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prosthesesJ Neurophysiol102: 131591330, 2009. First publishe ; ; At ;
March 18, 2009; doi:10.1152/jn.00097.2009. Neural prostheses airﬁ%get locations simply by activating neural populations tha

provide treatment options for individuals with nervous-system disea@grt'c'pate n ”at“ré?' arm movements. Although encouraging,
or injury. It is necessary, however, to increase the performance of sR¥eN these compelling proof-of-concept, laboratory-based sy$-
systems before they can be clinically viable for patients with moté&ms fall short of exhibiting the level of performance needed
dysfunction. One performance limitation is the presence of correlatba many everyday behaviors and for achieving clinical viabil-
trial-to-trial variability that can cause neural responses to wax aitg.

wane in concert as the subject is, for example, more attentive or morgye previously demonstrated the design and implementatioh

fatigued. If a system does not properly account for this variability, E‘lﬁf a neural prosthetic system based on neural activity from ah
may mistakenly interpret such variability as an entirely differen

intention by the subject. We report here the design and characteri%e-c'[rOde array implanted in F"?rs"?" pr_emOK?f CF’”eX (PMd
tion of factor-analysis (FA)Dbased decoding algorithms that céaanthanam et al. 2006a). Activity in this region is known to
contend with this confound. We characterize the decoders (classip@gjrelate with an upcoming reach endpoint, including both
on experimental data where monkeys performed both a real reach tdilection and extent (Messier and Kalaska 2000). Using thi
and a prosthetic cursor task while we recorded from 96 electrod@$ormation, we demonstrated the ability to predict the sub-
implanted in dorsal premotor cortex. The decoder attempts to infer the-t®s intended reach (e.g., one of eight potential targets) a

underlying factors that comodulate the neuronsO responses and ca| . . .
this information to substantially lower error rates (one of eight rea ¢ifbrmance much higher than previously reported. The im

endpoint predictions) by 75% (e.g.,! 20% total prediction error Provements were achieved by systematically designing th
using traditional independent Poisson models reducddi®e). We Neural analysis epochs and implementing standard max
also examine additional key aspects of these new algorithms: tmeim likelihood estimators (Zhang et al. 1998) based or
effect of neural integration window length on performance, an extesimple Gaussian and Poisson statistical models of neur
sion of the algorithms to use Poisson statistics, and the effect 9fing rate. These models offer ease of computation, ha
training set size on the decoding accuracy of test data. We found tB%ten used in similar studies, and are fairly standard in th

FA-based methods are most effective for integration windovi$0 .
ms, although still advantageous at shorter timescales, that GaussBﬁI-d (e.g., Brockwell et al. 2004; Hatsopoulos et al. 2004

based algorithms performed better than the analogous Poisson-bddgynard et al. 1999; Shenoy et al. 2003). We now revisit
algorithms and that the FA algorithm is robust even with a limitethe choice of these models to further increase prostheti
amount of training data. We propose that FA-based methods @erformance and, perhaps, to gain insight into the modelin
effective in modeling correlated trial-to-trial neural variability ancf neural activity.

can be used to substantially increase overall prosthetic systemReach endpoint is the OsignaIO that we seek to extract frdm
performance. the neural recordings. Other systems attempt to predict conti

uous arm kinematics (see Velliste et al. 2008, among otherg)

INTRODUCTION and, although the techniques presented here can apply to thgse

. ) _systems, we currently restrict ourselves to discrete reach-
Neural prostheses, which are also termed brainBmachine E
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HH oint classibPers. Reach endpoint is a primary infuence gn
brainB computer interfaces (BCls), offer the potential to su b P P y

X . . X X Md activity during the planning of upcoming movements,
stantially increase the quality of life for people suffering fromyihqugh there is also a variety of other factors that modulat
motor disorders, including paralysis and amputation. Su

) ; L S ural observations from experimental trial to trial. For exam
devices translate electrical neural activity from the brain intQa there is evidence that PMd activity can depend on othelr
control signals for guiding paralyzed upper limbs, prosthetifoayioral aspects of movement control, including the type o
arms, and computer cursors. A few research groups have sp (Godschalk et al. 1985), the required accuracy (Gomez pt
demonstrated that monkeys (e.g., Carmena et al. 2003; Mgs-

2000), reach curvature (Hocherman and Wise 1991), reagh
allam et al. 2004; Santhanam et al. 2006a; Serruya et al. 2002; hurchl | 2 f
Taylor et al. 2002; Velliste et al. 2008) and humans (e. aeed (Churchland et al. 2008a), and (to some degree) fore

: ) iehle et al. 1994). Additionally, there can be other types o
Hochberg et al. 2006; Kennedy et al. 2000; Leuthardt et fnobserved inBuences (e.g., attentional states and biophysidal

Address for reprint requests and other correspondence: K. V. Shenoy, %@plklng n0|seO) (CheSte.k et al'. 2.007; Musallam et al. 200 )
CISX, 330 Serra Mall, Stanford University, Stanford, CA 94305-4075 (E-maithat fu_rth_er modulate cortical activity, even when ObS?rVam
shenoy@stanford.edu). behavior is held bxed. These various inffuences may inadv

WwWw.jn.org 0022-3077/09 $8.00 Copyright © 2009 The American Physiological Society 1315



http://jn.physiology.org

Innovative Methodolgy
1316 SANTHANAM ET AL.

tently mask the signal of interest (reach endpoint) and therebyhibit independent variability and no shared variability for a
reduce prediction (decoding) accuracy. particular reach endpoint. The spike counts for each neuron a
Figure 1A provides an example of the trial-to-trial variabilitydifferent on each trial, but there is no inherent correlation
present in the activity of two recorded neurons. On each trigletween the observations with regard to the magnitude d
a subject is randomly presented one of eight reach targets gifhrity of these perturbations. Critically, when modeling neu-
is instructed to make a reach to that target after some delay| data for prosthetic systems, we conventionally make th
Trials were Prst grouped by upcoming reach endpoint and, fpmplifying assumption that all trial-to-trial variability unre-
each neuron, the emitted action potentials (spikes) WeEgeq 1o the decoding task falls into the class of independer]

counted in a Pxed time interval after the endpoint was cuedjgijapility. For classic Gaussian models, this assumption i$

the subject. This overall neural response is the well-knowf, ye 15avoid a problem of too little training data for btting a
Otuning curveO (e.g., Georgopoulos et al. 1982). Note the | covariance rrr:atrix (Maynard et al, 19999). For Poissgon

variability in spike counts within each endpointOs set of tria, oPdeIs’ there is no standard multivariate generalization.

which results in overlap between the ranges of spike counts . :
reach endpoint. The challenge for any prediction algorithm tg In contrast, Fig. C shows simulated data from two neurons
i

to avoid mistaking these variations as being the signature for ﬁt exhibit shared variability and independent variability. The
entirely different reach endpoint.

Consider now the neural response when reaching to a sin
reach endpoint. It is useful to frame this variability as fallin
into two classes: OindependentOGstthredO variability, across th
neural population. Independent variability caame from many : : .
sources. Electrophysiologists are perhaps most familiar Wﬁﬁd fgﬁtu or:)ri]s stlrg\ll\tls a?/'ggtlé fihw: '}j\%gg ;{ga,zpugv?rﬁgeh :L\J/ rhoer
channel noise in the spiking process (i.e., spiking noise). Ot ar ge, '

sources include variability in active dendritic integration, sy —?/'gsugm O?]'ﬁerrggcgng]e polrzrltgrt?;nsd gag”'gﬂﬁr;éﬁgmé?ni
aptic failure, general quantal (in the vesicle sense) rele 9 P prop 9. N

L . DN . . ) . Linking the h hetical f r in this exampl
variation, and axonal failure in incoming spikes (Faisal et a. 6a) g the hypothetical facto this example to a
2008). Figure B shows simulated data for two neurons tha ehavioral feature like reach speed helps build intuition on hov

-9 correlations can arise in the neural observations. However, it i
! Exact specibcs of our experimental setup are providedtimopsand are  Important to r_e_ahze that shared Va”ab'“t)_’ can also arise from
not essential for this overview. internal cognitive states, such as attention or motivation, o

dergoing modulation across trials for the same reach end
oint (blue points correspond to fast reaches and red dots
low reaches). In this construction, when the speed is great
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FIG. 1. A: schematic of experimental task where subject reaches to one of 8 reach endpoints. Data from 2 real neurons are shown where action potent|
counted over a 200-ms window after target presentation for each experimental trial. Trials were segregated by reach endpoint and a box plotedas g
denoting the median spike count (white circles with black dots), the 25th to 75th percentiles of the spike counts (blue rectangles), and th&eamgtéisrsf t
(thin OwhiskersO) for each endpoBitsimulation of 2 neurons whose trial-to-trial spike counts were perturbed independent of one aBosivaulation of 2
neurons whose spike counts were primarily perturbed by a shared hidden factorsgde& he diagonal orientation relative to the main axes is a telltale sign
of a correlated relationship between these 2 neurons.
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set shows a hypothetical factor, such as intended reach spegd,

an average, neuron 1 emits slightly more spikes than average
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even by-products of the neural circuitry, such as shared inplasge amounts of training data from disabled clinical patients
(Kulkarni and Paninski 2007). Regardless of the source, de-s fruitful to understand how well these new algorithms
coding algorithms can potentially benebt from modeling thjgerform as the training size is varied across real-world ranges.
shared variability. The algorithm could systematically ignoré/e investigate this question to better qualify the robustness ¢
shared variability, ideally resulting in better decoding perfothe multitarget FA algorithm.
mance.

