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ABSTRACT: In the ealy stages of power market
development, the imperfect regulatory mechanism provides
opportunities for power generators to secretly communicate
and jointly bid. Detecting such collusive behaviors is
challenging. In this paper, a bidding model considering the
association among generators is established and a novel
two-stage deep reinforcement learning algorithm is proposed to
tackle the discrete-and-continuous decision problem of
choosing collusion partners and bidding coefficients. The joint
strategies of generators under different congestion scenarios are
analyzed, and the effectiveness of the algorithm is validated in
a large-scale case study. The simulation results demonstrate
that the proposed method can effectively emulate the free
association of generators and identify potential collusion.
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association; multi-agent simulation; joint auction behaviors
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(FRIRIL ) 5 121 28.76 1618 3278
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Table5 Collusion simulation results when
considering congestion

P W Al AW WRB MEGE AR
Z¥ Bm AE& Cu/(MW-h) TG JC
2 139 [0100] A 39.15 6436 8291
3 198 [1000] A 51.98 3710 6928
4 128 [0001] B 4378 5576 5755
5 197 [0010] B 39.97 358 3146
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Table6 Simulation results of the 2383 node network

KA R REERALE T RURHA/CTUMW-h) AP i T T

2 1.23 A 147.1 70725 554
3 1.00 B 147.2 52617 852
4 114 — 146.4 18796 1838
7 1.06 — 144.3 73078 -1767
10 1.60 C 147.4 29555 -158
13 1.06 D 141.6 47383 785
15 1.28 C 149.6 50832 2288
32 175 A 154.8 50863 10539
33 1.07 B 157.2 8771 7194
37 1.07 D 149.1 89504 3064
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off-policy ~ maximum

iR A
*xAL XHEEER
TableAl Information of generators
KEE  FTE CIRIRRY —IRIRE IR:ERES )
ZY WA GT/(Mw?h)) (GE/(MW-h)) MW
1 1 0.015 16 200
2 1 0.018 15 300
3 3 0.024 23 400
4 4 0.022 24 350
5 5 0.016 20 600

FA2 RNERRERUFIREESHRE
TableA2 Parameters of two-stage deep reinforcement
lear ning algorithm

AU T BHEH SHUE
PIE3SYE R 300
B8 JEL I 25 I8 50
WA REL LR 2
. WIRRBERLIREL 2000
18 o
LI IR A 5000
LI G REA K 64
JE BTN 0.25
B 0.00002
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EEE FT A4 2383 IR REE N EER
SR WK S TableA4 Simulation resultsin 2383-node networ k
e = FASE 128*3 KBRS WNRE W AR/ CT(MW-h) L& Ty

Dueling-DQN Bk 0.0002 2 1.22 (1.00) 146.3 (137.1) 70171 (63481)
ik BENLER AR WM 1.0 3 1.20 (1.00) 146.4 (137.4) 51765 (42017)

BEALIR R AR R 4E 0.05 4 1.13 (1.00) 146.1(128.7) 16958 (0)
actor [ 2 Hi A 128%4 7 1.91 (1.00) 146.1 (118.1) 74845 (46 870)
Soft Actor Critic actor [ 452 ] % 0.0008 10 1.14 (1.00) 147.8 (134.2) 29713 (24118)
ik critic Bz R 512*3 13 1.72 (1.00) 140.4 (127.6) 46598 (38.268)
critic % 2% 5] % 0.001 15 1.18 (1.00) 146.6 (136.3) 48544 (40859)
e pap s . . 32 1.00 (1.00) 139.3 (145.3) 40324 (44397)

F A3 TEEEWEZEABNLEFSEENER
] i ) ) 33 1.00 (1.00) 149.1 (147.6) 1577 (0)
TableA3 Collusion simulation resultswith

37 1.00 (1.00) 144.1 (142.4) 86440 (85433)

different collusive profit coefficients

RAS 2BHRERBHEKEHELSR

TableA5 Thesecond simulation results of

the 2383 node networ k

KA A RECE WAL S5 A CT(MW-h) MG/ TG Y ST T

1.58
1.00
114
1.42
1.25
114
1.36
1.25
1.29
1.25

A

O ® » U O O W >» @

147.3 70835 664
147.3 52734 969
146.4 18784 1826
148.6 77395 2550
148.3 29885 172
1411 47038 440
136.4 40912 —7632
168.8 60625 20301
174.6 1890 313
1575 94483 8043

FHZE Al - W A AR MRS/
T £ 2 AL (u/(MW-h) JG
2 12 A 29.46 3449
0 3 111 B 29.48 623
5
4 110 B 29.30 425 2
5 121 A 29.00 1839 3
2 140 A 30.80 3929 4
3 118 B 31.30 960 7
JCBH 2% 0.8
4 116 B 31.10 729 10
5 130 A 30.79 2060 13
2 158 A 33.11 4622 15
3 125 B 33.63 1412 32
1.0
4 125 B 3343 1006 33
5 141 A 33.10 2469 37
2 139 A 39.15 6436
05 3 198 A 51.98 3710
' 4 128 B 43.78 5576
5 197 B 39.97 358
2 132 A 2381 1231
Y% 1-2
- 3 195 B 52.32 4327
T PR 1) 0.8
4 116 A 34.09 1812
300 MW
5 108 B 2558 862
2 126 A 2354 1372
o 3 198 B 5358 4831
1.
4 119 A 34.39 1767
5 109 B 25.42 780
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At the initial stage of power market construction,
the imperfect regulation mechanism provides the
opportunity of secret communication and joint bidding
between generators. In order to find these potential
collusions, this paper has proposed a novel collusive
bidding model and the corresponding solution agorithm.
The proposed method can effectively simulate the free
association behaviors of market players and find
potential collusion.

This paper combines the collusion model with the
strategic bidding model to model the free association
behaviors more accurately. A novel two-stage deep
reinforcement learning algorithm is used to solve the
discrete-and-continuous decision problem formed by the
selections of discrete collusion objects and the
determination of continuous bidding coefficient. The

algorithm framework is shown in Fig. 1.
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Fig.1 Two-stage bidding algorithm considering free association

To verify the effectiveness of the proposed method,
the simulation results based on the two-stage deep
reinforcement learning agorithm and particle swarm
optimization algorithm in the 5-node network are
compared, as shown in Fig. 2. We also study the free
association behaviors in the case of line congestion. In
order to further verify the scalability of the agorithm,
the simulations with larger network scale and larger

collusion combinations are studied.
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Fig. 2 Comprehensive utility of collusion under
different collusion combinations

The simulation results show that the method
proposed can simulate the free association behaviors of
market players in the long-term bidding process. Further
simulation results show that the proposed method in this
paper is ill effective in larger network scale cases.
Meanwhile, it can redize the expansion of collusion
combinations through multiple simulations. The method
proposed in this paper can find unconventional collusion
combinations and reduce the difficulty of analyzing
potential collusion combinations, which can help market

operators to design market power control mechanisms.



