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Incremental News Recommendation Method Based on
OptimalTransport and Knowledge Replay
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Abstract Personalized news recommendation methods based on deep learning usually use full
updates to train the model. However, full updates require continuous integration of new data to
form a new training set. Although the performance of the news recommendation model can be
effectively guaranteed, the training efficiency of the model is low. In addition, due to data privacy

and storage considerations, news recommendation applications in real-world scenarios usually do
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not retain all historical data, making full-update unsustainable. For the problems mentioned
above, an effective solution widely adopted at present is incremental learning. However,
incremental learning-based news recommendation models also have new challenges, e.g.,
catastrophic forgetting. That is, the domain drift caused by the non-stationary distribution of the
input domain of the task flow will lead to the catastrophic forgetting of user preference knowledge
in the old data domain. Common solution strategies include regularization-based and replay-based
methods. Regularization-based methods limit the forgetting of old knowledge by adding
regularisation terms to the learning of new tasks but are limited to the alignment or spatial
geometric structure matching between features learned by individual samples in a new task and the
response features of the original network, which lacks global vision. Replay-based methods
maintain the old knowledge of the model by replaying a subset of samples from previous tasks but
may lead to data privacy leaks due to the use of past task data. In order to solve the shortcomings
of existing methods, this paper proposes an incremental learning method OT-KR for news
recommendation models based on optimal transport and knowledge replay. The OT-KR method
first calculates a user’s click probability score for the current candidate news based on general
news recommendation architectures, and then fuses the news representation, user representation,
and click probability score, and reconstructs the joint distribution knowledge feature through a
joint distribution knowledge extractor. On this basis, the optimal transfer theory is used to
minimize the distribution difference between the new task and the old task during the training
process, to ensure that the domain distribution learned by the new model can fit both the old task
and the new task and realize knowledge fusion. In particular, in order to alleviate the problem of
data privacy leakage, OT-KR only saves the parameters of the news recommendation model
instead of the samples of the news recommendation dataset as knowledge for playback. At the
same time, drawing on the idea of multi-teacher knowledge distillation, the news recommendation
model of the new task can simultaneously integrate the distribution information of all teacher
streams, and allocate weights according to the learning order of the tasks. By conducting
experiments on publicly available news recommendation datasets, the results show that the news
recommendation performance of the OT-KR method is better than that of news recommendation
methods based on current mainstream incremental learning techniques, with an average
improvement of 0.55% and 0.47% over the current optimal news recommendation performance
in both AUC and NDCG@10 metrics.

recommendation performance and training efficiency of the news recommendation model.

And at the same time, it can well balance the
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ARARLEE AR eR S Z A AT DA AN [R] B 2 iR A 7
i 5, AN AR % IR S ALK BN B )

R T AR i A 5 A TR 24 S HEZR 3
AR SR % 9% S B Sinkhorn B B0, i i 7E
53 C13) rH 38 IR A5 R R 0 L D Akt {68 i ] A8
Sinkhorn 833 3K BUR AL . 15 8 e/ MU IHAE 55
Z B I o3 A 22 S0 BRI L e -

L= O(u,v)—eH(P) (14)
H(P)=—> P,(log(P,)—1) (15
Hod , HOH SR PRY I, e WAL E S HL .

S RTRR VA U959 5 W e 1 5 I 5 = 5 i) W = YA
BRIF 46 o i H S5 12, e AE v e ) b f vp,
TRl B SR W T 242 BRIV 22 (R 12 ) 30 s A2 [ Jast [ H
P YR 3 I i N A A5 B e e 4k K B
1C1Z s BVREH 2 A2 THAE 55 1 s, X TH R
AR R B O AR T

PRI, 55 SCHRES7 L, A SCHE AR Rl & i R rp
FHNERGE ¢,

g oo(ord) 16)
exp(—y-¢)+1
Hodr,y T HIACGE T AR, IRtk . R
MEB AU ¢ AIE AN 23 0 2 O, B FR7R X R Y
1ot AN AT kA
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4.2 HRE

