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Abstract

We investigate the sparse functional identification of complex cells and the decod-
ing of spatio-temporal visual stimuli encoded by an ensemble of complex cells. The
reconstruction algorithm is formulated as a rank minimization problem that signifi-
cantly reduces the number of sampling measurements (spikes) required for decoding.
We also establish the duality between sparse decoding and functional identification,
and provide algorithms for identification of low-rank dendritic stimulus processors.
The duality enables us to efficiently evaluate our functional identification algorithms
by reconstructing novel stimuli in the input space. Finally, we demonstrate that our
identification algorithms substantially outperform the generalized quadratic model, the
non-linear input model and the widely used spike-triggered covariance algorithm.
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1 Introduction

It is widely accepted that the early mammalian visual system employs a series of neural
circuits to extract elementary visual features, such as edges and motion [I, 2]. Feature
extraction capabilities of simple and complex cells arising in the primary visual cortex (V1)
have been extensively investigated. Layer IV simple cells receive direct input from the Lateral
Geniculate Nucleus [3]. Each simple cell consists of a linear receptive field cascaded with
a highly-nonlinear spike generator. Complex cells in layer II/IIT of V1 sum the output of
a pool of simple cells having similar orientation selectivity and spatial extent [4] and are
thereby selective to oriented edges/lines over a spatially restricted region of the visual field
[1]. While simple cells respond maximally to a particular phase of the edge, complex cells
are largely phase invariant [5 6]. Therefore, the receptive fields of complex cells cannot be
simply mapped into excitatory and inhibitory regions [I]. Receptive fields of simple cells are
often modeled as spatio-temporal linear filters with a spatial impulse response that resemble
Gabor functions [7], whereas the receptive fields of complex cells are often modeled as a sum
of squared linear filters [8]. For simplicity, a quadrature pair of space-time Gabor filters has
been employed in an energy model of complex cells [9] [10, [11]. Neural circuits comprising
complex cells constitute a highly nonlinear circuit as illustrated in Figure [T}
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Figure 1: A neural circuit consisting of a population of complex cells.

Feedforward projections from V1 to other cortical areas mainly originate from layer II1/I11
[12], suggesting that complex cells play a critical role in relaying visual information processed
in V1 to higher brain areas. While tuning properties of individual complex cells have been
characterized [13| [14], the information about visual stimuli that an ensemble of complex
cells can provide, and how efficiently they can represent such information has yet to be
elucidated.

Under the modeling framework of Time Encoding Machines (TEMs) [15], [16], it has been
shown that decoding of stimuli and functional identification of linear receptive fields of simple



cells are dual to each other [I7]. This led to mathematically rigorous identification algorithms
for identifying linear receptive fields of simple cells [I7]. By modeling the nonlinear processing
in complex cells as Volterra Dendritic Stimulus Processors (DSPs) [18],19], the representation
of stimuli encoded by spike times generated by neural circuits with complex cells was also
exhaustively analyzed. Functional identification of a complex cell DSP was possible again
thanks to the demonstrated duality between decoding and functional identification. While
these theoretical methods exhibit deep structural properties, they have been shown to be
tractable only for decoding and functional identification problems of small dimensions. In
their current form they are not tractable due to the “curse of dimensionality” [20].

The non-linear transformations taking place in the DSP of complex cells lead to loss of
phase information. Previous work has empirically found that static images recovered from
the magnitude response of Gabor wavelets are perceptually recognizable, albeit they exhibit
significant errors in their pixel intensity values [43]. Here, we formulate the reconstruction
of stimuli encoded with complex cells as a phase retrieval problem [2I] and, in search of
tractable algorithms, utilize recent developments in optimization theory of low-rank matrices
[22, 23], 21]. By applying such methods, we develop algorithms that are highly effective in
decoding visual stimuli encoded by complex cells. As will be detailed in the next sections,
the complex cells, as defined in this paper, have DSP kernels that are low-rank and include
the ones shown in Figure [1f as a particular case.

After demonstrating that the decoding of visual stimuli becomes tractable, we describe
sparse algorithms that functionally identify the DSPs of complex cells using the spike times
they generate. The sparse identification algorithms are based on the key observation that
functional identification can be viewed as the dual problem of decoding stimuli that are
encoded by an ensemble of complex cells. While the generalization of the duality results
from simple cells to complex cells was already given in [I8], we show in this paper that these
results remain valid under the assumption of sparsity, that is, for the case of low-rank DSP
kernels. This significantly reduces the time of stimulus presentation that is needed in the
identification process. The sparse duality result also enables us to evaluate the identified
circuits in the input space. We achieve the latter by computing the mean square error or
signal-to-noise ratio (SNR) of novel stimuli decoded using the identified circuits [I7]. The
sparse decoding and functional identification algorithms presented here apply to circuits build
around a wide range of neurons models including Integrate-and-Fire neurons with random
thresholds and biophysically realistic conductance-based models with intrinsic noise.

This paper is organized as follows. In Section [2| we first introduce the modeling of encoding
of temporal stimuli with complex cells. We provide a detailed review of decoding of stimuli
and the functional identification of complex cells, and point out the current algorithmic
limitations. In Section [3| we provide sparse decoding algorithms that achieve high accuracy
and are algorithmically tractable. We then explicate the dual relationship between sparse
functional identification and decoding and provide examples for the identification of low-rank,
temporal DSP kernels of complex cells. In Section[d], we extend sparse decoding methodology
to spatio-temporal stimuli and functional identification of spatio-temporal complex cells.
Using novel stimuli, we provide evaluation examples of the identification algorithms in the
input space as well as comparisons to other state-of-the-art methods. Finally, we conclude
in Section |5 and suggest how the approach advanced in this paper can be applied beyond



complex cells.

2 Neural Circuits with Complex Cells:
Encoding, Decoding and Functional Identification

In this section, we model the encoding of temporal stimuli by a neural circuit consisting
of neurons akin to complex cells. We start by modeling the space of temporal stimuli in
Section 2.1} In Section [2.2] the model of encoding is formally described. In Section [2.3]
we proceed to present a reconstruction algorithm for decoding temporal stimuli encoded
by the neural circuit. A method for functional identification of neurons constituting the
neural circuit is provided in Section [2.4] The reconstruction algorithm and the functional
identification algorithm discussed in this section are based on [I§].

2.1 Modeling Temporal Stimuli

We model the temporal varying stimuli w; = u,(t), t € D, to be real-valued elements of
the space of trigonometric polynomials [15]. The choice of the space of the trigonometric
polynomials has, as we will see, substantial computational advantages.

Definition 1. The space of trigonometric polynomials H, is the Hilbert space of complex-

valued functions
L,

wt)= 3 ae,t), (1)

l,=—L,

over the domain D = [0, S,], where

1 31,
t) = t
6zt( ) 3, exp ( L,
and ¢l = =Ly, ..., Ly, are the coefficients of uy in H,. Here §), denotes the bandwidth, and

L, the order of the space. Stimuli uy € H, are extended to be periodic over R with period
St - QWLt/Qt

We denote the dimension of H; by dim(H,) and dim(H,) = 2L, + 1.
Definition 2. The tensor product space Ho = Hi @ H,y is a Hilbert space of complex-valued
functions

L,

i) =3 S dy e () e (t) @

Ly =—Lq l,=—Ly

over the domain D* = [0,5,] x [0, S,], where dltlth,ltlth e D?, are the coefficients of us in
Hsy.

Note that dim(Hs) = dim(H;)>.
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Figure 2: The encoding of temporal stimuli by a neural circuit modeling an ensemble of
complex cells. (A) The i* neuron in the model processes the input u,(t) by two parallel
linear filters with impulse responses gi'(t) and gi*(t), respectively, followed by squaring. The
outputs are summed and then fed into a spike generator. (B) An equivalent representation
of the encoding circuit in which the DSPs are represented as second-order Volterra kernels.

2.2 Encoding of Temporal Stimuli by a Population of Complex
Cells

We consider a neural circuit consisting of M neurons as shown in Figure . For the i
neuron, input stimulus u,(t) (u; € H;) is first processed by two linear filters with impulse
responses ¢i' (t) and gi*(t), the outputs of which are individually squared and then summed
together. These processing elements are integral part of the DSP of neuron 4 [I8, [19]. The
output of the DSP i, denoted by v'(t), is then fed into the Biological Spike Generator (BSG)
of neuron 7. The BSG 7 encodes the output of DSP i into the spike train (ti.)keﬂi. Here I' is
the spike train index set of neuron . We notice the similarity between the overall structure
of neural circuits in Figure and Figure[I] In what follows, we refer to the neurons in the
neural circuit in Figure as complex cells.

The output of the DSP of the i neuron in Figure [2A amounts to

2

vi(t) = [ /D g?(t—sl)ul(sl)dslr+ [ /D G2(t — sp)uy(s,)dss | | (3)

foralli=1,2,---, M.

hy(t;t) = g1 (t)gi (t) + g1 (t) g (L), (4)
can be rewritten as
vi(t) = /2 h(t — s13t — o)ty (51w (52)ds dss, (5)
D

where hb(t,:t,) is interpreted as a second-order Volterra kernel [24]. We assume that h(t,;t,)
is real, bounded-input bounded-output (BIBO) stable, causal and of finite memory. The I/O
of the neural circuit shown in Figure can be equivalently outlined as in Figure [2B, in
which each neuron processes the input u;(t) nonlinearly by a second order kernel hj(t;;t,)

followed by a BSG.



