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Abstract

In addition to the role that our visual system plays in determining what
we are seeing right now, visual computations contribute in important ways
to predicting what we will see next. While the role of memory in creating
future predictions is often overlooked, efficient predictive computation
requires the use of information about the past to estimate future events. In
this article, we introduce a framework for understanding the relationship
between memory and visual prediction and review the two classes of
mechanisms that the visual system relies on to create future predictions.
We also discuss the principles that define the mapping from predictive
computations to predictive mechanisms and how downstream brain areas
interpret the predictive signals computed by the visual system.
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MEMORY AND PREDICTION ARE INTIMATELY LINKED BUT
SELDOM INVESTIGATED TOGETHER

Our ability to predict future visual events is essential to our survival on a multitude of timescales.
One important shorter-timescale goal of prediction is to overcome sensory and motor lags so
we can fluidly interact with the world. Lags from the retina alone mean that, if we were to use
our unprocessed information from photoreceptors in the retina to determine the position of an
object moving at 100 kph, then we would be off by more than a meter (Figure 14). Thankfully,
lag compensation starts as early as the retina (Berry et al. 1999) and progresses through to the
motor system so that we can accurately capture objects, with our foveas or with our limbs. An-
other important goal of prediction is to anticipate visual inputs, both to signal inputs that are
novel and to indicate when something unexpected happens (Figure 15). Novelty and prediction
error signals are thought to play a crucial role in efficient learning by driving curiosity-driven
exploration (Gottlieb & Oudeyer 2018, Ranganath & Rainer 2003). While these examples span a
range of timescales and involve different mechanisms and brain areas, they each rely on predictive
computations implemented within the visual system.

Prediction is about the future (“What will you see next?”) and, at first glance, might have seem-
ingly little to do with the past. However, central to predictive computation is the use of the past
to estimate the future. Some have even proposed that our ability to remember exists for the sole
purpose of making future predictions about the quality of the options laid out before us (Schacter
etal. 2007). While considerable evidence suggests that computations supporting both visual mem-
ory and visual prediction are implemented by the visual system, confusion exists around when and
how visual memory and visual prediction are related. For example, at higher stages of visual pro-
cessing such as inferotemporal (IT) cortex, neurons respond with increases in firing rate both
when an image has never been seen before (Li et al. 1993, Meyer & Rust 2018, Xiang & Brown
1998), a form of memory, and when viewing a violation of an extensively familiar learned image
sequence (Meyer & Olson 2011, Meyer et al. 2014, Schwiedrzik & Freiwald 2017), a form of
prediction. How are these and other examples of memory and prediction related to one another?
Similarly, insofar as prediction requires memory, we know that the brain employs multiple memory
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Figure 1

Examples of prediction. (#) Catching a ball. Shown is the lag between the estimated position of a fast-moving ball attributed to the
latency of processing in the retina (purple dashed) relative to its actual position (green). Lag compensation in both the eye and the brain
allows us to accurately estimate ball position. (5) Novelty. Curiosity-based exploration is crucial for efficient learning.

350 Rust o Palmer



Annu. Rev. Vis. Sci. 2021.7:349-365. Downloaded from www.annualreviews.org

Access provided by CNRS-Multi-Site on 12/11/21. For personal use only.

mechanisms and that memories can be integrated with incoming visual information via both feed-
forward and feedback processing. Do existing examples of prediction and memory fall into model
classes, and if so, what do the different members of these classes have in common? Examples of pre-
dictive computation in the visual system also span the entire hierarchy, from the retina to I'T cortex.
Are the mechanisms that support computations at different levels similar or distinct? Finally, what
insights can be gained from the more abstract, theoretical descriptions (centered around informa-
tion capacity and coding efficiency) about the constraints that memory imposes on prediction?

A FRAMEWORK LINKING VISUAL MEMORY AND FUTURE
VISUAL PREDICTION

Prediction can mean many different things; we focus in this review on the predictive computation
of future visual events (also called forecasting) as opposed to inference of the current visual input
under conditions of ambiguity (for reviews, see Bastos et al. 2012, de Lange et al. 2018, Lee &
Mumford 2003). The two differ insofar as the introduction of the element of time into future pre-
diction imposes a unique set of computational and mechanistic demands, particularly on memory
systems. We also focus on predictability confined to the domain of the external visual world as
opposed to predictable visual changes that follow from an organism’s eye or body movement (for
a review, see Keller & Mrsic-Flogel 2018).

