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Continual Learning
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Catastrophic Forgetting
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Conventional Neural Network



Catastrophic Forgetting
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SHIN, Hanul, et al. Continual learning with deep generative replay. Advances in neural information processing systems, 2017, 30. >



Continual Learning?| =

1. Avoid Catastrophic Forgetting
- O taske| 7|¥= E5HO0F 2

2. Positive Forward Transfer
> O|H taskOf|A ha3iE X|Al0| CHS taskd| ==0| £|0{0F &t

3. Positive Backward Transfer
> L2 taskO|A] &S ot X|A10| 0| taske| s kAfof| = =20]| |0{of &t

4. Task-Order Free Learning
> Taske| &g wA{et PSP RE taskS  434sf{oFet
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Universal User Representation
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Universal User Representation &t J|& 9171

= Transfer Learning / Multi-task Learning= 5822 QL0 Z
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Phase 1 Phase 2

TranSfer Learnlng 7 |IH_I- HOI-HH-I moldel — moldel
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Source Data Target Data

Transfer Learning
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Parameter-Efficient Transfer from Sequential Behaviors for User Modeling and Recommendation, SIGIR 2020



Multi-task Learning 2|8k
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 |tem feature2} Behavior property (time, type, etc)E 7|82 2 Item embedding 44/
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« 2FtaskE £ task-specific featureE 20, multi-task learning LIt

Perceive Your Users in Depth: Learning Universal User Representations from Multiple E-commerce Tasks, KDD 2018
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Phase 1 Phase 2
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= Transfer Learning
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Continual Learning &fH&

= Replay-based approaches
- tHO| H0[EiE EEE XM 50l et

- + Generative replay

= Regularization-based approaches

« 11HC| taskdl| 5 23UHE parameter= task?t X|LIE SX|E|=5 &

ot

= Parameter isolation-based approaches
. TaskOICt CFE parameters &%

Continual Learning Methods
N
Replay Regularization-based Parameter isolation
methods methods methods
_— T T T
Rehearsal Pseudo Constrained Prior-focused Data-focused Fixed Dynamic
| Rehearsal | | | Network Architectures
iCaRL [16] | GEM[55] EWC[27]  LwF[58] | |
ER [49] DGR [12] A-GEM [6] IMM [28] LFL [59] PackNet [61] PNN [64]
SER [50] PR [52] GSS [48] SI [56] EBLL [9] PathNet [30] Expert Gate [5]
TEM [51] CCLUGM [53] R-EWC [57]  DMC [60] Piggyback [62] RCL [65]
CoPE [33] LGM [54] MAS [13] HAT [63] DAN [17]
Riemannian
Walk [14] 13

A continual learning survey: Defying forgetting in classification tasks, 2019



One Person, One Model, One World: Learning Continual User
Representation without Forgetting (CONURE)

= Key approach: Parameter isolation-based continual learning
« BELH{O| parameterE HES| 26l taskOC 2t
SiLfC| taskE etaet 2, 8%t parameter &2 MEH

=0

- $20%FparametersTt MEISIY retrain & freeze A|I21 2, CHS taskE at&

(b) Retrain T:LI \ (@) Prune T:ZI \ () Train T3 "

(a) Prune T (c) Train T2 (e) Retrain T2

One Person, One Model, One World: Learning Continual User Representation without Forgetting, SIGIR 2021



One Person, One Model, One World: Learning Continual User

Representation without Forgetting (CONURE)

= 25|
. 1. Parameter isolation EIH=Z9| 51|
. a) j;lj tasko'*% Ei:—llol M= '— | '5|-§|F

» Task?t =AtHC 2 550 EI01 IHHAM, LIHX| task=2| of50l| 2E87tsSt parameters

b) & 7HsSt task It N|sH=l
- Parameter?| 25 AF2El 0|20f|= {04 CIE taskE a5 £+~ Q2
. ) Positive backward transfer?} Lo{LtX| k=2
- A taskhs0l| AFEEl parameter?t 17YE

