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CMA-ES with Restarts for Solving CEC 2013 Benchmark Problems

This paper investigates the performance of 6 versions of Covariance Matrix Adaptation Evolution Strategy (CMA-ES) with restarts on a set of 28 noiseless optimization problems (including 23 multi-modal ones) designed for the special session on real-parameter optimization of CEC 2013. The experimental validation of the restart strategies shows that: i). the versions of CMA-ES with weighted active covariance matrix update outperform the original versions of CMA-ES, especially on illconditioned problems; ii). the original restart strategies with increasing population size (IPOP) are usually outperformed by the bi-population restart strategies where the initial mutation stepsize is also varied; iii). the recently proposed alternative restart strategies for CMA-ES demonstrate a competitive performance and are ranked first w.r.t. the proportion of function-target pairs solved after the full run on all 10-, 30-and 50-dimensional problems.

I. INTRODUCTION

The Covariance Matrix Adaptation Evolution Strategy (CMA-ES) proposed by [START_REF] Hansen | Completely Derandomized Self-Adaptation in Evolution Strategies[END_REF], [START_REF] Hansen | Reducing the time complexity of the derandomized evolution strategy with covariance matrix adaptation (CMA-ES)[END_REF] has become a standard for continuous black-box evolutionary optimization. The main advantage of CMA-ES over classical Evolution Strategies comes from the use of correlated mutations instead of axis-parallel ones. The adaptation of the covariance matrix C allows to steadily learn appropriate mutation distribution and increase the probability of repeating the successful search steps.

However, there are several properties of black-box optimization problems which may lead to a premature convergence of CMA-ES, among the most common are multi-modality and uncertainty. To increase the probability of finding the global optima, IPOP-CMA-ES [START_REF] Auger | A Restart CMA Evolution Strategy With Increasing Population Size[END_REF] and BIPOP-CMA-ES [START_REF] Hansen | Benchmarking a BI-population CMA-ES on the BBOB-2009 function testbed[END_REF] restart strategies for CMA-ES have been proposed. The IPOP-CMA-ES was ranked first on the continuous optimization benchmark at CEC 2005 [START_REF] Hansen | Compilation of results on the 2005 CEC benchmark function set[END_REF]; and BIPOP-CMA-ES showed the best results together with IPOP-CMA-ES on the blackbox optimization benchmark (BBOB) in 2009 and 2010 [1]. Later, alternative restart strategies for CMA-ES proposed in [START_REF] Loshchilov | Alternative Restart Strategies for CMA-ES[END_REF] demonstrated an even more competitive performance on some of multi-modal functions during the BBOB 2012. The recently proposed weighted active covariance matrix update of CMA-ES [START_REF] Jastrebski | Improving Evolution Strategies through Active Covariance Matrix Adaptation[END_REF], [START_REF] Hansen | Benchmarking a weighted negative covariance matrix update on the BBOB-2010 noiseless testbed[END_REF] is also a competitive alternative to the original update procedure, it allows to substantially improve the performance both on unimodal and multi-modal functions [START_REF] Hansen | Benchmarking a weighted negative covariance matrix update on the BBOB-2010 noiseless testbed[END_REF]. This paper focuses on analyzing the performance of the restart strategies of CMA-ES with the original and weighted active covariance matrix updates on the CEC 2013 benchmark test [START_REF] Liang | Problem Definitions and Evaluation Criteria for the CEC 2013 Special Session and Competition on Real-Parameter Optimization[END_REF].

The remainder of this paper is organized as follows. Section II presents the main principles of the CMA-ES algorithm. Section III describes the restart strategies of CMA-ES. Section IV explains the experimental procedure and comments the experimental results. Section V concludes the paper with a discussion and some perspectives for further research.