Remark 1. Note that the BSG models the spike generation mechanism of the axon hillock
of a biological neuron, whereas the DSP is an equivalent model of processing of the stimuli
by a sophisticated neural network that proceeds the spike gemeration. Therefore, stimulus
processing and the spike generation mechanism are naturally separated in the neuron model
considered here.

For simplicity, we first formulate the spike generation mechanism of the encoder as an ideal
Integrate-and-Fire (IAF) (point) neuron (see, e.g., [I7]). The integration constant, bias and
threshold of the IAF neuron i = 1,2,---, M, is denoted by &', b’ and &°, respectively. The
mapping of the input amplitude waveform v'(t) into the time sequence (t})xcz is called the
t-transform [15]. For the i-th neuron, the t-transform is given by [15, [16]:

t2+1 ) . o )
/ G ()t = KIS — b(, — L), (6)
A

Lemma 1. The encoding of the temporal stimulus w, € H, into the spike train sequence
(ti), kel,i=1,2,...M, by a neural circuit with complex cells is given in functional form
by

Tiuy =qp kel i=1,---,M, (7)
where M s the total number of neurons, n; + 1 is the number of spikes generated by neuron
i and Ti : Hy — R, are bounded linear functionals defined by

. tet1 .
Ty = / /2 ho(t — s15t — So)us(Sy; S9)ds;dssydt, (8)
ty, D

with uy(ty; ty) = uy (t)uy (t,). Finally, g = £'6" — b (they — t},).

Proof: The relationship follows by replacing the functional form of v*(t) given in in
equation @ above. 0

Remark 2. uy(t,ty) = uy(ty) - uy(ty) can be interpreted as a nonlinear map of the stimulus
uy into uy defined in a higher dimensional space. The operation performed by the second
order Volterra kernel on uy in is linear. Thus, (7)) shows that the encoding of temporal
stimuli can be viewed as generalized sampling [18].

The above formalism for encoding stimuli with complex cells can be extended in several
ways. First, conductance-based BSGs such as the Hodgkin-Huxley and Morris-Lecar neuron
models, and Izhikevich point neuron models can be employed [25] 26] 27, 2§]. The encoding
can be similarly formulated as generalized sampling [16]. Second, to capture the stochastic
nature of spiking neurons intrinsic noise can be added into the BSG models. For example,
an TAF neuron with random thresholds can be used [29] [15]. Tt is also natural to consider
intrinsic noise in the conductance-based BSGs [19]. For both models, it has been shown
that the encoding of stimuli can be viewed as generalized sampling with noisy measurements
[15, 19], i.e., the t-transform is of the form

ﬁUZZQIi_FEkaE]IZ‘ai:L”'aMa (9)

where T, are bounded linear functionals defined according to the neuron model of choice,
and e}, represents random noise in the measurements.



In what follows, we will mainly focus on encoding circuits consisting of complex cells whose
spiking mechanism is modeled by a deterministic IAF neuron. The results obtained can be
extended to the above two cases, and we will provide examples for both of these.

2.3 Decoding of Temporal Stimuli Encoded by a Population of
Complex Cells

Assuming that the spike times (t?c), kel,i=1,2,.. M, are known, by Lemma , the neural
circuit with complex cells encodes the stimulus via a set of linear functionals acting on u,
(see equation ([7])). Thus, the reconstruction of u, can in principle be obtained by inverting
the set of linear equations [18].

Theorem 1. The coefficients of uy € Hy in satisfy the following system of linear equa-
tions

Ed=q, where E= [(EI)T, - (EM)T]T and q= [(ql)T, - (qM)T]T (10)

) thtt )
[Eqk;ltl% :/t?; €L, +,, (t)dt /11)2 h12(31§82)€—lt1(31)€—z,,2 (89)dsds,.

The above result can be obtained by plugging into (7). We refer readers to Theorem 1
in [I§] for a detailed proof.

We formulate the reconstruction of u, as the following optimization problem:

Uy(ty5t) = argmlnzz Huy — qh)?. (11)

Ug EHQ i=1 ke]l

Algorithm 1. The solution to s given by

Uy (t;ty) = Z Z I, 1, €1 "€, (t2), (12)

t =—L, lt2
where d = [J,Lt’,Lt, e ,ci,Lth, cee e ,cZL“,Lt, e ,ciLth]T is obtained by
d==2q (13)

with | denoting the pseudoinverse operator.

We note that a necessary condition for perfect recovery is that the total number of spikes
exceeds dim(H,)(dim(H,) + 1)/2 + M [19]. Therefore, the complexity of the decoding
algorithm is on the order of dim(H;)>.

Following [I8, [19], the decoding algorithm is called a Volterra Time Decoding Machine
(Volterra TDM).



2.4 Functional Identification of DSPs of Complex Cells

In this section, we formulate the functional identification of a single complex cell in the neural
circuit described in Figure[2JA. We perform M experimental trials. In trial¢,i = 1,--- , M, we
present a controlled stimulus u} (¢) to the cell and observe the spike times (tk) - We assume
the cell has a DSP of the from hy(t1;ts) = g1(t1)g1 (ts) + g3 (t1)gi(t2) and an integrate and
fire BSG with integration constant, bias and threshold denoted by k,b and ¢, respectively.
The objective is to functionally identify h, from the knowledge of u} and the observed spikes
(tﬁg) pers © = 1,0+, M. This is a standard practice in neurophysiology for inferring the
functional form of a component of a sensory system [IJ.

Definition 3. Let h, € L'(ID?),p = 1,2, where L' denotes the space of Lebesque integrable
functions. The operator Py : (D) — H, given by

i) = [ ()t )it (14)
D
15 called the projection operator from ]Ll(]D)) to H,. Similarly, the operator Py : Ll(]D)Q) — H,

s given by

(Pahy)(t1:ts) = /2 ho (815 t5) Ko (b1, ty; £, ty)dt1dth (15)
D

is called the projection operator from L (}DZ) to H,.

Note, that for u} € H, Pyul = u}. Moreover, with uz(tl,tQ) =l (1) )uf ( ty), Potihy = ub.
Lemma 2. With M trials of stimuli ug(tl,tg) = i (t))ui(ty),i = 1,--- , M, presented to a
complex cell having DSP hy(t,,t,), we have

Li(Pshy) = ik €T i=1,--- M, (16)
where
tk+1
ﬁz (Pyhy) = / / U2 — 51,1 — 59)(Phy)(t — 515 — 85)ds,ds,dt, (17)
QG = K'6" = b (thyr — 1) (18)

Proof: Proof can be found in Appendix [A]

Remark 3. The similarity between equations and suggests that the identification
of a complex cell DSP by presenting multiple stimuli is dual to decoding a stimulus encoded
by a population of complex cells. This duality is schematically shown in Figure[3,
Theorem 2. Let Pyhy € Hy be of the form

Pyhy(ty;ty) = Z Z I, €l tl “e,, (t2). (19)
lt =—L lt2 L,

Then, [h]ltlth = hltllt2 with I, = —Ly,--+ , Ly, = —Ly,---, Ly, satisfies the following
system of linear equations

®h =g, (20)

10
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Figure 3: Duality between decoding and identification. (A) The stimulus u,(¢) is encoded
with a population of complex cells. (B) The projection of the second-order Volterra DSP
of an arbitrary neuron on the input space generates the same spike trains if the impulse
responses of the DSPs are the same as the input stimuli in repeated trials.

where © = [(GI)T, s (G)M)T]T and q = [(ql)T, s (qM)T]T with [q’}k =q,, and

. tht1 4
[G’h;ltlltz :/ti €lt1+lt2(t)dt /11»2 U22(51§82)6—lt1(31)€—1t2 (s2)ds,ds,. (21)

Thus, to identify Pyh,, we can follow the same methodology as in Algorithm|[I], and formulate
the functional identification of Pyhy as

M
Pyhy = argmin Z Z (L4 (Pyhy) — q,i)2 : (22)

Paha€Hs 57

For a detailed proof we refer the reader to the proof of Theorem 1 in [1§] .
Algorithm 2. The solution to 18 gz’ven by

732h2 ti;ty) = Z Z hzt L, €, (ty) - €, (t2), (23)

0y =Ly lyy=—
where h = [lAz_Lz,_Lt, e ,fAL_Lt,Lt, cee e 7hLz,_Lt’ e ,lAlLuLt]T is obtained by
h = ©'q. (24)

The methodology described in Algorithm [2| to identify the nonlinear DSP is called the
Volterra Channel Identification Machine (Volterra CIM) [18, [19].

Remark 4. Formulating the decoding and identification problems in the tensor product space
H, allows the identification of nonlinear processing by solving a set of linear equations. How-
ever, due to the increased dimensionality, the algorithm requires for decoding O (dim (7—[1)2)
measurements.

