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Binary Optimization

Let f be arbitrary (even non-smooth) cost function:

min  f(z), st zebB,={-1,1}".

e Example: maxcut problem on G = (V, E)

max Z wij(1 — xzy), st xe{-1,1}"
(i.j)eE

@ Example: maxSAT problem:

max g max{ciz1,cyxa, -, ChTn, 0},
ze{-1,1}" 4
cteCq
s.t. max{cjz1,chxe, - ,Chxn, 0} =1, for ' € Cy

@ Binary optimization is NP-hard due to the combinatorial structure.
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Algorithms for Solving Binary Optimization

o Relaxation methods
o SDP-based approches for binary quadratic optimization.

@ Search methods

e Branch-and-bound, Cutting Plane.
o Heurisitics for specified problems.

o Learning methods:
o Supervised Learning: PtrNet, Neural Diving/Neural Branching.
o Labels for hard problem instances is infeasible to be obtained.
o Reinforcement Learning: Learning for MaxSAT, Neural Rewriter.
@ Regard the solving procedure as a game.
o Unsupervised Learning: Erdos
o Train neural networks in a differentiable and end-to-end manner.
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Maxcut: 0.878 bounds

e For graph (V, E) and weights w;; = w;; > 0, the maxcut problem is
max Zw” —ziz;), stox; € {—1,1}
1<J

@ SDP relaxation

(SDP) max Z’ww(l — Xij)a st. X;; =1, X >0

Compute the decomposition X = VTV, where V = [v1, va, . .., v,]
e Rounding: generate a vector r uniformly distributed on the unit sphere, i.e., ||7|l2 = 1, set

1 viTr >0
€T; = .
—1 otherwise

o Let 77

(spP) and 77

(o) be the optimal values of (SDP) and (Q)

E(W) > 0.878Z{spp) > 0.878Z,
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Reinforcement Learning

Consider an infinite-horizon discounted Markov
decision process (MDP), usually defined by a
tuple (S, A, P, R, po,7);

'i:::ﬂﬂﬂ————

state reward

S, R,
Rx+l
= tetris
bl ) )

@ The policy is supposed to maximize the total expecte reward:

action
A

-quit

- PaUSC

o0
mgx Er [Z ’YtT(St,at)] , With so ~ po,at ~ 7(-[st), st41 ~ P(:|st, at).
t=0
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S2V-DQN: Value-based algorithm for CO on graphs

o Key Observation: @ function in DQN is similar to the manually designed evaluation
function in Greedy algorithms.

@ A state is composed of a problem instance P and a partial solution.

@ A generic greedy algorithm selects a node v to add next such that v maximizes the
evaluation @ function.

Embed Greedy: add

graph best node

- 1¢titeration
Embed Greedy: add

graph best node - QO

‘ - O< ‘\\g 2 jteration

L | L I L J
State Embedding the graph + partial solution Greedy node selection
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Erdos Goes Neural

@ The probability distribution D in Erdos is learned by a GNN.
@ A "good” probability distribution leads to higher quality solutions.

@
Sequentlal
Decoding

Figure: Illustration of the "Erdos goes neural” pipeline.

@ Optimization on explicit formulation of the expectation.
@ Maximum clique problem:

E(D) /8 + 1 Z WiPiP; + = Z pip;-

(vivj)EE vﬁévj
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Parameterized Probabilistic Model

@ MCPG: construct a parameterized model with parameter 6 to output py and generate
x ~ py by Monte Carlo sampling

Probabilistic

Policy Gradient
Model

o MCPG: optimization over the probabilistic space.

@ Erdos: optimization on the expectation of objective function.
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Probabilistic Approach

Let X'* be the set of optimal solutions and consider the distribution,

. 1 %, T E X,
! (QS)ZWIQ‘“(@:{(l)X| zd X*

Motivation: Searching for optimal points X* = Constructing a distribution pg(z) converging
to ¢*(x).

@ A universal approach for various binary optimization problems.

@ Algorithms for continuous optimization can be applied.

@ The optimal points set X'* is unknown.
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Gibbs distributions

@ To approximate ¢*, we introduce Gibbs distributions,

0@ =5 oo (-1, ses,

where Z) = 5 exp (—@) is the normalizer.

@ Given the optimal objective value f*, for any x € B,,

exp (JH_TM) - exp (f*_Tf(x)>
o (z) = S cs, €XD (f—Tf(w)> a (X5 4+ 2 seB, /2 €XP (f*_xf(x)>
— ﬁlx*(ﬁ):q*» as A= 0.

