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Abstract

Some visual properties are consistent across a wide range of environments,
while other properties are more labile. The efficient coding hypothesis states
that many of these regularities in the environment can be discarded from
neural representations, thus allocating more of the brain’s dynamic range
to properties that are likely to vary. This paradigm is less clear about how
the visual system prioritizes different pieces of information that vary across
visual environments. One solution is to prioritize information that can be
used to predict future events, particularly those that guide behavior. The
relationship between the efficient coding and future prediction paradigms is
an area of active investigation. In this review, we argue that these paradigms
are complementary and often act on distinct components of the visual input.
We also discuss how normative approaches to efficient coding and future
prediction can be integrated.
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INTRODUCTION

Successful behavior relies on the ability to quickly and efficiently extract salient information
from the environment. This is a challenging task—the environment contains an almost unlim-
ited amount of information, most of which is irrelevant to survival and behavior. In addition, the
relevant pieces of information are often highly correlated with one another, such that some pieces
of information can be predicted from others. An ideal coding system would utilize knowledge of
these correlations to encode only those bits of information that are necessary for reconstructing
the relevant properties of the environment (Attneave 1954, Barlow 1961).

Several issues make achieving such an ideal coding challenging. First, the dynamics of the
environment are complex, and the bits of information that are relevant to behavior can change
depending on the context. This intertwines the issue of learning the correlation structure of the
current environment with that of identifying a good coding strategy (Mlynarski & Hermundstad
2018, 2021). Second, time is of the essence for behavior. The brain must collect information from
the environment and modify behavior within only a few hundred milliseconds, but neurons are
severely limited in the amount of information that they can transmit on such brief timescales
(Borst & Theunissen 1999, Koch et al. 2006). Thus, the brain must rapidly sift through these
incoming sensory inputs and separate out the relevant information. A major goal of both sensory
and computational neuroscience is to understand how the brain copes with these challenges and
how these strategies develop over evolutionary, developmental, and behavioral timescales.

The efficient coding hypothesis is an influential paradigm for understanding how neural sys-
tems should operate to transmit dynamic sensory information (Attneave 1954, Barlow 1961).
Efficient coding indicates that a group of neurons should represent sensory information as
concisely as possible to utilize their limited metabolic and signaling resources (Laughlin 1981,
Olshausen & Field 1996, van Hateren 1992). Neurons can accomplish this by tuning their repre-
sentations to the statistical properties of their sensory inputs. For example, efficient coding predicts
how the range of responses that a neuron can generate should be allocated—with a small fraction
of the response range allocated to rare inputs and a large fraction to common inputs. These prin-
ciples of efficient coding can explain many properties of neurons found in the early visual and
auditory systems (Laughlin 1981, Lewicki 2002, Rieke et al. 1995, Sharpee et al. 2006, Smith &
Lewicki 2006, Srinivasan et al. 1982).

The information theoretic concepts developed by Claude Shannon provide the foundation
for understanding how efficient coding should be achieved (Shannon 1948). The key concept
is that some aspects of the environment carry more information than others by virtue of how
expected or unexpected they are (e.g., the statement that December days in Seattle are short is
not particularly informative for someone who has lived in Seattle). To be efficient, the neural code
should emphasize the informative aspects while ignoring or discarding the noninformative ones.
Importantly, these discardable properties are identified based on the statistics of the environment
(e.g., properties of a large collection of natural images) and not the properties that differentiate a
specific environment from others (e.g., a specific natural image).

A simultaneous strength and weakness of information theory is that all bits of information are
assigned equal value (Shannon 1948). This is clearly not the case for biological systems—different
pieces of information can have different consequences for survival and reproductive success. Given
the temporal delays associated with receiving sensory information about the environment, encod-
ing that information, and then acting on it, information that cannot guide future actions is useless
to an organism. Thus, at a minimum, the brain should prioritize those pieces of information that
allow it to estimate what is most likely to occur in the future (Bialek et al. 2001, Rust & Palmer
2021, Salisbury & Palmer 2016). This estimate must use contextual information to separate pre-
dictions based on the current environment from predictions based entirely on the average statistics
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of all environments. For example, while watching a horror movie, the building tension can pre-
dict coming events in ways that the average statistics of all movies cannot. This context-specific
prediction is essential for successful behavior. This has led to a revised picture of efficient coding
stating that all bits of information are not created equal and the assertion that neural codes should
prioritize information about the future.

Herein lies a conundrum for those of us trying to understand these ideas about efficient neural
processing and their implications for the neural systems that we study. Classical efficient coding
and this updated picture both liberally use the term prediction, but they use it in different ways. In
classical efficient coding, prediction is the idea that the brain has a (statistical) model of the state of
the world that is updated on evolutionary, developmental, and behavioral timescales. This model
captures correlations in the world that can be used to weight different aspects of the incoming
sensory information by their likely information content. Removing correlations emphasizes those
aspects of the incoming sensory information that distinguish a specific environment from the
set of environments consistent with the world model. This view of prediction provides a useful
paradigm for understanding several aspects of neural processing. One example is the notion
that neural responses should be allocated based on the likelihood of particular stimuli (Laughlin
1981). Another example is that many features of the world change slowly, and thus the past state
of the environment can be subtracted from the incoming sensory information to highlight those
features of the input that are changing (Brenner et al. 2000, Fairhall et al. 2001, Hosoya et al.
2005). Related work from Rao & Ballard (1999) emphasizes the importance of predictability
to neural response properties, i.e., of weighting inputs based on how much they vary from an
internal model of the environment.