In reality, we do not have direct access to the inset in FigLeTHoD S
1C: many different uncontrollable factors can be involved an .
many of them are simply unobservable (e.g., cognitive atteH€!@yed-reach task and neural recordings
tiveness to the task). We cannexplicitly model the factors  we trained two rhesus monkeys (G and H) to perform a standar
that inBuence the neural observations. We instead attempiriiructed-delay center-out reaching task (e.g., Cisek and KalasKa
infer a set of shared underlying factors for each trial, alorigf04), while recording neural activity in the arm representation are
with the mapping between these factors and the observed datanonkey PMd. Animal protocols were approved by the Stanford
By Omapping,® we mean the precise polarity and magnitudéJB ersity Institutional Animal Care and Use Committee. Hand and
which a factor perturbs the response of a particular neurdy€ Positions were tracked optically (Polaris, Northern Digital, Wa-
Such a mapping debnes the regular relationships betweent?rﬁ)é’o’ Ontario, Canada; Iscan, Burlington, MA). Stimuli were back-

{
b d d fact idi projected onto a frontoparallel screen 30 cm from the monkey. A
observed neurons and some common factors, providindgdy ., in Fig. 2, real-reach trials began when the monkey touched

model of how the spike counts of a population of neurons afgntral yellow square and Pxated his eyes on a magenta crods.
expected to covary. Following a touch hold time (2000400 ms), a visual reach targe|

We are motivated to pursue such a solution given thgpeared on the screen. After a randomized (20091,000 ms) del
observation that the mean neural response associated wihod, a OgoO cue (central touch and bxation cues were extinguis
planning to a given reach location modulates during a highnd the reach target was slightly enlarged) indicated that a rea
speed sequence of target presentations (Kalmar et al. 20(§Bﬂu|d be made to th_e target. As previously mentioned, neqral activi
Initial studies showed that performing a Otrial-by-mean® né¢ling the delay period (time from target appearance until the Og
malization approach (that simply divides the response rate ) refects, among other variables, the endpoint of the upcomi

(Churchland et al. 2006a; Messier and Kalaska 2000). This ta
each neuron by the mean response rate across all meas{jred *° " ©" = Odelayed-reachO task.

neurons on that t.r'.al) appreciably improved performance (G'IlaEye pxation was enforced throughout the delay period to control fo
et al. 2005). Additionally, any attempts to better model neurg)e nosition-modulated activity in PMd (Batista et al. 2007: Cisek an
activity can potentially lead to insights into the neural codgalaska 2002). This bxation requirement is appropriate in a clinica
although we do not directly explore this topic here. setting if targets are near-foveal or imagined as in a virtual keyboar
We brst brieRy survey maximume-likelihood techniques fasetup. The hand was also not allowed to move until the go cue w.
developing reach-endpoint classibers and we then substiteresented, providing a proxy for the cortical function of a paralyze
conventional neural models with a Factor Analysis (FA)ngject. Subsequent to a brief reac_tic_)n time, the reach was execut
based model. Discovery of the underlying factors and théfie targetwas held (200 ms), and a juice reward was delivered along
corresponding mappings to the observed data s the fundamBlif 57 Bry 2rC o0 IEUE Bt o e conbaur
ta}I objective of FA. (Everitt 1984). The FA—based model prot'ions (2, 4, 8, or 16 targets), but for simplicity we restrict ourselves
vides the foundation for a better endpoint classiber for OHEre to the 8-target conbgurations. We collected between 75 and 1
reach-task data set. Next, we extend the relevant models,{@pje trials per reach endpoint (behavior condition) in a given dath
handle multitarget data to build an even higher-performangg:. we also collected a small number of data sets W200 usable
classiber. The performance achieved by these new methodgiass per condition.
compared with the classic Gaussian and Poisson maximum©ur monkeys were well trained before we collected the data fron
likelihood approaches used in our previous work (Santhandhis conventional delayed-reach task. Therefore their behavior was
et al. 2006a). highly stereotyped and the trial-to-trial variability present in the neural

We also explore three central issues associated with stigpPonses may not be representative of real-life applications. Forty-
tely we had access to data sets that were not as stereotyped by virfjue

vrci(r)l?i?)lvsvl SlizzlreSt(’i éN ethlgotlfmaet ot\?eer \Ilcr?iL(j:ﬁnr?eeur(?afl (Elrla?anaergrg:)r?s??? having the following characteristic: interspersed within the de-
o ed-reach trials, we introduced several high-speed reach-target pre-
I

ered for the classibcation training and predlqtlon) on t ntations (dubbed prosthetic cursor trials). For these trials, an initia
efbcacy of our new FA methods. As the data window size jgget was presented and displayed for a predetermined time, withjn
reduced, our ability to identify shared underlying factors mayhout 2009500 ms depending on the particular data set. The usual go
be reduced. As such, it is important to quantify whether the Féve was theromitted after this time period and another target was
methods provide as much improvement for short data windowisnost immediately presented thereaftérle ms). Several rapid
(25b75 ms) as they do for moderate window lengths (150 D28@s were sequenced until the go cue was eventually shown, instruct-
ms). Second, a natural question is whether it is possible to g#lé the animal to follow through with a real reach. Since the monkey
even more performance by extending the FA model to udigl not know whether a particular trial will end in a reach, he naturally
Poisson statistics (instead of the Gaussian statistics in standd@jned a reach to leach of the pr e.seﬂted ta_rgets.f H '
FA), especially given that our neural recordings are comprisgﬁlr Is experimental setup was originally designed for the purposes g

previous study (Santhanam et al. 2006a). We later observed that

of low-mean count data. We examine this question by teCthe neural responses modulate depending on how many high-spegd

cally modifying our FA models to support Poisson statistics irget presentations are presented in a row (Kalmar et al. 2005) and
a manner similar to the work of Yu et al. (2006), which in turhis variability degraded our ability to decode the subjectOs intenddd
drew inspiration from Smith and Brown (2003) and Brown e%ach endpoint. These data sets are ideal candidates for applying dur
al. (1998). Finally, because it may not be possible to retrieVé-based decoding algorithms since they show a reduction in decod-
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FIG. 2. Behavioral taskA: depiction of the standard instructed-delay reach tBaéxample of 5 consecutive trials in our prosthetic cursor data set. lllustratio
was adapted from Santhanam et al. (2006a) (with prosthetic cursor omitted for clarity). The break between the 3rd and 4th trials constitutiesd iateirvzirt

(500D1,200 ms) that occurs after real reaches, providing time for the monkey to receive his juice reward and return his hand to the center obtsdcree

a subsequent trial. The illustrations show the monkeyOs arm state relative to the visual stimuli. The colored timeline below depicts theemdbaacttagal:

gray corresponding to the initial period of a trial before the target is shown, orange corresponding to the delay period, and green correspetidiegatibeth

the go cue. The hand (H) and eye (E) positions are graphed throughout all 5 trials, with blue and red lines showing the horizontal and verticascoorg
respectively. Full range of scale for these dat&iE5 cm from the center touch cue. Trials were from experiment H20041106.4.

ing performance due to unaccounted factors. We also shuf3e the trial5or all of the data analyses, the window for counting neural spikes
within the day to ensure that the training data set is chésen the known commonly as the Ointegration windoW(},) started 150 ms
entire data set, as opposed to only some initial set of trials, becaaster target presentation (i.&, # 150 ms). We varied,,, within
we presume the subjectOs attention and motivation tend to steaairange of 25 to 250 ms depending on the particular analysis bein
decline throughout the experimental session (Chestek et al. 20Q¥9rformed. For each trial, all spiking activity from a particular neural
The shufRing is especially appropriate since the attentional anodit that fell within this interval was aggregated to produce a singlg
motivational states of a human subject during clinical usage wahike count per neuron per trial. Table 1 provides a perspective as
surely be more unpredictable than our own highly controllethe number of units that were available after the unit screening
laboratory setup. procedures. There are naturally far fewer units available when cor
A 96-channel silicon electrode array (Cyberkinetics, Foxboroughidering very briefT,,, periodsNsome units are tuned for the reach
MA) was implanted in PMd in the right hemisphere for monkey G angindpoint only later into the delay period and, consequently, do no

left hemisphere for monkey H, contralateral to the reaching ar@ass the ANOVA tuning test. Since our recordings were performed