II. THE (µ/µ w , λ)-CMA-ES

The CMA-ES algorithm [START_REF] Hansen | Completely Derandomized Self-Adaptation in Evolution Strategies[END_REF], [START_REF] Hansen | Reducing the time complexity of the derandomized evolution strategy with covariance matrix adaptation (CMA-ES)[END_REF] optimizes an objective function f : x ∈ R n → f (x) ∈ R by sampling λ candidate solutions from a multivariate normal distribution. It exploits the best µ solutions out of the λ ones to adaptively estimate the local covariance matrix of the objective function, in order to increase the probability of successful samples in the next iteration. More formally, at iteration t, (µ/µ w , λ)-CMA-ES samples λ individuals (k = 1 . . . λ) according to

x (t+1) k = N m (t) , σ (t) 2 C (t) = m (t) +σ (t) •N 0, C (t) , (1) 
where m (t) denotes the mean of a normally distributed random vector, C (t) is the covariance matrix and σ (t) is the mutation step-size.

These λ individuals are evaluated and ranked. The mean of the distribution is updated and set to the weighted sum of the best µ individuals as m (t+1) = µ i=1 w i x (t) i:λ , with w i > 0 for i = 1 . . . µ and µ i=1 w i = 1, where index i : λ denotes the i-th best individual after the objective function. In the original CMA-ES the information about the remaining (worst λµ) solutions is used only implicitly during the selection process.

However, it has been shown in [START_REF] Jastrebski | Improving Evolution Strategies through Active Covariance Matrix Adaptation[END_REF] that the information from the worst solutions also can be used to reduce the variance of the mutation distribution in unpromising directions. The corresponding active (µ/µ I , λ)-CMA-ES algorithm demonstrates a performance gain up to a factor of 2 without loss of performance on any of tested functions in [START_REF] Jastrebski | Improving Evolution Strategies through Active Covariance Matrix Adaptation[END_REF]. Later, the active update of (µ/µ I , λ)-CMA-ES was extended to the weighted case of (µ/µ W , λ)-CMA-ES, where w i > w i+1 for i = 1 . . . λ-1. This weighted active (µ/µ W , λ)-CMA-ES (also referred to as aCMA-ES) was implemented in the IPOP regime of restarts as IPOP-aCMA-ES and demonstrated improvements up to a factor of 2 on a set of noiseless and noisy functions from the BBOB [START_REF] Hansen | Benchmarking a weighted negative covariance matrix update on the BBOB-2010 noiseless testbed[END_REF]. More formally, the active CMA-ES only differs from the original CMA-ES in the adaptation of the covariance matrix C (t) . Like for CMA-ES, the covariance matrix is computed from the best µ solutions,

C + µ = µ i=1 w i x i:λ -m t σ t × (x i:λ -m t ) T σ t
. The main novelty is to exploit the worst solutions to compute

C - µ = µ-1 i=0 w i+1 y λ-i:λ y T λ-i:λ , where y λ-i:λ = C t-1/2 (x λ-µ+1+i:λ -m t ) C t-1/2 (x λ-i:λ -m t ) × x λ-i:λ -m t σ t
. The covariance matrix estimation of these worst solutions is used to decrease the variance of the mutation distribution along these directions:

C t+1 = (1 -c 1 -c µ + c -α - old )C t + +c 1 p t+1 c p t+1 c T + (c µ + c -(1 -α - old ))C + µ -c -C - µ , (2) 
where p t+1 c is adapted along the evolution path and coefficients c 1 , c µ , c -and α - old are defined such that

c 1 + c µ - c -α - old ≤ 1.
The interested reader is referred to [START_REF] Hansen | Reducing the time complexity of the derandomized evolution strategy with covariance matrix adaptation (CMA-ES)[END_REF], [START_REF] Hansen | Benchmarking a weighted negative covariance matrix update on the BBOB-2010 noiseless testbed[END_REF] for a more detailed description of these algorithms.