The other use of prediction specifically considers the importance of inferring what is likely to
happen in the future. In the paradigm proposed by Bialek, Palmer, and colleagues, this is precisely
what the brain should do—weight incoming sensory information based on its utility in predicting
the future (Bialek et al. 2001, Palmer et al. 2015). This sense of prediction is similar to the idea
of extrapolation or anticipation (Berry et al. 1999, Schwartz et al. 2007a). In some cases, coding
strategies consistent with efficient coding and those consistent with predicting future world states
are similar—e.g., from both perspectives, a stationary object in a scene need not consume coding
resources. As we discuss below, however, in other cases, these distinct definitions of prediction
can have distinct and even opposing implications for how neurons should behave (Salisbury &
Palmer 2016).

THE ENCODING PROBLEM: AN EXAMPLE FROM LANGUAGE

Efficient coding depends strongly, both conceptually and quantitatively, on information theory.
The central hypothesis of efficient coding is that neurons communicate information efficiently
with one another; in the same way, natural language is considered an efficient communication
system. In this section, we use language as an example of the relationship between efficient coding
and information theory, with the aim of demonstrating how similar ideas can be applied to neural
encoding.

Imagine that we are given the task of sending a series of messages in English using a binary
code (i.e., a series of 1s and 0s). The goal would be to create a one-to-one mapping between
words in the English lexicon and different sequences of Os and 1s such that we can encode any
possible sentence. If we were given an unlimited amount of time to convey our messages, then this
mapping between words and binary digits could be completely arbitrary as long as it was one to
one. However, our task would be considerably more difficult if we were told that our code must
be efficient, meaning that it must represent words with the fewest possible digits, allowing these
messages to be sent as quickly as possible.
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Essential efficient coding concepts. (#) Example word-encoding model in which words in the English lexicon are mapped to sequences
of binary digits (i.e., bits). Mapping the most frequent words to the shortest binary sequences produces the most compact coding
scheme. (b) Probability of letter occurrence for a corpus of written English. Computed entropy values for the letters are shown for the
raw distribution (b/ue) compared to an equal distribution of letter occurrences (orange). (c) Two possible lossless compression schemes
for the English letters. The nonoptimized code uses the same digit length for all of the letters regardless of frequency, whereas a more
compact code could be generated by accounting for this frequency information. (d) Word-encoding scheme similar to that in panel #
except that a certain amount of information loss is tolerated. This lossy compression scheme mitigates the impact of this information
loss by using the same binary encoding to represent words with similar meanings. (¢) Semantic context can be used to predict the words
that are likely to come in the near future. In the example sentence, context indicates that “pain” is more likely to be the next word than

“oatmeal.”
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According to Shannon, the motivation for constructing efficient codes is that any communica-
tion system is limited in its channel capacity—the capacity to encode information in a given time
bin (Shannon 1948). This capacity is limited even with today’s most advanced hardware, and it
is severely limited for the wetware in the brain. Information theory provides the tools to use this
limited coding capacity efficiently. To make our messages as short as possible, we need to represent
the words that we transmit most frequently with the shortest binary sequences and words that are
used infrequently with longer sequences (Figure 14). The key is that the relative frequency of the
words in the lexicon determines an efficient coding strategy.

To formalize these ideas, consider the process of encoding letters in English. Without knowl-
edge of the frequency with which letters occur in English, we might assume that all letters occur
with equal frequency. We can use information theory to determine the most efficient way to en-
code these letters as a sequence of binary digits. Entropy is the appropriate tool for this task.
Entropy measures the randomness or uncertainty in a distribution (in our example, the distri-
bution of possible letters). Our uncertainty is highest when we lack prior knowledge about the
frequency of letters occurring and assume that all letters occur with equal probability. The min-
imal number of binary digits that we would need to uniquely encode all letters is determined by
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computing the entropy of the probability distribution for these letters,

HX) = =) p)log,p(x),

xeX

where H(X) is the entropy of the distribution, and p(x) is the probability of a particular letter
occurring. If our 26 letters each occur with equal probability, then we would calculate the entropy
in the following way:

H(X)——Zztsilo 1__ i10 i—I—ilo i—}— = 4.7 bits
T 426 P26 T\ P26 T 26 e ) T

Each bit of information represents one binary character in our code—thus, in this case, we would
need to use an average sequence length of 4.7 binary characters to represent the 26 English letters.
In other words, the cost of transmitting a letter in this system is, on average, 4.7 bits. This value
reflects the cost of transmitting the code when our uncertainty (entropy) is highest—when we lack
prior knowledge about the alphabet.

We can construct a more compact and efficient code if we have prior knowledge about the
relative frequencies of letter occurrence in written English. For example, the letter E occurs much
more frequently than the letter Z (Figure 15). The entropy from the distribution of letters in an
actual English corpus gives a value of 4.2 bits. This tells us that we can compress the encoding of
these 26 letters by using short sequences of binary digits for frequent letters and long sequences for
infrequent letters. This is the goal of efficient coding: leveraging knowledge about the likelihood
of inputs (letters or natural stimuli) to remap them into a new, more efficient format (sequences
of binary digits or spikes). Consideration of correlations (e.g., between Q and U) could further
increase efficiency, a point that we return to below.