255 3 T Ik ) 5 sl b ¥ DR A7 B THATE S5 AR
FHT 8T 55 (A B S5, R 2 i 1 1 2% > v i) X
PRI AE[R] I R 7 858 B A it 6 [l 0. it
OT-KR 7 VAREAN HAT 5545 21 (0 87 [ 4 A2 A T 7
VER IR HEAT B i, IR I ANARZE v X M T
AR THAE SR BRI BRL F. ) TAAERCR 5 R,
i M 22 v] LIAFAs m AR, FRATT I F A 1 4
PEXF M (AR PR TR B, 4R Y R 55 (AT
m A THAE 55 Fr A5 20 0 m A LA .5 ME G » 00 B
AT S 28 Sy S T £ A 7R g A AL 2 ) L [R]E E
THUA] SR W () St I, AR SOAE 28 T Z B AR 75 18
SEARE B B AN S AT VR R TS S8 ) R
U it — 20 G i RMEVE 155

ELARH, N AESE vp X MR R A A 5 AR YK T
b IR AR RS FE AL B I AT 55 (R 43 A0 R
FRAE 2, F A D 43 BT 1 & | G o0 A
LFWR Lo, (€1, oo, m ). 33X m D0 2 107 1
XA B AR g A K

El\/n':i (17)
m

1] B PR P 2 AN ) T 2 A A R X T R A 2 )
PRYICAZ . it o AR A R 2% > i J] SOk il 5
O T 45 5 A A R L 58 2 ) i i IC 12 BE
A5 20 5 22 1 [ o5t BIASE TR i AR HC R 7 )48 2K
A MR . 2R TR R A BA S R 5 g, 3
HAUE IR 2 JOB A 18 5 BT Lo AT 1
%y

m ]
" L

exp(g:)
A= (18)
>0 exp(q;)
Lyr= 2:;1/11¢g£11<r' (19

BEAN O T B — 2 P T 2 UL 45 5 (1 fo
P S SCHE TN SR 1Y (4 £ A AT BANME § . AR
A BN e o AR S B AR IBUB A5 A1 R TURFAE
J AN ELAEH R pR B TR Sl i P A AT
Rl 13 B O A A 7 A HIRURRAE -

Lo
y= 20 (20)

FOMAE R 1) 4 1 [ A AR — A SO AL 4
B N Z A AT 55 2 2 B4 43 A 1 2, 38
i 2, (R RE AT DL A 2 (12) 73 3 1H AT 55 53 Fii v
I T di f % i B8 3 328 5K (14D 45 21 ph Zom
AT ) B8 B 2 A A AL 2 T A Y IR 2

A5 22 e Loon. WU S0 [ 50 14 61 2% PR Bl ] 6
A
Lix= Lo+ P Ly (21)
Horp, g o R AR A5 2 I A . e R AT AT A
FAFHEA Grid FE RO B ECH
L=Lc + £R34-+ Lxr (22)
N AT H OT-KR 7 78 ¢ I 21455 50 18
2 S PARCHS CANSA L 1 7R ) K LRt fa) | 23 fa) & 4%
ST . BT =16 IO A A T T A A AR I R A
b AN B 2k S b AR B LA AR 4 >1.
Byl OT-KR ik
WA < 06 2030 AT 55 O AE s e/ NIERURS b;
IR ZHfE A M.
e A N AR 7 (00T N BA S ML
BEGIN
1. FA<F €M
2. FOR j=1=7 DO
3. FOR (V, X, Y)eD, DO
[V R P X R 1 A
Y o 15 5 3 P 14 L S/

4. BT X7 ARE ], 1€{0, - k)
5. T VA PVRFIE u;
6. FETFHRAEARD)-CHTH Lo
7. HRAE A TR(4)-(9)F=LE IR A o3 A IR 25
8. AR AR QO Lros
9. FOR w=1=m'"' DO
JEmt T U ARSI MY S K B e/
10. MM I A AR E AR (4)-(9)7 ez,
11. T 2 Mz R AXAD-(1DHHE Lo
12. END FOR
13. HRAEA 3 (18)-(19) 5 Lasrs
14. R A Z(20)7 R BRI R 25
15. FEF 2 Az A AD-(1DTHE Lews
16. WA CD-C21 1 £
17. i FHLAL S ADAM 158 2 5 5 5 14 7
18.  ENDFOR
19. END FOR
20. IF m' '<Tn THEN /*m JgNTEAF R A it +/
21, AIEANFERIIM Y
22. ELSE
23, MTUBAE BB
24, FFEAWEHRIIM Y
25. ENDIF
26. M'<—M' %
27. R[N AEBA S ML
END

