink the
size of the RFs. In other words, there is a notable asymmetry in
terms of the effects of ordering: Starting with high-resolution
images and then later introducing blurred ones leads to a significant increase in RF sizes, but the converse (blurred followed
by high-resolution images) does not cause the network to reduce
the sizes of the already established large RFs.
Second, even when the initial phase of training on blurred images is a small proportion of the full training regimen (in our
simulations, 20%), it is sufficient to induce the creation of large
RFs that are stable over the subsequent training epochs with highresolution images. Increasing the amount of initial blurred training beyond this proportion does not cause a further expansion of
the RFs (Fig. 3B). Drawing a parallel to human development, this
observation suggests that although acuity improves rapidly in infancy (26), even the limited amount of time that a child experiences very poor acuity may well be sufficient for the instantiation
and consolidation of RFs with large spatial extents.
Third, the order in which images of different resolutions are
presented affects subsequent classification performance (Fig. 3C).
Blurred-to-high-resolution training produces by far the most superior and generalized classification performance across all resolution
levels, as indicated by it having the largest area under the curve
(AUC) and lowest absolute slope (Fig. 3D). In contrast, when the
network is trained on high-resolution to blurred, it yields poor
performance when tested on high-resolution images, although, in
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pointing out the analogies between the computational and
biological entities implicit in this approach. First, image acuity
corresponds to the resolution of the visual input to primary visual
cortex, with limitations deriving primarily from retinal factors.
This is in keeping with empirical data suggesting that retinal
immaturities are significant determinants of observed visual sensitivity (48). In the CNN simulations, the resolution change is
imposed at the input layer (akin to the output of the retina), and
we examine how the response properties of units in the convolutional layers, which are posited to roughly correspond to primary
visual cortex (49), change as a function of the input resolution.
Pliability of cortical units is based on results from studies showing
that visual deprivation can extend plastic periods (50, 51). The
implication of these results is that with the onset of sight, some
units in the visual cortex can develop differently depending on
input properties, such as resolution. With this background, we
examined how receptive fields (RFs) in the first convolutional
layer and performance levels of a CNN change when image blur is
varied. These tests yielded several notable results.
First, CNNs trained with image sets of different blur levels
exhibited markedly different RFs in the first convolutional layer.
As we had hypothesized, introduction of blur led to a progressive
increase in the spatial extents of the RFs (Fig. 2 A and B) (P <
0.01; two-tailed t-tests comparing RF sizes for each pair of
consecutive blur levels). Second, as is clear from Fig. 2C, the
presence of high spatial frequencies during training drives
the system to behave in a biased way in which making use of
those higher spatial frequencies is prioritized, while low spatial-
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Fig. 3. Results of nonuniform training on CNNs. (A) Impact of nonuniform
training paradigms on RF sizes. (B) When training paradigm begins with
blur, even 20% blurred images are sufficient for the system to produce large
RFs. (C) Impact of different training paradigms on performance level
obtained with test images subjected to different levels of blur (here quantified as the σ, in pixels, of the convolving Gaussian): Blurred-to-high-resolution shows the best performance and generalization. (D) Two metrics of
performance of the four different nonuniform training regimens. Black bars,
area under the performance curve, normalized to 1.0 for perfect performance across all resolutions. Gray bars, slope of performance curve (perfect
generalization would correspond to a slope of 0.0).

aggregate, it has been trained with precisely the same set of images
as in the blurred-to-high-resolution condition. Thus, the superior
performance of blurred-to-high-resolution training is a direct consequence of the initial period of blurred training, akin to the typically developing acuity trajectory of the human visual system.
A potential explanation for the pronounced ordering effects we
observe is that the initial learning phase with only high-resolution
images has a detrimental effect on generalization across resolution
(Fig. 2C), causing a large training error in subsequent blurred
learning trials, and finally a strong weight adaptation, even within
the first convolutional layer. Thus, high spatial frequency features
end up being replaced by those effective for classifying blurred
images. This is not the case when the resolution progression is
from low to high. Initial training on blurred images produces RFs
with large spatial extents and superior generalization across resolutions; this diminishes the need for radical weight adaptation
during follow-up training with high-resolution images. Corroborating this point, the blurred-to-blurred and blurred-to-highresolution training regimens lead to similar RF sizes in the first
convolutional layer.
