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Abstract Lifelong sequential recommendation (LLSR) aims to learn long-term behavior sequence
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patterns in chronological order accumulated by users during their utilization within online systems
on the Internet. Compared to conventional sequential recommendation, which focus on short-term
behaviors or static preferences, LLSR attempts to understand and predict the evolution of users’

behavior patterns and preferences over extended periods, thereby discovering users’ long-term

preferences. Inspired by similar sequence modeling tasks in natural language processing,
sequential recommendation models such as GRU4Rec and SASRec have successfully adapted
Recurrent Neural Networks (RNNs) and self-attention mechanisms to sequential recommendation
tasks, achieving significant success. However, existing approaches exhibit inherent limitations
when applied to lifelong sequences: RNN-based methods suffer from vanishing gradients and
limited memory capacity, Transformer-based models face quadratic complexity and high memory
consumption with long sequences, and state space models often struggle to balance short-term
preference modeling with long-term dependency capture. These limitations motivate the search
for new architectures tailored to lifelong sequential recommendation. The recent introduction of
the extended long short-term memory network model (xI.L.STM) and its validation across various
natural language processing tasks have once again drawn widespread attention to the capability of
RNNs in handling long sequence tasks. Compared to conventional LSTM, xLSTM significantly
enhances memory capacity through the introduction of matrix memory and exponential gating
mechanisms. Additionally, it improves parallel processing efficiency and optimizes the gating
xLSTM

achieves performance comparable to state-of-the-art models. To this end, we are motivated to

mechanism, enabling more effective handling of long-sequence data. As a result,
explore the potential application of xLSTM in lifelong sequential recommendation. We implement
multiple variants of RNNs and evaluate their capabilities in LLSR tasks, and propose a LSR
method based on matrix and mixing dual-flow long short-term memory (LSTM) networks,
called

xLSTM-LSR. This represents the first exploration of the matrix and mixing long short-term

adopting a gating network for the adaptive fusion of long- and short-term preferences,

memory networks in LSR tasks. xLSTM-LSR first leverages a matrix-based long short-term
memorymodule to model users’ long-term preferences, while employing a mixing-based LSTM
module to capture their short-term interests. Subsequently, a gating network is introduced to
adaptively fuse long- and short-term preferences, and a contrastive learning strategy is further
incorporated to enhance both the effectiveness and the discriminability of the fused representations.
We conducted extensive experiments and analyses on four public datasets, and the experimental

results demonstrate that xXLSTM-LSR consistently outperforms baseline methods.

Keywords user long-term and short-term preference modeling; lifelong sequential recommendation;
matrix-based LSTM; mixing-based LSTM
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Recall@5 ~ 0.0520  0.0660  0.0668 0.0647  0.0605 0.0639 0.0667 0.0650 0.0753* +12.72%
Recall@10  0.1192  0.1395  0.1291 0.1245  0.1279 0.1288 0.1341 0.1315 0.1489* +6.74%

MIL-100K NDCG@5  0.0325  0.0429  0.0405 0.0399  0.0375 0.0396 0.0397 0.0409 0.0483* +12.59%
NDCG@10  0.0607  0.0624  0.0635 0.0592  0.0613 0.0579  0.0643 0.0585 0.0710% +10.42%
MRR@5  0.0325  0.0330  0.0357 0.0359  0.0343 0.0326 0.0352 0.0349 0.0389* +8.96%
MRR@10  0.0415  0.0434  0.0453 0.0382  0.0437 0.0379 0.0443 0.0385 0.0475% +4.86%
Recall@5 — 0.1392  0.1376  0.1429 0.1305  0.1410 0.1274 0.1356  0.1295 0.1497* +4.76%
Recall@10  0.2095  0.2173  0.2135 0.2071  0.2128 0.2132 0.2357 0.2255 0.2523* +7.04%
NDCG@5  0.0809  0.0829  0.0858 0.0862  0.0807 0.0821 0.0864 0.0829 0.0925% +7.31%

ML-IM NDCG@10  0.1061  0.1109  0.1081 0.1025  0.1070 0.1053  0.1195 0.1069 0.1340% +12.13%
MRR@5  0.0646  0.0655  0.0680 0.0647  0.0639 0.0629 0.0674 0.0665 0.0712% +4.71%
MRR@10  0.0748  0.0769  0.0811 0.0829  0.0735 0.0712  0.0792 0.0741 0.0861* +3.86%
Recall@5 ~ 0.0840  0.0855  0.0814 0.0851  0.0833 0.0846 0.0858 0.0834 0.0927* +8.04%
Recall@10  0.0972  0.1017  0.1067 0.1041  0.0969 0.1046 0.1069  0.1050 0.1149%  +7.48%
NDCG@5  0.0615  0.0660  0.0695 0.0671  0.0634 0.0604 0.0659 0.0639 0.0731* +5.18%