A potential issue of the active update is that the positive definiteness of the covariance matrix cannot be guaranteed anymore, that may result in algorithmic instability. According to [START_REF] Loshchilov | Alternative Restart Strategies for CMA-ES[END_REF], this issue is not observed on the BBOB benchmark suite [START_REF] Hansen | Real-Parameter Black-Box Optimization Benchmarking[END_REF]. In our experiments with the CEC 2013 benchmark suite this issue is also never observed.

III. RESTART STRATEGIES FOR CMA-ES

A. Preliminary Analysis

The CMA-ES algorithm is a local search optimizer and its default population size λ def ault has been tuned for unimodal functions. On multi-modal functions, however, it can get stuck in local optima and the convergence to global optima is not guaranteed. Various approaches to increase the probability of finding global optima have been proposed, many of them belong to i). niching approaches and ii). restart strategies.

A representative approach of the first category is the CMA-ES with the fitness sharing [START_REF] Shir | Adaptive niche radii and niche shapes approaches for niching with the cma-es[END_REF], where the niche radius is adapted during the search that allows to keep several running individual CMA-ES instances on a certain distance from each other, and, thus, maintain some diversity. Another example is the NBC-CMA-ES algorithm [START_REF] Preuss | Niching the cma-es via nearest-better clustering[END_REF] with the niching via Nearest-Better Clustering (NBC) which is employing a radiusfree basin identification method. In this approach, the niches are dynamically identified and the corresponding points are used to form populations for individual CMA-ES instances. According to [START_REF] Preuss | Niching the cma-es via nearest-better clustering[END_REF], for very highly multi-modal functions, the effort invested into the coordination of local searches often does not pay off as it becomes almost impossible to identify enough basins of attraction to obtain an advantage over uncoordinated restarts.

The second category of restart strategies is not that different from the first one since restarts also can be viewed as a parallelized search, but rather in the time than in space [START_REF] Preuss | Niching the cma-es via nearest-better clustering[END_REF]. A milestone paper [START_REF] Hansen | Evaluating the CMA Evolution Strategy on Multimodal Test Functions[END_REF] investigated the probability of reaching the global optimum (and the overall number of function evaluations needed to do so) w.r.t. the population size of CMA-ES. The analysis of empirical results demonstrated that, indeed, this probability is very sensitive to the population size and that the default population size of CMA-ES is rather too small. The restart strategies described in the following sections are inspired by an idea of exploring CMA-ES hyper-parameters such as the population size and the initial step-size.

B. The IPOP-CMA-ES and IPOP-aCMA-ES

As mentioned, [START_REF] Hansen | Evaluating the CMA Evolution Strategy on Multimodal Test Functions[END_REF] demonstrated that increasing the population size improves the performance of CMA-ES on multimodal functions. The authors of [START_REF] Hansen | Evaluating the CMA Evolution Strategy on Multimodal Test Functions[END_REF] suggested a restart strategy for CMA-ES with successively increasing population size. Such an algorithm was later introduced in [START_REF] Auger | A Restart CMA Evolution Strategy With Increasing Population Size[END_REF] as IPOP-CMA-ES. IPOP-CMA-ES only aims at increasing the population size λ. Each time at least one of the stopping criteria is met by the CMA-ES, it launches a new CMA-ES with population size λ = ρ irestart inc λ def ault , where i restart is the index of the restart and λ def ault is the default population size. Factor ρ inc must be not too large to avoid "overjumping" some possibly optimal population size λ * ; in [START_REF] Auger | A Restart CMA Evolution Strategy With Increasing Population Size[END_REF] it is set to ρ inc = 2 that in certain cases allows to keep a potential loss in terms of function evaluations (compared to the "oracle" restart strategy which would directly set the population size to the optimal value λ * ) by about a factor of 2.

The active version of IPOP-CMA-ES (IPOP-aCMA-ES) has been proposed in [START_REF] Hansen | Benchmarking a weighted negative covariance matrix update on the BBOB-2010 noiseless testbed[END_REF].