Taken together, results from simulations with deep convolutional neural nets lend support to the proposal that in the developmental progression of visual acuity, initial experience with
blurred imagery may help set up RFs capable of encoding image
structure over extended spatial extents. This helps reduce reliance on local features and improves generalization performance across a range of image resolutions. The HIA account,
while not ruling out the critical period-based explanation, can
11336 | www.pnas.org/cgi/doi/10.1073/pnas.1800901115

parsimoniously account for the puzzling observations reported in
the literature about early visual deprivation resulting in specific
face-processing impairments.
Complementing data from the computational tests described
here, the HIA hypothesis finds tentative support in the experimental literature. First, interventions like lid suture, which are
akin to strong low-pass filtering, have been reported to result in
enlarged RFs in the visual cortex (53). Second, recent studies of
population RFs in human visual cortex (54) have reported an
association between RF sizes and performance on face tasks,
with smaller fields corresponding to compromised configural
analysis.
The parsimony of the HIA hypothesis predicts that the consequences of sight recovery after early deprivation are not facespecific but should also apply to other tasks that rely on extended
spatial processing. Empirical data support this prediction. Global
motion processing is found to be compromised in this population
even years after treatment (55). By contrast, patients who developed cataracts after one year show normal levels of global
motion thresholds when tested several years after surgery. Individuals who undergo late treatment of congenital blindness have
also been shown to be impaired at illusory contour perception
and global shape completion but not on local shape discrimination (56). One study (57) found a greater deficit in a featurespacing change detection task for faces relative to houses, but
they attribute this impairment to compromised experiencedependent perceptual narrowing for faces that typically developing individuals exhibit. In a follow-up study (58), they
highlight the idea that there may well be a general, rather than
face-specific, mechanism used for spacing judgment tasks.
The results here suggest that the initially poor acuity in the
normal developmental progression may be a feature of the system,
rather than a limitation. Looking beyond acuity, it remains to be
seen whether developmental progressions along other dimensions
of visual function, such as field of view (59), color saturation (60),
windows of simultaneity (61), and attentional control (62), might
also confer adaptive benefits for instantiating robust processing
strategies. In addition, there is abundant literature on the temporal
dynamics of spatial-frequency processing, simulating HIA in computational models or in various behavioral, physiological, and imaging studies on normal adults. This body of research establishes
the prevalence of coarse-to-fine sequencing at all levels of cortical
processing of sensory information and across different modalities of
sensation. For example, a study of temporal integration of rapidly
sequenced spatially filtered visual images (63) found that success of
the integration process in a normal adult population depended on a
coarse-to-fine order of frame presentation. An fMRI study of
temporal dynamics of face processing in higher-level visual cortex
(64) varied exposure duration and spatial frequency content of
filtered images. They demonstrated a low-frequency response to
short duration exposures in a number of face-responsive regions of
adult subjects, more robust and decaying more slowly with increasing exposure durations in bilateral fusiform face area (FFA),
rFFA > lFFA. Other work (65, 66) has examined the benefits of
adopting a “coarse to fine” matching strategy especially in the
context of binocular stereopsis. Simulations suggest that such a
progression might be beneficial for fine-tuning disparity sensitivity
in binocular RFs (67). The researchers compared the results of
simulated learning in networks, trained with four different sequences of filtered input, to detect binocular disparities in pairs of
visual images. They found what they referred to as “developmental”
sequences, namely those initial training sequences that employed
exclusively either low or high frequency images, consistently outperformed the others in which the spectral content in the first stage
of training was either random or identical to the following one.
The adverse effects of HIA may also have relevance beyond the
domain of vision. For instance, a fetus’ auditory experience in the
womb comprises low-pass filtered versions of voices and other
Vogelsang et al.