Fantry NDCG@10  0.0670  0.0698  0.0710 0.0672  0.0682 0.0695 0.0746 0.0739 0.0797* +6.84%
MRR@5  0.0525  0.0610  0.0605 0.0594  0.0539 0.0589 0.0617 0.0604 0.0650* +5.35%
MRR@10  0.0570  0.0627  0.0635 0.0602  0.0583 0.0611 0.0643 0.0630 0.0679* +5.60%
Recall@5  0.0695  0.0680  0.0714 0.0658  0.0702 0.0718 0.0707 0.0684 0.0763* —+6.27%
Recall@10  0.0794  0.0885  0.0893 0.0862  0.0817 0.0873 0.0895 0.0879 0.0930% +3.91%

Books NDCG@5  0.0415  0.0430  0.0395 0.0411  0.0423 0.0404 0.0449 0.0435 0.0462* +2.90%
NDCG@10  0.0448  0.0470  0.0461 0.0432  0.0451 0.0455 0.0468 0.0451 0.0497% —+5.74%
MRR@5  0.0325  0.0360  0.0355 0.0379  0.0347 0.0366 0.0357 0.0380 0.0394* —+3.68%
MRR@10  0.0405  0.0384  0.0375 0.0403  0.0395 0.0415 0.0412  0.0407 0.0437* —+5.30%

T AR FRTE AR TRl s R xLSTM-LSR M AL J7 i ad 1 5 3 PER I (4656, p<<0. 05)

(DX FEIE TG 28 W2 A2 1k
AH HE L TAL GG R 28 0 25 1 e A 7 7 v (491

41 GRU4Rec 58{ MIMN") , A% SCH H ) x LSTM-LSR
7 TR A 5 A 5 A G K R A e s 4
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#4 xLSTM-LSR B3I LRBEI LR (A S KFIIHFEHIESE)

Blads  EMIERR GRU4Rec SASRec BERT4Rec Mamba4Rec MIMN™ sLSTM mLSTM xL.STM XLISST}E/P $2 T+
Recall@5  0.3020  0.3260  0.3249 0.3353  0.3195 0.3357 0.3439 0.3350 0.3569* +3.78%
Recall@10  0.3392  0.3595  0.3401 0.3795  0.3524 0.3688 0.3741 0.3635 0.3986* +5.03%

—_— NDCG@5 — 0.1852  0.2329 0. 2305 0.2429  0.2094 0.2316 0.2385  0.2400  0.2425 —
NDCG@10  0.1907  0.2484  0.2475 0.2582  0.2182 0.2573  0.2597  0.2565 0.2713* +4.47%
MRR@5 0.1725  0.1810  0.1805 0.1893  0.1805 0.1904 0.1997  0.1925 0.2090* —+4.66%
MRR@10  0.1907  0.1984  0.2075 0.2182  0.1987 0.2079 0.2118  0.2098 0.2311* +5.91%
Recall@5  0.2040  0.2305  0.2314 0.2523  0.2285 0.2479  0.2569  0.2515 0.2705* —+5.29%
Recall@10  0.2312  0.2797 0. 2805 0.2993  0.2660 0.2814 0.2895 0.2919 0.3079* +2.87%

KeiRand NDCG@5  0.1741  0.2013 0.2078 0.2169  0.1983 0.2174 0.2195  0.2201  0.2283* +3.73%
NDCG@10  0.2170  0.2528  0.2520 0.2392  0.2408 0.2534 0.2672  0.2597 0.2765* +3.48%
MRR@5 0.1309  0.1695  0.1723 0.1814  0.1683 0.1809 0.1827 0.1865 0.1927* +3.32%
MRR@10  0.1812  0.2101 0.2135 0.2290  0.2069 0.2265 0.2334 0.2310 0.2473* +5.96%

T R R R TEARATROR AR s /R XLS TM-LSR# R A 77 38 5 T 0 3 MR Ie (K3, p<<0. 05,
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PRI LT s 55— 7 TZ PO R TR G K e 2
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HERIE A2 400 o0 B — @ B KER M IB O T A SCH
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XU Ty AR S U i 2 1D 9 D 6 A5 RN X B 2
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LG RKIF I 504 S ROR .
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AR BRILZAb, HETF Transformer FL7 1) 7 51 1
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% 5 T xLSTM-LSR Al mLSTM4Rec, 5 T 1
BRI AHIES. 6. 475, BURT S . xLSTM-LSR 7£
PERE FAL T 3T Transformer 19 )5 ¥ T HEEA &
KB GIHEFAE 55 F A NDCG HEFF 8 bR i35 10 T 3k
F Transformer [ 77 7% . 75 [R5 25 FEPE BE NGRS AH
H 3T Transformer (19 5 s B4 i Z 0 # .

