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Everything that the brain sees must first be encoded by the retina, which maintains a reliable
representation of the visual world in many different, complex natural scenes while also adapting
to stimulus changes. Decomposing the population code into independent and cell-cell interactions
reveals how broad scene structure is encoded in the adapted retinal output. By recording from the
same retina while presenting many different natural movies, we see that the population structure,
characterized by strong interactions, is consistent across both natural and synthetic stimuli. We
show that these interactions contribute to encoding scene identity. We also demonstrate that this
structure likely arises in part from shared bipolar cell input as well as from gap junctions between

retinal ganglion cells and amacrine cells.

While single cells individually encode specific stimulus
features[IH3], it is their aggregate response that drives
our perception[dH7]. For this reason, it is important to
understand not only how individual cells respond to stim-
uli, but also how cells influence each other within a pop-
ulation [8HIT]. Significant theoretical work has been de-
voted to understanding population responses [12HI6], in
tandem with experimental innovations in recording from
a large number of cells simultaneously [I7H20]. This cre-
ates an opportunity to move to more complex, dynamic
stimuli and analyze the population code in terms of the
readout goals of the downstream networks.

The natural environment has many complex spatio-
temporal features that make neural encoding in the wild
difficult to quantify and assess. Natural scenes vary in
luminance over many orders of magnitude [21] and vari-
ance [22] [23], and have complicated temporal and spatial
structure [24] 25]. Visual systems adapt to these changes
on many scales in time and space. Neural systems show
near-perfect adaptation to these changes [26], so a ques-
tion remains about how brains recover scene-specific in-
formation once in an adapted state. These complexities
and open questions have led many studies to investigate
animal behavior in natural settings [27H30]. In this work,
we quantify the structure of the neural code at the input

end, and how it might support downstream readout that
ultimately drives behavior in complex environments.

While natural scenes contain a multitude of higher
order statistics, not all features are equally important.
Even at the earliest stages of visual processing, the retina
performs nonlinear computations to encode essential as-
pects of the visual scene. Retinal networks are flexible
enough to encode a wide variety of complex stimulus fea-
tures, such as object motion [31], 32], motion reversals
[33H35], and omitted stimuli [36]. These early computa-
tions support efficient downstream readout by throwing
away redundant information and preserving features that
facilitate perception.

We use the responses of a salamander retina to natural
stimuli to infer a minimal model of the population re-
sponse structure of its output retinal ganglion cells. This
structure is conserved across scenes, and it has functional
consequences; it helps the population carry information
about large-scale scene statistics. Finally, we show that
this functional role requires only a sparse set of connec-
tions, and that these sparse couplings appear to arise
from both shared input (bipolar and amacrine cells) and
direct connections (gap junctions).
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Results

Probing multiple naturalistic, dynamic inputs to
the retina We make dense extracellular recordings from
retinal ganglion cells (RGCs) in the larval tiger salaman-
der (Fig. [Th) while presenting the retina with 20-second
clips from five different movies (see Methods for details).
Salamanders undergo metamorphosis, exposing them to
both underwater and terrestrial environments while their
retinal structure remains largely the same [37, [38]. Fur-
ther, while salamanders are traditionally ambush preda-
tors, they still navigate through their environment, gen-
erating self-motion. The movies chosen represent a sam-
pling of the wide variety of scenes that occur in the or-
ganism’s ecological niche (Fig. [Ib).

Because of the diversity of subjects and locations, the

movies exhibit significantly different temporal and spa-
tial correlation (Fig.[Id). Further, luminance correlations
alone fail to capture behaviorally relevant features like
motion, which arise from higher order structure. For ex-
ample, object tracking in natural scenes reveal different
shapes and timescales of the velocity autocorrelations for
different scenes [39]. As animals navigate through differ-
ent environments, they rapidly adapt to these changes in
stimulus statistics [26] 40, 41]. Thus, playing a variety of
scenes in a single experimental session allows for inves-
tigation into changes in the population structure across
scenes.
Pairwise couplings are consistent across movies
To fully describe a dynamic population code, we must
enumerate 2%V possible states at each time point in the
response. Even for modest N, a fully expressive code is
both experimentally inaccessible and potentially unread-
able by downstream networks. To summarize the popu-
lation code, we use maximum entropy modeling, which
has a history of success using O(N?) parameters to cap-
ture the structure in the data, even higher-order features
not explicitly constrained by the model [42H49].

