Large-scale Stochastic Optimization of NDCG Surrogates for
Deep Learning with Provable Convergence
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* the outer function f;; is non-linear, thus an unbiased stochastic gradient
IS not readily computed
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* Our strategy

* use a moving average estimator to keep track of g(w; x;,S,) for each x/

t+1 t
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* Intuitively, when t increases, wy_4 IS getting close to w¢, hence the

previous value of u{;" is helpful for estimating v £, (9(wix{.s,))

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



Algorithm

Algorithm 1 Stochastic Optimization of NDCG: SONG

Require: 7,7, 81, u(!) =0
Ensure: wp
1: fort=1,..T do

2:  Draw some relevant Q-I pairs B = {(¢,x])} C S

3:  For each sampled q draw a batch of items B, C S,
4:  for each sampled Q-I pair (¢,x}) € B do

- Letoi(We) = 57 Swen, UWii X, %, q)

6: Compute u((;jl) =(1- ’Yo)ugz + 709q,i(Wt)

7 Compute p, ; = V fq,i(u((;z)

;

[ After T = 0 (1/%) iterations,\
we can find an &-stationary
solution of F(w), i.e.,
E[|IVF (w)||?] < €% fora

end for randomly selected T € {1, ..., T}/
Compute the stochastic gradient estimator G(w;) by %
1 R
G(wi) = == > PgiViqi(Wt)

1Bl (¢,x7)eB
10:  Compute my; = Sim; + (1 — )G (W)

11: update Wil = Wi — 141

12: end for




Algorithm

Algorithm 2 Stochastic Optimization of top- K NDCG: K-SONG

Require: 77077717’707767/817“'(1) = OaA =0
Ensure: wp
1: fort=1,...T do

2:  Draw some relevant Q-1 pairs B = {(¢,x})} C S

3:  For each sampled q draw a batch of items B, C S, ) :
4:  for each sampled Q-I pair (¢, x?) € B do /After T=0(1/Y lteratlons,\
5 Let §,i(We) = 157 Lwen, {we; X', x{, q) we can find an e-stationary
6: Let ul7" = (1 — v0)ul’) +70dq.i(We) solution of F (w), i.e.,
7 ‘114‘? Pq,i = Y(he(x;We) — )‘q,t)qu,i(uf;,i) ]E[“VF(WT)HZ] < ¢* fora
8: end for
% foreach sampisdquersq c Bido randomly selected T € {1, ..., T}/
10:  Letsgi+1 = (1—75)8q,e + 70 VaLa(Agt; Wes By)
11: Let /\q,t—l—l = )\q,t — ’l’]()V)\Lq(Aq,t; Wy, Bq)
12:  end for

13:  Compute a stochastic gradient G(w;) according to (@ or (@
14:  Compute m;; = S1my + (1 — 51)G(wy)

15: Update Wir1l = Wi — 1141

16: end for




Experiments

Table 1: The test NDCG on four datasets. We report the average NDCG@3 for two LTR datasets, the average
NDCG @20 for two RS datasets, and standard deviation (within brackets) over 3 runs with different random seeds. Full
results are in Appendix D.3

METHGD NDCG@3 NDCG @20
MSLE WEB30K YAaHoo! LTR MOVIELENS20M NETFLIX PRIZE
RANKNET 0.5105+0.0004 0.7150+0.0004 0.0744+0.0013 0.0489+0.0003
LISTNET 0.5058+0.0001 0.7151+0.0004 0.0875+0.0004 0.0700+0.0002
LisTMLE 0.5074+0.0002 0.7146+0.0006 0.0799£0.0001 0.0508+0.0004
LAMBDARANK 0.51184+0.0003 0.7155+0.0002 0.0913+0.0002 0.0693+0.0002
APPROXNDCG 0.5114+0.0005 0.7152+0.0007 0.0938+0.0003 0.0592+0.0009
NEURALNDCG 0.5101£0.0005 0.7139+0.0001 0.0901+0.0003 0.0718+0.0003
SONG 0.5136+0.0006 0.7187+0.0004 0.0969+0.0002 0.0749+0.0002
K-SONG 0.5147+0.0006 0.7191+£0.0004 0.0973+0.0003 0.0743+0.0003
MovieLens20M Netflix Prize
0.32

in 0.30 T —

g ©® |45 @ e emaTenETInE

4 8 0.28

& ¥ | -+ RankNet ListMLE D 126 -~ RankNet ListMLE
i | ==+ LambdaRank  :=-- NeuralNDCG o =-=- LambdaRank  =--- NeuralNDCG
0.281 I | —— ApproxNDCG —— SONG (ours) 0.24 ; —=— ApproxNDCG  —— SONG (ours)
'5 ,’ ------ ListNet K-SONG (ours) AL Ll ListNet K-SONG (ours)
0:23 0. . 20 40 60 80 100 120 Q22 0 ZOI 40 60 80 100 120
Epochs Epochs

Figure 1: Comparison of convergence of different methods in terms of validation NDCG @5 scores on two RS datasets.
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Paper: https://arxiv.org/abs/2202.12183
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