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Brain-machine interfaces (BMIs) largely focus on restoring original motor function.
However, a more compelling aim of such research is the development of BMIs that can
surpass original motor function by also considering the higher-level goal of the task. Since
typical tasks consist of sequential movements, a BMI that can concurrently decode the
complete sequence before execution may also be able to reformulate and perform such
motor plans more effectively. Using population-wide modeling, we discover two
functionally distinct neural subpopulations in the primate premotor cortex that allow two
planned targets of a sequential movement to be concurrently held in working memory
without degradation. Such surprising stability occurs because one subpopulation always
encodes only currently held target information and the other always encodes only newly
added target information, irrespective of target locations. Based on these findings, we
develop a BMI that can simultaneously decode the full motor sequence in advance and then
accurately execute it as desired.

An important motivation to date for the design of brain-machine interfaces (BMIs) has been their
potential ability to restore lost motor function in individuals with neurological injury or disease
(e.g., due to motor paralysis or stroke). In such cases, the envisioned role of the BMI is to
decode intended motor function from neural activity in the relevant areas of the brain, and use

this information to control an affected limb, prosthetic, or other device.

The design of such BMIs has received considerable attention in recent years''®. Work to date has
largely focused on achieving relatively simple motor goals, such as that associated with the task
of moving a cursor on a display to an individual target location. However, in many natural
tasks—such as playing a succession of notes on a piano—the goal is more complex, and the
motor plan for achieving it can be viewed as a sequence of such simple plan elements to be

executed in order.



Our focus is on the design of BMIs that can achieve the goal of these sequential motor plans. For
such a BMI, one obvious objective would be to decode and execute the intended plan elements
one by one. A BMI designed to meet this objective has a basic sequential BMI architecture.
Because this objective corresponds to a low-level interpretation of the overall motor goal of the
individual, such an architecture is inherently limited. While such a BMI has the potential to
restore or match original motor functionality, a more compelling objective is the design of a BMI
that may be able to surpass such natural motor functionality by considering the motor goal at a

higher-level.

As a basic illustration of the opportunity, consider the task of picking up a key and unlocking a
door. While a BMI that reproduces such natural movement would certainly be useful, an even
more valuable BMI would be one that simultaneously decodes the full sequence of elements of
the motor plan, then analyzes the sequence prior to action to determine ways to perform the task
more effectively. For example, the BMI might determine a way to accomplish the task more
quickly, or more efficiently (to within any physical constraints that might exist). Alternatively,
based on additional sensor inputs, the BMI might determine that the planned sequence of
movements would result in an accident, such as the person's hand knocking over an object while

reaching for the door, and thus will modify the execution of the task to avoid such an accident.

The realization of BMIs that can enhance natural motor function in this way will obviously
require significant technological innovations. But as a key initial step, it requires shifting to a
concurrent BMI architecture in which the elements of a planned motor task are decoded in
parallel (i.e., at once), in contrast to the serial process of a sequential BMI. Hence, the feasibility
of such BMIs hinges on the degree to which the elements of a motor plan sequence can, in fact,

be decoded concurrently. This is the starting point for our research.

Prior work has demonstrated that individual neurons in the premotor cortex of primates display
selective responses to planned single-targeted movements before their initiation, and that such
responses often remain sustained during working memory until movement execution'’**. Such

responses have been successfully exploited in the design of BMISs for single-target tasks'> '°. In



comparison, the neural encoding of tasks requiring a sequence of planned targeted movements to
be formulated and performed is less well understood, and the design of real-time BMIs that can
concurrently decode and then execute such sequential motor plans remains unexplored. Prior
work has shown that an individual neuron can display a response that is selective to one or more
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7 (see also Discussion). However, little is known

elements of a sequential motor plan
regarding how information about multiple elements of a sequential motor plan (e.g., the planned
targets of a sequential movement) is simultaneously distributed across the whole premotor
population, and whether these plan elements can be accurately decoded from the neural
population in a concurrent manner. More importantly, it is necessary to determine whether and
how adding information about the elements of the motor plan, in sequence, to working memory
affects the integrity of information about the plan elements that are already held. Finally, it is

necessary to assess robustness—whether a BMI limited to recording from only a small number

of neurons over time is able to achieve sufficient and consistent decoding accuracy.

Here, we find that sequential motor plans can be decoded simultaneously, accurately, robustly,
and in advance of movement from the neural activity in the premotor cortex of monkeys.
Additionally our study reveals a surprisingly structured encoding mechanism that is used by the
premotor populations for these sequential plans and that, in turn, enables their accurate and
concurrent decoding. Based on these findings, we develop and implement a real-time BMI that

can concurrently decode a dual sequence of motor targets and then execute them as desired.

RESULTS

In the study, rhesus monkeys were trained to perform a task in which two targets were presented,
in sequence, on a computer display. Each of the targets could take on one of four possible spatial
locations (“up”, “down”, “left”, or “right”). Repeated locations were precluded, so there were a
total of 12 possible combinations (sequences) of two consecutive distinct target locations. After a
blank screen variable delay, a “go” cue appeared directing the monkeys to sequentially move a
cursor from the center of the screen to each of the two remembered targets, in order (Dual-target
task; Fig. 1a, b). We define the working memory period as the 500 ms blank-screen interval

following presentation of the second target and before the earliest possible “go” cue.



Multiple-unit responses were recorded from the premotor cortex as the primates performed this
task. We recorded 281 well-isolated neurons from the supplementary motor area (SMA) and
dorsal premotor cortex (PMd) over 11 sessions, for an average of 26 = 6 cells (mean =+ s.d.) per
recording session. Inhomogeneous Poisson models were fitted to each neuron’s spiking activity
using an expectation-maximization algori‘[hm38 (see Methods and Supplementary Methods).
Using these models, we employed a maximum-likelihood decoder to quantify the probabilities
that groups of neurons could correctly identify the first and second targets on a trial-by-trial basis
during the working memory period (leave-one-out cross-validation; see Methods). We used
decoding accuracy as our measure of the amount of information encoded by a population of
neurons about each target. Specifically, for an individual (first or second) target, we measured
the percentage of trials in which the maximume-likelihood decoder correctly predicted the
respective target from that population’s activity. Likewise, we measured the amount of
information encoded about the full sequence as the percentage of trials in which both targets

were correctly decoded.

Accurate and concurrent encoding of the motor sequence by the premotor population

We find that neural population activity within the premotor cortex accurately encoded the
location of both targets during the working memory period. During this period, the population
correctly encoded the first and second targets on up to 85% and 82% of the trials in a session,
respectively. When considering all 12 possible target combinations, the population encoded both
targets correctly on up to 72% of the trials in a session (Fig. 2a; Supplementary Fig. 7). Across
all tested sessions, the population correctly encoded the first and second targets on average on 76
+ 11% and 56 = 17% of trials, respectively, both of which were significantly above chance (one-
sided Z-test, P < 107'%; Supplementary Fig. 2). Also, the population encoded both targets
correctly on average on 45 + 12% of the trials across all sessions, which was also far higher than
chance at 1/12~8% (one-sided Z-test, P < 10™"; see Supplementary Results for relevant controls).
These results were consistent across the two monkeys, i.e., the first target, second target, and
sequence decoding accuracies were all significantly above chance in both monkeys (P < 107";

Supplementary Fig. 8; see Supplementary Results).



Robustness of the encoding

Only a small number of cells were needed to decode the target sequence with high accuracy.
When performing the decoding analysis over all trials, which employed all 12 possible target
combinations, only 29% of the population (7.5 cells) was needed on average to achieve higher
than 90% of the population sequence accuracy (Fig. 2b; see Supplementary Methods). When
performing the decoding analysis over subsets of all trials that employed only 4 or 8 target
combinations, population sequence accuracies in the best session were as high as 93% and 80%,
respectively. In these cases, decoding from only 2 and 4 cells, respectively, was sufficient to

achieve higher than 90% of these sequence accuracies.

Real-time concurrent BMI for sequential movement decoding and execution

Motivated by the observation that both targets can be concurrently and accurately decoded from
the responses of relatively few neurons in the premotor cortex, we developed a real-time BMI
capable of predicting both targets simultaneously prior to monkey’s motor response and then
executing the targeted movements. In the associated experiments, we recorded a mean of 20 + 2
cells per session from the premotor cortex of the same monkeys. Here, Poisson models were
first fitted to the neural population activity prior to the “go” cue (see Methods and
Supplementary Fig. 4) as the primates rehearsed a subset of target combinations that included
either 4 or 8 possible sequences over an average of 26 + 2 training trials per sequence (Fig. 1b).
We chose to use either four or eight sequences in the BMI experiments to obtain sufficient

training and real-time trials per session (see Supplementary Methods).

Using the Poisson models, sequence decoding accuracies for the set of 4 and 8 sequences in
these training sessions (found using leave-one-out cross-validation) were 79 + 2% and 80 + 3%
(mean + s.e.m.; one-sided Z-test, P < 10"°), respectively. Following training, the primates
performed the same task as before, but with the cursor now being sequentially positioned by the
BMI on the targets decoded from the recorded neuronal activity during the single preceding
working memory period (Fig. 1c; see Methods). Here, BMI-generated cursor movements were
set to occur immediately following the presentation of the “go” cue and the added delays were

selected to match the reaction times that the monkeys normally experienced when moving the



cursor themselves following the “go” cue (obviously, cursor movements could be generated

without the added delays if desired).

Both monkeys performed a total of 459 trials on the four-sequence set, and one monkey
performed 110 trials on the eight-sequence set using the real-time BMI. Sequence accuracies for
the set of four and eight sequences were 72 + 2% and 71 £ 4%, respectively, both of which were
significantly above chance (mean + s.e.m., one-sided Z-test, P < 10™'%). Both training and real-
time BMI accuracies were similar and significantly above chance across the two monkeys (one-
sided Z-test, P < 107"; see Supplementary Results). Sequence accuracies using the BMI were
also close to the cross-validated sequence accuracies during the training sessions when taking
into account the primates’ natural error rates during the standard task (Fig. 3). In fact the 95%
confidence bounds for the two accuracies were overlapping (72 + 4% vs. 73 + 3% and 71 + 8%
vs. 66 = 6%, for the sets of four and eight sequences, respectively; see Supplementary Methods).
These results established that the two plan elements, i.e., the two intended sequential targets of
movement, could be simultaneously predicted in advance of movement and then executed by a

real-time BMI with high accuracy.

Potential for enhancing sequential motor functions

Concurrent decoding of the full sequential plan prior to movement enables the BMI to analyze it
before its execution and, therefore, potentially find ways to execute the task more effectively. As
a simple but illustrative example of such a prospective capability, in the context of in the context
of our experiments, we find that sequence decoding accuracy for the set of four, eight, and
twelve sequences reached 90% of the maximum asymptotic accuracy possible, on average, after
488 ms, 561 ms, and 641 ms from the initial presentation of the second target, respectively.
Even when excluding any time delays included in the task, these decoding times were shorter
compared to the mean times it took for the monkeys to react to the two “go” cues and reach the
two targets, which was 791 ms (one-sided t-test, P < 0.01; this is even though the monkeys were
already aware of the target locations by the time the “go” cue appeared and all delays including
the time required to move between the targets were excluded; Supplementary Fig. 9). Indeed, in
our experiments, time delays in the BMI-generated movements were introduced only to convey

to the monkeys the impression that they were performing the standard task as before. Since



information about the full sequence is decoded in advance, it would therefore be possible to then
accurately execute both movements in any desired fashion — even effectively instantaneously if
needed (see also Supplementary Results for speed-accuracy tradeoft). While this is one example
of the potential for enhancing sequential motor functions, in general, having information about
all the plan elements in advance allows the BMI to analyze the higher-level goal of the task and

reformulate the plan to perform it more effectively (see Discussion).

Population encoding structure reveals a partitioning mechanism

Observing that both target locations could be accurately and concurrently predicted from the
neural population responses, we further examined the spatial and temporal structure of their
encoding. In particular, we investigated how neurons within the premotor cortex were able to
add new information about the second target to working memory without compromising the

integrity of information about the first target that was already being held.

We find, surprisingly, that most cells encoded significant information about only the first
(currently held) or the second (newly added) target during the working memory period, and that
this partitioning remained stable throughout recordings per day across all tested target locations.
Of the 281 neurons recorded in all sessions, 46% had a target accuracy significantly higher than
chance for at least one of the two targets during the working memory period (one-sided Z-test, P
< 0.01; see Supplementary Methods). Of these, 68% encoded significant information about only
the first currently held target, and 23% encoded significant information about only the second
added target (one-sided Z-test; P < 0.01, Fig. 4, Supplementary Figs. 10, 11). The percentage
of cells that encoded significant information about both targets was only 9% (one-sided Z-test; P
< 0.01; note that a Bonferroni correction for multiple comparisons was done for all comparisons;
Supplementary Fig. 12) and, even among these, most had target accuracies much closer to one
of the two subpopulations of cells that significantly encoded only one target (Fig. 5 and
Supplementary Figs. 3 and 6). These results revealed a highly significant divergence in the
amount of information encoded by the two subpopulations of neurons about the two targets
(random permutation test, P < 107%; see Supplementary Methods and Supplementary Fig. 6).

Moreover, each of the two subpopulations was only predictive of whether the respective first or



second upcoming movement would be performed correctly or incorrectly by the primates

following the “go” cue (see Supplementary Results).

Effect of adding information to working memory on the integrity of existing information

In order to further examine how adding a new target to working memory affected the integrity of
the currently held target, we disambiguated the process of holding information in working
memory from that of adding information to it. The results were obtained from sessions in which
the monkeys performed the standard dual-target trials (as before), but also performed single-
target trials in randomly interleaved fashion (see Methods). Unlike dual-target trials, on single-
target trials only the first target was presented and the second target presentation period was
replaced with a blank screen period of the same duration. The task timing was otherwise

unchanged compared to the dual-target task.

We find that adding information about the second target location to working memory did not
incur loss of information about the first target location. Of the cells that encoded significant
information about the first target during working memory in single-target trials (one-sided Z-test,
P <0.01), most (74%) provided the same level of accuracy in decoding the first target during
working memory in dual-target trials, despite the addition of a second target (x? test, P > 0.05).
For the population, there was also no significant difference in the first target accuracy during the
working memory period when comparing dual-target and single-target trials across sessions
(Wilcoxon’s signed-rank test, P = 0.69; Fig. 6). These results demonstrate that the
subpopulation encoding the first target and their responses remained largely unchanged when the
second target was added to working memory and, therefore, the addition of information about the

second target did not comprise the integrity of information already held about the first target.

Stability of the neural encoding structure

While implicit in the preceding results, it should be emphasized that as the pair of presented
target locations varied over the hundreds of trials typical of a given day’s session, most neurons
remained dedicated to encoding only the first (currently held) or only the second (added) target.
For the two subpopulations of cells that encoded significant information about the respective first

and second targets alone, most (89%) provided substantially the same level of accuracy in



decoding their respective targets in the first and second halves of the recording session (2 test, P
> (0.05; see Supplementary Methods). Also, the sequence decoding accuracy (across all 12
sequences) of the entire population did not change over time between the first and second halves
of the sessions (Wilcoxon’s signed-rank test, P = 0.37). Inherently, the neural decoding in our
BMI exploited this stability of the two constituent subpopulations to achieve sustainable

performance.

DISCUSSION

The purpose of the present study was to examine how multiple planned targets of sequential
movement are concurrently encoded by premotor neurons during working memory, and to
determine whether the activity recorded simultaneously from multiple single-neurons can be
used to concurrently and accurately decode the complete motor plan sequence in advance of
movement and in real-time. Three methodological approaches were used to investigate these
questions. First, we simultaneously recorded the activity of multiple cells across the whole
premotor population, rather than one at a time over separate days. Second, we used an
interleaved dual-target/single-target task in order to dissociate the dynamic process of
maintaining target-related information in working memory from that of adding new information
to it. Finally, we employed a population-wide maximum-likelihood decoding approach that
allowed us to (i) define an accuracy measure for the amount of information that is concurrently
encoded by neuronal activity and, (ii) examine the spatiotemporal distribution of information

across the whole population.

Neural partitioning mechanism

Our results reveal a novel functional structure within the premotor cortex that enabled accurate
and concurrent decoding of two planned motor targets across multiple spatial locations. We
specifically find that the premotor population was partitioned into two largely disjoint
subpopulations of cells, one dedicated to always encoding only the first (currently held) target
and one to always encoding only the second (added) target. Moreover, while the two target
locations changed from trial to trial, the two encoding subpopulations did not. Interestingly, the
subpopulation dedicated to encoding the first target and their responses remained largely

unchanged when the second target was added to working memory, so that the process of adding
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information did not compromise the integrity of existing information. Also remarkably, only a
small number of neurons were sufficient to accurately predict the location of both targets,

making the decoding of such information highly robust.

Prior studies have shown that individual neurons within areas such as the parietal, premotor and
prefrontal cortex can display selective responses to one or more elements of a sequential motor
plan®**73% % Some neurons (often a small fraction) display increased activity for a specific
combination of movements (for example a push followed by a pull of a manipulandum) during a

preceding delay, suggesting that they encode information about more than one motor goal at a

25-28, 34, 40

time Other cells have also been found that display selective responses during

movement itself with increased activity prior to performing a particular movement (e.g. a push)

only when it follows another specific movement (e.g., a pull) in sequence®® > *°

28, 40

, O prior to a
movement only if it has a particular order in the sequence™ ™. What has remained unclear,
however, is how information about individual elements of such sequential plans is
simultaneously distributed across the whole population, and whether the process of adding new
information about an element to working memory compromises the integrity of information

already held.

It is important to note that certain behavioral contexts may require more than two targets to be
held in working memory prior to executing their corresponding movements. In such situations, it
is possible that the premotor cortex employs a different encoding strategy, for example, when
adding a third target to two concurrently held targets. An interesting finding in the present study
is that the added target was encoded by a smaller number of cells than the number encoding the
first concurrently held target. It is, therefore, interesting to speculate whether the observation
that a progressively smaller number of neurons were recruited for the later target provides a
limitation on the number of items of information that may be held during working memory.
Indeed, behavioral studies in both human and non-human primates have demonstrated that most
subjects can only accurately hold in working memory, on average, three to four items at any
given time (ranging between 1.5 to 5)*'. Future experiments that employ a larger number of
targets may provide insight into this question and, in particular, why only a small number of

. . . . . 42
items can be held in working memory in comparison to other forms of memory storage™.
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While the main focus in this study was to examine how information about existing and added
targets is encoded by premotor populations during the working memory period, it is important to
emphasize that these findings do not necessarily reflect how information is encoded at other

times. We particularly find that, consistent with prior studies®® % *°

, neurons often dramatically
altered the degree to which they encoded information about the two targets across different time-
points during the task. Some cells, for example, encoded no information about the second target
during the working memory period, but then encoded significant information about the second
target during the second movement itself (Supplementary Fig. 3a). Therefore, observing that a
cell predominantly encodes information about the first target during the working memory period,
for example, does not necessarily indicate that it does not encode the second target at any other
time during the task. Such shifts in activity may reflect the dynamic role premotor neurons play

in processing, maintaining, and then executing motor plans in combination with other motor

cortical areas.