A key feature of information theory is that the procedure depends only on the probability
distribution of the inputs and not on the meaning of the letters or words. Shannon (1948) provided
the tools that we need to encode the language, whether it is English or an alien language spoken on
a distant planet that is completely indecipherable to us. This fact that meaning is not considered
in classical information theory is a key point that becomes important in the discussion below.

Efficient coding, as described above, preserves information content. Another way that we could
decrease the length of our encoding is by using a form of compression that relaxes that constraint
(i.e., lossy compression; Figure 1d). For example, we might use the same sequence of bits to repre-
sent similar words in the lexicon—e.g., “polished” and “lustrous.” In this example, subtle semantic
differences between “polished” and “lustrous” would be lost, but the benefits of such compression
may outweigh the costs, e.g., by allowing “polished” and “tarnished” to be coded distinctly. In the
nervous system, such lossy compression is critical. The natural environment contains an almost
unlimited amount of information, only a small fraction of which can be transmitted by neurons
in the timescales relevant to behavior. The key concept in efficient compression is that two words
that have similar meaning can be combined during encoding, and when resources are at a pre-
mium, they should be combined. This same concept applies to sensory processing—an efficient
code would combine two stimuli that lead to the same inference (Bialek 2012, Hermundstad et al.
2014).

Predictive processing is another key aspect of efficient coding that applies to language. While
reading or listening to a sentence, humans use contextual cues to actively predict the words and
concepts that are likely to follow. In the examples above, we leverage knowledge about the relative
frequencies of words or letters occurring in a large ensemble of texts to construct a more efficient
code for the lexicon or alphabet. However, we need more than this knowledge about the average
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frequency of words across the ensemble of texts to actively infer meaning from a particular sen-
tence and to predict the words and concepts that are likely to follow. Consider the phrase, “After
eating the hot peppers, my mouth was in excruciating. ..” Given the sequence of words in this
phrase, we can surmise that the next word is almost certainly a synonym of “pain” and not related
in meaning to “joy” or “oatmeal.” In this case, we are using deeper contextual information about
the words in the sentence to infer the overall meaning and predict what is likely to follow.

Such predictive inference is an integral part of natural language processing. One study recorded
the eye movements of children who listened to a sentence while presented with two different pic-
tures. Children as young as two years old made anticipatory eye movements toward the picture
that correctly completed a sentence prior to hearing the word (Mani & Huettig 2012). For ex-
ample, while listening to the sentence, “The boy eats a big cake,” children made anticipatory eye
movements toward a picture of a cake prior to hearing the word “cake.” This ability to use in-
formation from the recent past to estimate what is likely to happen in the future is a key aspect
of successful behavior across sensory, motor, and cognitive modalities (Bialek et al. 2001, Rust &
Palmer 2021, Salisbury & Palmer 2016).

This process of inference and prediction relies on constructing a model of language and of
the world—cake is something that we eat, and hot peppers can cause pain. This relates closely to
knowledge gained from the ensemble of our language experiences—in the course of our reading
and hearing of natural language, we have created these semantic associations between cake and
eating and between heat and pain. Thus, we need context-specific knowledge to perform predic-
tion. This requires a set of tools beyond what is available from classical information theory. We
demonstrate below that ideas developed by the Reverend Thomas Bayes will prove our salvation.

EFFICIENT ENCODING OF VISUAL SCENES

The language example highlights the importance of allocating coding resources based on the
probability of observing specific letters or words. This same strategy is central to constructing
efficient neural representations of sensory information. To understand this concept, it is helpful
to first consider a situation in which this coding strategy would be inefficiently matched to the
statistical properties of the input—the case of the linear neuron trying to encode a Gaussian input.

Consider the case in which a neuron receives some sensory input from the environment and
then encodes that input to downstream neurons using a sequence of spikes (Figure 24). The
neuron could use a variety of encoding strategies. In this example, we constrain the dynamic range
of this neuron to fire between 0 and 10 spikes in a given time bin and assume that all that matters
is the spike count. The simplest coding strategy would be to choose a linear mapping in which the
number of spikes used to represent a given input would be determined by multiplying the input
by a scale factor and adding a constant offset (i.e., y = mx + b; Figure 2b).

This mapping is a good strategy if all possible inputs occur with equal probability. However, if
the distribution of the inputs is not uniform, then the linear encoding strategy is inefficient because
it weights inputs that occur infrequently (on the tails of the distribution) in the same way as those
that occur much more frequently (near the mean of the distribution). The result is that the neuron
uses a significant portion of its spike outputs to represent events that occur infrequently, leaving
relatively fewer outputs for inputs that occur frequently (Figure 25). This means that the precision
with which the inputs are encoded does not take into account the frequency with which they occur.
In efficient coding, the goal is to encode the entire distribution of inputs as accurately as possible
given a limited output bandwidth, or equivalently, to minimize the error between input and the
neural representation. In the vernacular of information theory, the goal is to maximize the mutual
information between the input and the neuron’s spike output. How can this goal be achieved?
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Comparison of encoding approaches for mapping a Gaussian input to the neural spike output. () Diagram illustrating the encoding
process. The encoder receives a Gaussian input and maps it to spike output. (b)) A linear encoding applies equal weighting to infrequent
values and frequent values, dedicating a large proportion of the output range to values that occur infrequently. (/) Nonlinear mapping
scheme in which a cumulative Gaussian function is used to encode the input distribution. This approach weights the inputs according
to their likelihood of occurrence, resulting in optimal use of the dynamic range. () Nonlinear encoding scheme similar to that in

panel ¢ except that the slope of the nonlinearity is increased to account for the narrowing of the input distribution. This also results in
ideal use of the output range.

