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Problem 1
Anna applies gradient descent-ascent with a small step-size to the following minimax problem:

min
𝑥 ∈R

max
𝑦∈R

(𝑦 · (𝑥 − 0.5))

and start at 𝑥0 = 0, 𝑦0 = 0. What does she observe?

(a) The sequence (𝑥𝑘 , 𝑦𝑘 ), 𝑘 = 1, 2, . . . converge to (0, 0). [False]

(b) The sequence (𝑥𝑘 , 𝑦𝑘 ), 𝑘 = 1, 2, . . . converge to (0.5, 0). [False]

(c) The sequence (∑𝑘
𝑗=1 𝑥 𝑗/𝑘,

∑𝑘
𝑗=1 𝑦 𝑗/𝑘), 𝑘 = 1, 2, . . . converges to (0, 0). [False]

(d) The sequence (∑𝑘
𝑗=1 𝑥 𝑗/𝑘,

∑𝑘
𝑗=1 𝑦 𝑗/𝑘), 𝑘 = 1, 2, . . . converges to (0.5, 0). [True]

(e) None of the above. [False]

Berta applies the optimistic gradient descent-ascent algorithm (with a small step-size) to the same problem. She starts
again from 𝑥0 = 0, 𝑦0 = 0. What does she observe?

(a) The sequence (𝑥𝑘 , 𝑦𝑘 ), 𝑘 = 1, 2, . . . converge to (0, 0). [False]

(b) The sequence (𝑥𝑘 , 𝑦𝑘 ), 𝑘 = 1, 2, . . . converge to (0.5, 0). [True]

(c) The sequence (∑𝑘
𝑗=1 𝑥 𝑗/𝑘,

∑𝑘
𝑗=1 𝑦 𝑗/𝑘), 𝑘 = 1, 2, . . . converges to (0, 0). [False]

(d) The sequence (∑𝑘
𝑗=1 𝑥 𝑗/𝑘,

∑𝑘
𝑗=1 𝑦 𝑗/𝑘), 𝑘 = 1, 2, . . . converges to (0.5, 0). [True]

(e) None of the above. [False]

Note: Gradient descent-ascent is defined through the following update rules:

𝑥𝑘+1 = 𝑥𝑘 − 𝜂 · ∇𝑥 𝑓 (𝑥𝑘 , 𝑦𝑘 ) ,
𝑦𝑘+1 = 𝑦𝑘 + 𝜂 · ∇𝑦 𝑓 (𝑥𝑘 , 𝑦𝑘 ) ,

where 𝑓 (𝑥,𝑦) is the objective function and 𝜂 > 0 the step-size.

The optimistic gradient descent-ascent algorithm is defined via:

𝑥𝑘+1 = 𝑥𝑘 − 2𝜂 · ∇𝑥 𝑓 (𝑥𝑘 , 𝑦𝑘 ) + 𝜂 · ∇𝑥 𝑓 (𝑥𝑘−1, 𝑦𝑘−1) ,
𝑦𝑘+1 = 𝑦𝑡 + 2𝜂 · ∇y 𝑓 (𝑥𝑘 , 𝑦𝑘 ) − 𝜂 · ∇𝑦 𝑓 (𝑥𝑘−1, 𝑦𝑘−1) ,

where 𝑓 is again the objective function and 𝜂 > 0 the step-size.
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