Photographs depicting the anatomical placement of the array aMdh low-impedance !( 100250 &) electrode arrays, there were
details of the methods by which we discriminated and screened spit@niPcantly more multineuron units than single-neuron units avail

waveforms have been published previously (Santhanam et al. 20083, . . . ; .
cf. SupplementalieTHops). As in the past, we applied the ANOVA consistent with our previous studies (25D35 single-neuron and 60D

tuning test, meaning that a single- or multineuron unit was included fultineuron units for the 100-ms integration window). Furthermore,
our analyses only if its activity was signibcantly modulated by rea@{though the multineuron units were not always of the most pristing
endpoint during the delay period. This was done for data sets fréfality as they may have been if recorded from high-impedahde (
both monkey G and monkey H for consistency. Similar unit screenin . . .
procedures have been performed by others (e.g., Musallam etTgﬁLE 1. Typical number of units tuned for reach endpoint for
2004) and we use our scheme across all algorithms té3t¢elalso four example data sets

removed all units that showed no modulation for amye reach
endpoint in the set of training trials. This was to prevent certainData Set Number of Units for Given Plan Peridg,
degeneracies in the btting of the FA models. There were only a few

units (5D15 units and 10% of tuned units) removed for this reason, 25 ms 50 ms 100 ms 200 ms
G20040428 74 99 117 138
2We use the same screening procedure when comparing performancé&20040429 99 126 136 172
classic Gaussian, classic Poisson, and FA-based algorithms, even though 28040916 56 87 125 158
that do not pass the ANOVA test may potentially capture information abohi20040928 60 93 127 156

other behavioral or cognitive factors. These units could provide further benept
for the FA-based algorithms, but we forgo that possibility so that all algorithms The Prst letter in each data set designates the monkey (monkey G or monk
use exactly the same data. H) and the subsequent digits denote the calendar date of the particular data §
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=N

M$) single electrodes, these units were included as long as theighin the neural integration window. These counts were assemble
passed the tuning test. into ag-dimensional vectoy, whereq is the number of neural units.
The intended reach was decoded from this vector by bnding th

most probable targe$ using a probabilistic model linking neural

1%

Overview of the decoding process activity and reach targets. Symbolically
The goal was to develop a system that is able to predict the reach 8" argmaxP&!y’ (1)
target given only the neural data recorded from the implanted elec- s

trode array. The general approach is as follows. First, we exploit the

relationship between the neural activity and the reach endpoint; ag/ldere P(s!y) represents the probability of the reach target being
simple example, a neuron may be active for reaches to leftwagilen the observed neural dataBayesO rule can be used to expres
endpoints and inactive for reaches to rightward endpoints. AdditioRg. 1in terms of the neural mod&(y ! s), which is the probability of
ally, the precise activity can be variable on any given trial due togbserving the current set of spike couptom the electrode array if
number of ancillary factors, such as behavioral correlates, attentiorti@ upcoming reach endpoint is indes:tbgether with the distribution
the task, and spiking noise. We model this relationship between neusgteach targets used in the experim@() and the total distribution
spiking and reach endpoint, encompassing the non-endpoint-relag¢@pike count vector®(y)
variability, using a probabilistic framework.

An initial set of OtrainingO trials is collected from which both the P& s P&
neural activity and reach endpoint are used to identify the parameters 5" argmax Py’ @)
of the probabilistic model. The model debnes how likely it is to
observe a specibc set of neural activity given a selected reach . . S .
endpoint. Traditionally, this model has been Gaussian (usually Wﬁea_ch reach target is used with equal probability in the experiment
no covariance) or Poisson; here we introduce a new type of ¢ S) Is constant. ynder these (.:ondlthns., thg maost p.robable target in
strained correlated Gaussian based on FA. Finally, we decode l’tﬂgl_ls that_forwhlch the_a_ssomated distribution of spike-count vectors
reach target for each OtestO trial by choosing the most probable ta%%f’ns highest probability to the counts observed
given the observed neural data. During this prosthetic decoding phase, -
the system is blind to the Pnal reach target and must predict it from ® argsmaxP&z s ®)
neural activity (and the btted neural model) alone. Decoding error is

computed as the percentage of test trials for which the predicted rea¢ly g ccess of the decoder clearly depends on the selection of a go

endpoint did not match the actual reach endpoint. In our experimenig, je| p(y 1 5) for the spike counts associated with each reach targef,
we reserved approximately half the trials recorded for reaches to eac

target to serve as test data. ) i
Figure 3 provides a high-level overview of the decoding processtandard Gaussian and Poisson models

The top panel shows the training procedure and the bottom pan I .
shows the decoding procedure. In the following text, we start ell'he most commonly used probabilistic models for spike counts arg

describing the decoding procedureNthis process is agnostic to t gléSSltar} arlcéggmsson.hFor me ?rﬁuss_lan d|stt;]|but|c:_n, T"m"ar to May
neural models chosen for the decoding algorithm. Then, we cover fifFd et al ( ), we have the following mathematical expression
probabilistic neural models that can be plugged into the decoding

[&uou papeowmoﬁ
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1
procedure. P& !s" I &;! RJ" @# T IR
. . . 1]
1
Reach endpoint classibcation exp ( Egy$ %R & %.#(4)

We used a standard maximum a posteriori (MAP) decoding (Zhang
et al. 1998) to infer the subjectOs intended reach endpoint givenwihere, againy is the vector of spike counts for a single trial, is a
neural data. Tak&to be the total number of reach targeSs#( 8 for g-dimensional mean vector, alkdis aq* qcovariance matrixt-ere,
our eight-target data sets) aatb be an index corresponding to reachand throughout, we use the notatiyfor A transpose. The parametérs
endpoint;s can take the valuesl, ..., S. For each experimental andR, are ptted to the mean and variance of the training dateefzh
trial, we counted the number of spikes observed from each neural wridpoints. Here,! ¢ is the mean of the distribution associated with

A

Neural data {y, ..y}

Fit Neural Model
P(yls)

Probability of observing

neural data for a given

Reach targets {s,..5}

Training trials {1...N} reach target FiG. 3. Pictorial overview of the decoding pro-

cess with details provided imeTHODs. A: training
Touch hold Delay period stage where the neural spiking data are used in
conjunction with the known reach endpoints to bt a

B probabilistic model of neural dat8: classiPcation
(Bayes'Rule)  P(s|y) stage where the most probable reach endpoint is

P(y | S)P(s) selected using the recorded neural data.
P(sly) = “Ry) i

12345678 °
Decoding success if most probable
target matches presented target

Touch hold Delay period
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targets. If there were no inBuence of other behavioral correlategjould require an impractically large number of trials. Instead, we
internal cognitive correlates, spiking noise, or other perturbations, titigopose to use a parameterized form of covariance matrix, which
would give the number of spikes that each neuron would reliabiyiodels correlations in a limited number of principal directions. The
produce when the subject reached to that target. Rijmaatrix allows form we use derives from a standard statistical technique called Factr
for the observed spike counts to be perturbed ftqon a trial-to-trial  Analysis, or FA, where shared variance between observed quantitigs
basis, where large perturbations from the mean are considered Essmodeled as a linear function of unobserved factors.
probable. For our prosthetic system, the observed variables are the neurp

In practice it is difpcult to PR, as a full covariance matrix; there spiking data that we record from the electrode array. The underlyincI

are too many elements in the matrix and too few training trials. Thiactors represent the physical, cognitive, or cortical-network states df
leads to the risk of overptting the training data and thereby reducitige subject that are uncontrolled or effectively uncontrollable. We cal
decoding performance for the test data. It is convenient to constraise the larger number of observed variables to help triangulate th
the covariance matrixRy) to be diagonal to avoid this problem. A smaller number of unobserved factors in the system. FA is a well
diagonal covariance matrix can model only independent variation éstablished technique of multivariate statistics (e.g., Everitt 1984
the spike counts of different cells. This is a clear limitation of suchRoweis and Ghahramani 1999). It is a popular tool in the socia
Gaussian model. Note that Maynard et al. (1999) bt a full covarianseiences (Brown 2006) and epidemiology research (e.g., Shmulewi
matrix for one of their analyses and they were able to gain perfaet al. 2001). We recapitulate the method here in the context of ou
mance improvements in a classibcation task similar to ours. Howeversthetic decoding application.
their data set contained many fewer neurons (10 s vs. 100 s) and alsBor each experimental trial, as before, we collected the (square ropt
used a substantially larger integration window (600 vs. as little as 86 the) number of spikes observed from each neural unit within the
ms). The approach of btting a full covariance matrix would not beeural integration window into the vectgr We also consider an
effective for our data sets. One approach to avoiding overbtting migitistract set of underlying factors (also known as Olatent dimensions{)
be OregularizationO (e.g., Hastie et al. 2003), in which a penalty tevhich are assembled into a vecter This vector lies within a
is introduced (sometimes interpreted as a prior distribution) to prevéawer-dimensionap-dimensional space; in other words, there are a
extreme excursions in the parameter value. An alternative in this cas&l of p underlying factors. We take these factors to be Gaussiaf
would be to parameterize the covariance matrix, reducing the effectuistributed, independent, and of unit variance around 0 (in fact
number of degrees of freedom that need to be Pt. It is this secasbuming any other nondegenerate Gaussian distribution would yie
approach that we explore later in this section. the same probabilistic model). The observatjois also taken to be

Another common approach for modeling the spike counts of neGaussian distributed, but with a mean that depends on the hiddg
rons is to bt the data to a Poisson distribution (Dayan and Abbddictorsx. The complete model is as follows
2001). The probability function can be expressed as

@

N

umoq

P&'" | &;0,I' (7)
P& Is " §p&!§ (5) P& !x,s" ! & . Cx R ®)

