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Abstract—Recent work in [1]-[3] quantified, in the form of a
complexity exponent, the computational resources required for
ML and lattice sphere decoding to achieve a certain diversity-
multiplexing performance. For a specific family of layered lattice
designs, and a specific set of decoding orderings, this complexity
was shown to be an exponential function in the number of
codeword bits, and was shown to meet a universal upper bound
on complexity exponents. The same results raised the question
of whether complexity reductions away from the universal upper
bound are feasible, for example, with a proper choice of decoder
(ML vs lattice), or with a proper choice of lattice codes and
decoding ordering policies.

The current work addresses this question by first showing that
for almost any full-rate DMT optimal lattice code, there exists no
decoding ordering policy that can reduce the complexity exponent
of ML or lattice based sphere decoding away from the universal
upper bound, i.e., that a randomly picked lattice code (randomly
and uniformly drawn from an ensemble of DMT optimal lattice
designs) will almost surely be such that no decoding ordering
policy can provide exponential complexity reductions away from
the universal upper bound. As a byproduct of this, the current
work proves the fact that ML and (MMSE-preprocessed) lattice
decoding share the same complexity exponent for a very broad
setting, which now includes almost any DMT optimal code (again
randomly drawn) and all decoding order policies. Under a basic
richness of codes assumption, this is in fact further extended
to hold, with probability one, over all full-rate codes. Under
the same assumption, the result allows for a meaningful rate-
reliability-complexity tradeoff that holds, almost surely in the
random choice of the full-rate lattice design, and which holds
irrespective of the decoding ordering policy. This tradeoff can be
used to, for example, describe the optimal achievable diversity
gain of ML or lattice sphere decoding in the presence of limited
computational resources.

I. INTRODUCTION

In MIMO systems, the prohibitively large computational
costs of maximum likelihood (ML) decoding serve as motiva-
tion to consider different branch-and-bound algorithms [4]-[6]
which can provide computational savings at the expense of a
relatively small error-performance degradation. In the setting
of quasi-static MIMO channels, the computational complexity
of such decoding algorithms such as the sphere decoder (SD),
has random fluctuations which are induced by the randomness
in the fading, the noise and the transmitted codeword. In the
presence of computational constraints, this fluctuating com-
putational requirements cause error performance degradation
due to additional ‘outage’ events where the instantaneous com-
putational requirements exceed the computational constraints.
These constraints, henceforth denoted as N,,.., describe the
amount of computational reserves, in floating point operations
(flops) per duration of one codeword, that the transceiver
is endowed with, in the sense that after Np,. flops, the
transceiver must simply terminate, potentially prematurely and
before completion of its task. Consequently any attempt to
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significantly reduce the computational constraints may be at
the expense of a substantial degradation in error-performance.
This brings to the fore a certain rate-reliability-complexity
tradeoff, which we explore.

Recently the work in [1] provided rigorous and simple
answers to the broad question of how large computational
reserves are required by ML sphere decoders to achieve,
for specific codes and decoding ordering policies, a certain
diversity-multiplexing performance (DMT, [7]). As in [1], [2],
these reserves are quantified in the high signal-to-noise ratio
regime, to take the form of a complexity exponent

1 NIIIE}X
c= lim 2Biimex (1)

SNR—oo  log SNR

The same work in [1] also provided a universal upper bound on
the computational resources required to achieve, for increasing
SNR, a vanishing gap to the brute force ML error performance.
This analysis showed that specific families of lattice codes, and
specific decoding ordering policies, in fact meet this universal
complexity upper bound. The same conclusions were drawn
later on for MMSE-preprocessed lattice decoding, with the
work in [2] proving the somewhat surprising fact that, for
the above mentioned specific codes and decoding ordering
policies, the ML and lattice sphere decoders meet the same
universal upper bound, and thus share the same complexity
exponent.

The natural question is of course whether there exist codes
and decoding ordering policies that do not meet the universal
upper bound and thus provide substantial (polynomial in SNR
and exponential in the number of codeword bits) reductions in
the computational complexity. A step towards answering this
was found in [3] which considered a general setting of MIMO
scenarios, of fading statistics and lattice codes, to show that
there exist code-channel dependent decoding ordering policies
for which the complexity meets the universal upper bound.