3 Low-Rank Decoding and Functional Identification

As shown in Section [2.3] a reconstruction of the signal u, is in principle possible by solving
a set of linear equations. However, the complexity of the algorithm is prohibitive. We show

11



in this section that an efficient decoding algorithm can be constructed that exploits the
structure of encoding circuits with complex cells. Based on the duality between decoding
and functional identification, functional identification algorithms that exploit the structure
of the DSP of complex cells are presented. These algorithms largely reduce the complexity of
decoding of temporal stimuli encoded by an ensemble of complex cells and that of functional
identification of their DSPs.

3.1 Low-Rank Decoding of Stimuli
3.1.1 Exploiting the Structure of Complex Cell Encoding

In Theorem [1} we introduced a vector notation for the coefficients of u,

d=1[d o, 1, d g0, s dp, L. ,dLth]T. (25)

We introduce here the matrix notation of the coefficients for uy, € H,,

diLtiLt .. diLt,iLt

st7Lt T stv_Lt

We notice the following: i) since u, is assumed to be real, d; ;, =d_; _; , and ii) since
177t2 1’ 2

U (ty5ty) = up(ty)uq(ts) = uq(ta)uy (t) = uy(ts; ty), we have dltl,th = dlt27lt1' These properties

imply that D is a Hermitian matrix. Moreover, we note that u, in (7)) is the “outer” product

of the stimuli w4, 7.e.,
D = cc”, (27)

where .
c= [c_Lt, e ,CLJ (28)

are the coefficients of the basis functions of u;. Therefore, D is a rank-1 Hermitian posi-
tive semidefinite matrix. This property will be exploited in stimulus decoding (reconstruc-
tion).

Theorem 3. Encoding the stimulus u, € H, with the neural circuit with complex cells given
m @ into the spike train sequence (ti), kel,i=1,2,.. M, satisfies the set of equations

Tr(®D)=¢q kel i=1,---,M, (29)
where Tr(-) is the trace operator, D is the rank-1 positive semidefinite Hermitian matriz

D = cc”, ¢, = K'6" — bi(tzﬂ —t}) and (®}),k € I'i = 1,--- | M, are Hermitian matrices
with entries in the (lt2 + L+ 1) -th row and (lt1 + L, + 1) -th column given by

) that )
@i, = [ e, 0,00 [ Hilsisen, (e, (s)dsidss (30)
t; 1 2 D 1 2

12



Proof: Plugging in the general form of u, in into , the left hand side of amounts

to ,
et ;
_Z Z dltl’_%/t}; eztl—th(t)dt/DQ h2(51§32)€—zt1(51)@zt2<32>d31d32-
1

It is easy to verify that the above expression can be written as

Ly Ly
D> diy o, [®,, = Tr(2iD). (31)

ltl =L thZ*Lt

Finally, we note that since hb,i = 1,--- , M, are assumed to be real valued, (@Z), kel,i=
1,---, M, are Hermitian. U

Remark 5. We note that equation m Theorem@ and equation m Theorem are
the same. These equations represent the t-transform of a complex cell in (rank-1) matriz
and vector form, respectively. The (rank-1) matriz representation is made possible by the

equality us(ty;ts) = uy(t)uq(ty).

3.1.2 Reconstruction Algorithms

Solving the systems of equations and requires at least dim(H,)(dim(H,)+1)/2+ M
measurements. Consequently, practical solutions become quickly intractable. Fortunately,
the encoded stimulus is of the form wuy(t;ty) = uy(¢;)uy(ty). This guarantees that D is a
rank-1 matrix and thus the reconstructed stimulus belongs to a small subset of H,. Therefore,
we can cast the problem of reconstructing temporal stimuli encoded by neural circuits with
complex cells as a feasibility problem, that is, find all positive semidefinite Hermitian matrices
that satisfy and have rank 1. As we shall demonstrate, the latter condition can be
satisfied with substantially fewer measurements.

Recently, there is an increasing interest in low-rank optimizations such as matrix factoriza-
tion, matrix completion and rank minimization, both from a theoretical and from a practical
standpoint [30, 23], B1]. For example, rank minimization has recently been applied to phase
retrieval problems [21].

Our objective here is to find rank-1, positive-semidefinite matrices that satisfy the t-transform
. Since there always exists at least one rank-1 solution, this is equivalent to the following
optimization problem [32]

minimize ' Rank(D)
s.t. T‘I‘(@;D) :q}mke]lzai: 17 7M7 (32)
D=0

The rank minimization problem in is NP-hard. A well known heuristic is to relax the
problem to a trace minimization problem [31]. That is, instead of solving (32)), we
reconstruct u, using Algorithm

13



Algorithm 3. The reconstruction of uy from the spike times generated by the neural circuit
with complex cells is given by

L, L,
Uy(t13ty) = Z Z dy, 1, €1, (1) - e, (L), (33)

ltl =—L, ltzz_Lt

where . .
d_Ltth e d_Ltv_Lt
D= : : (34)
st7Lt .. st7_Lt
is the solution to the semidefinite programming (SDP) problem
minimize A Tr(D)
s.t. Tr(®,D)=q,kel'i=1,--- /M, (35)
D>0

When the matrices (@2), kel',i=1,---,M, satisfy the rank restricted isometry property
[23], the trace norm relaxation converges to the true solution of provided that the

number of measurements is of the order O(dim(?—[l)log(dim (7—[1))) [23]. These results

suggest that stimuli encoded by complex cells can be decoded with a significantly lower
number of measurements than that required by Algorithm [I} To investigate this further, we
applied the above algorithm to decode a large number of stimuli encoded by complex cells
while varying the number of measurements (spikes) used by the decoding algorithm. The
results show that the number of spikes required to faithfully represent a stimulus by a neural
circuits consisting of complex cells is quasilinearly rather than quadratically proportional
to the dimension of the stimulus space. These results are presented in the subsequent
sections.

The matrix of weights D obtained from the above algorithm can be further decomposed to
extract the signal u; (up to a sign) as follows.

(i) Perform the eigen-decomposition of D. Denote the largest eigenvalue by A\ and the
corresponding eigenvector by v. If does not exactly return a rank-1 matrix, choose the
largest eigenvalue and disregard the rest. Let w = v/Av.

(ii) The reconstructed stimulus 4, is given by (up to a sign)

L,
()= Y é,e,),
ly=—L,

where s il

WL, +1 .

e=d W L if (W], 41 #0 (36)

w, otherwise

with ¢ = [é,Lt, e ,éLJT, and [w]y ;. is the (L, + 1)™ entry of w, which corresponds to the

coefficient ¢,.
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If D is rank 1, step (i) decomposes D as an “outer” product of a vector and itself (see (27)).
The resulting vector w differs from the actual coefficient vector of the stimulus u; by up to
a complex-valued scaling factor. This factor is corrected in step (ii). Since u; is assumed to
be real-valued, the “DC” component must be real-valued. Therefore, we rotate w to remove
any imaginary part. In practice, this also ensures ¢_;, = é_lt
Remark 6. Note that we can reconstruct u,(t) up to a sign, since D = cc” and D =
(—c)(—c™) are equally possible. For clarity, in all examples given in this paper, the sign of
the recovered stimulus was matched to the original stimulus.

Remark 7. Note that can be alternatively solved by replacing the objective with the
log-det heuristic [31], that is

minimize ~ log det(D + \I)
st. Te(®D)=g kel i=1,---,M, (37)
D50

where X > 0 is a small reqularization constant. This optimization may further reduce the
rank of D when Algorithm |5 fails to progress to an exact rank-1 solution [31)].

Remark 8. When intrinsic noise is present in the BSG, the encoding of stimuli can be
formulated as generalized sampling with noisy measurements. We modify as follows

minimize Tr(D) 4+ A (sz\il Zkeﬂi(Tr( 2D) N q’i)2> (38)
s.t. D=0

where X\ can be chosen based on the noise estimate. Here, the recovered D may not longer
be rank-1. The largest rank-1 component is used for the reconstruction of stimuli.

While the SDP in provides an elegant way for relaxing the rank minimization problem, it
is limited in practice by the need of large amounts of computer memory for numerical calcu-
lations. The optimization problem (32]) can also be solved using an alternating minimization
scheme [33] as outlined in Algorithm [4| below. The alternating minimization approach is
more tractable when the dimension of the space is very large. Algorithm [4] uses an initializa-
tion step (step 1 below) that provides an initial iterate whose distance from D is bounded.
It then alternately solves for the left and right singular vector of the rank-1 matrix D while
keeping the other one fixed (step 2 below). The resulting subproblems admit a straight-
forward least squares solution, that can be much more efficiently solved than the SDP in
Algorithm [3] Moreover, the algorithm is amenable to parallel computation using General
Purpose Graphics Processing Units (GPGPUs). The latter property makes it even more
attractive when the dimension of the stimulus space is large.

Algorithm 4. 1. Initialize ¢, and ¢y to top left and right singular vector respectively of

Zi]‘il > ket 4. @} normalized to \/i Zf\il zkeﬂi(q;)Q, where o is the top singular value
v o
Of Zz’:l Zke]{i QIZcq)L

2. Solve alternately the following two minimization problems

(a) solve for ¢ by fixing ¢,

¢, = Hém Z Z ‘I’kclcz CIIi)Q (39)

=1 per’
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(b) solve for ¢y by fixing ¢,

Cy = min Z Z kCICQ - QIic)Q (40)
Ca

=1 per’

until M Zeﬂi(Tr(@};éléf) —q4)? <€, where € > 0 is the error tolerance level.

