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Abstract

Reciprocal connections are common in the brain, yet little is known about their
functional role. Top-down connections, in particular, remain functionally obscure in
both neuroscience and in the nascent field of deep learning. On the theoretical side,
predictive coding has been put forward as a framework that assigns specific roles to
top-down and bottom-up connections in sensory information processing. It remains
unclear, however, if and how the brain implements this predictive code. This work
examined top-down signals in the auditory cortex and in the corticostriatal system
in macaques in order to validate the claims put forward by predictive coding. This
theory suggests there are imbalances in message passing up and down the cortical
hierarchy; these imbalances imply cross-frequency couplings should predominate
top-down. It is unknown whether these asymmetries are expressed in cross-frequency
interactions in the brain. This work examined cross-frequency interactions across
four sectors of the macaque auditory cortex. Predictive coding also applies in decision
making, where it allows for action selection based on predicted reward (or value).
This is more commonly known as reinforcement learning (RL) and is supported
by the fronto-striatal systems in the brain. The computational mechanisms that
drive learning in this system are unknown, however. This work drew on a recurrent
neural network (RNN) model of the dIPFC-dSTR circuit in the brain together with
recordings from macaques from the same regions to answer this question. Altogether,

the findings are largely consistent with the predictive coding framework.
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List of Figures

1.1

1.2

Predictive coding versus representational framework (adapted
from [Keller and Mrsic-Flogel, 2018]). A In the representational
framework, internal representations are generated by bottom-up
input, while top-down inputs act as modulatory signals. B In a
hierarchical predictive processing framework, internal representa-
tions are updated based on comparison of a top-down prediction and
bottom-up input. Prediction errors are sent forward in the hierarchy,
while predictions are sent backward. The coordinate transformations

between the different areas are the internal models M). . . . . . . .

Schematic of the proposed hierarchical Bayesian inference
framework in the cortex (adapted from [Lee and Mumford,
2003]) The different visual areas (boxes) are linked together as
a Markov chain. The activity in V1, x; , is influenced by the
bottom-up feedforward data x( and the probabilistic priors P(x | x2)
fed back from V2. The concept of a Markov chain is important
computationally because each area is influenced mainly by its direct

neighbors. . . . . . ..o



1.3 Schematic of the canonical microcircuit for predictive coding
(adapted from [Bastos et al., 2012a]) A Here, prediction error pop-
ulations are highlighted in pink. Inhibitory connections are shown in
red, while excitatory connections are in black. (...) In this scheme,
expectations (about causes and states) are assigned to (excitatory
and inhibitory) interneurons in the supragranular layers, which are
passed to infragranular layers. The corresponding prediction errors
occupy granular layers, while superficial pyramidal cells encode
prediction errors that are sent forward to the next hierarchical level.
Conditional expectations and prediction errors on hidden causes are
associated with excitatory cell types, while the corresponding quan-
tities for hidden states are assigned to inhibitory cells. Dark circles
indicate pyramidal cells. Finally, we have placed the precision of the
feedforward prediction errors against the superficial pyramidal cells.
This quantity controls the postsynaptic sensitivity or gain to (intrinsic
and top-down) presynaptic inputs. B This schematic illustrates the
functional asymmetry between the spectral activity of superficial
and deep cells predicted theoretically. (...) The bottom panel shows
the spectral density of deep pyramidal cell activity, given the spectral
density of superficial pyramidal cell activity in the top panel. The
equation expresses the spectral density of the deep cells as a function
of the spectral density of the superficial cells (...). This schematic
1s meant to illustrate how the relative amounts of low (beta)- and
high (gamma)-frequency activity in superficial and deep cells can be

explained by the evidence accumulation implicit in predictive coding. 42
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1.4 Different types of cross-frequency coupling (adapted from
[Jirsa and Mueller, 2013]). A Signal X at a given constant fre-
quency fluctuating in the amplitude over time (red line). B Power
to power CFC: Signal Y1 at about 5 times higher frequency than
in the signal X showing slow amplitude modulations over time like
signal X (red line). C Phase to phase CFC: Signal Y2 showing
3:1 phase to phase coupling with signal X. One oscillation period
of signal X corresponds to three periods of signal Y2. D Phase
to power CFC: Signal Y3 with fast amplitude modulations, which
are related or coupled with the phase of the signal X. E Phase to
frequency CFC: Signal Y4 with frequency modulations, which are
coupled with phase changes of signal X. F Power to frequency CFC:
Signal Y5 with frequency modulations, which are coupled with the
slow amplitude modulations of signal X (red line). G Frequency
to frequency CFC: Signal Y6 with slower frequency modulations
than in the signal Y5. The different types of CFC are not mutually
exclusive [Jensen and Colgin, 2007]. It can be seen for instance,
that slow amplitude modulations of Signal X are coupled not only
with the amplitude changes of the signal Y1 but also with frequency
changes of signals Y5 and Y6, which are at the same time coupled

in their frequency modulations. . . . . . . .. ... ... L. 46
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2.1 Coupling Analysis Overview: Recordings were made from four
UECoG arrays spanning auditory cortex while monkeys listened
to one of 20 natural vocalizations (VOC), 20 synthetic envelope-
preserved sounds (EPSs) or 20 synthetic spectrum-preserved sounds
(SPSs). Electrodes were partitioned into four sectors along the cau-
dorostral axis (S1: A1/ML (primary auditory cortex/middle lateral
belt), S2: R (rostral core region of the auditory cortex / AL (anterior
lateral belt region of the auditory cortex), S3: RTL (lateral rostrotem-
poral belt region of the auditory cortex), S4: RTp (rostrotempo-
ral pole area)). We decomposed the signal into its time-frequency
representation, and obtained amplitude and phase components for
each sector. We investigated two types of coupling across sectors:
amplitude-amplitude and phase-amplitude coupling. We computed
both types of coupling in the bottom-up and top-down direction.
Top-down coupling was defined as coupling in which the source
electrode came from a sector of higher order than the target electrode,

and vice versa for bottom-up coupling. . . . . . ... ... ... .. 59
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2.2 Top-down vs. bottom-up phase-amplitude and amplitude-
amplitude coupling in natural vocalizations (VOC). (A-B) Phase-
amplitude coupling (PAC) strength in the top-down (A) and bottom-
up direction (B). Depicted are canonical correlation-derived coupling
coefficients (see Methods and Materials). (C) Difference in top-
down and bottom-up in PAC strength. Significant differences are
enclosed by black rectangles (p<0.01, cluster-corrected). (D-E)
Amplitude-amplitude coupling (AAC) strength in the top-down (D)
and bottom-up direction (E). Depicted are canonical correlation-
derived coupling coefficients. (F) Difference between top-down and
bottom-up in AAC strength. Significant differences are enclosed by
black rectangles (p<0.01, cluster-corrected). Results are depicted
averaged across all channels, cross-regional pairs, and animals.
Supporting Figures: Fig. S1-1,S1-2,S1-3 . . . ... .. ... ... 70

2.3 Top-down versus bottom-up phase-amplitude coupling strength
(PAC) across the auditory hierarchy in natural stimuli Differ-
ence in top-down and bottom-up phase-amplitude coupling (PAC)
strength for CFC between sectors 1 (A1/ML) and 2 (R/AL) (A),
sectors 1 (A1/ML) and 3 (RTL) (B), sectors 1 (A1/ML) and 4 (RTp)
(C), sectors 2 and 3 (D), sectors 2 and 4 (E) and sectors 3 and 4 (F)
(see Methods and Materials 3.5 for sector definitions). Interactions
between sector 1 (A1/ML) and higher order sectors show strong
asymmetries in bottom-up and top-down coupling strength across
the frequency spectrum; interactions among higher-order sectors
(S2-S4) show less widespread asymmetries. Significant differences
are enclosed by black rectangles (p<0.01, cluster-corrected). Results
are depicted averaged across all channels and animals. Supporting

Figures: Fig. S1-4. . . . . . . .. ... oo 72

List of Figures 17/174



2.4 Top-down vs. bottom-up phase-amplitude and amplitude-
amplitude coupling in synthetic envelope-preserved stimuli
(EPS) and synthetic spectrum-preserved stimuli (SPS) (A) Dif-
ference in top-down and bottom-up PAC strength in EPS stimuli. (B)
Difference in top-down and bottom-up AAC strength in EPS stimuli.
(C) Difference in top-down and bottom-up PAC strength in SPS
stimuli. (D) Difference in top-down and bottom-up AAC strength in
SPS stimuli. Significant differences are enclosed by black rectangles
(p<0.01, cluster-corrected). Results are depicted averaged across all
channels, cross-regional pairs, and animals. Supporting Figures: Fig.

S1-5, S1-6, S1-7, S1-8,S1-9,S1-10 . . . . ... ... ... .. .. 74

2.5 Phase-amplitude and amplitude-amplitude coupling strength in
natural vocalizations (VOC) compared to synthetic envelope-
preserved sounds (EPS) and spectrum-preserved sounds (SPS)
(A-B) Difference in PAC strength between natural (VOC) and syn-
thetic envelope-preserved sounds (EPS), separately in the top-down
(B) and bottom-up direction (C). (C-D) Difference in AAC strength
between VOC and EPS, separately in the top-down (C) and bottom-
up direction (D). Significant differences are enclosed by black rect-
angles (p<0.01, cluster-corrected). Results are depicted averaged
across all channels, cross-regional pairs, and animals. Supporting

Figures: Fig. S1-11 . . . . .. .. .. ... . 76
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3.1 Task and Model Overview. (A) Sequence of events in the task. (B)
Coronal section showing approximate location of recording chamber.
(C) The eight possible movement-sequences used in the task. (D)
Trial structure. Trials were arranged into blocks of 8 repeats of the
correct movement-sequence plus a variable number of error trials
(i.e. sequence S1 followed by sequence S5). (E) Corticostriatal
model, consisting of a prefrontal network and a striatal network of
recurrently connected units. The prefrontal network selects actions
based on inputs from the striatal network. The striatal network
outputs action values based on inputs specifying actions performed

andrewards received. . . . . . . . . ..o 102

3.2 Task coding. The correct movement sequence (S5) was signalled by
the corresponding output units while units coding other movement
directions stay flat. Actions (light blue) were indicated by pulses in
the prefrontal network’s output units corresponding to a particular
direction. Rewards (dark blue, plotted on top) were delivered at the
end of action pulses. Action values (red, plotted on top) were indi-
cated by striatal output units corresponding to a particular direction;

action values increased after reward delivery. . . . . . .. ... .. 104
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3.3 Corticostriatal model: autonomous behavior. Sample transition
between two blocks in which the correct sequence switches (from
S2, in magenta, to S4, in light brown; block transition indicated by
vertical grey dotted line). Decoded Actions (light blue) are plotted
together with rewards (dark blue) and action values (red) for all
output units. Action values spike after correctly executed, rewarded
actions and increase with successive correct actions. Action values
for wrong, unrewarded moves decay quickly. Trials with erroneous
movements remain unrewarded and are repeated, just like in the

original experiment. Supporting Figures: Fig. S2-1 . . . . . .. .. 106

3.4 Model Performance. A Outputs of prefrontal model network (blue)
versus targets (black) for a sample test block. B Outputs of striatal
model network (red) versus targets (black) for the same sample test
block as in A. C-D Mean squared error (MSE) between outputs and
targets averaged over 25 test blocks. MSE is depicted as a function of
trials after the sequence switched for all output units in the prefrontal

(C) and striatal network (D). Supporting Figures: Fig. S2-2 . . . . . 108
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3.5 Comparison of model and recorded data A CCA projections
(canonical variables) for the prefrontal model network (left) and
the neural data recorded from IPFC (right). These projections show
the directions in state-space along which the data is maximally cor-
related with the model. Each row shows one canonical variable
(CV 1-5). Traces are colored based on the mean value of the pro-
jection across the entire depicted duration of the trace. Traces show
responses for the whole length one movement-sequence which is
composed of three sequential movements (black dots mark move-
ment onset). B CCA projections for the striatal model network (left)
and the neural data recorded from dSTR (right). C Summary of
canonical correlations between model and neural data. CCA anal-
ysis provides a spectrum of of correlation coefficients that can be
used to assess model performance (see Methods and Materials). The
canonical correlation coefficients are shown for the trained model
(striatal network in dark red and prefrontal network in dark magenta),
as well as for an untrained network with the same inputs which as a
baseline (striatal network in light red, and prefrontal network in light
magenta). D Fraction of correct decisions as a function of trials after
the sequence switched, separately for the behavior of the two animals
(solid line), the performance of the Q-learning algorithm (broken
line; see Methods and Materials-Corticostriatal model-Coding), and
the performance of the corticostriatal model network system (dotted

line; see Methods and Materials-Corticostriatal model-Autonomous
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3.6 Evolution of latent task coding with learning for PFC record-
ings and model network. A-D IPFC neural recordings. Latent task
trajectories during the execution of the three-movement sequence
depicted in three-dimensional latent space (obtained from dPCA
using the sequence dimension; see Methods and Materials-Neural
Data-Data Analysis). Latent trajectories for all eight possible move-
ment sequences (S1-S8) are plotted together, for increasing certainty
(fraction correct) levels (A-C). D Euclidean distance between all
sequence trajectories within the two clusters (brightly and lightly col-
ored trajectories) as a function of increasing certainty (see Methods
and Materials-Neural Data-Data Analysis). E-H PFC model network.
Latent task trajectories during the execution of the three-movement
sequence depicted in three-dimensional latent space (obtained from
dPCA using the sequence dimension, as in A-D). Latent trajectories
for all eight possible movement sequences (S1-S8) are plotted to-
gether, for increasing certainty levels (E-G). H Euclidean distance
between all sequence trajectories within the two clusters (brightly
and lightly colored trajectories) as a function of increasing certainty

level (calculatedasinD). . . . . .. ... ... ... .. .. .... 112
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3.7 Evolution of potential surface with learning in PFC model net-
work. A-C Latent trajectories (obtained through dPCA) for two
different movement sequences are depicted in two dimensional la-
tent space (S1 in blue and S4 in red, on the bottom). Solid dots
depict the beginning (green) and end (black) of the three-movement
sequence. The surface depicts the potential energy of the network
in the two dimensional space in which the two sequence trajectories
sit. To obtain the potential surface, the network was iterated one step
forward with inputs held fixed to a particular chosen timepoint (ma-
genta dot; see Methods and Materials-Corticostriatal Model-Model
Analysis). Latent movement-sequence trajectories and potential sur-
face are depicted for increasing certainty (fraction correct) levels in
A-C. D Minimum path length between the gradient minima of all
sequence pairs in the test set. Path length was calculated along the
joint gradient surface by using Dijkstra’s algorithm (see Methods
and Materials-Corticostriatal Model-Model Analysis). Results are

depicted for increasing certainty levels. . . . . .. ... ... ... 114
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3.8 Evolution of latent task coding with learning for STR record-
ings and model network. A-D dSTR recordings. Latent task trajec-
tories during the execution of the three-movement sequence depicted
in three-dimensional latent space (obtained from dPCA using the
sequence dimension; see Methods and Materials-Neural Data-Data
Analysis). Latent trajectories for all eight possible movement se-
quences (S1-S8) are plotted all together for increasing certainty
(fraction correct) levels (A-D). D Euclidean distance between all
sequence trajectories within the two clusters (brightly and lightly col-
ored trajectories) as a function of increasing certainty level (see Meth-
ods and Materials-Neural Data-Data Analysis). E-H STR model
network. Latent trajectories for all eight possible movement se-
quences (S1-S8) are plotted together in dPCA-derived latent space
(obtained as in A-D) for increasing certainty (fraction correct) lev-
els (E-G). H Euclidean distance between all sequence trajectories
within the two clusters (brightly and lightly colored trajectories) as a

function of increasing certainty level. . . . . . . ... ... ... .. 115

List of Figures 24/174



3.9 Evolution of gradient landscape with learning in STR model
network. A-C Latent trajectories (obtained through dPCA) for two
different movement sequences (S1 in blue, S4 in red) are depicted
in two dimensional latent space (bottom). Solid dots depict the be-
ginning (green) and end (black) of the three-movement sequence.
The surface depicts the gradient of the network in the two dimen-
sional space in which the two sequence trajectories sit. To obtain
the gradient manifold, the network was iterated one step forward
with inputs held fixed to a particular chosen timepoint (magenta dot;
see Methods and Materials-Corticostriatal Model-Model Analysis).
Latent movement-sequence trajectories and gradient surfaces are
depicted for increasing certainty (fraction correct) levels (50%, 75%
and 90% certainty in A-C). D Minimum path length between the
gradient minima of all sequence pairs in the test set. Path length
was calculated along the joint gradient surface by using Dijkstra’s
algorithm (see Methods and Materials-Corticostriatal Model-Model
Analysis). Results are depicted for increasing certainty levels. . . . 116

3.10 Shaping of latent movement sequence representations with
learning. A-B Latent trajectory for a single movement sequence
(obtained through dPCA) depicted in two dimensional latent space
for increasing certainty levels (from low, in light blue, to high in
dark blue). Neural recordings from dSTR (A) and STR model net-
work (B). C-F Euclidean distance between a sequence’s centroid
(multi-dimensional mean across time) and each point in time for all
sequences in the test set (averaged across time points), as a function
of increasing certainty (fraction correct). Neural recordings from
dSTR (C) and STR model network (D). Neural recordings from

IPFC (E) and PFC model networks (F). . . . . . . ... ... .... 118
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3.11 Relating the change in latent representations with learning to
changes in mean firing rate. A Data from neural recordings in
dSTR. (a) The first principal component (dPCA) of neural population
activity for the same sequence as in (Fig. 3.10A) plotted across
time, for increasing certainty levels (from light to dark blue). (b)
Mean firing rate (FR) in Hz over time for increasing certainty levels.
FR is averaged over all units in the recording. The correlation
between the change in latent trajectories and mean FR with learning
is p = 0.2950 (p = 2.17¢ — 56). B Data from neural recordings in
PFC. (a),(b) as in A. The correlation between the change in latent
trajectories and mean FR with learning is p = 0.2400 (p = 2.41e —
37). Dots indicate whether the period immediately to the right of the
dots was a hold period (red dot) or a move period (green dot). . . . . 119

3.12 Latent representations of correct and wrong movements in the
STR model network. Latent trajectories of single movements (ob-
tained through dPCA) from the first trial after a sequence switch
imaged in three dimensional latent space. Representations for cor-
rectly executed movement representations (solid lines) are depicted
alongside wrongly executed ones (dotted lines). . . . . .. ... .. 120

3.13 Decoding sequence identity from latent trajectories. Fraction of
correctly decoded sequence identities (in %). Sequence identity
was decoded by projecting the test sequence into latent space and
computing the Euclidean distance to all sequence trajectories in
latent space. The test sequence was then assigned the same label
as the closest sequence trajectory. Results are averaged across all
trials. Decoding performance was at 28% for dSTR (left) and at
59% for PFC latents (right; leave-one-out cross validation). Chance

performance was at 12.5%. . . . . . . ... ... 121
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3.14 Decoding sequence identity from latent trajectories as a func-
tion of certainty level. Fraction of correctly decoded sequence
identities (in %). Sequence identity was decoded by projecting the
test sequence into latent space and computing the Euclidean distance
to all sequence trajectories in latent space. The test sequence was
then assigned the same label as the closest sequence trajectory. Re-
sults are averaged across all trials. Decoding results per certainty
level for PFC (A) and for STR (B) (leave-one-out cross validation).
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Chapter 1

General Introduction

1.1 Predictive coding overview

Predictive coding is built around the idea that the brain uses an internal model to
predict incoming sensory information. This internal model is built up from previous
sensory experience and interactions with the world. Thus, before predictive coding,
there was the idea of an internal model; and before the internal model, there was the
question of how the brain could distinguish between self-generated and externally

generated sensory input [Keller and Mrsic-Flogel, 2018].

This question arises during eye movements, for instance. Why do we not
experience the very motion that drives the eyes during an eye movement? One (old)
idea is that there is an internally generated signal that cancels the sense of movement
generated from self-initiated actions, as Hermmann von Helmholtz argued [von
Helmbholtz, 1876]. What remains to be answered is what kind of signal this is. In
the representational view (Fig. 1.1A), perception is driven primarily by bottom-up
sensory input - a view in which neurons function as simple feature detectors as
described by Hubel and Wiesel [Hubel and Wiesel, 1959] -, and modulatory feedback
is relayed via a signal that provides direct information about the position of eye

muscles. In this view, the modulatory feeedback signal is derived directly from



motor cortex, and not from a complex internal model, or a cascade (or hierarchy)
of region-specific internal models. In the predictive processing view (Fig. 1.1B),
in contrast, perception is more than just bottom-up inputs; it is also immediately
affected by our predictions about the world and how our actions will affect new
incoming sensory information. In this view, predictions from internal models
are conveyed top-down, and prediction errors arising from the mismatch between
predictions and new sensory evidence are conveyed bottom-up. Crucially, unlike in
the predictive processing view, in the representational view there are no prediction
errors because there are no predictions, and there are no predictions because there

are no internal models.