16 7 9 4 % 1% % | . xLSTM-LSR 7E ML-
100K ML-1M F1 Pantry Z45 £E - 1) NDCG $5 54
T SASRec Ml BERT4Rec, Recall 65 K #R M 0 T
T SASRec #l BERT4Rec. 3% 2B xLSTM-LSR
FE AR P 0 i G T TR L R S 0 PR R
sLSTM4Rec 7£ ML-100K F1 ML-1M $¢ 54 F 93
5 SASRec 8 M #%3T . 78 Pantry 5 Books #( 4 45
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br R T AR TERE . RSB S
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FI

M mLSTM4Rec fil MambadRec 7F 28 & K 7 41|
WA B R AR i B0 45 X HemT LAAS L HE 22 2T
FA 0 e T 5 R TR B e I T A T 4 A
A5 3 T Mamba W) B8 5 AT U PERE . A
sLSTM4Rec il Mamba4Rec 75 7 5 e 508 45 11
S A5 AN AT DA 7R 2 T P A i 4 'y T
TR A K 042 W 45 i 5 8L A E 35 T Mamba
PR RIAT i E A, PRl S TR A 2 (Rl A 1 I
B 7 ¥ (B30 MambadRec) 76 2% 2 P K 99
U A A5 RS A PR B (R E A P B e 47 1
MY RE T A FF T

(A5 LU TG PP 28 X 48 AR P R 472 07 7

AR SCHR A LIS 0 R S TR A R
A8 1 T 2 5 K5 51T 55 19 77 s x LSTM--
LSR. MW TEHS XM HEFE SR G KE
WiC 12 W 45 19 5 B2 xLSTM4Rec 1 & & K ¥ 51
72 FUT 0 M 72 B 45 LI B4 . Mk
FLF AL GG A0 28 W 45 10 T 50 4 42 7 i (I RNN
4Rec. LSTM4Rec 1 BiLSTM4Rec) , x.LSTM-
LSRA BF T P 7ES. 6.5 . AHILIET
BT G PR R 22 ) 4% xLSTM 1Y 1 51 4k 7 7 15 (il
1 sLSTM4Rec. mLSTM4Rec 1 xL.STM4Rec) .
XxLSTM-LSR A $& 7+, R ZHUE 0L T 271 2% .
sLSTM4Rec 15 J7 ) #E 77 5048 4 19 R BEAL T
TEA SR A MBI R, i i) T
TR A K W2 9 4% A A A5E P P e 00 O 2 1y 1T 1)
A . I xLSTM-LSR ¥t 1 AU 77 28 48 14
HIRARKEENCIC Mg A8 2 S 7 X fEHETE
F G0 AR

BRI xLSTM-LSR LA & &k % ] i e 1
FH P 03 Ot B 600 300 O 2o T J 7 R A 7 A
i - R 5 SR P T ) A e 300 47 45 ) 6 2
> SR — DT Rl G FOR R RE ) 5 AR
fERIBRE ) . TEEBAGKIFIMES b AHLET
1R GEAE I 1 22 I 25 1 7 V6 BT W 3 PR R AL 3, A
Lt 3T Transformer By 5 % HA 1 35 9 BOR L AH
b 3T Mamba 1 5 2 5 SOL R HERE VERE s 72751

5.6 SKIGHH
5.6.1 JHELSCK:

AT 3 38 xLSTM-LSR H 4% 6 He i 7
BRI L 43 5048 B ML-1M F1 LEM-1b %4 45 4&
AT . AR A Rk S iR . Hp“w/o
GN AN T vk vh A 38 0 A FH P A 400 0 et 1
T T4 R 8 4 R S AT A 5 “w /o MTX AR 3%
W57 1 T 8 R PR e U A2 R 4 4k A e K S )
LM 4 5 “w/o MIX AR 7 e vh IR A a3
e 12 ) 4% B i o AR g2 K I S 2 “w/o
MTXE” {245 58 P B0 12 I 26 h R e fh B R
IFEELT T 45 A Sigmoid |75 “w/0 MIXEC# KR
G KA ICAZ 2 AR e AL R T8 BT R
Sigmoid [']5 “w/o CL” X3 24 A1 ] 4 0 1 s &7 ke
AT H 2 3T S 5w /o LN F i 2 4 — Ak
EFHE.