3. compute D = ¢,¢l.
D approximates the coefficients of u, € 7—[2 as in . We can reconstruct wu;, using the
(appropriately scaled) top eigenvector of % (D +D*). This can be obtained directly from &
and ¢, as follows. Let

2
~H A ~H A ~H A ~H A ~H~ ~Hn
Ci CHy —Cy Cq + \/(Cl Cy — Cy C1> —+ 4C1 C1Cy Co

k= , 41
2¢d ¢, (41)
and
1 . €+ ke,
= + ké - 42

the reconstructed stimulus 4, is given by (up to a sign)

L,

Uy (t) = Z ¢, e, (1),

l=—L,
with ¢ given by Equation (36]).

We point out that we made the decoding manageable by exploiting the structure of ws.
Therefore, there is no constraint on the exact form hé(tl;tg) can take, and the decoding
algorithms can be applied to neural circuits with neurons whose DSPs take the form of any
second-order Volterra kernel.

3.1.3 Example - Decoding of Temporal Stimuli Encoded with a Population of
Complex Cells

Here, the neural circuit we consider consists of 19 complex cells. The DSPs of the complex
cells are of the form

hy(tyita) = g1 (091 (B2) + 677 (t) g7’ (t2), (43)
where gi'(t) and ¢{*(t) are quadrature pairs of temporal Gabor filters and i = 1,--- ,19. The

Gabor filters are constructed using a dyadic grid of dilations and translations of the mother
wavelets. The mother functions are given by

() = exp (— (0.3201» cos (407) (44)
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and

G(t) = exp (— (ij)) sin (407t) . (45)

The ensemble of Gabor filters spans the frequency range of the input space. The BSG of the
complex cells are point IAF neurons with bias b = 2 and integration constant k' =1, for
i =1,---,M. These two parameters are kept the same for all stimuli. Different threshold
values are chosen for the IAF neurons in order to vary the total number of spikes, which can
be used to evaluate how many measurements are required for perfectly reconstructing the
input stimuli.

The domain of the input space H; is D = [0,1] (sec) and L, = 20,9, = 20 - 27 (rad/sec).
Thus, we have dim(#H,) = 41. The stimuli were generated by randomly choosing their basis
coefficients from an i.i.d. Gaussian distribution.

We tested the encoding and subsequent decoding of 6,570 stimuli. The total number of
spikes produced for each stimulus ranged from 20 to 220. Reconstructions of the stimuli
were performed using Algorithm [3, and the SDPs were solved using SDPT3 [34].
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Figure 4: Example of low-rank decoding. (A) Effect of number of measurements (spikes) on
reconstruction quality. (B) Percentage of rank 1 reconstructions.

We show the SNR of all reconstructions in the scatter plot of Figure [JA. Here solid dots
represent exact rank 1 solutions (largest eigenvalue is at least 100 times larger than the sum
of the rest of the eigenvalues), and crosses indicate that the trace minimization found a
higher rank solution that has a smaller trace. The percentage of exact rank 1 solutions is
shown in Figure B. A relatively sharp transition from very low probability of recovery to
very high rate of perfect reconstruction can be seen, similar to phase transition phenomena in
other sparse recovery algorithms [35]. It can also be seen that the number of measurements
that are needed for perfect recovery is substantially lower than the 861 spikes required by

decoding based on Theorem [I}

3.1.4 Example - TAF Spike Generators with Random Thresholds

Next, for the circuit presented in Section [3.1.3} we assumed the IAF neurons to have ran-
dom thresholds [I5]. More specifically, during the interval [t},t, ) the threshold of the
-th 1 7 .- . . . . 2
7" neuron was 0. 0, are i.i.d Gaussian random variables with mean § and variance o°.
Since the thresholds are random, the spike times generated by the circuit are no longer
deterministic.
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We chose five different values for § and four different values for o. For each (6, 0) pair, we
presented 50 stimuli to the circuit and subsequently decoded these by solving . We found
that the SNR of the recovery degrades linearly with log(o). Figure [5| depicts the average
SNR of recovery as a function of ¢ for various §. Note that a lower § corresponds to a higher
number of spikes; the inset in the figure provides the average number of spikes produced
by the circuit for each d. The results demonstrate that the low-rank decoding algorithm is
stable to noise and applicable to non-deterministic encoding paradigms.
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Figure 5: Robust reconstruction of temporal stimuli encoded by complex cells. The BSGs of
the complex cells are modeled as ideal IAF neurons with random thresholds. The thresholds
of the TAF neurons were independently drawn from N/ (4, 02). The inset shows the average
number of spikes generated by the entire circuit for each choice of the threshold ¢.

3.1.5 Example - Hodgkin-Huxley Neurons as Biophysical Spike Generators

Here, we evaluate the decoding of stimuli encoded by complex cells with BSGs modeled as
Hodgkin-Huxley neurons. The space of the input stimuli and the structure of the DSPs of
the neurons is the same as in Sections [3.1.3] and [3.1.4] However, as the Hodgkin-Huxley
point neurons generate significantly more spikes than the TAF neurons considered in the
previous examples, we only use here a total of 5 neurons. Again, the DSPs of these 5
neurons span the frequency range of the input space. We presented the circuit with 1,000
stimuli and subsequently performed their sparse decoding. The average number of spikes
generated by the circuit across all stimuli was 215. Figure [|shows the histogram of the SNRs
of the decoded stimuli, with the insets depicting the original and decoded waveforms of a
few representative stimuli. These results demonstrate that the low-rank decoding framework
presented in this section can also be applied to stimuli encoded with a wide range of spike
generators, including the biophysically realistic conductance-based models.
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Figure 6: Histogram of reconstruction SNRs of stimuli encoded by complex cells. The BSGs
of the complex cells are modeled as Hodgkin-Huxley point neurons. Insets show the original
(blue) and recovered (green) stimuli for various SNR values.

3.1.6 Example - Hodgkin-Huxley Neurons with Stochastic Ion Channels

Finally, we again consider the same circuit as in Section However, intrinsic ion channel
noise is added to the Hodgkin-Huxley point neurons. For a detailed mathematical treatment
of Hodgkin-Huxley point neuron with stochastic ion channels, we refer the reader to [19].
Here, independent Brownian motion processes respectively drive each of the gating variables
of the Hodgkin-Huxley neuron, i.e., n (activation of potassium channels), m (activation of
sodium channels) and h (inactivation of sodium channels). The variance of the Brownian
motion processes denoted by o3, o5 and ag , were respectively chosen to be, 100, = 0y =
o3 = 0. We presented 50 stimuli to the circuit and repeated the encoding for eight choices
of 0. For each stimulus presentation, the spike times generated by the circuit were then
utilized to recover the stimulus using the sparse reconstruction algorithm. The results are
presented in Figure [} The points in the figure correspond to the average SNR of the 50
reconstructions for each value of the chosen ¢ and the shaded area represents their standard
deviation. As can be seen from the results, the low-rank decoding framework is robust to
intrinsic noise in conductance-based spiking models up to a certain noise level.

3.2 Low-Rank Functional Identification of Complex Cells

3.2.1 Duality Between Low-Rank Functional Identification and Decoding

As discussed in Section the complexity of identification using Algorithm [2] can be pro-
hibitively high. Often, a very large number of stimulus presentation trials are required to
fully identify the DSP of biological neurons. To mitigate this, we consider exploiting the
structure of the DSP of complex cells as motivated by the tractability of the low rank de-
coding algorithm.
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Figure 7: Robust reconstruction of stimuli encoded by complex cells with stochastic ion
channels. The BSGs are modeled as Hodgkin-Huxley point neurons with stochastic ion
channels. For each noise level o, we set 100, = 0, = 03 = ¢ where O'Z-z .t = 1,2,3, are the
variance of the independent Brownian motion process driving the gating variables n, m and
h, respectively. A larger o represents higher intrinsic noise strength.

We consider a single complex cell whose DSP is of the form

N

ho(tyity) = Zg?(ﬁ)g?(tﬁ» (46)

n=1

where ¢i'(t),n = 1,---, N, are impulse responses of linear filters, and N < dim(H,;). We
note that a complex cell described in Figure is a special case of with N = 2. A
natural question here is whether, by assuming such a structure, the functional identification
of complex cell DSPs is tractable.

Remark 9. It is well known that a second-order Volterra kernel has infinite equivalent forms
but has a unique symmetric form [24)].

We have shown that the low-rank structure of u, leads to a reduction of complexity in
the reconstruction of temporal stimuli encoded by an ensemble of complex cells. We also
described the duality between decoding and functional identification. If we can show that the
functional identification formalism for complex cell DSP is the dual to decoding of low-rank
stimuli, it is straightforward to provide tractable algorithms for identifying hy(t;; ;) of the
form ({46]).