( Eggiry AsinEq. 4 !  contains the number of spikes that each neuron would
P&/ 1s " € &95 6) produce for endpoins, if there was only endpoint-related variability
y'! in the system, an®, is a diagonal matrix that captures the indepen
. . . . ~ dent variability present ily from trial to trial. However, there is now
wherey' is the spike count for neural uriiin a single trial and€ is  an additional mechanism by which trial-to-trial variability can emerge
the mean spike count btted to the training data for reach direstionn the neural observations: specibcally, the neural data vactsr
By Construction, a” trial-to-trial Varlabl“ty iS independent, and th?)erturbed by a linear function of the underlying factors. The mﬂgx
moqlel cannot account fqr correlations between neural observation§.aq * p-dimensional matrix that provides the Omapping® betwed
_ Simple veribcations with our data sets conbrmed that both Gaugfs factors and the observations. Given that the underlying factors a
ian and Poisson models are reasonable bts. Historically, Poiss@fared between the observed neural units, there is a predepn
based algorithms have been found to perform better than Gaussiggirelation structure between the neural units built into the model

based ones for decoding applications (Brockwell et al. 2004; Hats@tegrating over all possibbe, we can obtain the likelihood of the data
poulos et al. 2004; Santhanam et al. 2006a). Our output variables @@y 3 reach endpoing

the spike counts from the recorded neurons and these counts are by
construction nonnegative integers. The spike counts can be relatively P& !s" I &;!,CL) RS 9)
low in some cases (e.g., fewer than bve spikes) and are conventionally
considered to be better bt to a Poisson distribution. One might suspedtquations 7and8 are in fact the same form used for a probabilistic
that the data are not well suited for a Gaussian distribution, especidiyncipal component analysis (PCA) model (or rather, sPCB&tan-
since a Gaussian distribution has nonzero probability density faard PCA will be familiar to readers as a simple tool used to bnd thg
noninteger numbers, as well as negative numbers. However, a sin@[&jmensions that matterO (or rather, the dimensions of greatest v3
solution of preprocessing the neural spike counts via a square-r8pge) within a multidimensional data set. Similarly, the neural mode
transform can make the data a better bt for a Gaussian distributi#scribed byEgs. 7and8 attempts to capture the underlying factors
(Thacker and Bromiley 2001). We use this square-root transfoifiat most heavily inBuence the trial-to-trial shared variability in the
whenever using Gaussian-based decoding algorithms in this studyieural observations. Both sPCA and FA can be viewed as effectiv|
ways to parameterize a full covariance matrix for the high-dimen-
. ) sional observationg. Indeed,Eqg. 9implies that the covariance gf
Factor-analysis modeling is CC)+ R, for a reach endpoirg The brst term in the covariance,
CC), captures thehared(or Ocommon-modeO) variability across the
MODELING SHARED VARIABILITY. The diagonal Gaussian and Pois-

son models are constrained to treat all trial-to-trial variation 953 The OsensibleO principal component analysis (SPCA) model is a probabi
|ndependent betwegn Ce”,s' ,A model that' CO“"?' Successfully captyjrg. approach to PCA and yields the same mapping between latent states apd
spike-count correlations within the population might well yield a morgpservations as that of conventional PCA. Roweis (1998) provides on
accurate decoding algorithm. We argued earlier that to bt a Gaussi@fihematical demonstration of this. This algorithm is also known as probabi
model with a full covariance matrix to a large population of cellgistic PCA (pPCA) (Tipping and Bishop 1999).
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neural population. The second terR,, captures the remaining all of the original training set was used for validation. A series of
unexplained variability, which is assumed to inelependenticross models, each with a different number of underlying factarsvere
neurons. It includes biophysical spiking noise and other nonshanedted using this cross-validation method. Titewas selected by
sources of variability. (We brieRy discuss the reason for choosing Fdentifying the model with the lowest decoding error. The perfor-
over sPCA in thexpPENDIX.) mance of this one model was then assessed on the test data, |to

MODEL FITTING.  The model®s parameters, (C, R, for each endpoint compare the cl.alssibcation performanqe of the optimal FA modeg]
9) are bt by maximum likelihood using the collection of observed neur@@ainst the traditional Gaussian and Poisson models.
data §) and the bnal reach endpoig} &cross all trials in the training data
set. . .

Although P(y !'s) is GaussianKqg. 9, the parametric form of the Multitarget extension

covariance makes direct calculation of the maximum-likelihood pa- The E h deli h ltiunit d d ibed b
rameters difbcult. However, they can be found using a standard! "€ FAsep @pproach to modeling the multiunit data described by

algorithm for models that include unobserved variables (here, thdS: 7and8 is a straightforward extension to the standard Gaussiai
factors x), called expectationDmaximization (EM) (Dempster et ahodel ofEq. 4 However, one might intuit that reach endpoint could
1977). The algorithm is iterative and is run until convergence fimMply be another factor (or set of factors) included in the vexfor
reached. The exact btting procedures for FA are fully describ&her than being treated separately in the output space &g.i8
elsewhere (Ghahramani and Hinton 1997; Roweis and GhahramAfgio, the FA,, model has the disadvantage of requiring a large
1999) and are omitted here for the sake of brevity. number of parameters. There is a sepatatandR, matrix per reach
endpointNif there are 100 neural units, 8 targets, and 2 factors, th{
Spproach will require the btting of 1608* (2+ 1+ 1) parameters,
where the terms in the sum correspond to the contributions ffgm

CLASSIFICATION. When decoding test trials, we can use the max
mume-likelihood estimator previously described (EQ. 3

§" argmaxP& !'s R, and! ;. The number of training data scales with the number of g
s neural units and targets, so in effect there are four parameters to lea r§

. for each unit and reach endpoint; that is, if there were 60 training trial$ ©
AN ey R per reach endpoint, we would have about 15 individual data measurv-f%’

° ° ments per parameter that needed to be estimated. e

" As such, we developed a second, novel approach to FA that share®

exp$-&$ ! H&CL) RS ! s'# (10) the same output mapping between target locations and incorporat 3§_

2 the separation of reach endpoint through the shared latent space. W_g

whereEq. 10follows directly fromEqg. 9 We refer to this approach formalize this model as follows %
as FA,since there is a separa and R, per reach targes.* To =
reiterate, the FA model provides a method by which we can approx- P&!s" | &;! T (12) S
imate the covariance structure of our observed variables without :
btting a full covariance matrix. Once we have bt the model, the P& !x " | & Cx,, R’ (12) S
decoding procedure does not rely on bnding the underlying factor B e]
vector ), but rather operates solely with the distributiB(y ! s). where ! ; is now ap-dimensional vector that describes the reach-| »
«Q

MODEL SELECTION. One open question is how to selegt the endpoint inBuence on the neural data within tbeer-dimensional

number of underlying factors. With too many factors in the model, tfPace The C matrix is shared across reach endpoints, thereby unify
model parameters will be bt to any idiosyncratic correlation structut the effect of endpoint-related and non-endpoint-related factors op
in the training data and these features may not appear in the test da@4lral data. For each trial, the endpoint-related effect on the neurg
If pis too small (i.e., too few factors), the model will be unable t@bservations i€! ., whereas the non-endpoint-related factors perturh
capture all underlying correlation present in the training data. Oflge observations byC(x ( ! ). As before,R is diagonal and
must ensure that the model is not OoverbtO to the training data andd@geribes the independent variability. We refer to this model a
it instead generalizes well farew (test) data. The choosing of theFA.,,, since the output mapping is OcombinedO across rea¢h
optimal p, or p*, is part of the process of Omodel selection.O It fargets. We modibed the standard FA model-btting procedure tp
important to keep in mind that the underlying factors identibed faccount for the new form of FA,,, An outline of the derivation is
each model are abstract. The factors constitute a vehicle by which gt@vided in theappenDIX.

are able to describe shared variabilityNthe exact number of factorsFigure 4 shows an example of how these unibed factors might
selected does not necessarily have physical signipcance. The megighifest themselves over many tridl§here are three abstract factors
selection procedure is a simple, necessary step to ensure that a mggglcapture both endpoint and non-endpoint-related inBuences on the
Pt with the training trials will perform well when decoding the tesha rg datay (which is not shown and is much higher dimensional).

data. N . . Each colored cloud of points corresponds to a different reach eng
We used the standard approach of partitioning data into training nt, with trials to a given endpoint clustered next to one another

validation sets, to bPnd the valuebeyond which overbtting became . 3 : : o
a problem (Hastie et al. 2003). As mentioned earlier, each data set v’\\/lecl)st? that even in this three-dimensional instantiation of,k\there

split approximately into two equal halves, one to serve as a training gsetws_lble sep_ara_tlo_n between the CIOUd.S' suggesting that it will bg
and the other as a test set. The trials in the training set were furtl‘?&ss'ble to dlscrlmlna_lte b?tw¢e” _endpomts_. S
divided to perform a Pvefold or tenfold cross-validation. For example,Although such a visualization is helpful in building intuition, to
in Pvefold cross-validation, roughly four bfths of the training triald€c0de the reach endpoint for test trials, we expiess 11and12 as
would be used to train the FA model and one bfth to validate thgY !'S) and use the same maximum-likelihood techniques fEam3

prediction error of the model. This would be repeated pve times until

‘zisn

600¢

“Note that the overall model for is very similar to the Omixture of factor 5We bx the number of factors in this example to be three to allow for
analyzersO proposed by Ghahramani and Hinton (1997), except thgt FBonvenient plotting of the data; ordinarily the number of factpjswould be
allows for a separate covarianBe per mixture component. optimized using the model selection procedure described earlier.
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P