Information theory provides the optimal solution to this problem. Instead of a linear mapping,
the information-theoretic approach uses a nonlinear mapping between input and output when the
input distribution is not uniform. In the case of a Gaussian input distribution with independent
and additive neural noise, this optimal mapping function is the cumulative Gaussian function. This
mapping is efficient because it redistributes the inputs so that they are represented in the output
according to their probability of occurrence, and as a consequence, each output occurs with equal
probability (Figure 2¢). For the assumed noise properties, equalizing the probability of each pos-
sible output maximizes the encoded information. In a key study, Laughlin (1981) demonstrated
that neurons in the fly visual system show the behavior predicted by efficient coding and infor-
mation theory—the neuron’s input-output relationship closely resembled a cumulative Gaussian
predicted based on the near-Gaussian distribution of intensities in natural images.

Importantly, efficient coding and information theory not only tell us this optimal input-output
mapping when the input statistics are static, but also tell us how this mapping should change when
the input statistics vary. For example, information theory indicates that, when the distribution of
inputs narrows, the slope of the input—output mapping should steepen to optimally utilize the
output range (Figure 2d). Numerous empirical studies have shown that this is what occurs when
the input statistics change in this way—when the input distribution changes, neurons change
the slope of their input-output curve in the appropriate direction (Baccus & Meister 2002,
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Fairhall et al. 2001, Kim & Rieke 2001, Rieke 2001, Smirnakis et al. 1997). More recent work
has investigated how incomplete knowledge of the input statistics (e.g., due to dynamic changes
in those statistics) impacts efficient coding strategies (Hermundstad et al. 2014; Miynarski &
Hermundstad 2018, 2021).

The principles of efficient coding have been used to explain other fundamental properties of
cells in the early visual system. One of the earliest successes related the receptive-field structures
of early visual neurons to the structure of natural scenes. Barlow’s (1961) formulation of efficient
coding states that groups of neurons should limit the amount of common sensory information
that they encode, thereby decreasing information redundancy and increasing the efficiency of
the neural code. Achieving such independence in neural signaling is challenging because many
different properties of natural environments are correlated, and these correlations are sufficiently
complex that we do not even have good descriptions of them. Efficient coding has largely focused
on so-called second-order correlations—e.g., correlations in light intensity between two spatial
locations.

Second-order correlations occur because objects occupy space (Dong & Atick 1995, Field 1987,
Ruderman & Bialek 1994). Larger objects cause correlations across larger distances—for example,
a large, white beach ball will produce more correlations at the level of the retinal photoreceptors
than a baseball viewed at the same distance. The spatial extent of correlations can be described by
the spatial frequency content of images, terminology that comes from Fourier analysis (Dong &
Atick 1995, Field 1987, Ruderman & Bialek 1994). Fourier analysis conveniently and completely
describes images as a combination of cosine waves that vary in their amplitudes, frequencies, and
phases. Two-point correlations are captured by the dependence of the amplitude on spatial fre-
quency. The beach ball in our example is composed of lower spatial frequencies than the baseball
because we can fit fewer beach balls in a given region of space. Thus, an image with more two-point
correlations occurring over short spatial distances contains more power at high spatial frequencies.

The description above is far from complete because correlations between three or more points
in space, described by the phase structure, also contribute strongly to structure in natural images.
This concept is illustrated in Figure 3. We swapped the phase information between two natural
images while maintaining the two-point correlations. This manipulation fundamentally changes
the original images, making it appear that the images themselves have been swapped (Simoncelli &
Olshausen 2001, Turner et al. 2019). Most natural images are similarly distinguished by differences
in the phase information, rather than by differences in two-point correlations (Oppenheim & Lim
1981, Piotrowski & Campbell 1982).

Information about the spatial frequency content of natural images typically comes from av-
eraging across a large ensemble of images (Dong & Atick 1995, Field 1987, Ruderman & Bialek
1994). Just as in our language example, since this distribution of spatial frequencies is not flat
(i.e., some spatial frequencies are overrepresented relative to others), we can leverage information
about these ensemble statistics to construct a more efficient code. Specifically, if we assume that
the brain’s internal model of the environment has this information about the average ensemble
statistics, then we can remove these correlations from the raw light inputs early in visual pro-
cessing and thus improve the efficiency of visual representations (Attneave 1954, Barlow 1961).
Thus, one strategy for encoding natural images more efficiently is to reduce redundancies by sup-
pressing low spatial frequencies without disturbing the phase information in the images (Atick &
Redlich 1992, Field 1987). If the noise is distributed equally across spatial frequencies, then this
strategy can be achieved by whitening the incoming visual inputs to remove the bias at low spatial
frequencies (Laughlin 1981).