@ The calculation of ¢\ does not require knowledge of A™.
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Parameterized Probabilistic Model

o KL divergence:

Lpollan) =) pole ;

z€B,

@ In order to reduce the discrepancy between py and ¢, the KL divergence is supposed to
be minimized:

L (po [l a») Z po(x + Y po(x)log py(x) + log 2y
$EBn zeB,
1
=3 (Ep, [f(2)] + AE,, [log po(x)]) + log Z.

@ Loss Function (Z) is a constant):

ming Ly(0) = E,p, [f(z)] + AE,, [log ps(z)]
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Gradient for the Loss Function

Suppose for any x € By, pg(x) is differentiable with respect to 6. For any constant c € R, we
denote the advantage function

Ax(z;0,¢) :== f(z) + Alogpg(z) — c.
Then, the gradient of the loss function is given by
VoL(0) = Ep, [Ar(2;6,¢)Velogps(z)] .

One candidate for c is
c=Ep[f(2)].

Very similar to the policy gradient in reinforcement learning!
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Extension: general constrained problem

o Consider
¥ =argmin f(x), sit. c¢(x) =0, z € B,

L1 exact penalty problem

2y = arg min fo(z) := f(x) + ollc(z)]x

xGBn

o Let w :=mingep, {|c(x)|1 | le(x)]|1 # 0} and f* = min,ep, f(z). Define

7= (fo(a") = f*)/w = 0.

For all ¢ > &, «* is a global minima of the penalty problem and z} is also a global
minima of the constrained problem.
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Challenges for prototype algorithm

Probabilistic
Model

Policy Gradient

Challenges for prototype algorithm:
@ High probability to be quickly stuck in the local minima.
e MCPG: apply a filter function T" to enhances the objective function.
@ Poor diversity of samples at the later iterations.
o MCPG: large-scale parallel sampling on GPU.
o Discarding all the previous samples.
o MCPG: MCMC sampling starts from the best solutions found in previous steps.
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Pipeline of MCPG

Sampling with Filter Function Policy Gradient Probabilistic Model

—{Starting Points S1 Sk ] . . Output Probability
MCMC Sampling with p P = po(x|P)

Generate Raw Samples rar e rare T
11 1]
[Raw Samples  {51,-,ST"} .- {st, -, s} Upgate garanleter
«<o-ng
Policy Gradient * Mean Field Policy
Apply Filter Function g= iz A]:Vg log pgy (sl[jp) with Parameter 6 to
$=T(s) kmZ ‘ Generate a Distribution
Y A A y v P ( | ?)
o (-
Samples after ol . am ol ... am t
[Local Search S0 81 e (8o 81 Advantage
i i 1
a=f (&) - s
Selecting Best Samples t f( ') km e G T
A 4 A B

Problem Instance P

—[ Best Samples s sen Sk
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Filter Function

@ The filter function T projects x to a better one in the neighborhood.

o Applied with the filter function, f(7'(z)) has fewer local minima and the same global
minimum as the original one.

12500 12500
11120 1
=
g 12000 12000 11100
£
5 11500 11500 11080
§ =
£ 11000 11000 & 11060 1 f ~== AT1(x)
e 11040 -== ARH)
o 10500 10500 EE
e 11020 —== f(Ta(x))
10000 10000 11000 — st
fx) AT2(x)) AT2(0) AT3(0) AT40) ATes(x) X1 X3 Xs X1 Xo Xn X3 x5 X7 X
(a) Expectation of the objective function. (b) A selected sequence of solutions.
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Filter Function

Definition (Filter Function)

For each x € B, let N (z) C B,, be a neighborhood of z such that z € N(z), |[N(x)| > 2 and

any point in A/(z) can be reached by applying a series of “simple” operations to z. A filter
function T'(x) is defined as

T(x) € argmin f(2),
TEN (z)

where T'(x) is arbitrarily chosen if there exists multiple solutions.

@ Projection to the best solution on the neighborhood:

Ti(z) = argmin f(2), N(x)={&] [ -], <2k}.
l|&—x|l1 <2k

o Algorithms serves as the filter function:
Trs(xz) = LocalSearchys(x).
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Local Search

Local Search:
o Generality: Local search works for various kinds of problem.

o Efficiency: GPUs allow parallel access to the same indexed variable for a large number of
samples.