One strategy is to replace the Gaussian observational model of F
with a point-process or Poisson likelihood model (Smith and Brown
2003; Yu et al. 2006). Taking this approach, the model can be writtef
as follows

x%! &,1' (15)

Y Ix,s%Poisson®&.!x"' d, fori(l,...,9 (16)

As before,x represents the abstract underlying factors. The exact
mapping from factors to observations follows from a linear transfor-
mation onx using thep-dimensional scaling vectar and the scalar
offsetd'. This provides a proxy for the instantaneous bring rate for thg

\////012 neural observationg, wherei indexes the particular neural unit of
-5 -2

0 5 -4 . interest. The constant is the nonnegative time-bin width. The
X 2 function h ensures that the mean bring rate argument to the Poissd
! distribution is nonnegative. This particular instantiation is referred to

FIG. 4. Visualization of a combined FA model (Eﬁb) with a 3-dimen as FAF)Qe since there is a Separafwndd' for each reach targst
sional latent space. Each point corresponds to the inferifed a given trial. The Poigson distributionNanng with the nonlinear mapping func-

Axis scaling is determined by the btted model. The coloring of the data poi N : : . h
denotes the upcoming reach target. Clusters correspond to different reqr f hNmakes an analytic solution to the EM algorithm intractable.

endpoints. Analysis performed on data set G20040428. ? us we must use approximations when performing the_EM algo
rithm; we refer to previous work that uses the same techniques to Bt

=]

such functional forms (Yu et al. 2006, 2007). To bnd the mosf

8" argsmaxP&/!s' 13 probable reach endpoint, we must comp&g !s) and apply the
maximume-likelihood formula oEq. 3 In general form, the formula-
tion is

., 1
AN oy R 2

8" argmaxP& !s " argmax&r!x,sP&:'dx @an

X

I
exp ( }83'33 C! H&ce)' RS C! ;#(14)
2 An analogous model to FA,, can be formulated and is dubbed

The number of parameters in this model for 100 neural units,FSA‘FJocmb

targets, and 16 latent dimensi8iis 100* (16+ 1)+ 8* 16, where

the second term corresponds to the parameters arising from the

latent-space mearis,. This yields about two parameters per unit per y 1x, % Poisson®&'1x," d';  fori(,....q (19)

target. That is, if there are 60 training trials per reach endpoint, there " " ' U

are now on average roughly 30 individual data measurements av&ince these Poisson models are not the central thrust of this work, w

able to estimate each parameter. For interested readers, we gd$er the reader to the full derivation of FARQ), available in an

provide a brief discussion of signal-dependent variability in then-line Technical Report (Santhanam et al. 2006b).
context of FA,and FA,, in the ApPENDIX.

X, !1s%! & T (18)

. - RESULTS
Poisson likelihood model

600z ‘Z 1snBnY uo Bio ABojoisAyd-ul woJ} papeojumoq

Earlier, we discussed how traditional Poisson-based models canl\{l)gdel selection

more effective than G_aussian-based models of cortical neura! dataWe prst choose the number of abstract factpystfat will
(i.e.,Eq. 6vs. Eq. 4. Might this also be the case for the above-cneqesun in optimal decoding performance. Conceptually, we

FA approaches? In the following text, we brieRy describe how . |
adapted the FA models to accommodate Poisson statistics. We st ensure that we have enough factors to sufbciently dg

this family of models OFactor Analysis with Poisson Outputd (FAPQEIPe the shared variability in the data but not too many factor
Deviating from Gaussian statistics can be mathematically challengifgat we overbt the training data. This a necessary step befofe
The short summary is th&qs. 15and16 describe a model analogousWe can compare FA models to the traditional Gaussian ang
to FA.., which we call FAPQ,,, Similarly, Egs. 18and19 constitute Poisson models in the next subsection. We examined two daja
the FAPQ,,,, model. sets, G20040401 and H20040916, for which there were 18

To provide one potential motivation for Poisson statistics, note hasihd 200 total trials per reach target, respectively. This yielde
the lower-dimensionak in Eq. 7is projected to the higher-dimen- ground 80 training and around 20 validation trials per reach
sional observational space Eq. 8 on a given trial, the mean of the target for each cross-validation fold. A neural integration
observed data vectgris determined by the particularon that trial. window of 250 ms was used for this particular analysis,

However, the variance of the neural vecjodoes not changeR(is . - . .
bxed regardless o), and therefore the model is unable to capture th Ict)r\)vzugg v\\,/vjlsaw similar results for smaller integration win-

Poisson-like relationship between the mean anddnance as the under- ! L
lying factors exert their inRuence. Furthermore, because the neural spikEigure %A shows the validation performance for these two
counts aresmall nonnegative integers, the Gaussian distribution m&ata sets as a function pfwhen ptting the FA,,algorithm.
not be the best description of the data. The performance fop # 0 corresponds to a classic Gaussian
model where there is n&, matrix and only a diagonal
5 As will be shown inResULTS more latent dimensions are required forcovariance matrixR, per reach endpoint. The best validation
FAcmp than for FA,, performance for FA,, was obtained for lowp: p* # 1 for

o7

o7
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A FA B FA
sep cmb
80+ 80+
| N E H20040916 ]
€ 60/ 620040401 60 FIc. 5. Model selection for separate FA model (A and
e et FAcmy The shaded area denotes the 95% conbdence interval
s ] - s (Bernoulli process) around the mean performance (embedde
o401 | e SR o 407 line). A: optimal cross-validated performance for FAoccurs
T ] M S for a low number of factorsB: optimal cross-validated perfor-
8 204 3 204 mance for FA,,,, occurs between 10 and 20 factors.
0 04
0 10 20 30 40 0 20 40 60 80 100
Latent Space Dimensionality Latent Space Dimensionality

G20040401 ang* # 3 for H20040916. The results show thaComparison to classic decoding algorithms
asp is increased beyongt, the performance steadily declines. )
Overbtting is an issue for even relatively small valuepof ~ Next, we compared the performance of four different decod
Why might this be? There are surely many factors that inRgLS grouped into two pairs. One pair consisted of the classic
ence the upcoming reachRfor example, reach direction, difldependent-Gaussian and -Poisson models. The second p
tance, curvature, speed, and force. However, for our data ?S the FA-based models, E4and FA,, We computed

5

reach trajectories to the same endpoint were highly simil Coding accuracy based on an integration window length ¢
J P gny 0 ms. These are the central results of this study. For th

Second, the shared variability (captured by trial-to-trial mody, . "o ccian and Poisson algorithms, half the trials in eaq
ulation of the factors) may be small relative to the mdependeﬁgl '

Air
fo
eO

=
(=

variability. Given a relatively small number of neuroms100)
and training trials for each reach target&0), it is likely that
we are unable to identify more hidden factors without poorly

was used to predict the reach endpoint for each of the remai

ta set were used to train the model parameters and the mog @

D
o

ing trials in the data set. For the FA-based algorithms, th¢ =
aining set was brst used to select the optimal dimensionality3

estimating the model parameters and overbtting. The pengising bvefold cross-validation and the training set was thefy’

for overbtting is evident; by # 30, all of the benebts from yseq in its entirety to bt a model wittt dimensionality. As
using FA., over the classic Gaussian approagh#( 0) are jith the classic algorithms, the btted model was Pnally applie
lost. to the test data to compute the average decoding performang
We performed the same sweep pffor FA;,, and the  Figure 6 shows the relative performances of these fou
validation performance is plotted in FigB5The best valida- algorithms. There were grand totals of 1,024 and 528 test trial
tion performance for the combined FA model was obtained féwr the G20040429 and H20040928 data sets, respectively. F
higherp than for FA; p* # 31 for G20040401 ang* # 12 data set G20040429, the classic Gaugs@rd Poisson algo-
for H20040916. Although at brst it seems that the optimathms have roughly the same performance, whereas for da
number of factors for G20040401 is signipcantly higher thaaet H20040928 the classic Gaussian algorithm has the wor
that for H20040916, one can see that the validation perfdrerformance, with roughly 5% worse accuracy than the classi
mance reaches a Roor aroystd# 15 for the G20040401 data Poisson algorithm. (Most often, especially with data sets fron
set. There is negligible improvement when increasing teonkey H, the classic Gaussian algorithm showed wors
dimensionality past that point that, combined with the fact th@grformance than the classic Poisson algorithm, likely due t
performance degradation due to overbtting in the H200409!g8ver Pring rates observed in the monkey H data sets.) Th
data set is relatively minor, demonstrates that the, EAnodel  ~Asep algorithm redug:ed the decoding error for monkey GO
is less sensitive to the exact choice pthan in FA,, For datakset bHyénengy 10 /‘”_It?#t had ?nly.ahmodr(]est m&plr)ovfemehnt fq
interested readers, we provide a brief discussion on piy monkey HOs data set. The palgorithm showed by far the

might be larger for FA,, than that for FA,,in the APPENDIX. best performance. Our novel decoder was able to drasticall

i 0,
This is a side issue since the end goal is to optimize decodirnegduce the decoding error down to only about 5%.

performance and we chose the be#t that regard for each of
FAsepand FA

“Recall that the data are brst square-rooted before being used to bt t
Gaussian model.