A Theoretical Framework for Memory and Prediction

To dissect the role of remembering the past and predicting the future quantitatively, these two
demands on the system must be put on equal footing. Before exploring the mechanistic underpin-
nings of memory, adaptation, or prediction, we first ask what kinds of trade-offs between memory
and prediction the brain has to juggle. One of the cleanest normative frameworks for weaving
together computational constraints and goals comes from information theory. Specifically, the
information bottleneck approach (Bialek et al. 2001, Marzen & DeDeo 2017, Still 2014, Tishby
et al. 2000) (Figure 2) allows us to answer questions such as how much the visual system needs
to remember about the past to predict the future as well as possible. This question, in essence,
describes what matters to the organism—the future visual input—as well as what helps it compute
that—the past visual input. The information bottleneck method also specifies how each of
the three elements required for creating future visual predictions interact. First, prediction
exploits and is bounded by the temporal correlations in the external world. To make a prediction,
the brain needs to remember its past and current sensory inputs, up to the relevant correlation
times in the environment, and extrapolate those into future predictions. In other words, the
future can only be predicted to the degree to which it is predictable. Second, prediction is limited
by the amount of information that has been retained about the past stimulus. This can be thought
of as the fidelity of memory. Some events in the past are predictive of future events (i.e., are
temporally correlated with the future), whereas others are not, and the ability of a system to
optimally predict the future requires it to distinguish between these two and preferentially retain
predictive information. Third, prediction is constrained by the duration of the memory of the
past, in addition to the fidelity of its representation. More explicitly, the timescale along which
a system can predict the future is limited by the timescale along which it remembers the past, up
to the longest correlation times in the external world, after which longer memory cannot further
enhance prediction (Figure 2). While a system can represent future predictions explicitly, it need
not necessarily do so; rather, future predictions can be computed implicitly and transformed into
signals indicating violations of these predictions that are often referred to as prediction errors or
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The information bottleneck technique links optimal prediction and memory. The information bottleneck
technique is a method for computing the maximal amount of information that a compressed signal, like the
brain’s code for the visual stimulus, can carry about a relevant variable in the original input. Within our
prediction framework, that relevant feature is the future stimulus. In the diagram, the input is the past
stimulus measured within a window of time preceding the neural response (past), and the relevant variable is
the future stimulus (future) starting at some time in the future, At. For a particular At, we can trace out the
maximal amount of information that a neural population could possibly carry about the future stimulus given
how much information that population encoded about the past stimulus. There are several notable regions
in this information plane spanned by the past and future information (/ef?). First (D), there is an inaccessible
region: You cannot know more about the future than about the past; i.e., there is no fortune-telling. The
brain’s code can occupy any other region in the plane. Second (), sitting near the bound means that the
neural code contains the maximal amount of predictive information possible for a given level of fidelity of
past information. Third (®), neural responses that reflect information about the past but fall away from the
bound are not optimized for prediction as a consequence of encoding unpredictable parts of the input
stimulus. Fourth (®), the saturation point, reflecting the maximal information that you can glean about the
future, is set by the correlation structure in the stimulus. It is important to note that memories of the past
can, themselves, be faulty. The x axis in the bottleneck plots reflects precisely that fidelity. For a system with
a given memory time window, neural systems can be so noisy that they carry no information about the past
stimulus (the origin). Conversely, they could represent the past stimulus with high precision (e.g., with finer
and finer stimulus resolution, moving outward along the x axis). Increasing the timescale for memory of the
past can improve prediction, up to the limits set by the longest correlation times in the stimulus itself (e.g.,
dashed versus solid lines). In this example, expanding the length of the past stimulus history saturates after the
memory of the past is expanded to four blocks of time in the past.

surprise signals in the predictive coding literature (Bastos et al. 2012, Friston 2005, Hosoya et al.
2005, Mlynarski & Hermundstad 2018, Rao & Ballard 1999, Srinivasan et al. 1982). As detailed
below, this framework clarifies the role that memory plays in making different types of predictions.

Novelty as a Violation of Persistence

In the simplest case, visual memory and visual prediction are one and the same. That is, visual
familiarity can be envisioned as the prediction that things will persist, or equivalently, that the
current state of the visual world will continue. Novelty, in turn, can be envisioned as a violation of
that prediction, thereby linking the higher firing rate responses of visual neurons to the concept
of surprise or prediction errors. In the theoretical framework described above, memory about the
past can be compressed into an estimate of the current state of the system because no expected
changes need to be computed.
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Predicting Change by Extrapolating Memories of Recent Events

"Types of future prediction that are more complex than persistence require extrapolation of a mem-
ory of recent events into future predictions. The simplest examples include predictions that visual
events will continue to change in the same way that they did in the last sampled epoch. That extrap-
olated trajectory of the visual scene might be linear for the simplest of models (i.e., a constant rate
of change), and it could include learned local associations, as in tasks that involve learning temporal
sequences of images. Extrapolation is required for prediction when things change in time, such as
when objects move. More complex forms of extrapolation capture and combine longer-timescale
and, potentially, higher-order nonlinear correlations between the past and the future.