In applications of maximum entropy techniques in neu-
roscience, these models are constrained by the average
firing rate of each cell and the correlation of each pair of
cells 2], (o;) and (o;0,). We use a time-dependent max-
imum entropy model [50] that is also constrained by the
time-varying firing rates averaged across repeated stimuli
(see Methods for details). Our model takes the form

PG = %e* XY hioi =20, Jioio) (1)

and our constraints are on (o), which captures each
cell’s individual response to the stimulus at time ¢ av-
eraged over trials, k, as well as (Ufoﬁt,k, the correla-
tions between cells. These two constraints map to two
sets of parameters, the time-dependent fields h! and
the static couplings J;;, respectively. Interactions be-
tween the time-dependent fields hf absorb any stimulus-
dependent correlations, leaving the couplings J;; to cap-
ture the noise correlations. Given that our model ac-
curately predicts population activity (Fig. ), and that
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FIG. 1. Measuring retinal ganglion cell responses to
natural scenes. (a) Voltage responses were recorded from
the retinal ganglion cell layer of a salamander retina stimu-
lated by natural movies. (b) Example frames from each of
five natural scenes, which show, respectively, trees blowing in
the wind; flowing water; ferns and grasses in a breeze; fish
swimming; and woodland underbrush as viewed by a moving
camera. The bottom image shows the aggregation of the re-
ceptive fields of the recorded population of neurons. (c) In
order to probe the statistics of responses, natural scenes were
repeated a minimum of 80 times in pseudorandom order. A
checkerboard stimulus lasting 25 minutes was shown before
and after the natural scenes. (d) The five natural movies
used have different statistics, including (shown here) different
spatial autocorrelation functions. (e) To model responses to
each of the movies, time-dependent maximum entropy models
are fit to each of the five natural scenes.

the fields are explicitly constrained by stimulus-induced
single-cell statistics, we consider the matrices J;; to carry
the essence of the intrinsic, non-independent population
structure.

In all movies, the cells significantly increase their firing
rates in the first 200 ms (Fig. [2b) following the switch to
a new stimulus. This is followed by a rapid decay back to
a baseline firing rate. This is likely due to a strong pop-
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FIG. 2. Retinal ganglion cell population maintains consistent couplings across a variety of natural stimuli (a)
Probability of population states, as measured from data and compared to the model. Gray shading indicates expected sampling
noise in the estimates of probability from data. (b) Average population firing rate as a function of time for the first two seconds
of each natural movie. In the first 200ms (grey bar), the population firing rate peaks. This may be due to a change in luminance
within the aggregate population receptive field between stimuli (subplot). (c¢) Couplings for an example 20 cell group from two
of the movies, Tree and Grasses. The structure of the coupling matrices are consistent across scenes. (d) Couplings across all
five natural scenes and the checkerboard white noise stimulus. In all cases, couplings are consistent across stimuli. Even for
the checkerboard, where another modeling procedure (DCA) had to be used, similar couplings are found. (e) Couplings are
quantitatively similar across movies (R2 = 0.74), and for any choice of group of cells; here, we show the values of the couplings

Ji; for all pairs of movies, for ten different groups of cells.

ulation response to abrupt changes in luminance within
their receptive fields (Fig. [2b inset) [5IH53]. Despite this
substantial adaptation to each movie, we find consistent
Ji; matrices across movies, indicating that the noise cor-
relations are conserved (Fig. ,d). Previous work has
similarly found consistent couplings across visual inputs
[50, 54, [55], but this is the first time this has been demon-
strated across a range of naturalistic stimuli. These are
entirely independently trained models, which separately
learned the same couplings despite significantly varying
scene statistics and population responses (Fig. . This
strongly implies that this structure arises from the retina
itself, rather than being inherited from the stimulus.