AT A I b= D] FAL AT g
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I3 5 BB E R oo FESL IR 1R 2B IR 4-8 Ry B[] T
B O(Zedh/ k) Horp o d Hrialie A I 4ERE £ R
17 2R KE B B 5 28 B 10-11 19 J K B () T 85 M
O(mZh/k), Hov s > Sinkhorn i 85 i e K3 AX
UHL m ol WAFBRB 1 e KA 5 o5 Ak s PR 13-17
(Bt e FERS A O ( Z5h/k). PRI, OT-KR 75 8576 5 dis
W AT S5 B L 2 B 9 O (7 ((m 4 1)s +
cd )h/k)

FESLE 1 IR 4-6 128 [ TF44 0 O (cdh )s 26
BRT7-S BSR40 O (Lh), Hovpr R BEA 434 IR
HAE 2 (0 4k B 5 25 98 10-11 B9 & K 25 6l IR 45 A
O(mih); %5 4b A5 B8 14-15 Fir %F o B 25 [ JF 484
O((h). B, OT-KR J7 i 768 B0 i b PR AT 55 19
ZEEEIENO(((m+2)1+ cd)h).

FEAS B 22 BT 0 N A7 BA S M S B BA R A
B F, Ry P SR A E R S . A YT we,
(R B i D s VL, RN AR ST AR A A TR
e, WHEAE u,, 5 A, PR EEAS BT I o, (0 REAE W AR Ry
A B A O E w,,, 2556 2 R Y.,
FE LG FER T 38 BURE 28 70 B30 5 1) N TR 1 > 4%
R BRI

5 SIS

5.1 HESE

S 50T T 3 O A T Bl B MIND. %5040
FWAE T RPN P AT B, B4 H &
s P g S OE R s SRR P AR % H AT
(14 17 52 st o B T L T R IR A R
AR AR AR L IE SO 2R AR 5 T
VR0 — 5, 3R AT MIND %38 42 09 9 A B
MIND _large F1 MIND _small. 3% 1 25 5098 48 19 4t
HEE.

x1 HEEHNRITER

AR MIND _small MIND _large
B 93 698 161013
FH P8R 50 000 1.000 000
ISR AR 230 117 24155 470

XFF MIND £ 42 . R 1 AR o3 A7 AS W &
A A AR R T 4 72 3 55t AR SO B 0B A7 T LAk
BR, BIAR S FH A7 B AR A B39 5 P AR s

L LAR N AT HEAT R 43 43 A9 8 20194 11 A 9%
2019411 H 155 . L 7 KRG H 170 H 4l
7 AN ST B AR BCH R b 1 3 e A AR
ITAMESS . Ry T T, Zead FAh RS A9 B AT SR
fir44 S MIND _small #1 MIND _large. i} Tl k%
e, AT — 2 ) MIND _small £ 45 i 19 24~ F
55 T BEALAEL 10K 2 B8 A4 B 45 . L rf 80 94 1
R INGRAE T T Y 20 %6 1 A4 . X5 T MIND
large B4k U » 1 4T 55 4l B 30K % B0 405 #49 1l 5 4
£ 80 %6 VA UINZRAE T 20 %6 1 il a4 .
5.2 bkBAE

ASCK OT-KR I iE S5 a0 BRI 2% > Jr
TR

LWE" 1 UK T HITR 28 18 R A DA 55 3 o2
> [} L, 2 00 SR 10 IRy FH -2 g 27, A SCH]
Bk St 2 )

oEWC, EWC 7£ DU HrHEZR 5] A 245 28k
B AN S M 5 38 o FIM (Fisher Information Matrix)
R TS5 E A H FIM 3843 B ELIE )
A0 B 75 AT 55 B0 B AN T3S i, oEW C £ L SE Al
ek, R — A I

STH . JiE e BN 58 foh ) 7 B PR AE S RL S 400
A ATAS H B SRR AR T R A A

RWALK"™: DL KL #i B & B fih xF EWC il PI
(Path Integra) #EA T LML, A

IGCN" ;3 5k Bof [ JE e ARR A i 45 A B T i
AR P R R AT B s [ 28 Al A

FIRE™ . 15 11 5 14 £ 1 s (] JgR 0 1) 8 0 2%
(Temporal Information Filter) 4 & F 5 s 4 il fisf 7]
BB S

LCE™ B —Fh 1 S 28 (il P ) b At
S I ) s D TS A RS RN L AR SRR
PR RR .