HOW DOES THE VISUAL SYSTEM COMPUTE FUTURE PREDICTIONS?

As described above, two distinct forms of information about the past contribute to future predic-
tions: learned information about the temporal structure of the world (where learned can refer to
evolution, development, or adult experience) and memories of recent stimulus events that can be
extrapolated into the future. A predictive system also requires the machinery to combine these to
make future predictions. Where and how are these learning, memory, and prediction components
thought to be instantiated by the visual system? In this section, we review the literature, orga-
nized by two classes of neural mechanisms. The first (Figure 35) is an exclusively feedforward
architecture that stores memories of recent stimulus history via simple memory mechanisms such
as adaptation and gap-junction coupling. This variant has been linked to the computation of
novelty in cortex (Bogacz & Brown 2003, Li et al. 1993, Meyer & Rust 2018, Vogels 2016, Xiang
& Brown 1998), as well as the computation of nontrivial forms of predictive change in the retina
(Berry & Schwartz 2011, Gollisch & Meister 2010, Hosoya et al. 2005, Srinivasan et al. 1982).
The second architecture (Figure 3c-d) lies at the heart of some of the most prominent models
of predictive coding in cortex (Bastos et al. 2012, Friston 2005, Lee & Mumford 2003, Rao &
Ballard 1999) and differs from the first class in two notable ways. First, it incorporates feedback

a Sensory response b Memory: adaptation € Memory: recurrence d Memory: pattern completion

Figure 3

Computational proposals for prediction and memory. (#) A depiction of the initial, sensory-evoked response (gray arrows and green
circles) at the first time point (¢t = 0). All other panels depict the processing that happens at the next time point (z = At) for three
different models of prediction. (b)) A predictive architecture in which memories of recent stimulus history are stored via adaptation (red
arrows), which can take the form of gain adaptation (bottom layer, lighter green circles) or adaptation of the feedforward synapses that
connect the layers. In this class of model, connectivity is exclusively feedforward. (c) A predictive architecture in which memories of
recent stimulus history are maintained via persistent, recurrent activity (red arrows) and extrapolation of recent events into future
predictions happens via feedback (blue arrows). (d) A predictive architecture that extrapolates the current sensory input forward in time
using hippocampal pattern completion and integrates this information with incoming sensory signals via feedback (blue arrows).
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machinery to compute predictions and/or surprise. Second, it incorporates more sophisticated
memory mechanisms, such as recurrence and hippocampal pattern completion.

PREDICTIONS COMPUTED BY FEEDFORWARD PROCESSING
AND SIMPLE MEMORY MECHANISMS

Visual Novelty

In the case of persistence, prediction is an automatic consequence of memory insofar as adaptation
produces a reduced stimulus-evoked response to the same input when it is repeated, and the
enhanced response to novel (or not recently viewed) images can in principle be interpreted by
the brain as a prediction error or surprise signal. At higher stages of visual processing, such as
IT, these visually specific reductions in firing rate with familiarity can last several minutes or
even hours following a single viewing of an image (Li et al. 1993, Meyer & Rust 2018, Xiang
& Brown 1998), a phenomenon called repetition suppression. While repetition suppression is
found at all stages of visual processing (e.g., the retina to I'T), it increases in its magnitude as
well as its duration across the visual cortical hierarchy (Kohn 2007, Li et al. 1993, Meyer &
Rust 2018, Xiang & Brown 1998, Zhou et al. 2018). Intriguingly, I'T repetition suppression
acts in a highly stimulus-specific fashion that is much more narrowly tuned for complex images
than the stimulus-evoked response (Sawamura et al. 2006). These results imply that cortical
repetition suppression could be a form of memory that supports highly specific visual predictions
of persistence over nontrivial timescales. Indeed, one recent study evaluated the behavioral
relevance of repetition suppression over timescales of minutes and found that it was well aligned
with behavioral reports of remembering and forgetting (Meyer & Rust 2018). Together, these
results suggest that the abstract and conceptual concept of novelty likely is represented via a
relatively well-characterized signal: repetition suppression.