C. The BIPOP-CMA-ES and BIPOP-aCMA-ES

In BIPOP-CMA-ES [START_REF] Hansen | Benchmarking a BI-population CMA-ES on the BBOB-2009 function testbed[END_REF] after the first single run with default population size, the algorithm is restarted in one of two possible regimes and account the budget of function evaluations spent in the corresponding regime. Each time the algorithm is restarted, the regime with smallest budget used so far is used.

Under the first regime the population size is doubled as λ large = 2 irestart λ def ault in each restart i restart and use some fixed initial step-size σ 0 large = σ 0 def ault . This regime corresponds to the IPOP-CMA-ES.

Under the second regime the CMA-ES is restarted with some small population size λ small and step-size σ 0 small , where λ small is set to

λ small = λ def ault 1 2 λ large λ def ault U[0,1] 2 , (3) 
Here U [0, 1] denotes independent uniformly distributed numbers in [0, 1] and

λ small ∈ [λ def ault , λ/2]. The initial step- size is set to σ 0 small = σ 0 def ault × 10 -2U[0,1] .
In each restart, BIPOP-CMA-ES selects the restart regime with less function evaluations used so far. Since the second regime uses a smaller population size, it is therefore launched more often.

The active version of BIPOP-CMA-ES (BIPOP-aCMA-ES) has been proposed in [START_REF] Loshchilov | Alternative Restart Strategies for CMA-ES[END_REF].

D. The NIPOP-aCMA-ES

The NIPOP-aCMA-ES [START_REF] Loshchilov | Alternative Restart Strategies for CMA-ES[END_REF] is an alternative restart strategy to the IPOP-aCMA-ES, where in addition to increasing of population size in each restart, the initial step-size is also decreased by some factor k σdec . In [START_REF] Loshchilov | Alternative Restart Strategies for CMA-ES[END_REF], this factor is set to k σdec = 1.6 such that σ value after 9 restarts (the default maximum number of restarts in BIPOP-aCMA-ES) roughly corresponds to the minimum possible initial σ = 10 -2 σ def ault used for BIPOP-aCMA-ES. This strategy represents an alternative to the BIPOP-aCMA-ES in the case if the restart strategy is restricted to increasing of population size. It also outperforms IPOP-aCMA-ES and is competitive with BIPOP-aCMA-ES on the BBOB noiseless problems [START_REF] Loshchilov | Black-box Optimization Benchmarking of NIPOP-aCMA-ES and NBIPOP-aCMA-ES on the BBOB-2012 Noiseless Testbed[END_REF].

E. The NBIPOP-aCMA-ES

In NBIPOP-aCMA-ES [START_REF] Loshchilov | Alternative Restart Strategies for CMA-ES[END_REF] as well as in BIPOP-aCMA-ES there are two restart regimes: i). Double the population size and decrease the initial step-size by k σdec = 1.6 (NIPOP-aCMA-ES). ii). Launch CMA-ES with default population size λ def ault and σ 0 = σ 0 def ault × 10 -2U[0,1] . In contrast with BIPOP-aCMA-ES, where both regimes have the same budget, the budget is adapted here according to the performance of the regime: the best solutions x * A and x * B found by regimes A and B are used as an estimate of the quality of the regimes. Thus, k budget = 2 times larger computation budget is allocated for regime A if it performs better than B (i.e., if x * A is better than x * B ), and vice versa.

The NBIPOP-aCMA-ES typically outperforms IPOP-aCMA-ES, BIPOP-aCMA-ES and NIPOP-aCMA-ES on the BBOB noiseless problems [START_REF] Loshchilov | Black-box Optimization Benchmarking of NIPOP-aCMA-ES and NBIPOP-aCMA-ES on the BBOB-2012 Noiseless Testbed[END_REF], especially in larger dimensions.

All the above described algorithms can be viewed as some search algorithms in the space of hyper-parameters λ and σ. The typical patterns of these search algorithms are shown in Fig. 1.