Pipeline of Local Search with flipping operation:
@ Choose a single variable from the current solution z.
@ Flip the variable to its opposite value.
© Evaluate the new solution to determine if it is improvement.
@ If it is, the variable is flipped to its opposite value
@ Back to Step 1 and continues to the next index in 1.
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Large-Scale Parallel Sampling on GPU

Select variables randomly Transition New states

Sample 1 01-[1]~01 1| o 01 -[0]~01
Sample 2 10|~ 0 ~10 mp o|—|1 m 1f1]- 0 ~10

Sample m 11 0 ~[1]o 1| |1 11 0 ~[1]o

@ GPU: quick for parallel accessing but slow for memory copying.
Sampling in MCPG

@ constructs large number of short chains,

e discards all previous states in transition (no memory copying),

@ outputs the last states for all chains.
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Sampling with Filter Function

The pipeline of the sampling procedure:

S” s

Select Best Solutions

Starting Points

e Sampling procedure based on Metropolis-Hastings (MH) algorithm.

@ S is the raw samples.

o S is the samples obtained by applying filter function.
@ Samples in S is of high diversity.

e Samples in S is of high quality.
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Sampling Algorithm

Algorithm 1: Parallel Metropolis-Hastings algorithm with filter function

Input: The starting state xq, transition number ¢, number of chain m, proposal dist. Q(z'|z).
for j =1 to m do in parallel

Copy the starting state ) = z( for this chain;

for v =0tot— 1 do in parallel

Propose a new state 2’ by sampling from Q(z'|z7);
Compute the acceptance a(z'|zJ) = min (1 M)-

" po(2'|P)Q(e!|27) )
Generate a random number u ~ Uniform(0, 1);

if u < a(z2’|z?) then
‘ Set | = a;
else
‘ Set a3,y = xl;
Obtain s/ = z7;
Apply filter function and obtain §? = T(s?);
return the sample set S = {s!,s2,---,s™} and § = {8}, 82, ... , 3™}
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Probabilistic Model Applied with Filter Function

@ MCPG focuses on the following modified binary optimization:
min f(T(x)), st x€ B,.
@ The probabilistic model is equivalent to

min - Ly(0;P) = By, [f(T(2))] + AEp, [log po(z|P)].

o Empirical gradient:

gx(0) = ZAA z;0)Vglog p(z|0; P).

zeS

5|

where S is the sample set extracted from distribution pg(-|73) and

Ax(@:0) := f(T(x)) + Mogpo(a[P) — 1 o s

z€eS

Zaiwen Wen (BICMR, PKU) MCPG 26 /47



Pipeline of MCPG
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Binary Optimization and Probabilistic model

For an arbitrary function f on B,,, we define the B as

G(f) = min f(z)—f" (1)

TEBR\X*

Proposition

For any 0 < 0 < 1, suppose Lx(0) — f* < (1 —9)G(f), then

P(x € X*) > 4.

Therefore, for z',..., 2™ independently sampled from py, miny, f(z*) = f* with probability at
least 1 — (1 —0)™.

The above proposition shows that with a optimized probabilistic model, the obtained
probability from the optimal solutions is linearly dependent on the gap between the

expectation and the minimum of f.
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Impact of the Filter Function

@ When T'(x) = z, it means that z is a local minimum point.

o For any given = € B3, there exists a corresponding local minimum point by applying the
filter function T to x for many times.

@ We can divide the set B, into subsets with respect to the classification of local minima.

Let X1, Xo, ..., X, be a partition of B,, such that for any j € {1,...,7}, every z € X; has the
same corresponding local minimum point.

Proposition

If there exists some x € B,, such that pg(xz) > 0 and f(x) > f(T'(x)), then for any sufficiently
small X > 0 satisfying

By, [f(2) — £(T(2))] > Alog(max |Xil),

it holds that

KL (pp || Gr) < KL (pg || g») -
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Boundedness of f(T'(z))

Denote N = 2" and sort all possible points in B,, = {s1,...,sn} such that
f(s1) < f(s2) <--- < f(sn). The bounds of f(T'(z)) and E,, [f(T(z))], for a large
probability, are not related to samples spr41, Sar+2, ..., sy for an integer M.