Dropout ™ : ¥ dropout £ R B =X I TAIL I SR iE
25 I 265 1) T 9 P RRG A e AR S T ) A 5 2 AR
J Gfith a4 th RIS AN T dropout 2

AGEM™ . 38 13- fift FH Bifi BILAE A B 1 3456 1 15 51
NG LY FNG IE AT 55 B0 T B 7 1 (9 7 v » e
GEM™ b fifi BT A THAT: 55 1) IR JSORE A T30 1
Sl 2NN 1B FOR S O] [

FDR™ i 5 A7 3 14T 55 110 0 491 B A 0 1) 4%
f H R ) 55 1T 55 RGBT 55 22 8] A B 1

ERY™, JeF 2 00 W 3G B2 ) D7 ik R FH RS
(Reservoir Sampling) SR FEJ7 %, Y 25 #2 K TH AT 55
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FEARRNY FHTE S5 FEARIR A

DER™ . 7£ ER {3 ili b iR 47 eloadtk , 56 1 i i
(Dark Knowledge) #& Bt 11 28 55 . 7E R Ao fb o 72
FRHEATULEL .

Inverse Degree*: 5T 206 5 i 114 12 > Ty
58 T P A B (R S B8O RAE T
BRI S RAE

SNCL"". 7F ER By & fith L dE 47 2l itk . 76 N A7 2%
WX AL AT 55 B REAR ARZE LA v ] 24 1E O
HAEBA A R P A T VE L

CLS_ER™ . 3T CLS BliE A9 A E 102 2 56 (7]
T 35 o TR) s 2 7 7 A A A6 e 0 A 0 ) 1
AL DU BT N Y PR RN 2 1

Finetune : 8 775 o 76 554~ 15 20 B8 WL A0 B
B R 20 3 5 R AT 55 U1 5 380 A ) B 8
Aol AT Ao 5 fife ¢ M 35 T ) SR, — A Dy 388
22 T IEVEREI T B

Joint: At HURT /i, AR R A1 20 9 v ffi FH 59
H AR 1k 04 I B8 DSk T )1 2508 [ 4 7455
— AR R e 2] Jr ik R RS

AR XS T L R 8 AN i O T IE AR Y
B RE2E 2 T 58 9- 154 D7 W B T Ll g 4 2
Ik N T RAEA SCOT-KR 7 2 004 5ok 341
e HL =S F2 IR A AR Y L B NAML™ \NPA™
FINRMS R FE AR, B - 38 i3 12 2]
il buz A
5.3 iHMEERREESEE

ALK RIS A < Python 3. 7. 13, Py Torchl. 11. 0.
GeForce RTX2080Ti GPU, 32k F 4 A~ FH (1357 6
WIS T8 45 : AUC (Area Under the Curve) .MRR
(Mean Reciprocal Rank) . NDCG@5 (Normalized
Discounted Cumulative Gain) 1 NDCG @10.

AT ABSVEE T . (DM T /Mt
() ADAM Ak 25 0 A AR T8 2 500, 397 T 4 A A 7Y
NPA"H NAML i 1% 5z /N tE R/ S 100, 1
NRMS“ il FH 9 e /N R /N 645 (2) 36 F 11751
75 176 MIND _small Fil MIND _large %5 4i& 4 7] 7% )
FE A 43 51 S 2000 F1 30005 (3) 2 > F A {0. 01,
0.001, 0.0001} Z [A] % ; (4) NAFZE vp IX. MAFREAR
I ER mAE (2, 3. 4. 5. 6) ZIAH%; (5) 5HA
TAE 2, ORFER AR SRR AR R b S h
4;(OARADOTHNESE e E R 0. 1; (DL
1P R R E AR B o R B M 1005 (8) A (16) i