5 xLSTM-LSR 75k HBISRI 45 R

. ML-IM LFM-1b
ik Recall@l0 NDCG@10 Recall@l0 NDCG@10

xLSTM-LSR 0. 2523 0. 1340 0. 3986 0.2713
w/o GN 0. 2387 0.1201 0. 3634 0. 2475
w/o MTX 0.2230 0.1179 0. 3565 0.2397
w/o MIX 0.2341 0.1213 0. 3805 0. 2595
w/o MTXE 0.2343 0. 1205 0.3729 0. 2564
w/o MIXE 0.2378 0.1225 0. 3809 0.2614
w/o CL 0.2473 0.1281 0. 3945 0. 2670
w/o LN 0.2328 0. 1197 0. 3630 0. 2481

“w/o GN” LB 45 3R] R T 142 W 28 404 7
FH PRI e 03 O G-l 45 7T AR A b 3 1 A ) 5 80
LWV . AHELZ T S SR RS SR AR Al A
3D R it i 40 N [ € o P 1l N R e
B 0 B O e P A R AR A, S OB ) R R T 27
B o DT S M R RE o “w/0 MTX” W] 1 782 )
FH PR O i R PR A o B 12 T 4 T o 2
P “w/o MIX” W] T 7552 2] P 01w g %
1RG0 M 2 1 b 2V . “w/o MTXE” il
“w/o MIXE” W], 2k I F2 € b B AR By 48 85 ] 19 A
R fig B 35 0 T R ek Sigmoid 7. 17145 HLH 42 il
Rl RE AR R B — e B R R
T BTN R O B R I “w /o CLL7 SR B, I 1)
K 1 O 4 Bl B % B2 20 SRS T e
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fill G YRR B 58 T Rl 2R A RE 1 5 Mk
FRAEFIRBE T . “w/o LN” KM, F i )2 I — 1L fl
FRERAE S B BE R T & R L UL T 7R
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FE B9 T A R T TR B B .
5.6.2 BIRIVERE S R RIF I LR St

A xLSTM-LSR . 348 77 5 Fl RNN 728 fh
D7 V5 WS M i 5 I O 47 04 35 K 914K B (Max
Sequence Length) ¢ 5 . 76 LEM-1b #dla 4 F k47
S N T IR ANERE S I KT A E 6
2 FRATTRE A Il -5 R B K B ) e R AB IR R
1. 6ke A TSI BIAF TR B R P I
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(BTN S s . It se s, v AR BT 4518 .
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R BB AE B KT A1 B IR 31 400 J5 , BRI g S AR
TR AT M B 4 K s LSTM4Rec Al
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IS, UL T T AR GE AR P b 28 I 4% 1 4 7 g 1k
TEFAR A 7 91 I 23 52 BR T4 SRt 0] 2L, 7 fi i<
KYFHESIIRE AR . MM SEAKE
IIIC A2 ) 24 25 i AU AR A 1 4 4 5 VR A DR P T
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FoATHE (9 )5 e xLSTM-LSR 7E 45 H 5 vi ME e 1
6] B SEEL T GPU N AF AT 50T B — 58 R R A
K02 GPU NAF BRI 22 B 7 5 T AT & 5 K P 34
TEM—FP A RO (EAE B A2 Wi i AR AE
SR A5 SR ER R Hp (1 [ BT A L R AR TR
MRS F SRIE T AL BRI N AR R DY
TERT B TF4Y b B AR e A X 32 BR

(2)SASRec Fl BERT4Rec #H I 3 T4 48 RNN
) GRU4Rec, H A7 & & My MEre L % . SR,
SASRec Fll BERT4Rec H-A K1 N A7 FH 8 I
B TEHEAE R G R FP HHR B ARG e ) 4, oI
TR SME LA FE 43 K AR L. SASRec Al BERT4Rec
AH 3 F xLLSTM 19 #E % 77 % - I i Transformer
FEEZRITITEE R EN RS, it T
Transformer ABY#ELE A HEFE T XLSTM BYHER: I
B T BRI AR SR