The current work comes closer to establishing the minimum
computational resources required by ML and lattice based
SD to achieve the optimal diversity-multiplexing performance
(and a vanishing gap to ML), by shedding light on whether
all codes and all decoding ordering policies share the same
need for resources that match the above mentioned universal
upper bound that was shown in [1], [2] to be necessary for
specific policies and lattice designs. Towards this our work
here proves that this universal upper bound is in fact tight, for
both ML and lattice SD, for almost any full-rate DMT optimal
lattice code, and then for any decoding ordering policy. To
clarify, this means that, if we were to randomly pick a code
from the ensemble of DMT optimal lattice designs, then with
probability one, this code would be such that there would exist



no decoding ordering policy that could result in complexity
that is less than that described by the universal upper bound.

As a consequence to this, the work also shows that ML and
(MMSE-preprocessed) lattice SD have matching complexities
with probability one (in the choice of DMT optimal codes)
and irrespective of the decoding ordering policy. Under a basic
richness of codes assumption defined in Section III, this is in
fact further extended to hold, with probability one, over all
full-rate codes.

Under the same assumption, the above breakthroughs allow
for a more meaningful rate-reliability-complexity tradeoff that
holds for both ML and lattice SD, almost surely in the random
choice of the full-rate code, and which holds irrespective of the
decoding ordering policy. Whereas in the past, such tradeoff
could be derived under the strict restrictions on the decoding
ordering, now this tradeoff is more meaningful and can provide
insights that hold, with probability one in the choice of full-
rate code, irrespective of the channel-dependent or channel-
independent decoding ordering policy. One could use this
tradeoff to, for example, provide insights on the achievable
DMT performance of powerful encoders and decoders that are
limited to use computational resources corresponding to less
computational expensive but also less powerful transceivers.

A. System model

The general ny X ng (np < npr) point-to-point quasi-static
MIMO channel is given by

Yo =+/pHcXc +Wg, 2

where X € C""*T, Yo € C*»*T and W € CnaxT
represent the transmitted, received and noise signals over a
period of T" time slots, where the fading matrix Ho € C"r*"T
is assumed to be random, with elements drawn from an i.i.d.
Rayleigh fading statistics, and where p denotes the signal to
noise ratio. After vectorization the real valued representation
of (2) takes the form

y = vpHx +w, 3)

_ ~ _ |RefHc} —Im{Hc}
where H = I ® Hr with Hy = ImHc) Re{Hc) |’
x = (xT,--- x0T with x, = [Re{Xp.c} ", Im{X, c}"]|*

fort =1,---,T, where X; ¢ is t-th column of X¢, y and
where w are defined similar to x. For a rate R that scales with
SNR as a function of the multiplexing gain » = R/log p > 0,
we consider a (sequence of) full-rate linear (lattice) code(s) X
given by &, = A,NR’ to consist of the elements of the lattice
A, that lie inside the shaping region R’ which is a compact
convex subset of R” that is independent of p. Specifically

=" A and A2{Gs | s € Z"}, where Z* denotes the

A Ep=
+ dimensional integer lattice, and where the lattice generator
matrix G € R*** is full rank and independent of p. We clarify
that the code is drawn randomly from the ensemble of DMT
optimal lattice designs, in the sense that the coefficients in
G are independently and randomly chosen from a continuous
distribution over the real numbers, and are then held fixed.
We also clarify that in our setting, the use of DMT optimal
full-rate codes means that xk = 2np1". After vectorization the
codewords take the form

—rT Kk A K r
x=p ~ Gs, seSI=Z"Np=R, 4

where R C R" is a natural bijection of the shaping region R
that preserves the code, and contains the all zero vector 0. For
simplicity we consider R £[—1, 1]* to be a hypercube in R”
although this can be partially relaxed. Combining (3) and (4)
yields the equivalent system model

y =Ms + w, (5a)
where Mép%*%HG € R2nrTxr, (5b)

B. Sphere Decoder

Let QR = M be the thin QR factorization of the code-
channel matrix M and r £ Q®y, then (5a) yields r = Rs +
Qw and the ML decoder for this system takes the form

Sy = arg min r — RS[*. ©)

We use SD to implement the decoder in (6), which recursively
enumerates all candidate vectors § € S¥¥ within a given sphere
of radius £ > 0. The algorithm specifically uses the upper-
triangular nature of R to recursively identify partial symbol
vectors Sg, k=1, , k, for which

[rr — Ri8e? < €2, (7)

where §; and rj, respectively denote the last & components of
§ and r, and where R, denotes the k x k lower-right submatrix
of R.