IV. EXPERIMENTAL VALIDATION

The experimental validation investigates the performance of 6 CMA-ES restart strategies: IPOP-CMA-ES, BIPOP-CMA-ES, IPOP-aCMA-ES, BIPOP-aCMA-ES, NBIPOP-aCMA-ES, NBIPOP-aCMA-ES. We use the source code 1 provided by the authors of [START_REF] Loshchilov | Alternative Restart Strategies for CMA-ES[END_REF], which is based on the original MATLAB code2 of CMA-ES provided by N. Hansen. Both for IPOP and BIPOP versions the default parameter settings are used as given in [START_REF] Hansen | Benchmarking a weighted negative covariance matrix update on the BBOB-2010 noiseless testbed[END_REF], [START_REF] Hansen | Benchmarking a BI-population CMA-ES on the BBOB-2009 function testbed[END_REF], [START_REF] Loshchilov | Alternative Restart Strategies for CMA-ES[END_REF]. The initial step-size σ is chosen according to the given search range [-100; 100] as 0.6 • 200 = 120.

For all functions and dimensions the maximum number of function evaluations was set to 10000n.

A. Results

The results individually for each function and problem dimension are given according to [START_REF] Liang | Problem Definitions and Evaluation Criteria for the CEC 2013 Special Session and Competition on Real-Parameter Optimization[END_REF] in Tables II-XIX after the maximum number of function evaluations.

To assess the performance of the algorithms we use a procedure similar to one used in BBOB framework: for each objective function we define a set of function-target pairs ∆f t in the range [10 -1 , 10 4 ]. The lower bound of 10 -1 is chosen because for most of multi-modal functions the objective values below 10 -1 are usually difficult to achieve. Fig. 2 and3 depict the empirical cumulative distribution of running time of the annotated algorithm individually on all objective functions. Importantly, the results for all 3 problem dimensions and 51 runs are aggregated such that if the proportion of functiontarget pairs equals to 1 after a given number of function evaluations, then all 3 • 100 = 300 function-target pairs have been solved 51 times (i.e., 15300 problems solved) by the corresponding algorithm. For some functions, e.g., F20, the yaxis is scaled to better illustrate the difference in performances. Active covariance matrix update. The active versions of CMA-ES clearly outperform the original ones on unimodal illconditioned functions F2, F3, F4. A substantial improvement is also observed on F5, F6, F7. The only function, where the original versions seem to perform better is F21 composition function of functions F1, F3, F4, F5 and F6, i.e., on which the active versions actually perform better. This is an unexpected result and requires further analysis.

BIPOP vs IPOP. BIPOP-based algorithms outperform IPOP-based algorithms on F9, F14, F16, F20, F21, F24, F25, F26, F27, F28, and are outperformed by the latter on F11, F12, F13, F14 and F15. While in some cases the difference is minor, in overall, BIPOP-based algorithms perform better on composition functions.

NBIPOP and NIPOP vs BIPOP and IPOP. The alternative restart strategies outperform the original ones on F9, F12, F16, F20, F24, F25, F26, F27, F28, and demonstrate a comparable performance on other functions.

Computational Complexity. The results of experimental runs on F14 Schwefel's function are given in Table I according to [START_REF] Liang | Problem Definitions and Evaluation Criteria for the CEC 2013 Special Session and Competition on Real-Parameter Optimization[END_REF]. The restart strategies where smaller population sizes are used (e.g., NBIPOP-aCMA-ES) spend more time on internal computations per function evaluation, and are typically up to 2 times slower in terms of time than IPOP-CMA-ES.

V. CONCLUSION AND PERSPECTIVES

In this paper, we have compared the original and recently proposed restart strategies for CMA-ES on the CEC 2013 test suite. The aggregated results depicted in Fig. 4 demonstrate a slightly better performance of the NBIPOP-aCMA-ES and NIPOP-aCMA-ES. A possible reason is that a smaller initial step-size is especially useful on composition functions where the basins of attractions are relatively small. The results also confirm some superiority of the active covariance matrix update.