Since Pygi'(t) € Hy,m = 1,--- N, there is a set of coefficients (g;'),l; = —Ly,..., L, and
n=1,2,...,N, such that
Lt
Pugi(t) = > giey(t). (47)
l,=—L,
In what follows wte denote coefficients in vector form as
]T

gn = [gﬁljtv U 7gzt (48)
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Similarly, we denote the coefficients of P hy(t;;t,) in in matrix form as

h_Lt’Lt PR h_Lt7_Lt
H= : ‘ : (49)
th7Lt o oo th7_Lt
Then
N
H=> g"(g"" (50)
n=1

and thus H is a Hermitian positive semidefinite matrix with rank at most N.
Theorem 4. By presenting M trials of stimuli uy(ty;ty) = ui(t))ui(ty), i =1,--+ , M to a
complex cell, its coefficients satisfy the set of equations

Te(V,H)=q, kel i=1,---, M, (51)

where n;+1,i = 1,--- | M, is the number of spikes generated by the complex cell in trial i, H
is a Hermitian positive semidefinite matriz with rank(H) < N, given by H = 27]:[:1 g" (g,
with g" = [¢"p,,- - ,gzt]T, (Wi),kel'yi=1,---, M, are Hermitian matrices with entry
at (lt2 + L, + 1) -th row and (lt1 + L, + 1) -th column given by

) thi )
Wi, = [, 0,0t [ s, (e, (s)dnds, (52)
t’;c 1 2 D 1 2

Proof: From Lemma [2, we have

Li(Pyhy) = qj, k€T i=1,--- M, (53)
where ,
i thia i
£k(7)2h2) = /; /2 UQ(t — Sl;t — 52)(732}12)(81; SQ)dSldSth. (54)
t D
can be obtained following the steps of the proof of Theorem . O

Remark 10. As in Section we note that the similarity in (H1)) and indicates the
duality between low-rank functional identification of complex cells and low-rank decoding of
stimuli encoded by a population of complex cells. The duality is illustrated in Figure [§

3.2.2 Functional Identification Algorithms

To functionally identify the complex cell DSP, we again employ a rank minimization problem

minimize ‘ Rank(H)
st. Te(UH) =g kel,i=1.-,M, (55)
H >0
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sz{z(tli ta)
= S0y Pagi(t)Pugh (t2)

ua(t1;ta)
= uq (ty)ua(ta)

Figure 8: Duality between low-rank decoding and low-rank functional identification. Duality
between low-rank decoding of a stimulus encoded by a population of complex cells and
low-rank functional identification of complex cells. (A) The low-rank decoding algorithm
assumes that the encoded stimulus can be written as uy(t1;ty) = u;(¢1)u(t5). (B) Functional
identification of a complex cell assumes that the structure of the DSP is low rank, i.e.,

P2h2(t1§ tz) = Zr]yzl Plg?(tl)Plg?(t2)-

Algorithm [3] provides a solution to the above rank minimization problem. However, in this
case, the optimal solution shall have rank N. We relax the problem to a trace minimiza-
tion problem and consider the following algorithm for low-rank functional identification of
complex cells.

Algorithm 5. The functional identification of complex cell DSP from the spike times gen-
erated by the neuron in M stimulus trials is given by

732]12 ty;ty) = Z Z L by Cl, )-elt2(t2), (56)

:_Lt lt2
where . .
. h_LtﬂLt h_Lt _Lt
H= (57)
th’Lt thv_Lt
1s the solution to the SDP problem
minimize ‘ ‘Tr(H)
s.t. Tr(V,H)=q,,kel'i=1,--- M, (58)
H:>=0

Based on the results for decoding using Algorithm (3| and provided that h, is of the form
(46)), we intuitively inferred that the number of measurements for the perfect identification
of Pyhy is much smaller than (’)(dim(’Hl)Q) . We demonstrate that this is the case for a
large number of identification examples in the subsequent sections.

This suggests that even if the dimension of the input space becomes large, the functional
identification of the DSP of complex cells is still tractable. This result has critical implica-
tion for performing neurobiological experiments to functionally identify complex cells. First,
it suggests that a much smaller number of stimulus trials is needed for perfect identifica-
tion. Second, the total number of spikes/measurements that needs to be recorded can be
significantly reduced. Both means the duration of experiment can be shortened.
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Remark 11. Note that only the projection of the DSP hy onto the space of input stimuli
can be identified. )
Remark 12. We can use the largest N eigenvalues and their respective eigenvectors of H

to obtain the projection of individual linear filter components Pygy,n =1,---,N. However,
these components may not directly correspond to Pygy,n = 1,--- , N, in that the original
projections may not be “orthogonal”, whereas the eigenvalue decomposition imposes orthog-
onality.

As in Algorithm |4 when applied for solving the decoding problem, the rank minimization
problem above can be solved using alternating minimization, as described in Algorithm [§]
below. Here, we solve for the top N left and right singular vectors of H alternately, where N
is the rank of the second order Volterra DSP. We note that the initialization step is akin to
running an algorithm very similar to the spike-triggered covariance (STC) algorithm widely
used in neuroscience [36, 37, 38,139, 40]. The subsequent steps then improve upon this initial
estimate.

Algorithm 6. 1. Initialize ﬂl and IZIQ to top N left and right singular vectors, respec-

tively, ofzij\il dori, g W with the n'™ singular vector normalized to %\/UL Zf‘il Sr(an)?,
where a, is the top n' singular value of Zf\il Sori, gLl

2. Solve the following two minimization problems

(a) solve for H, by fizing H,

~ i T H 7\2
Hy= Z 2 (Te(PLELHL) — g)) (59)
=1 ger

(b) solve for Hy by fizring H,

S S Hy  i\2
Hy= oo, ZZ (WiHH) - gi) (60
=1 ger

until Z?il Zeﬂ(Tr(\I’LI:III:IgI) — ¢i)* <€, where € > 0 is the error tolerance level.

3. compute H= % <ﬂ1ﬂ§ + ﬂQﬂ{{)

3.2.3 Example - Identification of Complex Cell DSPs from Spike Times

In this example, we consider identifying a single complex cell having the following Volterra
DSP

ho(ty,ta) = g1(t) g1 (t) + gi(t))gs (t), (61)
where
g1(t) = 50 exp (—%) cos (407t) , (62)
(t—0.3)

g:(t) = 50 exp (— ) sin (407t) . (63)

0.002
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In repeated trials we presented to the complex cell 1-second long stimuli chosen from the
input space. The domain of the input space H; is D = [0,1] (sec) and L, = 20,€, = 20 - 27
(rad/sec) and thus, dim(Hi) = 41. The stimuli were generated by independently choosing
their basis coefficients from the same Gaussian distribution. We presented a total of 16,600
different stimuli in the repeated trials. We then randomly selected between 30-80 trial subsets
such that the total number of spikes in each subset was between 60 and 160. We performed
the identification process on each subset using Algorithm [5} The optimization problem was
solved using SDPT3.

For each instantiation of the identification algorithm, we recorded whether the optimization
process resulted in a rank-2 solution and also the SNR of the identified DSP with respect to
the original one. For the purpose of demonstration, we binned these results based on number
of spikes used into bins of width 10. The percentage of rank-2 solutions is shown in Figure[9JA
as a function of number of measurements. The mean SNR is shown in Figure OB.
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Figure 9: Example of low-rank functional identification. (A) Percentage of successful rank-2
recovery in identification. (B) Mean SNR of identified second order DSP kernel.

It can be seen from Figure that the identification algorithm presented here is able to
recover the underlying DSP with exceptional accuracy using a reasonable and tractable
number of measurements.

3.3 Evaluation of Functional Identification of a Neural Circuit of
Complex Cells by Decoding

In Section (3.1} we have shown that the sparse decoding algorithm requires much less number
of neurons and measurements (spikes) in the reconstruction of stimuli encoded by a neural
circuit of complex cells. We have also demonstrated in Section that the proposed sparse
functional identification algorithm enables the identification of complex cells with a tractable
number of measurements. Together, the two algorithms afford us tractable functional identi-
fication of an entire neural circuit of complex cells that is capable of fully representing stimuli
information, in that i) the size of the neural circuit is tractable, and ii) the requirement for
functional identification is tractable.

Decoding of visual stimuli by identified linear filters has previously been considered in [41].
In [I7], it was shown that the evaluation of functional identification of an entire neural circuit
can be more intuitively performed in the input space by decoding the stimuli with identified
circuit parameters. Here, we extend the previous results and apply such evaluation procedure
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on the sparse decoding and sparse functional identification algorithms. The procedure is
described as follows. First, each complex cell is functionally identified using Algorithm
or Algorithm [6] Second, novel stimuli are presented to the neural circuit. Third, the spike
trains observed are used to reconstruct the encoded novel stimuli by the sparse decoding
algorithm, assuming that the circuit parameters take the identified values. Finally, SNR
of the reconstruction can be obtained. A high SNR indicates a well identified circuit while
a low number implies that the functional identification of the neural circuit is not of good
quality. The latter can be caused by a lack of number of measurements used in functional
identification, or by a lack of complex cells in the neural circuit.