Proposition

Suppose that the cardinality of each neighborhood N (s;) is fixed to be [N (s;)] > X > n+1
and all elements in N(s;) except s; are chosen uniformly at random from B, \{s;}. For

0 €(0,1), let M = [%N—‘ + 1. Then, with probability at least 1 — 6 over the choice of
T(z), it holds:

1) f(T(2)) € [f(s1), f(sm)], Yz € By;

2) Ep, [f(T(2))] < T35 polsi) £(50) + (1 = T3 posi))f(smr) < flsm)-
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Convergence of MCPG

Assumption: Let ¢(x;0) = log pg(z|P). There exists some constants My, My, M3 > 0 such
that, for any = € B,

@ supyega (w3 0)] < My,
Q supyega |Vod(z;0)|| < Mo,
Q HV@l(b(x; 9) — V92¢(I;Q)H < M; ||91 — 92” ,V01,04, € R<.

Let the assumption holds and {6,} be generated by MCPG. If the stepsize is chosen as
nt = C‘/T"tTk with ¢ < L, then we have

207

. 112 log 7 1
i 170 <0 (G5 7).
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Parameterization of sampling policy

@ Mean field (MF) approximation:
po(alP) = [T a2 (1 — ) 202, iy = 3(0; P)
i=1
@ Parameterization of p;:

1 -2«

- 4+, 1<i<n.
1+ exp(—6;)

wi = ¢i(0;)

The probability is scaled to the range (a, 1 — ), where 0 < o < 0.5 is given.

@ For problems graph structures, combining advanced neural networks such as GNN can
also be a good choice.
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@ The maxcut problem aims to divide a given weighted graph G = (V| E) into two parts,
and maximize the total weight of the edges connecting two parts.

@ This problem can be expressed as a binary programming problem:

max Z wij (1 — xizy), st xe{-1,1}".
(i.)el

@ We use the results reported by BLS as benchmark. Denoting UB as the results achieved
by BLS and obj as the cut size, the gap reported is defined as follows:

UB — obj

0B x 100%.

gap =
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@ On the Gset instance, MCPG finds all the best-known results.

@ For G55 and G70, the results obtained by MCPG is better than all the previous reported
results.

Graph|Nodes |Edges |[BLS |MCPG |DSDP |RUN-CSP|PI-GNN|EO |EMADM
G14 (800 |4,694 |3,064 |3,064 |2,922 |2,943 3,026 3047 [3045
G15 |800 |4,661 |3,050 |3,050 |2,938 |2,928 2,990 (3028 |3034
G22 |2,000 {19,990(13,359(13,359|12,96013,028 13,181 |13215|13297
G49 3,000 [6,000 {6,000 6,000 (6,000 6,000 5,018 |6000 (6000
G50 3,000 [6,000 [5,880 (5,880 |5,880 |5,880 5,820 |5878 [5870
Gb5 |5,000 |12,468|10,294 {10,296(9,960 (10,116 10,138 1010710208
G70 |10,000{9,999 [9,541 |9595 |9,456 9,421 |8513 |9557

Table: Computational results on selected Gset instances. The result is sourced from references.
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Maxcut

Numerical results on Gset instances within limited time.

Problem MCPG MCPG-U MCPG-P EO EMADM

name UB gap time gap time gap time gap time gap time
(best, mean) (best, mean) (best, mean) mean

G62 4868 1.36 1.57 197 189 211 189  3.92 4.37 217 263 509 230 402
G63 26997 0.25 0.33 224 030 0.37 214 0.93 1.51 242 0.92 542 0.89 576
G64 8735 0.45 1.25 225  0.98 1.25 216 243 3.08 242 521 542 270 630
G65 5558 1.37 1.74 223 194 216 215 3.82 4.40 240 3.04 465 255 690
G66 6360 1.54 1.86 254 220 243 241  4.30 4.72 267 318 510 255 1032
G67 6940 1.38 1.57 286 1.99 219 270  3.79 4.53 295 296 550 2.51 1110
G72 6998 1.51 1.76 284 217 240 270 473 5.29 294 3.09 554 266 1110
G77 9926 1.49 181 400 238 258 378 481 5.43 425 324 755  2.68 2646
G81 14030 1.74 1.98 571  2.65 2.80 559  5.26 5.57 634 3.46 1038 2.78 6144

o MCPG-U fixes the vertice-wise distribution p; = p(z;) = 0.5 instead of py(x|G) during
the sampling procedure.