As mentioned above, the spatial frequency and phase information are distinguished by
the types of image correlations that they represent. Spatial frequency information represents
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Figure 3

Correlation structure of natural images. (#) Images of a racoon (top) and leaves (bottomz). (b) The images in panel 2 with the original
two-point correlation (spatial-frequency) structure but with the higher-order correlation (phase) structure swapped between the
images. (c) Probability distribution of spatial frequencies (two-point correlations) across a large ensemble of natural images (Field
1987). Both axes are shown on a logarithmic scale. Applying the high-pass filter (b/ue) whitens the natural image spectrum so that all
spatial frequencies are represented with equal probability (orange). (d) Example difference-of-Gaussian filter previously thought to
describe the spatial filtering properties of retinal ganglion cells. In the frequency domain, this structure forms a bandpass filter (bottor,
blue) that attenuates both high and low frequencies (orange). (¢) The images in panel # filtered with a difference-of-Gaussian filter. The
filter significantly enhances the boundaries between changes in contrast.

correlations between two points in space, while phase information comprises correlations among
three or more points in space. This distinction means that we can apply a spatial filter that atten-
uates low-spatial-frequency pairwise correlations in the image relative to high-spatial-frequency
pairwise correlations, while leaving higher-order correlations (i.e., phase information) intact.
Specifically, this spatial filter would remove the bias at low frequencies, essentially flattening the
spatial frequency distribution, as in the case of the optimized input-output mappings (Figure 2).

The average distribution of amplitudes of different spatial frequencies in natural images is
shown on a logarithmic scale in Figure 3¢ (fop). Applying a high-pass spatial filter flattens this
distribution so that all spatial frequencies are represented with equal amplitude (Figure 3¢, boz-
torn). In reality, the retina contains several noise sources, which can limit the efficacy of high-pass
filtering visual inputs. The optimal solution under efficient coding will vary depending on our
assumptions about these noise sources. For example, noise in the photoreceptors is largely un-
correlated between neighboring photoreceptors, and thus, it occurs at higher spatial frequencies.
This form of noise limits the utility of whitening at high spatial frequencies; because of this, the
optimal efficient coding solution becomes a bandpass filter that reduces redundancy in the image
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by attenuating low frequencies and decreases the effects of photoreceptor noise by also attenuating
higher frequencies (Atick & Redlich 1992, Field 1987).

This ideal spatial filter resembles the center-surround receptive field structure of many retinal
ganglion cells (Atick & Redlich 1990). The canonical center-surround receptive-field structure
computes the difference in light intensities over the receptive-field center and surrounding re-
gions, which removes spatial correlations in the image. This model is appealing for its simplicity
and its ability to explain the receptive-field structures of early visual neurons.

However, these early models suggesting that the retina provided relatively simple front-end
filtering for vision missed the mark in certain ways (Atick & Redlich 1990, 1992; Campbell &
Robson 1968). For example, the classical center-surround receptive-field model poorly predicts
retinal responses to natural scenes—the very stimuli that it evolved to encode (Heitman et al.
2016, Turner & Rieke 2016). Linear mechanisms do not mix different spatial frequencies and thus
can perform only a limited set of computations. Indeed, the retina contains many different types
of nonlinear processing beginning in the cone photoreceptors, and these nonlinearities are key
components of complex and varied computations, including orientation and direction selectivity
(Angueyra et al. 2022, Gollisch & Meister 2010). Moreover, empirical work demonstrated that
decorrelating the retinal output relies more on these circuit nonlinearities than on the canonical
receptive-field structure (Pitkow & Meister 2012). More generally, nonlinear mechanisms can
perform computations that depend on multiple spatial frequencies.

As mentioned above, mechanisms that reduce redundancies by attenuating pairwise image cor-
relations do not significantly disturb the phase information. The phase information in a natural
image contains critical information needed to detect lines, contours, and boundaries between ob-
jects. Thus, this information can be used to predict the likely intensity values in a region of space
when those intensities are not known—a perceptual phenomenon known as filling in. This is one
example of how this phase information can be used; the key idea is that decorrelation mechanisms
operating on pairwise correlations will produce distinct effects on the spatial frequency and phase
information in an image.

IN THE CHAPEL OF THE REVEREND BAYES

Prediction, in the efficient coding sense, is the idea that the brain contains a model of the environ-
ment and that it updates this model based on incoming sensory evidence (Rao & Ballard 1999).
This idea is very old—in the eighteenth and nineteenth centuries, Kant and von Helmholtz both
proposed similar ideas about the process of perception involving an updating of prior beliefs based
on new evidence [see Kant 1998 (1781), von Helmholtz 2000 (1867)]. The mathematical formula-
tion of this idea has also been around for a long time, originally conceived by the English minister
Thomas Bayes and formalized by the French mathematician Pierre Simon Laplace in the eigh-
teenth century. In recent years, the field of neuroscience has gained several critical insights by
reframing efficient coding in the context of Bayesian statistics (Dayan et al. 1995; Friston 2010;
Mlynarski & Hermundstad 2018, 2021). In this framework, for example, the correlation structure
of natural images is captured by a statistical Bayesian model.

Bayes and Laplace provided a simple mathematical formula for determining the likelihood of
something occurring given a prior knowledge or belief about certain properties of the world (i.e.,
the prior). In the face of new evidence (i.e., the likelihood), this prior is updated to form a revised
model (i.e., the posterior; Figure 44). This formula has been applied to a wide range of problems
inside and outside of neuroscience. In the context of vision, the idea is that the brain has a model
of the external environment that forms a belief about the current state of the world. The brain
then updates this model as it accumulates new sensory information from the environment. In the
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context of efficient coding, this internal model represents the correlation structure contained in
the ensemble of natural images, which allows the early visual system to remove these predictable
correlations (i.e., decorrelation or whitening).