Another question that arises from the study is how information encoded by premotor neurons is
‘read-out’ by the brain in order to perform sequential behavior, or in other words, how this
information is related to the later execution of the task. Here, we found that the subpopulation
of cells that predominantly encoded information about the first target was only predictive of
whether the primates would perform the first upcoming movement correctly or incorrectly. This
was similarly true for the other subpopulation that predominantly encoded the second target,
together suggesting that this ‘partitioning strategy’ was ultimately used to direct upcoming
sequential behavior. In terms of the small number of cells that encoded information about both
targets, it is interesting to speculate whether they may provide an important ‘bridge’ between
distinct motor plan elements or a higher conceptual representation of specific motor

combinations not provided by the other subpopulations of neurons.

Potential applications of BMIs with enhanced motor capabilities
We exploited the concurrent decoding and the neural partitioning mechanism observed in these
experiments to develop a new BMI that can concurrently decode the intended targets of a

sequential motor plan in advance of movement in real-time. Prior work'® has shown that spatial
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information about single-targeted movements can be accurately decoded before movement
initiation resulting in high-performance single-target BMIs. However, in many tasks, the motor
plan consists of a sequence of targeted movements to be executed in order. The present BMI thus
takes advantage of the temporal encoding of sequential motor behavior and decodes this
behavior based on how the brain naturally encodes the concurrently held information about
sequential motor plans. This concurrent decoding of a sequence of planned targeted movements
is in contrast to the serial application of a BMI that decodes and executes one targeted movement
at a time, and in turn, introduces the possibility of a BMI that can both accurately mimic

sequential motor function as well as potentially enhance it.

Specifically, because the full motor plan can be decoded at once and in advance of movement,
the higher-level goal of the task can, in principle, be analyzed, and the motor plan reformulated
accordingly. For instance, this could allow the task to be performed more quickly than possible
by natural movement, more flexibly, or more efficiently than originally conceived. As an
illustrative example, in the context of our experiments, we demonstrated that the BMI can
decode and execute the two planned movements over a time-frame shorter than the time it took

the primates to naturally react and execute the movements.

Other potential applications for such a concurrent BMI include altering the order in which the
elements of the motor sequence are executed depending on rapid or unpredictable changes in the
environment, or correcting the originally planned sequence based on the performance metrics of
the task. Examples include changing the planned order of a sequence of movements prior to
execution to avoid unanticipated obstacles, or proactively changing a planned sequence of letters
or words intended for typing based on known spelling or grammatical rules prior to their usage.
Given the present results, it is conceivable that a variety of augmented motor functions could be
achieved in the future by such BMIs exploiting concurrent decoding and the neural partitioning
revealed in this study. As such, there may be broad implications for use in a variety of clinical

and non-clinical applications.

Note: Supplementary information is available on the Nature Neuroscience website.
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Figure Legends

Figure 1 Task design and experimental setup. (a) Schematic illustration of a standard dual-target
task over a single trial. Task periods and their timings are displayed over a single trial from left
to right. The right end of the panel in which the second movement is made is truncated to
conserve space. (b) Experimental setup for the standard training sessions. (C) Experimental

setup for the BMI sessions.

Figure 2 Population decoding accuracy for a selected session. (a) Population decoding accuracy
over time for the first target (red curve), second target (green curve), and the full sequence (blue
curve). Each point on the curves indicates the decoding accuracy for the population over the
preceding 500 ms window. Time at zero is aligned to the start of first target presentation. The
red and green vertical bars indicate the times during which the first and second targets were
presented, respectively. The first and second dashed black lines indicate the mean times at
which the first and second “go” cues were given, respectively. The arrow indicates the time point
of decoding for the preceding working memory period (i.e., 0-500 ms from the end of the second
target presentation). The dotted lines indicate the 99% chance upper confidence bounds for the
first target, second target, and sequence (out of 12 possibilities), with the same respective color
scheme used above (see also Supplementary Methods). (b) Number of cells sufficient to reach
decoding accuracy asymptote during the working memory period for the same session. The first
target (red curve), second target (green curve), and sequence (blue curve) accuracies are

displayed as a function of the cumulative number of cells, in descending order of single-cell
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sequence accuracy. The number of cells needed to reach over 90% of the population accuracy is

indicated by the vertical dashed line.

Figure 3 Performances on BMI trials. The gray bars indicate the monkeys’ average behavioral
accuracy, maximum-likelihood cross-validation accuracy on the training data, and real-time BMI
accuracy, with their corresponding s.e.m.. The black bars indicate chance level accuracies.
Performances using four sequences are displayed on the left, and using eight sequences are

displayed on the right.

Figure 4 Single-neuron encoding. Examples of spiking activity for a single-neuron selective for
the first target during the working memory period are shown under three sample sequences (see
also Supplementary Figs. 10-12). Here the second target is the same but the first target is
different. Each top panel corresponds to a different sequence of movements with each row
illustrating the spiking activity during a single trial and the black dots indicating the spike times.
Each bottom panel indicates the corresponding mean firing rate estimates using the expectation-
maximization procedure (see Methods). The arrow indicates the working memory period. The

vertical bars/lines and their timings follow the same convention as Fig. 2.

Figure 5 Distribution of first and second target information across the population. Scatter plot of
the first and second target accuracies for the 129 cells that encoded significant information about
at least one target during the working memory period (across 12 sequences). Statistical
significance of the target accuracies was tested here at the 0.01 level (see Supplementary
Methods and also Supplementary Fig. 6). Red points indicate cells that encoded significant
information about only the first target, green points indicate those that encoded significant
information about only the second target, and black points indicate those that encoded significant
information about both targets. The inset indicates the proportion of cells that encoded
significant information about only the first, only the second or both targets during the working

memory period with the same coloring scheme, above.

Figure 6 The effect of adding information to working memory. In an interleaved session,

population decoding accuracy for the first target on dual-target trials is shown in red whereas
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population decoding accuracy for the first target on single-target trials is shown in magenta. Each
point on the curves indicates the decoding accuracy over the preceding 500 ms window. Dotted
lines indicate the 95% confidence bounds for accuracy of each curve (rather than chance level).
The vertical red bar indicates the time during which the first target was presented. The vertical
green bar indicates the time during which the second target was or was not shown depending on
the trial type. The arrow indicates the time point corresponding to the decoding accuracy of the

preceding working memory period (same convention as in Fig. 2).

METHODS

Behavioral task. Two adult rhesus monkeys (Macaca Mulatta) were trained to perform a
sequential delayed motor task in which they were first sequentially presented with two distinct
target locations on a screen and then had to move a cursor to each in order by using a joystick
(Dual-target task; Fig. 1a). After initial presentation of a blank screen, two targets were
sequentially presented each of which could take on one of four possible spatial locations: “up”
(U), “down” (D), “right” (R) or “left” (L). To ensure that the two target locations were distinct,
the motor sequence was chosen at random from a total of 12 possible sequences, i.e., all possible
combinations of the two target locations excluding the ones with repeated locations. Targets
were displayed for 500 ms each and were interleaved by a 300 ms interval during which a blank
screen was shown. Following the end of second target presentation, there was an additional
blank screen variable delay of 500—-800 ms following which the first “go” cue signal appeared.
After this, the monkeys were required to move a cursor from the center of the screen to the first
remembered target. After reaching the target, they were required to return the joystick to the
center and then wait for a second “go” cue to appear after an additional 500 ms delay interval.
Once the second “go” cue appeared, they were allowed to move the cursor from the center of the
screen to the second remembered target. The monkeys received a juice reward if they correctly

moved to the two instructed targets.

Dual-target vs. single-target task. To examine the effect of adding information about a new
target to working memory, it was necessary to disambiguate the process of holding information
in working memory from that of adding information to it. To do this, primates performed

randomly interleaved dual-target and single-target trials in a subset of sessions. On dual-target
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trials, described above, the primates were sequentially presented with two targets and then a
blank screen delay. The time delay from the end of the first target presentation to the first “go”
cue was therefore 1300—1600 ms. On single-target trials, in comparison, the primates were
presented by only the first target, and had to keep this single target in working memory for the
same total 1300—1600 ms time duration as in dual-target trials. However, here, they were not

presented by a second target and were only shown a blank screen until the “go” cue.

Neurophysiologic recordings. All procedures were performed under IACUC-approved
guidelines. Prior to recordings, multiple silicone multi-electrode arrays (NeuroNexus
Technologies Inc., MI) were surgically implanted in each monkey. A craniotomy was placed
over the premotor cortex under stereotactic guidance (David Kopf Instruments, CA). The multi-
electrode arrays were separately implanted into the dorsal premotor (PMd) and the
supplementary motor (SMA) areas (Supplementary Fig. 1). The electrode lead of each array
was secured to the skull and attached to female connectors with the aid of titanium miniscrews
and dental acrylic. Confirmation of electrode positions was done in both monkeys by direct
visual inspection of the sulci and gyral pattern through the craniotomy. Additional post-mortem
confirmation of electrode positions was made in one monkey (the second monkey is still
performing experiments). Recordings began two weeks following surgical recovery. A Plexon
multichannel acquisition processor was used to amplify and band-pass filter the neuronal signals
(150 Hz — 8 kHz; 1 pole low-cut and 3 pole high-cut with 1000x gain; Plexon Inc., TX).
Shielded cabling carried the signals from the electrode array to a set of six 16-channel amplifiers.
Signals were then digitized at 40 kHz and processed to extract action potentials in real time by
the Plexon workstation. Classification of the action potential waveforms was performed using
template matching and principle component analysis based on waveform parameters. Only
single, well-isolated units with identifiable waveform shapes and adequate refractory periods
(less than 1% of spikes within a 1 millisecond interval) were used for the online experiments and

offline analysis. No multiunit activity was used.

Model construction. For the analysis of standard recording sessions, we model the activity of

each neuron under any given sequence as an inhomogeneous Poisson process whose likelihood

. : . 43,44
function is given by™*”
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PINS 18D =] J(A(k|S)A) “ exp(— A (k|SDA)  i=1:12, (1)

k=1
where A is the time increment taken to be small enough to contains at most one spike, N is the
binary spike event of the C’th neuron in the time interval [(K —1)A,kA], A.(k|S;)is its
instantaneous firing rate in that interval, S, is the i ’th sequence, and K is the total number of

bins in a duration KA . We take A = 5 ms as the bin width of the spikes. By building the neuronal
models under each sequence separately in the dual-target task we avoid making any a priori
assumptions about whether the cells encode individual targets or combined sequences. For each

sequence and neuron, we need to estimate the firing rate 4 (K | S;) using the neuronal data

observed. To do so, we use a state-space approach using the expectation-maximization (EM)

38, 45, 46

algorithm (see Supplementary Methods). After fitting the models, we validated them using

the y° goodness-of-fit test on the data® and confirmed that they fitted the data well (P > 0.7 for

all cells in all sessions).

Maximum-likelihood decoder. Once models are fitted, a maximum-likelihood decoder is used
to decode the intended sequence based on the neuronal activity in any period of interest. A
maximume-likelihood decoder is the optimal decoder in the sense of maximizing accuracy, i.e.,
the percentage of trials in which the combined sequence is decoded correctly, when the
sequences are equally likely to be presented as is the case in our experiments. The decoder finds
the likelihood of observing the population neuronal data under each sequence and selects the
sequence with the highest likelihood as its prediction. Using the likelihood model in (1) and
assuming that neurons are conditionally independent given the sequence, the population
likelihood under any sequence is given by

pNIE 18) =TT TTCAKIS)OM exp(~4,K[S)8)  i=1:12

o=l k=l

where K is the total number of bins in any period of interest during the trial, C is the total

number of neurons, and 4. (k|S,;) for k =1,---,K and ¢ =1,---,C is the estimate of the firing rate.

A

The predicted sequence, S, is thus given by

S =argmax p(N,j |S,).
S;
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To find the sequence decoding accuracy of a single cell, the maximum-likelihood decoder uses
only that cell’s spiking activity to decode the sequence (Fig. 4 and Supplementary Fig. 3). The
decoder also outputs the posterior probability of each sequence, which is the probability that it is

the correct one after the neuronal observations, i.€.,

1C

- >

Z p(Nll::IS |S)

To dissociate the decoding accuracy of the first and second targets, denoted by T, and T,, the
decoder also outputs their predictions based on the neuronal activity. To do so, the decoder finds
their posterior probabilities, i.e., p(T, =1, |N/<) and p(T,=1,|N.¢), for all possible spatial
locations, | and |,, by summing over the posterior probability of the sequences that have these

spatial locations as their first or second targets. The decoder then picks the spatial location with
the highest first target (second target) posterior, or equivalently likelihood in our design, as its

first (second) target prediction.

Comparison of the first target decoding accuracies in the single-target and dual-target
tasks. To find the first target decoding accuracy of the single-target task we modeled the activity
of each neuron under any given single target location as an inhomogeneous Poisson process,
which was fitted using the EM procedure. We then performed the maximum-likelihood decoding
analysis using leave-one-out cross-validation on the single-target trials. To make the comparison,
for the dual-target task we constructed two models one for the first target and one for the second

target, and then performed the decoding analysis for each target separately.

BMI model training. In each BMI recording session, the monkeys first performed the dual-
target task using a joystick (training session) during which models were constructed for the
neuronal activity during an 800 ms time window prior to presentation of the “go” cue. This
window length was chosen because in the standard dual-target sessions, it was sufficient to
achieve better than 95% of the (maximum) sequence accuracy possible when using the entire
window starting from second target presentation until the “go” cue (Supplementary Fig. 4). We
modeled the activity of each neuron in this window under any sequence as a homogeneous

Poisson process (point process with constant rate), instead of an inhomogeneous one, to make the
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model construction faster for the BMI experiments. Hence using (1) the likelihood function for

the spiking activity of neuron Cunder any of the sequences, S;, was modeled as*

P(NS 1S) = [ (A(SDM)™ exp(—4,(S)A),

where A_(S;)denotes the fitted firing rate of that neuron in the 800 ms window for sequence S,

and K =800/ A is the total number of bins in this period with bin width A =5 ms. The firing
rates were fitted using maximum likelihood parameter estimation. The training sessions were
followed by the real-time BMI sessions in which these trained Poisson models were used to

predict the sequence using the maximum-likelihood decoder.

Concurrent online predictions and movement execution in the BMI. After the training
sessions, the monkeys performed the same task as before. However, this time, cursor position
was controlled by target predictions made by the maximum-likelihood decoder rather than the
joystick. During the real-time BMI experiments, individual spike timings of all cells within the
population were continuously recorded at a 40 kHz resolution by the Plexon multi-channel
acquisition processor. Each recorded spike was then transmitted via an Ethernet port to a
separate computer running a Matlab routine in real time. For each real-time trial, the Matlab

routine then used the maximume-likelihood decoder to calculate the likelihood of the population
spiking activity during the 800 ms time window prior to the “go” cue, i.e., N/ , under each
sequence, S;. This likelihood was calculated based on the trained Poisson models and assuming

neurons were independent conditioned on the sequence. Hence the population likelihood for each
sequence was found as
C K
PN [S) =TT TT(A(8)M)™ exp(-2.(S)A)
c=1 k=l
The maximum likelihood decoder then outputted the sequence under which the population

likelihood was maximized as the decoded sequence.

Based on the sequence decoded, a second Matlab routine running on the same computer then
activated an analog output channel on the NI DAQ I/O interface to go from 0V to either +5V or -
5V for 500 ms. The voltage line was, in turn, connected to a second NI DAQ I/O input channel



20

located on a third computer running the behavioral program. Depending on the voltage received,
the cursor displayed in the middle of the screen moved in a straight line to one of the four
possible target locations (e.g., +5V in I/O channel 1 corresponded to a cursor location within the
top target). This process then repeated for the second decoded target after another artificially
introduced time delay. Here, the time delays in the two generated movements were selected to
be similar to those that the monkeys normally experienced when performing the standard task
using a joystick. However, the NI DAQ could in principle generate the two movements in as

little as 1 ms apart.
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Supplementary Materials

A concurrent brain-machine interface for enhanced motor function

Maryam M. Shanechi, Rollin C. Hu, Marissa Powers, Gregory W. Wornell, Emery N. Brown &
Ziv M. Williams

Supplementary Methods

Model construction using the expectation-maximization (EM) algorithm

To analyze the standard recording sessions, we model the activity of each neuron under any
given sequence as an inhomogeneous Poisson process whose likelihood function (using the

theory of point processes) is given by*® **

p(Nf.K|Si):H(/10(k|Si)A)Nk°exp(—/1€(k|Si)A) i=1:12, (1)

where A is the time increment taken to be small enough to contains at most one spike, N/ is the
binary spike event of the ¢ ’th neuron in the time interval [(k —-1)A,kA], A.(k|S;)is its
instantaneous firing rate in that interval, S, is the i ’th sequence, and K is the total number of

bins in a duration KA .