The relevance of the predictive coding framework derives from its power to
account for a wide range of phenomena [Griffiths et al., 2010, Koster-Hale and
Saxe, 2013, Clark, 2013, Summerfield and de Lange, 2014, Keller and Mrsic-Flogel,
2018, Alexander et al., 2018, Singer et al., 2018]. Many visual phenomena can
be explained within a predictive coding framework [Rao and Ballard, 1999, Lee
and Mumford, 2003, Fiser et al., 2016, Singer et al., 2018]. The earliest evidence
in favor came from explaining endstopping - the suppression of neural responses
when a stimulus extends into the surround of a receptive field - as a prediction
error [Rao and Ballard, 1999]. In this view, suppression results from top-down
inhibition because of the prediction that a stimulus in a given location will extend
into neighboring receptive fields. Visual receptive field properties such as sensory
adaptation - the effect that neural activity decreases as a stimulus is repeated - can
be explained by a positive prediction error: a top-down prediction that inhibits
bottom-up input will result in the suppression of activity as a stimulus becomes more
predictable [Summerfield and de Lange, 2014, Spratling, 2017]. Consistent with
this view, contrast adaptation has been shown to be modulated by the behavioral

relevance of the stimulus [Keller et al., 2017]. When a prediction is falsified, a
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Fig 1.1. Predictive coding versus representational framework (adapted from [Keller
and Mrsic-Flogel, 2018]). A In the representational framework, internal
representations are generated by bottom-up input, while top-down inputs act as
modulatory signals. B In a hierarchical predictive processing framework, internal
representations are updated based on comparison of a top-down prediction and
bottom-up input. Prediction errors are sent forward in the hierarchy, while
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negative prediction error should result in a response increase. There were neurons in
primary auditory cortex of marmosets that were selective to deviations from expected

auditory stimuli [Eliades and Wang, 2008].

The predictive coding framework can potentially be relevant to brain function
as a whole, not just to explaining the functioning of sensory cortices [Aitchison and
Lengyel, 2017a]. Positive and negative prediction errors have been employed to
describe the functioning of the dopaminergic system [Schultz et al., 1997, Langdon

et al., 2018]. Cerebellar learning has been described with the help of internal models
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and prediction errors [Wolpert et al., 1995, Wolpert et al., 1998]. Vision and action
can be viewed as working together to minimize prediction errors [Friston et al.,
2003, Friston, 2005, Friston, 2008, Friston and Kiebel, 2009, Friston et al., 2017].
Frontal cortex - key in orchestrating goal-directed behavior - with its wide-ranging
functionality (drawing on working memory, attention, and reinforcement learning
components, as further explained below) can be cast in a unifying framework based
on predictive coding [Alexander et al., 2018]. Dysfunction of the brain such as
the positive symptoms of schizophrenia and stereotyped activity as observed in
autism could be regarded as a result of abnormally increased or decreased activity of
top-down signals [Corlett et al., 2009, Sinha et al., 2014, Keller and Mrsic-Flogel,
2018]. Going further, one could view theory of mind - the way we think about others

- as an instantiation of predictive coding [Koster-Hale and Saxe, 2013].

Moving one level down Marr’s hierarchy of analysis [Marr and Poggio, 1976],
how can the computational mechanisms of predictive coding be implemented al-
gorithmically? Traditionally, it has been conceived of as a hierarchical cascade of
predictive processes (Fig. 1.2) in which activity in the higher-order area predicts
and constrains activity in the area immediately below [Rao and Ballard, 1999, Lee
and Mumford, 2003]. Predictive coding can be cast as empirical Bayesian infer-
ence. Predictions from the currently best model are fed downward via top-down
connections and act as priors (P(x; |x2)) to the inferential process taking place at a
level below. As long as activity at the level below evolves as predicted, the model
does not need to change. Only when there is a mismatch between predictions and
new sensory evidence, a prediction error (X;) is generated and relayed to the level
above via bottom-up connections. This way of signalling the difference between
actual and expected activity makes this coding scheme more efficient in terms
of the bandwidth required for information transmission (as opposed to the naive

approach of relaying all incoming information to the higher-order area). This
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Fig 1.2. Schematic of the proposed hierarchical Bayesian inference framework in the
cortex (adapted from [Lee and Mumford, 2003]) The different visual areas
(boxes) are linked together as a Markov chain. The activity in V1, x , is influenced
by the bottom-up feedforward data xo and the probabilistic priors P(x; | xz) fed back
from V2. The concept of a Markov chain is important computationally because
each area is influenced mainly by its direct neighbors.

feature of predictive coding stems from the theory’s origins in signal processing
where it had been developed as a data compression technique [She and Sun, 1999].
Predictive coding can be equivalently cast as a form of particle filtering and belief
propagation [Lee and Mumford, 2003], or as free-energy minimization [Friston

et al., 2003, Friston, 2005,Friston, 2008, Friston and Kiebel, 2009, Friston et al., 2017].

If this (Bayesian) view of the brain is correct, then the brain should encode
probability distributions and integrate prior expectations with new information
in a Bayesian way. Behavioral evidence that humans act as rational Bayesian
estimators [Kording and Wolpert, 2004, Kording et al., 2007] can thus be taken
as indirect evidence in favor of the predictive coding framework. Indirect only,
because one cannot conclude that a system actually implements Bayesian inference
just because its outputs look Bayesian. Thus, there are still many details left to be
worked out in how predictive coding is actually implemented in the brain [Bastos

et al., 2012a, Keller and Mrsic-Flogel, 2018].

Moving another level down Marr’s hierarchy [Marr and Poggio, 1976], there

are three components to implementing the predictive coding algorithm in neural
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circuits. (1) One needs a way to compute the prediction error between bottom-up
inputs and predictions, (2) a way to maintain internal models from which to derive
predictions, and (3) a way to modulate the weight or precision of the prediction
error (potentially modulated by attention). These three functions could potentially
be mapped onto different parts of the cortical column (Fig. 1.3A), with superficial
pyramidal cells computing prediction errors and adjusting the precision of the update

and deep pyramidal cells encoding predictions [Bastos et al., 2012a].

The implications of conveying prediction errors and predictions in a manner
prescribed by predictive coding will be the focus of the next section of this introduc-
tion (Ch. 1.2) and testing these implications is the goal of the first part of this work
(Ch. 2). The section thereafter (Ch. 1.3) will be an introduction to component (2),
the maintaining and updating of predictions during learning, which is the focus of

the rest of this work (Ch. 3).

1.2 Top-down vs. bottom-up information processing

Predictive coding theory says predictions are conveyed downwards (via top-down
connections) while prediction errors resulting from the mismatch between predic-
tions and actual experience are conveyed back upwards (via bottom-up connections)
so that predictions can be updated. The differences in informational content carried
by top-down and bottom-up connections (predictions and prediction errors, respec-

tively) imply differences in the expected spectral profiles (Fig. 1.3B).

In the generative model that underlies predictive coding, non-linear functions
appear only in the top-down direction. Predictions, communicated via top-down
connections, are a non-linear function of conditional expectations. Conversely,

bottom-up connections convey a linear mixture of prediction errors. In sum, in-
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Fig 1.3. Schematic of the canonical microcircuit for predictive coding (adapted
from [Bastos et al., 2012a]) A Here, prediction error populations are highlighted
in pink. Inhibitory connections are shown in red, while excitatory connections are
in black. (...) In this scheme, expectations (about causes and states) are assigned to
(excitatory and inhibitory) interneurons in the supragranular layers, which are
passed to infragranular layers. The corresponding prediction errors occupy granular
layers, while superficial pyramidal cells encode prediction errors that are sent
forward to the next hierarchical level. Conditional expectations and prediction
errors on hidden causes are associated with excitatory cell types, while the
corresponding quantities for hidden states are assigned to inhibitory cells. Dark
circles indicate pyramidal cells. Finally, we have placed the precision of the
feedforward prediction errors against the superficial pyramidal cells. This quantity
controls the postsynaptic sensitivity or gain to (intrinsic and top-down) presynaptic
inputs. B This schematic illustrates the functional asymmetry between the spectral
activity of superficial and deep cells predicted theoretically. (...) The bottom panel
shows the spectral density of deep pyramidal cell activity, given the spectral density
of superficial pyramidal cell activity in the top panel. The equation expresses the
spectral density of the deep cells as a function of the spectral density of the
superficial cells (...). This schematic is meant to illustrate how the relative amounts
of low (beta)- and high (gamma)-frequency activity in superficial and deep cells can
be explained by the evidence accumulation implicit in predictive coding.
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formation conveyed via top-down connections (feedback) should exhibit relatively
more non-linearities than information conveyed via bottom-up connections (feedfor-

ward) [Bastos et al., 2012a].

Another way of viewing this is that neural populations representing predictions
should exhibit relatively more low frequencies than those in which prediction errors
arise (Fig. 1.3B). This is because the linear accumulation of evidence in higher-order
areas is expected to result in the attenuation of higher (gamma-range) frequencies
(through Bayesian filtering). Conversely, neural populations representing prediction
errors should exhibit relatively more high frequencies. This is because prediction er-
rors are a non-linear function of predictions, and the non-linearity can induce higher
(gamma-range) frequencies (think of how a low frequency rhythm is converted
into a high frequency rhythm by a squaring operation). In sum, higher-order areas
where predictions are formed should exhibit lower frequencies than lower-order
areas where prediction errors arise [Bastos et al., 2012a, Friston et al., 2017]. A few
studies support this view [Fontolan et al., 2014, Bastos et al., 2015, Michalareas

et al., 2016, Chao et al., 2018], but not without exceptions.

It is usually not easy to validate the tenets of the predictive coding framework
experimentally and distinguish them from those of the representational framework
(Fig. 1.1A vs. B). This is because experimentalists have much better control over
bottom-up inputs than over top-down predictions [Keller and Mrsic-Flogel, 2018].
But here we have found a way to tease the two apart by looking at bi-directional
information flow. Note that in the representational view (Fig. 1.1A), there is no
reason to expect particular asymmetries in the frequency spectra of information

conveyed upwards and downwards along the cortical hierarchy.

Cross-frequency coupling (CFC) offers a way to study the spectral profile of
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information flow in the brain. Measures such as coherence examine linear interac-
tions at the same frequency only, whereas CFC considers (non-linear) interactions
across frequencies. Of the many forms CFC could theoretically take on [Jirsa and
Mueller, 2013], phase-amplitude (Fig. 1.4D) and amplitude-amplitude (Fig. 1.4B)
interactions have shown the highest biological relevance. Phase-amplitude CFC
(PAC) occurs when the phase of a target signal at a specific frequency band is
modulated by the amplitude of a source signal at a different frequency band; in the
case of amplitude-amplitude CFC (AAC), it is the amplitude in the source signal

that modulates the target signal.

Based on the predictive coding view outlined above, we would expect to see
relatively more non-linear cross-frequency interactions in the top-down direction.
Conversely, linear same-frequency interactions should predominate in the bottom-up
direction. Importantly, we do not expect to find stronger (non-linear) cross-frequency
interactions in the bottom-up direction. We will test this explicitly in (Ch. 2) using a
method that allows us to obtain directional estimates of cross-frequency coupling -
and thus obtain directional estimates of the information conveyed across the cortical

hierarchy.

CFC, in particular coupling between low-frequency phase and high-frequency
power, has been reported across many brain regions and during a wide range of
tasks [Schack et al., 2002, Canolty et al., 2006, Jensen and Colgin, 2007, Cohen,
2008, Tort et al., 2008, Tort et al., 2009, Canolty and Knight, 2010, Kendrick et al.,
2011,Bosman et al., 2012, Doesburg et al., 2012, Jirsa and Mueller, 2013, Fontolan
et al., 2014, Hyafil et al., 2015b, Colgin, 2015]. Mechanistically, CFC could allow
for the control of spiking activity through the modulation of the amplitude of
high-frequency oscillations by the phase of low frequency oscillations [Buzsaki

et al., 2012, Ray and Maunsell, 2011].
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Bottom-up CFC has been proposed to help with stimulus encoding [Giraud
and Poeppel, 2012, Ghitza et al., 2013, Hyafil et al., 2015a]. In this view, cortical
theta oscillations track the syllabic rhythm of speech and, in turn, reset the spiking
of neurons at a gamma frequency level through 8-y PAC. This ensures that neural

excitability is optimally aligned with incoming speech.

It is conceivable that top-down (predictive) signals exert influence on lower-
order areas through oscillatory mechanisms. [von Stein et al., 2000, Wang,
2010, Salazar et al., 2012, Arnal and Giraud, 2012, Bastos et al., 2012a, Bosman
et al., 2012, Bressler and Richter, 2015]. Inter-areal coupling in the same frequency
band (also referred to as coherence, or synchrony), in particular in the low frequency
range (< 30Hz), has been observed during many tasks that draw on top-down
processes such as working memory or attention [von Stein et al., 2000, Lakatos
et al., 2005, Lakatos et al., 2008, Wang, 2010, Salazar et al., 2012, Bressler and
Richter, 2015, Park et al., 2015, Lakatos et al., 2016]. Low-frequency oscillations in
human auditory cortex, for instance, have been shown to be modulated by frontal
signals in the delta and theta frequency range; oscillations in auditory cortex then, in
turn, increased their coupling to continuous speech [Park et al., 2015]. Top-down
oscillatory processes may reflect the modulatory activity of predictions on auditory
processing [Poeppel et al., 2008, Wild et al., 2010, Davis et al., 2011, Gagnepain
et al., 2012, Arnal and Giraud, 2012, Chao et al., 2018]. The effect of non-linear,
cross-frequency coupling in the top-down direction has been largely left unexplored,

however.

To a large part, this is because previous studies were not able to properly assess
the differential effect of CFC in the two directions. Many previous studies that

explored CFC did not compute directional estimates [Cohen, 2008, Canolty et al.,
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Fig 1.4.
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Different types of cross-frequency coupling (adapted from [Jirsa and Mueller,
2013]). A Signal X at a given constant frequency fluctuating in the amplitude over
time (red line). B Power to power CFC: Signal Y1 at about 5 times higher
frequency than in the signal X showing slow amplitude modulations over time like
signal X (red line). C Phase to phase CFC: Signal Y2 showing 3:1 phase to phase
coupling with signal X. One oscillation period of signal X corresponds to three
periods of signal Y2. D Phase to power CFC: Signal Y3 with fast amplitude
modulations, which are related or coupled with the phase of the signal X. E Phase
to frequency CFC: Signal Y4 with frequency modulations, which are coupled with
phase changes of signal X. F Power to frequency CFC: Signal Y5 with frequency
modulations, which are coupled with the slow amplitude modulations of signal X
(red line). G Frequency to frequency CFC: Signal Y6 with slower frequency
modulations than in the signal YS. The different types of CFC are not mutually
exclusive [Jensen and Colgin, 2007]. It can be seen for instance, that slow
amplitude modulations of Signal X are coupled not only with the amplitude
changes of the signal Y1 but also with frequency changes of signals Y5 and Y6,
which are at the same time coupled in their frequency modulations.

1.2. TOP-DOWN VS. BOTTOM-UP INFORMATION PROCESSING 46/174



2006, Bruns and Eckhorn, 2004, Tort et al., 2010, Voytek et al., 2013, van Wijk et al.,
2015] and were thus not able to distinguish between bottom-up (feedforward) or top-
down (feedback) components. Other studies that considered directionality employed
different measures to look at direction of information flow and coupling strength,
and do not consider cross-frequency interactions [Bastos et al., 2012b, Michalareas
et al., 2016, Bastos et al., 2015, Fontolan et al., 2014]. The dynamic causal modelling
(DCM) framework [Friston et al., 2017, Friston et al., 2003, Chen et al., 2008] can be
employed to compute directional estimates of interactions across frequencies [Furl
et al., 2014]. Current implementations of DCM, however, apply a dimensionality
reduction step in order to enhance computational efficiency by applying a singular
value decomposition to the data from the source region, and then projecting the data
from the target region into this reduced space to compute coupling estimates [Chen
et al., 2008]. The variance preserving dimensions in the source and target space are
not necessarily the dimensions that maximize correlations between source and target

space, so interactions may be missed.

This work (Ch. 2) proposes a new method to obtain directional estimates
of cross-frequency coupling (CFC) which remedies shortcomings of previous ap-
proaches. This method integrates Granger-causality within a canonical correlation
framework to allow for computationally efficient calculation of CFC. This method is
subsequently employed to study differences in bi-directional information processing
through CFC in macaque auditory cortex. In this way, the work presented here ex-

amined whether the tenets of predictive coding hold using cross-frequency coupling.

The results of this work revealed signature patterns of directional information
processing among cross-regional CFCs in macaque auditory cortex. These patterns

were highly preserved across coupling types and stimulus types.
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1.3 Learning to predict

Another important question in predictive coding is how neural circuits maintain and
update predictions as learning develops (Ch. 1.1; [Keller and Mrsic-Flogel, 2018]).
One key area where predictions play a role is in allowing agents to pick actions based
on their values, which is known as reinforcement learning (RL). Fundamentally, RL
is a form of predictive learning. It drew inspiration from Pavlovian conditioning and
instrumental conditioning in the psychological literature [Sutton and Barto, 2018].
In instrumental conditioning, and in RL, an agent seeks to select those actions that
will increase the probability of reward, or viewed over the long-term, maximize some
measure of overall reward or value. This implies building accurate predictions of
the rewards or values associated with certain states or actions. There are different
ways to implement RL as a learning algorithm [Sutton and Barto, 2018], but not all
are equally likely to be implemented in the brain. A special form of RL known as
temporal-difference (TD) learning has been the most successful so far in terms of
accounting for neuroscientific findings [Niv, 2009, Averbeck and Costa, 2017]. In
TD-learning, reward prediction occurs with the first cue that predicts future reward
(Eq. 1.1; r represents the reward at a particular time step, ¥ the discount factor, and
V the value of a particular state); if a predicted reward is omitted or a reward is given
that was not predicted, a reward prediction error is issued (again mapping onto the
prediction error terminology in predictive coding). This prediction error is used to

update value estimates (Eq. 1.2; a represents the learning rate).

O = 11 + YVora(Si+1) — Vora(Sr) (1.D)

Vaew(St) = Vora(St) + o (re + YVora(Se+1) — Vora(St)) (1.2)

Previous experimental and modeling work has mapped aspects of RL onto
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the fronto-striatal systems in the brain [Niv, 2009, Lee et al., 2012, Botvinick,
2012, Botvinick and Weinstein, 2014, Averbeck and Costa, 2017, Wang et al.,
2018, Niv, 2019]. More specifically, the striatum has been found to encode ac-
tion values [Houk, 1995, Suri and Schultz, 1998, Doya, 1910, Nakahara et al.,
2001, O’Doherty et al., 2004, Frank et al., 2004, Frank, 2005, Samejima et al.,
2005, Pasupathy and Miller, 2005, Histed et al., 2009, Amemori et al., 2011, Daw
et al., 2011, Sarvestani et al., 2011, Li and Daw, 2011, Seo et al., 2012, Averbeck
and Costa, 2017] and dopaminergic neurons that project to the striatum have been
shown to represent prediction errors [Schultz et al., 1997, Niv, 2009]. Meanwhile,
areas within the prefrontal cortex (PFC) have been implicated in action selection
and decision making, as well as planning and prediction of future outcomes [Wood
and Grafman, 2003, Friston, 2005, Averbeck et al., 2006, Cheong et al., 2006, Koech-
lin and Summerfield, 2007, Tsujimoto et al., 2008, Sakai, 2008, Histed et al.,
2009, Collins and Koechlin, 2012, Botvinick, 2012, Stokes et al., 2013, Lim and
Goldman, 2013, Verschure et al., 2014, Botvinick and Weinstein, 2014, Domenech
and Koechlin, 2015, Rich and Wallis, 2016, Balaguer et al., 2016, Alexander et al.,
2018, Aitchison and Lengyel, 2017b, Wallis et al., 2019, Radulescu et al., 2019].
Value signals were found to be stronger in the striatum than in the PFC, while choice
signals were stronger in the PFC [Pasupathy and Miller, 2005, Samejima et al.,

2005, Averbeck et al., 2006, Seo et al., 2012].