Monkey G Monkey H

30 30
g 25 g 25
e . 5 . FIc. 6. Comparison of decoding algorithms on 2 example
5 5 data sets. Error bars denote the 95% conbdence interval (Belt
2 15 o 15 noulli process) for each measuremefttdata set G20040429.
5 5 B: data set H20040928.
8 10 8 10
a a

: LI M

0 0

Gaus. Pois. FA FA Gaus. Pois. FA FA
sep cmb sep cmb
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We further explored whether A, was capable of predict accuracy). We saw similar results for three such data sets from

ing reach endpoint more accurately in several other data semnkey H.

For this purpose, we used an integration window of 200 ms,

which was a similar window length to the 250 ms previouslhtegration window size
used. We examined 8 data sets from monkey G and 18 data sets

average decoding error from the classic Poisson algorithm. \R@Sed on neural integration windows of 200 and 250 ms. In oy
applied the FA,, algorithm to the same data sets and eonPrévious work (Santhanam et al. 2006a), however, we showe
puted the reduction in decoding error or improvement ifiat even shorter integration windows are preferable whe
overall decoding accuracy. The results are plotted in Fig. @Rtimizing the information throughput of a prosthetic system,
The FA,,p algorithm improved performance by 6910% in 14\S such, we tested the performance of the.ffdecoder as a
data sets and 10% in 7 data sets. No data sets showed fgnction of the integration timeT{,,), beginning 150 ms after
degradation in performance when usingEAover the classic farget onset. Figure 8 shows a comparison between the simp
Poisson algorithm. This was not the case for,EAwhere for Poisson-based decoder and the fg\decoder. Integration

a few data sets in monkey H, the algorithm performed worgdndow durations of 25, 50, 100, 150, 200, and 250 ms werg

than even the classic Poisson decoding approach, again pd§sited. A separate B4, model was bt for each,,, Prst using
bly due to the lower bring rates observed in the monkey H dat8-fold cross-validation to select the appropriptefor each.
sets. The performance differential between simple Poisson-base

We also performed a simple control to conbrm that tH¢ecoding and F4,,, decoding was noticeable across integra
shared variability that we are modeling was not simply afPh window lengths, but most appreciable with the longest
uninteresting artifact of poor spike classibcation. If the spikBtegration windows. For monkey G, the Poisson-based alga
separation on each electrode were not perfect, there could bdi{{n has performance roughly similar to that of E4 for
increased amount of correlated noise between neural units len# 25 ms, although for monkey H, this relationship extends
the same electrode. To better explore this question, we HROTin# 50 ms. Forthese smaller windows, the spike counts
stricted our analyses to include only the best unit (either sind@ the neural units can be rather low. For example, in a tims
neuron or multineuron) from each electrode. For data dgferval of [150, 200] ms after target presentation, the spiks
H20040928, we found that a classic Poisson algorithm exhfBunts for a unit are most often only 0, 1, or 2. How might this
ited a decoding error of 26.3% for an integration window ciffect the performance of FA,;? The FA model assumes that
200 ms. The FA,,, algorithm was able to achieve a decoding€ observed neural variability comprises a shared compone
error of 16.9% using the same data. We saw signibcd €) (from the uncontrolled or unobserved factors) and an
improvement in performance even in this restricted scenarlgdependent componemR (from the biophysical process of
reducing the potential concern that the model was simp§gnerating action potentials and other nonshared noig
capturing correlations that are a by-product of poor spilkources). Reducing the window length degrades our ability t
classibcation. separate shared from independent contributions.

Finally, we investigated the benebts of LA for conven
tional delayed-reach data sets (i.e., data sets in which there WAPQ,,and FAPQ,,
no intermixing of high-speed reach endpoint cues). For one ]
data set (G20040508), where we used an integration window ofNext, we compared FAPQ, and FAPQ,,, to their coun
200 ms, there was a modest performance improvement 8fParts, FAe, and FA;,, to see whether there might be
using FA,,, (reduction of 5.3% error). This is relatively@dvantages to a Poisson-based FA approach. We again vari
unsurprising for two reasons. First, there is not as muéhe integration window length to explore the regime of low
variability in the presentation of the target cue, thereby leadig§ike counts, in which Poisson models usually perform bette
to a relatively nonvariable experimental environment for tHéan Gaussian models. Figure 9 shows the performance fro
subject. Second, for these data sets, performance is ofte four FA decoding algorithms. The performance of the

already high with classic Poisson decoding (91.6% decodiffiSsic Poisson method is also shown as a baseline. The resy
show that both FA,,and FAPQ.,fare worse than the classic

12¢ Poisson algorithm fpor small windows in monkey G and for all
] window lengths in monkey H. Conversely, the combined
approaches, FA,, and FAPQ,,, show substantial perfor
mance improvement over the alternatives, especially for large
window lengths.

Surprisingly, the Poisson-based FA algorithms do not per

-
o
T

©
T

Number of Datasets
[¢)]

al form as well as the Gaussian-based versions. This is somewh

counterintuitive since a Poisson distribution is thought to bette

2r model neural data than a Gaussian, especially for small tim

ob— 1 windows. The effects we saw could be due to one of two mair
24 20 -16 -12 -8 -4 0 4 8 12 16 20 24 reasons.

Decoding Error of Poisson — FA 1. The Poisson btting procedure includes several approx

FIG. 7. Performance improvement with E4, across many data sets. ma.‘t".)ns'.Wh.ICh Coyld result in a SUbOPtImaI.Dt’ eyen when thg
Plotted is a histogram of the difference in reach endpoint decoding erf$@INiNg likelihood increased with every EM.ltgratlc_)n. Further'
between a classic Poisson-based algorithm and thg,Félgorithm. more, in some cases, for FAES’Q the training likelihood
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A B
Monkey G Monkey H
60 60
---- Poisson

§ — FAemp § FiG. 8. Performance of the FA,,algorithm as a function of
2 407 2 407 the data integration window length. Shading and embedded ling
e < are the same as in Fig. 5. The performance with the classig
£ £ Poisson-based algorithm is plotted as a refereAcalata set
g 201 g 201 G20040429B: data set H20040916.
o o

0- 0-

0 50 100 150 200 250 0 50 100 150 200 250
Spike Count Window Length (ms) Spike Count Window Length (ms)

would in fact start to drop after close to 100 iterations, albelthe brst subset was used to train the FAmodel with p

slowly. dimensions. It is the size of this subset that was varied t;ﬁ
e

2. Ordinarily when spike counts are modeled using a Poissassess performance across different training set sizes. T
distribution, there is an implicit lumping together of shared angecond set was used as a validation set to bnd the optim
independent variability. In both FARQ,and FAPQ.,, mod p*. The model withp* dimensions was then used to decode
els, the Poisson distribution is used to model onlyitftepen- the test trials in the third set. As before, the classic Poisso
dent variability. After separating out the shared variability, th@lgorithm was also used as a baseline comparison. For th
independent variability may no longer be Poisson distributeBoisson algorithm, the model was simply trained on the brs

Furthermore, spike counts can sometimes be sub- or suparbset of trials and performance was computed with the

Poisson (Churchland et al. 2006b; Shadlen and Newsothérd set. The validation set was not needed since there is n
1998). Gaussian-based models may better characterize the datdel selection phase for the Poisson algorithm. The dat
by not overconstraining the meanbvariance relationship, @dtegration window size for this analysis was 100 ms.
though it is difpcult to directly assess this question since we doFigure 10 shows the results of varying the amount of training
not have a ground truth for the underlying data. data used to bt the model for two data sets, one from ead

Ultimately, we were able to achieve good performanamonkey. For monkey G, the classic Poisson algorithm shows
improvements with the simpler FA,algorithm. There was no consistent level of performance regardless of the training size
strong motivation to use the more complicated FARQap- The variation in decoding error is within the conbdence inter{
proach for our data sets. Investigation into the exact breakdowals and is therefore not statistically signibcant. Similarly, for,
and characteristics of shared and independent variability is lefonkey H, the classic Poisson algorithm shows a fairly con
to future work. sistent level of performance, excepting the very initial drop

representing a change from 15 to 30 training trials per condif

Training set size tion. The FA,,, algorithm, however, shows steady impreve

ment as the number of available training trials increased.

_Our last analysis was to examine the effects of trainingevertheless, by 60 trials per condition there is a substantia
size on system performance. Given that there can be a lagg&ept for using FA\,, over the classic Poisson algorithm in

number of parameters to learn for the FA-based models, itggth monkeys: reduction of about 20% error for monkey G and
possible that these models do not provide such dramagiGeduyction of about 10% error for monkey H.
performance improvements over the classic models when

the training set size is restricted. This is especially %ﬂscussmmn

interest since one may not be able to collect a voluminous

training set from paralyzed patients, since the patients carWe investigated here the use of a more sophisticated deco
suffer from fatigue or other medical issues. To investigaiag algorithm in the hopes of achieving higher neural prosthetig

this question, we divided each data set into three subsgierformance. FA techniques were proposed as a method
A B
Monkey G Monkey H

604 Poisson 701

504 —— FAcmb 60 1
s N — oy, @ FIG. 9. Performance of new Poisson-based FARO
< 104 \ o S 50 and FAPQ,,, algorithms. The performances with the
2 NAY S 40l classic Poisson-based algorithm, EAand FA,,, are
2 30 Y plotted for reference. The data integration window was
£ £ 301 varied to see whether there was any advantage to EAPO
§ 204 S 204 or FAPQ,,,, as lower spike counts were inputted into the
S ol a o models.A: data set G20040428: data set H20040916.

o
L
o
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0 50 100 150 200 250 0 50 100 150 200 250
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J NeurophysiokvoL 102 ¥AUGUST 2009¥WWW.jn.org

Al

Bny uo B1o"ABojoisAUdTI wouy papeoumod ~

Z1sn

1

600¢



http://jn.physiology.org

Innovative Methodolgy
1326 SANTHANAM ET AL.