For each sequence and neuron, we need to estimate the firing rate 4 (k | S;) using the neuronal

data observed. One way to do so is to bin the data into non-overlapping windows of fixed length
during which the firing rate is assumed to be constant and estimated using maximum likelihood
techniques. This method is equivalent to finding the peristimulus time histogram (PSTH) that
simply averages the number of spikes over any given window. The main drawback of this
technique is that unless there are a large number of training trials under each sequence, to get a
good estimate one has to pick relatively large windows. This in turn masks the fine-scaled
evolution of the firing rate. Also, there is no principled way for selecting a window size, which
the analysis is dependent on. One way to avoid these problems in estimating the spike rate
function is to use a state-space approach® **. This approach is used in many applications to



estimate an unobservable state process and consists of two models: A prior or state model that in
general enforces any prior information available about the unobservable states—such as a simple
continuity condition—and an observation model that relates the neuronal observations to these
states. In the case of estimating the spike rate function, and since it is a non-negative quantity,

k38, 45

similar to previous wor we take the state at time increment k, x,, to be the logarithm of the

firing rate, i.e.,x, =log(4.(k|S,)), or equivalently

A (K|S;) =exp(x,), )
and enforce a continuity condition on it by assuming that it evolves according to a linear first-
order Gaussian model®® *°,
X, =X 46,

where ¢, is the zero-mean white Gaussian noise with variance o . The observation model is in

turn given by substituting (2) in (1). Here, 6 = &2 is an unknown parameter of the model and
should be estimated jointly with the state. Hence we use the expectation-maximization (EM)
iterative algorithm to find the maximum likelihood estimate of #and in turn estimate the firing

rate® #> 4 Denoting the estimate of @in the i "th iteration by 6%, its estimate in the i+1th

iteration after the maximization step is given by
. 1 K
k=1

where W, = E[x? | N, ;0" and W, , , = E[x,X | N, ;0] are found from the forward filter,

fixed-interval smoothing, and covariance recursive algorithms in the expectation step as follows.
Assuming that there are J total trials and denoting the causal filter state estimate by

Xq = E[% | N5, ;0% ]and its variance by w,, , and the smoothed state estimate by

Xq = E[X | i ;6% ]and its variance by w,, , the recursions in the E-step are given by the

forward filter recursions® *>*,



_ (1)
Wy g =W g4 +6
Kik1 = Xaka

Wi = (Wlai—l +J exp(xk|k—1)A)7l

J
Kk = Xigka T Wi Z ( N |E ( J) - exp(xk|k—l)A)’
j=1

for k =1,---,K, where N, (j) is the spike event in trial j, and by the fixed interval smoothing

recursions®® 4> 48

Ak = Wk|ka_i]Jk
Xk = X Ak (Xk+JJK - Xk+uk)
Wik = Wy + A1<2(Wk+u|< W, q10)s
for k =K -1,---,0 and with initial condition x,, and w,, from the filter recursions. We pick the

initial conditions for the forward filter at each iteration of the EM algorithm as x{;” = x{ and

W ? =w . Finally the state-space covariance algorithm gives all the terms needed for the M-

step to find 09V in (3) using these recursions®® ** 4,

W, = Wiy + X
for k=0,---,K and
Wk+1,k = A1<Wk+1u< F Xigk Xk
for k =0,---,K —1. The iterations of the EM algorithm are run until convergence. The estimated
firing rate at any time bin k =1,---,K is in turn the smoothed estimate, /ic(k |S;) =exp(X)

evaluated at the estimate of & in the final iteration.

Repeating this procedure for all neurons under each sequence and fitting the inhomogeneous
Poisson models results in a continuous smoothed estimate of the rate function for each neuron
under any given sequence and over the entire length of a trial. Our implementation of the EM
algorithm is similar to prior work® “° (see also Supplementary Results for a comparison with
PSTH and Supplementary Figs. 10-12).



Testing the decoding performance
Chance level accuracy

For the sequence, the chance level accuracy is simplyl/S , where S is the number of sequences
used. For targets, however, one has to take into account the correlation between the first and
second targets when calculating the chance level accuracy. This is because depending on the
number of sequences used in the decoding analysis, the first and second decoded targets may not
be independent. In the case of 12 sequences, for example, since both targets cannot be at the
same location, information about one also implies some information about the other. These
correlation effects must therefore be taken into account when calculating the chance level

accuracy of the targets.

We define indicator functions for the first and second targets, denoted by 1,and 1, , that are 1 if
the corresponding targets are decoded correctly and 0 otherwise. We show this analysis for the
case when 12 sequences are used. In all other cases they can be found similarly. For 12
sequences, using the total law of probability, the probability that the second target is decoded
correctly is given by,

p(l, =1 =p(l, =11, =) p(l, =1+ p(l, =1[1; =0) p(I, =0) .
Now if the first target is correctly decoded, the second target could be at one of three possible
locations as the two targets cannot be at the same location. Hence the chance level accuracy in

this case is given by p(l, =11, =1)=1/3. By a similar argument, if the first target is decoded
incorrectly, the chance level accuracy of the second target is p(l, =1|1,=0)=2/9. Hence the

chance level accuracy of the second target is given by

chance 2 1
= — —_— I = 1 y
P, 5" g p(l;=1) (4)

and vice versa for the first target as the two targets are selected symmetrically in the choice of
sequences. For example, in a session where we observe a first target accuracy of p”in our
decoding analysis, to assess the significance of the second target accuracy we should compare to

chance

Py =2/9+ p /9 as opposed to simply 1/ 4, using a one-sided Z-test for a Bernoulli process.



Note that if p”=1/4, i.e., at chance level, then pi™™* =1/4 and also at chance level as

expected.

Testing the significance of first and second target encoding for each neuron

To test whether a given neuron encoded significant information about only the first target, only
the second target, or both targets during the working memory period, we examined its decoding
accuracy in this period for each target. Here, a neuron was considered to encode significant
information about a target if its accuracy for the target was above the chance upper confidence
bound. Since this involved two comparisons, one for the first and one for the second target, we
used a Bonferroni correction for multiple comparisons reflected in calculating the chance upper

confidence bounds.

Random permutation test: Testing significance for the divergence in the amount of information

held by each cell about the two targets

To determine whether a significant divergence exists in the amount of information held by the
premotor neurons about the two targets, we need to show that the absolute difference between
the two target accuracies of each cell averaged across the population is significantly larger than
that of a population with the same target accuracy values but with no structured relationship
between each cell’s target accuracies. To find the distribution of this average absolute difference
in such a population with no structure, we keep the accuracy values the same but randomly
permute them within the population, and repeat this process 100,000 times. This removes any
possible structure between the target accuracies of each cell and hence creates a null hypothesis
distribution. We can then establish the significance of the divergence by comparing the average
absolute difference of the target accuracies of the premotor neurons against this null distribution

and calculate a P-value.

To do so, we first correct for the correlation effect between the first and second target accuracy
values, which is the byproduct of the choice of sequences used in the experimental design. Since

the first and second targets cannot be at the same location within the set of 12 sequences, the



accuracy of one target has a contribution (even though fairly small) to the accuracy of the other
even if the neuronal activity is not encoding that target per se. Hence we also need to remove
this effect to see the true representation of a target by the neuronal activity, just as we take it into
account in calculating the chance level accuracies. This means that we subtract from the first

target accuracy value of each cell, the chance level contribution of that cell’s second target

accuracy, or P —1/4, and vice versa. We then randomly permute these first target accuracy

values among the cells while keeping their second target accuracy values the same, and repeat
this process many times. This generates a new population each time with the same accuracy
values but no pair-wise structure between the first and second target accuracies of each cell. For
each new population, we compute the average difference and after repeating this many times,
find the distribution of this average difference. We then use this distribution to find whether the
difference of the first and second target accuracies of the cells averaged over the premotor
population is significantly different from a population with no structure (We find that the average
divergence in the premotor population is significantly different from that of a population with no

structure, with or without applying the correlation correction, P < 10™).

We corrected for the fairly small correlation effect between the first and second target accuracy
values in the scatter plots of Fig. 5 and Supplementary Fig. 6 as explained for the random

permutation test above.

Determining the number of cells required to achieve the population accuracy

We found the number of cells required to achieve a given percentage of the population accuracy
by first sorting them in each session based on their single neuron sequence accuracies and then
performing the decoding analysis in that session for different number of cells in descending
order. We hence found the sequence accuracy as a function of the number of cells in descending

order included in the decoding.

Determining stability of neuronal encoding selectivity for the first vs. second target over time



Since most cells encoded significant information about only one of the two targets, we were
interested in examining whether this selectivity was ‘hard-coded’ to individual cells or whether
cells altered their encoding selectivity over time (i.e., over multiple consecutive trials). To do so,
we divided all sessions into halves and performed the model construction, leave-one-out cross-

validation, and single neuron decoding analyses independently for each half.

BMI for predicting and executing two upcoming movements in real time

Selection of four and eight sequences

Each training session consisted of 26 + 2 trials per sequence on average. Here, the task involved
either four (both monkeys) or eight (monkey P) sequences. The four-sequence task consisted of
either U-R, U-L, D-R, D-L or L-U, L-D, R-U, R-D. The eight-sequence task consisted of the

union of the sequences in the two four-sequence tasks.

Although very high leave-one-out cross-validation accuracies were obtained for twelve
sequences in the offline analysis on standard dual-target experiments, there were two limitations
that led us to focus on four and eight sequences for the online BMI sessions. First, far more
trials were required to train the models on all possible twelve sequences. On the test sessions in
which all twelve sequences were attempted, the primates became satiated from juice reward and
unwilling to continue performing experiments at the end of training. Second, the primates were
sensitive to unexpected errors in trial performance. We specifically noticed that in standard
experiments, the monkeys would often stop working when they got several trials incorrectly in a
row. Therefore, even though their baseline performance on standard twelve sequence sessions
was high, their performances on four or eight sequence sessions were higher. Since we expected
BMI prediction accuracy to be somewhat lower than actual natural performance, especially for
12 sequences, we wanted to ensure that the monkeys do not notice a substantive difference

between the normal task and BMI controlled tasks, and hence consistently perform the task.

Behavior versus prediction errors



Since the primates did not perform the dual-target task with 100% behavioral accuracy, some of
the BMI errors were due to behavioral errors (i.e., the monkey not remembering the correct
sequence) as opposed to decoder errors. Hence a more relevant accuracy number for the
performance of the BMI could be the sequence accuracy obtained during the training session
using leave-one-out cross-validation. This is because in the cross-validation analysis we calculate
the accuracy by comparing the decoded sequence with the sequence the monkeys actually select
after the “go” cue. For the BMI sessions, however, we compare the decoded sequence to the
instructed sequence to find the accuracy. We hence tested whether after taking into account the
primates’ natural error rates, the accuracy during training sessions would be close to the BMI

accuracy. Denoting the behavioral accuracy of the monkeys by B, and the decoder accuracy
found from the training session by P, we can calculate what the accuracy of selecting the

instructed sequence would be after taking into account the behavioral errors. Denoting the

resulting accuracy by P, we have that

1
S-1°

In other words when the monkey and the decoder are both correct, the instructed sequence is

P,=RR+(1-R)1-P)x

selected. However, if the monkey is incorrect and the decoder is also incorrect in decoding the
monkey’s intended sequence, the probability of the decoder selecting the correct instructed

sequence by random chance is 1/ (S —1). We can find the mean and s.e.m. of P, from those of

P, and P, assuming P, and P, are independent® and then compare it with the BMI accuracy.

Supplementary Results

Comparison of homogeneous and inhomogeneous Poisson models

In the analysis of standard sessions, we used the EM procedure to estimate a smooth continuous
firing rate function over the length of the trial and hence modeled the spiking activity as an
inhomogeneous Poisson process for each cell and under each sequence. An alternative approach
is to model the spiking activity during a given window of interest (e.g., the working memory



period) as a homogeneous Poisson process by assuming that the firing rate is constant in the
given window and estimating it using maximum likelihood techniques. However, fitting the
models as an inhomogeneous Poisson process has the advantage that a continuous rate function
is estimated that is independent of the window size chosen for decoding. In other words, we can
perform the decoding in any window length of interest without the need to refit a new model.
Additionally, since the EM procedure uses the spiking activity across the whole length of the
trial for the rate estimate of each single time point, it is potentially more accurate and moreover it
does not mask the fine-scaled evolution of the firing rate. To examine this, we repeated the
decoding analysis of all 11 standard sessions during the 500 ms working memory period using
leave-one-out cross-validation, but this time fitting a homogenous Poisson process for the
working memory period for each cell and under each sequence. Doing so, across sessions we had
an average sequence decoding accuracy of 42% compared to 45% using the EM procedure.
Hence the EM procedure produced more accurate decoding accuracies across sessions (paired t-
test, P < 0.005).

Predictive relation between neural activity and upcoming behavior

As described in the main text, most neurons within the population encoded significant
information about only one of the two targets within a sequence during the working memory
period (i.e. either the first or the second). This suggested that the population was partitioned into
two largely disjoint groups of neurons based on the type of information they encoded. It was not

clear, however, what relation the activity in each group of cells had to upcoming behavior.

We find that the activity of each of the partitioned subpopulations of neurons was highly
predictive of whether the primates were going to move to the correct target or not for only one of
the two distinct targets. Cells that selectively encoded the first target location during the working
memory period correctly predicted whether the primates were going to perform the correct first
movement 73% of the time (one-sided Z-test, P < 10™®). These neurons, however, were poor in
predicting whether the primates would perform the second movement correctly (prediction
accuracy of 39% compared with 99% upper confidence bound for chance of 38%). This was
similarly true for neurons that selectively encoded the second target; they correctly predicted
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whether the primates would perform the correct second movement 60% of the time (one-sided Z-
test, P < 10™), but were poorly predictive of the primates’ performance on the first movement
(prediction accuracy of 42% compared with the 99% upper confidence bound for chance of
40%). This suggested that information encoded by each partitioned group of neurons was only
predictive of the correct or incorrect execution of their corresponding (first or second) upcoming

movement.
Controls for visual related responses

All of the main analyses focused on the working memory period during which no visual cues
were presented. Nonetheless, we were also interested in examining whether some of the activity
recorded during the first and second target presentation periods themselves could be attributable
to a simple visual response to the target images. To investigate this question directly, for each
cell, we compared the first and second target accuracies during their corresponding presentation
periods. Since all four spatial locations (U,D,L,R) were used for both the first and second targets
(across the session), the visual images shown during the two presentation periods were identical.
Therefore, if neuronal responses were simply due to a visual response to the images, then there
would be no significant difference between the two target accuracies in their presentation periods
based on their order in the sequence. We found that 112 cells had significant target accuracies for
at least one of the two visual targets during their presentation (P < 0.01). Of these cells,
however, the vast majority (79%) had a significant target accuracy during presentation of only
one of the two visual targets but not the other (P < 0.01), indicating that the activity during target
presentation for most cells could not be attributed to a simple visual response.

Controls for potential movement related responses during working memory

Differences in the neuronal response across sequences during the working memory period were
not associated with movement related activity. Monkeys were trained to move the joystick only
after presentation of the “go” cue and any premature movement terminated the trial.

Nonetheless, it was still possible that small unconstrained movements made by the animals
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during the working memory period may have contributed to differences in neuronal activity

observed. To examine this possibility directly we performed two control analyses.

First, we examined electromyography (EMG) activity recorded during the working memory
period itself. EMG recordings were obtained from the contralateral arm (covering the deltoid,
triceps and biceps muscles for one monkey) using tin surface electrodes. EMG signals were
amplified and recorded on the Plexon work-station (0.7Hz — 300 Hz; 1 pole low-cut and 1 pole
high-cut with 50x gain), and sampled at 1 kHz. EMG activity was set above a threshold 3
standard deviations above baseline, template-matched and clustered using principal component
analysis. EMG activity was then used to decode the targets using the same maximum-likelihood
approach as used for decoding the spiking activity. As expected, we found that EMG activity
during the first movement period, which we defined as the 500 ms interval after the “go” cue,
predicted the direction of limb movement for the first target with an accuracy significantly higher
than chance (one-sided Z-test, P = 0.01). In contrast, EMG activity recorded during the working
memory period carried no significant information about the first target (one-sided Z-test, P =
0.14). These findings suggest that any unconstrained movements potentially performed during

working memory did not account for the selectivity observed by neuronal recordings.

Second, if neuronal activity during the working memory period was purely related to muscle
movement, then cells that had a first target selective activity during the first reaching movement
would also demonstrate such activity during the preceding working memory period. We hence
examined what proportion of cells encoding the first target during the first movement period
itself also encoded it during the working memory period. We found that 127 cells had a
significant first target accuracy during the first movement period; of these, however, a
considerable proportion (37%, 47 cells) did not have a significant first target accuracy during the

working memory period (P < 0.01).

Even though the above controls strongly argue against the potential contribution of movement
related activity during the working memory period, perhaps the most compelling argument
comes from the main findings themselves. As described in more detail in the main text, cells

across the population encoded significant information about both targets during the working
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memory period by partitioning into two largely disjoint subpopulations, each encoding
information about only one of the two targets. Therefore, for example, if cells responded purely
to the first movement during the working memory period, then no cell would encode the second
target during this period and vice versa. In other words, if neuronal responses during the
working memory period were a direct reflection of the muscle movements made by the animals
(whether first or second), then the population as a whole would only reflect that single
movement. We find, however, that the population encoded significant information about both

targets in the single window in time during the working memory period.

Effect of training set size and number of targets on the neuronal selectivity

To explore whether the number of sequences in the training set altered the neuronal responses,
we conducted an experiment where one monkey performed a task in which only four sequences
were presented (R-U, R-D, L-U, L-D). We then compared the sequence decoding accuracy in
this task with that calculated over a subset of trials in the 12 sequence dual-target task (on the
same day) in which the same 4 sequences were presented. This means that over this subset of
trials, we were decoding one out of four possible sequences. We used leave-one-out cross-
validation for all these analyses. We found that the population sequence decoding accuracy for
the overlapping sequences did not significantly change even when the monkey was behaviorally
performing a few select sequences vs. the full set ( y* test, P = 0.18). When similarly
considering the sequence decoding accuracy of the individual cells, the vast majority (85%)

demonstrated no significant change when performing 4 vs. 12 sequence sets ( y° test, P > 0.05).

To further examine whether neuronal encoding of the first target was affected by the number of
targets (i.e., one target versus two sequentially presented targets) presented in a single session,
we had one monkey perform only single-target trials. We then compared these single-target only
sessions with sessions in which single-target trials were interleaved with dual-target trials on the
same day. In other words, it was possible that expecting an additional sequential target to appear
in some trials in the interleaved sessions influenced the encoding of the first target. We found,

however, that there was no significant difference between the population decoding accuracies of
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the first target on single-target trials between the two session types ( z° test; P > 0.15;

Supplementary Fig. 5).
Speed-accuracy tradeoff in the BMI

We find that, using the maximum-likelihood decoder, sequence decoding accuracy for the set of
four, eight, and twelve sequences reached 90% of the maximum asymptotic accuracy possible
(i.e., accuracy achieved using the entire activity from the initial presentation of the second target
until the “go” cue) on average after 488 ms, 561 ms, and 641 ms from the initial presentation of
the second target, respectively (Supplementary Fig. 9). Once this accurate decoding is achieved,
the BMI could, in principle, execute both targeted movements essentially instantaneously (1 ms
apart). In comparison, even when excluding any time delays included in the task, the mean times
it took for the monkeys to react to the “go” cue and reach the two targets was 791 ms. This is the
case even though the monkeys were already aware of the target location by the time the “go” cue
appeared and all delays including the time required to move between the targets were excluded.
It is important to note that this comparison is relative to the time required to perform a task by
natural sequential behavior as opposed to the time it takes the brain to encode a sequential motor

plan. Obviously any decoder will be limited in speed by the encoding speed of the brain.