@ MCPG-P uses the fixed vertice-wise distribution output by a trained model similar to
Erdos.
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Cheeger Cut

@ Cheeger cut is a kind of balanced graph cut, which are widely used in classification tasks
and clustering.

e Given a graph G = (V, E,w), the ratio Cheeger cut (RCC) are defined as

cut (S, S¢)

ROC(S,5%) = CnqlsT, 15Ty

where S is a subset of V' and 5S¢ is its complementary set.

@ The task is to find the minimal ratio Cheeger cut or normal Cheeger cut, which can be
converted into a binary optimization problem.

> per(l — zizj)
min {> 7" (14 2;), > 1 (1 — )}
st. xe{-1,1}"

min
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Cheeger Cut

@ The objective function of the Cheeger cut is not differentiable.
@ Most algorithms designed for maxcut is not applicable to the Cheeger cut problem.
@ MCPG maintains good performance on Cheeger cut problem.

Problem MCPG MCPG-U MCPG-P pSC
Name RCC time RCC time RCC time RCC time
(best, mean) (best, mean) (best, mean)

G35 2.931 3.039 66 3.036 3.163 65 3.113 3.216 65 3.864 127
G36 2.858 2.894 67 2.922 2.982 65 2.972 3.004 68 3.794 131
G37 2.847 2.899 68 2.984 3.130 69 3.050 3.173 67 3.895 134
G38 2.835 2.861 67 2.875 2.897 69 2.913 2.927 68 3.544 125
G48 0.084 0.085 93 0.085 0.088 93 0.085 0.085 94 0.109 184
G49 0.151 0.158 96 0.157 0.159 96 0.163 0.168 94 0.188 145
G51 2.890 2.908 33 2.914 2.960 34 2.996 3.137 31 3.997 52
G52 2.970 2.990 35 3.083 3.149 37 3.220 3.364 33 3.993 53
G53 2.827 2.846 33 2.892 2.896 31 2.910 2.980 34 3.441 54
Gb4 2.852 2.918 34 2.885 3.018 32 2.928 3.016 35 3.548 57
G63 3.107 3.164 242 3.233 3.358 244 3.334 3.481 241 4.090 373

Table: Detailed result for obtaining ratio Cheeger cut (RCC).
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Classical MIMO Detection

@ The goal for mimo detection is to recover ¢ € Q from the linear model
yc = Heoze + ve.

@ Our aim is to maximize the likelihood, that is equivalent to

ro€

min_||Hcze — yoll3, st. zc € Q.
c€CN

o By separating the real and imaginary parts, the problem is equivalent to the following:

min ||Hz —y|2, st ze {1}V,
min_ || Ha — y] {£1)
o To evaluate the performance, we examine the bit error rate (BER) performance with
respect to the signal noise ratio (SNR).
_ Ell|Hozcl3] _ Mo}

card({x # z*})
. SER = - 2%
2N E[|lve]3] o

v

BER =
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Classical MIMO Detection

Type LB MCPG HOTML MMSE
BER BER time BER time BER time

800-2  0.103731 0.174669 0.50 0.192981 10.63 0.177175 0.10
800-4  0.056331 0.126675 1.00 0.146444 11.88 0.140519 0.10
800-6  0.023131 0.069094 3.96 0.082063 13.47 0.105463 0.10
800-3  0.006300 0.012150 3.29 0.012188 6.22 0.074900 0.10
800-10 0.000969 0.001144 1.61 0.001363 3.35 0.049256 0.10
800-12 0.000031 0.000031 1.31 0.000044 2.35 0.030075 0.09
1200-2 0.104883 0.174588 1.00 0.193192 82.46 0.177675 0.45
1200-4 0.056400 0.127004 1.94 0.145813 77.83 0.140567 0.47
1200-6 0.023179 0.070346 6.47 0.083738 73.94 0.105979 0.47
1200-8 0.006179 0.012529 7.39 0.012654 61.59 0.075567 0.47
1200-10 0.000875 0.001050 5.03 0.001338 22.17 0.050167 0.46
1200-12 0.000058 0.000054 3.16 0.000071 15.70 0.030388 0.46

Table: Results on classical MIMO detection problems when M = N = 800 and M = N = 1200.
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Classical MIMO Detection

8 10 12 2 4 8 10 12

6 6
SNR(dB) SNR(dB)