By treating neural circuits as a dynamical system and modeling their behav-
ior during task execution one can gain insight into the underlying computational
mechanisms [Rabinovich et al., 2008, Buonomano and Maass, 2009, Sussillo and
Abbott, 2009, Sutskever, 2013, Shenoy et al., 2013, Mante et al., 2013, Sussillo and
Barak, 2013, Barak et al., 2013, Hennequin et al., 2014, Carnevale et al., 2015, Ra-
jan et al., 2016, Gallego et al., 2017, Wang et al., 2017, Chaisangmongkon et al.,
2017, Remington et al., 2018, Wang et al., 2018, Yang et al., 2018, Gallego et al.,

1.3. LEARNING TO PREDICT 49/174



2018, Kurikawa et al., 2018, Botvinick et al., 2019, Musall et al., 2019, Richards
et al., 2019, Haesemeyer et al., 2019, Maheswaranathan et al., 2019, Hasson et al.,
2020]. Recurrent neural networks (RNNs) trained on the same behavioral task
as experimental animals can serve as a neural circuit model; once trained, these
networks can be probed for any structure that has emerged [Sussillo and Abbott,
2009, Sussillo and Barak, 2013, Musall et al., 2019]. While artificial RNNs do not
display a high degree of verisimilitude to real biological neural networks (i.e. in
using backpropagation in adjusting weights, and adjusting connection weights only
once during training instead of continously), they do include recurrent connections
(just as real brains) and are able to recapitulate a lot of the features observed in
real neural data. In contrast to simple latent variable models (which abstract away
from real behavioral complexity), RNNs allow for studying tasks with rich, complex
behavior. By studying increasingly complex behavior one can glean further insight
into the representational structure present in real neural networks [Musall et al.,
2019]. If the population dynamics in the artificial network can account for a large
percentage of the variance observed in the neural recordings, the cost function
used to train the artificial network is likely related to how the animal solves the
task. One can then reverse-engineer the artificial network, determining how the
dynamics account for task performance. This approach has revealed how tasks
are represented in neural population dynamics in prefrontal cortex [Mante et al.,
2013, Chaisangmongkon et al., 2017, Wang et al., 2018]. Going beyond single-unit
dynamics, this approach has shown how task execution is regulated by fixed and slow
point regions within population dynamics [Mante et al., 2013, Chaisangmongkon
et al., 2017]. So far, these methods have only been used to study dynamics once the

values of choices have already been learned.

Here (Ch. 3), this method was adapted to study how network representations

develop and evolve as an animal learns to make choices based on rewards. A
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recurrent neural network (RNN) model of the corticostriatal system was developed
and trained on a sequence-learning task. This model consisted of a ’striatal’ network
generating action values and a *prefrontal’ network choosing actions based on those
values. Recordings were obtained from the dorsal striatum (dSTR) and the lateral
prefrontal cortex (IPFC) of two monkeys trained on the same learning task. Model

and recordings were probed for the dynamics underlying task learning.
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Chapter 2

Signature patterns for top-down and
bottom-up information processing
via cross-frequency coupling in

macaque auditory cortex

The material in this chapter was presented at the Society for Neuroscience (SFN)

conference 2016 and was published on bioarxiv and eNeuro: [Marton et al., 2019]


http://biorxiv.org/cgi/content/short/403980v2
https://www.eneuro.org/content/6/2/ENEURO.0467-18.2019

Abstract

Predictive coding is a theoretical framework that provides a functional interpretation
of top-down and bottom up interactions in sensory processing. The theory suggests
there are differences in message passing up vs. down the cortical hierarchy. These
differences result from the linear feedforward of prediction errors, and the nonlinear
feedback of predictions. This implies that cross-frequency interactions should pre-
dominate top-down. But it remains unknown whether these differences are expressed
in cross-frequency interactions in the brain. Here we examined bi-directional cross-
frequency coupling across four sectors of the auditory hierarchy in the macaque.
We computed two measures of cross-frequency coupling, phase-amplitude coupling
(PAC) and amplitude-amplitude coupling (AAC). Our findings revealed distinct
patterns for bottom-up and top-down information processing among cross-frequency
interactions. Both top-down and bottom-up made prominent use of low frequen-
cies: low-to-low frequency (0, «, B) and low frequency-to-high?y couplings were
predominant top-down, while low frequency-to-low ¥ couplings were predominant
bottom-up. These patterns were largely preserved across coupling types (PAC and
AAC) and across stimulus types (natural and synthetic auditory stimuli), suggesting
they are a general feature of information processing in auditory cortex. Our findings
suggest the modulatory effect of low frequencies on y-rhythms in distant regions is
important for bi-directional information transfer. The finding of low frequency-to-
low v interactions in the bottom-up direction suggest non-linearities may also play

arole in feedforward message passing. Altogether, the patterns of cross-frequency



interaction we observed across the auditory hierarchy are largely consistent with the

predictive coding framework.

2.1 Significance

The brain consists of highly interconnected cortical areas, yet the patterns in direc-
tional cortical communication are not fully understood, in particular with regards to
interactions between different signal components across frequencies. We employed
a novel, convenient and computationally advantageous Granger-causal framework
to examine bi-directional cross-frequency interactions across four sectors of the
auditory cortical hierarchy in macaques. Our findings reveal cross-frequency in-
teractions are predominant in the top-down direction, with important implications
for theories of information processing in the brain such as predictive coding. Our
findings thereby extend the view of cross-frequency interactions in auditory cortex,

suggesting they also play a prominent role in top-down processing.

2.2 Introduction

One fundamental yet poorly understood component of cortical computation is the
presence of widespread reciprocal cortical connections [Scott et al., 2015, Romanski
and Averbeck, 2009, Kveraga et al., 2007, Salin and Bullier, 1995]. Moreover, most
previous work has focused on the visual pathways. It remains unknown whether
there are fundamental differences between top-down and bottom-up information
processing along the auditory pathway. Cross-regional top-down effects in particular
have remained unexplored, as most work has focused on bottom-up [Hyafil et al.,
2015a, Giraud and Poeppel, 2012] or intra-regional effects [Lakatos et al., 2016].
In the present study, we examined bi-directional information processing across
the macaque auditory hierarchy through an analysis of cross-frequency coupling
(CFC). We computed two types of CFC measures, amplitude-amplitude (AAC) and

phase-amplitude (PAC) coupling, for both natural and synthetic stimuli.
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Cross-frequency coupling refers to correlation between the phase or amplitude
component of one frequency and the amplitude component of other frequencies. This
differs from linear analyses like coherence, which only examine coupling between
signals at a single frequency. CFC, in contrast, considers interactions across the
frequency spectrum. CFC may occur in several forms [Jirsa and Mueller, 2013] and
has been observed during various tasks across several species including humans,
macaques, and rodents. PAC, in particular, has received widespread attention.
Coupling of low-frequency (e.g. 8, &) phase to high-frequency (e.g. 7) amplitude
has been associated with various behavioral mechanisms including learning, memory
and attention [Hyafil et al., 2015b, Colgin, 2015, Doesburg et al., 2012, Kendrick
et al., 2011, Canolty and Knight, 2010, Tort et al., 2009, Tort et al., 2008, Cohen,
2008, Jensen and Colgin, 2007, Canolty et al., 2006, Schack et al., 2002]. The
reason for interest in PAC is that it may offer a mechanistic account of information
coordination across neural populations and timescales. The phase of low-frequency
oscillations could modulate the amplitude of high-frequency oscillations, putatively
allowing control of spiking activity [Buzsdki et al., 2012, Ray and Maunsell, 2011].
AAC has also been shown to correlate with behavior [Canolty and Knight, 2010],
but has been less explored mechanistically. Here we obtained estimates of both
PAC and AAC strength as measures of cross-regional information processing in the
bottom-up and top-down direction, allowing the two measures to be contrasted and

compared in terms of informational content.

One prevalent theory of information processing in the brain which separates
bottom-up and top-down components is predictive coding. In this (Bayesian) view
of the brain, expectations are formed about incoming sensory information. These
top-down predictions (expectations) are compared with bottom-up sensory infor-

mation (outcomes) and representations are then potentially updated based on a
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prediction error (surprise), which is the difference between sensory inputs and their
expectations. Neural implementations of predictive coding suggest that predictions
are formed in higher-order areas through a (linear) accumulation of prediction errors.
The accumulation of prediction errors in higher-order areas results in the attenuation
of high frequencies, thus feedforward connections can be cast as a low-pass or
Bayesian filter. Conversely, prediction errors arising in lower-order areas are a
non-linear function of predictions. This means high frequencies can be created in
lower-order areas due to the inherent non-linearity. Hence, predictive coding implies
that lower-order areas (where prediction errors arise) should display relatively higher
frequencies (e.g. y-range) than higher-order areas (where predictions are formed)
[Bastos et al., 2012b, Friston, 2008]. Several studies have supported this view
[Michalareas et al., 2016, Bastos et al., 2015, Bastos et al., 2012b, Fontolan et al.,

2014], though not without exceptions.

It remains unknown whether this prediction is expressed in cross-frequency
interactions in the brain. Here we probe this prediction by examining differences in
cross-frequency coupling strength in the bottom-up and top-down direction across
the frequency spectrum. Based on the predictive coding framework [Bastos et al.,
2012b, Friston, 2008], we would expect there to be an asymmetry between bottom-
up and top-down interactions. This asymmetry arises due to the linear effect of
prediction errors on predictions in the bottom-up direction, and the nonlinear effect
of predictions on prediction errors in the top-down direction. Thus, we would expect

nonlinear, cross-frequency interactions to predominate in the top-down direction.

Previous work has shown differences in how auditory cortical areas process
natural and synthetic sounds [Fukushima et al., 2014]. It is possible that these
differences translate into systematic differences in CFC patterns. If the revealed

CFC pattern is a more general hallmark of inter-areal communication though, it
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should not be specific to stimulus type: natural and synthetic stimuli should show

similar overall coupling patterns.

Our work revealed signature patterns of top-down and bottom-up processing
in cross-regional PACs and AACs. These patterns were conserved across coupling
types and across natural and synthetic stimuli. We found that low-to-low frequency
(0, o, B) and low frequency-to-high y interactions were predominant fop-down, while
low frequency-to-low Y couplings were predominant bottom-up. Our findings sug-
gest modulation of y frequency power by low frequency rhythms plays a role in
bi-directional information transfer across the auditory hierarchy. The finding of pre-
dominant cross-frequency interactions in the top-down direction across the auditory

hierarchy largely agrees with the predictive coding framework.

2.3 Methods and Materials

2.3.1 Subjects

Three adult male rhesus monkeys (Macaca mulatta) weighing 5.5-10 kg were used
for recordings. All procedures and animal care were conducted in accordance
with the Institute of Laboratory Animal Resources Guide for the Care and Use of
Laboratory Animals. All experimental procedures were approved by the National

Institute of Mental Health Animal Care and Use Committee.

2.3.2 Stimuli

The stimuli used for the main experiment included 20 conspecific monkey vocaliza-
tions (VOC) and two sets of 20 synthetic stimuli each (envelope-preserved sound,
EPS; and spectrum preserved sound, SPS) derived from the original VOC stimuli.
The VOC stimulus set consisted of 20 macaque vocalizations employed in previous

studies [Kikuchi et al., 2010, Fukushima et al., 2014].
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Fig 2.1. Coupling Analysis Overview: Recordings were made from four yECoG arrays
spanning auditory cortex while monkeys listened to one of 20 natural vocalizations
(VOCO), 20 synthetic envelope-preserved sounds (EPSs) or 20 synthetic
spectrum-preserved sounds (SPSs). Electrodes were partitioned into four sectors
along the caudorostral axis (S1: A1/ML (primary auditory cortex/middle lateral
belt), S2: R (rostral core region of the auditory cortex / AL (anterior lateral belt
region of the auditory cortex), S3: RTL (lateral rostrotemporal belt region of the
auditory cortex), S4: RTp (rostrotemporal pole area)). We decomposed the signal
into its time-frequency representation, and obtained amplitude and phase
components for each sector. We investigated two types of coupling across sectors:
amplitude-amplitude and phase-amplitude coupling. We computed both types of
coupling in the bottom-up and top-down direction. Top-down coupling was defined
as coupling in which the source electrode came from a sector of higher order than
the target electrode, and vice versa for bottom-up coupling.

In order to obtain EPS from VOC stimuli, the envelope of a particular vocal-
ization was estimated based on the amplitude component of the original stimulus’
Hilbert transform. The amplitude envelope was then multiplied by broadband white
noise to create the EPS stimulus. Thus, all 20 EPS stimuli exhibited flat spectral
content; these stimuli could not be discriminated based on spectral features, while
the temporal envelopes (and thus the durations) of the original vocalizations were

preserved.

SPS stimuli were obtained by first generating broadband white noise with
a duration of 500 ms and computing its Fourier transform. The SPS stimulus’
amplitude in the Fourier domain was then replaced by the average amplitude of
the corresponding VOC stimulus, before transforming back to the time domain by
computing the inverse-Fourier transform. This resulted in a sound waveform that
preserved the average spectrum of the original vocalization, while exhibiting a flat
temporal envelope, random phase, with a duration of 500 ms. A 2 ms cosine rise/fall
was then imposed on the stimulus to avoid abrupt onset/offset-effects. Hence, all 20
SPS stimuli exhibited nearly identical, flat temporal envelopes; these stimuli could

not be discriminated using temporal features, while the average spectral power of
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the original vocalizations was preserved.

A total of 60 different stimuli were presented in pseudorandom order, with an
interstimulus interval of 3 s. Each stimulus was presented 60 times. The sound
pressure levels of the stimuli measured by a sound level meter ranged from 65 to 72
dB at a location close to the animal’s ear. Stimulus duration ranged from around .15

to 1 second [Fukushima et al., 2014].

2.3.3 Recordings

Custom-designed HECoG arrays (NeuroNexus Technologies, MI, USA) were used
to record field potentials from macaque auditory cortex. Arrays were machine
fabricated on a very thin polyimide film (20 um), with each array featuring 32
recording sites, 50 um in diameter each, on a 4 x 8 grid with 1 mm spacing (i.e., 3
x 7 mm rectangular grid). Two animals, monkeys B and K, were implanted with
arrays each in the left hemisphere, while one animal, monkey M, was implanted
with arrays in the right hemisphere. Three of the arrays in each monkey were placed
on top of STP, in a caudorostrally oriented row.

To implant the arrays, we removed a frontotemporal bone flap extending from the
orbit ventrally toward the temporal pole and caudally behind the auditory meatus
and then opened the dura to expose the lateral sulcus. The most caudal of the three
ECoG arrays on the STP was placed first and aimed at area Al by positioning it
just caudal to an (imaginary) extension of the central sulcus and in close proximity
to a small bump on the STP, both being markers of Al’s approximate location.
Each successively more rostral array was then placed immediately adjacent to the
previous array to minimize interarray gaps. The arrays on the lateral surface of the
STG were placed last. The probe connector attached to each array was temporarily
attached with cyanoacrylate glue or Vetbond to the skull immediately above the

cranial opening. Ceramic screws together with bone cement were used to fix the
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connectors to the skull. The skin was closed in anatomical layers. Post- surgical
analgesics were provided as necessary, in consultation with the National Institute of

Mental Health veterinarian.

2.3.4 Stimulus presentation and recording parameters

The monkey was placed in a sound-attenuating booth for the experiment (Biocoustics
Instruments). The sound stimuli were presented while the monkey sat in a primate
chair and listened passively with its head fixed. Auditory evoked potentials from
the 128 channels of the ECoG-array were bandpassed between 2-500 Hz, digitally
sampled at 1500 Hz, and stored on hard-disk drives by a PZ2—128 preamplifier and

the RZ2 base station (Tucker Davis Technology).

2.3.5 Data Pre-Processing

Data analysis was performed using MATLAB R2017a (MathWorks) software. Since
there was little significant auditory evoked power above 250 Hz, recordings were
low-pass filtered and resampled at 500 Hz to enhance calculation speed and reduce
memory requirements. The signal was bandpassed at 60Hz with a narrow-band filter
to eliminate the possible presence of line-noise; a 6th-order Butterworth filter was
chosen to achieve a sharp dropoff in the stop-band, thus minimizing the effect of the

filter on neighboring frequency bands.

The 96 sites on the supratemporal plane (STP) were grouped based on the
characteristic frequency maps obtained from the high-gamma power of the evoked
response to a set of pure-tone stimuli. The change in frequency tuning along the STP
reverses across areal boundaries, and these reversals were therefore used to identify
the areal boundaries. This resulted in a grouping of electrodes into four sectors
(Fig 2.1), which were estimated to correspond to the following subdivisions at a

caudorostral-level within macaque auditory cortex: Sec (Sector) 1, A1/ML (primary
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auditory cortex/ middle lateral belt); Sec 2, R (rostral core region of the auditory
cortex)/AL (anterior lateral belt region of the auditory cortex); Sec 3, RTL (lateral
rostrotemporal belt region of the auditory cortex); Sec 4, RTp (rostro-temporal
pole area). The recorded signal from each site partitioned into sectors 1-4 was re-
referenced by subtracting the average of all sites within a particular sector [Fontolan

et al., 2014, Kellis et al., 2010].

We defined the following terminology to refer to particular frequency spaces
throughout this paper: delta (8) range: 0 - 2.5 Hz; theta (0) range: 2.5 - 7.5 Hz;
alpha (o) range: 7.5 - 12.5 Hz; low beta (low B) range: 12.5 - 22.5 Hz; high beta
(highB) range: 22.5 - 42.5 Hz; low gamma (lowy) range: 42.5 - 67.5 Hz; high
gamma (highy) range: > 67.5 Hz. The delta frequency band (0 - 2.5 Hz) was
not included in the analysis since the pre-amplifier employed during the recording
sessions does not allow for recording frequency components below 2 Hz and the

power in this band was expectedly low.

2.3.6 Phase-amplitude (PAC) and amplitude-amplitude (AAC)

cross-frequency coupling (CFC) Calculation

2.3.6.1 Frequency Transformation

For Figures 1-5, the field potential data was first transformed into frequency space
by computing the fast Fourier transform (FFT) of the signal in every channel using
a 200 ms Hanning window, stepped by 200 ms. Thus, we obtained a frequency
representation of the data at a SHz bandwidth ranging from 2.5Hz - 132.5Hz, which
satisfies the Nyquist-criterium. We obtained the phase and amplitude information
in a given source and target region for every channel and normalized the amplitude
information in each frequency band by the corresponding power in that frequency

band, averaged across the entire experiment, so as to account for decreasing power
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with frequency (Fig. S1-1).

2.3.6.2 Obtaining CFCs using canonical correlation

We computed two types of cross-frequency coupling, phase-amplitude (PAC) and
amplitude-amplitude (AAC) coupling. Couplings were calculated for every channel
pair across the four sectors (S1-S4), resulting in 6 possible cross-sector pairs (S1-S2,
S1-S3, S1-S4, S2-S3, S2-S4, S3-S4). We obtained estimates of coupling strength in
two directions, bottom-up and top-down. In the former case, the source component
was derived from a recording site in a sector lower in the auditory hierarchy than
the target component (referred to as bottom-up coupling), while in the latter case
the source component came from a sector higher in the auditory hierarchy than the
target component (referred to as top-down coupling) (Fig. 2.1). Ultimately, we were
interested in examining the difference in coupling strength in the top-down and
bottom-up directions across the auditory hierarchy. Results are presented collapsed
across all cross-sector pairs (Fig. 2.2), as well as separately for every cross-sector
pair (Fig. 2.3), averaged across all channel pairs and across the three animals in both

cases.

We used canonical correlation analysis (CCA), to compute both types of cou-
pling. The advantage of CCA is that it computes coupling among multivariate
observations in the source and target regions. This framework, therefore, allows CFC
values to be computed across the entire frequency range simultaneously. Further-
more, some approaches to calculating AAC and PAC first carry out dimensionality
reduction on the source and target region signals separately, and then calculate
correlations in the low dimensional space. If the variance preserving dimensions
in the source and target space are not the dimensions that maximize correlations

between the source and target space, interactions may be missed. CCA on the other
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hand finds the low dimensional representations that maximize coupling between
the source (X) and target (Y) space. In CCA, one is seeking projections (linear
combinations) U = XA and V = YB such that the correlation corr(U,V) among
these derived directions is maximal [Durstewitz, 2017].

We carried out our analyses using a Granger Causal framework. Therefore,
we first carried out CCA between amplitude in the target region and time lagged
versions of the amplitude also within the target region, obtaining an estimate of the
the coupling strength Y that could be inferred purely from coupling of the signal at
the target electrode onto itself. For computational reasons, we used two time lags to
estimate the target signal (we found that using one time lag did not affect our results).
More explicitly, we transformed the current and lagged signal into the frequency
domain as described above and computed the canonical correlation between the
lagged components and the current signal in the target. We used the first canonical
value only to obtain Y (results did not differ from those obtained from including
more entries). We then obtained the residual Y from this analysis, and used this
residual when we examined the interactions between regions. Subsequent analysis
was performed using the residuals Y from this regression as the signal for the target

region.