There are two important points to keep in mind when considering the potential of such a
concurrent BMI to increase the speed at which sequential movements can be performed. Similar
to natural behavior™, there is a clear tradeoff in decoding between accuracy and speed. Even
though significant information about both targets was available very shortly after the second
target presentation, decoding accuracy continued to rapidly improve over time. Therefore, the
speed at which such a BMI can perform sequential movements depends on the relative
importance of accuracy vs. speed in a given task. Second, some tasks involve sequential
movements that may be intrinsically performed faster than those tested here and, therefore, the
benefit of using a concurrent BMI in such settings for speed enhancement depends on the natural

reaction and movement times in the task.
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Comparison across primates in the standard and BMI sessions

In the standard sessions, the first target, second target, and sequence accuracies were 76 + 12%,
60 + 19%, and 48 £ 13% for the first monkey and 74 + 11%, 43 + 3%, and 36 £ 3% for the
second monkey, respectively. All these accuracies were significantly above chance for both
monkeys (one-sided Z-test, P < 10™*). The first monkey performed these standard sessions for 8
days and the second monkey performed them for 3 days. In the BMI sessions, the first monkey
had an accuracy of 69 + 3% and the second monkey had an accuracy of 75 £ 3% for the 4
sequence sets (only the second monkey performed the 8 sequence sets with results described in
the main text). For the training sessions in the BMI experiments, the decoding accuracy for the 4
sequence sets for the first monkey was 77 £ 2% and for the second monkey was 82 + 2%. These
findings demonstrate that similar encoding strategies/profiles were present in both monkeys

(Supplementary Fig. 8).
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Supplementary Figure 1 Electrode recording sites. Top-view schematic of the electrode array
positions. Each array (black circle) contains 36 electrode contracts. The bar in centimeters is
referenced in relation to interaural antero-postero coordinates and midline medio-lateral

coordinates. Here, A is anterior, P posterior, M medial and L lateral.
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Supplementary Figure 2 Mean population decoding accuracy over time for all recorded

sessions. Mean decoding accuracy for the population across all recorded sessions for the first
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target (red curve), second target (green curve) and the full sequence (blue curve). The figure has
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Supplementary Figure 3 Decoding accuracies over time for three sample cells that were
selective for the first target only (a), second target only (b), and both targets (c) during the

working memory period. Figure conventions are the same as in Supplementary Fig. 2.
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Supplementary Figure 4 Mean sequence decoding accuracy as a function of the time window
length preceding the earliest “go” cue used in decoding. The blue curve shows the mean
population sequence decoding accuracy (out of 12 possibilities) across all dual-target sessions.
Using an 800 ms window, the sequence decoding accuracy exceeds 95% of the maximum
possible when using the neuronal activity from the start of second target presentation until the
earliest “go” cue (maximum of 1000 ms duration tested).
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Supplementary Figure 5 Comparison of first target decoding accuracy for the population in
interleaved and non-interleaved sessions. In the interleaved dual-target/single-target session,
target decoding accuracy on single-target trials is shown in red. In the single-target only session,
target decoding accuracy is shown in magenta. Each point on the curves indicates the decoding
accuracy for the population over the preceding 500 ms window. Dotted lines indicate the 95%
confidence bounds for each accuracy curve (rather than chance level). The red vertical bar
indicates the time during which the (first) target was presented, and the vertical dotted line
indicates the average time of the first “go” cue presentation onset. The arrow indicates the time

point corresponding to the decoding accuracy of the preceding working memory period.
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Supplementary Figure 6 Partitioning of the population during working memory. Scatter plot of
the first and second target accuracies of the cells that significantly encoded at least one target
during the working memory period. Statistical significance of the target accuracies was tested
here at a stricter level (P < 0.001) than in Fig. 5. Red points indicate cells that significantly
encoded only the first target and green points indicate those that significantly encoded only the
second target. At this statistical level, no cell had a significant accuracy for both targets. The
inset indicates the proportion of cells that significantly encoded only the first or only the second

target during the working memory period with the same coloring schemes from left to right.
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(same session as in Fig. 2). The dotted lines indicate the 99% chance upper confidence bounds.
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Supplementary Figure 8 Mean population decoding accuracy over time for all recorded

sessions in monkey 1 (a) and monkey 2 (b). The figure has the same convention used in Fig. 2.
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Supplementary Figure 9 Time histograms across the 11 sessions. The histogram of the time it
took the monkeys to react to the “go” cues and reach both targets (i.e., excluding any task delays
and the time required to move between targets) is shown in (a). The histogram of the times
required after the start of second target presentation for the decoding accuracy to reach 90% of
the asymptotic accuracy for 12, 8, and 4 sequences are presented in (b), (c), and (d), respectively.

The red line shows the average time.
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Supplementary Figure 10 Encoding of a first target selective neuron. The subfigure at the upper
left corner shows the first and second target accuracies of the cell as a function of time into the
trial. The vertical bars/lines and their timings follow the same convention as Fig. 2. In all other
subfigures, each top panel corresponds to a different sequence of movements with each row
illustrating the spiking activity during a single trial and the black dots indicating the spike times.
Each bottom panel indicates the corresponding mean firing rate estimates using the expectation-
maximization procedure (black curve) and the corresponding peristimulus time histogram
(PSTH) (magenta curve). The arrow indicates the working memory period. The subfigures in the
same row correspond to sequences with the same first target location. The subfigures in the same
column correspond to sequences with the same second target location. Note that repeated targets

locations were not used in the sequences and hence there are 3 subfigures per row/column.
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Supplementary Figure 11 Encoding of a second target selective neuron. Figure has the same

convention used in Supplementary Fig. 10.
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Supplementary Figure 12 Encoding of a neuron selective for both targets. Figure has the same
convention used in Supplementary Fig. 10.
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Abstract

Real-time brain-machine interfaces have estimated either the target of a movement, or its kinematics.
However, both are encoded in the brain. Moreover, movements are often made to reach a target. Hence
incorporating the target information in the kinematic decoder can increase its accuracy. Using an optimal
feedback control design, we develop a recursive Bayesian kinematic decoder that combines the target
information with the ensemble spiking activity during movement. To do so, we build a prior goal-directed
state-space model for the movement using an optimal feedback control model of the sensorimotor system
that aims to emulate the processes underlying actual motor control and takes into account the sensory
feedback. Most goal-directed models, however, depend on the movement duration, not known a priori to
the decoder. This has prevented their real-time implementation. To resolve this duration uncertainty, the
decoder discretizes the duration and consists of a bank of parallel point process filters, each combining the
prior model of a discretized duration with the neural activity. The kinematics are computed by optimally
combining these filter estimates. Using the feedback-controlled model and even a coarse discretization,
the decoder significantly reduces the root-mean-square (RMS) error in estimation of reaching movements

performed by a monkey.
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I. INTRODUCTION

Information about various states of an intended movement is encoded in the neural activity from
the motor cortical areas. Peri-movement activity, i.e., the activity around the time of movement, in the
primary motor cortex, posterior parietal cortex (PPC), and dorsal premotor cortex (PMd) is related to the
movement kinematics such as direction, velocity, position, and acceleration (see e.g., [1]-[5]). Also neural
activity from the PPC and the premotor cortex is related to the intended target of the movement prior to
movement initiation (see e.g., [6]-[8]). Brain-machine interfaces (BMIs) work by recording these neural
activities such as the ensemble spiking activity, mapping these activities to the intended behavior also
known as decoding, and using the decoded signal to control a device such as a robotic arm or computer
cursor [5], [9]-[24].

Many typical tasks—such as reaching for a book—involve performing goal-directed movements. Most
work on real-time BMIs have focused on individually decoding either the movement’s kinematics to
reconstruct its trajectory [5], [9]-[21], or the movement’s intended reach goal or target [22], [23]. However,
designing the kinematic decoder to take into account the goal-directed nature of such movements could
improve their estimation accuracy. Additionally, when both target and kinematic related neural activities
are recorded, combining them in the decoding algorithm could result in more accurate estimation of goal-
directed movements. In particular, it has been shown that information about the intended target location
can be decoded reliably from neural activity prior to movement [22], [23]. Hence the main question
is how to combine the target information with the peri-movement activity to improve the accuracy of
trajectory estimation. One way to do so is to incorporate the target information into the construction of
a prior goal-directed state-space model for the kinematics. This prior model can in turn be used in a
recursive Bayesian decoder to estimate the kinematics [17], [25]-[27].

Prior work have built this goal-directed model for reaching movements by conditioning a linear
Gaussian state-space model, also known as a random-walk model, on being at the target at a known
arrival time [26], [27] or using a linear feedforward controlled (i.e., not taking into account the sensory
feedback) model again assuming a known arrival time [28]. Alternatively, goal-directed prior models
have been built by using a training data set, for example fitting a linear Gaussian state-space model

for a given target to empirical reaches to its location [25] or fitting a single model for arbitrary targets



based on a data set of reaches to their locations [17]. Since the goal of the decoder is to estimate natural
movement, a prior model that aims to closely emulate the sensorimotor processing underlying actual
motor control could result in more accurate estimation of intended movement. Hence we propose a prior
model for goal-directed movements based on the optimal feedback control theory of the sensorimotor
system [29], [30], used to interpret its function. This results in a feedback-controlled prior state-space
model for the kinematics that exploits the information about the target location and models the sensory
feedback. Also, unlike the models in [17], [25], this prior model does not rely on a training data set and
can therefore easily extend to different target locations without requiring a set of empirical reaches to
these locations. Finally, by using the optimal feedback control formulation, it can generalize to tasks other
than reaching movements, if desired, by simply quantifying the goals of such tasks as the cost function
in this formulation. We derive this optimal feedback-controlled prior model as the first component to
develop a recursive Bayesian decoder for goal-directed movements.

Regardless of the approach taken to incorporate the target information into the prior state-space model,
most goal-directed state-space models are inherently dependent on the arrival time at the target or
equivalently on the movement duration. For example there is much more constraint on the movement
kinematics close to the arrival time compared to far from it, as in the former case the trajectory soon
needs to converge to the intended target. Also the assumption of known movement duration used in [26]
and [28] prevents their implementation in real time since the duration is not known a priori to a real-time
decoder observing only the neural signal. Hence to be implementable in a BMI, in addition to using a goal-
directed state-space model, a practical decoder needs to address this uncertainty in movement duration.
We introduced a framework to resolve this duration uncertainty in [31] by discretizing the movement
duration and then optimally combining the kinematic estimates corresponding to the discretized durations
based on the neural data. A similar approach using a discretized set of durations was subsequently used in
[32] to resolve the duration uncertainty of the goal-directed prior model developed in [26] for estimation
of simulated reaching trajectories. In this paper, as the second component of our decoder, we develop
our framework to resolve the duration uncertainty for any goal-directed state-space model (including our
feedback-controlled one) in more detail. Additionally, we examine the loss in estimation accuracy due
to the unknown duration and the effect of the number of discretization points on this loss. Moreover, we
discuss two possible approaches to treating a state-space model after its arrival time is reached and their
effect on decoder accuracy.

Combining these two components, our decoder can be used in a real-time BMI to improve the estimation

accuracy of goal-directed movements. Our focus in this paper is on the detailed derivation of the decoder



and the characterization of its performance for estimation of goal-directed movements performed by a
rhesus monkey from simulated neural spiking activity. The simulated neural data is obtained based on the
monkey’s trajectories using a rigorously validated model of neural activity in the primary motor cortex
[2], [33] that relates it to the intended movement parameters. Using thousands of simulated trials, this
analysis allows us to characterize the decoder performance under various conditions and give guidelines
for its implementation and parameter selection. An application of this decoder to combining target and
kinematic related activities in a real-time BMI in an example experimental setup is presented in our work

in [34].

II. METHODS

We denote the sequence of kinematic states by Xg,--- ,x; and the spiking activity of the ensemble
of C neurons by Ny,---,N; where Ny = (N}, --- , NE) is the binary spike events of the C' neurons
at time t. We model the spiking activity of each neuron as a point process. Assuming that the neural
spiking observations from the C' neurons are conditionally independent given the state, the point process
observation model is given by [33], [35]

p(Nefxe, He) = TT Oeltlxe, HE)A) M el DA (1)

c
where Hf = N{,,_;, Hi = N4 = H%:C model the history dependence of the spiking activity, A is the
time increment, and A.(¢|x;, Hf) is the modeled instantaneous firing rate or equivalently the conditional
intensity function of the cth neuron at time ¢. Note that we have explicitly indicated the encoding of the
kinematic states, x;, in the conditional intensity function (the form of which depends on the kinematics
tuning model and will be discussed further in the Results section). If the observation model further
assumes that the spiking activity is not history dependent, i.e., that the observation at each time step is
conditionally independent of the observations in the previous time steps given the kinematic state, then
the observation model simplifies to

P(Nfxi, He) = p(Nefxi) = T T (he(tlx) )™ e ()2

c

The goal of the decoder is to causally calculate the state posterior density, i.e., p(x;|Ni.¢), based on the
neural observations. We first develop the feedback-controlled prior state-space model. We then derive the
decoder that combines this prior with the point process observation model and also resolves the duration

uncertainty inherent to goal-directed state-space models.



A. Optimal Feedback-Controlled Prior State-Space Model

To build a prior goal-directed model that incorporates the target information, we develop an optimal
feedback-controlled state-space model for the kinematics. This model is inspired by the optimal feedback
control theory of the sensorimotor system that is used to interpret its function [29], [30]. In this framework,
each task is performed to accomplish a goal during which there is sensory feedback about the state
of the musculo-skeletal system. Based on the desired goal, the sensory feedback (for example vision
and proprioception) about the current state of the system, and the intended time to accomplish the
goal, the subject (controller) decides on the next control signal (for example muscle activation) to
generate the movement. As a result, the subject can make real-time adjustments in the control signal
based on the feedback to improve behavior. This framework is illustrated in Fig. 1. Once we specify an
approximate kinematic model, quantify the task goals as cost functions, and model the sensory feedback,
this framework can be used to predict the subject’s next control signal. Therefore, we use this framework
to develop the optimal feedback-controlled prior model to predict the next control signal in the decoder
and consequently the next kinematic state.

We assume the sequence of kinematic states, Xg, - - - , X¢, are generated according to the linear dynamical

system
Xi+1 = Ax; + Bug + wy. ()

Here uq is the control signal at time ¢, which is decided by the controller (the subject), w; is the zero-mean
white Gaussian state noise with covariance matrix W, and A and B are parameters of the kinematic
model. We assume that the subject has perfect sensory feedback of the kinematic states (for example
proprioceptive or visual) and therefore the sensory feedback, y;, is noiseless, i.e., y; = x;. To find u; in
the control framework, we need to specify a cost function whose expected value will then be minimized
by selecting the optimal u;. The cost function in a given task should quantify its goal. For the above
linear Gaussian state-space model, if we pick the cost function as a quadratic function of the state and

control signals given by
1

J = Z (X;tht + uQRut) + X/-,—C)TXT7 (3)
t=1

where T is the movement duration, Q; is positive semidefinite and R is positive definite, then the optimal

control signal at any time, uy, is simply a linear feedback of the state at that time given by [29], [36]

u; = —Lt(T)Xt, (4)



where L; can be found recursively and offline using [36]
L; = (R+B'P,1B)"'B'P;, A. 5)
Here P, is in turn found recursively and backwards in time using
P, = Q; + A’ (Pt+1 ~ P, ;B(R+BP;,B)" B’Pt+1> A ©)

with the initial condition
Pr=Qr. (7N

This is the linear quadratic Gaussian (LQG) solution. Substituting (4) in (2) reduces this state-space

model to the optimal feedback-controlled state-space model
Xi+1 = (A — BLt( T))Xt + Wi, (8)

which can now be used to predict the next kinematic state in the decoder. Note that QQ; and R should
be appropriately designed for an application of interest (we will show examples of these for reaching
movements). Also L;(T) is time-varying and a function of the duration, T, and hence the state-space
model is dependent on this duration and time-varying.

1) Optimal Feedback-Controlled Prior Model for a Reaching Movement: One of the most common
goal-directed movements is a reaching movement. We can now specialize the feedback-controlled prior
model to the case of reaching movements, which are used in most real-time BMI experiments. For a
reaching movement, the goal is to reach a target position at a desired arrival time and stop there, while
being energy efficient. Hence the cost function in this case should enforce positional accuracy at the
arrival time, stopping condition, and energetic efficiency [37], [38]. Therefore, denoting the desired final
target position in the two dimensions by d* = [d}, d;]’, and the position, velocity, and force in the two
dimensions by d; = [di(t), d2(t)], v¢ = [vi(t), w(t)], and a; = [a1(t), a2(t)], respectively, similar to

previous studies [37], [38] we take this cost function to be the weighted sum
T-1
J=lld 7 — a1 tw, vrlPwe far]®rwe Y ful? ©)
t=1
where the weights are chosen to penalize the terms in the cost function approximately equally on average

[37], [38]. Taking the state to be x; = [di(t), vi(t), a1(t), da(t), va(t), a2(t)]’, we adapt a first-order
lowpass muscle-like system [38] for the dynamical system in (2), which in each dimension ¢ is given by
d;(t+1) 1 A 0 [|di(t)] |O 0
vt =0 1= A Ny [+ 0 |wit) +| 0 (10)
atl)| |0 0 1-2fla®)| |2 w; (t)

T



where A is the time increment, and the parameters b = 10 Ns/m, 7 = 0.05 s, and m = 1 kg come from
biomechanics [38].

Having specified the kinematic model in (10) and the cost function in (9) for the reaching movements,
the feedback matrices L;(T) can be computed from the recursive solution of LQG in (5). To do so, we
augment the state to include the target position in the two dimensions [37], [38], d* = [df, d;]/ , 1.e.,
Xaug (t) = [d1(t), vi(t), ai(t), df, da(t), va(t), a2(t), d5]". Hence the augmented state-space model in each

dimension takes the form

)| |1 A 0 of|ld@] |o 0
Vi (t+H1 0 1= 2 ollw@)]| |0 0
Y e R PO an
at)| |0 0 12 olla®)]| |2 w; (t)
dr 0 0 0 1|| d | |0 0

for ¢« = 1,2. Now comparing (9) with (3) and denoting the two dimensional identity matrix with I, we
find R = w,I, and Q; = 0 for t < T. To find Q7 note that di(T) — df = PiXae(T) with p; =
[1,0,0,—1,0,0,0,0]" and similarly for po, and that v1(T) = pj, Xae(T) with p,, = [0,1,0,0,---,0]
and similarly for p,,, pa,, and p,,. Therefore we find Q7 = p1p| + paph + Wy (Pu, Py, + Pupy,) +
Wa(Pay Py, + PasPl,,). Now using (5)—(7) with these choices we obtain the feedback matrices, L;(T), and
consequently the optimal feedback-controlled state-space model for the reaching movement from (8).
These feedback matrices can be precomputed offline and then stored for later real-time use in a BML

Also, the prior model can be generalized to any target location by just changing d* accordingly in (9).