These consistent couplings are not unique to the par-
ticular 20-cell group analyzed in Fig. [2c and d. For a se-
lection of randomly chosen groups, we plot the coupling
Ji; between cells ¢ and j in movie a against the couplings

J£ We observe a strong correlation between the cell-
cell interactions across movies (Fig.|2e). These couplings
could arise in response to the shared long-timescale and
length-scale correlations in natural scenes [24], or they

could be an anatomical property of the retina. In order
to investigate this, we need to compare the conserved
couplings we observed in response to the natural movies
to those found in response to an entirely different, non-
naturalistic stimulus.

Finally, we investigate the population structure in re-
sponse to a white-noise checkerboard stimulus. Due to
a lack of repeats, we used a different method, Direct
Coupling Analysis (DCA) [56], to infer these couplings
(see Methods for details). Despite the many differences
between this model and those above (stimulus, model
details), we extract the same strong couplings as those
found in response to the natural scenes. This strengthens
the argument that the observed couplings are indicative
of real biological interactions, not correlations inherited
from the input.

Couplings allow for better decoding of scene
identity What could these static, sparse couplings be
used for downstream of the retina? While single cells
adapt to switches between scenes after about one sec-
ond and then fluctuate in response to ongoing dynamics
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FIG. 3. The conserved coupling structure aids in decoding scene identity. (a) Probability of a given scene, given a
particular spike train. The coupling population structure gives dramatically faster scene decoding than an independent model.
Additionally, both the chimera model, which swaps J;; matrices, and the sparse backbone model, which preserves only 10% of
couplings, carry nearly as much scene information as the full model. Inset: probability of scene given spikes for a single trial of
generated samples. (b) The distribution of Jj;s across many 20-cell models; we find that this distribution is heavy tailed. (c)
Probabilities of population states, for our full model, a model with all J;;s set to zero, and a model with sparsified J;;s. The
backbone model captures the predictions of the full model, while the independent model fails spectacularly.

within a scene, the population structure remains con-
stant. Surprisingly, this scene-invariant, static backbone
of interactions supports faster and more reliable readout
of scene identity after this adaptation has occurred.

Interactions between cells in the retinal population
have been observed in many other input contexts, and
shape individual cell stimulus encoding [49]. The sparse
pairwise structure that we observe may combine with
individual cell fluctuations to change the overall encod-
ing map between scenes. This interaction may support
decoding scene identity. The movies contain a suite of
higher order features that make each one readily discrim-
inable to the human eye, but may also impact the local,
correlated retinal population code in a decodable way.

To quantitatively test whether the couplings affect dis-
crimination between scenes, we take advantage of the
fact that each of our movies comes from a significantly
different environment. This means that the informa-
tion about scene statistics can be approximated by in-
formation about scene identity. We quantify the ability
of an ideal observer to correctly identify a scene based
solely on access to retinal output, given by the poste-
rior P(scene identity|spikes), as a function of number of
samples of the retinal response. This decoding task is
similar to the real problem solved by downstream brain

areas when an organism moves between scenes as it navi-
gates its natural environment, and must trigger different
behaviors and priors in different niches.

The quantity P(scene identity|spikes) describes how
likely any particular scene is given a particular series
of spikes. We measure this quantity by generating in-
dependent samples from our time-averaged models for
each movie, P(5) = = ZtT P(&t|t), and calculating
P(scene identity|spikes) as a function of the number of
generated samples using Bayes’ law,

P(scene identity|spikes) =
P(spikes|scene identity) P(scene identity)
P(spikes) ’

The terms on the right hand side of this equation can all
be generated from our model. Because each sample has a
defined length of 1/60 s, we can then convert the number
of samples to a number of seconds of sampling.

By performing this analysis, we find that samples gen-
erated from just a 20-cell group carry enough information
to correctly identify a scene within a few seconds (Fig.
3h). By contrast, spikes generated from a conditionally
independent model, which is fit while constraining all J;;
to zero, take nearly twice as long to achieve the same
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scene discriminability. This is surprising, as it was not a
priori obvious that couplings would contribute to decod-
ing [57].