A TR FEEE S8y BN 1 (D AK 22
PR A2 F 51 2 1 AR ER 0 I M 0. 7.
5.4 S5BFENMERERTEE

J TR OT-KR J7 i B HEEPERE L A /N8
‘5 HETERE R kL5, 2/ T
B ARSI SR F NP A WE R e AL . Ry T
TSR IR R MR S RE . R 2 4
W T T IR T ME 5 B R PR R DL AR
SCOT R H TR O i i i Re R = A A
(Yoimprv) s WHATLAE

(1) 7 o] 4 7 A5 70 348 ok~ o 1) 1 g L 3 vk
Joint B @Al FF # U5 1% Finetune , {H 2 [1] 2 5% A
JEH B K. F4n, 78 MIND _small £48 4E |, Joint 11
Finetune J5 ¥ i AUC $§ #5 22 5% 4 5. 16 %0, 1fif #F
MIND _large B8 45 L2550 4.37%. X FE &
K] Sy 70 P A 55 U 9 8000 4 A1 AR Ak FR R 2
1 , [ 0L Finetune J5 I 4B AT 55 24T G40 sF 5 190 4
TEBHULE IHAT 55 1 PR RE R S B R 1%

(2) FF 1E WAk i) J5 7 Finetune J7 35 19 2L it
AR TN X B — B B b F BER RS A
20 % A I HME PR 18 B3 R B . Hor  LWEF 7wl il
Finetune 77 %5 MR ZE 18 A 45 4 L A BEAE DI 2R 5085
AR B HAT 55 0 i s (S 2o B A TE BT AT 55
2 > B B R AE R TH R A 4 X5 0 4R AE 22 () X6 5% B
SRAT S AR A AR B Ik s R AR AN B
oEWC.ST L K& RWALK %5 5 k328 14 3 3 45 #4) 1F )
b ok v R [ o 25 A A a0 Sl A T S S
B0 T ELPEAE T 2 ) AT 55 e A A K e 22 DR AR BE
[H AT 55 v 4 FH 1 3 AR S50, 3o A iR B DR A7
FEVR 25 (0 0 28 ) v, T 0 A% I R AR 2 ) R —
AT 55 Bk BT, (A Y B R A R B T A S5 e
A DL T (A s ok B D AR N T L b
A1, Dropout 7 ¥ 38 1 B i 1T ML i 2 1 12 12 DA 3k
B e AL, BARTE — R e ik T onr e
{H N 2 0] LAF H . ££ MIND _small fil MIND _large
Bl A 1 AR RE 15 B 5L T 1 W AR D i b i e
PERE .

(3) 5 I 1E WAk 7 A0 H o T R 7 s
3 o IO AE N A2 o DX P R B e A ke i e
S 53 0o [0 R, 7 5000 43 A N W22 Ak B T
TR R E A rERE . b, DER 7l ik H
b LUAE HARHEAT T A M E (5 S JF i 5 H bR
FEECHE I P R AR DL S5 49 L AH LE Finetune 771, 3
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& > 48 5 £ MIND _small ¥ 88 45 F 43 942 7F 1T
2.48% 2. 18% 1.77% F 2.14%, 1fii 76 MIND _
large £ 954 LAy 4T T 1. 94%0.1. 9% 1. 71 % Al
1.76%. 5 DER J ik iy R (5 B AH L, CLS_ER
FEFFEEF 2 AT 55 114 ) i 3 2 A 2R it 2 A o AR

AR IR RIS SGE A LI SR, g
55 15 ) AL TAL 5 A S R A5 B A R 5 51
] A AR PR ZE A  PEREAS ) T —2B4R T . iesh, Al
VA th o B B A R TAR S 5 B 7 1 AGEM R T35 1]
HEFAE 55 3G 2 ST RO A

®2 AXOT-KRAZESHE RANERIGEF I HFENERFLRE (NPA(EA R EHFRIZEN)

