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Numerical Example: Portfolio Selection

* Player is an investor. Nature is the stock market.
* The Player chooses x; € A,,, a distributions of his/her wealth over n assets.
* Nature chooses the returns vector r; € R%

At time t, the Player suffers the loss f; = —log({(ry, z:))

. %‘}(yt—ﬂ = —7/{r'+,y:—1), where 7; is the prediction of ;




Numerical Example: Portfolio Selection
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Other Extensions

 Non-smooth cost functions

Jt (CU) = St(x) + T¢ (CU) — BExtra Gradient
Nomomo Composite Mirror Descent
on-smooth

[1] Zattoni Scroccaro, Kolarijani, and PME (2022)




Other Extensions

 Non-smooth cost functions

Jt (CU) = St(x) + T¢ (CU) — BExtra Gradient
Nomomo Composite Mirror Descent
on-smooth

* Dynamic regrets
T

th(xt) - gg(lth(l’) — th(xt) - th(ut)

t=1 >N>——

fixed decision reference trajectory

[1] Zattoni Scroccaro, Kolarijani, and PME (2022)
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