While the population structure remains scene invari-
ant, there are subtle changes in J;; values across movies
which might influence the neural code. Conversely, subtle
changes in coupling strength might have minimal func-
tional effect so long as the overall population structure
remains consistent. To test whether small changes in cou-
pling strength between movies affect scene discriminba-
bility, we implement ‘chimera’ models. A chimera model
for movie « uses the fields from that movie, hf’a, but
replaces the couplings with those learned from a differ-
ent movie, Jg This generates models that maintain the
scene invariant coupling structure observed across movies
while allowing individual coupling strengths to fluctuate.
We find that spike trains generated from these models
lead to similarly fast decoding as from the full model.
This implies that fluctuations in the coupling values be-
tween scenes have little functional impact on scene read-
out. Instead, the scene-invariant population structure
alone drives the improvement in scene discriminability.

We can then investigate whether the entire interact-
ing population structure is important for decoding, or
whether the J;; interactions can be sparsified without
sacrificing discriminability of scenes. The coupling dis-
tribution is heavy-tailed, with a sparse set of strong cou-
plings (Fig.[3p) alongside many weak interactions. Previ-
ous work has conflicting reports on the relevance of weak
couplings, where some show that weak couplings combine
to have a large effect on population activity [42] while
others suggest that ignoring weak interactions has min-
imal effect on population responses [45]. To investigate
the role of strong couplings, we sparsify the J;; matrix,
leaving only the top 10% of couplings to shape population
activity and re-train our model. We fit these ‘backbone
models’ while constraining the weaker 90% of couplings
from the full model to be zero. The backbone model is
nearly as fast at identifying scenes as the full model, sug-
gesting large-scale scene information is specifically pre-
served through the sparse, strong couplings rather than
the combination of many weak couplings.

Additionally, upon comparing state probabilities, we
find that the backbone model makes predictions that are
very close to those of the full model, while the indepen-
dent model fails significantly (Fig. [3k). These results
suggest that the conserved population structure is domi-
nated by a backbone of sparse strong couplings, and that
these couplings play a functional role in preserving scene-
level information.

Couplings arise from both gap junctions and
shared bipolar cell input We have found consistent
population structure that is dominated by sparse cou-
plings. This structure is hard-wired into the retina
code and could arise from many different circuit proper-
ties. Pairwise retinal couplings could be correlated with
shared upstream input from a bipolar cell (Fig. , left)
, direct gap junctions between retinal ganglion cells (Fig.

5

top), or gap junctions between RGCs and a third neu-
ron such as an amacrine cell (Fig. [4h right).

Nonlinear summation of bipolar cell (BC) inputs has
been shown to be an integral component of retinal com-
putation [58H62]. The convergence of BCs onto RGCs
is modeled using nonlinear summation in so-called cas-
cade models. These models explain a wide array of com-
plex retinal computations (e.g. motion onset [58], omitted
stimulus response [36] , background vs object motion [32],
reversal response [33H35]). As a complement to that, BCs
have diverging projections onto multiple RGCs on the
retina [63]. While bipolar cells sample a smaller portion
of the visual scene than RGCs, gap junctions networks
between RGCs can expand the bipolar projective field
out as far as ~Imm [64] This BC divergence could play
a role in shaping the population code in the retina and
needs to be further explored with naturalistic, dynamic
inputs.

In order to detect putative bipolar cell inputs onto
the RGCs in our dataset, we use spike triggered inde-
pendent component analysis (ST-ICA) [65] on the white
noise checkerboard stimulus. ST-ICA models each RGC
as the output of a temporal filter and spatial subunits.
In a similar method, these subunits have been experi-
mentally shown to map to bipolar cell inputs [66]. We
show an example of the spatial subunits and temporal
filters for three fast-OFF RGCs in Fig. @b and Fig. [k,
two pairs of which (blue, pink; green, pink) demonstrate
strong couplings. One coupling pair (blue,pink) exhibits
a highly overlapped spatial subunit that we classify as a
shared upstream input (see Methods). In Fig. i, tem-
poral filters for two cells (blue, green) show near identi-
cal characteristics. This may arise from a gap junction
connecting them and might explain their strong coupling
[50).