B. Estimation of Goal-Directed Kinematic States from Neural Observations

Having developed the prior model, we now derive the decoder. To do so, we combine the prior
model with the ensemble spiking activity during movement and resolve the duration uncertainty inherent
to the prior model using mixture modeling. Mixture modeling is a common framework in statistical
inference that is used to estimate a desired density in different applications. For example, mixture modeling
combined with sequential state estimation in dynamical systems, when the system could be operating in
changing environments (leading to different regimes of operation), has been used in [39]. See also the
mixture Kalman filtering work in [40] and references therein. For decoding the kinematics from neural
activity, mixture modeling was used in [25] and successfully applied to combine empirically fitted and
time-invariant state models for reaching movements to different targets. Here we use mixture modeling to
combine optimal feedback-controlled prior models of different durations and hence resolve the duration

uncertainty inherent to this prior model (and other goal-directed models in general).



To decode the kinematics, we need to find the posterior density p(x¢|N.;). Conditioning on the arrival

time, we can expand this density as,

p(xe|N1t) = / p(xi| N, T) p(TINL) dT (12)

where p(T|Nj.) is the causal likelihood function for the arrival time based on the neural observations.
However, in its continuous form, this likelihood is difficult to find and in general is not Gaussian. Hence
to make the computations tractable, we discretize the arrival time and instead, using the law of total

probability, expand the posterior density as

J

p(xe|N1:t) = > p(xe|N1t, T;) p(T;|N1e) (13)
j=1

where T is discretized to J possibilities and consequently a prior model is placed on it given by
pr(T;j),7 = 1,---,J. This prior model (including its support) can be selected based on empirical
durations observed in a given task. We will later examine how the discretization refinement, or equivalently
the number of discretization points used for a given support, affects the performance of the decoder.
We show in the Results section that even a coarse discretization is sufficient to achieve an asymptote
performance.

We now need to calculate two quantities: the posterior density p(x;|N1., T) for a given known arrival
time, T, and the corresponding weights p(T|Nj.;).

To find the posterior for a given arrival time we write it as,

P(N¢|xe, Nit—1) p(x¢|Nyt—1, T)
x¢|Ni., T) =
P(xe[Ni, T) P(N¢INy—1, T)

(14)

The first term in the numerator comes from the observation model in (1) and the second term is the
one-step prediction density. Note that we used the fact p(N¢|x;, N1..—1, T) = p(N¢|x;, Nj4—1) based on

the observation model in (1). We denote the normalization constant by
g(Ntl T) = p(Nt\let—h T) (15)

since we exploit it later to find the corresponding weights. To get the recursion for the posterior density,

we use the Chapman-Kolmogorov equation to write the prediction density as

p(x¢|N1:i—1, T) = /p(xt|xt1, T)p(xe—1|N1:p—1, T)dx,—1. (16)

Here we have used the conditional independence, p(x¢|x¢—1,N1.t—1, T) = p(x¢|x¢—1, T), which comes
from the state-space model in (8). Now the second term inside the integral is just the posterior density from

the previous time step. Hence substituting (16) into (14) generates the recursion. The exact expression in



(14) is in general complicated. Hence we make a Gaussian approximation to the posterior density similar
to [35]. Making this approximation and since the state-space model in (8) is also Gaussian, the prediction
density in (16) will be Gaussian. Let’s denote the minimum MSE (MMSE) estimator, i.e., E(x¢|Ny.t, T),
by x;;,7 and its covariance matrix by Wy, . Similarly, we denote the one step prediction mean by
X¢t—1,7 = E(x¢|N1:4—1, T) and its covariance matrix by Wy,_; 7. The Gaussian approximation to the
posterior in (14) is made by expanding its logarithm in a Taylor series expansion around the prediction
mean X, 7 and keeping terms of second order or smaller. The recursions for the MMSE estimator
with this Gaussian approximation have been derived in [35]. The difference here is in the prediction step

as it uses the controlled state-space model in (8). The recursions of this point process filter in our case

become
Xee—1,7 = (A — BLy(T))x—1j0—1,7 (17)
W17 = (A —=BL(T))W,_1;_1,7(A —BL(T)) + W (18)
C /
_ _ Olog A 0log A 0?log A\
w i =w;! = ) NA — (NE — A A)—225 1
t|t,T t‘t*l,T + CZI |:( 8xt ) < 8Xt ) )\ ( t )\ ) 6xtax% - ( 9)
C /
O0log A\, .
X, T = Xejt—1,7 + Wi, T z K ai ) (N; — AcA)] (20
c=1 Xt|t—1,T

where [-]Xm_u denotes the evaluation of the expression at x,;_,7 and A is used instead of A.(t[x¢, Hf)
for notational convenience. When the point process model for the spiking activity is assumed to have
no history dependence, the recursions are obtained by simply replacing A.(t|x¢, Hf) with A.(¢|x;). These
recursions give the feedback-controlled point process filter (FC-PPF).

Note that a random-walk state model is also in the form of (8) but with B = 0 and equivalently the
dynamics matrix given by A. Hence the recursions in (17)—(20) with this choice recover the random-walk
point process filter (RW-PPF).

So far we have found an approximation to the posterior assuming a known arrival time. To relax this
assumption, we should find the corresponding weights for each arrival time, p(Tj\NM), and use (13) to

find the posterior density. We have

P(N1| T;)p7(T))
p(Nl:t)

where p(N1.;) is independent of T; and treated as a constant and p(Ni.;| T;) represents the likelihood of

p(TjIN1) = 2

the observed neural data under a state-space model with the arrival time of T;. Hence the latter is the

normalization constant for the posterior p(xi.¢|Ni.;, T;) and its exact computation requires an integration,
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which is computationally prohibitive. However, using the Gaussian approximation to the posterior, we

can find this without integration as follows. Using the chain rule we find

t
p(N1| T) Hp iINvi1, T5) = [ o(Nal T5) (22)
=1

where g(N;|T;) is defined in (15) and is the ith step normalization constant in the recursive filter. Now
exploiting the Gaussian approximation of the posterior and hence the prediction densities in (14), they
are completely characterized by their means and covariances given in (17)—(20) for any T;. We can hence

explicitly evaluate (14) at x;;; 7, to get

Z\ZT|

1|1 —
1 R
exp [_2<Xm’,Tj - xi"i—l,Tj) W¢|¢71,T]. (Xm‘,Tj — xi|i_17Tj)}

z|7,T’

N¢ X\ (ilx:1: + HE¢
|W [i—1,T; | H |Xz|z T, HC)A) ‘e Ao (it 7y MDA
1|1—

1 _
X exp [—Q(Xn‘,Tj - Xi|i71,Tj)/Wi|i1_17Tj (Xiji,7, — Xz‘|1;1,Tj)} (23)

for j =1,---,J where all the quantities are known. Combining (13)—(23) gives the posterior. The MMSE
estimate in the case of unknown arrival time is then given by
Xt|t = E(x¢|Ny.) = Zp( Tj|N1:t)Xt\t,Tj-
J

We call the resulting filter the feedback-controlled parallel point process filter (FC-P-PPF) shown in
Fig. 2; it consists of J parallel branches of feedback-controlled point process filters, each calculating
not only the MMSE estimate of x; assuming a duration of T;, but also the corresponding likelihood
p(N1|Tj).

One question that arises at this point is how to estimate the state once ¢t > T, for some branch Tj;.
One way to do so is to perform the summation over all j for which T; > ¢. This means that after a
given arrival time, T, the corresponding branch of the decoder exits the computations and is no longer
used for state estimation. This approach is justified since the prior for a given branch is only defined up
to its corresponding arrival time. Using this implementation and as time passes by, fewer branches are
active and hence the computational load is lower. Another way to address this issue is to keep a branch
in the decoder even after its arrival time is reached by changing its prior to one that corresponds to a still
condition. This still condition will have its position fixed at the final position reached to at the arrival

time and hence a zero velocity (and other higher order derivatives of the position) after the arrival time.
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This means that all the branches will be active at all time until the decoder is terminated at the largest
arrival time of the branches. We will examine the effect of the two alternative implementations in detail
in the Results section.

Finally, the parallel point process filter can be used to remove the duration uncertainty from any other
goal-directed state-space model and not just the feedback-controlled one we have proposed here. This
can be done simply by changing the prediction step in (17) and (18) using the desired state-space model.
This is expanded on in the Appendix. Also, our approach to resolving the duration uncertainty can be
applied in cases where the observations are taken to be the neural firing rates instead of the spiking
activity and a Gaussian likelihood model is assumed on these firing rates as in [24]. In this case the
Gaussian approximation to the posterior in our FC-P-PPF becomes exact and the update recursions in
the filter become those of the well-known Kalman filter. The calculation of the arrival time likelihoods,

however, remain the same.

III. RESULTS

We show the application of FC-P-PPF to decoding of reaching movements performed by a rhesus
monkey from ensemble spiking activity simulated based on a rigorously validated model of neural activity
in the primary motor cortex [2], [33]. Our data consists of 55 reaching trajectories performed by a rhesus
monkey!, based on which neural spiking activity is simulated. Using a joystick, the monkey moved a
cursor from the center to one of four possible radial locations at the top, bottom, left, or right sides of
a square computer screen 14 cm long in each dimension. The 55 trajectories had different durations in
the range of 140-400 ms. Hence the window of uncertainty for the arrival time is 140—-400 ms. The
only parameter of the state-space model in (10) fitted to reaching trajectories using maximum-likelihood
parameter estimation was the state noise covariance, W.

To dissociate the effect of using the feedback-controlled prior model from that of using the parallel
filters to resolve the duration uncertainty, we first consider the scenario where the decoder knows the
exact duration for each trajectory and then remove this assumption and consider the general case with
unknown duration. Also, in each case, we compare the decoder with RW-PPF in which no target
information is incorporated and show that the decoder improves the RW-PPF performance considerably,

where performance is measured as the average root-mean-square (RMS) error in the estimated trajectories.

'This study was performed in strict accordance with the recommendations in the Guide for the Care and Use of Laboratory
Animals of the National Institutes of Health, and under regulation of the Subcommittee on Research Animal Care at Harvard

Medical School.
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In terms of the decoder implementation, we examine the effect of two factors on its performance. First,
we examine the effect of the discretization refinement, i.e., the number of discretization points or parallel
branches used in the decoder, and show that a relatively coarse discretization is sufficient for the decoder
to achieve an asymptote average RMS error. This guides the selection of the number of parallel branches
in the decoder. Second we investigate the effect of the two possible implementations for treating a branch
after its arrival time. In the first implementation the branches exit the decoder after their arrival time and
in the second implementation they stay in the decoder in their still condition after their arrival time. We

show that the average RMS errors using the two implementations are comparable.

A. Estimation of Reaching Movements of Known Duration from Neural Signals

To assess the advantage of using the feedback-controlled prior model, we first implement the FC-P-PPF
for estimation of reaching movements that start at a known reference position at rest, acquire a target
position at a known time, and come to a stop at that time. Note that when duration is known, FC-P-PPF
uses a single branch corresponding to the true duration for each trajectory.

To get the corresponding ensemble spiking activity for each real reaching trajectory, we used the model
of neural activity in the motor cortex, also known as the cosine tuning model of the conditional intensity
function, which has been extensively validated on primate motor cortical data [2], [33]. In this model,
the firing rate of each neuron is related to the movement speed and direction. Using this model and for
each trajectory, we simulated the spiking activity of an ensemble of C' = 20 neurons, which is a typical
ensemble size in real-time BMIs. The spiking activity for each neuron in the ensemble was independently
simulated as a point process whose instantaneous firing rate or conditional intensity function during a

two-dimensional movement was given by [33],
Ae(txe) = exp (ao + az|ve| cos(6y — 0;))
= exp (ao + oy wa(t) + agvi(t)) (24)

where 07 is the preferred angle of the cth neuron, 6; is the movement angle at ¢, vo(t) and vi(t) are
the velocities in the y and x directions, ag and «; are parameters of the model, and consequently,
ag = ag cos(f) and o = ay sin(6}). Here the preferred direction for each neuron is sampled randomly
from [—m, 7], cp = 1.6 is chosen to have a background firing rate of 5 Hz for each neuron and a; = 0.04
s/cm is chosen to have a maximum possible firing rate of 25 Hz on average (over the trajectories) for
each neuron. We simulated 100 realizations (trials) of the point process neural signal for each trajectory

using the time-rescaling theorem described in [41].
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1) Performance Measure: We define the performance measure of the decoder as its average RMS
error over the trajectories. To find this, we first find the RMS error for each time step along a trajectory
by averaging the square estimation error at that time step over the 100 simulated neural realizations.
To quantify an average RMS error for the entire trajectory, we then average the RMS error over its
duration. Finally, we find the mean of the average RMS errors over all 55 trajectories as the measure of
performance for a decoder.

2) Comparison to a Random-Walk Model: Assuming a known movement duration, we compare the
average RMS error of FC-P-PPF to that of RW-PPF. This comparison illustrates the advantage of using
a feedback-controlled prior model that incorporates the target information over a random-walk one. The
average RMS errors of RW-PPF and FC-P-PPF, which are calculated for each trajectory until the end of
movement, are 1.40 cm and 0.87 cm, respectively. Hence the RW-PPF average RMS is 61% higher than
that of FC-P-PPF. This shows the benefit of using a more accurate prior model in the decoder. Fig. 3a
and 3b show a sample reaching trajectory performed by the monkey with a duration of T = 296 ms and
10 sample decoded trajectories from RW-PPF and FC-P-PPF when T is known exactly to the decoder.
Fig. 3c and 3d show the estimated velocity in the x and y direction for a sample neural realization
(trial) using RW-PPF and FC-P-PPF. We can also visually observe that using the feedback-controlled
prior model improves the estimation accuracy. Note that the average RMS error of FC-P-PPF assuming
knowledge of movement duration provides a lower bound on its error in the general realistic case where

this duration is not known, as considered in the next section.

B. Estimation of Reaching Movements of Unknown Duration from Neural Signals

We now remove the assumption of known movement duration from the problem and use FC-P-PPF to
decode the same reaching movements. We examine the effects of the discretization refinement and two
possible implementations on FC-P-PPF performance and also compare it to RW-PPF. Since the movement
duration is unknown, we run both decoders until the end of the uncertainty window, i.e., until 400 ms.

1) Performance Loss Due to Unknown Duration: We first examine the loss incurred due to lack of a
priori knowledge of the movement duration by FC-P-PPF and the effect of the number of discretization
points on this loss. This will guide the selection of the number of branches needed in the decoder. To
do so, we compare the average RMS error of FC-P-PPF with various number of discretization points to
its error assuming exact a priori knowledge of duration as considered in the previous section. The latter
provides a lower bound on the former and is hence used as a baseline.

We discretize the uncertainty interval starting at 150 ms, i.e., the interval [150, 400] ms, in steps of 250
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ms, 125 ms, 83 ms, 50 ms, or 25 ms, corresponding to 2, 3, 4, 6, or 11 discretization points, respectively,
and find the FC-P-PPF average RMS error in each case. We also find the average RMS error using
a single branch at 400 ms, which corresponds to a single discretization point at the largest possible
duration. In each case, we assume a uniform prior distribution on the discretization points. To make the
comparison to the baseline case with known duration, we compute the average RMS error of FC-P-PPF
with different number of discretization points for each trajectory up to the end of movement as opposed
to the end of the uncertainty window. In each case, we also examine the two possible implementations
for treating a branch after its arrival time.

Fig. 4 shows the FC-P-PPF average RMS error as a function of the number of discretization points for
both implementations and also the baseline average RMS error assuming movement duration is known.
In the first implementation, the average RMS error has a steep drop to an asymptote value by increasing
the number of discretization points. Taking the average RMS error achieved using 11 discretization points
as the asymptote value, using only 4 discretization points results in the difference between the average
RMS error and the asymptote value to be only 1% of the latter. This shows that a relatively coarse
discretization is sufficient to get to this asymptote. Also, increasing the number of discretization points
from 1 to 4 reduces the difference between the average RMS error of FC-P-PPF and the baseline (i.e.,
with a priori knowledge of the duration) by over 48%.

Similar results hold for the second implementation. The two implementations have very close average
RMS error during movement. For example using 4 discretization points, the difference between the
average RMS error of the two implementations is less than 1% of the smaller value.

2) Comparison to a Random-Walk Point Process Filter: We now compare the performance of FC-P-
PPF to RW-PPF that does not exploit the target information. In our comparison, we use 4 branches for
FC-P-PPF as this choice is sufficient to get within 1% of the asymptote average RMS error.

Fig. 5a and 5b show a sample trajectory with a duration of 7T = 296 ms (the same as in Fig. 3)
and 10 sample decoded trajectories using RW-PPF and FC-P-PPF when T is unknown to the decoders
and hence they decode the neural activity until the end of the uncertainty window. We have shown the
FC-P-PPF results using the first implementation. As the figure demonstrates, FC-P-PPF generates more
accurate trajectory estimates compared to RW-PPF (as will be quantified in Table I). Fig. 5c-5f show
the decoded velocities in the x and y directions for a single realization of the neural signal and the time
evolution of the optimal combining weights in FC-P-PPF for the given realization and also averaged over
all 100 realizations for the given trajectory. Here the true arrival time is at T = 296 ms and the closest

weight, i.e., the one corresponding to 316 ms, soon dominates up to its arrival time. Also, FC-P-PPF
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brings the estimated velocity close to zero at the end of movement as opposed to RW-PPE.

To quantify these observations, Table I shows the average RMS error in the estimate of the 55
trajectories during movement and during the entire decoding period. These are found by averaging the
RMS error for each trajectory until the end of its corresponding movement and until the end of the
uncertainty window at 400 ms, respectively. During movement, the average RMS error of RW-PPF is
47% larger than that of FC-P-PPF. Moreover, the two implementations of FC-P-PPF have very similar
average RMS errors, as is also observed in Fig. 4. When also considering the error after the end of
movement, RW-PPF average RMS error is 67% higher than FC-P-PPF. In this case, FC-P-PPF does
better than RW-PPF for two reasons: First, it puts a better prior model on the reaching movements.
Second, it detects the end of movement and hence brings the velocity close to zero after the movement
ends. To do so, FC-P-PPF finds the likelihoods of the discretized arrival times and reflects them into its
estimate. This is done by combining the estimates of the parallel filters, each designed for a different
arrival time, with time-varying optimal weights that are updated purely based on the neural observation.
In contrast, RW-PPF cannot detect the movement termination. Therefore, when considering its error until
the end of the uncertainty window, it does worse. Note that the two implementations of FC-P-PPF again
have a close average RMS error.

