Your Softmax
Needs CPR €?

in Sequential Recommendation.

Achieving around 20% Improvement by just
Switching Your Output Softmax Layer!

To Copy, or not to Copy; That is a Critical Issue of the
Output Softmax Layer in Neural Sequential Recommenders
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Introduction Softmax Bottleneck Problems
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Solutions Experiments
Softmax (Original SASRec or GRU4Rec) L e e e

NDCG HR | NDCG HR | NDCG HR | NDCG HR | NDCG HR [NDCG HR [ NDCG HR
- . Softmax 1.16 2.19 3.30 5.81 4.12 91 172 266/ . 167/5 2945 8.41 19,51 1.66 3.36

Re peat N et [2] (I n e "y PO I nte r N etWO rk) Softmax + Mi 1.18 2.20 3.23 5.77 3.79 7.48  15.80  26.69 16.67  29.06 8.08 15.03 1.67 3.36
Softmax + C 1.41 2.41 3.83 6.46 441 827 19.12 3113  20.70  34.19 9.14 16.39 1.94 3.82

Softmax + CP 145 2.52 3.94 6.71 4.54 859 18.62 30.51 20.69 34.67 945 16.93 2.04 2.91

M OS (I\/I iXt u re Of SOft m aX) [3] SASRec Softmax + CPR:100 1.38 2.42 4.15 6.89 457  8.69 19.32 3132 20.79 34.25 9.11 1594  2.22 4.24

Softmax + CPR:100 + Mi 1.37 241 430 7.20 4.47 840 1890 30.73 20.82 34.49 9.06 15.91 2.21 4.24
Softmax + CPR:20,100,500 + Mi 1.39 2.43 3.93 6.60 4.46 858 19.19 3093 2048 33.61 8.58 14.88 2.20 4.27

SOftmaX W/ O Dup||Cat|On [4] Mixture of Softmax (MoS) 119 9294 304 575 394 735 588  963) 705 9983 R1J [(5]0 |60 340

Softmax w/o Duplication [22] 1.34 2.42 3.73 6.27 4.42 835 1835 3019 20.06 33.81 9.01 16.13 1.85 3.64
Softmax 1.43 2.67 3.09 5.70 4.45 8.64 1419 2417 16.05  28.03 8.36 139 1.68 3.42

SOftmaX = C (ConteXt Part|t|on) Softmax + Mi 147 269 330 592 458 R0 (458 504 1655 894 803 1193 1Je 350

Softmax + C 1.59 2.88 3.97 6.66 4.95 936 17.78  29.24  20.01 32.86 9.25 16.50 2.02 3.92
Softmax + CP 1.61 2.94 4.07 6.83 5.10 941 1746  28.64 19.63 32091 9.14 16.09 2.00 3.85

S Oft m aX + C P (F) O | n-t e r N etW O rk) GRU4Rec  Softmax + CPR:100 1.78 3.22 428 7.06 505 949 1778 2901 2035 3373 9.04 1582 227 435
Softmax + CPR:100 + Mi 172 315 442 723 507 943 1809 2943 2100 3452 932 1620 237 451

Softmax + CPR:20,100,500 + Mi | 1.73 311 437 714 502 933 17.87 2909 2044 3363 880 1520 231 439

g Mixture of Softmax (MoS) 146 273 315 576 406 800 1440 2450 16.14 28.06 7.90 1469 173  3.50

S Oft Mmax + C P R (Re Fan ke I Pa rt |t [o) ﬂ) Softmax w/o Duplication [22] 160 291 371  g06 183 009 {685 /8 1851 3172 894 603 194 1330

RepeatNet - 1.75 2.88 3.94 6.36 4.47 o6 1609 2920 1871 3108 8.52 14.91 2.02 3.38

Softmax + C P R. k1 , k2 , k3 + M i (M U Itl p I e I N put H Id d en State) [1 ] Table 2: We compare the test performance (%) of NDCG@10 and HR@10 in 7 datasets without duplicated items. C, P, R means

context partition, pointer network, and reranker partition, respectively. 20,100,500 refers to k; = 20, ko = 100 and k3 = 500; Mi
means the multiple input hidden state enhancement. The best values given the same neural encoder are highlighted.