We performed the functional identification of all 19 complex cells in the neural circuit given
in the example in Section 3.1.3] We first identified all complex cells by presenting to the
neural circuit M temporal stimuli. We repeated the identification of the entire circuit using
8 different values of M. We then presented to the same circuit (with the original DSPs as
in Section , 100 novel stimuli drawn from the input space and used the spike times
generated by the neural circuit to decode the stimuli. In the decoding process however, we
assumed that the DSPs of the set of complex cells are as identified, for all 8 values of M. The
mean reconstruction SNR of the 100 stimuli is shown in Figure [I0] As shown, the quality
of reconstruction is low until enough trials were used in identification. When more than 19
trials were performed, perfect reconstruction of the entire neural circuit was achieved. The
dimension of the stimulus space was 41 and the average number of spikes per neuron used
for identification varied from 44 for 6 trials to 202 for 28 trials.
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Figure 10: Evaluating identification quality in the input space by plotting the average SNR
of reconstruction of novel stimuli assumed to be encoded with the identified DSPs.

4 Low-Rank Decoding and Functional Identification of
Complex Cells with Spatio-Temporal Stimuli

The framework introduced in Section |3 can be extended to the sparse decoding of spatio-
temporal stimuli and the sparse identification of spatio-temporal DSPs of complex cells.
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Details of the extension to the spatio-temporal case are provided in Appendix [BHD] In what
follows, we present spatio-temporal examples of sparse decoding and identification.

4.1 Low-Rank Decoding of Spatio-Temporal Visual Stimuli

The stimuli u; considered here have p spatial dimensions and a single temporal dimension,
i.e., Uy = Uy (21,29, -+ ,x,,t). For simplicity of notation, we use a compact, vector notation
and denote the spatial variables as x = (1,29, -+ ,2,). When p = 2, u; is the usual 2-D

visual stimulus. The definition of the space of input stimuli is provided in Appendix B}

The encoding of spatiotemporal stimuli by a population of complex cells, and the sparse
decoding of spatiotemporal stimuli are formally described in Appendix [C] Note that the
output of the DSP of each neuron ¢+ = 1,2,--- , M, can be expressed as

Ui(t) = / hé(xbt — $1;Xg,t — 32)u1(X17 Sl)ul(x2v 82)dX1dX2d81d82, (64)
DQ

Here
th(le 115X, 752) = gil (Xla tl)gil(xb tz) + 912 (X1> tl)g?(x% tz) (65)
has low-rank [18].

In this section we provide examples that demonstrate the tractability of sparse decoding of
spatio-temporal stimuli encoded with complex cells using a small number of spikes.

4.1.1 Example - Decoding of 2D Spatio-Temporal Stimuli

We first present an example in which x is one-dimensional, i.e., x = ;. In this example,
our main focus is to illustrate how the number of spikes affects the reconstruction of stimuli
encoded by complex cells.

The neural circuit we consider here consists of 62 direction selective complex cells. The
low-rank DSPs of the complex cells are of the form

hé<xla t1;Xa, tz) = gil (X17 tl)gil (X27 t2) + 9%2(5(17 tl)g?(xg, t2)> (66)

where g (x,t) and g{*(x,t) are quadrature pairs of spatio-temporal Gabor filters and i =
1,---, M. The Gabor filters are constructed from dilations and translations of the mother
wavelets on a dyadic grid, where the mother functions can expressed as

2 2
x t
g1(x,t) = exp (— (gl + 0001)) cos (1.5xy + 207t) (67)

and

2 2
x t :
gi(x,t) = exp (— (é + 0001)) sin (1.5z; + 207t) . (68)

The BSG of the complex cells are IAF neurons with bias b = 10 and integration constant
k=1 fori=1,---, M. These two parameters are kept the same for all stimuli. Different
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threshold values are chosen for the IAF neurons in order to vary the total number of spikes in
a larger range to evaluate how many measurements are required for a perfect reconstruction
of input stimuli.

The domain of the input space H; is D = [0,32] x [0,0.4] ([a.u.] and [sec], respectively) and
L, =6,L, =4,Q, = 0.1875 2r,Q, = 10 - 27 [rad/sec|. Thus, dim(H;) = 117. Stimuli
were randomly generated by choosing the basis coefficients to be i.i.d. Gaussian random
variables.

We tested the encoding of 1,416 stimuli. Each time, a different number of spikes was
generated. The reconstruction of stimuli was performed in MATLAB using the extended
Algorithm [3} and the SDPs were solved using SDPT3 [34].
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Figure 11: Example of low-rank decoding of spatio-temporal stimuli. (A) Effect of number of
measurements (spikes) on reconstruction quality. (B) Percentage of rank 1 reconstructions.

The SNR of all reconstructions is depicted in the scatter plot of Figure [ITJA. Here solid dots
represent exact rank 1 solutions (largest eigenvalue is at least 100 times larger than the sum
of the rest of the eigenvalues), and crosses indicate that the trace minimization found a
higher rank solution with a smaller trace. The percentage of exact rank 1 solutions is shown
in Figure [TIB. Similar to phase transition phenomena in other sparse recovery algorithms
[35], a relatively sharp transition (around 50 spikes) from very low probability of recovery
to very high probability of perfect reconstruction can be seen. It can also be seen that the

number of measurements that are needed for perfect recovery is substantially lower than the
6,965 spikes required by Algorithm [I]

4.1.2 Example - Decoding of 3D Spatio-Temporal Stimuli

Next, we present two examples of decoding of spatio-temporal visual stimuli encoded by a
population of complex cells. Here, x = (z,x5) and the Volterra DSPs of the complex cells
are of the form

hé<X17 115 Xa, t2) = 971;1 (X17 tl)gil (Xz» tz) + gli2(X17 tl)g’f(xz, t2)7 (69)

where ¢i'(x,t) and g{*(x,t) are, for simplicity, quadrature pairs of spatial-only Gabor filters
and ¢ = 1,--- , M. The Gabor filters are constructed using a dyadic grid of dilations,
translations and rotations of the following pair of mother wavelets [15],

g1(x,t) = exp (—% (420% + 21‘3)) cos (2.5z) (70)
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and )
gi(x,t) = exp (_§ (41‘% + 2x§)> sin (2.52;) . (71)

The ensemble of Gabor filters forms a frame in the spatial domain of the input space
[42].

For the first example, a 0.4-second-long synthetically generated video sequence is encoded
by the neural circuit. The order of the input space was chosen to be L, =L, =3,L, =4.
Thus, the dimension of the input space is 441. The input stimulus was created by choosing
its basis coefficients to be i.i.d. Gaussian random variables. The stimulus was encoded by a
neural circuit consists of 318 complex cells. A total of 1,374 spikes were generated by the
encoding circuit. The stimulus was decoded using the extended Algorithm [3] As shown in
Figure the video sequence can be perfectly reconstructed with a fairly small number of
spikes (A snapshot of the video is shown, see also Supplementary Video S1 for full video). The
SNR of the reconstructed video was 92.8 [dB], thereby reaching almost perfect reconstruction
with machine precision. Note that without the reconstruction algorithm employed here,
97,461 measurements would be required from at least 5, 733 complex cells to achieve perfect
reconstruction.

Original Video Reconstructed Video Error

4 -4

2 2

0 0
2 -2 -2
-4 -4 -4

Figure 12: Example of reconstruction of synthesized visual stimuli. A synthetically generated
visual stimulus was encoded by 318 Complex Cells that generated some 1,374 spikes. A
snapshot of the original video is shown on the left. The reconstruction is shown in middle
and the error on the right. SNR 92.8 [dB]. (See also Supplementary Video S1)
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We then performed encoding and subsequent reconstructions of 2-second long natural video
sequences that had a resolution of 72 x 128 pixels. The videos had temporal bandwidth of
10[Hz] and spatial bandwidth of 0.375 cycles per pixel. Additionally, the spatial bandwidth
was restricted to a circular area to make it isotropically bandlimited. The videos were
encoded by a neural circuit consisting of 21,776 complex cells, whose DSPs were modeled
as spatial-only quadrature pair of Gabor filters. The Gabor filters formed a frame in the
spatial dimension of the space.

The decoding was performed using 6 NVIDIA P100 GPUs on a single computer node. Despite
of their computational power, the amount of memory required by the algorithm for decoding
the whole video sequence exceeded the memory capacity of the 6 GPUs. Therefore, the
reconstruction of the entire video was performed by decoding 0.2 second long segments of the
video independently and then stitching them together [16]. The overlap between consecutive
segments was 0.1 second. We chose the order of the space to be L, =27, L, =48, L, =3,
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and the bandwidth of the space to be Q, = Q, = 0.757[rads/pixel] and €, = 207 [rads/s].
We also restricted the spectral lines in the spatial dimension to be inside a circular area
instead of a square area as defined in , i.e., we considered only [, and [, that are in
the set {(l,,,1,,)|2, L, +13 L2 < L2 L3 }. This allowed the bandwidth of the stimuli to be
covered with minimal number of spectral lines [16]. Note that, by the construction of input
space, the decoded video must be periodic in time. However, an arbitrary 0.2-second video
may not be periodic. Therefore, we chose the decoding space to have a temporal period of
0.3 seconds and retained only the middle 0.2 seconds of the reconstructed segments. The
total dimension of the decoding space was 28,413. The extended Algorithm 4| was used in
decoding.