We then computed phase-amplitude (PAC) and amplitude-amplitude (AAC)
cross-frequency couplings across the four sectors (Fig. 2.1), by regressing the
phase or amplitude component of the signal from the source sector, respectively,
on the amplitude component of the signal in the target sector for every channel.
More specifically, we calculated instantaneous coupling in 200ms windows between
source and target region for each electrode pair. PAC and AAC was calculated in
the CCA framework across all time windows and trials altogether, simultaneously
across all frequency bands. In the case of PAC, X, 4 contained the sine and cosine

transformed phase component of the signal, while Y}, 4> contained the squared and
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log-transformed amplitude component of the signal, with n = 10800 (1200 trials * 9
windows) observations for VOC and SPS stimuli and n = 10773 observations (1197
trials * 9 windows) for EPS stimuli, d2 = 25, and d1 =25 or d1 = 25 %2 for PAC
and AAC, respectively (Eq 2.1).

After obtaining the canonical coefficient matrices By 4 and A ¢ Within the
CCA framework (Eq 2.1), one can obtain the coupling matrix Py, 41 by multiplying
the B and A matrices with the canonical values S of the correlation matrix (Eq 2.2).
We used the first 10 directions (d = 10) that captured most of the interaction; results
did not differ from those obtained from including all entries. For AAC, the final
cross-frequency coupling matrix is P. For PAC, one combines the sine and cosine
components of P by computing their Euclidian norm, yielding the final coupling

matrix Pc}kzxdl with d2 = d1.

Unxd - andlAdlxda and - ?ndeBdZXda argmax {COW‘(U,V)} (2-1)
A.B

2 2
Pl +Pm/2

Ppya1 =BSAT, P = (2.2)

2 2
P2, +P2

2.3. METHODS AND MATERIALS 65/174



2.3.6.3 Obtaining the difference between top-down (TD) and bottom-

up (BU) coupling
We obtained AAC and PAC coupling matrices in this manner for both the bottom-up
and the top-down direction. In bottom-up coupling, the source component was
derived from a recording site in a sector lower in hierarchy than the target component
(referred to as bottom-up coupling), while in top-down coupling, the source compo-
nent came from a sector higher in hierarchy than the target component (Fig. 2.1).
We then obtained the difference APsupesim between the top-down and bottom-up
coupling matrices Prop—pown and Pgogom—up (Eq 2.3). This was done separately for
each of the cross-sector pairs. Results are presented collapsed across all cross-sector

pairs (Fig. 2.2), as well as separately for every cross-sector pair (Fig. 3.3).

AP = PTop—Down - PBottom—Up (23)

2.3.6.4 Obtaining the difference in coupling strength between origi-

nal (VOC) and synthetic stimuli (EPS/SPS)

In order to examine the difference in coupling strength between natural and synthetic
stimulus types (Fig. 2.4,2.5), we computed the difference between VOC and EPS
stimuli (Fig. 2.4) and between VOC and SPS stimuli (Fig. 2.5) separately in the

top-down (TD, Eq 2.4) and bottom-up direction (BU, Eq 2.5).

D _ pI'D TD
APVOCvsSynthetic —fvoc — PEPS/SPS 24)

U _ pBU U
AP\éOCvsSynthetic = Ploc — Peps/sps (2.5)
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2.3.7 Statistical Analysis

Paired t-tests were performed to establish statistical significance of the difference

between top-down and bottom-up coupling (AP; Fig. 2.2, Fig. 2.3, Fig. 2.4), as

D

well as the differences between original and synthetic stimuli (AP‘ZOCVS Synthetic’

AP‘%CVS Synthetic’ Fig. 2.5). This was done separately for each frequency pair,
by testing whether the mean of the difference between top-down and bottom-up
coupling (or the difference between original and synthetic stimuli in each direction)
was significantly different from zero (null hypothesis). Lilliefors’ test for normality
was conducted for each frequency pair in order to ensure the normality assumption
was satisfied, and histogram plots were inspected for select frequency pairs (Fig.
S1-2, S1-3).

More specifically, in order to assess overall differences in coupling strength between
the two directions (Fig. 3.2, Fig. 2.4) and to assess differences in coupling strength
between natural and synthetic stimuli (Fig. 2.5), paired t-tests were conducted across
all channel pairs, cross-regional pairs and animals altogether (d. f. = 9344). In order
to assess coupling differences for each regional pair separately (Fig. 2.3), paired
t-tests were conducted separately for each regional pair, across all channel pairs and
animals altogether (d.f. = 1056).

Significant phase-amplitude and amplitude-amplitude coupling (highlighted by
black outlines throughout the manuscript) was based on corrected p-values using
non-parametric permutation tests that generated null distributions of the maximum
cluster size [Maris and Oostenveld, 2007, Nichols and Holmes, 2001]. This proce-
dure implicitly adjusts for searching over multiple frequencies. The null distribution
was obtained by randomly reassigning electrodes to source or target region and

recalculating differences in coupling strength for 100 repeats. Clusters of the 99th
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percentile (corresponding to p<0.01) were considered significant and are reported

throughout the manuscript (marked by black outlines).

2.4 Results

We analyzed local field potentials recorded simultaneously from multiple cortical
areas in the auditory cortex of three macaques while the animals listened to auditory
stimuli (Fig. 2.1). These auditory stimuli consisted of 20 natural conspecific
vocalizations, 20 envelope-preserved stimuli (EPS) and 20 spectrum-preserved
stimuli (SPS), which were derived from the original vocalizations [Fukushima
et al., 2014]. A previous study established the approximate rostrocaudal loca-
tion of implanted micro-electrocorticography (UECoG) arrays along the auditory
hierarchy by the characteristic frequency of each electrode contact [Fukushima
et al., 2012, Fukushima et al., 2014]. This partitioned the recording sites into
four sectors (S1-S4), putatively spanning the caudorostral levels from the core Al
(S1) to RTp (S4), including some of the surrounding belt areas (Fig. 2.1). We
operationally defined feedforward to occur from earlier to later sectors (bottom-

up direction), and feedback to occur from later to earlier sectors (top-down direction).

We wanted to examine cross frequency interactions across the auditory hierar-
chy. To characterise phase-amplitude and amplitude-amplitude coupling, we first
decomposed the signal into its spectral component using the short-time fast Fourier
transform and obtained phase and amplitude components (Fig. 2.1). We then used
canonical correlation analysis (CCA) to parameterise the cross-frequency coupling
under a general linear model (Methods and Materials). The fluctuations in amplitude
in the target sector were predicted based on instantaneous amplitude fluctuations in
the source sector within 200ms windows. Furthermore, the target and source time

series were adjusted to remove the effect of predicted fluctuations from the target
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region. In other words, by appealing to the notion of Granger causality, a significant
mapping between the source and the target - that cannot be explained by the history

of the target - is evidence of (cross-frequency) coupling.

We computed coupling strength across the frequency spectrum for each cross-
regional pair, separately in the top-down and bottom-up direction (Fig. 2.1).
Top-down coupling was defined as coupling in which the source electrode came
from a sector of higher order than the target electrode, and vice versa for bottom-up
coupling. For example, coupling between the phase (or amplitude) in S4 and
the amplitude in S1 is defined as top-down, and coupling between the phase (or
amplitude) in S1 and the amplitude in S4 is defined as bottom-up in the case of PAC
(or AAC). This definition is in accordance with a previous approach [Fontolan et al.,

2014].

2.4.1 Distinct cross-frequency coupling signatures for bottom-

up and top-down coupling, both involving low frequencies

We first examined PAC and AAC across the four sectors, in auditory evoked poten-
tials to 20 conspecific vocalizations (VOC). Both CFC measures peaked in the 6
frequency range and showed relatively strong coupling across all the target amplitude
frequencies (Fig. 2.2A,B,D.E). The field potential signal showed the highest power
in the same frequency band decaying with the typical 1/f pattern thereafter (Fig
S1-1), thus satisfying a pre-requisite for the presence of physiologically meaningful

CFC [Aruetal., 2015].

Among PACs, both top-down and bottom-up coupling was dominant between
0 phase and broadband amplitude (Fig. 2.2A,B). Examining differences in coupling

strength in the two directions more closely (Fig. 2.2C), PACs showed dominant
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Fig 2.2. Top-down vs. bottom-up phase-amplitude and amplitude-amplitude coupling
in natural vocalizations (VOC). (A-B) Phase-amplitude coupling (PAC) strength
in the top-down (A) and bottom-up direction (B). Depicted are canonical
correlation-derived coupling coefficients (see Methods and Materials). (C)
Difference in top-down and bottom-up in PAC strength. Significant differences are
enclosed by black rectangles (p<0.01, cluster-corrected). (D-E)
Amplitude-amplitude coupling (AAC) strength in the top-down (D) and bottom-up
direction (E). Depicted are canonical correlation-derived coupling coefficients. (F)
Difference between top-down and bottom-up in AAC strength. Significant
differences are enclosed by black rectangles (p<0.01, cluster-corrected). Results
are depicted averaged across all channels, cross-regional pairs, and animals.
Supporting Figures: Fig. S1-1, S1-2, S1-3
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top-down coupling in the low-frequency space (6, a, 8 phase to 0, a, B amplitude),
as well as between low frequency phase and high-y (>67.5Hz) amplitude (p<0.01,
cluster-corrected). Bottom-up PAC was dominant between low frequency phase (0,

o, B) and low-7y (47.5-62.5Hz) amplitude (p<0.01, cluster-corrected).

AACs showed a similar pattern to PACs in both directions, but coupling strength
and differences in coupling strength were overall by an order of magnitude lower
than for PACs (Fig. 2.2D,E). AACs replicated the pattern observed in PACs, with
dominant 6 to broadband coupling in both directions. Additionally, and unlike
in PACs, coupling strength among same-frequency couplings was pronounced in
both directions with strongest coupling in the low-frequency range (Fig. 2.2D,E).
Examining differences in coupling strength in the two directions more closely (Fig.
2.2F), AACs displayed a similar pattern to PACs but showed smaller significant

clusters than PACs across the entire frequency spectrum.

2.4.2 Cross-regional coupling mainly driven by interactions be-

tween A1 and higher order sectors

To examine cross-regional patterns in coupling across the auditory hierarchy (Fig.
2.1) more closely, we analyzed differences between top-down and bottom-up cou-
pling strength separately across the six cross-regional pairs (Fig. 2.3). This revealed
that the overall coupling pattern (Fig. 2.2) was mostly driven by interactions between
S1 (A1/ML) and S2-S4 (higher-order sectors) (Fig. 2.3 A,B,C), rather than by

interactions among higher-order sectors (Fig. 2.3 D,E,F).

More specifically, interactions between S1 (A1/ML) and S2 (R/AL)/ S3 (RTL)
/ S4 (RTp) show dominant top-down coupling of low frequency phase to low and

high frequency amplitude (Fig. 2.3A-C), whereas these asymmetries are largely
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Fig 2.3. Top-down versus bottom-up phase-amplitude coupling strength (PAC) across
the auditory hierarchy in natural stimuli Difference in top-down and bottom-up
phase-amplitude coupling (PAC) strength for CFC between sectors 1 (A1/ML) and
2 (R/AL) (A), sectors 1 (A1/ML) and 3 (RTL) (B), sectors 1 (A1/ML) and 4 (RTp)
(C), sectors 2 and 3 (D), sectors 2 and 4 (E) and sectors 3 and 4 (F) (see Methods
and Materials 3.5 for sector definitions). Interactions between sector 1 (A1/ML)
and higher order sectors show strong asymmetries in bottom-up and top-down
coupling strength across the frequency spectrum; interactions among higher-order
sectors (S2-S4) show less widespread asymmetries. Significant differences are
enclosed by black rectangles (p<0.01, cluster-corrected). Results are depicted
averaged across all channels and animals. Supporting Figures: Fig. S1-4.

absent among interactions between S2-S4 (Fig. 2.3D-F). The interaction between
S1 and S2 (Fig. 2.3B) shows overall less widespread top-down coupling strength
compared to interactions between S1 and S3/S4. The full pattern (as manifested in
Fig. 2.2) only gains full prominence among cross-regional pairs S1-S4 (Fig. 2.3C),
which also includes predominant bottom-up coupling between low frequency phase
and low-y amplitude. Interactions between higher-order sectors (Fig. 2.3 D,E,F)
show fewer differences between top-down and bottom-up coupling, but they do show

predominant bottom-up coupling between low frequency phase and low-y amplitude
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(Fig. 2.3 E,F). A similar trend was observed among AACs, though differences were

overall smaller and less widespread compared to PACs (Fig. S1-4).

2.4.3 Top-down and bottom-up cross-frequency signatures gen-

eralize to synthetic stimuli

To examine whether the observed coupling patterns are a general feature of inter-
areal communication, we also analyzed coupling strength in two types of synthetic
stimuli derived from the natural vocalizations. Envelope-preserved sounds (EPS)
were obtained by leaving the original temporal envelope of the vocalization intact but
flattening its spectral content, while spectrum-preserved sounds (SPS) were obtained
by leaving the spectral information of the original vocalization intact but flattening

its temporal envelope [Fukushima et al., 2014] (see Methods and Materials 3.2).

EPS and SPS stimuli showed similar bottom-up and top-down coupling patterns
to natural stimuli, with pronounced 8-to-broadband coupling strength in both direc-
tions (Fig. S1-5,S1-8). Examining differences between top-down and bottom-up
coupling strength in both types of synthetic stimuli (Fig. 2.4,S1-5, S1-8), we found
that they reflected the same coupling asymmetries across the frequency spectrum as
natural stimuli did (Fig. 2.2). This was true for PAC (Fig. 2.4A,C) and AAC (Fig.
2.4B,D) alike. More specifically, both types of synthetic stimuli showed dominant
top-down coupling among low-to-low frequency and low-to-high ¥ interactions, and
dominant bottom-up coupling among low-to-low ¥ interactions, like natural stimuli
did. Both types of synthetic stimuli also showed similar coupling asymmetries to
natural stimuli when examining cross-regional pairs separately (Fig. S1-6, S1-7,
S1-9, S1-10), with most of the pattern driven by interactions between Al and
higher-order sectors rather than interactions among higher-order sectors, as in natural

vocalizations.
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Fig 2.4. Top-down vs. bottom-up phase-amplitude and amplitude-amplitude coupling
in synthetic envelope-preserved stimuli (EPS) and synthetic
spectrum-preserved stimuli (SPS) (A) Difference in top-down and bottom-up
PAC strength in EPS stimuli. (B) Difference in top-down and bottom-up AAC
strength in EPS stimuli. (C) Difference in top-down and bottom-up PAC strength in
SPS stimuli. (D) Difference in top-down and bottom-up AAC strength in SPS
stimuli. Significant differences are enclosed by black rectangles (p<0.01,
cluster-corrected). Results are depicted averaged across all channels, cross-regional
pairs, and animals. Supporting Figures: Fig. S1-5, S1-6, S1-7, S1-8, S1-9, S1-10
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2.4.4 Synthetic stimuli show overall lower bi-directional cou-
pling than natural stimuli

To examine differences in coupling strength between natural and synthetic stimuli
more closely, we compared coupling strength across stimuli separately in the top-

down and bottom-up direction (Fig. 2.5).

EPS stimuli showed overall lower coupling strength than natural stimuli in both
directions for both PACs and AACs (Fig. 2.5). Among PACs more specifically (Fig.
2.5A-B), natural stimuli showed higher coupling strength in the top-down direction
for select frequency pairs in the low frequency space as well as among low frequency
to high-y couplings (Fig. 2.5A). In the bottom-up direction, coupling strength for
natural stimuli was enhanced among low frequency to low and high y couplings (Fig.
2.5B). In the bottom up direction, there were also select coupling values in the high

Y frequency target amplitude space for which coupling was stronger in EPS stimuli.

Among AACs, coupling strength was increased for natural compared to EPS
stimuli across the entire frequency spectrum in both directions (Fig. 2.5 E-F). In
particular, -y amplitude-amplitude interactions were significantly lower for EPS
stimuli in both directions. Altogether, coupling strength is enhanced for natural
stimuli over envelope-preserved but spectrally flat synthetic stimuli (EPS) in both

directions and across the entire frequency spectrum.

SPS stimuli also showed overall lower coupling strength compared to natural
stimuli. Among PACs, SPS stimuli showed lower coupling strength for select
low-to-low and low-to-high frequency couplings in both directions (Fig. 2.5C,D).
In the top-down direction, SPS stimuli showed higher coupling strength among

Y-7 interactions (Fig. 2.5D). SPS and natural stimuli displayed similar differences
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Fig 2.5. Phase-amplitude and amplitude-amplitude coupling strength in natural
vocalizations (VOC) compared to synthetic envelope-preserved sounds (EPS)
and spectrum-preserved sounds (SPS) (A-B) Difference in PAC strength
between natural (VOC) and synthetic envelope-preserved sounds (EPS), separately
in the top-down (B) and bottom-up direction (C). (C-D) Difference in AAC
strength between VOC and EPS, separately in the top-down (C) and bottom-up
direction (D). Significant differences are enclosed by black rectangles (p<0.01,
cluster-corrected). Results are depicted averaged across all channels, cross-regional
pairs, and animals. Supporting Figures: Fig. S1-11

among AACs (Fig. 2.5G,H). Altogether, coupling strength was mostly increased
for natural compared to to SPS stimuli across the entire frequency spectrum in both

directions.

Comparing SPS and EPS stimuli directly (Fig. S1-11), coupling strength was
largely reduced for EPS stimuli across the frequency spectrum in both directions
among PACs (Fig. S1-11A,B). This was also true among AACs (Fig. S1-11C,D),
though there were fewer differences here than among PACs, especially in the high

frequency space.

Overall, top-down and bottom-up cross-frequency coupling signatures were

preserved among synthetic stimuli, albeit at overall reduced coupling strength.
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We also examined coupling over time (Figs. S1-12,S1-13). We focused on
coupling in the phase band that displayed the highest power (2.5Hz), and examined
how strongly it influenced low frequency amplitude (12.5-37.5Hz) over time, in
both directions (Fig. S1-12). Coupling strength was computed on the FFT-ed signal
within the canonical correlation framework, separately for each time bin. We found
that coupling strength in both directions was enhanced in the period immediately
after stimulus onset (0-200ms). There was a period after stimulus onset in which
bottom-up coupling strength was significantly enhanced, whereas later (;200ms) in
the course of stimulus presentation top-down coupling strength was relatively more

enhanced.

Additionally, we computed coupling strength over time in the same frequency
bands separately for all cross-regional pairs (Fig. S1-13). Coupling strength within
the canonical correlation framework using the Hilbert-transformed signal. Coupling
strength in the two directions was found to alternate in the period following stimulus
onset (0-200ms). Across pais involving sector 1 (A1), bottom-up coupling strength
was predominant early on and top-down coupling strength predominated somewhat
later (Fig. S1-13A-C). Across higher order sectors, it was the other way round, with
top-down coupling strength predominant early on (Fig. S1-13D-F). Altogether, this
suggests that directional coupling strength across frequencies varies over time, and

that bottom-up and top-down coupling strength alternates in time.

2.5 Discussion

We found distinct cross-frequency signatures for top-down and bottom-up infor-
mation processing in auditory cortex. These patterns were similar across phase-

amplitude and amplitude-amplitude couplings, and across stimulus types (albeit
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at lower coupling strength in synthetic spectrum-flat stimuli). More specifically,
we observed dominant top-down coupling among low-to-low and low-to-high y
frequency interactions, and dominant bottom-up coupling among low-to-low vy
frequency interactions. These patterns were largely preserved across coupling types
(PAC and AAC) and across stimulus types (natural and synthetic stimuli), and mostly
driven by interactions between A1 and higher-order sectors. Differences in coupling
strength across the auditory hierarchy are overall by an order of magnitude smaller
among AACs than among PACs. Although the observed effects are subtle, they
are significant and highly preserved. Altogether, our results suggest these cross-
frequency signatures are a general hallmark of bottom-up and top-down information

processing in auditory cortex.

