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B Introduction B Approximating best response strategy against a fixed opponent by DQN
.

Real-time information such as footprints Rl 64 \Furg, Ll

and agents’ subsequent actions upon onnection connection

receiving the information, e.g., rangers 1

following the footprints to chase the Input : a 3-D tensor with the same height and width as the grid world, with each channel

poacher, are neglected in previous work of  encoding different information such as the observed footprints, and etc.

Green Security Games. Output: each output unit represents the Q-value of choosing that action.

Our paper fills the gap. First, we propose a
new game model GSG-| which augments
GSGs with sequential movement and the
vital element of real-time information.

B DeDOL: Computing Optimal Patrol Strategy by Enhancing PSRO
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Attacker: red circle. He tries to put some follow. If multiple footprints, she > oeDO-Socal, Gt Output optimal defender
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damage, meantime avoid defender.
Defender: blue circle. She tries to catch - Experimental Results

the attacker and remove the attacking

tools as soon as possible. ® Best Response Approximation
Sequential Interaction: at each time step, R
attacker and defender both chooses a
direction to move. Attacker also decides
whether to put an attacking tool. The game
environment decides whether an attacking __ _ vt dal o
tool will successfully launch an attack. s Lemctbetremorss oo B R R - vanila double DN, Gaussiar
Footprints: red/blue arrows. Players leave Fandom  Gaussn  andom  Gaussian _ Random _ Gaussin 0 0000 100000 130000 200000 250000 306000
footprints as they move.

Local observation: Players only observe

opponent’s footprints in the current cell.
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B DeDOL Overview N | |
DeDOL builds upon the double oracle (DO) ® Expected Utility against a best-responding poacher
framework and the policy-space response SRandqm \Igeasnliu(;l ; gfl?)OlLM o | 1o Déll)?ale . ]ieD?qu ; CER
" . weeping urc oba odc ocal + oba odc Ic L.OCa odc

oracle (PSRO). It starts with a restricted 3 x 3Random | -0.04 | 0.65(16) 0.73 (16) 0.85 (10 + 2) 071(20) | 101 (3500)
game and iteratively adds best response 3 x 3 Gaussian | -0.09 | 0.52(16) 0.75 (16) 0.86 (10 + 2) 0.75(20) 1.05 (3500)

- - S - 5 x 5 Random | -1.01 -3.98 (4) “1.63 (4) 0424 +1) 20.25 (5) :
Strgtggles to it, Wh'Ch_ IS approximated by 5 x 5 Gaussian | -1.16 | -9.09 (4) -0.43 (4) 0.60 (4 + 1) 241 (5) :
training DQN. Exploring the game 7x 7Random | -4.06 | -10.65 (4) -2.00 (3) 0543 +1) “1.72(5) .
structure, DeDOL uses domain-specific 7 X 7 Gaussian | 425 | -10.08 (4) 415 (4) 2353+ 1) -2.62(5) :

heuristic strategies as initial strategies in
PSRO, and constructs several local modes lAcknowIedgment

for efficient and parallelized training. The Azure resources are provided by Microsoft for Research Al for Earth award program.