. MIND _small MIND _large

ik AUC NDCG@5  NDCG@10 MRR AUC NDCG@5  NDCG@10 MRR
Finetune 0.6674 0. 3569 0.4142 0.3274 0. 6904 0.3791 0.4359 0. 3466
Joint 0. 7190 0. 4003 0. 4569 0. 3666 0.7341 0.4200 0.4757 0.3831
LWF 0.6751 0. 3621 0.4195 0.3331 0. 6960 0. 3825 0.4398 0. 3504
oEWC 0.6735 0. 3598 0.4180 0.3322 0. 6958 0. 3822 0.4392 0. 3499
SI 0.6732 0.3614 0.4188 0. 3349 0. 6966 0. 3839 0.4408 0. 3507
RWALK 0. 6769 0. 3595 0.4182 0. 3317 0. 6952 0. 3824 0.4385 0. 3493
Dropout 0. 6799 0. 3620 0.4198 0.3341 0.6999 0. 3876 0.4439 0. 3547
IGCN 0. 6752 0. 3596 0.4178 0.3321 0. 6902 0. 3700 0.4357 0. 3473
FIRE 0. 6747 0. 3557 0.4132 0. 3286 0. 6953 0.3812 0.4390 0. 3489
LCE 0.6771 0. 3625 0.4210 0. 3346 0. 6948 0. 3784 0.4357 0. 3465
AGEM 0. 6831 0. 3680 0.4239 0. 3383 0. 7010 0. 3891 0.4461 0. 3565
FDR 0. 6864 0. 3757 0.4310 0. 3464 0. 7038 0. 3948 0.4495 0. 3622
ER 0. 6844 0. 3705 0.4272 0.3431 0. 7020 0. 3903 0. 4460 0. 3581
DER 0. 6922 0.3787 0.4319 0. 3488 0. 7098 0. 3981 0.4530 0. 3642
Inverse_Degree 0. 6833 0. 3705 0.4283 0. 3429 0. 7066 0. 3922 0. 4505 0.3613
SNCL 0. 6899 0.3772 0.4325 0. 3470 0. 7003 0. 3937 0.4493 0.3617
CLS_ER 0. 6930 0. 3748 0.4320 0. 3460 0.7117 0. 3966 0.4532 0. 3640
OT-KR 0. 7008 0. 3829 0.4413 0. 3530 0.7153 0. 4004 0.4570 0. 3648
% imprv (0.78%) (0.42%) (0.93%) (0.42%) (0.36%) (0.23%) (0.38%) (0.06%)

(4 F 7 T i 2 I 45 1) 386 £ 4 72 7 75 IGCN,
FIRE.LCE #1 Inverse_Degree £ ¥ 25 . iX F 2L /2
AT Ay 5 T T o 2 IO 246 1) 34 4 2 D 1 AU T Y
1B R 5 R HEAE R G0 0 1 A n) L, BN /] O
WE I ACHT B9 749 85 el o] LS B RESE 2 ) L IF
A 25 208 I AT 55 i A R i AR R A 5
KR ). Hor, Inverse Degree J& T 811 7Y
(14 35 R0 A 2% 5 PRI AR 3 D A O ik bk B
etk

(5)ZR3C OT-KR 77 ¥ (A 4 7 P BE 76 0T A7 PFAl
Tebr L 0E T B ar R e 2k 2 vk . i, 7E
MIND _small t#i 4 |, OT-KR J5 i 4 N8R b
H A 5 oF 1 & 5 2o 4 T 0.78%6.0.42%
0.93% PhJ 0.42%. X FEIEF N O OT-KR
2 N4 SR £ B 2 p TH R B L 3 i e /M S TH
1155 Z [ 3522 5 SR 43 A R LA AT
AR A D T SRS () 8, AN 5 B R RS B
(9 IE AL s @ OT-KR J7 2 ) FH 038 18058 s ok B

PRA% G 1 FE A [T 0 W AT B 8% 1] Bt A 553 1
MUK 2 21 B 1 52 HE R, BAR N AF 75 SR R i T 3
s AR B B RA DR 3P 1) [ B s B 8 i — 20 A 3 52
i 1 JOMEPE ISR [R]
5.5 HRRICIE