The top-down coupling profile we observed is in accordance with previous
results, but we also observed predominant low frequency to lowy coupling in
the bottom-up direction. Previous studies found that feedforward (or bottom-up)
influences were mediated by gamma frequency range rhythms [Michalareas et al.,
2016, Bastos et al., 2015, Fontolan et al., 2014, Bosman et al., 2012]. However,
across each of these studies, there were examples of a broader frequency range
being employed for bottom-up information transmission. [Fontolan et al., 2014]
reported higher bottom-up coupling of delta (1-3Hz) frequency phase in left Al to
high gamma (80-100Hz) amplitude in left association auditory cortex using human
depth recordings. [Bastos et al., 2015] found that theta-channels were being used
in addition to gamma-frequency channels in feedforward information transmission
among primate visual areas. Finally, [Michalareas et al., 2016] did not observe
stronger alpha-beta frequency range feedback (top-down) modulation in 8 out of 21
primate visual cortex area pairs (with 2 pairs showing the opposite pattern), and no
stronger gamma frequency range feedforward (bottom-up) modulation in 5 out of 21

pairs. We observed predominant bottom-up coupling between low frequency (6,a,3)
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phase (or amplitude) and low-y amplitude among phase-amplitude couplings (and
amplitude-amplitude couplings,respectively). Differences in exact frequency ranges
reported may be due to regional (visual versus auditory cortex) variation [Tort
et al., 2009, Canolty et al., 2006] and species-related variation. We also found
that directional coupling strength within a particular cross-frequency pair varied
over time, with periods of predominant bottom-up coupling strength. Overall, our
findings agree with accounts of predominant (nonlinear) low-to-high cross-frequency
interactions top-down. But together with the exceptions above, our findings suggest
non-linearities may also play a significant role in bottom-up processing, pointing
to a picture of top-down and bottom-up processing that is more complex than what
was hypothesized by predictive coding theory (’B-down vs. y-up’) [Bastos et al.,

2012a,Bastos et al., 2015].

Bottom-up PAC can be relevant to stimulus encoding. For example, an
oscillation-based theory of speech encoding [Hyafil et al., 2015a, Giraud and
Poeppel, 2012] predicts that cortical theta oscillations track the syllabic rhythm
of speech and, in turn, reset the spiking of neurons at a gamma frequency level
through 6-y PAC. This ensures that neural excitability is optimally aligned with
incoming speech. Our finding of dominant low frequency phase to y amplitude
coupling bottom-up fits within a framework that requires theta-gamma coupling
for accurate speech encoding [Hyafil et al., 2015a]. Cross-regional 8-y PAC as
we observed here across Al and higher order sectors could be responsible for
coordinating information processing along the auditory cortical hierarchy. Our
observation that these patterns are consistent across stimulus classes implies that
this may be a generalized mechanism of auditory information processing which is
co-opted during speech processing. However, our finding of enhanced low-to-high
frequency phase-amplitude coupling in the top-down direction shows these couplings

also mediate top-down influences on information processing.
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Coupling in the top-down direction has been of particular interest in theories of
the effect of attention on auditory information processing. Attention is thought to
sample stimuli rhythmically, fluctuating at a 4-10 Hz rhythm [Landau and Fries,
2012], and was shown to enhance the processing of degraded speech in the anterior
and posterior STS [Wild et al., 2012]. Frontal top-down signals in the delta and
theta frequency range have been shown to modulate low-frequency oscillations in
human auditory cortex, increasing their coupling to continuous speech [Park et al.,
2015]. The same delta and theta frequency bands have been shown to be more
strongly coupled to gamma-range burst rate within monkey A1 during periods of task
entrainment [Lakatos et al., 2016]. In visual cortex, delta frequency oscillations have
been shown to entrain with the rhythm of stimuli in the attended stream [Schroeder
et al., 2010, Lakatos et al., 2008], and top-down beta-band modulation was found to
be enhanced with attention [Bastos et al., 2015]. Increased power in low-frequency
range oscillations may also, in turn, enhance bottom-up rhythms through top-down
(cross-frequency) coupling [Bressler and Richter, 2015, Lee et al., 2013]; indeed,
top-down beta-band activity was found to be maximally correlated with bottom-up
gamma-band activity when top-down preceded bottom-up activity [Richter et al.,
2017]. In addition, top-down couplings may also reflect the modulatory activity
of predictive processes on auditory/speech perception & processing [Chao et al.,
2018, Arnal and Giraud, 2012, Gagnepain et al., 2012, Davis et al., 2011, Wild et al.,
2010, Poeppel et al., 2008]. Our findings of dominant low-to-low and low-to-high
frequency coupling top-down are consistent with these accounts, and could well
serve to enhance the animal’s engagement in the task [Lakatos et al., 2016, Park
et al., 2015]. In addition, the top-down coupling signal we observed may also be
carrying predictive information, being consistent with frequency ranges which have
been shown to carry prediction-update signals [Chao et al., 2018]. We cannot

dissociate between attentive or predictive signals here, however.
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We found PAC and AAC to offer similar accounts of information processing.
This could be due to a high degree of shared informational content between the
two measures; it remains unclear how these measures differ, and how AAC could
function mechanistically in the brain. To the degree that PAC and AAC offer
complementary, non-overlapping information, it is possible that top-down influences
are exerted more broadly through various CFC types including both PAC and AAC,

and others such as phase synchronization [Fries, 2005].

We observed the same pattern of results in synthetic stimuli. The overall lower
coupling strength we observed in synthetic stimuli could be a consequence of the
coding differences that were previously observed between synthetic and intact
stimuli [Fukushima et al., 2014], or they could be driving these coding differences.
Lower coupling strength in synthetic stimuli could also be a result of the modulatory
effect of attention being lower for synthetic compared to natural stimuli, perhaps
because animals pay less attention to unnatural, ecologically irrelevant stimuli. The
observation of higher coupling strength in spectrally rich (SPS) over spectrally poor
(EPS) stimuli, envelope-intact stimuli suggests enhanced encoding and processing
of information-rich stimuli. This is also consistent witho our previous results
which showed that information about spectrally rich stimuli was better maintained
than information about spectrally flat stimuli, at least across the first two sectors
(S1,S2) of the auditory hierarchy. In the highest-order auditory sector (S4), decoding
performance showed differences across a broader frequency range among VOC and

EPS than among VOC and SPS.

The fact that we find the same coupling patterns across natural and synthetic
stimuli points to the existence of conserved cross-frequency signatures of bottom-up

and top-down information processing in auditory cortex. These findings have
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important implications for theories of neural processing such as predictive coding.
In theoretical implementations of predictive coding, the presence of nonlinearities in
going from predictions to prediction errors may induce cross-frequency interactions
in the top-down direction. These should be less prevalent if not absent in the bottom-
up direction as prediction errors are thought to accumulate linearly. Our finding of
predominant low frequency to low?y cross-frequency coupling bottom-up suggests
nonlinearities may also play a role in bottom-up processing, allowing the modulation
of v power in higher-order areas by the phase of low frequency rhythms in lower
order areas, for example. Overall though, our finding of widespread predominant
cross-frequency interactions in the top-down direction is in agreement with the

predictive coding framework.

Many of the theoretical propositions for spectral asymmetries in forward and
backwards message passing in predictive coding do not consider the role of attention,
however. In predictive coding, attention is mediated by optimising the precision
of ascending prediction errors in a context-sensitive fashion. Physiologically, this
corresponds to changing the gain of lower levels (usually considered to involve fast
spiking inhibitory interneurons and some form of coherence or synchronous gain).
Crucially, the effect of attention adds an extra level of nonlinearity that could be

mediated by backward connections, and, implicitly, cross frequency coupling.

We employed a method based on the canonical correlation framework that al-
lowed us to estimate directed cross-frequency coupling strength in a computationally
efficient framework. Many previous studies and methods to estimate cross-frequency
coupling do not obtain directional estimates [Cohen, 2008,Canolty et al., 2006, Bruns
and Eckhorn, 2004, Tort et al., 2010, Voytek et al., 2013, van Wijk et al., 2015],
and thus do not allow for feedfoward and feedback components to be teased apart.

Studies that do take direction into account [Bastos et al., 2012b, Michalareas et al.,
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2016, Bastos et al., 2015, Fontolan et al., 2014] employ separate measures to look
at coupling strength (e.g. through coherence) and directional information flow (e.g.
through Granger causality), and do not take cross-frequency interactions into account.
The dynamic causal modelling (DCM) framework [Friston et al., 2017, Friston et al.,
2003, Chen et al., 2008] does allow for the computation of directed coupling across
frequencies [Furl et al., 2014]. Practically however, to enhance computational
efficiency, current implementations of DCM reduce the dimensionality of the data
by applying a singular value decomposition to the data from the source region X,
and then projecting Y into this reduced space to compute coupling estimates [Chen
et al., 2008]. The variance preserving dimensions in the source and target space
are not necessarily the dimensions that maximize correlations between source and
target space, in which case interactions may be missed. In contrast, the canonical
correlation framework employed here has the advantage of finding low dimensional
representations which maximize coupling between the source (X) and target (Y) data.
A similar approach has been used to obtain estimates of cross-frequency interactions
in MEG data [Sato et al., 2010], however without the directional Granger-causal

component included here.

In summary, we revealed distinct cross-frequency signatures of top-down and
bottom-up information processing. These signatures are largely preserved across
coupling types and stimulus types, suggesting they are a general hallmark of informa-
tion processing in auditory cortex. Our finding of prominent low-to-high frequency
coupling top-down extends the current view of low-to-high frequency interactions
in auditory cortex, which primarily emphasized their involvement in bottom-up
processes. We employed a method that allows for the computationally efficient
estimation of directed cross-frequency interactions. Altogether, this extends our
understanding of how information is propagated up and down the cortical hierarchy,

with significant implications for theories of neural information processing such
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predictive coding.
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Chapter 3

Learning to select actions shapes
recurrent dynamics in the

corticostriatal system

The material in this chapter at various stages of evolution was presented previously
at the FENS 2018 conference, the Bernstein Computational Neuroscience
Conference 2018, the Society for Neuroscience (SFN) 2018 conference, and the
FENS Dynamics of the Brain 2019 conference. It was published on bioarxiv and is

under review at Neural Networks.


https://abstracts.g-node.org/conference/BC18/abstracts#/uuid/256ee870-7406-4fed-b105-f6039468ac84
https://abstracts.g-node.org/conference/BC18/abstracts#/uuid/256ee870-7406-4fed-b105-f6039468ac84
https://www.biorxiv.org/content/10.1101/646141v3

Abstract

Learning to select appropriate actions based on their values is fundamental to
adaptive behavior. This form of learning is supported by fronto-striatal systems. The
dorsal-lateral prefrontal cortex (dIPFC) and the dorsal striatum (dSTR), which are
strongly interconnected, are key nodes in this circuitry. Substantial experimental
evidence, including neurophysiological recordings, have shown that neurons in
these structures represent key aspects of learning. The computational mechanisms
that shape the neurophysiological responses, however, are not clear. To examine
this, we developed a recurrent neural network (RNN) model of the dIPFC-dSTR
circuit and trained it on an oculomotor sequence learning task. We compared the
activity generated by the model to activity recorded from monkey dIPFC and dSTR
in the same task. This network consisted of a striatal component which encoded
action values, and a prefrontal component which selected appropriate actions. After
training, this system was able to autonomously represent and update action values
and select actions, thus being able to closely approximate the representational
structure in corticostriatal recordings. We found that learning to select the correct
actions drove action-sequence representations further apart in activity space, both
in the model and in the neural data. The model revealed that learning proceeds by
increasing the distance between sequence-specific representations. This makes it
more likely that the model will select the appropriate action sequence as learning
develops. Our model thus supports the hypothesis that learning in networks drives

the neural representations of actions further apart, increasing the probability that



the network generates correct actions as learning proceeds. Altogether, this study
advances our understanding of how neural circuit dynamics are involved in neural
computation, showing how dynamics in the corticostriatal system support task

learning.

3.1 Introduction

Human and nonhuman primates are capable of complex adaptive behavior. Adaptive
behavior requires predicting the values of choices, executing actions on the basis of
those predictions, and updating predictions following the rewarding or punishing out-
comes of choices. Reinforcement learning (RL) is a formal, algorithmic framework
useful for characterizing these behavioral processes. Experimental work suggests
that RL maps onto fronto-striatal systems, dopaminergic interactions with those sys-
tems, and other structures including the amygdala and thalamus [Averbeck and Costa,
2017]. Little is known, however, about how the RL formalism and the associated
behaviors map onto mechanisms at the neural population level across these systems.
How do neural population codes evolve with learning across these systems, and

what are the underlying network mechanisms that give rise to these population codes?

Experimental work and modeling has implicated fronto-striatal systems in
aspects of RL [Niv, 2009, Lee et al., 2012, Botvinick, 2012, Botvinick and Weinstein,
2014, Wang et al., 2018, Langdon et al., 2018, Niv, 2019]. Several studies have
suggested that the striatum codes action values [Houk, 1995, Suri and Schultz,
1998, Doya, 1910, Nakahara et al., 2001, O’Doherty et al., 2004, Frank et al.,
2004, Frank, 2005, Samejima et al., 2005, Pasupathy and Miller, 2005, Histed et al.,
2009, Amemori et al., 2011, Daw et al., 2011, Sarvestani et al., 2011, Li and Daw,
2011, Seo et al., 2012, Averbeck and Costa, 2017]. These studies have further

suggested that the phasic activity of dopamine, which codes reward prediction errors,
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drives updates of the striatal action value representations following reward feedback.
Several areas in the PFC have also been implicated in action selection and decision
making [Wood and Grafman, 2003, Friston, 2005, Averbeck et al., 2006, Cheong et al.,
2006, Koechlin and Summerfield, 2007, Tsujimoto et al., 2008, Sakai, 2008, Histed
et al., 2009, Collins and Koechlin, 2012, Botvinick, 2012, Stokes et al., 2013, Lim and
Goldman, 2013, Verschure et al., 2014, Botvinick and Weinstein, 2014, Domenech
and Koechlin, 2015, Rich and Wallis, 2016, Balaguer et al., 2016, Alexander et al.,
2018, Aitchison and Lengyel, 2017b, Wallis et al., 2019, Radulescu et al., 2019].
These studies further suggest that PFC plans future actions and predicts future
outcomes. While both striatum and PFC have been found to represent action value
and choice signals, value signals were found to be stronger in dSTR than IPFC, while
action related signals were stronger in IPFC [Pasupathy and Miller, 2005, Samejima

et al., 2005, Averbeck et al., 2006, Seo et al., 2012].

Previous work in the motor system and in prefrontal cortex has shown that
insight into the computational mechanisms that underlie complex tasks can be gained
by treating neural populations as a dynamical system and studying how their trajecto-
ries evolve with time [Rabinovich et al., 2008, Buonomano and Maass, 2009, Sussillo
and Abbott, 2009, Sutskever, 2013, Shenoy et al., 2013, Mante et al., 2013, Sus-
sillo and Barak, 2013, Barak et al., 2013, Hennequin et al., 2014, Carnevale et al.,
2015,Rajan et al., 2016, Gallego et al., 2017, Wang et al., 2017, Chaisangmongkon
et al., 2017, Remington et al., 2018, Wang et al., 2018, Yang et al., 2018, Gallego
et al., 2018, Sussillo et al., 2015, Botvinick et al., 2019, Musall et al., 2019, Richards
et al., 2019]. In prefrontal cortex this work has helped shed light on how task
execution is driven by dynamics around fixed and slow points in neural population
space [Mante et al., 2013, Chaisangmongkon et al., 2017]. These studies have
examined representations and computational mechanisms in decision making tasks,

where the values of choices have already been learned previously. In the present
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study, we have used a similar approach to study how representations develop as

animals learn to make choices that deliver rewards.

In accordance with these findings, we built a joint recurrent network model of
the corticostriatal system in which the striatal network represents RL-derived action
values and the prefrontal cortex, via recurrent basal ganglia loops, selects appropriate
actions based on this signal. We trained this system on a complex decision making
task. We also obtained neural recordings from these two regions in two macaques

trained on the same task.

We hypothesized that tasks are encoded in fronto-striatal network dynamics
and that learning would shape these dynamics at the network level. If so, learning
would drive specific structure in state space dynamics. Alternatively, learning could
be driven mainly by single-unit dynamics (by modulating persistant activity of
single units, for example), without any significant changes to overall state space
dynamics. We further hypothesized that a system designed to learn RL-derived
action values and select appropriate actions based on them would be computationally
similar to the fronto-striatal system in the brain. If so, the representational structure
during learning in the network should be similar to that found in neural recordings.
Moreover, the differing roles assigned to the striatal and prefrontal networks should
suffice to induce a difference in representational structure across the two regions
in a way that matches the asymmetries in action value and choice representation

observed previously [Seo et al., 2012].

Investigating the change in representational structure with learning, we found
that dynamic movement-sequence representations moved apart from each other in
latent space with learning, in both the model and the neural data. We found that this

process was driven by the evolution of potential surfaces in the networks such that
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movement-sequence specific gradient minima moved farther apart in activity space.
This increase in distance, or in other words, the increase in the height of the gradient
hill between sequence representations, makes it less likely that the wrong action is

selected as learning proceeds.

3.2 Methods and Materials

3.2.1 Neural Data

The neural data employed here has been previously published in [Seo et al., 2012],

though not with the analysis that has been carried out here.

3.2.1.1 Subjects

Two adult male rhesus monkeys (Macaca mulatta) weighing 5.5-10 kg were used for
recordings. All procedures and animal care were conducted in accordance with the
Institute of Laboratory Animal Resources Guide for the Care and Use of Laboratory
Animals. Experimental procedures for the first animal were in accordance with the
United Kingdom Animals (Scientific Procedures) Act of 1986. Procedures for the
second animal were in accordance with the National Institutes of Health Guide for
the Care and Use of Laboratory Animals and were approved by the Animal Care and

Use Committee of the National Institute of Mental Health (NIMH).

3.2.1.2 Task and Stimuli

The two animals performed an oculomotor sequential decision-making task
(Fig. 3.1A). A particular trial began when the animals acquired fixation on a
green circle (Fixate). If the animal maintained fixation for 500 ms, the green target
was replaced by a dynamic pixelating stimulus with a varied proportion of red and
blue pixels and the target stimuli were presented (Stim On). The fixation circle

stimulus was generated by randomly choosing the color of each pixel in the stimulus
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(n =518 pixels) to be blue (or red) with a probability g. The color of a subset (10%)
of the pixels was updated on each video refresh (60 Hz). Whenever a pixel was
updated its color was always selected with the same probability g. The set of pixels
that was updated was selected randomly on each refresh. In the original experiment
we focused on differences between choices driven by reinforcement learning and
choices driven by immediately available information, in alternating blocks of trials.
In the present manuscript we will only consider the learning blocks. The pixelating
stimulus was relevant for the blocks in which choices were driven by immediately

available information. Therefore, we will not consider this stimulus further.

The animal’s task was to saccade to the correct target (Fig. 3.1A). The animal
could make their decision at any time after the target stimuli appeared. After the
animal made a saccade to the peripheral target, it had to maintain fixation for 300
ms to signal its decision (first Move + Hold). If the saccade was to the correct target,
the target then turned green and the animal had to maintain fixation for an additional
250 ms (Fixate). After this fixation period, the green target was again replaced by a
fixation stimulus and two new peripheral targets were presented (Stim On). In the
case that the animal made a saccade to the wrong target, the target was extinguished
and the animal was forced back to repeat the previous decision step. This was
repeated until the animal made the correct choice. For every trial the animal’s task
was to correctly execute a sequence of three correct decisions for which the animal
received either a juice reward (0.1 ml) or a food pellet reward (TestDiet STUL 45
mg). After that, a 2000ms inter-trial interval began. The animals always received
a reward if they reached the end of the sequence of three correct decisions, even if
errors were made along the way. If the animal made a mistake, it only had to repeat
the previous decision, it was not forced back to the beginning of the sequence. The
full task included both fixed and random conditions, as explained in detail in [Seo

et al., 2012]. In the present study, however, only data from the fixed condition was
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used.

There were eight possible sequences in this task as every trial was composed
of three binary decisions (Fig. 3.1C). The eight sequences were composed of ten
different possible individual movements. Every movement occurred in at least two
sequences. We also used several levels of color bias, q as defined above. On most
recording days in the fixed sets we used ¢ € (0.50,0.55,0.60,0.65). The color bias
was selected randomly for each movement and was not held constant within a trial.
Choices on the 50% color bias condition were rewarded randomly. The sequences
were highly overlearned. One animal had 103 total days of training, and the other
92 days before chambers were implanted. The first 5-10 days of this training were

devoted to basic fixation and saccade training.

In the fixed condition employed here, the correct spatial sequence of eye
movements remained fixed for blocks of eight correct trials (Fig. 3.1D). After eight
trials were executed without any mistakes, the sequence switched pseudorandomly
to a new one. Thus, the animal could draw on its memory to execute a particular

sequence, except following a sequence switch.