Methods
Simulation 1 (Results Presented in Fig. 1). We used 400 112 × 92 pixel grayscale
face images taken from the AT&T ORL Database (73), comprising 10 instances of
40 individuals, allowing for matching across appearance transformations. All images were duplicated and subjected to a nine-pixel blur kernel such that the final
set of 800 images consisted of two copies of each image: one in high-resolution
and one blurred. For each sample image that was used to query the rest of the
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Simulation 2.
Data for training and testing the CNN. A total of 50,429 face-cropped color images
(100 × 100 pixels) belonging to 388 different face identities (average = 130 ±
20.4 images per class) were used for training and testing our CNN. The data
were provided by the Facescrub image database (47), and all identities with less
than 100 available images were rejected. Images were converted from color to
grayscale, zero-centered to the overall mean luminance, and scaled by the
overall SD. During training, images were randomly left-right flipped and rotated to up to 25°. For blurring images, we applied a Gaussian filter with σ =
0.5, 1, 1.5, 2, 2.5, 3, 3.5, 4. The original images (σ = 0) are termed high-resolution. At a viewing distance of 60 cm, a head subtends ∼15° of visual angle. An
individual with 20/20 acuity would be able to resolve 450 cycles in this extent,
while a person with 20/600 acuity could resolve 15 cycles. With this basic constraint and given a face image width of w pixels (the specific value of w is
dictated by the requirements of the input layer of the CNN), we computed a
Gaussian filter that removed spatial frequencies higher than 1/(w/15). Convolving the image with this filter yielded an image approximating the effects of
20/600 acuity. The same procedure was applied for other acuity values. The
data were split into 45,385 training and 5,044 test images aiming at a 90/10%
training/test data split while keeping a constant number of test instances
per class.
Network architecture and parameters. We utilized the AlexNet architecture (46),
adjusted the network’s input size to 100 × 100 pixels, and changed the shape
of the 96 kernels in the first layer from 11 × 11 to 22 × 22 pixels to allow
more reliable RF analyses. The net contains five convolutional layers (ReLU
activation function), followed by three fully connected layers (tanh activation function; last layer equipped with softmax, crossentropy loss function
and momentum optimizer). In between fully connected layers, a dropout of
50% is built into the network. The CNN was implemented in the TensorFlow
deep learning library TFLearn and trained on a single GPU using a fixed
learning rate of 0.001, minibatch learning with batch sizes of 128 and 500
epochs. The CNN instances were trained on images in high-resolution and
several different blur levels. In addition, we utilized a high-resolution-toblurred configuration by training a CNN instance first on high-resolution
and later on blurred images (for 250 epochs each). Training an instance in
reversed order provided us with a blurred-to-high-resolution configuration.
Weight analysis. For analyzing the RFs of the CNN, we investigated the shape of
the Gabor wavelets in the kernels of the first convolutional layer. To quantify
their geometric properties, we considered the two most dominant neighboring
ellipses, one containing positive and the other containing negative values. We
defined the separation between these two ellipses as the critical metric capturing the RF size. We applied thresholding, erosion, and dilation to extract
individual ellipses and separated this process for positive and negative weights.
For both, we only kept the detected ellipses with largest area. We then determined the two points of largest Euclidean distance in each region. To
measure RF size, we used the distance between the middle point of the two
points of the smaller ellipses and the line spanned by the two extreme points of
the bigger ellipses. The procedure we use for fitting ellipses to the CNN “RFs”
to characterize their structure and size is analogous to approaches adopted in
neurophysiology wherein parametric forms, such as Gaussian or Gabor functions, are fit to empirically recorded RF maps (74, 75). We decided to fit each
subfield with an ellipse, rather than one functional form to the overall RF, so
as not to impose any preconceptions on the overall CNN RF organization.
Since some but not all of the 96 kernels in the first layer depicted a reliable Gabor
pattern, we took into account the 10, 15, 20, and 24 kernels showing the most
dominant structure (assessed using SD). In all configurations, the color translation
has been scaled by a fixed value representing the inner 99% of the histogram of all
pixel values in the first layer of the CNN instance trained on high-resolution.