Figure: Results on classical MIMO detection problems when M = N =800 and M = N = 1200.
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MaxSAT

o Consider the partial MaxSAT problems

max Z max{cizy, chao, -, ¢k x,,0},
cteCy
st. max{cizy,chxe, -, ca,, 0} =1, for ¢ € Co,
x e {-1,1}",

o Exact penalty problem:

max Z w; max{cixy, chaa, -, cxy, 0},
cteChLuUCy
st. xe{-1,1}",
where w; = 1 for ¢; € Cy and w; = |C;| 4+ 1 for ¢; € Cs.
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MaxSAT without hard clauses on randomly generated instances

Problem MCPG MCPG-U WBO/inc SATLike

n |Ci] UB  gap time gap time gap gap gap time
(best, mean) (best, mean)

2000 8000 7211 0.00 0.00 36 0.04 0.06 36 8.17 5.74 0.08 60
2000 8000 7204 0.00 0.01 36 0.06 0.08 35 8.656.18 0.08 60
2000 10000 8972 0.00 0.01 39 0.02 0.03 38 6.885.49 0.12 60
2000 10000 8945 0.00 0.01 39 0.02 0.05 38 6.47 5.62 0.15 60
3000 12000 10811 0.00 0.00 166 0.02 0.04 165 8.46 6.26 0.15 300
3000 12000 10823 0.00 0.00 166 0.01 0.03 166 8.20 5.89 0.12 300
3000 12000 10792 0.00 0.00 165 0.02 0.03 166 8.53 5.93 0.06 300
3000 15000 13712 0.00 0.00 186 0.01 0.01 185 6.66 5.49 0.13 300
3000 15000 13705 0.00 0.00 186 0.00 0.01 185 5.72 5.44 0.16 300
5000 20000 18032 0.00 0.01 341 0.05 0.06 344 7.83 6.32 0.11 500
5000 20000 18008 0.00 0.00 344 0.04 0.06 342 7.16 6.26 0.11 500
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MaxSAT: Statistics on the random track datasets in MSE2016

MCPG SATlike | WBO |WBO-inc
Problem Set| Range best mean
num pct |[num pct [num pct [num pct [num pct
0.00 |53 0.88/22 0.37{18 0.30{2 0.03]11 0.02
(0.00,1.00]|7 0.12138 0.63|31 0.52|0 0.00/8 0.13
min2sat [(1.00,2.00]|0  0.00/0  0.00{11 0.18|0  0.00|27 0.45
(2.00,3.00]|0  0.00/0 0.00/0 0.00/0 0.00/19 0.32
>3.00 ([0 0.00/0 0.00/0 0.00/58 0.97(5 0.08
0.00 |50 0.83|33 0.55/50 0.83]0 0.00/1 0.02
(0.00,1.00]|5 0.08/16 0.27|13  0.05/0 0.00/2 0.03
min3sat |(0.00,2.00]|4 0.07|9 0.15/6 0.10|{0 0.009 0.15
(2.00,3.00]{1  0.02|1  0.02|]1 0.02/0 0.00/8 0.13
>3.00 ([0 0.00/11 0.02/0 0.00{60 1.00{40 0.67
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partial MaxSAT from the MSE 2016 competition

Problem MCPG WBO/inc SATLike

name |Cy |C1| UB gap time gap gap gap time
(best, mean)

min2sat-800-1 4013 401 340 0.00 0.00 27 24.41 2.35 1.47 60
min2sat-800-2 3983 401 352 0.00 0.06 27 24.43 0.85 0.85 60
min2sat-800-3 3956 400 340 0.00 0.03 27 22.351.76 0.59 60
min2sat-800-4 3933 398 349 0.00 0.00 27 26.36 2.58 1.72 60
min2sat-800-5 3871 402 353 0.00 0.42 27 20.11 1.70 0.28 60
min2sat-1040-1 4248 525 458 0.00 0.12 32 21.62 2.40 0.22 60
min2sat-1040-2 4158 528 473 0.00 0.18 33 22.83 1.27 0.21 60
min2sat-1040-3 4194 527 473 0.00 0.29 33 17.12 0.21 0.42 60
min2sat-1040-4 4079 520 474 0.00 0.14 33 18.57 1.69 0.21 60
min2sat-1040-5 4184 523 465 0.43 0.47 33 17.42 1.29 0.00 60
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Many Thanks For Your Attention!

o M. MXEF, FK FHHE, LAEL, mMEM. B FXH5ER,
http://bicmr.pku.edu.cn/~wenzw/optbook.html
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