3.2.1.3 Neural Data Analysis

The neural data analyzed comprised 365 units from dSTR and 479 units from
IPFC (Fig. 3.1B, and as explained in more detail in [Seo et al., 2012]). Data from
individual movements was not analyzed if animal failed to maintain fixation or
did not saccade to one of the choice targets. We fitted an ANOVA model with a
200ms sliding window applied in 25ms steps aligned to movement onset, as done
previously [Seo et al., 2012], and identified units that did not show a significant

effect for the sequence factor at any point across the entire recording session. These
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units were excluded from the analysis, as were units that showed average firing rates
below 1Hz. For subsequent analysis, data was pooled across animals and recording

sessions and averaged across runs.

To analyze neural population responses, we applied demixed principal com-
ponent analysis (APCA) [Brendel et al., 2011, Kobak et al., 2016] to the firing rate
traces. As a dimensionality reduction technique, dPCA strives to find an encoding
(or latent representation) which captures most of the variance in the data but also
expresses the dependence of the representation on different task parameters such as
stimuli or decisions. More specifically, it decomposes neural activity into different
task parameters, in our case time (X;), sequence (X;), and certainty (X;), and any

combination of those (X, X, X.7):

X=X+ X; +X¢ + Xge + Xy +Xor = ZX¢ + Xoise
¢

3.1)

Lapca = Y [Xy — FyDyX||?
9

In order to obtain task trajectories in the reduced dPCA space, the data (X) was
smoothed with a Gaussian kernel and then projected into 3-dimensional latent space

spanned by the first three vectors of the sequence-decoder matrix (Dy).

Distance measures were obtained on the full datasets in full-dimensional neural
space, not in the reduced subspace. Euclidean distance between all sequences was
computed across all time points for each of the 8 trial repeats and averaged across
all possible sequence combinations. For PFC, distances were computed between
sequences within the two clusters (defined by whether a sequence ended in the

upper or lower visual hemisphere (sequences S1, S2, S5, S6 and S3, S4, S7, S8,
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respectively; see Fig.3.1C). As a measure of how compact the trajectories were, the
Euclidian distance of every sequence to its centroid was computed across all time
points for each of the 8 trial repeats and averaged across sequences. A sequence’s
centroid was defined as the mean across time of a trajectory in N-dimensional space

with N = 365 for dSTR and N = 479 for IPFC.

3.2.2 Corticostriatal model

3.2.2.1 Architecture
We jointly trained a connected system of two recurrent neural networks to perform
the movement-sequence task (Fig. 3.1A,E). Single-unit dynamics in these networks

are governed by:

TX (1) = X (1) + W T (1) + W lua (1), 0,(0)] + (1)
r’(¢+) = tanh(x’)
ys _ Wf’oxs
(3.2)
TXP(t) = —x"(t) + WP (1) + WELY' (1), wins(1)] + 1 (1)

r’(t) = tanh(x”)

y’ = Wfoxp

where x}(¢) and x” () are synaptic current variables of unit i at time 7 in the
striatal and prefrontal network, respectively, and activity (firing rate variables r; and
r?) is a nonlinear function of x (r{ = tanh(x}) and r = tanh(x)), W¢, and W%, are
the recurrent weight matrices, W5, and Wf’r are the input weight matrices, and [u,, u,]
and [r’,u;,, are the inputs of the striatal and prefrontal networks, respectively, and

added noise n;(¢).

The striatal and the prefrontal network had N¥, = 1000 and N5 = 800 units,
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respectively. The connectivity weight matrices W#, and WY, were initially drawn
from the standard normal distribution and multiplied by a scaling factor of \/N%,. and
\/N_ﬂ, respectively. The neural time constant was T = 10ms. Each unit received
an independent white noise input, 1;, with zero mean and SD = 0.01. Inputs were
fed into the networks through the input weight matrices W3, and Wf’r which were
initially drawn from the standard normal distribution and multiplied by a scaling

factor of \/N? with N3 = 20 and /N? with N/ = 510 for the prefrontal network.

Otherwise, the model parameters were set in the same range as [Mante et al., 2013].

The striatal network (Fig. 3.1E) received a 15-dimensional input vector,
u; = [ug,u,], composed of a 10-dimensional vector u, specifying actions taken and
a 5-dimensional vector u, specifying the rewards received for those actions. Outputs
for each of the networks were linearly read out from the synaptic currents of the
recurrent circuit (Eq 3.2). The striatal network read-out was a 10-dimensional vector,

y®, of action values derived from TD learning (as described further below).

The prefrontal network (Fig. 3.1E) received a 20-dimensional input, u, =
[y*, wys], composed of a 10-dimensional vector r® of action value outputs from the
striatal network, together with a 10-dimensional instruction vector u;,s specifying
when to initiate fixation (Fixate) and when to move towards or hold the target
(Move + Hold). The prefrontal network read-out was a 11-dimensional output vector,
Y, = [Y4>¥v] composed of a 10-dimensional vector y, of actions and an additional
unit coding for the visual hemifield (upper or lower) in which a particular sequence

terminated.
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3.2.2.2 Network system training

All synaptic weight matrices (W,,, W;,., and W,,) were updated with the gradient
of the loss function (Eq 3.3), which was designed to minimize the square of the

difference between network and target output:

Nrrp

T T
1=2)Y i —yi)* + Y ) (i —yi)? (3.3)

k=1t=0i=1 k=1t=0i=1

NI"I‘X

The error was thus obtained by taking the difference between network output y
and target output y and summing over all trials K in a batch (with K = 10), time
points T and recurrent units N,,. The total loss function (Eq 3.3) was obtained by
combining the loss terms from the striatal and the prefrontal network while assigning
double weight to the striatal loss term. The striatal and the prefrontal networks
were jointly trained by obtaining the gradient of the combined loss function (Eq
3.3) through automatic differentiation with autograd [Maclaurin et al., 2017] and
custom implementations of specific functions with GPU-based acceleration using
JAX [Johnson et al., 2018]. The network was trained with an initial learning rate
of o = 0.001 for 10 steps with 1000 iterations each, while the learning rate was
decayed by % at every step. After this training phase, all the synaptic weight matrices

remained fixed.

3.2.2.3 Task Coding

Actions (ua/yp) and action values (y,) were coded as 10-D vectors in which every
unit coded for one of the movement choice options (see Methods and Materials -
Task and Stimuli). So, for instance, for the first binary choice option (Fig 3.1C,
S1-center) one unit coded the right movement choice and the other the left movement

choice. Rewards (u,) and visual inputs which indicated target locations and fixation
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points (u;,s) were coded as 5-D vectors with every unit coding for reward delivered
at one of the 5 decision points (center, upwards, downwards, upper, lower; Fig 3.1C).
Actions and rewards were coded as brief transients. The reward signal interval was
1%th as long as the action signal interval. Rewards were delivered after the end of

the action signal interval.

Rewards drove the update of action values according to a temporal-difference

reinforcement learning algorithm (Q-Learning) [Sutton and Barto, 2018]:

Q(Sz,at) — Q(St,at) + O‘[”t+1 + ymax(Q(s,+1,:)) - Q(s,,at)]
p; = softmax(BQ;) (3.4)
Q1 =7Q,

The learning rate parameter ¢, the discount factor ¥y and an additional inverse
temperature parameter 3 were fitted to one of the training sessions of monkey 1
using fminsearch in Matlab, with the decay parameter set to T = 0.95. The values

obtained for the parameters were o = 0.8100, ¥y = 0.2010, and 8 = 3.050.

The training data set for the corticostriatal model system was composed of the
behavioral data from the recording sessions of the two monkeys. Action values
(y,) were derived by feeding the actions chosen and rewards received through the
Q-learning algorithm (Eq 3.4). A subset of 25 blocks from the recordings was left
out as a test set. Additionally, the training data set was augmented with artificial data
generated by randomly choosing one of the eight sequences for the current block
and drawing action movement outcomes with the same error probabilities that the

animals displayed in the real task (see Fig. 3.4E - Behavior). During training, a batch
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composed of 10 blocks was randomly chosen from across the entire training set at

each step.

3.2.2.4 Autonomous mode

After training, we also tested the model’s ability to autonomously produce movement-
sequence blocks. This meant obtaining trial-by-trial value and action estimates.
More specifically, we obtained an initial set of outputs (y*; Eq. 3.2) from the striatal
network by feeding in a vector of white noise inputs for ug (with zero mean and
SD = 0.01). Striatal outputs were then fed into the prefrontal network together with
instructions u;,s specifying the particular movement stage as part of the prefrontal
input vector u,. We obtained a vector of actions y,, as outputs from the prefrontal
network. Actions were decoded from among the choice options that were possible at
a particular movement stage (after the first movement stage, certain choice options
become unavailable, i.e. for sequences S1 and S5 in Fig. 3.1C the choice options
in the lower visual hemifield are no longer possible at the second movement stage).
Actions were decoded probabilitiscally from the result of passing action outputs

through a softmax function (acpeice = softmax(y,)).

The chosen action was then fed back into the dSTR network. If the action was
correct, a reinforcement signal was delivered to the dSTR. If the action was incorrect,
no reinforcement signal was delivered. Then, the signal for the next movement
stage was fed into the dPFC network and a new set of dSTR outputs, for the next

movement stage, was fed into the prefrontal network, etc.

If the decoded action was wrong (in that it was not the correct action for the
current movement-sequence block), the network system was forced to repeat this

particular movement stage before proceeding (just like the animals in the original
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experiment). This was done by concatenating the set of wrong actions with the
striatal action input vector u, and feeding it into the striatal network together with
the reward vector u, set to white noise. The striatal outputs obtained as such were
then fed into the prefrontal network together with the instruction vector u;,s set to

the same movement stage as before.

3.2.2.5 Model Analysis

The neural population activity from the striatal and prefrontal networks of the
corticostriatal model was imaged in the same way as the real neural recordings, by
projecting activity into a 3-dimensional latent space spanned by the first three vectors
of the sequence-decoding matrix (Dy) obtained through dPCA (Eq. 3.1) [Brendel
et al., 2011, Kobak et al., 2016].

Canonical correlation analysis (CCA) was used to compare model and neural
population responses, as was done previously [Sussillo et al., 2015]. First, both the
model and the recorded neural data were averaged across trials, smoothed with a
Gaussian kernel and reduced to 15 dimensions using dPCA. This ensured CCA was
not performed along dimensions of high correlation but low variance. Then the first
10 canonical correlation coefficients were obtained using the entire duration of a

chosen movement-sequence as a comparison window.

In order to image the potential surface, we first projected neural population
activity into 3-dimensional latent space and obtained a mesh of points (X*) around
the sample trajectories. Then we projected this mesh of points back out into neural
population space using the stimulus-encoder matrix (Fy; Eq. 3.1). We started the
networks off at each of these points by providing them as the initial vector of

firing rates (r(t); Eq. 3.2), and let the network system run through a whole block of
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movement-sequence trials. For illustration purposes, we imaged the potential surface
at the same point for all trials in a block. We obtained the potential surface at the
chosen moment in time by calculating the magnitude of the gradient for the mesh
of points. In order to ensure that the trough of the potential surface at the chosen
moments in time really pointed to fixed point regions, we kept the input fixed and
continued running the network system through 10 iterations (which corresponded to
the length of the fixation period) to make sure the location of the trough remained
fixed on the timescale of the network. If the location of the minimum remained
fixed for the length of this period, we labelled this location as a fixed point. We then
obtained the joint potential surface of two chosen sequences by taking the point-wise

minimum across the two sequences’ manifolds.

In order to calculate the distance between the minima of the potential surfaces
of two different sequences, we first confirmed the location of the fixed points in
3-dimensional latent space as described above. Then, we used Dijkstra’s algorithm
to obtain the minimal path length along the joint potential surface between two
particular sequences’ fixed points. We repeated this for all possible sequence
combinations in the test set and averaged the result. In order to calculate the distance
between sequences in latent space as well as the distance of a particular sequence
to its centroid, we first projected the data into 10-dimensional dPCA-space (for
computational reasons) and then proceeded the same way as in the neural data (see
Methods and Materials - Neural Data - Data Analysis). We found no difference in

these metrics when projecting into 10- or 20-dimensional dPCA- space.

3.3 Results

We investigated dynamics during learning in the fronto-striatal system (Fig. 3.1). The

task consisted of a sequence of three movements which the animal had to execute
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by saccading to the correct targets (Fig. 3.1A). While the animal exectued these
movement trajectories, recordings were obtained from dPCA and IPFC (Fig. 3.1B).
There were a total of 8 possible arrangements (or sequences) of 3 movements
(Fig. 3.1C). These sequences, in turn, were arranged into blocks in which one
particular sequence remained fixed for the duration of the block (Fig. 3.1D). Thus
the animal was able to learn which sequence was correct in the current block using
feedback about chosen movements. At the start of a new block, a new sequence was

chosen randomly (see Methods and Materials for further details).

Two animals performed this task while we obtained neural recordings from
lateral prefrontal cortex (IPFC) and dorsal striatum (dSTR) (Fig. 3.1B, see Methods
and Materials and [Seo et al., 2012] for further details). To investigate learning
dynamics, we built a model of the fronto-striatal system. In this model, consistent
with the neural data, the striatum represents action values, and the prefrontal cortex
selects actions (Fig. 3.1E). Whether actions are selected via return loops through the
thalamus, or in other structures downstream from the striatum is currently unclear.
However, at least in some conditions in the in-vivo study, actions were selected in
cortex before they were selected in the striatum [Seo et al., 2012]. Therefore, we
organized our model consistent with this. The prefrontal network received action
value information from the striatum and selected actions based on this information.
The prefrontal network received additional inputs signifying fixation and move/hold
periods, which were presented to the animal as visual cues during the task. The two
networks in this system were trained using actions and rewards from the animals’
real recorded behavior. Corresponding action values were generated by feeding
actions and rewards through a temporal-difference reinforcement learning algorithm

(Q-learning; see Methods and Materials).

After training, the fronto-striatal model learned to produce correct movement
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Fig 3.1. Task and Model Overview. (A) Sequence of events in the task. (B) Coronal
section showing approximate location of recording chamber. (C) The eight possible
movement-sequences used in the task. (D) Trial structure. Trials were arranged into
blocks of 8 repeats of the correct movement-sequence plus a variable number of
error trials (i.e. sequence S1 followed by sequence S5). (E) Corticostriatal model,
consisting of a prefrontal network and a striatal network of recurrently connected
units. The prefrontal network selects actions based on inputs from the striatal
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sequences (Fig. 3.2). In this example, sequence S5 (consisting of a rightwards
movement, followed by upwards, and another rightwards movement) was the correct
sequence for the current block. The prefrontal network units coding for these
movements selected the correct action (light blue). Following selection of the correct
action the network received a reward input (dark blue). The reward, in turn, made
the value signal in the striatal network (red) increase for the rewarded movement.
The output of the prefrontal and striatal network units coding for other movement
directions remained flat. Altogether, the system learned to produce movement

sequences with the correct action and action value output.

After training, the network system could be run autonomously. That is dIPFC
selected actions based on the dSTR action value inputs, and external inputs to dIPFC
indicating the ordinal position of the current movement in the sequence (see Methods
and Materials - Corticostriatal Model - Autonomous mode). In the first step, a
vector of white noise inputs and a vector of external inputs specifying the ordinal
position of the movement were used to generate value signals in the striatal network.
These value signals were input to the prefrontal network which selected the first
movement. This movement was then fed back into the striatal network together
with the corresponding reward outcome. The signal representing the new ordinal
position in the sequence was used to generate the next value signal, and so on. In this
manner, we generated several trials of the same movement sequence, which were
strung together into blocks, as in the original experiment (Fig. 3.1D). We imaged
the outputs of the network system as the correct sequence switched from one block
to the next (Fig. 3.3). There were a total of 10 output units, one for each of the
available movement directions. Decoded actions (in light blue) from the outputs
of the prefrontal network, action value outputs (in red) from the striatal network
and rewards (in dark blue) delivered externally were all imaged together for these

two sequential blocks. The correct sequence switched from one block to the next
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indicated by striatal output units corresponding to a particular direction; action

values increased after reward delivery.
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(sequence S2, magenta, for the first block, and S4, light brown, for the second;

Fig. 3.3 inlays).

The correct sequence for the first block (S2, magenta) is composed of a left
move in the center, followed by an upwards move on the left side and a rightwards
move at the top (see Fig. 3.3 inlay). Accordingly, the three output units at center
left, left up and upper right were active. The correct actions could be decoded
probabilistically from the outputs of the prefrontal network; actions were signalled
by sequential pulses (light blue) in the three output units that made up the correct
sequence. Rewards were presented as short pulses at the end of an action (dark
blue). The striatal network subsequently produced the corresponding action value
signal (red). The value signal decayed over time, but recovered when correctly exe-

cuted trials followed upon each other (as in the upper right movement panel, Fig. 3.3).

As the new block began (grey dotted line), the correct sequence changed (from
S2 in magenta to S4 in light brown). The new sequence was composed of a center
right move, followed by a downwards move on the right and a move to the left at the
bottom (see Fig. 3.3 inlay), ending up in the lower visual hemifield. Accordingly,
the three output units at center right, right down and lower left were now active. The
output units representing the movements that had been correct during the previous
sequence (center left, left up, upper right) were now inactive; the striatal network’s

value signal in these units decayed back towards zero.

Occasionally, the prefrontal network commits errors and the wrong movement
was decoded. Errors occur with the same frequency as in the behavioral data from
the two monkeys carrying out this task (as the training set for the networks was
derived from real behavior, see Methods and Materials). Upon a block switch,

errors can occur at all three movement stages. At the first movement stage, the PFC
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moves decay quickly. Trials with erroneous movements remain unrewarded and are
repeated, just like in the original experiment. Supporting Figures: Fig. S2-1
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network produced the same movement which had been correct in the previous block
(center left, T1" in light brown; Fig. 3.3). This move remained unrewarded. The
striatal value signal decayed quickly after unrewarded moves, instead of spiking
as it did after rewarded moves (i.e. center left, T8 in magenta). The network was
forced to repeat the move before progressing further (just like the animals were in
the original experiment; see Methods and Materials). The striatal value signal for the
opposite movement direction now increased, prompting the prefrontal network to
produce the correct move at the second attempt (T1 in light brown, center right). The
correct action was now rewarded and the striatal value signal for this move increased
further, while the value signal for the unrewarded action decayed further (center
left). Further erroneous moves occurred at the second and third movement stages
(right up and lower right, respectively). These outputs remained unrewarded, and
the network was again forced to repeat these moves. The correct moves were gen-

erated at the second attempt, and the network was allowed to progress to the next trial.

We also plotted the behavior of the network system on the test set (Fig. S2-1).
In this case, actions from the test set (a portion of the original dataset which was
not used in network training) were fed into the striatal network to obtain value
signals which, in turn, were fed into the prefrontal network to obtain action outputs.
Actions were not fed back into the striatal network this time; rather, the next action
from the test set was picked as the next input to the striatal network. The network
behaved similarly to the autonomous mode, with value signals increasing after suc-
cessive correctly executed moves and decaying quickly upon the omission of reward
(Fig. S2-1). To analyze the system’s performance in more detail, we plotted striatal
and prefrontal outputs together with their target outputs for a sample block transition
from the test set (Fig. 3.4A,B; see Methods and Materials). Output traces generally
follow target traces. To quantify this, we computed the mean squared error between

targets and outputs over the duration of a block averaged over all blocks in the test
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set (Fig. 3.4C-D). The largest difference between outputs and targets occurred for
the first trial when the correct sequence was unknown. Over the course of the block,
as certainty increased, the error decreased for both prefrontal (Fig. 3.4C) and striatal
networks (Fig. 3.4D). We also imaged the eigenvalue spectra of the two networks’
weight matrices after training (Fig. S2-2). We found that variance was spread across
many dimensions in the prefrontal network (Fig. S2-2A), while most of the vari-

ance was concentrated around 5 large eigenvalues in the striatal network (Fig. S2-2B).
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Fig 3.5. Comparison of model and recorded data A CCA projections (canonical
variables) for the prefrontal model network (left) and the neural data recorded from
IPFC (right). These projections show the directions in state-space along which the
data is maximally correlated with the model. Each row shows one canonical
variable (CV 1-5). Traces are colored based on the mean value of the projection
across the entire depicted duration of the trace. Traces show responses for the
whole length one movement-sequence which is composed of three sequential
movements (black dots mark movement onset). B CCA projections for the striatal
model network (left) and the neural data recorded from dSTR (right). C Summary
of canonical correlations between model and neural data. CCA analysis provides a
spectrum of of correlation coefficients that can be used to assess model
performance (see Methods and Materials). The canonical correlation coefficients
are shown for the trained model (striatal network in dark red and prefrontal network
in dark magenta), as well as for an untrained network with the same inputs which as
a baseline (striatal network in light red, and prefrontal network in light magenta). D
Fraction of correct decisions as a function of trials after the sequence switched,
separately for the behavior of the two animals (solid line), the performance of the
Q-learning algorithm (broken line; see Methods and Materials-Corticostriatal
model-Coding), and the performance of the corticostriatal model network system
(dotted line; see Methods and Materials-Corticostriatal model-Autonomous Mode).
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We compared neural activity from the model with the recorded neural data
using canonical correlation analysis (Fig. 3.5A-C; see Methods and Materials). We
plotted the first five canonical variables for the neural responses from the model
and the recorded data (Fig. 3.5A,B). The canonical variables are the directions in
state-space along which model and recorded data are maximally correlated, and offer
a way to assess the similarity between model and recorded population responses.
The model (left) and the neural data (right) shared many population-level response
patterns. The model was able to pick up the slow oscillatory patterns observed in the
neural data [Seo et al., 2012]. We also plotted the canoncial correlation coefficient
for the striatal and the prefrontal network across the first ten canonical variables
(Fig. 3.5C). We also obtained the correlation coefficients for an untrained model
with the same inputs as a baseline. The canonical correlations were consistently
higher than the baseline for both the striatal and the prefrontal network. The first
seven correlation coefficients were significant for the trained striatal and prefrontal
networks (p < 4.823e — 11). The average correlation coefficients were higher for the
trained networks (0.65 striatal and 0.71 prefrontal) than for the untrained networks
(0.56 striatal and 0.59 prefrontal). We retrained the model 10 times with the same
configuration and parameter settings, but starting with different randomly initiated

weights (see Methods and Materials), and obtained a similar fit to recordings.