Where does repetition suppression come from? Feedforward, adaptation-like mechanisms
clearly contribute to repetition suppression (Vogels 2016) (Figure 354). The degree to which
feedback mechanisms also contribute has been the focus of some debate. For example, while visual
novelty is also reflected in structures that lie downstream from visual cortex, such as the hippocam-
pus (Jutras & Buffalo 2010, Sakon & Suzuki 2019, Xiang & Brown 1998), itis unclear whether this
reflects memory storage within the hippocampus itself or novelty signals inherited from memory
storage in earlier cortical brain areas. In one class of theoretical predictive coding proposals,
a component of cortical repetition suppression is in fact hypothesized to reflect higher-level
expectations that are integrated via feedback (Friston 2005). This hypothesis has been tested most
extensively in experiments where the probability of occurrence of different classes of visual stimuli
(e.g., faces, fruits) is manipulated, thereby changing the expectation about what is most likely
to appear, under the assumption that expectations are represented beyond visual cortex. Human
functional magnetic resonance imaging (fMRI) studies have verified that repetition suppression
is indeed stronger for expected events (Summerfield et al. 2008), although the effect appears to be
restricted to highly familiar objects such as faces and letters presented in familiar fonts (Grotheer
& Kovacs 2014, Kovacs et al. 2013), and it is reported to be reflected in the human but not monkey
visual cortex (Kaliukhovich & Vogels 2011, Vinken et al. 2018). Added support of the hypothesis
that some component of cortical repetition suppression is fed back from the medial temporal lobe
comes from investigation of one human patient with medial temporal lobe damage, in which cor-
tical repetition suppression was reduced relative to controls under task conditions that required
attending to novel images (Kim et al. 2020). These results tie into a broader literature that links
visual novelty and visual attention with processing in the hippocampus (Aly & Turk-Browne
2016, 2017).
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Retinal Reversal Response

The role of feedforward adaptation in shaping predictive persistence, as described above, is con-
ceptually straightforward. More remarkable is the fact that the brain can and does use feedforward
mechanisms to compute violations of predictive change or surprise (for reviews, see Gollisch &
Meister 2010; Hosoya et al. 2005; Kastner & Baccus 2013, 2014; Srinivasan et al. 1982; Wark et al.
2009; Weber & Fairhall 2019; Weber et al. 2019). The reversal response observed both in mouse
and salamander retinas is an example of such a surprise signal. In contrast to smooth motion,
which activates a temporally progressive pattern of responses across the retina, a steadily moving
object that abruptly reverses course activates a volley of synchronized spikes approximately 150
ms after the reversal (Schwartz et al. 2007). These signals could be used to reliably detect the
occurrence of stimulus motion direction changes from the activity of small retinal populations
(Schwartz et al. 2007). Notably, important properties of the reversal response cannot be captured
by simple linear—nonlinear models, including the fact that synchronized spiking across cells
results in a fixed latency in the reversal response regardless of the location of the reversal within
a cell’s receptive field (Schwartz et al. 2007). However, extensions that incorporate adaptive gain
mechanisms can replicate this phenomenon (Chen et al. 2014). In this adaptive cascade model,
the synchronized volley of spikes after a motion reversal results from the interaction of nonlinear
summation and adaptive gain in the inputs to the retinal output cells (the bipolar cells), as well
as adaptive gain in the retinal output cells (the ganglion cells) themselves. Thus, the reversal
response incorporates gain-adaptation-mediated memory mechanisms to compute surprise.

Optimal Prediction of Tethered Brownian Motion

Because many things happen in the visual world, and only some of them are causally related
to what will happen next, the most sophisticated forms of prediction must discriminate these
input sources to create accurate and efficient predictions. A predictive system capable of complex
extrapolation can be envisioned as having a model of the correlation structure of the visual world
that dissects predictable from nonpredictable inputs to enable this filtering process. Evidence
that the retina does this includes a study that incorporated the information bottleneck approach
(Figure 2) to demonstrate that the population response of the salamander retina filters away the
unpredictable past to retain stimulus information that correlates best with the future (Palmer
et al. 2015, Salisbury & Palmer 2016). In these experiments, a dark bar on a gray background
moves as if receiving random velocity kicks, while being tethered to the center of the display
screen by a restoring force and subject to damping proportional to its velocity. The resultant
system is a stochastically driven, damped harmonic oscillator, or equivalently, tethered Brownian
motion. The random kicks are unpredictable, while two timescales of predictable motion (drag
and the restoring force) interact to produce relatively complex trajectories. The consequence
of the dissection of this motion information into its predictable and nonpredictable parts is a
retinal population that is optimally predictive of the future position and velocity of the moving
bar (Palmer et al. 2015) and instantiates a form of slow-feature analysis (Chalk et al. 2018, Palmer
etal. 2015). While the circuit mechanisms supporting this form of optimal prediction in the retina
remain unclear, feedback from higher visual areas is excluded by the anatomical isolation of the
circuit. Similarly, while processing within the retina itself is largely feedforward, a small fraction of
its connectivity involves feedback [including connections from horizontal cells to photoreceptors
(Drinnenberg et al. 2018, Jackman et al. 2011, Thoreson et al. 2008), as well as from inhibitory
amacrine cells to bipolar cells (Chévez et al. 2010, Dong & Werblin 1998), the latter of which is
sometimes called lateral inhibition]. Because no evidence exists to date to suggest links between
these feedback connections and the predictive computation described in this section, we default
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to the simplifying assumption that this processing is feedforward; however, we highlight that this
is an open question for future research.