Across the population, many RGCs share spatial sub-
units. These subunits closely align with the observed
coupling matrix from the stimulus dependent maximum
entropy models (Fig. ), demonstrating that strong cou-
plings may arise in part from shared upstream input.
However, not all cells with strong couplings share up-
stream input, and the presence of a shared subunit alone
does not guarantee the existence of a strong coupling.
Thus, strong couplings might arise from multiple sources
within the retinal cell population.

Previous work has suggested that gap junctions may
underpin couplings between RGCs [8, [50]. Here, we
find evidence of gap junctions by inspecting the cross-
covariance of responses after subtracting the trial-average
(at zero lag this is the usual noise correlation). Pair-
wise noise correlations due to gap junctions can gener-
ally be split into two classes, direct RGC-RGC couplings
and shared gap junctions with a third upstream neuron.
The symmetric, medium width correlation we observe
between some highly coupled cells without a shared sub-
unit (Fig. 4, red) likely arises from this second class, as
direct RGC-RGC gap junctions lead to transient noise
correlations at a sub-millsecond timescale [§]. Further-
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Right, gap junction connections to a shared third neuron an amacrine cell. (b) ST-ICA modeled spatial subunits for three
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coupled cells. Highly coupled cells that share a subunit have a broader noise covariance in time than coupled cells without a
shared subunit. (e) A comparison between shared subunits and couplings indicates many highly coupled cells shared upstream
input. (f) Distribution of coupling strengths, both for cells sharing subunits and those that do not.

more, the broader noise correlations between RGCs with
shared subunits demonstrates a timescale longer than can
be explained from gap junctions alone and may indicate
a coupling arising from shared upstream input (Fig. @a,
blue).

Shared input between RGCs, whatever the source,
greatly increase the likelihood of a a strong coupling com-
pared to RGC pairs without shared input (Fig. [de). Of
course, shared input does not guarantee a strong coupling
between RGCs, but the long tail of strong coupling for
pairs with shared input suggest that these mechanisms
underpin our sparse network of strong interactions. We
find that shared bipolar input and gap junctions work in
consort to generate a sparse set of intrinsic correlations
between RGCs.

Discussion

This work demonstrates that couplings between cells
in a neural population are an important component of
downstream readout of scene identity. While some stud-
ies show that independent models of the retinal code re-
tain upwards of 90% of the response structure [67], this

is typically agnostic to the downstream readout goals of
the organism. Without a defined goal, it is impossible
to determine whether aspects of the response structure
lost by an independent encoding scheme relay informa-
tion meaningful to the organism. It is possible that an
independent readout preserves the majority of informa-
tion available in the retinal population while failing to
effectively convey critical features of the visual scene.
Natural scenes probe a behaviorally relevant context to
assess the impact of noise correlations on neural coding.
These movies, like other natural inputs, drive a richer
and more reliable code in the brain [68H70]. Comparing
across movies reveals what the more subtle features in
the neural code might be used for.

Our finding that sparse interactions sufficiently cap-
ture the functional impact of noise correlations on neu-
ral encoding elaborates on previous work that argued for
a dense network of weak couplings in the retinal code
[42, [46]. In these early models, both the fields and inter-
actions between cells were static. The fluctuating fields
we included (following the time-dependent maximum en-
tropy model work [50]) absorb much of that structure,
and capture the independent component of stimulus-
driven changes in the neural population response. The
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remaining sparse couplings are the key factor for efficient
scene identification. A sparse backbone may be easier to
implement and read out downstream. On the flip side,
sparse codes might hamstring error correction [71l [72], so
future work should explore how these costs and benefits
trade-off for behaviorally relevant inputs and tasks.

We find that the noise correlations have a large effect
on scene decoding, which may arise from small effects
aggregated over time. It is not clear from the analysis
performed here what precisely gives rise to the beneficial
impacts of noise correlations on decoding. One possible
answer is that the noise correlations may reflect changes
in scene correlation structure. This may help recover
scene specific information that is otherwise lost to single-
cell-level adaptation.