Fig. 6a—6d show sample estimated trajectories, velocities, and average combining weights for the
second implementation of FC-P-PPF. Keeping all the branches in the filter even after their arrival time,
by changing their prior model to a still model, allows the second implementation to bring the velocity
closer to zero after the movement ends and results in a lower average RMS error after the end of movement
compared to the first implementation (1.08 cm vs. 1.16 cm, calculated from the end of movements until
the end of uncertainty window at 400 ms). Therefore, in applications where the error after the end
of movement and hence standing still at a position is important, for example when reaching a target
and then holding it, this implementation could result in additional reduction of error. However, the first
implementation is computationally more efficient as it does not keep all the branches in its calculations
until the end of decoding. Hence the first implementation is more appropriate in real-time applications

in which the main purpose is only to reach a target.

DISCUSSION

We have developed a recursive Bayesian decoder for goal-directed movements from ensemble neural
spiking activity. Our decoder employs two main components. First, it uses the sensorimotor optimal feed-

back control principles to build an optimal feedback-controlled prior model for goal-directed movements.
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Second, it resolves the duration uncertainty inherent to this model (and other goal-directed prior models)
based on the neural activity. The result is the feedback-controlled parallel point process filter (FC-P-PPF)
that can be used in a real-time BMI for estimation of goal-directed movements.

We used an optimal feedback control model of the sensorimotor system to build the prior model. Our
prior model incorporates the target information and takes into account the sensory feedback. It can also
generalize to different target locations without requiring a training data set of reaches to these locations.
Even though we have illustrated one example of the optimal feedback-controlled prior model in (8) for
the specific task of reaching a target, this model could be specialized to other tasks by quantifying their
goals as the cost function in (3), thus providing a possible framework for construction of goal-directed
prior models.

Despite the advantage of goal-directed prior models for estimation of movement, one key factor that
has prevented their implementation in real-time BMIs is their dependence on the movement duration,
which is not known a priori to a real-time decoder. Previous work using duration-dependent goal-directed
models have therefore assumed that the decoder has knowledge of this duration [26], [28], which is not
the case in a real-time BMI. We thus developed a parallel point process filter framework to resolve
this duration uncertainty in any goal-directed prior model. The framework works by discretizing the
duration, causally estimating the kinematics for each discretized duration based on the neural activity,
and optimally combining these estimates according to the duration likelihoods, which are again calculated
from the neural activity. Due to the parallel nature of our decoder, its overall run-time is on the order of
the run-time for a single branch, a property important for real-time implementation.

We additionally examined the effect of the discretization refinement of the duration on the average
RMS error and showed that using only a coarse discretization is sufficient to achieve an asymptote average
RMS error. This guides the selection of the number of branches in the decoder and shows that the added
computational complexity involved to address the duration uncertainty is not large.

We further examined the effect of two possible filter implementations for FC-P-PPF, which differed
in treating the branches of the filter after their arrival time. In the first implementation, any branch exits
the computation after its arrival time. In the second implementation, we keep all the branches in the
filter after their arrival time, but change their prior model to a still model. The still model for a branch
assumes that the kinematic state has stopped at the location estimated at its arrival time. We showed that
the two implementations have similar average RMS errors. However, the second implementation brings
the velocity closer to zero after the movement ends (and therefore may have an advantage for applications

such as holding a target), whereas the first implementation is computationally more efficient.
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We also examined the advantages of using our decoder compared to RW-PPF that uses a random-walk
prior model. We showed that using a very coarse discretization (and hence few branches in FC-P-PPF)
the average RMS error of our decoder is significantly lower than that of RW-PPFE. The reason for this
improved performance is the fact that FC-P-PPF not only uses a better prior model on the kinematic
states, but also attempts to identify the end of movement and hence bring the velocity close to zero at
that point. This is in contrast to RW-PPF, which cannot detect the end of movement.

Motivated by the observation that target location can be accurately decoded from motor cortical areas
before movement initiation [22], [23], in this work we assumed that target location is known and developed
a decoder that combines it with the peri-movement activity to estimate the intended kinematics. Note,
however, that we can easily extend this decoder for cases where target location is not known prior
to movement by using an approach similar to the work in [25], which combines time-invariant and
empirically fitted trajectory models to different targets. To do so, we can include branches in FC-P-PPF
for all possible target locations and their corresponding discretized durations. We can then calculate the
overall kinematic estimate as the weighted average of the branch estimates corresponding to all possible
target locations, as opposed to just the correct target location. The calculation of the branch likelihoods,
that in turn determine their weights in calculating the overall kinematic estimate, remains exactly the
same (see (21)—(23)). In this case, if target related activity before movement initiation is recorded, we
can incorporate it by initializing the weight of the branches corresponding to each target proportional to
its likelihood calculated from this activity [25], as opposed to equiprobably.

Real-time BMISs so far have decoded individually either the target of the movement or its corresponding
trajectory. Here we developed a decoder that can enable joint decoding of both target and trajectory in a
real-time BMI. This can in turn result in more accurate estimation of intended movement than is possible

by decoding only target or kinematic related information alone.

APPENDIX
RESOLVING THE DURATION UNCERTAINTY FROM A GENERAL LINEAR GOAL-DIRECTED

STATE-SPACE MODEL

A general linear goal-directed state-space model depends on the target and movement duration and

can be written as
xir1 = G(t, T,x")x; + b(t, T,x") + wy, (25)

where x* is the target state, G and b are the dynamics matrix and a constant term, respectively, that in

general are time-varying and also dependent on x* and T, and w; is the zero-mean white Gaussian state
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noise with covariance matrix W;. Note that the state-space models in both [26] and [28] can be written
in this form and assume prior knowledge of T. Hence the exact same filter recursions in (17)—(20) can

be applied to a general model by just changing the filter prediction steps to
Xp—1,7 = G(t, T,x")x_1jp—1,7 + b(t, T, x")

Wy, 1 = G(t, T, XYW, _1,_1,7G'(t, T,x") + W

All the other expressions including those for calculating the duration likelihoods remain the same.
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TABLES

TABLE 1
RMS ERROR (CM) IN DECODED TRAJECTORY OF THE 55 REAL REACHING MOVEMENTS WITH UNKNOWN DURATION

CALCULATED UNTIL THE END OF MOVEMENT AND UNTIL THE END OF THE UNCERTAINTY WINDOW.

RW-PPF  FC-P-PPF (1) FC-P-PPF (2)
Until the end of movement 1.40 0.95 0.94
Until the end of

uncertainty window 1.69 1.01 0.99
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FIGURE LEGENDS

Fig. 1. Optimal feedback control framework. An optimal feedback control framework is used to build
a prior state-space model for goal-directed movements. In this framework each task is performed to
accomplish a goal during which there is real-time sensory feedback, y;, about the state of the system, x;.
Based on the intended goal and the sensory feedback about the state of the system, the brain (controller)

decides on a plan of action or control signal, u;, and controls the system.

Fig. 2. Feedback-controlled parallel point process filter (FC-P-PPF). FC-P-PPF consists of J parallel
branches of point process filters, each calculating not only the MMSE estimate of x; assuming a duration

of T;, but also the corresponding likelihood p(N1.|T;).

Fig. 3. Comparison of FC-P-PPF and RW-PPF when movement duration is known. (a) and (b) show
a sample trajectory during a reaching movement by the monkey (solid black) and 10 sample decoded
trajectories using RW-PPF in (a) and FC-P-PPF in (b) (dashed blue). (c) and (d) show the true velocity
(black) in the two dimensions and the decoded velocities using RW-PPF (dashed red) and FC-P-PPF

(solid blue) for a sample neural realization.

Fig. 4. The effect of the number of duration discretization points on FC-P-PPF average RMS error. The
black curve shows the average RMS error of the first implementation of FC-P-PPF during movement,
the dashed red curve shows that of the second implementation, and the dotted blue line shows the lower

bound on average RMS error of FC-P-PPF, which corresponds to a known movement duration.

Fig. 5. Comparison of FC-P-PPF and RW-PPF when movement duration is unknown. (a) and (b) show
a sample trajectory during a reaching movement by the monkey (solid black) and 10 sample decoded
trajectories using RW-PPF in (a) and the first implementation of FC-P-PPF in (b) (dashed blue). The
decoders are run until the end of the uncertainty interval. (c¢) and (d) show the true velocity (black) in
the two dimensions and the decoded velocities using RW-PPF (dashed red) and FC-P-PPF (solid blue)
for a sample realization of the neural signal. (e) and (f) show the evolution of the optimal combining
weights for the branches of FC-P-PPF for the sample realization of the neural signal in (e) and averaged

over all 100 realizations in (f).
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Fig. 6. Comparison of FC-P-PPF implementations. (a) True trajectory (solid black, same as in Fig. 5) and
10 sample decoded ones (dashed) using the second implementation of FC-P-PPF with unknown duration
(compare with Fig. 5b) (b) Combining weights vs. time averaged over all 100 neural realizations for the
second implementation of FC-P-PPF (compare with Fig. 5f).(c)—(d) True velocities in the two dimensions
(solid black) and decoded velocities for a sample neural realization with the first (solid blue) and second

(dashed yellow) implementations of FC-P-PPF. True duration is 296 ms.
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Abstract

Real-time brain-machine interfaces (BMI) have focused on either estimating the continuous movement
trajectory or target intent. However, natural movement often incorporates both. This suggests that BMIs
should be designed to combine these principal aspects of movement. We develop a novel real-time BMI
that jointly estimates the movement target and trajectory of monkeys in two stages. First, the target is
decoded from neural spiking activity before movement initiation. Second, the trajectory is decoded by
combining the decoded target with the peri-movement spiking activity using an optimal feedback control
design. This design exploits a recursive Bayesian decoder that uses an optimal feedback control model of
the sensorimotor system to take into account the intended target location and the sensory feedback in its
trajectory estimation from spiking activity. We show that the two-stage BMI performs more accurately
than either stage alone. Correct target prediction can compensate for inaccurate trajectory estimation and
vice versa. This BMI also performs significantly better than commonly used linear regression approaches.
Our results demonstrate the advantage of a BMI design that jointly estimates the target and trajectory
of movement and more closely mimics the sensorimotor system.

Introduction

There has been a large body of work in the past decade on real-time brain-machine interfaces (BMI)
demonstrating that neural signals from the motor cortical areas can be used to control computer cursors
or robotic arms in human and non-human primates [1-16]. One type of such BMIs, which comprises
most of this work, aims to estimate a continuous trajectory—for example the position of a computer
cursor on the screen moving towards a visual target [1-14]. Recent efforts with this type of BMIs have
demonstrated the ability to estimate continuous movement from motor cortical activity. The other type
of BMIs aim to predict a desired discrete target without estimating the corresponding desired trajectory
towards it [15,16] and are valuable for purposes such as typing on a keyboard.

These successful real-time attempts at individual decoding of the continuous trajectory or the target
of movement motivate the development of a new type of real-time BMIs that aim to estimate jointly both
the trajectory of the movement and the intended target. This approach is justified by two main reasons.
First, the activity in the motor cortical areas has been shown to be related to both target and kinematics
of movement. [2,15,17-37]. Peri-movement activity, i.e., the activity around the time of movement,
in the primary motor cortex, posterior parietal cortex (PPC), and dorsal premotor cortex (PMd) is
related to the movement kinematics such as direction, velocity, position, and acceleration [2,17-26]. In
addition to peri-movement activity, neural activity in the PPC has been shown to encode the intended
target [15,27-30] prior to movement initiation. Similar activity has also been observed in the premotor



cortex including PMd [22, 24, 31-37]. Second, this approach more closely mirrors the natural way in
which the sensorimotor system decides on a plan of action and executes its movement. In other words,
the several components of the musculo-skeletal system are coordinated in order to reach a target and
hence the target of a movement and the desired trajectory to reach it are strongly correlated [38,39].
Based on these considerations, a more principled BMI design that aims to mirror the sensorimotor system
by jointly decoding the movement target and the corresponding trajectory could allow for a more accurate
estimation of movement than possible by decoding the target or trajectory alone.

Indeed, there has been a body of offline work demonstrating the advantage of combining both target
and trajectory related information in improving the estimation accuracy of movement using simulated
[40-43] or previously recorded neural data [11,44]. Here we develop a real-time BMI that combines
information about target and trajectory intent and demonstrate its implementation in sensorimotor tasks
performed by two rhesus monkeys. This BMI employs a novel two-stage approach. In the first stage,
it uses the neural spiking activity prior to movement initiation to predict the intended target of the
movement. In the second stage, it combines this prediction with the peri-movement spiking activity to
estimate the movement trajectory. To do so, we take advantage of the optimal feedback control theory
of the sensorimotor system [38,39,45-47] to build a goal-directed state-space model for the movement
which we use in a recursive Bayesian decoder to estimate the trajectory. The two-stage BMI processes
the spikes directly in real time, i.e., at the millisecond time-scale on which the neural spiking activity is
recorded. Here, we show that the two-stage BMI performs better than either stage alone, demonstrating
the advantage of combining both target and trajectory related information in real time. As a baseline,
we also make offline comparisons to a commonly used linear regression decoder [2-5,7] and show that the
two-stage decoder outperforms the regression decoder.

Results

We measured the performance of our BMI in standard instructed-delay center-out directional tasks in
which two monkeys used a joystick to move a cursor from the center of the screen to one of four targets
displayed at its periphery (see Materials and Methods). Unlike ‘free-roaming’ motor tasks in which the
subject can freely move until reaching a target, this task required the monkey to reach the correct target
without touching any of the incorrect targets under a limited time constraint. Hence only trajectories
that reached the correct target and at no point touched an incorrect target placed at the other three
sides of the screen were rewarded (Figure 1A). The performance measure used in these experiments was
the acquisition accuracy, which is the percentage of trials on which the task is successfully completed.
Multi-electrode spiking activity was recorded from PMd and the supplementary motor area (SMA) from
which 20 £ 2 neurons (mean + s.d.) were isolated and used. At the beginning of each day, the monkey
first performed the standard task using a joystick (training session) during which target and kinematic
models were constructed. The monkey then performed the same task as before but this time cursor
position was controlled by the neural activity recorded from the monkey (BMI sessions; Figure 1A) .

Jointly Decoding the Target and Trajectory Using an Optimal Feedback Con-
trol Design

The BMI processing consisted of two stages and decoded two aspects of movement. During the first stage,
it used a maximum-likelihood (ML) decoder based on a point process model of the neural spiking activity
to predict the monkey’s intended target of movement during the delay period after target presentation
but before movement initiation (see Materials and Methods). In the second stage the BMI combined
this decoded target with the peri-movement activity to estimate the trajectory. In this stage the spiking
activity of each neuron was modeled as a point process fitted to position and velocity. The BMI estimated
the trajectory using an optimal feedback control design that combined the decoded target with the peri-



movement activity. This design is inspired by the optimal feedback control theory of the sensorimotor
system used to explain its function [38,39,45-47], but is cognizant of the fact that in the BMI context the
system to be controlled is the BMI as opposed to the musculo-skeletal system (Figure 1B; see Materials
and Methods for details). We term the resulting recursive Bayesian decoder, the feedback-controlled
parallel point process filter (FC-P-PPF). In the BMI experiments, the decoder updated the estimated
position of the cursor in fine-scaled steps of 5 ms in real time, which was also used to bin the spikes.

Model Training and Validation

Models for the BMI were trained on the neural spiking activity during the training session at the beginning
of each day. Neural recordings were made during target presentation prior to the presentation of the “go”
cue, which signaled that the monkey could move the joystick, as well as during movement itself after the
“g0” cue (Figure 1A).

Each training session consisted of an average of 89 + 2 trials. Point process models relating the spiking
activity of each recorded neuron to target location and movement kinematics were constructed based on
the known target location and cursor position for each trial and the recorded multiple-neuronal activity
using the generalized linear models (GLM) framework [48]. Models were then cross-validated (leave-one-
out) on the same data by finding the corresponding target predictions and kinematic estimates. Target
location was predicted using the ML decoder from the neural spiking activity in the 800 ms delay period
prior to the “go” cue. Kinematics were estimated using either the two-stage decoder that combined the
target predictions from the first stage with the peri-movement activity or its second stage, but not taking
into account the target predicted from the first stage.

During the delay period, the ensemble spiking activity (20 + 2 neurons) predicted the correct target
with high accuracy in the training sessions (leave-one-out cross-validation). The prediction accuracy of
the trained point process target models across sessions (see Materials and Methods), measured as the
percentage of trials on which the models correctly predicted the target using the delay neural activity,
was 81 + 3%. To examine further the contribution of the individual neurons to the target prediction
accuracy, we performed a neuron dropping analysis in which the spiking activity of a single neuron during
the delay period was used to decode the target (Figure SIA-D). We found that across sessions, 48 + 12%
of the neurons had a target prediction accuracy significantly greater than chance (P < 0.05). We further
found that relatively few neurons (on average 3.3 + 1.0 across sessions) were sufficient to obtain a target
prediction accuracy that was higher than 90% that of the ensemble (Figure S1E).

During movement, the premotor neurons were tuned to position and velocity. Fitting the point process
models for the kinematics using the GLM framework [48] (see Materials and Methods), we found that
across sessions 47 4 16% of the premotor neurons were significantly tuned to either position or velocity
at least in one dimension (P < 0.05; Bonferroni correction for multiple comparisons). Of these neurons,
57% were tuned to position only, 15% were tuned to velocity only, and 28% were tuned to both position
and velocity. In agreement with previous studies, these findings suggested that the recorded premotor
neurons held significant information about both the target and kinematics of the movement.

Offline Model Comparisons

We tested the performance of the two-stage decoder in an offline analysis of the training sessions data
using leave-one-out cross-validation. We also compared to the performance of the second stage of the
decoder alone by replacing the feedback-controlled state-space model in the FC-P-PPF (see Materials
and Methods) with a random-walk (RW) model, which uses no prior target information and only enforces
smoothness in the trajectory. The resulting filter is the RW-PPF (see Materials and Methods). We also
compared the performance of the two-stage decoder to that of the commonly used least-squares linear
regression decoder [2-5,7]. For each decoder we updated the position estimate every 5 ms, which was
also the bin width for the spiking activity. Note that the chance level acquisition accuracy in our task



should be approximately 25% since there are four targets on the screen and hitting the wrong one results
in an error. We confirmed this by estimating the trajectory from shuffled neural activity (see Materials
and Methods).

We found that the acquisition accuracy of the two-stage decoder across sessions was 83 & 3% compared
to 61 + 7% for the RW-PPF, which used only the peri-movement activity (Figure 2A). Hence target
predictions from the first stage of the decoder resulted in a correction rate of (83 —61)/(100 — 61) ~ 56%
for the inaccurate trajectory estimation in the second stage (Figure 3B). Also, the trajectories estimated
by the two-stage decoder were closer to the monkey’s trajectory (Figure 3A,B). To quantify this, we
measured the average root mean-square (RMS) error across all trials (Figure 2B). We found that the
RMS error of the RW-PPF on average was 40% higher than the two-stage decoder. Comparing the
accuracy of the two-stage decoder to the target prediction accuracy of its first stage, we found that the
second stage resulted in a correction rate of (83 —81)/(100 — 81) ~ 11% for the target prediction (Figure
3C). However, as these were offline estimation of fast joystick movements, the more appropriate test for
the correction of the incorrect target predictions by the peri-movement activity in the second stage is in
real-time BMI sessions (see below).