We note that the error performance and the total number of
visited nodes is a function of the search radius &£. As in [1],
we use a fixed search radius £ = /zlog p for some z > d(r)
such that

P (|Qw|? > &) < p0), (8)

which implies a vanishing probability of excluding the
transmitted information vector from the search. We use = to
denote the exponential equality, i.e., we write f(p) = p® to

1 S S
denote lim M = B, and <, <, and >, > are defined
p—oo  logp
similarly.

a) Decoding order policies:: We note that permuting
the columns of generator matrix G by replacing it with GII
for some permutation matrix IT € R***  changes the order
in which the symbols in s are enumerated by the sphere
decoder, without changing the codebook. Such permutations
have been known to play a role in reducing complexity by
reducing the number of nodes visited by the sphere decoding
algorithm. Such policies can correspond to a fixed decoding
order where II does not change with the channel realization,
or to a dynamic decoding order where II can vary with the
channel realization. We will here consider the most general
case where IT may vary with the channel.

C. Rate-reliability-complexity
MIMO communications

tradeoff in outage-limited

In the high SNR regime, a given encoder &, and decoder

D, are said to achieve a multiplexing gain r and diversity gain
dp(r) if (cf. [7])

lim R(p) =,
p—oo log p

. log P,
— lim =

and
p—oo log p

dp(r) (9)

where P, denotes the probability of codeword error with a
ML-based sphere decoder D, employing time-out policies.



As noted, for Ny« describing the computational reserves
in flops, the complexity exponent takes the form

log Nmax

(10)
log p

e(r) == plggo

In terms of error-performance gaps, we first consider the
gap of D, to ML, i.e, the gap between the error performance
P, of D, to the optimal error performance P (§ps, # s) of
the brute force ML decoder. Given a certain computational
constraint Ny,,x = p¢ for D,, this gap is quantified in the
high SNR regime to be

g(c) = lim #
p—oo P (81 # )

. (11)

A vanishing gap g(c) = 1 means that with Ny, = p° flops,
D, can asymptotically have near identical error performance
as the optimal ML decoder.

Similarly, when considering the MMSE-preprocessed lattice
sphere decoder, we are interested in the performance gap to
the exact implementation of the MMSE-preprocessed lattice
decoder. As before, in the presence of Ny,,x = p°* flops for
the lattice sphere decoder, we have a vanishing gap when

P
g(cr) 2 lim L

PG As)

12)

where P, describes the error probability of the preprocessed
lattice sphere decoder, and where P (8, # s) describes the
error probability of the exact solution of MMSE-preprocessed
lattice decoder.

II. COMPLEXITY OF ML-BASED SPHERE DECODING

The total number of visited nodes is commonly taken as a
measure of the sphere decoder complexity! and is given by

Nsp =Y N,
k=1

13)

where Ny denotes the number of visited nodes at layer k
that corresponds to the kth component of the transmitted
symbol vector s and is given by N, = |N},| where N} 2{8; €
Sy | Ire — Rudpl” < €2}

We are interested in the ML-based SD complexity required
to achieve a vanishing performance gap to brute force ML2.
We recall that a ML-based SD with run-time constraints, in
addition to making the ML errors (Sp/1 # s), also makes
errors when the run-time limit of p” flops for x > ¢(r)
becomes active, as well as when the fixed search radius &
causes N, = (). Consequently the corresponding performance
gap to the brute force ML decoder, takes the form (cf. (11))

P ({8mr # s} U{Nsp > p*} U{N, = 0})
P (8mrL #s)

g(z) = lim

p—00

't is easy to show that in the scale of interest the SD complexity exponent
¢(r) would not change if instead of considering the total number of visited
nodes, we considered the total number of flops spent by the decoder.

’In this case only, this same complexity can be shown to match the
complexity required by ML-based sphere decoders to achieve an optimal DMT
performance.