AN A T LR X OT-KR 5 4% £ 2
HAF R SO AT R . S0 & 3R OT-KR )7
R AR PSR

M AU FH Nl A SR 5

M2 7E M1 Al feff R0 s e s 5

M3 7E M2 J:fili I i — 25 A RS A B

FIG M T 3T AT HEFEVERE . AT LA
A4 ML 4 R # B 25 JE TH AR A IL R, 1
REAR T R 0 1 W 2 ) vk AR A il
FH TR TR 55K W AN PR T AR 4 A 55 09 R Rl
B TAT 55 W05 W1 TH AT 55 08 HRUME F 25 K AR st s
Xk 2 2 AT 1, M1 7E MIND _small _F 19 NDCG@5
AT MRR $§ Fr% F DER J5 3% 0. 19% #10. 42%. 1fi
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M2 38 i 138 ] 75 56w DA PN A7 22 i DX 3R B AT A
5 W ZAE B, BV 3] 7 AT 55 i 5 0, e R
E JCHB 43 19 TH RS B 35t 05, e A3 4 A 1Al 48 b
Byt R a7 ik L A, M3 FE M2 iy KR
filh b ] AR B2 B BT 1 4 A R e AR Bk — 2P R

Ft . 7€ MIND _small % 4f 5 F1 MIND _large i 4f5 4
LA HEAR A T T 0.21%.0.19% 0. 31%
H10.3%. L K 0.09%.0.18%.0.14% F10.2%.
B, OT-KR J5 35 19 45 S L3596 R 45 o 4 77
PERE .

®3 OT-KRIGTEZEMITERHEEERE
. MIND small MIND _large
Jrik AUC NDCG@5 NDCG@10 MRR AUC NDCG@5 NDCG@10 MRR
M1 0. 6960 0.3768 0.4332 0. 3446 0.7135 0. 3981 0.4541 0.3622
M2 0. 6987 0. 3810 0.4382 0. 3500 0. 7150 0. 3989 0.4555 0. 3636
M3 0. 7008 0. 3829 0.4413 0.3530 0.7153 0. 4004 0.4570 0. 3648

F£4 AXOT-KRFESIE RN ERIEEF S F R (NRMS F1 NAML E 4 # B R 224 )

NRMS NAML
ik AUC NDCG@5  NDCG@10 MRR AUC NDCG@5  NDCG@10 MRR
Finetune 0. 6704 0. 3554 0.4139 0. 3287 0.6755 0.3617 0.4189 0.3336
Joint 0.7112 0.3955 0.4515 0. 3630 0.7270 0.4100 0. 4668 0.3753
LWF 0.6723 0.3572 0.4147 0.3295 0. 6829 0. 3669 0.4248 0.3379
oEWC 0. 6761 0. 3599 0.4185 0.3311 0.6766 0.3616 0.4193 0.3320
Sl 0.6718 0.3571 0.4152 0.3293 0.6784 0.3615 0. 4207 0.3334
RWALK 0.6798 0.3631 0.4203 0. 3364 0.693 0.376 0.4340 0. 3460
IGCN 0.6713 0.3554 0. 4150 0. 3290 0.6782 0.3631 0.4209 0.3333
FIRE 0.6715 0. 3568 0.4147 0.3295 0. 6885 0.3683 0.4263 0.3398
LCE 0. 6701 0.3537 0.4124 0. 3270 0. 6776 0.3612 0.4196 0.3335
Dropout 0.6733 0.3583 0.4161 0.3312 0.6811 0.3658 0. 4247 0. 3370
AGEM 0.6837 0. 3696 0.4271 0.3429 0.6895 0.3725 0. 4296 0.3427
FDR 0. 6859 0.3749 0.4307 0. 3462 0. 6961 0.3819 0.4372 0.3512
ER 0.6765 0.3587 0.4161 0.3329 0. 6934 0.3759 0.4331 0. 3480
DER 0. 6854 0. 3697 0. 4264 0.3424 0.7010 0.3830 0. 4400 0.3520
Inverse_Degree 0. 6840 0. 3699 0.4282 0.3431 0. 6862 0.3706 0.4293 0.3438
SNCL 0. 6896 0.3756 0.4326 0.3478 0.6934 0.3818 0.4368 0.3519
CLS_ER 0. 6872 0.3688 0.4266 0.3430 0.7032 0.3833 0.4394 0.3527
OT-KR 0.6943 0. 3760 0.4333 0.3463 0.7065 0. 3846 0.4429 0.3529
Y imprv 0.71%) 0.11%) 0.26%) (0.01%) (0.33%) (0.13) (0.29) (0.02%)