Unraveling how this sparse but strong structure in the
code is mechanistically supported is an important next
step in this work. In some ways, the circuit structure
in the eye differs from that found in the cortex. The
retina is not a recurrent neural network; RGCs do not
have direct synaptic coupling, and the photoreceptor-to-
RGC circuit is largely feed-forward. To create a popula-
tion code with sparse interactions, the retina needs to be
wired around these structural constraints. These sparse
interactions seem to be the result of common bipolar in-
puts and gap junction coupling between RGCs. What we
have observed is sparse, strong, functionally important,
exclusively non-synaptic RGC-RGC couplings. Both gap
junctions and common bipolar inputs lead to stronger
coupling between cells, but our analysis is not sensitive
enough to tease apart whether these two types of cou-
pling sources are mutually exclusive. Exclusivity would
be an efficient way to implement a sparse backbone of
specific cell-cell interactions. Future work to disentangle
the circuit mechanisms giving rise to the sparse backbone
might ultimately inform studies in cortex where gap junc-
tion coupling is also present [73H75].

Methods

Neural data Voltage traces from the RGC layer of
a larval tiger salamander retina were recorded following
the methods outlined in [I7]. In brief, retina from a lar-
val tiger salamander was isolated in darkness and pressed
against a 252 channel multielectrode array. Recordings
were taken during stimulus presentation and spike sorted
using a mostly automated spike sorting algorithm. This
technique captured a highly overlapping neural popula-
tion of 93 cells that fully tiled a region of visual space.
Spikes were binned at 60Hz for all analyses presented.

The binned data for both the checkerboard and movie
stimuli can be found here: [LINK].

Stimuli during recording A 30Hz white noise
checkerboard stimulus was played for 30 minutes prior
to and after the natural scene stimuli.

Five different natural scenes lasting 20s were played in
a pseudorandom order, and each were shown a minimum
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of 80 times. Specifically, they were shown (in order, for
the tree, water, grasses, fish, and self motion movies) 83,
80, 84, 91, and 85 times. All natural scenes except for the
tree stimulus were displayed at 60Hz. The tree stimulus
was shown at 30 Hz and is repeated twice during each
20s epoch.

These movies were collected [insert info on sources],
and are distributed alongside the data.

Maximum entropy modeling We followed the data-
driven algorithm introduced in [76] for our maximum en-
tropy modeling. This data-driven algorithm is a quasi-
Newton method that allows for inference of model pa-
rameters X, in our case time dependent fields h! and
couplings J;;, without needing to compute the inverse
model susceptibility matrix x~1[X] at each time point
during the learning dynamics.

As in [50] we learn a maximum entropy model with
time-varying fields. Specifically, we learn a model of form

N N
P(ot...0%) < exp thﬁ ffZJijafcfj- . (2
i i<j

The time dependent fields h! capture the time-varying
firing rate of cells o; in response to the stimulus. This
means that stimulus dependent correlations between cells
are absorbed into the fields, leaving the couplings J;; to
encapsulate the noise correlations between cells.

For several 20 cell groups, we validated model fits by
comparing couplings in the first half and second half of
each stimulus and ensuring couplings remained stable.
To do this, we separately trained models on each half of
the data.

All fits were done on groups of 20 cells, which were all
subsets of the full population of 93 cells. These subsets
were chosen at random

We additionally use sparse models to generate |3| For
the independent model, we fit to the same fitting target,
but constrained all couplings to be zero. For the back-
bone model, we first fit a full model with all couplings
and fields. Then, we re-fit, constraining all but the top
10% of couplings from the first fitting to be zero.

DCA models When we were looking for a model that
would give us access to the couplings in the white noise
stimulus, we were faced with the lack of stimulus repeats.
The stimulus-dependant maximum entropy model fun-
damentally relies on measurements of noise correlations,
and as such does not work without stimulus repeats.
However, we also wished for a method that would al-
low us to infer couplings that are only representative of
the noise correlations, not couplings that included both
shared stimulus inputs and noise correlations. In gen-
eral, this is not possible, and standard maximum entropy
model are not up to the task.