The Bayesian approach makes specific and testable predictions about how neurons should be-
have following changes in the input statistics (DeWeese & Zador 1998; Miynarski & Hermundstad
2018,2021; Wark et al. 2009). For example, when the variance of incoming signals changes over
time, a Bayesian system responds by updating its belief or model about the external environment
(DeWeese & Zador 1998). This updating process produces stereotypical changes in output when
the variance increases or decreases (Figure 4b). When the variance of incoming signals changes,
the new distribution of input values (i.e., the likelihood) shifts the posterior distribution away
from the prior. Several time steps are required before the prior reflects the new input distribu-
tion, resulting in a smoothed estimate of the variance (Figure 4b). This response pattern, which
is characteristic of a Bayesian-optimal system encoding an estimate of variance, has been found
in a subset of sensory neurons; these sensitizing or facilitating cells have been described in sev-
eral vertebrates, including primates (Appleby & Manookin 2019; Kastner & Baccus 2011, 2013;
Nikolaev et al. 2013).

Miynarski & Hermundstad (2018, 2021) further demonstrated that encoding via a Bayesian
updating of the prior minimizes the time required to adjust to the new environmental context or
input statistics. In addition to the Bayesian encoding of variance, they identify another strategy that
minimizes the error between the current model and the new context (Miynarski & Hermundstad
2018, 2021). Minimizing this error predicts than an encoder adapts to the changing input statis-
tics in a manner similar to adapting neurons described experimentally (Baccus & Meister 2002,
Fairhall et al. 2001, Kim & Rieke 2001, Rieke 2001, Smirnakis et al. 1997). These cells show
transient changes in firing following changes in the variance or mean of the input distribution.
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Mtynarski & Hermundstad (2018, 2021) also predicted that these two distinct encoding strate-
gies will have differences in how they respond when the mean of the input distribution changes.
The first strategy, which resembles neural sensitization, shows a much more sustained change in
firing following increases or decreases in the mean. The second strategy, which resembles adapting
cells and seeks to minimize the overall error in the estimate, shows fast and transient changes fol-
lowing either an increase or decrease in the mean. Similar patterns of activity have been observed
in mouse ganglion cells following changes in mean luminance (Tikidji-Hamburyan et al. 2015).
However, we currently do not know whether this behavior during mean adaptation maps cleanly
to the adapting and sensitizing cell behavior observed during changes in the stimulus variance.

Both the adaptation and sensitization strategies share the common goal of learning the rules
of the environment with incomplete information. In the Bayesian framework, these rules are con-
tained in a statistical model of the environment—the prior. Changes in the environmental context
produce shifts in the distribution of sensory inputs (i.e., the likelihood), which update the prior to
produce the posterior distribution—a revised model of the environment. These strategies diverge
in their coding objectives when the input statistics change, and these differing objectives result in
contrasting response properties (Mlynarski & Hermundstad 2018, 2021).

PREDICTIVE ENCODING OF VISUAL INPUTS

For the sake of simplicity and tractability, Shannon’s (1948) original formulation of information
theory implicitly assigned equal value to all bits of information. However, we know that this can-
not reflect reality—some bits of information carry more intrinsic value to an organism than others
(Bialek etal. 2001). For example, in observing a lion stalking through the grass nearby, the informa-
tion needed to identify the lion’s location and heading carry more behavioral value than subtleties
in the hue and size of its mane. These latter properties can only be appreciated from a safe distance.
"To complicate matters, the relevance of different bits of information can depend on the context.
For example, when accounting for all the members of a pride from a safe distance, the lion’s mane
may matter more than the direction that the lion is moving—the absence of a mane on any of the
lions may indicate that one or more of the male members has not been accounted for and may be
a legitimate reason for alarm.

Bialek and colleagues (2001; see also Rust & Palmer 2021, Salisbury & Palmer 2016) formu-
lated a revised picture of efficient coding that incorporates behavioral importance, with a focus
on accurately estimating future states of the environment. The central idea is that information
about the past that is not useful in predicting what will occur in the future cannot be used to guide
behavior and, thus, should be discarded from neural representations. Current instantiations of this
idea focus on predictions of future events rather than an explicit consideration of behavioral sig-
nificance, since the latter is much harder to quantify. Returning to our lion-in-the-grass analogy,
as the lion moves through the grass, its past positions can help us estimate its trajectory and where
it is likely to be in the near future. Thus, this past positional information contains significant,
behaviorally relevant predictive information.