A Monkey G B Monkey H

404 604

Fic. 10. Effect of training size on performance of EA,
The number of trials used to Pt the initial model was varied, the
dimensionality of the model was chosen based on a Pxed set of
validation trials, and the Pnal performance was computed basegl
. on a separate bxed set of test trials. Shading and embedded Iin

20 are the same as in Fig. 5. The performance with the classig
Poisson-based algorithm is shown for referendedata set
G20040429B: data set H20040916.
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Number of Training Trials Per Condition Number of Training Trials Per Condition

help better account for shared, correlated variability arisireyfpciently gentle that a system designer could potentially
from uncontrolled and unobserved aspects of the prosthatitoose to skip the model selection process entirely (if it wag
task and two methods were offered to help improve readleemed too computationally expensive) and simply bx th¢
endpoint prediction. Results showed that using an entiralymber of factors to, for examplp# 20. As seen in Fig. B,
separate FA model for each reach endpoint{Avas not as such a choice o, although not optimal, would still be able to
effective as our novel approach of btting a combined model &chieve close to optimal performance. In fact, the differenceg
the entire data set (RA. The latter strategy requires fewerin performance for values @fbetweerp# 12 andp# 20 was
model parameters and is able to aggregate data from all reagthin the 95% conbdence interval. We also found that it is
endpoints to bt these parameters. As such, it may be less prpassible to achieve signibcant performance improvements with=
to estimation error and overbtting. Surprisingly, the mor@ reasonable number of training trials per condition, demon}
complicated extensions to support Poisson distributions agtrating that a human subject will not be required to perform
peared to be unnecessary because the Gaussian-based mturlsands of training trials to justify the use of B4,
performed better (even fdi,,. as low as 25 ms). This may have For those already familiar with other methodological studies
been due to one or more reasons: the square-root transfannthe Peld of cortical neural prosthesis, we place our work ir
may mitigate the potential pitfalls with using a Gaussiaoontext with these past studies here. Other work has explore
model, the approximations used for ptting the Poisson-badbe use of state-space models as a foundation for decoding t
models may have been detrimental, and/or the independsuabjectOs motor intentions. Primarily this has been applicab
variability may not be well described by a Poisson distributiotio the decoding of arm trajectories (e.g., Brockwell et al. 2004
The full utility of the FA methodology was demonstratedruccolo et al. 2005; Wu et al. 2006; Yu et al. 2007). These
with our BCI data sets where the task design had differestiudies start with a model that consists of a linear Gaussial
operating modes (BCI vs. reach trials). This task containedvadel of the arm state, followed by an either linear or nonlin-
sufpcient amount of shared variability such that conventionaér mapping to the space of observed neural spiking data. TH
algorithms were unable to achieve high levels of performanaaodels are trained based on trials in which both the underlyin
We could have bt an explicit model that accounted for treem state and the neural data are known. In the case of o
speed of target presentations, but we instead chose to infark, we are not using the latent state model to directly captur
abstract factors to demonstrate how effective this technique dhg relationship between the arm state and the neural bring, b
be when the nature of the covariates is unknown.fgAvas rather we are using it to capture the variability induced by the
able to describe the shared variability in the task and signitrobserved and uncontrolled parameters. When training oy
cantly outperform conventional methods. For a clinical prosaodel, we do not have access to the ground trutharid must
thetic setup, the situation of mixing BCI and reach trials woulhfer it along with the model paramete€sandR through the
not be realistic since the patient would be paralyzed. Howevé&iM procedure. The FA latent variables ref3ect aggregate ne
in a real-world setting, there can be many underlying factowgork activity. This stands in contrast to other models of
that modulate the neural observations, including the subjecirrelated activity that posit direct connections between ob}
altering the pace at which he or she uses the BCI, environmaetved neurons or from a small set of unobserved neural unifs
tally induced distractions, or subconscious changes in tfieulkarni and Paninski 2007; Okatan et al. 2005).
subjectOs motivation. FA can be one tool by which the systenRecently we published a Hidden Markov Model (HMM)
designer can combat performance degradation. The compuézhnique (Kemere et al. 2008) and either,Efr FA,, can
tional overhead to using FA, primarily exists during the be complementary to this work. The primary objective of the
training of the model. When decoding test trials, the decoditM algorithm is to help identify Oneural-state transitions
procedure is nearly identical to decoding with a simple Gaudsetween baseline, plan, and move states, modeling the variopis
ian algorithm, except that the output covariance is no longstates in aliscreteframework. The HMM model includes no
diagonal [i.e., Covy) # CC) + R instead of simplyR]. concept ofcontinuousfactor variables that create correlations
The FA.., algorithm also appears to be relatively robusin the neural observations. In theory, one could potentially us
The process of model selection to choose the optimal numlagr FA approach to model correlation in the neural data, whilg
of factors did not show any sharp peaks in performance. Thienultaneously using the HMM algorithm to identify state
performance increased rapidly as the number of fagiavgs transitions; we reserve this exploration for future work.
increased, but then did not drop drasticallypasoved beyond  Our multitarget extension to FA,is certainly specibc to the
the optimump*. In fact, the decline in performance pastis behavioral task performed by our subject. However, the conf
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cept itself is a simple one: there are underlying behavioral asgch neuron, whereas FA allows each neuron to have a differeft
cognitive parameters that can diminish the performance ofnglependent variance. This distinction is important. The variance o
prediction algorithm, whether it be in the context of predictin indowed spike counts is often considered to be proportional to th¢
reach endpoint or the entire reach trajectory. The exact detdj)gan spike count (e.g., Shadlen and Newsome 1998), where the

of how to extend an existing algorithm to use FA to olearlﬁg?portlonahty constant is about 1. Neurons with higher mean Pring

these underlying factors is of course specibc to each algorit es often exhibit higher independent spiking variances. Although
%&gg'

; lying a square-root transform to the spike counts can help stabiliz
Furthermore, provided that the factors are modeled as Gaus variance relationship (Kihlberg et al. 1972), this process i

random variables and affect the observables through a lin@gaperfect. Ultimately, sSPCA allows for only a single independent
mapping, it is likely that one can rather easily incorporate sugfiriance parameter across all neurons, whereas FA has the beneb{ of
a technique within other decoding frameworks. Although thersore parameters iR to capture the richness in the data; as such, we
is no guarantee that the achievable performance improvemetitsse to focus on FA for our work.
in other contexts will be comparable to those seen in our data

sets, our work suggests that the overall strategy espoused I&ignal-dependent variability

is worth investigating if increasing prosthetic performance is of Do the FA-based models contend with the possibility that trial-to-

paramount interest. Indeed, a similar approach has been ta{?%m variability could be signal-dependent? Recall that the reach
by Wu et al. (2008) to extend the Kalman blter framework sgqpoint is the signal of interest. For EAthere is a different FA
tha.t It can account fOI‘ Unobserved faCtorS. The Study ShOWSrﬁ.Bde| per reach endpoint; thus the model of Variab”ity iS, by con-
improved performance that, like our own, is quite promisingstruction, already signal dependent. For_FAthere is a single set of
We chose to use a probabilistic framework and constructators for all reach endpoints. The nonreach-endpoint factors perturfo
generative model a priori that we felt reasonably describes hdive reach endpoint signal () with the same covariance, irrespective
our reaching task relates to the neural data. A potential dis&@s (cf. Iin Eq. 1. Similarly, the independent variability described
vantage, however, is that the training procedure maximizes tHeR in FAcyy is also the same regardlessofThus FA,,, does not
likelihood of the observed data without assigning a cost fgfectly allow for signal-dependent sources of variability.
how well or how poorly the model can classify the data. .
Despite this drawback, the fact that our FA approach improve®mparison of p* between k4, and FA,,
the performance indicates that we may be revealing somethingqr FA..,We found usuallyp* * 3. For FA,,, p* most often lay
intrinsic about the system. (For now, we treat the factors @ghin the range of 10935. Why might this be? We provide one
abstract, although FA can potentially be a useful tool to hetpchnically oriented explanation here. Intuition suggests that a well-Ht
discover new, or conbrm existing, correlates in an experimenedel of the form described Hyq. 12should have the property that
tal setting.) An alternate algorithmic strategy would be to traife observation mean for a given target [i(y ! s)] closely matches
a classiber that expressly accounts for misclassibcations duffigyempirical mean of the data for that same target. In the case ¢
the btting process (e.g., Ng and Jordan 2002). This is tR@cmo the observation mean ! ¢ for target locatiors. The obser

