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Introduction

Why don't you try your method on our MAS-Bench? MAS-Bench provides a scenario and modeling of real-world crowd control to exit from a large-scale outdoor | | The results for each baseline are the followings:

What 1s MAS-Bench?

Results of Use Case

MAS-Bench 1s a benchmark to evaluate parameter optimization | | festival site. The benchmark handles the following problem to minimize the error between real world | | 1. PSO is strong in the 2D problem.

methods used 1n Multi-agent System (MAS). MAS-Bench provides observations and its simulated value by adjusting input parameter values. Here, we consider that frequency | | 2. TPE 1s strong in the 5D and 17D problems.
pre-built maps and methods so that users can focus on evaluating | | distribution and walking distance data are given as a ground truth. 3. CMAES is strong in the all problems.
the methods. MAS-Bench will be a starting point for the evaluation ) _ 4. SHADE ensures higher estimation accuracy for all agent types
of suitable methods in each field. 0" = argmingeg€, (0, 0,S) although it is difficult to estimate the performance of Guided
o agents because of their frequent route changes.
Baseline of optimization methods Procedure Descr;ptlon . . .
MAS-Bench is already tried five optimization methods: Step 1 Generate “0”. 0 € R”: A parameter set for gaussian mixture distribution. K K
1. Random Search (RS) ' Step 2 Generate “Nygp,” from “6”. Nogn : Origin histogram (plotting origin frequency distribution). £ - £ "
. . . 15 15
2. Particle Swarm Optimization (PSO) Step 3 Collect “S” from “Nygp ™. 0 :The original data (ground truth). E MLLLH_L /EHADE E gy =
. e 99 9 V2%t : . . . \ | e — [
3. Covariance Matrix Adaptation Evolution Strategy (CMAES) Step 4 Evaluate "€,y from 5™ and “0”. 5 . gil:cilelll;;rllit;ol;gfflteaen the original data and simulation data B _1_:1:_&‘_11 — - HQ:“E___‘. | / o
_Hi : : : ' Step 5 Evaluate input parameter set. €all - — - CMAES L e e P,
4. Success-History based Adaptive Differential Evolution (SHADE) p F—— Pl 513 M ured by root means square error (RMSE) g i g i = \
5. Tree-structured Parzen Estimator (TPE) (Repeat Stepl-5.) 2D PSo 5D TrE
‘[J'Se Case CI. 200 400 600 800 0 800 1600 2400 3200
Benchmark problems ;ﬂ &A o rs ;ﬂ &Kh rs
We considered four types of benchmark problems: Step“l . | Step S 215 . S| — .
2D, 5D, 8D, and 17D (“D” is number of parameters). Generate “6” by A e e e e e e e e ——— argmingep€a) (0, 0, S) E h_ - E \“‘ —hlf’)
The optimization becomes harder as D increases. an optimization method Evaluate input parameter set 510 N . /TP 5 10 = \Pﬂﬂ
— " sHADE TPE
o . o
We are waiting for a method g 3D cAES g 17D chaEs
. € ' '
that is better than the five methods. 0 all O oy R oy 250
Figure 1 Result of “€,;;” (observable data).
RS Psgj CMAES | | SHADE gPE . Step 3 . Step 4
Ste 2 . . . =0 50 =0
Generat ep“ N> —=—» Simulate the crowd using = Compute the discrepancy 3D Tve — - -
ogn “N()gn” “Eall” 40 | ?HEEE E : 40 ?HEEE E : 40 “E“HEES f :
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MAS-Bench
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Origin —— Routel (320m) : =———p - i 1 ﬁ%:a ‘_:h,“‘
Guided —— : M original — -LLI‘-"I -
Slow ——— Route2 (600m) : = ¢! } = =lenon _ . — J_r-q:I_._
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400
Busy =— = .
2D 5D Esmu Route3 (770m) : =———p ¢ N E 200 19:00 20:00 21:00 22:00 23.00 2400 1900 20:00 2100 22:00 23:00 2400  19:00 20:00 21:00 22:00 23:00 24:00
I=] /f\

Departure [Time] Departure [Time] Departure [Time]
Observable | Unobservable | Observable | Unobservable

&” e N 7 S 150

.Eznu A Soo” E _,/fiv\{ e ' rue —— e —
RS | 10.37 (1.53) | 0.64 (0.12) | 13.97 (3.48) | 10.77 (0.98) : g ] a” 5 100 — b 17D | we—. T — L TE—
PSO 6.69 (0.48) 0.65 (0.21) 8.03 (2.35) 13.34 (5.51) ’,!’ \\\ ,,/ Destination I 0 I\\ SHADE —— SHADE —— SHADE ——
CMAES | 6.71 (0.53) | 0.80 (0.40) | 5.42 (1.00) | 6.96 (3.69) —— L RS —— RS ——
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1900 20000 2100 22:00 23:00 2400 \/, 0 g E- £30
SHADE | 8.81 (1.09) | 0.94 (0.34) | 6.12 (0.49) | 4.37 (1.21) Time e 20 20 200 200 2400 g, £, Em |
TPE | 7.44(0.61) | 0.61 (0.16) | 4.90 (0.13) | 4.35 (1.60) Generated origin histogram of four | | Collect simulation data from crowd || Evaluate discrepancy of input g, wi 0 I u) glﬂ
8D 17D agent types. simulation. parameter set in simulation and i ?% P
Observable | Unobservable | Observable | Unobservable . . . . . . . . . . . . . .
Four a ent t eS OI’l ll'lal data. 19:00 20:00 El.mrf.ﬂﬂﬂ.m 2400 19:00 20:00 El.mr;lz.ﬂelﬁ.m 2400 19:00 20:00 21.mr§2.ﬂ323.m 24:00
RS | 17.53 (2.39) | 17.37 (0.22) | 14.95 (1.85) | 16.66 (0.99) 5 P 5 . peparure [Timel et Deparure Timel
PSO | 16.01 (7.23) | 16.43 (3.80) | 11.06 (0.66) | 14.80 (2.01) Type Speed Route . . o Figure 2 Best performance of origin histogram (unobservable data)
CMAES | 5.57 (0.43) | 9.04 (1.90) | 9.55 (0.53) | 13.03 (0.77) Busy | Faster than baseline 1 Slmlﬂ.athn data o Orlglpal fiata o of busy (left), slow (center), and guided agent (right) .
SHADE | 7.35 (1.15) | 8.29 (2.80) | 12.02 (1.51) | 11.52 (1.06) Slow | Slower than baseline | 2,3 " Destination frequency distribution. | | - Destination frequency distribution. ) .
TPE | 7.96 (0.88) | 13.38 (3.52) | 9.74 (0.79) | 13.40 (3.16) Guided Baseline 123 - Walking distance data. - Walking distance data. More problems will be added in the future.
® ® [ : . [ ] 1 1 1 '
Optimization : results of use case Pacing | Surroundings mean | 1,23 Origin histogram. Please try your method !

https://www.airc.aist.go.jp/en/cosine/