Bridge to Algebra Gowalla Steam Tmall-buy Yoochoose-clicks
Softmax NDCG HR |NDCG HR |NDCG HR |NDCG HR [NDCG HR
Softmax 00 W s w0 e 0 o0 eel . s
Softmax + Mi 208w g0 0 0 00 el Jesl i) 93
—-- Softmax + C 5005 915 w8 0 ga) i1 29 S0 2 sos
Softmax + CP 0 §0s o dhed 600 s s 00 g oo
SASRec  Softmax + CPR:100 8740 9109 500 4e1 jgt a1 s d070 0 5005
Local Iltem ' Global Item Embeddings Softmax + CPR:100 + Mi 88.19 9219 3341 4629 1648 2139 2574 3058 39.03  59.69

Embeddings '_ Softmax + CPR:20,100,500 + Mi | 88.81 92.07 9392 4664 1654 2115 2508 05022 39296 59.68

— Mixture of Softmax (MoS) 84.77 89.78 9974 4087 1590 2049 2307 2175 3550 5707

Softmax w/o Duplication [22] 80.13 82.89 300, 700 439 9015 199 gIs (700 78!

To To To Softmax 85.10 89.23 9897 9043 1535 (083 9906 9640 5010 . 5o OF
P P P Vocabulary Softmax + Mi 84.68 89.01 99 3006 1569 096 1 3605 369 515

k1 k2 k3 . Softmax + C 85.86 89.75 3223 4518 1629 21.04 2518 3025 3746  58.54
Softmax + CP 8624  91.06 3248 4543 1632 2106 2545 3036 3790 5876

e —————— GRU4Rec  Softmax + CPR:100 88.56 9235  33.01 4608 1636 21.15 2577 3034 3835  59.15
Softmax + CPR:100 + Mi 8881 9219  33.22 46.09 16.49 2135 2554 3001 38.72  59.42
Pointer Context Softmax + CPR:20,100,500 + Mi | 89.46 9229  33.18 4593 1641 21.19 2572 30.43 3854  59.20

=ly = Mixture of Softmax (MoS) 86.11 90.30 2/ 91 358560 1089 2041 2150 2570 @ 5639 56.97
Ne WOrk P) Partl ion (C) Softmax w/o Duplication [22] 79.06 81.67 3.93 7.05 4.65 8.72 4.24 6.32 16.80 27.44

RepeatNet - 77.44 81.70 33.83  45.88 16.28  20.90  25.67 30.17  38.00 58.53
Table 3: The test performance (%) in 5 datasets with duplicated items. The notations are the same as Table 2.
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1. The improvements of Softmax + CPR + Mi are consistent

across 12 large datasets and hyperparameters
A. 10% (4%-17%) in 5 datasets with duplicated items

Encoder N e . B. 24% (8%-39%) in 7 datasets without duplicated items
Multiple Input

Hidden State (Mi) 2. The best method increases the model size very slightly.
Input Item Sequence (in): ltem 1 p's, ..., Iltem n ply 3. Softmax + C &~ RepeatNet [2] ~ Softmax w/o duplication [4]

Conclusions

1. StOp US_ing 7 e 2. Selection of the softmax layer is much 3. RepeatNet / pointer network improves the
softmax In more important than selection of the performance due to the softmax bottleneck
your models! encoder on average Iin our experiments. instead of the attention mechanism.

Applications References

1 T S ft C P R " R B I -t h - STO A y [1] Haw-Shiuan Chang*, Zonghai Yao*, Alolika Gon, Hong Yu, and Andrew McCallum. 2023. "Revisiting the Architectures like Pointer Networks to Efficiently Improve the
. ry O I I IaX I n eC O e O aC Ieve n eW E g . Next Word Distribution, Summarization Factuality, and Beyond". In Findings of ACL 2023
m . [2] Pengjie Ren, Zhumin Chen, Jing Li, Zhaochun Ren, Jun Ma, and Maarten De Rijke. 2019.

2 . S Oft m aX_ C P R al S O re d u C eS h al I u Ci n a-t i O n i n L L M = : :._ . -: :' Repeatnet: A repeat aware neural recommendation machine for sessionbased recommendation. In AAAI 2019

[3] Zhilin Yang, Zihang Dai, Ruslan Salakhutdinov, and William W. Cohen. 2018. Breaking the Softmax Bottleneck: A High-Rank RNN Language Model. In ICLR 2018
[4] Ming Li, Ali Vardasbi, Andrew Yates, and Maarten de Rijke. 2023. "Repetition and Exploration in Sequential Recommendation". In SIGIR 2023

3 n F Utu re WO rk: Ot h e r m at r i X faCtO ri Zat i O n m O d e I S ? : v https://commons.wikimedia.org/wiki/File:Stop_hand-octogon-red.svg