. g vations lie in ag-dimensional space, whereas the vedtqris in a
approach taken by several standard algorithms in the peldI08v€er p-dimensional space ar@dis rankp. Thus the vectoC! ¢ lies

machine Ieaming, including neyral network classi_bers, SUppgﬁfhin ap-dimensional subspace spanned by the columus éfcross
vector machines, and Gaussian process classibers. FurtBelrgets, thes observation means can at most lie inGdimensional

more, there is also the possibility of using a hybrid betweeypspace that includes the origin. Tusiay need to be at least equal
discriminative and generative methods (Raina et al. 2004). AfiS for the model to capture the appropriate target-specibc observa
eventual comparison between the FA approach and these otiuer means. For our data sets, whe8e# 8, we found that the
approaches would be fruitful and will help better frame theeasured means were in fact linearly independentNthis latent
broader inRuence of what we have shown here. dimensions |§ ) 8) were needed to describe them accurately. The
The performance improvement that we were able to achie@¥€n higher values gi* that we bnd for FA,, may possibly arise
especially with the FA,,, method, was substantial. For severdfom the greater statistical power afforded by combining data acrosp
data sets, the baseline performance was28% classibcation all the reach targets.
error rate when using the classic Poisson algorithm. These . R
error rates were routinely reduced to 5910% when using d(jpthematical derivations for Féy,
FA_ mpalgorithm. For prosthetic tasks in which achieving high This section provides the derivation of E4, It is recommended
single-trial accuracy is the primary objective, being able tihat the reader be brst familiar with the process of using expectationp
reduce the error rate to a mere 5% can have a dramatic impaekimization (EM) techniques for standard FA. Excellent overviews
on the clinical utility of these systems for subjects with motgire provided by Roweis and Ghahramani (1999) and Ghahramani arpd
disabilities. Combined with other improvements, includin§iinton (1997). Again, the model for Ry, is

[©)
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HMMs for facilitating free-paced prosthetic control (Kemere X15%! & -~ (A1)

et al. 2008) and strategies for optimally placing the virtual oot

targets on the computer screen (Cunningham et al. 2008), we y!x%! &x, R’ (A2)
hope that ongoing research will yield a substantial improve- , , ,
ment in the quality of life of patients. The random variables is the reach target and has a discrete

probability distribution over {1. .. ,S}[i.e., P(s) # #J. Givens, the
latent state vectax " ! P* *is Gaussian distributed with mean and

APPENDIX covariance .8 The outputyy " ! & * are generated from a Gaussian

SPCA versus FA
o . ®The use of in the latent space distribution affords a more general model
Although sPCA and FA are very similar in form, sPCA constraingan the choice of a bxed covariaricia the main text, but the simpler model

the independent variances (i.e., elementRof to be identical for performed as well, and sometimes better, with fewer parameters to be pt.
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distribution, whereC " ! % P provides the mapping between latenfThe terms that do not depend ap or any component of can be
state and observations aRd' ! ¢ 9is a diagonal covariance matrix. grouped as a constar@, outside the expectation. Doing so, and
The variablex,, andy, denote independent draws from this gererasimplifying further, we have
tive model ovem trials. The set of all trials are denoted a§ and
{y}, respectively. The random variabkeis assumed to be known ,
during the training of the model.

E step.The E step of EM requires computing the expected log joint

1
2" YIRCICS, $ 5Tr&)w c.

likelihood, E [log P({x}, { y}, { s} ! #)], over the posterior distributon | 1 (1

of the hidden state vectoR({x} !{y}, {s}, +), where + are the ISR R ETr&'sn “n

parameter estimates at tkia EM iteration. Since the observations are

i.i.d., this is the sum of the individual expected log joint likelihoods, 1 1 1 1

E[log P(xX,, ¥ Si! D] $ Ey)R( vy, $ Elog&R!' $ 5! DENSTINE 3 élog&- /' C (Al3
The latent state and output observations are jointly Gaussian

givens The expectation of the log joint likelihood over all of thé

B]] m 1 observations is simply the sum of the individug| terms
p Yn# v C-’sﬂ#' 11 " 12 (A3)
x, N\ T, " " Eq/log P&K2 ly2 12! #0

o Mo oo rey E
. (A% i "
© Sn 'an) N

. . . i 1 .
Thus the posterior distribution of the hidden state can be written as M step.The M step requires Pding (learning) #¢ * that satisbes

P&y, &' " ' & -or- ({&,$ C! s 1229 - -

k1 argmaxg,, /log P&42 ly2 12! +0 Al4

A5) IMAXE, /log P&2 1y2 (A19)
T8 # &S Cl - 8 # G (A6) This can be achieved by differentiatifly with respect to the
parameters, as shown in the following text. The indicator function,

where#, # - ;C)(R + C- SnC))( 1, This conditional is a standard I(s, # ) will prove useful. Also, letN_# "N, . I(s, # 9).
property of the Gaussian distribution. The inverse#p can be State vector mean, for targst
computed efbciently using the matrix inversion lemma (Shermanb
WoodburyBMorrison formula) ,

*
s s&-{1g 8 - 0
s wa

&' C-,0 " RIS RUCEL ORUCUICORY?

1%
(A7) frle =% g g8, (A15)
n# 1
For observatiom, let Q, be the Gaussian posterior latent state °
distributionP(x !y, s, #9), which has meai$, and second moment,, # State vector covariance, for target

" K " X ! 1y 1 1
$." Elxplyns, ¥O " 18&," s -('2).$ 18 ~IJ))Ste st
v s ol 2 2 2
" !';' #';é’ynﬂi cH :n' (A8)

" EIxx) !y s, #0

"0
N * ' !

k e K e e s e ba)e

" Var&, !y, s, + "

' k K
E/Xn!YmSnv"'OE/Xn!ansm"'O) f _I,S<+1" i* I&n" s'. n$ !l;+1& l;+1|) (Al6)
.ok K vk K . N 1
-3 #C-' B4 (A9)
. o ) ~# Mapping matrix
The expectation of the log joint likelihood for a given observation
can be expressed as follows i TR % \°
o Tvd) (A17)
" " Egllog P&, ¥, s ! #0 (A10) " "
Independent variance matrix
" Eo/P&,!x, ' logP&,!s," logP&,0 (A12) L
" . . Ree Laag P yns cosy,
" Eq $ Elog&#' $ Elog&R!' $ Ey)R( y." y)ROCx, "

where thediag operator sets all of the off-diagonal elements of a

P matrix to zero.

1 1 1
$ EX)C)R( 'Cx, $ Slog&# $ “log& I'$ _x)- (' 1h- 20, Inference. Once the model parameters have been chosen, th
generative model can be used to make inferences on the training ddta

or new observations. For the training data, the hidden state wedor

! Sf b s, log P&a{# (A12) the only variable that must be inferred. The posterior distribution of

$

)
S

N
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is a Gaussian, exactly as described previously. This yields a distrilfthurchland MM, Santhanam G, Shenoy KV. Preparatory activity in pre-

tion Q with mean! . #<(yn ( C!'g)and covariance ( #.C- 5. motor and motor cortex reRects the speed of the upcoming réadauro-

Therefore the maximum a posteriori ®fis simply / ¢ + # (yn ( physiol 96: 313003146, 2006a.

C! ;). The vectorx is not required for decoding reach endpomt puthurchland MM, Yu BM, Ryu SI, Santhanam G, Shenoy KV. Neural

Was useful in generat|ng F|g 4. Val’lablllty in premotor cortex prOVldeS a 5|gnature of motor preparathn
When performing inference for a new observation, the reach targcet] Neurosci26: 3697D3712, 2006b. _ o

s is now unknown. The posterior distributions of bathndx, given isek P, Kalaska JF. Modest gaze-related discharge modulation in monkey

the datay, are of interest for decoding. The Prst of these distributions

can be expressed as follows

dorsal premotor cortex during a reaching task performed with free bxation|
J NeurophysioB8: 106451072, 2002.
Cisek P, Kalaska JF. Neural correlates of mental rehearsal in dorsal premotor
cortex. Nature431: 993D996, 2004.
Cunningham JP, Yu BM, Gilja V, Ryu SI, Shenoy KV. Toward optimal
target placement for neural prosthetic devickNeurophysioll00: 3445D
1 3457, 2008.
S1C- O R! 1/2 Dayan P, Abbott LF. Theoretical Neuroscience: Computational and Mathe-
matical Modeling of Neural SystemSambridge, MA: MIT Press, 2001.
n # Dempster AP, Laird NM, Rubin DB. Maximum likelihood from incomplete
exp ( 5&’ $ C!I')&C- €)' RS CI 1T (A19 data via the EM algorithm (with discussion).R Stat Soc Ser B9: 1938,

P&y, #3 P& !s PP&! @

3#

1977.
To infer x given the data, the following derivation applies Everitt BS. An Introduction to Latent Variable Modelkondon: Chapman &
' Hall, 1984.
- * - B Faisal AA, Selen LPJ, Wolpert DM. Noise in the nervous systeat Rev
P& ly, " P& ly,s ?P&!ly, # (A20) Neurosci9: 2929303, 2008.
s#l

Georgopoulos AP, Kalaska JF, Caminiti R, Massey JT. On the relations

. . . - between the direction of two-dimensional arm movements and cell dis
where the brst factor in the summation is the conditional Gaussmrg:m@e in primate motor corted. Neurosci2: 1527D1537, 1982.

(seeEq. A6) and the second is a weighting as shown earlier. Thus t3§,. ramani z, Hinton G. The EM algorithm for mixtures of factor analyz-
distribution ofx giveny (but not conditioned ors) is a mixture of g5 Technical Report CRG-TR-96-1. Toronto: Department of Compute

Gaussians. Science, Univ. of Toronto, 1997.
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