Flash Lag Effect

Another example of a type of predictive change that has been largely linked to feedforward
mechanisms is the flash lag effect (FLE): a visual illusion in which a flashed and a moving object
that are presented at the same location appear as if they were displaced in a manner consistent
with extrapolation of the moving object ahead of the flashed one (Anstis 2007, Eagleman &
Sejnowski 2000, Hazelhoff & Wiersma 1924, Kanai et al. 2004, Khoei et al. 2017, Nijhawan 2002,
Sheth et al. 2000). Like retinal motion anticipation, the FLE is an example of extrapolation that
forecasts an object’s future position according to its current velocity and may support the brain’s
ability to compensate for sensory lags in the visual system. Experiments revealed that the flash
lag effect can largely be attributed to mechanisms that likely originate in the retina (Nijhawan
2002, Patel et al. 2000, Subramaniyan et al. 2018), although one form of the FLE has been
demonstrated to be exclusively binocular and thus must arise via cortical mechanisms (Nieman
et al. 2006). New evidence suggests that the more standard, monocular form of the FLE arises
from longer response latencies to flashed as compared to moving stimuli (Subramaniyan et al.
2018), adding weight to the argument that the FLE is implemented via feedforward mechanisms
in the visual system. Similar to other forms of predictive computation in the retina, the FLE
has been hypothesized to arise from retinal adaptation (Sheth et al. 2000). Differential latencies
to flashed versus moving stimuli may also have their origins in gap-junction coupling between
direction-selective ganglion cells, as is observed in the mouse retina (Trenholm et al. 2013). In
this case, the memory arises from the buildup of inputs from a small number of nearby, gap-
junction-coupled direction-selective ganglion cells. Finally, while some have posited that more
cognitive, feedback mechanisms are responsible for the illusion (Eagleman & Sejnowski 2000,
Lopez-Moliner & Linares 2006, Shioiri et al. 2010), mounting experimental evidence points
toward predominantly feedforward mechanisms (Patel et al. 2000, Subramaniyan et al. 2018).

In summary, while the computational requirements for predicting change are more extensive
than those for predicting novelty insofar as they require extrapolation of recent stimulus events
into future predictions, the brain appears to use similar types of mechanisms, including feedfor-
ward processing and adaptation (Figure 35), to compute both novelty (in cortex) and predictive
change (in the retina). Beyond the retina, the computation of predictive change has largely been
attributed to feedback mechanisms and more sophisticated forms of memory (detailed below).
However, the illustration by the retina of the power of feedforward, hierarchical stacks of adapta-
tion for computing predictive change, coupled with the hierarchical organization of visual cortex
(e.g., V1 > V2 > V4 > IT), leads one to naturally wonder whether this same mechanism has been
vastly underappreciated in computing predictive change in cortex.

PREDICTIONS COMPUTED VIA FEEDBACK AND MORE
SOPHISTICATED FORMS OF MEMORY

In contrast to the feedforward models presented above, classic predictive coding proposals posit
a role for feedback in computing predictions. The idea at the core of these feedback models is
that any predictable output from a neuron should be subtracted so that only deviations from
expectations, or surprises, are transmitted forward through the visual hierarchy (Friston 2005,
Jehee & Ballard 2009, Lee & Mumford 2003, Rao & Ballard 1999, Srinivasan et al. 1982). In these
models, temporal correlations (or predictions) are stored at higher stages and are used to quell pre-
dicted responses at earlier stages through feedback inhibition (Heeger 2017; Jehee & Ballard 2009;
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Kiebel et al. 2008; Lotter et al. 2017; Rao & Ballard 1997, 1999; Wacongne et al. 2012). Predic-
tive coding descriptions that incorporate feedback also typically incorporate memory mechanisms
that are more sophisticated than adaptation, including persistent activity maintained by recurrent
connectivity (Heeger 2017, Lotter et al. 2017) (Figure 3¢) or hippocampal pattern completion
(Hindy et al. 2016) (Figure 3d).