We also determined the behavior of the model system by measuring the fraction
of correct decisions over the course of the movement-sequence block and compared
it to the recorded behavior from the animals (Fig. 3.5D). The recorded behavioral
data from the animals (solid line, as in [Seo et al., 2012]) shows chance performance
at the beginning of the block, and rapid, steady improvement over the course of the
block. In order to determine the fraction of correct decisions of the model system,

we let the networks produce movement-sequences autonomously (see Methods and
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Materials-Corticostriatal model). That is, we used the action outputs of the prefrontal
network as inputs to the striatal network. In this way we obtained a distribution of
activations for the next movement step in the prefrontal output units, from which we
decoded the predicted action. The fraction of correct decisions of the autonomous
model system averaged over 25 blocks (dotted line) approximated that of the animals’
behavior (solid line). We also plotted the fraction of correct decisions obtained from
the fit of the Q-learning algorithm (dashed line), and it agreed well with behavior.

This shows the model system was able to capture the animals’ behavior in this task.

To study how neural representations evolved with learning, we imaged PFC
neural population activity in 3-dimensional latent space using demixed principal
component analysis (see Methods and Materials). Trajectories from neural record-
ings in IPFC (Fig. 3.6A-D) are plotted alongside trajectories from the prefrontal
network of the corticostriatal model (Fig. 3.6E-H). The plots capture representations
for progressive trials over the course of a block (Fig. 3.1D), as the animals advance
from 50% certainty at the start of the block (Fig. 3.6A&B) to close to 90% certainty
by the fifth trial into the block (Fig. 3.6C&G).

Sequence representations from neural recordings in IPFC (Fig. 3.6A-D) showed
a separation by visual hemifield: sequences S1, S2, S5 and S6 which progressed
along the upper visual hemifield (Fig. 3.1C) were clustered to the left while the
remaining sequences which progressed along the lower visual hemifield were
clustered to the right. This separation appeared to be present from the very start
of a block. We also examined the evolution of representations across learning. As
the animals learned in each block, they more frequently selected the correct option
(Fig. 3.4E), which suggests they become more certain of their choices. We found
that sequence trajectories within each particular cluster separated more from each

other with increasing certainty (Fig. 3.6A-C). To capture this effect, we computed

3.3. RESULTS 111/174



PFC Recordings PFC Model

A 50% Certainty E 50% Certainty
dPC3
— S1(RU-L) dPC3
— 52 (L-U-R) 2e-01
$3 (L-D-R)
— sS4 (RDL) X 9er01 0e+00
—— S5 (R-U-R) X
—— S6 (L-U-L) 2K 6e+01 2e-01
S7 (L-D-L) ’ ®
S8 (R-D-R) 1o 3e+01 _3e-01
dPC2
+02 -4e-01 dPCt
e+02 L Be+0F
256+01 0e+00 .
dPCt te+00  Oe+dF drc2 4e-01 4001 0e+00 4e01
76% Certainty 76% Certainty
B F
dPcs dPC3 { ]
X 2e-01
x\x 8e+01
x,% 0e+00
1 4e+01
2e-01
ot 0e+00 5e-01
oo dPC2
Jer -5e-01 dPC1
-1e+025e+0196+00 Oedﬁéﬂ dPC2 -4e-01
dPC1 5e-01 4e-01 08700
90% Certainty 90% Certainty
c G pcs
4e-01 ° ):
0e+00
-4e-01
-8e-01
dPC2
4e+01
16402 56401 o,0p  Oe+00 - dPC2
PC1
D H

N
o

Fit: -0.430%0.822x + 10.8p7

YY'

50% 76% 84% 88% 89% 90% 91%

e Fit: -5.66%0.695% + 9.1)8

3 3 = 2 R
> & o & o

©
o

©
o

Euclidean distance between sequences
Euclidean distance between sequences

50% 76% 84% 88% 89% 90% 91%
Fraction Correct (Certainty) Fraction Correct (Certainty)

Fig 3.6. Evolution of latent task coding with learning for PFC recordings and model
network. A-D IPFC neural recordings. Latent task trajectories during the execution
of the three-movement sequence depicted in three-dimensional latent space
(obtained from dPCA using the sequence dimension; see Methods and
Materials-Neural Data-Data Analysis). Latent trajectories for all eight possible
movement sequences (S1-S8) are plotted together, for increasing certainty (fraction
correct) levels (A-C). D Euclidean distance between all sequence trajectories within
the two clusters (brightly and lightly colored trajectories) as a function of increasing
certainty (see Methods and Materials-Neural Data-Data Analysis). E-H PFC model
network. Latent task trajectories during the execution of the three-movement
sequence depicted in three-dimensional latent space (obtained from dPCA using the
sequence dimension, as in A-D). Latent trajectories for all eight possible movement
sequences (S1-S8) are plotted together, for increasing certainty levels (E-G). H
Euclidean distance between all sequence trajectories within the two clusters
(brightly and lightly colored trajectories) as a function of increasing certainty level
(calculated as in D).

3.3. RESULTS 112/174



the Euclidean distance between sequences within clusters in neural population space
(in the full-dimensional space of recordings, not in the reduced latent space; see
Methods and Materials). We found this measure increased with certainty as learning
progressed over the block (Fig. 3.6D). Sequence representations from the prefrontal
network model (Fig. 3.6E-H) showed the same clustering by visual hemifield. Task
trajectories were somewhat more distinctly clustered by hemifield at the start in
the neural data (Fig. 3.6A) than in the model (Fig. 3.6E). Overall, though, we also
found Euclidian distance between sequences within clusters increased for the model

trajectories (Fig. 3.6H).

To study what underlies increasing separation of movement-sequence repre-
sentations with learning, we probed the prefrontal model network further (Fig. 3.7).
We obtained the potential surface in the region around the latent sequence trajecto-
ries as learning progressed across the block (see Methods and Materials - Model
Analysis). We obtained the joint surface across two particular movement-sequence
trajectories in latent space by taking the point-wise minimum across the potential
surfaces of the individual sequences, and imaged this common surface for increasing
levels of certainty across a block (Fig. 3.7A-C). The potential surface shows how
activity evolves at different points in neural latent space in the vicinity of sequence
trajectories. Neural activity has a high propensity to be pushed away from locations
where the magnitude of the gradient is high (yellow), and remain in locations where
the magnitude is low (dark blue). We ascertained that the troughs of the potential
surface pointed to energy minima (or fixed points) in neural activity (see Methods

and Materials - Model Analysis).

Observing the evolution of joint potential surfaces with learning (Fig. 3.7A-C)
for a particular point along the movement trajectory (magenta dot), one notices how

energy minima for different regions become increasingly well separated. Along with

3.3. RESULTS 113/174



A B
50% Certainty 76% Certainty

—— S1(R-U-L)
—— 54 (R-D-L)

96-01 6e-01

6e-01 4e-01

3e-01 2e-01

0e+00 0e+00 259
5e-01 0e+00 _5e. 0e+00 -1e+00 .56-01 g+ 8e-01
dPCA 5e-01 _1e+00 dPC1 0e+00 5¢-01

c D

90% Certainty E
[=
E
10 g —— Fit: -0.§77%0.66Px + 0.879
5
0.8 ;
8e-01 5
06 8
c
5e-01 §
0.4 E
2e-01 £
0.2 g
0e+00 5e-01 Potential %
E 0
-1e+00 .5e-01 ge+00 5e.01 ©€01 nerey o 50% 76% 84% 88% 89% 90% 91%

dPC1 Certainty
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the potential surface, the network was iterated one step forward with inputs held
fixed to a particular chosen timepoint (magenta dot; see Methods and
Materials-Corticostriatal Model-Model Analysis). Latent movement-sequence
trajectories and potential surface are depicted for increasing certainty (fraction
correct) levels in A-C. D Minimum path length between the gradient minima of all
sequence pairs in the test set. Path length was calculated along the joint gradient
surface by using Dijkstra’s algorithm (see Methods and Materials-Corticostriatal
Model-Model Analysis). Results are depicted for increasing certainty levels.
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Fig 3.8. Evolution of latent task coding with learning for STR recordings and model
network. A-D dSTR recordings. Latent task trajectories during the execution of
the three-movement sequence depicted in three-dimensional latent space (obtained
from dPCA using the sequence dimension; see Methods and Materials-Neural
Data-Data Analysis). Latent trajectories for all eight possible movement sequences
(S1-S8) are plotted all together for increasing certainty (fraction correct) levels
(A-D). D Euclidean distance between all sequence trajectories within the two
clusters (brightly and lightly colored trajectories) as a function of increasing
certainty level (see Methods and Materials-Neural Data-Data Analysis). E-H STR
model network. Latent trajectories for all eight possible movement sequences
(S1-S8) are plotted together in dPCA-derived latent space (obtained as in A-D) for
increasing certainty (fraction correct) levels (E-G). H Euclidean distance between
all sequence trajectories within the two clusters (brightly and lightly colored
trajectories) as a function of increasing certainty level.
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Fig 3.9. Evolution of gradient landscape with learning in STR model network. A-C
Latent trajectories (obtained through dPCA) for two different movement sequences
(S1 in blue, S4 in red) are depicted in two dimensional latent space (bottom). Solid
dots depict the beginning (green) and end (black) of the three-movement sequence.
The surface depicts the gradient of the network in the two dimensional space in
which the two sequence trajectories sit. To obtain the gradient manifold, the
network was iterated one step forward with inputs held fixed to a particular chosen
timepoint (magenta dot; see Methods and Materials-Corticostriatal Model-Model
Analysis). Latent movement-sequence trajectories and gradient surfaces are
depicted for increasing certainty (fraction correct) levels (50%, 75% and 90%
certainty in A-C). D Minimum path length between the gradient minima of all
sequence pairs in the test set. Path length was calculated along the joint gradient
surface by using Dijkstra’s algorithm (see Methods and Materials-Corticostriatal
Model-Model Analysis). Results are depicted for increasing certainty levels.
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this separation, the ridge in the joint potential surface between the two sequence
minima heightened with increasing certainty during learning. As this happens, it
becomes increasingly less likely to commit errors: the gradient along a particular
side of the ridge drives activity more strongly towards a particular sequence’s fixed
point region, so that the chance to end up in the other minima decreases with learning.
To quantify this effect, we determined the minimal path length between the various
sequence’s fixed point regions as learning progressed (see Methods and Materials -
Model Analysis). We observed that minimal path length between fixed point regions
increased with certainty during learning (Fig. 3.7D). Altogether, we established that
the energy landscape in the network changes with learning such that fixed point
regions for different movement-sequences are pushed farther apart from each other,

underlying the increase in behavioral accuracy.

We also examined how neural representations evolved with learning in the
striatum (Fig. 3.8). Trajectories from neural recordings in dSTR (Fig. 3.8A-D)
are plotted alongside trajectories from the striatal model network (Fig. 3.8E-H).
Sequence representations in the dSTR (Fig. 3.8A-D) did not display any particular
clustering by visual hemifield, unlike representations in IPFC (Fig. 3.6A-D). Se-
quence representations were instead scattered around in latent space. As learning
progressed, sequence representations spread further apart from each other (Fig. 3.8A-
C). We computed the Euclidean distance between all sequences in neural population
space and found it to be increasing with learning (Fig. 3.8D). Trajectories from the
striatal model network (Fig. 3.8E-H) were also scattered around latent space, similar
the neural recordings (Fig. 3.8 A-D). Like in the recordings, sequence representations
in the model spread further apart from each other as learning progressed. To quantify
this effect, we again computed the Euclidean distance between sequences (see
Methods and Materials) and found it to be increasing with learning (Fig. 3.8H), as in

the neural data (Fig. 3.8D).
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Fig 3.10. Shaping of latent movement sequence representations with learning. A-B
Latent trajectory for a single movement sequence (obtained through dPCA)
depicted in two dimensional latent space for increasing certainty levels (from low,
in light blue, to high in dark blue). Neural recordings from dSTR (A) and STR
model network (B). C-F Euclidean distance between a sequence’s centroid
(multi-dimensional mean across time) and each point in time for all sequences in
the test set (averaged across time points), as a function of increasing certainty
(fraction correct). Neural recordings from dSTR (C) and STR model network (D).
Neural recordings from IPFC (E) and PFC model networks (F).
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Fig 3.11. Relating the change in latent representations with learning to changes in
mean firing rate. A Data from neural recordings in dSTR. (a) The first principal
component (dPCA) of neural population activity for the same sequence as in
(Fig. 3.10A) plotted across time, for increasing certainty levels (from light to dark
blue). (b) Mean firing rate (FR) in Hz over time for increasing certainty levels. FR
is averaged over all units in the recording. The correlation between the change in
latent trajectories and mean FR with learning is p = 0.2950 (p = 2.17¢ —56). B
Data from neural recordings in PFC. (a),(b) as in A. The correlation between the
change in latent trajectories and mean FR with learning is
p = 0.2400(p = 2.41e —37). Dots indicate whether the period immediately to
the right of the dots was a hold period (red dot) or a move period (green dot).
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Fig 3.12. Latent representations of correct and wrong movements in the STR model
network. Latent trajectories of single movements (obtained through dPCA) from
the first trial after a sequence switch imaged in three dimensional latent space.
Representations for correctly executed movement representations (solid lines) are
depicted alongside wrongly executed ones (dotted lines).

To examine this effect in further detail, We computed the potential surface for
various points as learning progressed (Fig. 3.9), as done previously for the PFC
model. In the STR model network we also observed energy minima for different se-
quences becoming increasingly well separated as learning progressed (Fig. 3.9A-C).
Along with this separation, the ridge in the joint potential surface between different
sequence minima heightened with increasing certainty during learning. To quantify
this effect, we determined the minimal path length between the various sequence’s
fixed point regions as learning progressed, as before. We observed that minimal
path length between fixed point regions increased with certainty during learning
in the STR model network (Fig. 3.9D). Altogether, we established that the energy
landscape in the network changes with learning such that fixed point regions for

different movement-sequences are pushed farther apart from each other.
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Fig 3.13. Decoding sequence identity from latent trajectories. Fraction of correctly
decoded sequence identities (in %). Sequence identity was decoded by projecting
the test sequence into latent space and computing the Euclidean distance to all
sequence trajectories in latent space. The test sequence was then assigned the
same label as the closest sequence trajectory. Results are averaged across all trials.
Decoding performance was at 28% for dSTR (left) and at 59% for PFC latents
(right; leave-one-out cross validation). Chance performance was at 12.5%.

We also examined how the shape of a particular movement-sequence representa-
tion in latent space changes with learning in the two regions (Fig. 3.10). We observed
that trajectories became more compact with learning (from lighter to darker blue)
as could be seen in neural recordings from dSTR (Fig. 3.10A) and in the striatal
model network (Fig. 3.10B). To quantify this effect, we computed the Euclidean
distance of a particular sequence to its centroid for increasing certainty levels (see
Methods and Materials) and found this measure to be decreasing with learning in

both striatal recordings (Fig. 3.10C) and in the striatal model (Fig. 3.10D). The
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Fig 3.14. Decoding sequence identity from latent trajectories as a function of certainty
level. Fraction of correctly decoded sequence identities (in %). Sequence identity
was decoded by projecting the test sequence into latent space and computing the
Euclidean distance to all sequence trajectories in latent space. The test sequence
was then assigned the same label as the closest sequence trajectory. Results are
averaged across all trials. Decoding results per certainty level for PFC (A) and for
STR (B) (leave-one-out cross validation). Chance performance was at 12.5%.
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Fig 3.15. Task structure of three-armed bandit task. A Event structure of an individual
trial in the three-armed bandit task where animals indicated their choice by
saccading to a single choice option. B Each block of trials, n, began with the
presentation of 3 novel images that served as choice options. A particular set, s, of
choice options was repeatedly presented for a number, j, of trials. After 10 — 30
trials, one of the three existing choice options was randomly selected and replaced
with a novel image. Adapted from [Costa et al., 2019]
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Fig 3.16. Shaping of latent image set representations in the three-armed bandit task
with learning. Neural responses to each set of images, s, (Fig. 3.15) were
projected into latent space using the first three encoding vectors obtained through
dPCA. The Euclidean distance was computed between a latent representation’s
centroid (multi-dimensional mean across time) and each point in time. This
measure was computed for every trial j € 1...10 after a novel image was
introduced, for all trial blocks, n, and averaged across time. A Recordings from
the amygdala. The linear fit showed a decreasing trend over trials 1-10
(p = 0.001). B Recordings from oPFC. The linear fit was not significant. C
Recordings from PFC. The linear fit showed a decreasing trend (p = 0.0005. D
Recordings from vSTR. The linear fit was not significant.
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Fig 3.17. Relating the change in latent representations in the three-armed band task
to changes in mean firing rate. A Recordings from PFC (a) The first principal
component (APCA) of neural population activity plotted across time, for trials
j € 1...10 (light blue to dark blue) after a novel image was introduced.
Trajectories are averaged across all blocks, n. (b) Mean firing rate (FR) in Hz over
time for trials j € 1...10. FR is averaged over all units in the recording. The
correlation between changes in latent trajectories and mean FR over trials was
p = 0.8525(p < 0.001). B Recordings from amygdala. (a),(b) computed as in A.
The correlation between changes in latent trajectories and mean FR over trials was
p = 0.6258(p < 0.001).
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decreasing trend in prefrontal recordings was not significant (Fig. 3.10E), while our

PFC model network showed a more clear decreasing trend (Fig. 3.10F).

In order to examine this effect in further depth, We plotted the evolution of the
first principal component across time for increasing certainty levels and compared
it to changes in mean firing rate across the recorded population (Fig. 3.11). In
data from dSTR (Fig. 3.11A) we observed a correlation of r = 0.295 between
changes in the first principal component and changes in the mean firing rate of the
recorded population of neurons (p = 2.17e¢ — 56). In PFC (Fig. 3.11B) we observed
a correlation of r = 0.240 between the two (p = 2.41e — 37). Thus, changes in the
state space trajectories with learning are partially related to changes in mean firing

rate across the population, but cannot be fully accounted for by them.

We further compared latent representations for correct and wrong movements
in the prefrontal model network (Fig. 3.12). We imaged representations of the
first movement during the first trial in the block (when error rate is highest) in
3-dimensional dPCA-derived latent space for a few different sample sequences. We
found that when the wrong movement was executed (i.e. S1 Error, dotted blue line),
the representation moved away from that of the correct movement (right move, R in
bold, for sequence S1, solid blue line) and closer to that of sequences which shared
the same executed movement (left move, L in bold, for sequence S2, solid red line,
and sequence S3, solid rose line). Similarly, the movement representation for the
wrong move in sequence 8 (S8, dotted light green line) moved away from the correct
move trajectory (solid light green line) and closer to the movement representation of

sequence 6 (solid magenta line) which shared the same movement direction.

In order to quantify the amount of information present in latent representations

in the two regions, we decoded sequence identity from latent trajectories (Fig. 3.13).
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This was done by projecting a particular test sequence into latent dPC-space and
computing the Euclidean distance to all of the eight sequence’s trajectories in latent
space. The test sequence was then assigned the same label as the trajectory to which
it was closest. We obtained a decoding performance of 28% correct for dSTR and
59% for PFC (leave-one-out cross validated), with chance performance at 12.5%
(1/8 sequences). We also broke this down further by certainty level (Fig. 3.14).
Sequence identity was decoded the same way, but separately for every certainty level.
Decoding performance was again better in PFC than in dSTR across all certainty

levels. In PFC (Fig. 3.14A), decoding performance increased with certainty.