The main limitation of all tested approaches is that the search in the hyper-parameter space of the population size and initial step-size seems to be inefficient and some potentially useful information from the restarts (e.g., the location of the best found solution) is not used. Another important limitation inherited from the CMA-ES is a lack of functionality which would allow to detect and exploit the separability of the objective function. Thus, the algorithms which specifically focus on separable and partially-separable functions will very likely outperform the CMA-ES and its restarts strategies. The above-described issues need to be addressed in future work. 
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 102 Fig. 2. Empirical cumulative distribution of the number of objective function evaluations divided by dimension (FEvals/D) for 300 function-target pairs in 10 [-1..4] (100 pairs for each of dimensions 10, 30 and 50) for F1, F2, F3.
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 1 Fig. 1. An illustration of λ and σ hyper-parameters distribution for 9 restarts of IPOP-aCMA-ES (•), BIPOP-aCMA-ES (• and • for 10 runs), NIPOP-aCMA-ES ( ) and NBIPOP-aCMA-ES ( and many △ for λ/λ def ault = 1, σ/σ def ault ∈ [10 -2 , 10 0 ]). The first run of all algorithms corresponds to the point with λ/λ def ault = 1, σ/σ def ault = 1.

F28 in 10 Fig. 3 .

 103 Fig. 3. Continuation of Fig. 2.

  [1] A.Auger, S. Finck, N. Hansen, and R. Ros. BBOB 2010: Comparison Tables of All Algorithms on All Noiseless Functions. Technical Report RR-7215, INRIA, 2010.

TABLE I .

 I COMPUTATIONAL COMPLEXITY OF ALL 6 ALGORITHMS GIVEN FOR 10-, 30-AND 50-DIMENSIONAL SCHWEFEL'S FUNCTION (F14).

		T0	T1	(T2 -T1) / T0 for IPOP-CMA	IPOP-aCMA	BIPOP-CMA	BIPOP-aCMA	NIPOP-aCMA	NBIPOP-aCMA
	D=10	0.277	1.778	22.64	25.45	45.97	45.08	59.26	62.39
	D=30	0.277	2.929	38.20	45.66	56.20	64.96	63.64	68.11
	D=50	0.277	4.159	57.29	69.41	84.06	85.43	102.38	103.79