To bound the above gap, we apply the union bound in conjunc-
tion with (8) and the fact that P (N, = 0) < P (|| Q" w]| > &),
to get

g(z) < lim

o (PEE P2 )
p—r00

P (8mr #8)
Thus a vanishing gap to brute force ML decoding requires that
> uia
tim D50 20
p—=oo P (Spp #8)

Now going back to (10), and having in mind appropriate
timeout policies that guarantee a vanishing gap, the complexity
exponent ¢(r) can be bounded as ¢(r) < ¢(r) < ¢(r), where

log P (Nsp > p*)

- A . _ .

¢(r) = inf{x | plgrolo Tog >d(r)}, (15a)
A . logP(NSD sz)

e(r) =supiz | — lim Tog <d(r)}. (15b)

We note that ¢(r) and c(r) respectively denote sufficient and
necessary conditions that guarantee a vanishing gap to ML
performance.
H

We define ;= —%, j = 1,---,np, where
p1 > o+ > pp, and where o;(HEZHc) denotes the j-th
singular value of Hg H¢. The upper bound on the complexity
exponent can be obtained following the footsteps of the proof
for [1, Theorem 2] and is given by ¢(r) < ¢&(r) where

nr +
E(r)émgx TZmin (nTT_(l_Mj)’nTT) (16a)
j=1

s.t. I(p) <d(r),
M1 ZZ,UnT 207

(16b)
(16¢)

where p satisfies the large deviation principle with rate
function I(p). Equivalently for p* = (ui,---, ;) being
one of the maximizing vectors such that I(p*) = d(r),

we have that &(r) = 7377, min <é — (1= pj), nTT?
Furthermore given the monotonicity of the rate function I(),
and the fact that the objective function in (16) does not increase
in p; beyond p; = 1, we may also assume without loss of
generality that p7 <1 for j =1,--- ,ny. It follows that

e(r) < é(r) = TnZTmin (T —(1- u§)>+~

nr

a7

=1

In order to establish a lower bound that matches the upper
bound in (17) irrespective of the decoding ordering policy, we
define the following lemma.

Lemma 1: Let G, be the matrix consisting of any 2pT'
columns of the (fixed but) randomly chosen generator ma-
trix G where entries of G are independently chosen from
a continuous distribution over the real numbers. Let V,
be the matrix consisting of the 2p columns of the unitary
matrix V corresponding to the 2p largest singular values
of Hi, where V is such that Hy = UXVH, where

3 2 diag{o1(HR), -+ ,02,,.(Hg)} and VVH = 1. Then
almost surely, in the choice of G we have that
rank((Ir ® V}1)G,) = 2pT. (18)



It then follows that for any fixed or dynamically changing
column permutation matrix I, and for Gy, denoting the first
2pT columns of the matrix GII, it holds that

P({o1 (Ir ® VING,) > u}) =p°% u>0. (19

Proof: ForvH i=1,--- 2pT denotlng the 2pT linearly
1ndependent rows of the matrix IT ®V with rank 2pT" and for

g, t =1,---, Kk denoting the k 11nearly independent columns
of the full rank matrix G, then
vi'g vi'g.
(Ir® V;HG = :
VZ)Tgl VéqugH

Since v, i =1,---,2pT are fixed and linearly independent,
any 2pT columns of (It ® Vf )G are linearly indepen-
dent (rank((Ir ® V}')G,) = 2pT), with probability one.
This in turn implies that, given such linear lattice codes
that are drawn with probability one, there exists a unitary
matrix 'V, such that irrespective of the fixed or dynamically
changing column permutation matrix II, it is the case that
rank (I @ (V) )G|p) = 2pT. Consequently, it follows
that o1 ((Ir @ (V,)")Gy,) > 0.

Now, by the continuity of singular values [8],
it follows for sufficiently small u > 0 that
P ({0} ((IT®VH)G‘p) >wu}) > 0, which implies® that
P ({o1 (Ir @ VIG,) > u}) = p° as (Ir @ (V,)7)Gy, is
independent of p. ThlS proves Lemma 1. [ |

A. Lower Bound on Complexity

To tighten the lower bound and show that ¢(r) = &(r), we
will use Lemma 1 to show that, irrespective of the ordering
policy, the sphere decoder visits a total number of nodes that
approaches p®("), and does so with probability that is large
compared to the ML error probability. We consider the codes
that satisfy (18) and which appear almost surely as shown in
Lemma 1.

Towards this we let ¢ € {1,x} be the largest integer for
which = — (1 — p7) > 0, in which case (17) takes the form

_Ti<7;_(1_ﬂ;)).

