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Efficient and provable stochastic methods for 
optimizing NDCG are lacking.
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S, 𝑆S involves |𝑆S| items, which can be very 

large
• the outer function 𝑓S,R is non-linear, thus an unbiased stochastic gradient 

is not readily computed
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• intuitively, when 𝑡 increases, 𝑤TX" is getting close to 𝑤T, hence the 
previous value of 𝑢#,$

(012) is helpful for estimating ∇+𝑓#,$ 𝑔 𝑤; 𝑥$
# , 𝑆#

• similar methods can be applied when optimizing the top-𝐾 NDCG variant
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Algorithm

After 𝑇 = 𝑂(1/𝜀4) iterations,
we can find an 𝜀-stationary 

solution of 𝐹(𝑤), i.e., 
𝔼 ∇𝐹(𝑤5) * ≤ 𝜀* for a 

randomly selected 𝜏 ∈ {1, … , 𝑇}
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