TABLE V

 V 

								.	IPOP-ACMA-ES IN 10-D
									1.990	0.000	0.254	0.482
							14	0.187	65.170	21.825	23.576	14.898
							15	0.250	125.390	18.472	24.250	22.438
							16	0.526	1.598	1.222	1.169	0.228
							17	10.262	12.014	10.784	10.846	0.317
							18	10.227	13.002	11.021	11.076	0.548
							19	0.458	0.873	0.658	0.655	0.097
							20	1.512	4.035	2.604	2.719	0.609
							21	200.000	400.190	400.190	380.564	60.122
							22	16.683	259.830	58.989	70.667	42.842
							23	16.404	243.670	59.730	80.393	49.941
							24	200.000	225.180	205.850	209.341	8.700
							25	200.000	222.810	203.370	203.944	4.543
							26	108.950	220.010	202.730	199.885	20.951
							27	304.010	559.070	462.610	450.354	89.518
							28	300.000	300.000	300.000	300.000	0.000
									2.396	0.995	0.733	0.688
							14	0.312	271.630	27.012	40.118	49.940
							15	0.125	317.210	28.596	47.743	65.849
							16	0.000	1.386	0.051	0.174	0.331
							17	4.490	13.014	11.466	11.409	1.101
							18	7.703	13.686	11.340	11.336	0.974
							19	0.339	0.900	0.575	0.589	0.116
							20	1.001	3.547	2.551	2.538	0.583
							21	100.000	400.190	400.190	315.805	113.884
							22	29.353	233.900	66.714	82.324	45.521
							23	25.760	367.530	85.528	96.398	55.902
							24	102.720	212.520	108.570	127.376	37.218
							25	103.460	206.820	201.300	184.849	36.093
							26	73.031	200.020	107.420	121.129	32.253
							27	300.000	400.000	337.710	340.883	29.434
							28	100.000	300.000	300.000	260.784	80.196
									9.950	4.975	5.371	2.540
			3.982	0.995	1.481	1.009	13	0.995	2.836 7.963 29.051	0.001 2.985 6.965	0.484 2.778 7.595	0.676 1.453 5.468
	14	450.280	2700.500	1204.200	1257.493	442.403	14 14 14	6.892 278.650 381.240	356.120 2221.100 3312.300	76.816 739.970 1335.000	114.997 810.125 1375.403	92.377 360.294 566.544
	15	365.230	2537.000	1331.800	1352.059	504.095	15 15 15	18.597 282.650 333.750	659.330 1674.500 3413.000	151.310 744.850 1495.500	158.161 765.493 1553.688	117.317 294.867 548.191
	16	2.580	4.025	3.386	3.370	0.296	16 16 16	0.011 0.014 0.018	1.369 2.784 3.864	0.054 0.041 0.044	0.120 0.440 0.878	0.263 0.926 1.441
	17	53.824	67.491	57.287	57.737	2.373	17 17 17	10.333 32.451 54.741	12.390 40.384 66.344	11.369 33.593 56.737	11.334 34.419 57.369	0.545 1.869 2.726
	18	55.423	356.310	106.450	193.660	134.807	18 18 18	7.956 32.191 55.241	16.995 186.960 352.130	11.071 39.560 104.030	11.288 62.289 133.647	1.276 45.591 100.310
	19	2.571	5.272	4.544	4.467	0.521	19 19 19	0.010 1.103 3.040	0.876 2.866 5.370	0.518 2.233 4.422	0.525 2.228 4.458	0.139 0.341 0.593
	20	19.790	25.000	22.969	22.985	1.370	20 20 20	1.198 11.117 18.746	3.795 13.636 24.587	2.761 13.131 22.738	2.726 12.940 22.547	0.650 0.598 1.175
	21	200.000	1122.200	200.000	365.287	325.247	21 21 21	100.000 100.000 100.000	200.000 200.000 200.000	200.000 200.000 200.000	152.941 192.157 198.039	50.410 27.152 14.003
	22	218.400	2165.900	895.340	1017.509	466.984	22 22 22	36.355 129.850 188.710	451.250 2390.800 3858.600	141.820 734.260 1336.300	175.131 838.392 1448.353	114.655 459.988 601.295
	23	253.900	3175.900	938.890	1186.484	690.262	23 23 23	24.453 188.220 477.380	512.870 1835.500 4233.400	129.180 666.730 1492.400	174.230 667.086 1712.552	122.831 289.554 809.352
	24	237.470	392.150	382.040	370.404	37.743	24 24 24	100.000 122.800 194.580	202.240 230.390 265.320	107.870 155.520 244.990	119.885 161.757 239.643	32.220 30.045 20.380
	25	215.640	387.580	382.570	365.032	48.659	25 25 25	100.000 154.010 233.430	205.770 229.260 257.410	200.060 221.920 248.680	176.972 219.984 247.570	39.918 11.094 5.059
	26	200.000	493.560	311.420	288.263	98.170	26 26 26	100.000 128.850 113.930	246.650 291.790 223.360	105.970 146.760 200.000	111.035 158.223 196.091	24.986 29.999 14.340
	27	520.440	2183.300	2119.100	1898.799	520.000	27 27 27	172.980 350.550 390.610	360.600 606.710 878.060	311.620 471.890 777.220	316.684 468.925 727.829	29.556 73.770 144.098
	28	400.000	3332.600	400.000	571.590	693.198	28 28 28	100.000 100.000 400.000	300.000 300.000 400.000	300.000 300.000 400.000	249.020 268.627 400.000	88.029 73.458 0.000
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