We quickly note that without loss of generality we can assume
that ¢ > 1 as otherwise ¢(r) = c( ) = 0. Consequently it is
the case that pj >0 for j =1, ,q.

We proceed to define four events 01, Q9, Q3 and €4 which
we will prove to be jointly sufficient so that at layer k = 2¢T,
for some ¢ € {1,nr} the total number of nodes visited by
sphere decoder is close to p°("). These events are given by

O 2{pf — 26 < py < pj —

(20)

67j:17"'7q

) 2n
0<p;<éj=q+1, - ,nr},
for a given small 6 > 0,
0 2{o1 (Ir © V;)Gyp) > ul, (22)

3In light of the fact that event 'V, has zero measure, what the continuity of
eigenvalues guarantees is that we can construct a neighborhood of matrices
around 'V, which are full rank, and which have a non zero measure. We also
note that the matrices 'V, can be created recursively, starting from a single
matrix Vap ..

for some given v > 0 independent of p, where p = np — q,

Q32 {lw]]* < €2} (23)

2 { sl < 3% |

Note also that by choosing d to be sufﬁciently small, and
using the fact that pj > 0 for j = 1,---, ¢, we may without
loss of generahty assume that €2 1mp11es that p; > 0 for all
] = 1 nr.

It is shown in [1] that in the presence of events 21, {25 and
Q3 we can remove the boundary constraints of ML-based SD
in (6), which allows us to lower bound the number of nodes
visited at layer k as (cf. [1, Lemma 1])

k 2 \f+
Nk>}:[1[¢w_ k| .

Following the footsteps of [1, Lemma 2] it can be shown that
in the presence of events 21, {5, (23 and )y

(24)

(25)

oi(Rp)<p~ T L 20=Ror) G =1,... 2¢T, (26)
where 157 (i) £ 55 ]. Consequently, going back to (25), we

have that for k = 2¢T with ¢ € {1,np — 1} we have that

N2qT > p(ZQqT (77%(1 ML2T(’))) 3qT5) _ p(5(T)*3qT6)’
where the last equality follows from (20). For the case of
q = nr, it can be shown that

rT 5

Nogp 3 p=imn (1 =0-30-000.0)) = pEm)—rd),
Consequently for ¢ € {1,n7} we have that Ngp > p&(")—K?
for small § > 0, where K € {3¢T, x}. We note that (21)-(24)
jointly imply that Ngp > p®" =59 For some &' £ K&+ 61,
where 6 > §; > 0, it follows that
P (NSD > pé(T')_é/) >P (Ql N N3N Q4) =P (Ql)
(27)

where exponential equality follows from the independence
of the events Qq, Qy, Q3 and 4 for i.i.d. Rayleigh fading
statistics (see [9] on the independence of eigenvalues and
eigenvectors) and from the fact that P (Q3) = p¥ (cf. (19)),
P (923) = p° (cf.(8)) and P (£24) = p°.With Q; being an open
set, we have that

— lim L ()

Jm e, S inf I(p) =1I() <I(p")

ueﬂl =d(r) (28)

where i = {uj —26 -,y —20,0,---,0}, where the last
inequality follows from the monotonicity of the rate function
I(p) and where last equality follows from the fact that, by
definition, I(p*) = d(r). Consequently (27),(28) along with
(15b) imply that ¢(r) = ¢&(r), for arbitrarily small § > 0. The
following directly holds.

Theorem 1: For ny X ng (ng > nr) quasi-static MIMO
channels with i.i.d. Rayleigh fading statistics and any DMT
optimal full-rate linear code (fixed but) randomly chosen from
a continuous distribution over the real numbers, irrespective
of the fixed or dynamically changing decoding order, the
complexity exponent of the ML-based sphere decoder almost
surely, in the choice of the DMT optimal lattice code, matches



the universal upper bound on the complexity exponent given
by (16).

We caution reader that Theorem 1 does not imply that dy-
namic decoding orders can not provide exponential reduction
in complexity for any code. Instead what it does imply is that,
if a code is picked at random then almost surely its complexity
exponent matches the upper bound given by (16). For any
given specific code finding dynamically changing decoding
orders that can guarantee reduction in the complexity exponent
as compared to (16), remains a challenging open problem.

