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1. Many real-world settings are games 2. Our focus: solving two-player zero-sum lIGs

Specifically, imperfect-information games (lIGs) via Counterfactual regret minimization (CFR) algorithms

@.‘.,. T “How much better |

& ®. could have done?”

...to deceive and to understand deception Iteratively reducing regret to guide the average strategy
toward a Nash equilibrium

3. Evolution of CFR variants
discounting (a, B,y): discounting average a=15pF=0y=2 a=f(t),B =g(t),y =h(t)

UCIRES SIEEY L CFR+ — TSP Discounted CFR (DCFR) - Dynamic DCFR (DDCFR)

dynamic discounting
schemesvia RL

. Predictive CFR+ (PCFR+) - Dynamic PCFR+ (DPCFR+)

lta Training: 24 hours on 200 CPU cores

Inference: game-specific,
multiprocessing required

CFR

y. discounting average strategy
& predictive regret matching

Il. APPROACH

1. Hyperparameter Schedules (HSs) 2. ldentifying effective HSs 3. HS-powered algorithms
Discounting schemes that control how that aggressively downweight On iteration t + 1, DCFR multiplies
hyperparameter changes unrefined strategies from early o . e
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4. HS-powered algorithms, cont. =1 " s, °- Theoretical guarantees
Theorem 3.1. Suppose T iterations of HS-DCFR, with Theorem 3.2. Suppose T iterations of HS-PCFR™, with si-
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(HS HS HS ) 3 > T d dsS eqUI Iprium In two- all ite[rgtlgf]’ls-thlf o hted [1,5], B t Et [—5}%]» and If v € [0,U], the weighted average strategy profile is a
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lll. RESULTS
1. State of the art on ten diverse games 2. Results with extended iterations
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