The clearest evidence of a role for feedback in computing predictive change includes the adept
ability of humans and other animals to learn the statistical regularities of visual image sequences
artificially crafted by an experimenter from images that are otherwise unrelated (e.g., image A
followed by image B, image C followed by image D, etc.). In tasks like this, the detection of se-
quence violations requires predictive extrapolation in a manner akin to motion extrapolation in
that the current state completely specifies the next state. Following repeated exposure to two-
image sequences through passive viewing, primate I'T neurons respond with considerably higher
firing rates (20-50%) to sequence violations relative to their responses to the intact sequence, and
neural signatures of this type of prediction error or surprise signal can be detected for sequence
violations set in place hundreds of milliseconds previously (Meyer & Olson 2011, Meyer et al.
2014, Schwiedrzik & Freiwald 2017).

By design, these experimentally configured image sequences must be learned during adulthood,
and the evidence suggests that these sequences are stored in the medial temporal lobe structures
that are broadly associated with learning. For example, following repeated passive viewing of a se-
quence of fractal patterns, neurons in a highly visual structure that receives its primary feedforward
input from I'T, perirhinal cortex, begin to respond with increasing similarity to neighboring images
in the temporal sequence (Miyashita 1988). Likewise, representational similarity for temporally
related sequence pairs measured by human fMRI increases in perirhinal cortex as well as other me-
dial temporal lobe structures, including parahippocampal cortex and the hippocampus (Schapiro
etal. 2012). Moreover, one human patient with bilateral medial temporal lobe damage was demon-
strated to be impaired at learning image sequences (Schapiro et al. 2014). Examination of the
prediction error signal within visual cortex also supports the notion that at least some component
of this signal originates via feedback: Within an early stage of the primate visual face patch hier-
archy, violations to learned temporal sequences produce prediction error signals that are initially
tuned to changes in low-level visual features such as view but later become tuned for violations of
higher-order properties such as identity (Schwiedrzik & Freiwald 2017). This study provides the
strongest support to date that predictive computation about the future incorporates feedback.

Together, these results suggest that learned image sequences are stored in the medial temporal
lobe and that the computation of prediction errors in visual cortex incorporates feedback from
higher brain areas. In the case of learned image sequences, the mechanisms may include a process
known as hippocampal pattern completion. The general idea behind pattern completion is that
the experience of one component of a memory reactivates a pattern of activation that reflects the
entire experience (Cohen & Eichenbaum 1993, Marr 1971) (Figure 34). Hints that hippocampal
pattern completion may also be involved in predictions of learned sequences come from a study in
which human subjects were trained to learn sequences of images, actions, and outcomes that took
the form of visual images (Hindy et al. 2016). The sequences could be decoded from fMRI patterns
in the hippocampus but not those in early visual cortex, and hippocampal activity early in a trial
was predictive of information in visual cortex at a later time in the trial. These results are consistent
with the notion that sequence information is likely fed back from the hippocampus to visual cortex.

In summary, several lines of evidence support a role for feedback in computing one type
of predictive change in cortex: adult learned image sequences. In contrast to computational
models that store memories of recent stimulus history via recurrent connectivity and persistence
(Figure 3¢), there are indications that, in this case, the memory process may be pattern
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completion in the hippocampus (Figure 3d). Thus far, investigations of predictive change in
the visual system have largely been limited to scenarios in which prediction happens over the
course of a few hundreds of milliseconds and where one state completely specifies the next. An
important focus of future research will be to determine the cortical mechanisms involved in visual
prediction along longer timescales and with the introduction of the more complex, probabilistic
dependencies found in the natural world.

WHAT PRINCIPLES ORGANIZE PREDICTIVE COMPUTATION IN THE
VISUAL SYSTEM?

Throughout the examples above, it is clear that prediction in the visual system cannot be
organized neatly according to obvious grouping principles such as brain area or prediction type
(Table 1). The evidence against grouping by brain area includes a central role for feedforward,
adaptation mechanisms in both the retina and cortex. The evidence against organizing by predic-
tion type includes the fact that the brain uses similar underlying neural mechanisms (adaptation
and feedforward processing) to support multiple types of prediction, including novelty and, in
the retina, sophisticated forms of predictive change. However, there are some indications of the

Table 1 Examples of visual prediction

Example

How input How memories of
Type of correlations are recent history are | Extrapolation
prediction Brain area learned stored mechanism

Examples that are thought to rely on feedforward processing and simple memory mechanisms