5.6 ETHEERMEEFEEIAITERE

N T BE— 8 OT-KR J7 ¥ 76 5 18 i 1 R Al
Bl EAE S AR A/ N BRI AN A
B T 4 77 A5 R NRMS™ FI NAML™, 3 78§ 4
MIND _small 47 1 HEFEPEREXT U SE 5 . 51 1l
IXCPASBER I R A < P B vk,

Horp , NAML #5580 35 F Z2 0 27 20 S i e 3 )
I Z2 R I, HCHT 1) 4 2 0 DA TR 1
R E SC 28 R 2800 v 2 20 38 [ e s O TR] Y
PR A8 AR BORT 5 L NRMS A58 ) 2 58 3 223K
T T R4 43 A B B T) 5 BT I P - ) 2 (]
FIARR S AN T CNIN TG RE i 2 4 I 2 A9 B3] 52

IR . KA T A B 2 ) 7R TE T4 55
APPSR BE LA A SO R T B A Tk
() 5 PP BB H 55 1 4 b (Yo impry) s AT LUE
P NRMS 1 NAML A 5 [ 4 72 45 R0 SR ) 1), 4% 3
W) A e H A 5 R 2 R — 3L
FE T W1 Y 7 1 0 L R T OE Ak G O ek g
s R, A SC OT-KR J5 6 7E 43 4 S 1EAh 5 b 1
k3 T kR .
5.7 llZkmt XS e

AN A 1k S0 AN [V B 4 A A AR 1 2
T INGRCR . SE DR e — M55 45 AT Y
FE B0 B E] CRP O SR PEAS OT-KR 5 2% = A~ 48 k&
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Background

News recommendation technology can deeply mine user
interests and alleviate the information overload problem caused by
massive news. With the development of deep learning, deep
neural network-based news recommendation models has become a
research hotspot and focus in the recommender system
community. News recommendation models are usually fully
updated based on complete datasets, that is, all the data at a
certain moment are used for model training. However, a large
amount of news data and user interaction records appear on the
news platform all the time, and the full-volume update method
needs to integrate new data every time to build a new dataset for
training. It can ensure high recommendation performance, but the
larger the amount of data, the longer the training time required for
full-volume update, and the training efficiency is low.
Additionally, some recommendation platforms could not store all
the previous data and be unable to provide complete volume
upgrades in realistic settings due to privacy and storage issues.
One of the best solutions to the aforementioned issues is
incremental learning. For continuous model learning in real-world
settings, incremental learning has recently been proposed and has
shown promising results. Therefore, this paper introduces the
concept of incremental learning in the task of news recommendation
to convert full update into incremental update.

The introduction of domain incremental learning into the news
recommendation task inevitably results in catastrophic forgetting,
which is commonly solved by regularization-based and replay-based
approaches. The regularization-based approachs, represented by

LWF (Learning without Forgetting) , limit the forgetting of old
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knowledge by adding regularization terms to the learning of new
tasks, but are limited to feature alignment or spatial geometry
matching between individual samples learned in new tasks and the
responses of the original network, lacking global vision. The basic
idea of replay-based approachs is to maintain the old knowledge of
model by replaying the samples that appeared in previous tasks
during the training of new tasks, which violates the setting that the
data of past tasks are not available, leading to the security problem
of user data privacy in the news recommendation scenario.

To solve the above problems, this paper treats the news
recommendation task in real scenarios as a non-smooth data
distribution task flow in days, and proposes an incremental method
called OT-KR. It fully

considers the consolidation of old knowledge from a global

for news recommendation models.,

perspective and minimizes the distribution difference between new
and old tasks based on optimal transmission to achieve knowledge
fusion. On this basis, OT-KR proposes the knowledge playback
strategy by saving the models learned from previous tasks, because
only the models can contain the complete distribution information of
the task, and will not lead to data privacy leakage. Experimental
results on public news recommendation datasets show that OT-KR
the

recommendation performance.

method outperforms current mainstream methods in

This work is partially supported by the National Natural
Science Foundation of China (No. 62172166, No. 61772366 and
No. U1811263) , which aims to research on deep learning-based
recommender system, and the Guangdong Basic and Applied Basic
Research Foundation (No. 2022A1515011380) , which aims to

research on incremental learning.



