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Gradient-based learning: a general framework

What does this converge to…
… locally? 
… globally?
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Main theorem (informal):

With learning rate               ….

L.J. Ratliff, B. Chasnov, D. Calderone, E. Mazumdar, S. Burden. Convergence Guarantees for Gradient-Based Learning in Continuous Games, under review 2018.
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• Stable parameters
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• Unstable parameters!
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Solution: modified learning rule via coordination

where

�28
Mazumdar, Sastry, Jordan. On Finding Local Nash equilibria (and Only Local Nash equilibria) in Zero-Sum Games, arxiv:1901.00838.

·x = − 1
2 (ω(x) + H̃(x)Dω−1(x)ω(x))

H̃ = diag(D2
11 f1, ⋯, D2

nn fn) − Dω
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x

f1(x, y, z)min
y

f2(x, y, z)

min
z

f3(x, y, z)

• Efficient coordination methods 
  Sharing other gradient information 
              to converge to Nash?

Future work
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Di fj
(i≠j)

⁇

⁇
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• Efficient coordination methods 
• Other updates rules (stochastic): 

  Do the dynamics correspond to 
  the original game?

Future work
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min
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f1(x, y, z)min
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min
x

{f1(x, y, z) |x ∈ 𝕏}
min

y
{f3(x, y, z) |y ∈ 𝕐}

min
z

{f2(x, y, z) |z ∈ ℤ}

• Efficient coordination methods 
• Other update rules (stochastic) 
• Constrained optimization 
      Safety constraints 
     

Future work
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Questions?

• Thank you!  
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y+ = y − γD2 f2(x, y, z) x+ = x − γD1 f1(x, y, z)

z+ = z − γD3 f3(x, y, z)
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