We also compared the performance of the two-stage decoder to that of a linear regression decoder
(Figure 3). The regression decoder reconstructed the position at each time as a linear function of the
history of the ensemble firing rates, which were calculated every 5 ms in sliding bins of 100 ms. We included
up to 800 ms—same duration as the delay period used for target prediction—of history coefficients in the
regression decoder. Using an exhaustive search we used the number of history coefficients that maximized
the accuracy of this decoder. The average accuracy of the regression decoder across sessions was 47 +
8%, which was 36% lower than the two-stage decoder (Figure 2A). Also the average RMS error of the
regression decoder was 65% higher than the two-stage decoder (Figure 2B). Note that we allowed for a
fair comparison to the linear regression decoder by adding history coefficients.

Finally the trajectory estimations in the two-stage decoder were smoother than either the RW-PPF
or the regression decoder (Figure 3). To quantify this, we calculated the average roughness coefficient [49]
(see Materials and Methods) for each of the decoders (Figure 2C). The roughness coefficient measures
the degree of smoothness in the estimated trajectory and is smaller for smoother estimates. We found
that the average roughness coefficients of the RW-PPF and the linear regression decoder were 4.5 and
9.6 times larger than that of the two-stage decoder, respectively.

Combined Target and Trajectory Decoding in a Real-Time BMI

To investigate whether kinematic and target related activity can be jointly used to obtain accurate motor
performance in real time, the monkeys performed the same task as before but using a BMI. The real-time
BMI used the two-stage decoder. During the 800 ms delay period prior to the “go” cue, the BMI predicted
the target and after the “go” cue it combined this target information with the peri-movement activity
using the FC-P-PPF to decode the trajectory. We found that using the two-stage BMI, the monkeys
could perform the task with an average accuracy of 77 + 9% (Figure 4A). To assess the stability of the
performance throughout the recordings per day, we compared it in the first and second half of sessions.
We found that accuracy did not change significantly (Wilcoxon rank-sum test, P > 0.5) and remained
stable.

We next compared the accuracy of the two-stage decoder to that for each of its stages alone and found
that the two stages of the BMI performed in a complementary manner; the correct target predictions
could compensate for the inaccurate performance of the kinematics decoder and the ongoing trajectory
estimation could correct the incorrect target predictions. To compare the accuracy of the BMI with
that of using only the peri-movement activity, i.e., using the second stage of the BMI alone without
target information, we decoded the trajectory on the same real-time data set using the RW-PPF (Figure
4B-D). The average acquisition accuracy of the RW-PPF was 61 4+ 31% (Figure 4A). This suggests that
the first stage of the BMI resulted in a correction rate of (77 — 61)/(100 — 61) =~ 41% for the second



stage (Figure 4A,C). The average real-time target prediction accuracy of the first stage of the BMI was
72 £ 3%. This indicates that the second stage of the BMI (FC-P-PPF) resulted in a correction rate
of (77 —72)/(100 — 72) ~ 18% for the target predictions of the first stage (Figure 4A,D). Hence the
joint performance of the BMI was higher than would have been possible using either kinematic or target
related activity alone.

The acquisition time in the BMI sessions, i.e., time until the trial ended by rewarding the monkey,
was close to the natural acquisition time in the training sessions. In our experiments we used a short 3
s time-out condition to make the task more challenging and the required acquisition time closer to that
of monkey’s own movement. The median acquisition time for the natural movement was 0.6 + 0.3 s and
for the two-stage BMI was 0.9 4+ 0.5 s.

Control Comparisons

First, to relate the performance of the BMI to the linear regression decoder that is frequently used in real
time, we compared the accuracy of our two-stage BMI with that of the regression decoder on the same
real-time data set (Figure 5). The linear regression decoder used up to 800 ms of history coefficients
(same duration as the delay period used for target prediction) and the number of history coefficients
in it was chosen by an exhaustive search and to maximize its accuracy. The average accuracy of the
linear regression decoder was 44 4+ 4%, which is significantly lower than the two-stage BMI or either
of its stages alone (Figure 4A). Comparing the trajectories produced by the BMI to those of the linear
regression decoder we observed that they were smoother. This was the case even in trials in which both
decoders acquired the correct target (Figure 5A) where the average roughness coefficient in the regression
decoder was 3.3 times that of the two-stage BMI.

Second, to determine differences in BMI performance across monkeys and therefore the robustness
of the two-stage BMI to individual variability, we examined differences in performances between the
two monkeys, A and B. For monkey A, the real-time BMI accuracy was 67 + 4%. Comparing to the
second stage alone using only the peri-movement activity, we found that the accuracy of the RW-PPF
on the real-time data set for this monkey was 29 + 1%. Hence, even though the kinematic tuning in this
monkey was weak, the real-time BMI had a relative high accuracy. This showed that the first stage of
the BMI resulted in a correction rate of (67 —29)/(100 — 29) =~ 54% for the inaccurate performance of
the trajectory decoder. The real-time target prediction accuracy of the first stage using only the delay
activity in this monkey was 71 + 1%. Note that because of the weak kinematic tuning in the recorded
neurons in this monkey, the correction happened only by the first stage. The accuracy of the linear
regression decoder on the same real-time data set in this monkey was 45 & 5%, significantly lower than
that of the two-stage BMI using the same neural activity. For monkey B, the real-time BMI accuracy
was 82 + 5%. Comparing to the second stage alone using only the peri-movement activity, we found
that the accuracy of the RW-PPF in this monkey was 76 + 24% and hence the first stage of the BMI
resulted in a correction rate of (82 — 76)/(100 — 76) ~ 25% for the inaccurate trajectory estimation of
the second stage. Comparing to the average real-time target prediction accuracy of the first stage, which
was 73 £ 4%, suggested that the second stage of the BMI in monkey B resulted in a correction rate
of (82 — 73)/(100 — 73) =~ 33% for the target predictions in the first stage. Therefore, in this monkey
both stages exhibited the corrective behavior. The average accuracy of the linear regression decoder on
the same real-time data set in this monkey was 43 + 4%, significantly lower than the two-stage BMI.
Together, these findings suggest that although the performance of one stage in the two-stage BMI may not
be equal across monkeys or recording areas, by combining both target and trajectory related information
the two-stage approach provides a robust computational system that maintains good accuracy under
variable experimental conditions.



Discussion

Based on our understanding of the sensorimotor system [38,39,45-47], natural movement incorporates
information about the intended target as well as the trajectory of the movement. We implemented a
novel real-time BMI designed to mimic the sensorimotor system by a two-stage approach: First the
activity prior to movement initiation is used to predict the intended target, and second this prediction is
combined with the peri-movement spiking activity to estimate the trajectory using an optimal feedback
control design. This, to our knowledge, is the first time that combined estimation of target and trajectory,
and direct point process modeling of the spiking activity have been done in real time. Also, it is the
first time that sensorimotor control principles have been used to decode the intended movement from
ensemble neural recordings.

To combine the decoded target and the peri-movement activity, we took advantage of the optimal
feedback control theory of the sensorimotor system. In this view, each task is performed to accomplish a
goal during which there is sensory feedback about the external state of the system. Specifying an approx-
imate kinematic model, modeling the sensory feedback about the state of the system, and quantifying
the task goals as cost functions and the desired time to accomplish them, we can predict the next plan
of action or control signal by finding the one that minimizes the cost function. For a BMI, the same
framework can be applied to predict the next plan of action. The difference is that the system being
controlled is the BMI as opposed to an individual’s own musculo-skeletal system. Hence the individual’s
next plan of action is reflected in the neural activity that, in turn, controls the BMI. Also, the BMI does
not have knowledge of the desired time to accomplish the goal, which is decided by the controller (the
individual). The present BMI hence resolved this movement duration uncertainty based on the neural
spiking activity in real time. The BMI also processed the spiking activity directly and hence operated at
the millisecond time-scale of the spikes. In addition to its application to interpreting the sensorimotor
function, optimal feedback control has also been deemed valuable for interpreting the neural basis of
movement in the motor cortical areas [50]. This further motivates the use of optimal feedback control
principles for the design of real-time BMIs.

We demonstrated that the two stages in the BMI functioned in a complementary manner. When the
spiking activity for one stage was less informative, the other stage often provided sufficient information
for the BMI to reach the correct target. As a result, the two-stage BMI performed better than either
stage alone. Overall, the estimated trajectories using the two-stage approach were more accurate, had
lower RMS error, and were smoother than the linear regression decoder or a random-walk point-process
decoder. Unlike ‘free-roaming’ motor tasks in which subjects could move freely until reaching a target,
the present task was demanding in that at no point the trajectories could touch the incorrect targets and
then proceed to the correct target. This was considered an incorrect response. In addition the response
time was constrained. Despite this, the monkeys were able to achieve a relatively high accuracy using the
two-stage BMI (77 4+ 9%). This accuracy was obtained by using relatively few neurons (11 on average)
that were tuned to either target or trajectory.

Our BMI used direct point process modeling of the spiking activity. It hence processed the spikes
directly in real time as opposed to a smoothed rate function calculated from these spikes as is done in
previous real-time BMI work. Recent work [51] has demonstrated that reducing the bin width used to
calculate the firing rates of the spiking activity, which are in turn used as input in a BMI, improves
its performance. An interesting question for future investigation in real-time experiments is therefore
whether moving to the time-scale on which the spiking activity is recorded, i.e., processing the spikes
directly, could improve the performance of real-time BMIs.

In the two-stage BMI, one stage compensated for the inaccuracies of the other and vice versa. Since
our model relies on neural activity to estimate the movement, we cannot test directly to what extent
the brain uses these two aspects of motor control to execute a movement. It is interesting to speculate,
however, that similar to findings made in these experiments, the premotor cortex may use information
on intended target location to correct for discrepancies in ongoing movement. Similarly, it may use



information about ongoing movement to fine-tune differences between initially intended target location
and target location during movement itself. Hence, in addition to enabling the design of more accurate
decoding algorithms, the present feedback-control design may provide insight into the control aspects of
the motor function in natural settings. Therefore the two-stage BMI could provide an important and
unique new step in developing neuroprosthetics that take advantage of the multiple types of movement
information.

Materials and Methods

Ethics Statement

This study was performed in strict accordance with the recommendations in the Guide for the Care
and Use of Laboratory Animals of the National Institutes of Health, and under regulation of the Sub-
committee on Research Animal Care at Harvard Medical School. The protocol was approved by the
Institutional Animal Care and Use Committee for Massachusetts General Hospital (animal welfare assur-
ance number: A3596-01). All surgery was performed under inhalational anesthesia in combination with
Ketamine and opiate anaelgesia, and every effort was made to minimize suffering, in accordance with the
recommendations of the Weatherall report, “The use of non-human primates in research”.

Behavioral Task

We used two adult male rhesus monkeys (macaca mulatta) in the study. During the tasks, the animals
were seated in a primate chair (Crist Instrument Co Ltd, Damascus, MD). The primates’ head were
restrained using a head post, and a spout was placed in front of their mouth to deliver juice using an
automated solenoid. A spring-loaded, two-degrees of freedom manipulandum was mounted anterior to
chair on the side contralateral to recording. A computer monitor was placed in front of the animals at
eye level which displayed the task. A NI DAQ card (National Instruments, TX) was used for the I/O
behavioral interface, and the behavioral program was run in Matlab (MathWorks, MA) using custom
made software (www.monkeylogic.net).

Primates performed a center-out visually-instructed motor directional task. The monkeys held the
joystick contralateral to the site of recordings and could move their limb freely in the horizontal and
vertical dimensions during the task. A computer monitor displayed the target locations and a cursor was
used to represent the position of the joystick handle. Each individual trial began with the presentation of
a central fixation point surrounded by four gray circular targets. Once the animals held the cursor within
a central radius for a delay of 500 ms, one of the four randomly selected targets would turn green. After
another 1000 ms, the fixation point would change color (“go” cue), at which time the monkeys could use
the joystick to move the cursor from the center of the screen to the instructed target. Once the cursor
reached the target, the animal received a drop of juice following a 320 ms delay if the correct target was
selected. If during a trial, the animals moved prematurely, failed to reach any target during the allowed
time or touched an incorrect target before reaching the correct target, the trial aborted. Once reward was
delivered, another 1000 ms would lapse, the targets would erase, and the sequence would repeat again.
The animals were required to return the spring-loaded joystick to the center fixation point before a new
trial began.

Neurophysiologic Recordings and BMI Setup

A titanium head post and recording electrodes were surgically implanted in each monkey contralateral to
the side of joystick use. All procedures were performed in an TACUC-approved aseptic primate surgical
facility. Prior to electrode implantation, craniotomies were performed over the sites of interest using
standard stereotactic coordinates. Once the cortex was exposed and the sulcal anatomy identified, several



silicone microelectrode arrays were placed in the cortex (Neuronexus technologies, MI). The electrodes
were secured into place using fibrin glue, silicone sealant, and methylmethacrolate. The distal leads were
then attached to a female connector and secured to the skull with titanium miniplates and dental acrylic.
Anatomic post-mortem confirmation of electrode positioning was performed in one monkey. The second
monkey is still performing behavioral tasks.

Recordings began at two weeks following surgical recovery. A Plexon multichannel acquisition pro-
cessor was used to amplify and band-pass filter the neuronal signals (150 Hz — 8 kHz; Plexon Inc., TX).
Shielded cabling carried the signals from the electrode array to a set of six 16-channel amplifiers. Signals
were then digitized at 40 kHz and processed to extract action potentials in real time by the Plexon work-
station. Classification of the action potential waveforms were accomplished using dual-window discrimi-
nation and principle component analysis. Units with stable, identifiable waveform shapes and adequate
refractory periods determined by autocorrelation were then used for the real-time experiments. Joystick
position was sampled and recorded at 1 kHz. Neuronal data obtained from the Plexon workstation, in
the form of action potential time stamps and channel, were then transmitted to a second PC computer
running Matlab (Mathworks, MA) in real time. On decoder training sessions, the primates would use
the joystick to move a cursor on the screen to one of four randomly selected targets over multiple trials.
On decoder BMI sessions, the monkeys would still be allowed to use the joystick but the cursor image
displayed on the screen would be supplied by the Matlab real-time decoder (Figure 1A). The cursor
was initially placed at the center fixation point at the beginning of each trial. Here, estimated cursor
movements would be relayed through a DAQ I/O (National Instruments, TX) to a third PC computer
running the behavioral task. The computer would then display the estimated cursor position.

Chance Level Accuracy

To find the chance level accuracy, we used the least-squares linear regression decoder to estimate the
trajectory from shuffled neural activity. To do so we shuffled the calculated firing rates for each neuron
across time and trials, keeping its average firing rate the same.

Target Decoding

The BMI decodes the monkeys’ intended target of movement by recording the ensemble spiking activity
during the 800 ms delay interval prior to the “go” cue. Note that the delay between the start of target
presentation and “go” cue is 1000 ms. We do not use the activity in the first 200 ms in the BMI in order
to allow sufficient time for the visual target information to reach the PMd and SMA [16]. Using offline
cross-validation analyses we observed that discarding this activity improves the prediction accuracy.
Spiking activity of each neuron during this delay interval is modeled as a homogeneous Poisson process
(a point process with constant rate) whose firing rate is a function of the intended target, fitted using the
GLM framework. A maximum-likelihood (ML) decoder first calculates the likelihood probability of this
ensemble activity for each possible target, G, and then selects the target with the highest likelihood as its
prediction. Denoting the neural point process observations of the ensemble of C' neurons by Ny, --- N
where Ny = (N}, ---,NC) is the binary spike events of the C' neurons at time ¢, and assuming that
the neurons are conditionally independent given the target, the point process likelihood model for the
ensemble is given by [48]

C
p(Ni|G) = [ (Ae(@)A) e 2@ (1)

where A = 5 ms is the time increment used for binning the spikes and A.(G) is the modeled firing rate
of the cth neuron during the delay period for target G. The ML decoder then predicts the target as the



one maximizing the ensemble likelihood,
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Here T; = 800 ms is the delay period. During the delay period the cursor was held at the center of the
screen.

Kinematic Decoding

In the second stage, the BMI combines the decoded target with the peri-movement ensemble spiking
activity using a recursive Bayesian decoder for goal-directed movements. A recursive Bayesian decoder
in general consists of two probabilistic models: the prior model on the time sequence of kinematic
states, and the observation model relating the neural signal to these states. The prior model should in
general incorporate any prior information available about the kinematic states, which for a goal-directed
movement includes the intended target. We build the prior model of the decoder using an optimal feedback
control design, which takes into account the sensory feedback . To develop the observation model, we
use a point-process model of the spiking activity whose instantaneous rate is a log-linear function of
kinematics. The resulting decoder hence processes the spikes directly in real time and operates at the
millisecond time scale of the spiking activity. In the next few sections we present the prior and observation
models used in the decoder and its recursions.

Prior Model: an Optimal Feedback Control Design

Previous offline work have built goal-directed prior models for reaching movements by conditioning a
linear Gaussian state-space model, also known as a random-walk model, on being at the target at a
known arrival time [40,52] or using a linear feedforward controlled (i.e., not taking into account the sensory
feedback) model again assuming a known arrival time [41]. Alternatively, goal-directed prior models have
been built by using a training data set, for example fitting a linear Gaussian state-space model for a
given target to empirical reaches to its location [44] or fitting a single model for arbitrary targets based
on a data set of reaches to their locations [11]. Since the goal of the decoder is to estimate intended
movement, a prior model that aims to emulate the sensorimotor processing underlying actual motor
control could result in more accurate estimation of movement. Hence we build the prior goal-directed
state-space model for the kinematics based on the optimal feedback control theory of the sensorimotor
system [38,39]. This theory has been successfully used to interpret the sensorimotor function. In this
optimal feedback control framework, each task is performed to accomplish a goal during which there
is sensory feedback about the state of the musculo-skeletal system. Based on the intended goal, the
sensory feedback (for example vision and proprioception) about the current state of the system, and
the desired time to accomplish the goal, the subject (controller) decides on the next plan of action or
control signal (for example muscle activation) and can hence make real-time adjustments based on the
feedback to improve behavior. Specifying an approximate kinematic model and quantifying the task goals
as cost functions and also the sensory feedback, this framework can predict the next plan of action in the
presence of model uncertainty and sensory noise. The difference in applying this framework to natural
movement [38,39] and movement using a BMI is that in the former case the system to be controlled is
the musculo-skeletal system and in the latter, it is the BMI (Figure 1B). While performing the task, the
monkey decides on the next plan of action based on the sensory feedback of the cursor position and the
intended target. Similar to natural movement, in movement using a BMI, the next plan of action is in
turn reflected in the neural activity but this time controls the system or BMI through the decoder (as
we will develop) as opposed to directly controlling the musculo-skeletal system (Figure 1B).
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Motivated by this view, we develop a prior feedback-controlled state-space model for the kinematics
that exploits the information about the target location and models the sensory feedback. Based on this
model, the decoder can predict the monkey’s next plan of action or control signal and consequently
the next kinematic state. Note that our prior model does not rely on a training data set, as is the case
in [11,44], and can therefore easily extend to different target locations without requiring a set of empirical
reaches to these locations. Finally, by using the optimal feedback control formulation, it could generalize
to tasks other than reaching movements, if desired, by simply quantifying the goals of such tasks as the
cost function in this formulation. We now present the construction of this model. We have provided more
algorithmic details about this model in a simulation study [43] assuming knowledge of the target.

