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Online Structured Prediction

• Rosenblatt (1958): binary and linearly separable

𝑈

For 𝑡 = 1,… , 𝑇
Observe 𝑥" and predict (𝑦" ∈ {1,… , 𝑑}
Incur 𝟙 (𝑦" ≠ 𝑦" and observe 𝑦"

Existing guarantee
For any fixed estimator	𝑈, 𝔼[∑" target" (𝑦" ] = ∑" surrogate"(𝑈) + 𝑂 𝑈 #

Finite!

• Van der Hoeven (2020): multiclass, not necessarily separable
• Sakaue et al. (2024): structured prediction, with multiclass as a special case

Example: online classification



Challenges of Non-Stationary Environments

No single 𝑼 can avoid 𝛀(𝑻) cumulative surrogate loss L

𝑈𝑈

Daytime: 𝑡 = 1,… , 𝑇/2 Nighttime: 𝑡 = 𝑇/2 + 1,… , 𝑇

Example: Ad click prediction (trend shifts)

Existing guarantee
𝔼[∑" target" (𝑦" ] = ∑" surrogate"(𝑈) + 𝑂 𝑈 #



Our Result: “Small-Surrogate-Loss + Path-Length” Bound

Daytime: 𝑡 = 1,… , 𝑇/2 Nighttime: 𝑡 = 𝑇/2 + 1,… , 𝑇

𝑈!∗
𝑈#∗

Main result
For any	𝑈$, … , 𝑈%, 𝔼[∑" target" (𝑦" ] = ∑" surrogate"(𝑈") + 𝑂 ∑"&#% 𝑈" − 𝑈"'$

In the example, first half 𝑈! = 𝑈"∗, latter half 𝑈! = 𝑈$∗ gives 𝔼 ∑! target! 2𝑦! = 𝑂(1)!

Matching lower bound: linear dependence on ∑! surrogate!(𝑈!) and ∑!%$& 𝑈! − 𝑈!'" is tight

Example: Ad click prediction (trend shifts)

Also extends to broader structured prediction tasks via convolutional Fenchel–Young losses



Method: Polyak-style Stepsize OGD (Plus Existing Decoding)

Run OGD to update estimator 𝑊" with a monotone Polyak-style stepsize rule: 

𝜂" = min #()*++,-./0! 1! '𝔼[/.+-0/!( 45!)])
∇)*++,-./0! 1! " , 𝜂"'$

Empirically, Polyak-style step size performs better 
as non-stationarity increases