For the example depicted in Figure [13|A, a total of 980,730 spikes were generated by the
neural circuit. About 76,000 to 86,500 measurements were used in reconstructing the video
in each time segment. This is approximately 2.67 to 3.04 times of the dimension of the space.
In contrast, a total of 403,663,491 measurements would have been required by Algorithm
to reconstruct the same video. In Figure [I3A, a snapshot of the original, reconstructed
video sequence and the error are shown (see also Supplementary Video S2) The SNR of the
reconstructed video was 48.85 [dB] (the first and last 20 milliseconds were removed from the
SNR calculation due to boundary conditions).

Additional examples of reconstructed natural video encoded by the same neural circuit are
shown in Figure [13B-E (see also Supplementary Video S3-S6).

4.2 Low-Rank Functional Identification of Spatio-Temporal Com-
plex Cells

The low-rank functional identification described in Section can be extended to identify
DSPs of spatio-temporal complex cells. The functional identification for the spatio-temporal
case is formally described in Appendix [D]

In this section we first provide an example of identification of spatio-temporal DSPs of
complex cells. We then evaluate the identified low-rank spatio-temoporal DSPs by decoding
novel stimuli encoded with the original neural circuit. The decoding uses the identified filters.
Finally, we compare the performance of the low-rank identification methodology with other
identification algorithms.

4.2.1 Example - Low-Rank Functional Identification of Complex Cell DSP from
Spike Times in Response to Spatio-Temporal Stimuli

In this example, we first consider identifying the DSP of a single complex cell in the neural
circuit used in Section [4.1.1} As a reminder, the neural circuit used in the example in
Section encodes spatio-temporal stimuli of the form wu;(z,1).

We presented to the population of M complex cells 0.4-second stimuli, where M varied
from 40 to 80. The stimuli were generated by choosing their basis coefficients as i.i.d.
Gaussian random variables. For each M, we repeated the functional identification process
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Figure 13: Examples of reconstruction of natural visual stimuli. Snapshots of the original
videos encoded by a neural circuit with complex cells are shown on the left. The recon-
structions from the spike times are shown in the middle and the error on the right. Note
that the color bar indicating the magnitude of the error was set to 10% of the input range.

SNR: (A) 48.85 [dB]. (B) 46.92 [dB]. (C) 48.61 [dB]. (D) 50.76 [dB]. (E) 48.11 [dB]. (See
also Supplementary Videos S2-S6)
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for 200 times, each with different stimuli. Identification was essentially based on the extended
Algorithm [3] where the SDPs were again solved by SDPT3.

The percentage of rank 2 solutions is shown in Figure as a function of number of
experimental trials. The mean SNR is shown in Figure[14B. Figure suggests that, if the
number of trials is larger than 70, the solution to the trace minimization coincides with high
probability with the rank minimization problem. In contrast, identification of the complex
cell DSP using Algorithm [2] would have required at least 407 trials.
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Figure 14: Example of low-rank functional identification of spatio-temporal complex cells.
(A) Percentage of successful rank 2 recovery in identification. (B) Mean SNR of identified
second order DSP kernel.

It can be easily seen that the identification process does not require a large number of trials to
achieve perfect identification, thereby enabling the identification of non-linear dendritic pro-
cessing of cells similar in structure to complex cells with a tractable amount of physiological
recordings.

4.2.2 Example - Evaluation of Functional Identification of Neural Circuit of
Complex Cells Using Decoding

We then performed the functional identification of all 62 complex cells in the neural circuit
used of the example in Section [£.1.1} Here, our goal is to evaluate the identification quality
using decoding.

We first identified all complex cells by presenting to the neural circuit M spatio-temporal
stimuli. We also performed the identification of the entire circuit using 8 different values of
M. We then presented to the same circuit 100 novel stimuli drawn from the input space and
used the spike times generated by the neural circuit to decode the stimuli. In the decoding
process, we assumed that the DSPs of the set of complex cells are as identified, for all 8 values
of M. The mean reconstruction SNR of the 100 stimuli is shown in Figure[T5] As shown, the
quality of reconstruction was kept at low SNR until enough trials were used in identification.
When more than 70 trials were performed, perfect reconstruction was achieved, and thereby
the entire neural circuit has been identified with a very high quality.

4.2.3 Comparison with STC, GQM and NIM

We compared the performance of the low-rank functional identification algorithm intro-
duced here with the widely used Spike-Triggered Covariance (STC) algorithm [38]. As in
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Figure 15: Evaluating identification quality in the input space. SNR of reconstruction of
novel stimuli assumed to be encoded with the identified DSPs.

Section [4.2.1] a complex cell with a pair of orthogonal Gabor filters was chosen for identifi-
cation. However, the filters had different norms.

Figure [L6/A shows the quality of identification (SNR) as the number of spikes used in identi-
fication increases. Note that the low-rank functional identification algorithm reached perfect
identification using only 746 spikes, whereas the performance of the STC algorithm satu-
rated at ~ 17 [dB] after almost 40,000 spikes were used. Figure shows the identified
individual Gabor filters of the complex cells using both algorithms. The number of spikes
used are indicated at the top of each column.

We also evaluated the identification performance of the generalized quadratic model (GQM)
[44] and the non-linear input model (NIM) [45] with quadratic upstream filters to the same
example above. The results (not shown) were similar to those obtained with the STC
algorithm.

We note that while the low-rank functional identification algorithm is formulated as non-
linear sampling using TEMs and solved using recent advances in low-rank matrix sensing,
the other algorithms tested here rely on moment based or likelihood based methods that
require a large number of samples to converge.

5 Conclusions

In this paper, we presented sparse algorithms for the reconstruction of temporal as well as
spatio-temporal stimuli from spike times generated by neural circuits consisting of complex
cells. We formulated the encoding as generalized sampling in a tensor space and exploited
the low-rank structure of the stimulus in this space, leading to tractable reconstruction
algorithms. For neural circuits consisting of complex cells, this suggests that, in addition to
each complex cell extracting visual features, a biologically plausible number of complex cells
are capable of faithfully representing visual stimuli. In particular, the examples with natural
video sequences provided in this paper, demonstrate that neural circuits with non-linear
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Figure 16: Comparison of the low-rank functional identification with STC. (A) SNR of
identified quadrature pairs of Gabor filters in a complex cell, as a function of number of spikes
used in identification. Low-rank functional identification reaches nearly machine precision
with about 746 spikes, which corresponds to about 70 stimulus trials (see also Figure .
STC reaches about 17 [dB] SNR with ~ 30,000 spikes. (B) Quadrature pair Gabor filters
(1st column) identified with low-rank functional identification algorithm with 746 spikes (2nd
column, SNR: 128.48 [dB], 130.84 [dB]), and with STC using 39,769 spikes (3rd column,
SNR: 16.79 [dB], 17.88 [dB]) and using 746 spikes (4th column, SNR: 0.20 [dB], 0.60 [dB]).
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receptive fields and highly non-linear spike generating mechanisms, are able to faithfully
represent natural visual stimuli. The number of spikes that increases just quasi-linearly with
the bandwidth or resolution of the stimuli.

Based on duality between sparse decoding and functional identification, we showed that
functional identification of complex cells DSPs can be efficiently achieved by exploiting their
low-rank structure, using similar algorithms as used in decoding. These algorithms make the
functional identification of complex cells tractable, allowing guaranteed high quality identi-
fication using a much smaller set of testing stimuli as well as of shorter time duration.

The mathematical treatment presented here, however, is not limited to the complex cells
in V1. It can be applied to other neural circuits of interest. For example, early olfactory
coding in fruit flies [46] and auditory encoding in grasshoppers [47] have also been shown to
have the structure of low-rank DSP kernels. Moreover, the Hassenstein-Reichardt detector
[48], a popular model for elementary motion detectors in fruit flies, is also I/O equivalent to
low-rank DSP kernels.
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A  Proof of Lemma

Proof: With the t-transform for the 7" stimulus is given by

t2+1 . .
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Finally, with (17), we obtain

Li(Pohy) =qh kel i=1,---, M. (72)

B Modeling of Spatio-Temporal Stimuli

Definition 4. The space of trigonometric polynomials HY is the Hilbert space of complex-

valued functions
ul(X, t) = E E Clxltelxlt (X, t), (73)
L I

X
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where
AR To)

Le € {(ly Ly 1y ) € 2P| = Ly <y < Ly, —Lyy <1y < Lyy,oo —L, <1, <L, },

lhe{keZ — L, <k<L}
over the domain D, where, by abuse of notation, D = [0, 5,,]x [0, S,,]x-- -0, S, ]x[0, 5] and
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lt( ) S, p ( L,
Here Q, denotes the bandwidth, and L, the order of the space in the temporal domain while

Q,. and L, denote the bandwidth and order of the space in the i spatial variable. Stimuli
uy € HY are periodic with periods S, S, ,- - ,Sxp.

We denote the temporal dimension of Hj by dim,(HY) = 2L, + 1 and the total dimension
by dim(HY) = (2L, + 1) [[_,(2L,, + 1).

Definition 5. The tensor product space Hy = HY @ HY is a Hilbert space of complex-valued
functions

Un(Xq,t1;Xa, 1n) Z Z Z Z Le, Ity Legle, €l (x1) €, (t1) €1, (x2) €, (t2) (74)

x1 l*l lxz lt2

over the domain D?.