Denoting the sequence of kinematic states by Xg,--- ,X;, we assume they are generated according to
the linear dynamical system,

Xt4+1 = AXt + But + Wg. (3)

Here, uy is the control signal at time ¢, which is decided by the controller (the primate in the BMI context),
w; is the zero-mean white Gaussian state noise with covariance matrix W, and A and B are parameters
of the kinematic model. Here we assume that the sensory feedback, y;, is noiseless and y; = x;. This
means that we assume the monkey has perfect sensory feedback of the cursor position on the screen.
To find u; in the control framework, we need to specify a cost function that will then be minimized by
optimizing over u;. The cost function in a given task should quantify its goal. For the above linear
Gaussian dynamics, if we pick the cost function as a quadratic function of the state and control variables,
ie.,

~

—1
J = (x;Qix; + u;Ru,) + x7Qrxr, (4)

t=1

where T is the movement duration, Q; is positive semidefinite and R is positive definite, then the optimal
control signal at any time, uy, is simply a linear feedback of the state at that time [53], i.e.,

u; = —Lt(T)Xt, (5)

where L can be found recursively and offline [53]. This is the well-known linear quadratic Gaussian
(LQG) solution . Substituting (5) in (3) reduces this state-space model to the optimal feedback-controlled
state-space model

Xt+1 — (A — BLt( T))Xt + W, (6)

which can now be used as the prior model to make prediction on the kinematic states. Note that Q;
and R should be appropriately designed for an application of interest and L;(T) is time-varying and a
function of the duration T. Note also that the sensory feedback is incorporated in the control term since
the control term is simply a linear function of the current kinematic state (see (5)), assumed to be known
through the feedback. This is in turn reflected in the prior model in (6).

We can now specialize these to the reaching movements used in our experiments. For a reaching move-
ment the cost function should enforce end-point positional accuracy, stopping condition, and energetic
efficiency [46,47]. Denoting the desired target position by d* and taking the state to be x; = [d, v, a;)’
where the components represent position, velocity and force in the two dimensions respectively, similar
to previous studies [46,47] we take this cost function to be the weighted sum

T-1
J =l dr —d" |* 4w, | vr [ +wa | a7 > +w, > (o | (7)

t=1

where the weights are chosen to penalize the terms in the cost function approximately equally on average
[46,47]. We adapt the following first order lowpass muscle-like system [47] for the dynamical system in
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(3) in each dimension,

] 1A 0 1[d] [0 0
Vil | = 0 — % % Ve |+ 0 uy + 0 (8)
a1 0 0 1-— % at % Wy

where the parameters b = 10 Ns/m, 7 = 0.05 s, and m = 1 kg come from biomechanics [47]. Having
specified the kinematic model and the cost function for the reaching movement, the feedback matrices
L:(T) can now be easily precomputed offline from the recursive solution of LQG [53] and stored for
real-time use. Having these matrices, we can predict the monkey’s next plan of action reflected in the
control signal, u;, using (5). Note that in our two-stage decoder d* is determined from the decoded target
location in the first stage.

Observation Model

We build the observation model for each neuron as a point process whose instantaneous firing rate is a
function of kinematics [48], i.e.,

NE[xe) = (Ne(txe) &) e Aot

We used a modified version of the cosine tuning model [17,20] for the instantaneous firing rate, modeling
it as a log-linear function of position and velocity in the two dimensions [48], i.e.,

Ae(t]x¢) = exp(af + alxy), (9)

where x; denotes these kinematic states at time ¢ and af and . are fitted using the GLM framework [48]
on the peri-movement spiking activity. More specifically, denoting the model parameters for neuron ¢ by
¢, = 0§, o], the GLM framework finds the maximum likelihood estimate

¢c = arg(bmaxp(Nlc:Tt |X13Tt; ¢c>
where N{,p, is the peri-movement spiking activity of the neuron during training and x;.7, are the corre-
sponding kinematic states. Using the GLM framework, P-values can also be obtained for all the model
parameters [48] (for example using the glmfit function in Matlab) and hence the tuning properties of the
neurons can be examined.

We assumed that the spiking activity of the neurons are conditionally independent given the kinematic
states and hence the observation model for the ensemble is given by

C

p(Nelx) = [T e(tix) A)N e~ Aetix)a (10)
c=1

Uncertainty in the Movement Duration

Having the prior and the observation models we can now develop the recursions for the Bayesian decoder.
However, the prior model built in (6) is dependent on the movement duration, T, which is not known
to the decoder. In other words, unlike natural movement in which the monkey (controller) decides on
the movement duration, in movement using a BMI the decoder does not have a priori knowledge of this
duration. This is typically the case for goal-directed state-space models as there is much more constraint
on the movement kinematics close to the arrival time at the target compared to far from it since in the
former case the trajectory soon needs to converge to the intended target. Hence we develop the BMI
decoder to jointly resolve this duration uncertainty and estimate the trajectory purely based on the neural
spiking activity. We first present the recursions of a feedback-controlled point-process filter assuming a
known movement duration and then show how we can resolve the duration uncertainty inherent to the
prior model.
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Feedback-Controlled Point Process Filter (FC-PPF) for a Known Movement
Duration

For now we assume that the movement duration is known. The minimum mean-square error (MMSE)
estimator is given by the mean of the posterior density that is p(x¢Ni., T) for a given duration T.
Denoting the one step prediction mean by x¢¢—1,7 = E(x¢|N1.;—1, T), its covariance matrix by Wy, _1 1,
the MMSE estimate by x;|;, 7, and finally its covariance matrix by Wy, 7, x|, 7 is found from the following
recursions

Xet—1,7 = (A = BLy(T)) X¢—1j¢—1,7 (11)
W17 =(A— BLt(T)) W, 11,7 (A = BLy(T)) + W, (12)
_ 8log)\ t|xt) " [ 0log Ae(t]x;)
1 c
Wiir=Wo -+ Z ( Ix Ac(txe) A
t
. 0% log )\C(t|xt)
—(NE = Ae(t]xp) A) —== 222 13
( t ( |xt) ) 8Xt8X£ ( )
X¢|t—1,T

dlog A (tlx))\' .

Xe)t, T = X¢jt—1,7 T Wy, T Z [(%JM) (Nf = Ae(tlxe)A) (14)
c=1 t Xt|t—1,T
where [.]Xt\t—l ; denotes the evaluation of the expression at xy;_1,7. These recursions are obtained using
(6) for the prediction step and a Gaussian approximation for the update step as previously derived [54].
For the rate model in (9) since mgg’\ = a/, and aaxlog)()‘ = 0 these recursions simplify to
X¢je—1,7 = (A = BL(T))X—1j¢—1,7 (15)
Wt\t—l,T == (A - BLt(T))Wt—l\t—l,T(A - BLt(T)), + Wt (16)
c
Wil =W, 1+ D el A (tlxy—1,7)A (17)
- c
Xtt, T = X¢[t—1,7 T Wt\t,T Z o (N — )\c(t‘xt\tfl,T)A) (18)
c=1

To provide some insight into these recursions, note that in the prediction step given in (15) the feedback-
controlled prior model is used to move the estimate forward. In the update step given in (18) the
estimate is found by making a correction or update to this prediction. Here, Ac(t|xy—1,7)A is the
predicted probability of having a spike in the time interval A and hence the correction is (1- predicted
probability of a spike) if a spike occurs and (0- predicted probability of a spike) if no spike occurs. Hence
if a spike occurs and the predicted probability of a spike is high this correction is small and vice versa.
Therefore the estimate is a combination of the prediction and the correction terms.

Resolving the Duration Uncertainty: Feedback-Controlled Parallel Point Pro-
cess Filter (FC-P-PPF)

The feedback-controlled state-space model in (6) (and many other goal-directed state-space models) is
a function of movement duration, T, not known a priori to the real-time BMI [43,55]. Hence any goal-
directed real-time decoder needs to resolve this duration uncertainty. We introduced a framework to
resolve this duration uncertainty in [43] by discretizing the movement duration, finding the kinematic
estimate for each discretized duration, and then optimally combining these kinematic estimates based
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on the neural data. A similar approach using a discretized set of durations was subsequently used in
a simulation study in [56] to resolve the duration uncertainty of the prior model developed in [40] for
estimation of simulated trajectories. Our framework for resolving the duration uncertainty is based on
mixture modeling, a common approach in statistical inference that is used to estimate a desired density
in different applications. For example, mixture modeling combined with sequential state estimation
in dynamical systems, when the system is operating under different or changing regimes of operation,
has been used as early as in [57]. See also the mixture Kalman filtering work in [58] and references
therein. For decoding the kinematics from neural activity, mixture modeling was first used in [44] and
successfully applied to combine empirically fitted and time-invariant state models for reaching movements
to different targets in an offline study. Here, we use mixture modeling to combine feedback-controlled
prior models of different durations and hence resolve the duration uncertainty inherent to this prior
model. Our framework works by discretizing the duration and finding the likelihood of each of the
discretized duration points jointly with the corresponding trajectory estimate, all purely based on the
neural spiking activity in real time. It then optimally combines the trajectory estimates corresponding
to the discretized durations to get the overall trajectory estimate. The result is the feedback-controlled
parallel point process filter (FC-P-PPF) . Denoting the overall MMSE estimator by x;, it is given by
the mean of the posterior density, which using the law of total probability is expanded as,

J
X¢jt = E(x¢|N1.) = ZP(Tj\Nl:t)Xm,Tj (19)
j=1
where Ty, -+, T, are the J discretization points for T, x|, 7, is the estimate given that the duration is T;

and found from the recursions in (15) to (18), p(T;|N1.) is the likelihood of the corresponding duration
given the peri-movement neural activity, and finally the summation is over all j for which T; > t. The
likelihood of the corresponding duration, p(T;|N1.t), can be computed as derived in our work in [43, 55
and is only a function of the prediction and posterior means and covariances found in (15) to (18) and
the parameters of the observation model. Here we provide the final expressions for readers’ convenience.
These are given by

p(T;IN12) o< p(N1| ) (20)
with
¢ ¢
p(N1|T;) = Hp(Ni|N1:i—17 T) = Hg(Nz‘|Tj) (21)
i=1 i=1

Using a Gaussian approximation to the posterior, the term g(N;| T;) as we derive in [43,55] is given by

W

ili, T, |

N;|T;) =/ ———2— p(N;|x;;;. 7., N1.5-1) X
g( 1‘ ]) |Wi\i—1,Tj|p( z| 4|, T;5 N 1:d 1)
1 / —1
exp [Q(Xz‘u,rj - Xui—LTj) WZ-|1-,1,T_7. (Xz‘\z‘,Tj = Xi)i—1,T; )}

’LlZT|

NS 0. (ilx:1: + A
IO 8)' 0

|Wz|z 1,T; |
1 / —1
X exp *i(xm,rj = X|i~1,T;) Wiioir, (Xifs, 7, — Xili-1,T;) (22)
for j = 1,---,J where all the quantities are known. Note that E;-lep(TﬂNl;t) = 1 and hence we can

compute all the duration likelihoods. Finally, combining in (19), we get the final estimate. Here, we
coarsely discretized the duration of a trial.
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Random-Walk Point Process Filter (RW-PPF)

Setting B = 0 reduces the state-space model in (3) to the random-walk model and consequently the
recursions of FC-PPF with this choice recover the RW-PPF.

Possible Extensions

In our implementation of the BMI, the first stage of the decoder makes a decision about the intended
target. However, instead, the BMI can easily include all targets in the FC-P-PPF but weight them
properly by their corresponding likelihood calculated from the first stage similar to a previous offline
study [44]. In our case, this means including more parallel filters in the FC-P-PPF for the different
targets (and their discretized durations). This will consequently increase the complexity of the decoder.
We chose not to implement this extension since, using offline analysis, we observed that it resulted in
little improvement at the price of four times the complexity. The absence of a significant improvement in
this case was likely a result of the fact that in our experiments the target-related activity during the delay
period was strongly tuned to the targets and that overall the peri-movement activity was not as strongly
tuned to the task. However, in cases where such target-related activity is not strong, this extension
will potentially result in further improvement in the second stage as it allows for its higher weighting
compared to the first stage.

Number of Neurons Required for Accurate Target Prediction

To find the number of neurons that were sufficient to obtain an accurate target prediction during the delay
period, we performed a single neuron analysis in which the spiking activity of a single neuron was used
to decode the target (Figure S1). We then sorted the neurons based on their single-neuron accuracies.
From the sorted set, we selected different number of neurons and performed the decoding analysis for
them. For example the decoding analysis for two neurons was done for the two neurons with the highest
single neuron accuracies. Doing so, we found the target prediction accuracy as a function of the number
of top cells included in the decoding. We found that on average across sessions only 17 + 6% of the
neural ensemble or 3.3 + 1.0 neurons were sufficient to obtain a prediction accuracy higher than 90% of
the ensemble accuracy.

Roughness Coefficient

The roughness coefficient for a sequence is an indicator of how smooth it is [49]. For a sequence dy, - - - , dr,
it is defined as

. Soyo(di — dy—1)?
X (d — d)?

where d denotes the mean of the sequence. It can also be generalized to the vector case by writing
T
r—= Zt:2 ” di —diy ||2
= 2 -
Dimg | di —df?

For a trajectory of duration T this provides a measure of smoothness where smaller coefficients correspond
to smoother trajectories. In this case d; corresponds to the position vector at time ¢ .
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Figure Legends

Figure 1. Experimental task and the optimal feedback control framework. (A) Experimental
task. The experiment consisted of an instructed delay center-out task with four targets. To be rewarded,
the monkey had to acquire the correct target without touching any of the incorrect ones first. After
target presentation, there was 1 s of delay before the “go” cue, signaling that the monkey could begin
moving the joystick. During the training sessions the monkey controlled the position of the cursor using
a joystick. During the BMI sessions the joystick was disconnected and the real-time decoder controlled
the cursor. (B) Optimal feedback control framework. An optimal feedback control framework is used
to model the task. In this framework each task is performed to accomplish a goal during which there is
real-time sensory feedback (for example vision and proprioception), y;, about the state of the system, x;.
Based on the intended goal and the sensory feedback about the state of the system, the brain (controller)
decides on a plan of action, which is reflected in its neural activity, N;, and controls the system. In
natural movement, this is the animal’s own musculo-skeletal system and in movement using a BMI, this
is the BMI.

Figure 2. Offline model comparisons. The bars show mean quantities and the error bars show
the standard deviation around the mean across sessions. All quantities are obtained from the training
sessions using leave-one-out cross-validation. (A) Accuracy of the different models. (B) RMS error of the
different models. (C) Roughness coefficient of the different models. The two-stage decoder (used in the
real-time BMI) outperforms all other models in terms of accuracy, RMS error, and smoothness.

Figure 3. Comparison of the offline trajectory estimates. The green circle shows the instructed
target and the yellow line shows the monkey’s trajectory. The black line shows the trajectory estimate
using the two-stage decoder, the red circle shows the predicted target from the first stage, the blue line
shows the trajectory estimate of RW-PPF (i.e., the second stage of the decoder without using the target
prediction), and the red line shows that of the linear regression decoder. (A) Sample trials in which
both the two-stage decoder and RW-PPF acquire the target correctly. (B) Sample trials in which the
two-stage decoder acquires the target correctly but RW-PPF does not. (C) Sample trials in which the
two-stage decoder acquires the target correctly but the target is predicted incorrectly from the first stage.

Figure 4. Real-time trajectories and the complementary property of the two-stage BMI. (A)
Comparison of the real-time BMI accuracy with the real-time target prediction accuracy from the first
stage and also with the accuracy of RW-PPF (i.e., the second stage without using the target prediction)
and the linear regression decoder obtained using the same real-time data set. The bars show mean quan-
tities and the error bars show the standard deviation around the mean across sessions. The two-stage
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BMI outperforms all other decoders. (B-C) Sample decoded trajectories. In all panels, the green circle
shows the instructed target, the red circle shows the predicted target from the first stage, the black line
shows the trajectory estimate of the two-stage BMI, and the blue line shows that of RW-PPF using only
the peri-movement activity. Sample trials where both the two-stage BMI and RW-PPF correctly acquire
the target are shown in B. The complementary property of the two-stage BMI is illustrated in C and D. C
shows sample trials in which the correct target prediction of the first stage compensates for the inaccurate
estimation of the kinematic decoder in the second stage. D shows sample trials in which the kinematic
decoder in the second stage, using ongoing peri-movement activity, compensates for the incorrect target
prediction of the first stage.

Figure 5. Comparison of the trajectory estimates. The black line shows the trajectory estimate of
the real-time BMI. The blue line shows the trajectory estimate of RW-PPF using only the peri-movement
activity and the red line shows that of a linear regression decoder, both using the same real-time data
set as the BMI. (A) Sample trials in which the linear regression decoder is correct. (B) Sample trials
in which the linear regression decoder is incorrect. Even when both the two-stage and the regression
decoders acquire the correct target, the trajectory estimates of the two-stage BMI are smoother than the
linear regression decoder.

Figure S1. Neuron dropping analysis. (A-D) Activity of a single neuron under the four targets in
one training session. In the top figure, each row corresponds to a different trial and the black dots indicate
the spike times. The bottom figure shows the corresponding firing rate. Activity is aligned to the target
presentation time and vertical dashed lines indicate the target presentation and “go” cue times. The
target prediction accuracy (leave-one-out cross-validation) of this neuron is 65%. (E) Target prediction
accuracy as a function of the number of top neurons. The solid lines show the target prediction accuracy
of six training sessions as a function of the number of neurons included in the prediction. Neurons were
sorted based on their single neuron accuracy. Chance level accuracy is 25%.
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