Novelty (Kaliukhovich & Vogels Predictive Retina and cortex | Evolution and/or Adaptation Feedforward
2011, Li et al. 1993, Meyer & persistence development
Rust 2018, Xiang & Brown
1998)

Reversal response (Chen et al. Predictive change Retina Evolution and/or Adaptation Feedforward
2014, Schwartz et al. 2007) development

Tethered Brownian motion (Palmer | Predictive change Retina Evolution and/or Adaptation Feedforward
etal. 2015, Salisbury & Palmer development
2016)

Flash lag effect (Anstis 2007, Predictive change Retina and V1 Evolution and/or Adaptation, Feedforward
Eagleman & Sejnowski 2000, development gap-junction
Hazelhoff & Wiersma 1924, coupling

Khoei et al. 2017,

Lopez-Moliner & Linares 2006,
Nieman et al. 2006, Nijhawan
2002, Patel et al. 2000, Sheth

et al. 2000, Shioiri et al. 2010,
Subramaniyan et al. 2018,

Trenholm et al. 2013)

Examples that are thought to involve feedback processing and more sophisticated forms of memory

Novelty with expectation Predictive Human visual Learning in Unknown Feedback
(Grotheer & Kovacs 2014, persistence cortex adulthood
Kovacs et al. 2013, Summerfield
et al. 2008)

Configured image sequences Predictive change High-level visual Learning in Hippocampal Feedback
(Hindy et al. 2016, Meyer & cortex (e.g., IT) adulthood pattern
Olson 2011, Meyer et al. 2014, completion

Schwiedrzik & Freiwald 2017)

The two classes of examples in this table cannot be parsed by the type of prediction or brain area, but they do align with the distinction between the times

when the input correlations are learned (during evolution and development versus in adulthood, respectively). Abbreviation: I'T, inferotemporal.
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principles that may be in play: All of the examples presented above can be parsed into universal
predictions that follow from natural image statistics (persistence, motion extrapolation, the retinal
reversal response, the optimal prediction in the retina to tethered Brownian motion, and the
flash-lag effect) versus individual predictions that follow from adult experience (the probability
of familiar object occurrence and configured image sequences). Others have also pointed out the
conceptual distinction between perceptual versus learned or mnemonic expectations (Hawkins &
Blakeslee 2004, Hindy et al. 2016, Koster-Hale & Saxe 2013). Without exception, when applied
to the examples above, this parsing maps to differences in neural mechanism (Table 1), with
the former supported by simple, adaptation memory mechanisms and feedforward architectures
(Figure 3b) and the latter supported by memories that are stored at higher stages and fed back
to visual cortex (Figure 3c¢—d, see also the Future Issues).

WHAT DOES THE BRAIN DO WITH THE INCREASED FIRING RATE
RESPONSES IMPLICATED IN BOTH NOVELTY AND SURPRISE?

The evidence presented above suggests that, while responses in I'T to novel images and image
sequence violations are computed via markedly different mechanisms, they produce qualitatively
similar firing rate increases (relative to familiar images and predictable sequences, respectively).
What role might these firing rate increases play in activating processes downstream? In the case of
novelty, the decreases in firing rate that follow from stimulus repetition have been hypothesized to
be the memory signal that drives explicit behavioral reports of remembering whether an image has
been viewed before (Bogacz & Brown 2003, Desimone 1996, Li et al. 1993, Xiang & Brown 1998),
where the mapping of I'T neural signals onto behavioral reports can be accomplished via variants of
a total-spike-count, linear-decoding scheme (Meyer & Rust 2018). This idea can be generalized to
one in which the magnitude of the I'T population response reflects not only image familiarity, but
also more broadly the predictability of the incoming visual input, thereby triggering downstream
processes by any type of prediction error. At higher stages of visual processing, the enhanced
response to novel and/or unexpected visual input may be used to drive curiosity-based exploration
for efficient learning (Gottlieb & Oudeyer 2018, Ranganath & Rainer 2003) in a manner analogous
to how visual novelty has been employed in recent machine learning approaches (e.g., Bellemare
etal. 2016, Houthooft et al. 2016, Pathak et al. 2017, Stadie et al. 2015). These enhanced responses
may also trigger changes to downstream cognitive processes, including internal models of the
current external context (Gold & Stocker 2017, see also the Future Issues).