III. COMPLEXITY OF MMSE-PREPROCESSED LATTICE
SPHERE DECODING

It follows from [2, Theorem 1] that the universal upper
bound on the complexity exponent of MMSE-preprocessed
lattice sphere decoding, which holds irrespective of any fad-
ing statistics, full-rate code and decoding ordering policies,
matches the upper bound on the complexity exponent for
ML-based sphere decoding and is given by (16). In order
to derive a lower bound on the complexity exponent of
MMSE-preprocessed lattice sphere decoding in the presence
of Lemma 1 and the codes specified therein, following the
footsteps of the [2, Proof of Theorem 1] and the considering
arguments presented in the previous section for the existence
of the lower bound for ML-based sphere decoder that also
hold for MMSE-preprocessed lattice sphere decoder, it can
be shown that for all decoding ordering policies, the lower
bound on the complexity exponent of MMSE-preprocessed
lattice sphere decoder almost surely matches the universal
upper bound. As a result, it implies that irrespective of the
decoding order policies, ML and MMSE-preprocessed lattice
sphere decoder share the same complexity for almost all DMT
optimal full-rate linear codes. The following holds.

Theorem 2: Trrespective of the fixed or dynamically chang-
ing decoding order, the complexity exponent for MMSE-
preprocessed lattice sphere decoding any (fixed but) randomly
and uniformly chosen code (from an ensemble of DMT opti-
mal full-rate linear codes) over the quasi-static MIMO channel
with i.i.d. Rayleigh fading statistics almost surely, in the choice
of DMT optimal lattice code, matches the complexity exponent
of ML-based SD with or without MMSE preprocessing.

Under a basic richness of codes assumption, results of
Theorem 1 and Theorem 2 are in fact further extended to
hold, with probability one, over all full-rate codes. The specific
assumption asks that the ensemble of full-rate lattice codes
that achieve any suboptimal DMT performance, is sufficiently
large so that the entries of the generator matrix corresponding
to a certain DMT performance d(r) accept a continuous
distribution across the real numbers. This in turn implies that,
almost surely in the random choice of a full-rate lattice design
with a certain d(r), a randomly picked generator matrix has
independent columns and that the rank criterion in (18) holds.

We note that the above does not exclude the existence of
full-rate lattice codes that reduce the complexity away from
the universal bound. Such designs may exist, but they will
belong to a set of measure zero.

The basic assumption of richness of codes allows for
a meaningful rate-reliability-complexity tradeoff that holds,
almost surely in the random choice of the full-rate code.

IV. RATE-RELIABILITY-COMPLEXITY TRADEOFF

Looking at (16) it can be seen how one can potentially trade-
off diversity gain with complexity by, for example, reducing

the diversity gain to get a reduction in the required complexity
exponent. This complexity and diversity gain relationship can
be succinctly described by a rate-reliability-complexity trade-
off, which identifies with a concise description of the optimal
diversity gain achievable in the presence of any computational
constraint. The following holds for the quasi-static Rayleigh
fading MIMO channel with ngp > np.

Theorem 3: With probability one in the random choice of
a full-rate lattice design, the achievable diversity performance
dp(r) for ML-based SD with a run-time constraint p°?(")
flops, is uniquely described by

dp(r) = min{d(r),dp(r,x)} V cp(r) >0, (29)

where d(r) is the optimal diversity gain (of uninter-
rupted brute force ML, for the given code), where
dp(r,z) 2lim._,o+ dp(r,cp(r) + €), where dp(r, cD+(r) +
€)=inf I(p), such that TY T, (7:7 -(1- Nj)) >
ep(r) +€ where 1 > g > -+ > py. > 0, and where the
above holds irrespective of the fixed or dynamically changing
decoding order.
Proof: The proof for Theorem 3 is given in [10]. |
Following corollary holds directly from the Theorem 3.
Corollary 3a: For the n x n MIMO Rayleigh fading chan-
nel, and with probability one in the random choice of a
full-rate lattice design, the achievable diversity gain of the
ML and of the (MMSE-preprocessed) lattice SD with a run-
time constraint of p°®(") flops, is uniquely described for
any fixed or dynamic decoding ordering policy by dp(r) =
min{dy.(r),dp(r,cp)}, where dp(r,cp) = K* + (2K +

1)(% +1— (K +1)L), and where K = [%J
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