Here, however, we took advantage of a feature of this
data: many of our cells have highly overlapping receptive
fields. This means that two cells with similar RFs can
be correlated two ways: because of a noise correlation, or
because of shared stimulus drive. In particular, if several
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cells are driven in the same way by the stimulus, they
will all have correlations with each other, and therefore
many methods would infer ‘loops’ of couplings.

However, in the protein community, DCA (Direct Cou-
pling Analysis) was developed as a maximum-entropy
technique with an emphasis on ignoring indirect cou-
plings (i.e., breaking loops), and a prior asking for a
sparse coupling matrix. This means that in our case with
several cells all driven in the same way by the stimulus,
many of those correlations will be dropped in favor of a
sparser explanation for population activity, and in par-
ticular one should expect the remaining couplings to be
the strongest correlations - those where there is both a
biological coupling between the cells and a shared recep-
tive field. This means that we do not expect quantitative
agreement between this method and stimulus-dependant
maximum entropy, but that we can hope to find the same
backbone of strong couplings.

We do not expect this method to be perfect or to be
generally applicable. Here, however, the fact that we ob-
tained highly similar couplings to those found from stim-
ulus dependant maximum entropy (a task at which stim-
ulus independent maximum entropy models fail entirely)
is proof in and of itself that this method was reasonably
successful in our context.

In order to fit the DCA mdoel, we followed methods
discussed in [56]. We chose a gauge where neural si-
lence/activity are described by {0,1} to more easily relate
the DCA network to couplings fit from the time depen-
dent models.

Decoding scene identity

For the scene identity decoding introduced in Fig[3] we
used a Bayesian approach to measure P(movie|spikes),

P(spikes|movie) P(movie)

P(spikes) 3)

P(movie|spikes) =

We generate sample spike trains from the learned prob-
ability distributions for each of the five movies to test
these probabilities. As our models of spike probabilities
are equilibrium models, with no relationships between
consecutive states, we do this by sampling from the dis-
tribution P(¢) = # Z? P(3*|t) independently for each
state in our simulated spike train.

For each sampled spike train, we can calculate
P(spikes|movie, ), where « indexes movies, simply by
plugging into the probability distributions that define
our models. We set a uniform prior, P(movie) = 1/5.
Finally, P(spikes) = " P(movie, )P (spikes|movie,).

For each combination of movie and model choice, we
generate 1000 spike trains. In Fig [3h, we show the me-
dian performance for each model at decoding, and the
quartiles for the full and independent models.

Spike Triggered ICA To compute the Spike Trig-
gered ICA (ST-ICA) we follow methods developed in [65].

We first compute the spike triggered average for each
cell in a natural cubic spline basis. This is a common
method to reduce the number of parameters needed for
the model and ensure that the resulting receptive fields
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are smooth in space and time. We choose the number
of splines such that the log-likelihood on held out white
noise data is maximized.

To further reduce the number of parameters, we as-
sume our receptive field is rank 1, it can be separated
into a spatial filter and a temporal filter. Following these
assumptions we use SVD to find this rank 1 approxima-
tion. This provably minimizes reconstruction error under
the Frobenius norm. We then crop the spatial dimen-
sions for each cell to the regions containing the receptive
fields and convolve the stimulus with the temporal filters,
which leaves only spatial degrees of freedom.

For each cell, we then have a matrix of size N spikes by
M features, where each feature is a spatial pixel convolved
with time filter. We use Preconditioned ICA [77], an al-
gorithm for ICA that uses preconditioned L-BFGS, a low
memory quasi newton optimization algorithm, for opti-
mization to estimate 20 independent components. Re-
sulting components were considered proper subunit can-
didates based on the presence of significant spatial auto-
correlations, following methods in [66].

With a list of candidate subunits for each cell we then
computed the activation of that subunit by projecting
the time convolved stimulus onto each filter identified by
ST-ICA. Two units were considered the same following
methods developed in [78].
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