A central consideration in the prediction problem is the recognition that small groups of neu-
rons are limited in the amount of information that they can transmit on the timescales relevant to
behavior. In early vision, a key timescale is the 200-400 ms period of fixation between ballistic eye
movements. Many ganglion cells will have a dynamic range of approximately 0-20 spikes in this
time period, but the visual information impinging on their receptive fields contains light inten-
sity, contrast, motion, orientation, and chromatic information with a much larger dynamic range
(Koch et al. 2006). While this example is overly simplistic (e.g., timing of spikes can contribute
to information encoding), it captures the essence of the problem: The information content of the
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Compression and predictive coding. (#) Example lossy compression scheme in which similar objects (four-sided objects) are mapped to
the same spike output. (b)) Separate frames of a movie in which a square moves from the upper left to the lower right corner of the
screen (leff). An efficient encoding of motion direction would map the squares moving in the same direction with the same spike output
regardless of the mean luminance (right top versus middle); squares moving in different directions would be mapped to different spike
outputs even if the mean luminance was identical (right top versus bottom). (c) Example information bottleneck curve showing the
relationship between predictive information (y axis) and past information (x axis). The solid curve demarcates the maximal predictive
information that can be encoded given the number of bits of past information encoded. The gray circles represent three possible
outcomes for an encoder, such as a neuron. Values higher on the y axis encode more predictive information, but only the value near the
boundary encodes that information in a nearly ideal way.

natural environment, and that encoded by the photoreceptors, far exceeds the coding capacity of
sensory neurons (Gollisch & Meister 2008).

A limited coding capacity means that retinal circuits must compress the raw light inputs from
the photoreceptors, and this process necessarily throws away certain pieces of information. This
is termed lossy compression. As mentioned above, a key principle in this type of compression is
that, if two or more input patterns carry similar information for the computation in question, they
should be represented with the same neural encoding pattern (Bialek et al. 2001). Consider, for
example, the direction-selective ganglion cells that are found in many vertebrate retinas. The task
of these cells is to detect the direction of a locally moving object, and because information about
the hue of the object (e.g., redness versus greenness) may be irrelevant for this computation, red
and green moving objects with identical motion trajectories can have the same representation in
the spike outputs of these cells (Barlow & Levick 1965, Sabbah et al. 2017, Taylor et al. 2000).

These concepts also apply to predictive encoding—in creating a compact representation of the
visual inputs, past information that does not provide information about the future should be dis-
carded. Furthermore, different pieces of past information that provide the same information about
the future should be represented with the same neural representation or spike pattern (Bialek 2012,
Hermundstad et al. 2014). Tishby and colleagues (Bialek et al. 2001, Tishby et al. 1999) developed
the information bottleneck paradigm to determine how compressing information about the past
affects the information that a neuron can signal about the future. This approach identifies a set of
optimal mappings that determines the largest amount of future information that can be encoded
for a given amount of past information (Figure 5c¢). This relationship allows us to assess the pre-
dictive encoding of different neurons and populations of neurons with varying dynamic ranges
(Liu et al. 2021, Palmer et al. 2015).

A challenge in studying predictive encoding is finding a good experimental paradigm, as the
type of information that should be predicted can be difficult to ascertain in some contexts (Bialek
etal. 2001). Motion is an excellent paradigm for studying prediction because the type of informa-
tion that should be predicted is clear—a group of neurons must use information about the past
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positions of an object to determine where it is likely to be in the future. Consider, for example, the
motion of a baseball—if the ball’s trajectory is completely deterministic, then knowing the past
positions of the ball allows prediction of the position of the ball at any arbitrary time in the future.
However, if the ball’s trajectory has a random component, then this component limits the ability
to estimate future positions.

How efficiently is this predictive motion information encoded in ganglion cells when object
motion is not completely deterministic? To answer this question, Palmer and colleagues (2015)
measured the ability of salamander ganglion cells to predict the future positions of a bar moving
with a noisy trajectory. They then leveraged the information bottleneck paradigm to determine
the efficiency of predictive encoding. They found that this encoding approached the information
bottleneck boundary for many of the cells, indicating that these cells encoded nearly all of the
predictive information possible given the dynamic range of their spike outputs. These studies
focused on the behavior of retinal neurons in response to translational motion, but other types of
behaviorally salient motion occur during natural vision, such as when objects approach or move
away from an observer (Fitzgerald et al. 2011, Hu & Victor 2010, Nitzany & Victor 2014). The
encoding of these types of motion and translational motion by several primate ganglion cell types
also approaches the information bottleneck boundary (Liu et al. 2021).

Recall that the bottleneck boundary reflects the behavior of an ideal encoder. In other words, a
piece of hardware or software that is specifically designed to extract predictive motion information
but has limited coding capacity cannot perform better than the bottleneck boundary. The fact that
the retina can perform this task in a nearly optimal way suggests that the ethological importance
of motion prediction has placed strong selective pressures on this computation in salamanders,
primates, and likely many other vertebrate species. It also highlights the importance of considering
behavioral relevance, in this case, predictions of the future, in approaches to neural coding.

Bayesian statistics also provides us with an excellent framework for understanding predictive
processing. For example, having an internal model of how lions move through the grass can help
a prey animal predict their future positions and determine appropriate strategies to avoid being in
those positions. In the same way, an internal model of other environmental statistics can help an
organism more accurately predict what will happen in the future. For example, having an internal
model or belief about the typical range of speeds at which objects move can be helpful when trying
to estimate motion in noisy environments (Darlington et al. 2017, Yang et al. 2012).

Consistent with this idea, psychophysical studies have shown that human motion perception is
biased toward slow speeds when the signal-to-noise ratio is low—the same object moving at the
same speed is perceived as moving more slowly when the object’s contrast is decreased (Stone &
Thompson 1992, Thompson 1982, Weiss et al. 2002). Stocker & Simoncelli (2006) demonstrated
that this speed bias in motion perception is consistent with a Bayesian model based on an inter-
nal model of the likely speed distribution in nature, which is also biased toward slower speeds.
"This paradigm has also been applied to eye movements that occur while tracking moving objects
(Lisberger 2010). Neurons in the frontal eye fields that initiate anticipatory eye movements show
a bias for both target speed and direction that reflects the optimal Bayesian updating of a prior
model based on changes in sensory inputs (Darlington et al. 2018).