(3)mLSTM4Rec # bt GRU4Rec H- 45 5 414
PERE » BLAM e HAT AR PIAE T8 RN HEBRRS [] , £
A R SR 2 ) ST AR B S, U T R
IR MR VA CTELY N (5 W R Rt A G o g2
F P s o i A B % . sLSTM4Rec H F
BB A T 522 3178 {3 sSLSTM4Rec A 11
b 1) CUDA W #% 3 FE » AR B AT 30 3% .
xLSTM-LSR.mLSTM4Rec Fl MambadRec & 37 5
FEATTHER, AT FH 5% S s 1 5K g 1) R AR 2 B K
JPHNHERE G 52

F6 BMEYESMIBER
ViRiS R@10  N@I0 GPUWFE #FLOPs  #fE#l
GRU4Rec 0.2095 0.1061 17.62GB 19.79M 0.93x
SASRec 0.2173 0.1109 19.25GB 23.68 M 1.00x
BERT4Rec  0.2135 0.1081 21.25GB 25.92M 1.12x
Mamba4Rec  0.2071 0.1025 16.41GB 19.61M 0.79x
sLSTM4Rec 0.2132 0.1053 17.26 GB 21.82M 0.91x
mLSTM4Rec 0.2357 0.1195 16.95GB 20.64M 0. 78x
xLSTM4Rec  0.2255 0.1069 18.85GB 20.92M 0.95x
xLSTM-LSR 0.2523 0.1340 19.21GB 21.35M 0.93x
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Rec Hu# s 22 30 M 1 BB AL 34, 31X — 25 SR B0 T
xLSTM-LSR 5| AXURAILE 4351127 29 P 0 i
I 00l e 1) A 21
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PETH IR B L AE ML-1M 28 45 F 00K, Ud B P 91
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0 2
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N ML-1IM LFM-1b
s Recall@l0  NDCG@10 Recall@l0 NDCG@10
RNN4Rec 0. 2005 0.1017 0. 2869 0.1920
LSTM4Rec 0. 2064 0. 1036 0. 3365 0.2194
BiLSTM4Rec 0.2102 0. 1069 0. 3597 0.2312
sLSTM4Rec 0.2132 0. 1053 0. 3585 0.2290
mLSTM4Rec 0. 2302 0.1104 0. 3779 0. 2505
xLSTM4Rec 0. 2255 0. 1069 0. 3692 0. 2389
xLSTM-LSR 0. 2523 0.1340 0. 3986 0.2713
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Lifelong sequential recommendation (LSR) aims to learn
long-term behavior sequence patterns in chronological order
accumulated by users during their utilization within online systems
on the Internet. Recently, modeling and understanding long-term
user preferences has emerged as a significant research topic in the
recommender system (RS) community. Conventional sequential
recommendation (SR) approaches mainly focus on short-term
behaviors or static preferences, while LSR attempts to understand
and predict the evolution of users’ behavior patterns and
preferences over extended periods, thereby uncovering their long-
term user preferences. With the rapid development of short-video
the

chronological user behavior sequences (i. e. , the number of short

platforms and substantial increase in the length of
videos viewed by users), directly applying existing SR methods
to lifelong sequential recommendation tasks presents various
limitations. First, Transformer-based SR approaches excel at
capturing users’ short-term interests and preferences, but face
quadratic complexity and high memory consumption with long
sequences. Second, Mamba-based methods efficiently capture
long-term user behavior dependencies,

yet struggle with

WEN Ji-Rong, Ph. D., professor. His main research
interests include Internet big data management, information

retrieval and large language model

accurately modeling short-term preferences. Finally, RNN-based
approaches also face challenges, including information forgetting
and the inherent gradient vanishing problem associated with
RNNs,

sequences.

particularly when dealing with long user behavior

In this paper, we are motivated to explore the potential
application of xLSTM in lifelong sequential recommendation. We
implement multiple variants of RNNs and evaluate their
capabilities in LSR tasks, and propose a LSR method based on
matrix and mixing dual-flow long short-term memory (LSTM)
networks, adopting a gating network for the adaptive fusion of
long-and short-term preferences, called xLSTM-LSR. This
represents the first exploration of the matrix and mixing long
short-term memory networks in LSR tasks. xLSTM-LSR first
leverages a matrix-based long short-term memory module to
model users’ long-term preferences, while employing a mixing-
based LSTM module to capture their short-term interests.
Subsequently, a gating network is introduced to adaptively fuse
long-and short-term preferences, and a contrastive learning
strategy 1s further incorporated to enhance both the effectiveness
and the discriminability of the fused representations. We
conducted extensive experiments and analyses on four public
datasets, and the experimental results demonstrate that xLSTM-

LLSR consistently outperforms baseline methods.