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database, we matched image patches from 2,604 locations, with 20 box sizes per
location. For each image and face patch, we calculated the distance (L1 norm)
between the given face patch, Fi, and all other corresponding face patches in each
of the remaining images. Ideally, this returns distances to other instances of the
same ID (“within ID” values) that are smaller than the distances to all other faces
(“across ID” values). The z-score allows to compare these within-ID distances with
the across-ID distances; the larger the gap between the average distances, the
larger is the corresponding z-score for a given patch. Repeated across all images,
this generates a distance matrix from which one can extract the average withinclass z-score across all identities, for a given face patch. This is averaged across all
patch locations to determine aggregate z-scores. For each image, at every location that a face patch is sampled from, we parametrically change the patch size to
calculate the z-score as a function of query box size. By comparing these functions
across high-resolution vs. blurred images, we characterize how different patch
sizes contribute to achieving the same z-scores depending on image resolution.
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sounds in the external world (68). This kind of input may induce
the development of extended temporal integration mechanisms so
as to be able to detect envelope modulation of the auditory inputs.
Significantly premature birth limits this low-frequency exposure
and immerses the baby in an auditory environment teeming with
high temporal frequencies. In a manner analogous to what we
have proposed for high initial visual acuity, this abnormal auditory
experience may lead to compromised hearing skills. Interestingly,
premature birth is indeed found to be associated with higher order
auditory impairments (69).
From the perspective of computer vision, our results point to
an improved training strategy for enhancing the generalization
performance of current CNN-based recognition systems and,
more generally, illustrate the potential benefits of incorporating
aspects of human developmental trajectories in designing training routines for machine-based systems.
The HIA hypothesis of potential benefits of exposure to reduced
resolution imagery early in the developmental timeline raises interesting questions with basic and applied implications. A particularly far-reaching one regarding clinical practice relates to the issue
of refractive correction following cataract surgery: When treating
infants with cataracts, might it be better to leave their eyes without
aphakic correction? We believe that a few considerations argue
against changing the standard approach of providing aphakic correction, either via intraocular lenses or external glasses. First, uncorrected aphakia significantly degrades image resolution beyond
the acuity limitations imposed by retinal immaturities in infants’
eyes. This is especially true of newborn eyes given that their mean
lens power is significantly greater than that of adults (34.4 D vs. 18.8 D)
(70). The excessively degraded images in the absence of lenticular
correction may prove inadequate for helping to define RF structures.
Interestingly, from this perspective, the level of image blur experienced
by a typical newborn may be seen as occupying a “Goldilocks” spot: not
too high, to prevent shrinkage of RFs, and not too low to contain
enough image structure that can guide the development of RF morphology. Second, our simulations indicate that the period of low acuity
needed to support extended spatial integration is quite short and needs
to be followed by a period of improved acuity. Just extending the duration of poor vision by failing to provide aphakic correction would not
be sufficient for obtaining classification performance gains. Also, leaving
an eye without aphakic correction might set in motion mechanisms for
changing eyeball shape that might permanently compromise visual
quality (71). For these reasons, leaving an eye without aphakic correction might not be a recommended course of action following cataract
surgery. However, it may be worth considering the option of initially undercorrecting the refractive errors and progressively moving toward full correction. In the context of ongoing efforts to
provide sight-initiating surgeries for congenitally blind children
(72), our results suggest that patients with high postoperative
acuity (31) might benefit from a temporary period of optical blur
via refractive undercorrection to induce the visual system to develop appropriate spatial integration strategies.
Broadening our scope to include children born without any ocular
pathologies, the HIA hypothesis induces us to consider whether
newborns who start with better-than-typical acuity might be at
risk for developing impairments in configural analysis and,
specifically, face recognition. A longitudinal study of many
children, whose acuity can be characterized at birth and whose
configural processing can be assessed a few years later, can help
detect such a link.
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