Finally, we examined changes in latent representation with learning in another
dataset (Fig. 3.14, [Costa et al., 2019]). Animals chose one of three choice options in
the three-armed bandit task by saccading to the target (Fig. 3.14A). All three choice
options were updated on each block of trials and a particular set of choice options
was repeated for a certain number, j, of trials (Fig. 3.14B); after j € 10...30 trials,
one of the three choice options was randomly selected and replaced with a novel
option. Neural recordings were obtained from four regions including amygdala,
orbitofrontal prefrontal cortex (o0PFC), PFC and ventral striatum (vSTR) (see [Costa

et al., 2019] for further details).

Here, we examined neural population responses after a novel option was
introduced (Fig. 3.15). We projected neural population responses onto the first
three encoding vectors obtained through dPCA (as done previously in (Fig. 3.10)).
We then calculated the Euclidean distance between a latent trajectories’ centroid
and each point in time. We obtained this measure for all trial blocks and plotted it
averaged across time for trials j € 1...10 after a novel option was introduced. We
observed a decreasing trend in this measure in recordings from amygdala (Fig. 3.10A;

p = 0.001) and PFC (Fig. 3.10C;p = 0.0005), while no significant trend was ob-
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served in oPFC (Fig. 3.10B) or vSTR (Fig. 3.10D). Thus, latent representations
became more compact with learning (of the value of the new choice option) in
amygdala and PFC, reproducing the same effect we observed earlier (Fig. 3.10) in

another dataset.

We again related changes in these latent representations with learning to changes
in mean firing rate during the three-armed band task (Fig. 3.16). We observed a
high correlation between changes in the first principal component of population
activity and mean firing rate with learning across the first ten trials. We observed a
correlation of r = 0.853 (p < 0.001) in PFC (Fig. 3.16A), and r = 0.626 (p < 0.001)
in amygdala (Fig. 3.16B). This suggests compactification in latent trajectories may

be driven by changes in mean firing rate.

3.4 Discussion

The results reveal how learning shapes neurophysiological responses in the corti-
costriatal system in the brain. Examining data from recordings in the dIPFC-dSTR
circuit during an oculomotor sequence learning task, we found that learning in-
creased the distance between action-sequence representations in activity space. To
examine this further, we built a model of the corticostriatal system composed of a
striatal network encoding action values and a prefrontal network selecting actions.
This model was able to autonomously perform the task, matching the animals’
behavioral accuracy and closely approximating the representational structure present
in neural recordings. Our model revealed that the gradient landscape in the network
is shaped during learning such that fixed point regions corresponding to different
action sequences are pushed farther apart from each other. This makes it more likely
the network generates the correct action. Altogether, this work shows how learning

is expressed in network-level dynamics.
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Our findings lend support to the view that task-learning is best understood as a
network-level phenomenon [Stokes, 2015, Masse et al., 2020]. Our findings suggest
that tasks are encoded in network dynamics (as opposed to single unit dynamics),
and that learning shapes the dynamical landscape in the network (as opposed to
selectively modulating single-unit responses, for example through persistent activ-
ity [Masse et al., 2020]). We would thus predict that task learning should be more
robust to single unit perturbations, whereas interfering with network-level dynamics
could significantly interfere with task learning. This could be tested, for instance, by
identifying patterns of stimulation that most effectively push neural activity along
the principle axes of the task space [Sadtler et al., 2014, Bashivan et al., 2019], and

then interfering (e.g. optogenetically) during task learning.

Our model and results agree with previous findings from the corticostriatal
system [Pasupathy and Miller, 2005, Samejima et al., 2005, Seo et al., 2012]. We
found that task representations in neural recordings from IPFC were organized
by visual hemifield, unlike dSTR representations, which showed no particular
organizational structure. IPFC representations were also found to be less malleable
with learning; the increase in distance between fixed point regions was smaller than
in the dSTR. This agrees with previous findings that show less units in IPFC coding
for a learning signal than in dSTR ( [Seo et al., 2012]). Seo et al found less units in
IPFC that coded for a reinforcement learning (RL) variable and more that encoded
sequence information. Conversely, more units in dSTR showed a significant effect

for RL and less units showed an effect for sequence information.

We also found that striatal representations became more compact with learning,
both in recordings and in our model. This happened at the same time as sequence-

specific representations spread further apart from each other in activity space. This
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effect could be partially driven by changes in the mean and variance of the neural
population firing rate with learning, as well as by changes in higher order statistics.
A response decrease as rewards become more predictable fits well within a predictive
coding framework [Keller and Mrsic-Flogel, 2018]. Previously it was found that
the Fano factor, a measure of variability (variance of spike count divided by its
mean), decreased in prefrontal neurons with learning [Qi and Constantinidis, 2012].
Also, changes in firing patterns within the neural population with learning - such
as changes in synchronous firing [Baeg et al., 2007] - might be responsible for the

changes in latent representation observed here.

Representations in recordings from IPFC were not found to become signifi-
cantly more compact with learning, unlike in dSTR. This could be a consequence of
less units in IPFC encoding a learning signal [Seo et al., 2012]. In our model we
did not see a difference in how compact the representations became with learning
in the two networks. This could be amended by additional processing steps which
transform the output of the striatal network before it reaches the prefrontal network,

which were not included in our model.

Our corticostriatal model system respects neuroscientific evidence that impli-
cates the striatum in action value representation [Pasupathy and Miller, 2005, Same-
jima et al., 2005, Averbeck and Costa, 2017] and the PFC in action selection [Aver-
beck et al., 2006]. The methods used to train this system, however, are not
biologically validated, similar to previous approaches [Mante et al., 2013, Yamins
et al., 2014, Chaisangmongkon et al., 2017, Yang et al., 2018]. Alternatively, one
could implement this system with spiking networks [Nicola and Clopath, 2017].
Another approach may be to use a reinforcement learning paradigm, rather than the
gradient of an error signal, to train the network system [Song et al., 2017]. However,

the latent dynamics underlying task learning uncovered here evolve over a longer
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timescale than the learning dynamics underlying network training, so findings are

likely not impacted by different training protocols.

Our findings are in line with previous work showing that activity in a large pop-
ulation of neurons is confined to a lower dimensional manifold [Mante et al.,
2013, Shenoy et al., 2013, Chaisangmongkon et al., 2017, Remington et al.,
2018, Wang et al., 2018, Gallego et al., 2018]. We found striatal and prefrontal
responses encoded the sequence task on a low-dimensional manifold. Previous work
was confined to investigating dynamics on this manifold once the task was acquired
(and the manifold fixed). We investigated how learning shaped the manifold during
task acquisition, and found that learning is expressed in dynamics acting upon that
manifold. These dynamics re-shaped the manifold in such a way that it became less

likely for the network to commit errors.

3.5 Conclusion

We used a model of the corticostriatal system together with recordings from dIPFC-
dSTR circuit in macaques during an oculomotor sequence learning task to investigate
how learning shapes neural responses at the population level. The corticostriatal
model was able to autonomously perform the task and to approximate neural task rep-
resentations. Probing the model, we found that learning shapes latent representations
such that it becomes less likely to commit errors as learning increases; the potential
surface is reshaped with learning such that fixed point regions representing different
action choices move farther apart from each other. All in all, this work shows how
neural circuit dynamics in the corticostriatal system drive task learning and argues
that learning is best understood as a network-level phenomenon. It predicts that task
learning should be most affected by disruptions of dynamics at the network- rather

than the single-unit level.
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Chapter 4

General Conclusions

Predictive coding theory is a framework that considers the brain a predictive organ.
It is unclear, however, if and how predictive coding is implemented in the brain.
This work examined top-down signals in the brain in order to reveal if and how they

implement this (predictive) code.

According to the theory, predictions are conveyed top-down to lower-order
regions and prediction errors, arising from the mismatch between predictions and
new sensory information, are conveyed bottom-up, to higher-order regions where
predictions are generated. While prediction errors are accumulated linearly, predic-
tions have a nonlinear effect on incoming information. These differences imply that
nonlinear, cross-frequency interactions should predominate in the top-down direction.
In order to test these predictions, cross-frequency interactions need to be computed
in a directed manner. Previous approaches, however, assessed directional influences
and cross-frequency interactions separately, and there is no straightforward approach
to computing them in an integrated manner. In Ch. 2 of this work, a new method was
developed to accurately and efficiently compute directed cross-frequency coupling.
This method was used to assess differences between top-down and bottom-up

cross-frequency interactions across the auditory hierarchy of macaques.



This revealed distinct, signature patterns for bottom-up and top-down infor-
mation processing among cross-frequency interactions. Low-to-low frequency
interactions (0, a,) and low frequency to high-y interactions were more pro-
nounced top-down, while low frequency to low-y interactions were more pronounced
bottom-up. These patterns were preserved across coupling types (phase-amplitude
and amplitude-amplitude couplings) and across stimulus types (natural and synthetic
stimuli). This suggest they are a general feature of auditory processing. The findings
are largely consistent with the predictive coding framework, but suggest nonlinear
interactions may also play a role in the bottom-up (feedforward) message passing.
It specifically predicts an important role for the regulation of spiking activity in

higher-order regions through modulation of low-y rhythms.

The predictions that are computed according to predictive coding theory need
to be maintained and updated as the agent learns. It is currently unclear, however,
how this learning is expressed at the neural circuit level. In Ch. 3 of this work, a
recurrent neural network model of the corticostriatal system together with recordings
from the dIPFC-dSTR circuit in macaques were employed together to reveal how

learning shapes population-level representations.

The corticostriatal model learned to perform the decision-making task au-
tonomously. It learned to update value representations based on rewards and predict
the next action to perform. In doing so, the model was able to approximate the neural
data well. Task representations were found to be pushed farther apart in state space

with increasing certainty during learning, both in the model and in the neural data.

The model further revealed that learning shapes dynamics in the network such
that fixed-point regions representing different task outcomes move farther apart from

each other. This makes it less likely to choose the wrong action as learning develops.
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Task representations were also found to become more compact with learning. This
agrees with predictive coding theory which suggests top-down responses should
decrease as stimuli become more predictable. This work revealed that neural circuit
dynamics serve a crucial computational function: enabling task learning. Altogether,
this work argues that learning is best understood as a network-level phenomenon,
and predicts that disruptions of dynamics at the network- (rather than the single-unit)

level should significantly impede task learning.
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Fig S1-1. (A) Power vs. frequency of neural signal and (B) regression line fit. The
amplitude of the neural recording signal peaks in the ¢ (7.5-12.5 Hz) frequency
range and shows the typical 1/f decay pattern thereafter. The signal depicted here
is from stimulus onset (time=0) for presentation of the intact stimulus (VOC),
averaged across all variables. Standard deviation across all variables is depicted
by the red shaded region. The regression line fit to the neural signal confirms a 1/f
decay pattern (B). The § frequency band (0-2.5 Hz) was excluded from analyses
(see Methods and Materials).
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Fig S1-2. Distribution of differences in PAC coupling strength for select CFC pairs in
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Fig S1-4. Top-down versus bottom-up amplitude-amplitude coupling strength (AAC)
across the auditory hierarchy in natural stimuli (VOC) Difference in
top-down and bottom-up amplitude-amplitude coupling (AAC) strength for CFC
between sectors 1 (A1/ML) and 2 (R/AL) (A), sectors 1 (A1/ML) and 3 (RTL)
(B), sectors 1 (A1/ML) and 4 (RTp) (C), sectors 2 and 3 (D), sectors 2 and 4 (E)
and sectors 3 and 4 (F) (see Methods and Materials 3.5 for sector definitions).
Interactions between sector 1 (A1/ML) and higher order sectors show strong
asymmetries in bottom-up and top-down coupling strength across the frequency
spectrum; interactions among higher-order sectors (S2-S4) show less widespread
asymmetries. Significant differences are enclosed by black rectangles (p<0.01,
cluster-corrected). Results are depicted averaged across all channels and animals.
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direction (B). Depicted are canonical correlation-derived coupling coefficients
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bottom-up in AAC strength. Significant differences are enclosed by black
rectangles (p<0.01, cluster-corrected). Results are depicted averaged across all
channels, cross-regional pairs, and animals.
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Fig S1-6. Top-down versus bottom-up phase-amplitude coupling strength (PAC)
across the auditory hierarchy in synthetic envelop-preserved stimuli (EPS)
Difference in top-down and bottom-up phase-amplitude coupling (PAC) strength
for CFC between sectors 1 (A1/ML) and 2 (R/AL) (A), sectors 1 (A1/ML) and 3
(RTL) (B), sectors 1 (A1/ML) and 4 (RTp) (C), sectors 2 and 3 (D), sectors 2 and
4 (E) and sectors 3 and 4 (F) (see Methods and Materials 3.5 for sector
definitions). Interactions between sector 1 (A1/ML) and higher order sectors show
strong asymmetries in bottom-up and top-down coupling strength across the
frequency spectrum; interactions among higher-order sectors (S2-S4) show less
widespread asymmetries. Significant differences are enclosed by black rectangles
(p<0.01, cluster-corrected). Results are depicted averaged across all channels and

animals.
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Fig S1-7. Top-down versus bottom-up amplitude-amplitude coupling strength (AAC)
across the auditory hierarchy in synthetic envelope-preserved stimuli (EPS)
Difference in top-down and bottom-up amplitude-amplitude coupling (AAC)
strength for CFC between sectors 1 (A1/ML) and 2 (R/AL) (A), sectors 1
(A1/ML) and 3 (RTL) (B), sectors 1 (A1/ML) and 4 (RTp) (C), sectors 2 and 3
(D), sectors 2 and 4 (E) and sectors 3 and 4 (F) (see Methods and Materials 3.5
for sector definitions). Interactions between sector 1 (A1/ML) and higher order
sectors show strong asymmetries in bottom-up and top-down coupling strength
across the frequency spectrum; interactions among higher-order sectors (S2-S4)
show less widespread asymmetries. Significant differences are enclosed by black
rectangles (p<0.01, cluster-corrected). Results are depicted averaged across all
channels and animals.
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coupling in synthetic spectrum-preserved vocalizations (SPS). (A-B)
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direction (B). Depicted are canonical correlation-derived coupling coefficients
(see Methods and Materials). (C) Difference in top-down and bottom-up in PAC
strength. Significant differences are enclosed by black rectangles (p<0.01,
cluster-corrected). (D-E) Amplitude-amplitude coupling (AAC) strength in the
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bottom-up in AAC strength. Significant differences are enclosed by black
rectangles (p<0.01, cluster-corrected). Results are depicted averaged across all
channels, cross-regional pairs, and animals.
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Fig S1-9. Top-down versus bottom-up phase-amplitude coupling strength (PAC)
across the auditory hierarchy in synthetic spectrum-preserved stimuli (SPS)
Difference in top-down and bottom-up phase-amplitude coupling (PAC) strength
for CFC between sectors 1 (A1/ML) and 2 (R/AL) (A), sectors 1 (A1/ML) and 3
(RTL) (B), sectors 1 (A1/ML) and 4 (RTp) (C), sectors 2 and 3 (D), sectors 2 and
4 (E) and sectors 3 and 4 (F) (see Methods and Materials 3.5 for sector
definitions). Interactions between sector 1 (A1/ML) and higher order sectors show
strong asymmetries in bottom-up and top-down coupling strength across the
frequency spectrum; interactions among higher-order sectors (S2-S4) show less
widespread asymmetries. Significant differences are enclosed by black rectangles
(p<0.01, cluster-corrected). Results are depicted averaged across all channels and
animals.
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Fig S1-10. Top-down versus bottom-up amplitude-amplitude coupling strength
(AAC) across the auditory hierarchy in synthetic spectrum-preserved
stimuli (SPS) Difference in top-down and bottom-up amplitude-amplitude

coupling (AAC) strength for CFC between sectors 1 (A1/ML) and 2 (R/AL) (A),
sectors 1 (A1/ML) and 3 (RTL) (B), sectors 1 (A1/ML) and 4 (RTp) (C), sectors

2 and 3 (D), sectors 2 and 4 (E) and sectors 3 and 4 (F) (see Methods and

Materials 3.5 for sector definitions). Interactions between sector 1 (A1/ML) and

higher order sectors show strong asymmetries in bottom-up and top-down
coupling strength across the frequency spectrum; interactions among
higher-order sectors (S2-S4) show less widespread asymmetries. Significant
differences are enclosed by black rectangles (p<<0.01, cluster-corrected). Results

are depicted averaged across all channels and animals.
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Fig S1-11. Phase-amplitude and amplitude-amplitude coupling strength in synthetic

envelope-preserved sounds (SPS) compared to envelope-preserved sounds
(EPS) (A-B) Difference in PAC strength between synthetic spectrum-preserved
(SPS) and synthetic envelope-preserved sounds (EPS), separately in the
top-down (B) and bottom-up direction (C). (C-D) Difference in AAC strength
between SPS and EPS, separately in the top-down (C) and bottom-up direction
(D). Significant differences are enclosed by black rectangles (p<0.01,
cluster-corrected). Results are depicted averaged across all channels,

cross-regional pairs, and animals.
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Fig S1-12. Directional low frequency phase (2.5-12.5Hz) to low frequency amplitude
(12.5-37.5Hz) coupling (PAC) over time in original stimuli (VOC). A
Bottom-up (blue) and top-down (red) coupling strength over the course of
stimulus presentation. B Differences in directional coupling strength over the
course of stimulus presentation. Significant differences are marked by thick
black lines (FDR corrected, g = 0.01). Both, top-down and bottom-up coupling
strength are elevated in the period immediately after stimulus presentation
(0-200ms), whereas top-down coupling dominates in strength thereafter. Results
were obtained using the short-time Fourier transform (FFT) and computing
coupling strength per time window within the canonical correlation framework
(see Methods and Materials). Results are presented averaged across all
dimensions (stimuli, channels, cross-regional pairs and animals).

147/174



T T T T T T T
6r —BU (1=>2) |
A —TD (2=>1)
4 [, Y/ VN ., oy N
‘ ‘ ‘ A e e A R e B T R
-100 0 100 200 300 400 500 600 700 800
——BU (1=>3) |
B —TD (3=>1)
WW*W AsagizridanThi . 4
-100 0 100 200 300 400 500 600 700 800
£ 5 ‘ ——BU (1=>4) |
c o al W ——TD (4=>1) |
8 M‘-‘ Aeionni 2 sirhotndh it tidhe adhasii A s, " oy Y Py
L"-‘.) 31 ! ! | T TN VTV WV TR W wv
o -100 O 100 200 300 400 500 600 700 800
'(—E:- 45 T T N T T T T T T T T
D ,CDQ 4 —BU (2=>3) 4
Y~ 3.5
3 w‘ ) 1 | 1 1 1 1 )
-100 0 100 200 300 400 500 600 700 800
45 T T T T T T T T T T
E s A ——BU (2=>4) -
35 ' D =m2)
3 1 | 1 1 1 1 \ | ) |
-100 0 100 200 300 400 500 600 700 800
45 T T T T T T T T T T
. 4 ——BU (3=>4) -
3 s J J aha v T 4\ NMAY AR, MR NP AR AR
-100 0 100 200 300 400 500 600 700 800

Time (msec)

Fig S1-13. Directional low frequency phase (2.5-12.5Hz) to low frequency amplitude
(12.5-37.5Hz) coupling (PAC) over time in original stimuli (VOC), broken
out by regional pair. Top-down and bottom-up coupling were found to
alternate in strength in the period immediately after stimulus presentation
(0-200ms), across all regional pairs. A S1 to S2 (blue) vs. S2 to S1 (red), B S1 to
S3 (blue) vs. S3 to S1 (red), C S1 to S4 (blue) vs. S4 to S1 (red), D S2 to S3
(blue) vs. S3 to S2 (red), E S2 to S4 (blue) vs. S4 to S2 (red), F S3 to S4 (blue)
vs. S4 to S3 (red). Results were obtained using the Hilbert transform and
computing coupling strength per time window within the canonical correlation
framework (see Methods and Materials). Results are presented averaged across
all dimensions (stimuli, channels, and animals).
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Fig S2-1. Corticostriatal model behavior on test set. Sample transition between two
blocks in which the correct sequence switches (from S6 to S4; block transition
indicated by vertical grey dotted line). Actions (light blue; outputs of the
prefrontal (PFC) network) are plotted together with rewards (dark blue; external
inputs) and action values (red; outputs of the striatal (STR) network) for all output
units. Action values spike after correctly executed, rewarded actions and increase
with successive correct actions. Action values for wrong, unrewarded actions (i.e.
on the second trial of the third move, bottom right plot) increase briefly but decay
quickly, never reaching the height associated with correct moves.
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