SUMMARY AND FUTURE DIRECTIONS

Despite being treated separately in much of the literature, the concepts of efficient coding and
future prediction are intimately related and complement each other at both a conceptual and a
mechanistic level. Classical efficient coding mechanisms use knowledge of a large ensemble of nat-
ural inputs to prevent expected correlations from reaching the neural output. These mechanisms
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primarily operate on correlations between two points in space or time to suppress long-range
(i-e., low-frequency) correlations when the signal-to-noise ratio is favorable (Figure 3e). These
processes that remove long-range correlations can benefit the goal of future prediction. Spatial
decorrelation, for example, can improve the ability to locate a moving target—a key asset to motion
prediction processes (Bialek et al. 2001, Palmer et al. 2015, Salisbury & Palmer 2016).

Prediction benefits from knowing the two-point correlation structure, such as the location
of an object in space over time, but these correlations do not indicate the object’s velocity. This
information is contained in the higher-order spatiotemporal correlations (i.e., phase information).
This principle also applies to the time domain. For example, in measuring temporal changes in
the light intensity, the correlation times can be computed from the two-point correlations in the
intensity values, but the higher-order correlations are needed to determine whether the intensity
is increasing or decreasing.

Normative studies using a Bayesian approach to understanding neural processing have pro-
duced key insights into strategies that the visual system can use to cope with the challenges of
encoding in dynamic environments (Mlynarski & Hermundstad 2018, 2021). These studies can
explain, from first principles, many properties of cells that either adapt or sensitize to changes in
stimulus variance and to changes in mean light intensity (Appleby & Manookin 2019; Kastner
& Baccus 2011, 2013; Nikolaev et al. 2013; Tikidji-Hamburyan et al. 2015). A similar approach
has been applied to efficient coding in the visual cortex (Rao & Ballard 1999). In this paradigm,
descending inputs from the cortex suppress ascending early sensory inputs that are predicted by
the internal model of the visual environment.

A major open question is how to apply this important work to understanding predictive cod-
ing of future inputs. Hermundstad’s work (Hermundstad et al. 2014; Miynarski & Hermundstad
2018, 2021) extends the efficient coding paradigm to understand the process of inference when an
organism has only partial knowledge about the world. This idea should also be applicable to the
information bottleneck. For example, we currently do not have a tractable way of calculating the
information bottleneck when it is unclear which pieces of information are maximally informative
(Bialek et al. 2001, Salisbury & Palmer 2016). Thus, one possible approach is to utilize a Bayesian
approach that weights different pieces of information by their potential behavioral relevance to
determine which information should be predicted and thus provide a tractable way of computing
the bottleneck (Hermundstad et al. 2014; Miynarski & Hermundstad 2018, 2021). Such an ap-
proach would directly link predictive coding with another important and poorly understood issue
in sensory neuroscience—how to quantify the behavioral relevance of different inputs.

1. Efficient coding approaches to visual processing leverage ensemble statistics that re-
flect the average properties of natural environments (Dong & Atick 1995, Field 1987,
Ruderman & Bialek 1994). The efficient coding hypothesis indicates that these average
statistical properties should be removed from neural representations of sensory input
to reduce information redundancy and improve efficiency (Barlow 1961, Rao & Ballard
1999).

2. An extension of this efficient coding paradigm asserts that the brain should leverage
information from past sensory inputs to actively predict what is likely to occur in the
future (Bialek et al. 2001, Friston 2010, Salisbury & Palmer 2016).

www.annualreviews.org o Efficient and Predictive Neural Coding

307



308

3. Efficient coding and prediction mechanisms both perform key and complementary func-
tions, and they can act on distinct components of sensory inputs. Classical efficient
coding largely acts on correlations between two points in space and time to suppress
the long-range correlations that are overrepresented in the natural environment. Pre-
dicting future sensory inputs requires access to these two-point correlations and also to
higher-order correlations among three or more spatiotemporal points.

1. Previous studies have applied the information bottleneck approach under conditions in
which the relevant stimulus statistics were completely known (Liu et al. 2021, Palmer
etal. 2015). However, in the natural environment, organisms must operate in many con-
texts in which it is unclear what information should be prioritized because the relevant
stimulus statistics are dynamic. Normative approaches have leveraged Bayesian statistics
to understand the trade-offs inherent in neural coding during conditions of uncertainty
(Miynarski & Hermundstad 2018,2021). Can we also leverage the power of this Bayesian
approach to determine the appropriate inputs to the information bottleneck when the
relevant statistics are uncertain?

2. Work aimed at understanding how neural coding helps to predict the future has focused
on visual motion (Berry et al. 1999, Johnston & Lagnado 2015, Liu et al. 2021, Palmer
etal. 2015, Schwartz et al. 2007b). However, prediction should also occur across sensory
contexts (Bialek et al. 2001). Understanding how widespread predictive processing is in
the brain and the coding trade-offs associated with prediction across sensory contexts
should contribute to a deeper understanding of the principles of neural processing.
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