Note that dim(H5) = (dim(H?))?.

C Encoding of Spatiotemporal Stimuli with a Popula-
tion of Complex Cells

We consider again a neural circuit consisting of a population of M neurons modeling a
population of complex cells as illustrated in Figure [Il The input to the neural circuit is
spatiotemporal stimulus as defined in Section [B]

The input stimulus wu;(x,t) to neuron i is first processed by two spatlo temporal linear
filters whose impulse responses are denoted, by abuse of notation, as g’ (x,t) and gy ’(x,1),
respectively. The output of the linear filters are squared and summed. The sum v ( ), as the
output of the DSP, is then fed into the BSG of neuron 7. The BSG encodes the DSP output

into the spike train (t},) e+ Here I' is the spike train index set of neuron i.
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Figure 17: Duality between low-rank decoding and low-rank functional identification for
spatio-temporal complex cells. (A) decoding of spatio-temporal stimuli encoded by a neural
circuit of M complex cells and (B) functional identification of spatio-temporal complex cells
by presenting M trials of stimuli.

Similar to the temporal case, the neural circuit is equivalent to that shown in Figure [I7A.
Here, the output of the DSP for each neuron ¢ =1,2,--- , M, can be expressed as

v'(t) = /2 R (Xq,t — 813 Xg, t — 89)Uy (Xq, 1)Uy (Xa, 59)dXq dXods, ds,. (75)
D

Here
Ry (x4, t; X2, ts) = g1 (X1, tl)gil (Xq, 1) + 912(?(1, 751)912(7{27 ts) (76)

is the low-rank DSP [18]. The encoding of stimulus by the neural circuit with complex cells
is a special case of the low-rank DSP of the form given in . When using TAF point
neurons as models of the BSGs, we have the following theorem describing the encoding of
stimuli.

Lemma 3. The encoding of stimulus u, € HY into the spike train sequence (tz,), kel,i=
1,2,..., M, by a neural circuit of spatio-temporal complex cells is given in functional form by

7ZU2ZQI27]€€H¢7Z-:17"'7M7 (77)

where T : HE — R, are bounded linear functionals defined by

. st .
Teug = / /2 hy(x1,t — 515 Xg, t — 83)Us(Xq, 515 Xg, 59)dXy dXeds;dsydl, (78)
iy, D

with uy(Xy, t1;Xg, ta) = uy(Xq, t1)us(Xg, ty). Finally, C]lig = K'6" — bi(tiﬂ - ﬁc)
Proof: As in Lemma , the t-transform of the i-th TAF neuron is given by @
The relationship follows after replacing v*(t) given in in equation (). O

Similar to Remark , equation ([77]) shows that the encoding of a stimuli by the neural circuit
with low-rank DSPs can be viewed as generalized sampling.

By abuse of notation, we denote by ¢ the vector representing the coefficients of u; in ,
and D as the matrix representing the coefficients of u, in . We skip here the detailed
entries of ¢ and D due to the complexity of the indices, but their construction follows closely

with and , respectively, and D = cc”.
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Theorem 5. Encoding the stimulus u, € HY with the neural circuit with complex cells given
mn into the spike train sequence (ty,),k € I', i = 1,2, ..., M, satisfies the set of equations

Tr(®,D)=q kel i=1,---,M, (79)

where D = cc™ is a rank-1 Hermitian matriz and (@Z), kel',i=1,---,M, are Hermitian

matrices. [®}] denotes the entry at the

1x2 lt2 ;lxl lt1

((th + Ly, + DIy (Lo, + 1) + 30 (L, + Ly, + DT (2L, + 1)) -th row and the

<(lt1 + Ly + DI (L, + 1) + 50 (L, + Ly, + D)L 2L, +1))-th column, and

[‘1’2]1,(2%2 e, b,

t?c+1 : (80)
/t; €1, —lu, (t)dt /ID)2 h?(xlvsl;x2a32)elxl,71t1 (X1731)671x2,lt2 (X2, 52)dxyds dxads,,
k

where L, = (I, 1y, ,lxm_),@' =1,2.

Proof: Plugging in the general form of uy in into , the left hand side of

amounts to

/i
1Z Z Z Z dlxl’ltl eyl /tzlﬁ—l 6lt1 —l, (t)dt

x1 ltl 1"2 liz

'/2 hé(x1751;$2732)61x1,—1t1 (3’<17=5’1)6—1,(2,zt2 (X2, 59)dx dxads ds,.
D

It is easy to verify that the expression above can be written as

D> i [0, = TE(®ED), (81)
1

X1 lt1 1"2 lt2

where the '
(Gt + Ly + DI Ly + 1)+ 501y, + Ly, + 1) I (2L, +1))-th row

<(lt2 + Ly, + DI (L + 1) + 220 (L, + Ly +1) 5;11(2[,%_2 + 1)>—th column entry of

Jj=1
D amounts to [D]1x1 ltl ;1x2 lt2 = d1x1 ’ltl 7_1x2 7_lt2 .

Since uy(Xq,11; Xg, ty) = u1(Xq,t1)u;(Xg, ty) and dlxl dy bty = O 7ltlc£271t2’ thereby D =
cpH. We also note that since hy,i = 1,--- , M, are assumed to be real valued, (®}),k €
I''i=1,---, M, are Hermitian. O

Low-Rank Decoding of Spatio-Temporal Visual Stimuli
When using an algorithm similar to Algorithm [I] to reconstruct spatio-temporal stimuli

encoded by a neural circuit with complex cells, at least dim(HY) (dim(HY) + 1) /2 measure-
ments are required. In addition, at least dim(HY) (dim(H})+ 1) /(4L, + 1) neurons are
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required, a number that can become unrealistically high with an increasing dimension of the
input space.

With the observation that D = cc” is a rank-one matrix, we can apply algorithms similar to
those described in Section to recover spatio-temporal stimuli encoded by a population
of spiking neurons with low-rank DSPs.

D Low-Rank Functional Identification of
Spatio-Temporal Complex Cells

Similar to Section [3.2] we consider here the identification of low-rank DSP of complex cells
from spike times generated when multiple stimulus trials are presented. We first define the
projection operators in H;. Then, based on , we show that the duality between decoding
and functional identification also holds in the spatio-temporal case.

Definition 6. Let h, € L'(D"),n = 1,2, where L' denotes the space of Lebesgue integrable
functions. The operator Py : L(D) — HY given by

(P c,t) = [ b )Rt X ot (52)
D

is called the projection operator from L' (D) to HY. Similarly, the operator PY : Ly (D?) — H,

given by

(PShy)(x1,t1;Xa, ts) = /2 ho(x1, 115 Xa, t9) KB (X1, X, 11, T2} X1, X, 1, t5)dx; dxadt) dty (83)
D

is called the projection operator from L' (D?) to Hs.

We consider here complex cells whose low-rank DSP can be expressed more generally as

N
h’2(X1>t1;X27t2) = Zg?(xlatl)g?(x%zb)a (84)
n=1
where, by abuse of notation, g7 (x,t),n = 1,--- , N are impulse responses of spatio-temporal

linear filters, and N < dim(HY). Similar to the approach we take in Section , this
particular structure can be exploited to identify the projection of h, using tractable algo-
rithms.

By abuse of notation, we denote g" as the vector representing the coefficients of PYgy,
and H as the matrix representing the coefficients of Pyh,. The detailed entries of g"
and H are constructed similarly to and , respectively. In addition, we have H =
> g (g | | |

Theorem 6. By presenting M trials with stimuli us(Xq,t1;Xg,ty) = uj(Xq,t)u; (X, ts), 1 =
1,---, M, to a complex cell and observing the spike trains t};,k el'i=1,2--,M, the
coefficients of the projections PYhy of the DSP of the complex cell, satisfy the set of equations

Te(WH)=qi kel i=1,---,M, (85)
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where H is a rank-N positive semidefinite Hermitian matriz and (\IIZ), kel,i=1,---,M,
are Hermitian matrices with the entry at the

((ztz + Loy + DTy (Lo + 1) + 30 (L, + Loy, + DT (2L, + 1)) -th row and the

<(lt1 + L, +1) le(in1 +1)+ Z?Zl(lxﬂ + ijl +1) Hg;l(QLx“ + 1)) -th column given by
\H

1x2 lt2 ;lxl ltl -

1 (Xa, $9)dxqds;dxads,,  (86)

27"ty

t;+1 )
/t; €l (t)dt /1])2 U%(X1,31§X2732>@1x1,—lt1 (x1,81)e_1,
k

where 1, = (1,1

T30 Yo T

: 7lacm-)77; =1,2.

Proof: Essentially similar to the proof of Theorem [4]

Remark 13. Theorem [5 and Theorem [6 suggest that decoding of spatio-temporal stimuli
encoded by a population of complex cells is dual to the functional identification of the DSP of
complex cells presented with multiple stimulus trials. This is further illustrated in Figure[17
Note that in identification, only the projection of the complex cell DSP onto the stimulus
space can be identified.

Based on Theorem [0 we can formulate functional identification algorithms for complex cell
DSPs of the form with a significant reduction in the number of required trials and spikes.
The algorithms are similar to those presented in Section [3.2.2
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