CONCLUDING REMARKS

While memory and future prediction are intimately bound together, they have classically been
studied in isolation. In this review, we highlight emerging work describing how they are con-
nected, ranging from new theoretical insights to their shared neural mechanisms. In comparison
to our understanding of how the brain determines what we are looking at right now, our under-
standing of how our brains remember the past and predict the future is still in its infancy. At the
same time, there is excitement in the field centered around collaborative interactions between
theory and experiment and modern approaches that allow for the unprecedented monitoring and
manipulation of neural activity in organisms performing visual memory and prediction tasks. By
merging these techniques to examine visual prediction and memory in concert, we can discover
new organizing principles in neural coding that bridge brain areas and behavioral contexts, from
the retina to higher-order cortical areas and from short- to longer-term glimpses into the future.
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CITATION DIVERSITY STATEMENT

Recent work in several fields of science has identified a bias in citation practices such that papers
from women and other minorities are under-cited relative to the number of such papers in the
field (Caplar et al. 2017, Dworkin et al. 2020, Maliniak et al. 2013). In this review, we sought to
proactively consider choosing references that reflect the diversity of the field in thought, form
of contribution, gender, and other factors (Zurn et al. 2020). To quantify the gender diversity
of our citations, we obtained the predicted gender of the first and last author of each reference
by using databases that store the probability of a name being carried by a man or a woman
(Zhou et al. 2020). By this measure (after excluding self-citations to the first and last authors of
this review), our references contain 5.7% woman(first)/woman(last), 6.8% man/woman, 13.6%
woman/man and 73.9% man/man. Expected proportions estimated from five top neuroscience
journals, as reported by Dworkin et al. (2020), are 6.7% woman/woman, 9.4% man/woman,
25.5% woman/man, and 58.4% man/man; however, we note that proportions are expected to
be lower in computational neuroscience. We look forward to future work that could help us to
better understand how to support equitable practices in science.

1. New developments in information theory, and specifically the information bottleneck
method (Figure 2), provide both a conceptual framework and a quantitative account
of how visual memory constrains the ability to predict future visual events. Recent work
demonstrates how the information bottleneck method can be used to define the maximal
amount of future visual information that a system can predict and compare a system (like
the retina) against this benchmark to evaluate its optimality (Palmer etal. 2015, Salisbury
& Palmer 2016).

2. One class of models associated with future visual predictive computation relies on an
exclusively feedforward architecture that stores memories of recent stimulus history via
simple memory mechanisms such as adaptation and gap-junction coupling. These mech-
anisms have been linked to the computation of novelty in cortex (Bogacz & Brown 2003,
Li et al. 1993, Meyer & Rust 2018, Vogels 2016, Xiang & Brown 1998), as well as the
computation of nontrivial forms of predictive change in the retina (Berry & Schwartz
2011, Gollisch & Meister 2010, Hosoya et al. 2005, Srinivasan et al. 1982). Recent work
supports the behavioral relevance of putative visual novelty and memory signals, re-
flected as repetition suppression in high-level visual cortex (Meyer & Rust 2018).

3. A second class of models of future visual predictive computation incorporates feedback
and lies at the heart of some of the most prominent models of predictive coding in cortex
(Bastos et al. 2012, Friston 2005, Lee & Mumford 2003, Rao & Ballard 1999). Recent
work demonstrates empirical support of the feedback proposal (Schwiedrzik & Freiwald
2017), as well as implicating memory mechanisms in the medial temporal lobe (Schapiro
etal. 2012, 2014), including hippocampal pattern completion (Hindy et al. 2016).

4. The principles that map the three predictive components (learned temporal structure of
the world, memories of recent events, and future extrapolation) onto these two classes
of models cannot be organized by obvious grouping principles such as brain area or
prediction type (Table 1).
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1. What principles organize predictive computation in the visual system? There are indi-
cations that predictive mechanisms may map to universal predictions that follow from
natural image statistics versus individual predictions that follow from adult experience
(Table 1), but to determine whether this or some other principle organizes predictive
computation, more examples are needed.

2. Is the visual system efficiently encoding the past to make future predictions? New ex-
periments are needed to test this thoroughly in a wider variety of organisms and at dif-
ferent processing stages in the brain. To answer this question in any visual area, one has
to present stimuli that have both predictable and nonpredictable components. Only by
presenting the brain with a mixture of information types can you really know whether
a neural ensemble specifically encodes more about the future input than it does about
potentially nonpredictive features, like object texture.

3. What does the brain do with the increased firing rate responses implicated in both nov-
elty and surprise? Whether all types of prediction (novelty, sequence violations, and other
forms of surprise) are extracted from higher stages of the visual system via a common
decoding scheme that alerts the brain whenever something unpredicted happens, as op-
posed to separate channels for each type of prediction, remains unknown. Similarly, fu-
ture investigations will be needed to determine the downstream brain areas that decode
this information, as well as exactly what higher cognitive processes are triggered during
fast, efficient visual prediction.
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