« 2. TaskZt ZHH| ZA|
. 1FH taske| a5 AR El parameter= 0|2 task2| 50| AFRE|X| 42
- Task? 2tA|: Positively related tasks / Negatively related tasks
- Task?h #AIE D4y A2,
- Positively related task= AFO|X|M positive transfer?t 7+s5t
- Negatively related task= AIO|0f|M negative transferg YX[gh 4= US

One Person, One Model, One World: Learning Continual User Representation without Forgetting, SIGIR 2021
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Task Relation-aware Continual User
Representation Learning

Sein Kim', Namkyeong Lee'!, Donghyun Kim?, Minchul Yang?, Chanyoung Park’

'KAIST, 2NAVER Corporation
KDD 2023 - ACM SIGKDD Conference on Knowledge Discovery and Data Mining

KAIST DSAlL==:2 NAVER




Contribution

= Parameter isolation ?|2F continual learning?| e 2=
- &2 taske| 945 EH

- obg Jtstt taskIla K2k X

= Task?e| 2HAH|E 11
- M= o590t task?| knowledge?f O| M| elael taskd| 22 & = U= & (Positive Backward Transfer)
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Notation

T —
U =
XUl = {x;«ll’x;l,_

- T;
Yl :{yul,...,yu

Label of u; in task T;

T;

[uti|

}

{T1, Iy, -, TM} Set of consecutive tasks (T1.y)
{u1, Ug, -, uN} Set of users

u .
-+, x5} Behavior sequence of user u,

- e.g., news/video watching history, item click history, recent search queries

T. f— . .
U ={u,up,- - » U YT |} Set of users associated with task T; (U% c U )
- Note that T; contains all users (U1 = )

Set of labels associated with task T; (e.g., Purchased item, gender, age, etc)

Dataset Task 1 (1) Task 2 (13) Task 3 (T3) Task 4 (Ty) Task 5 (Ts) Task 6 (T)
[l Yh [ YR Y Yy ] Y T YT
TTL Watching Clicking Thumb-up Age Gender Life status
147M  0.64M | 1.39M 17K | 0.25M 7K 1.47M 8 1.46M 2 1M 6
ML Clicking 4-star 5-star
0.74M 54K | 0.67M 26K | 0.35M 16K
NAVER | Search Query Search Query Item Category | Item Category Gender Age
Shopping| 0.9M 0.58M | 0.59M 0.51M | 0.15M 4K 0.15M 10 0.82M 2 0.82M 9
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Problem Formulation

= Given: Consecutive tasks 7 = {11, To, - - - , Ty}
- Each T; is associated with @¢%i and yTi

= Goal
- Sequentially train a single model M on each task T;

- Predict the label of each user u;

Backbone model

Vi = GTi (M (x™))

Label of useru; Task-specific
in task T; classifier of T;

Behavior sequence of user y,

19



Backbone Encoder: Temporal Convolutional Network

= Qur framework is network-agnostic
= Dilated convolution

xt xYy x% Xy Xy Label of T2 Label of T= / \
(S S S S f =
O O O O D) O O O O @)
s o o o 9 5 o o o o - | TcNlLayer2 |
| |

LN 2

A TEAT TR |

o
! | IN1 |
. O T T N I T O N T N N Y,
(a) T (b) T2 (c)T= (d)residual Block

E' =F(E' ) +E' =Re(E)  k-thresidual block
E)' e R/ Initial embedding matrix of x*

A simple convolutional generative network for next item recommendation, WSDM 19 20



Key Components of TERACON

>

= 1. Task Embedding2 £l Task-specificet maskE <}
- Task?l Relation= 112{¢t Task-specific mask gk

(Soft masking)

= 2. Pseudo labeling 7|2 5ot Catastrophic forgetting &X| (Knowledge retention)
" &5 Trained | | Frozen,
Yu Lkr+
¢ mTi
Leiass ‘ ‘ Pseudo-labels (Subsume all K masks
,\I"- ATy ATy, T, T, i from m, Tito mkl)
N u V' Yu Vu' mTkl
S B I I B L |
I b o ) = o Py J
! [e™\ i [e\ ! o L6 o 6O Eq. 12
SN SN S SN S SO S NN oo S B Tol
Mmoo mem™) [ et mTe - G ] (G T ‘ Eq. 13
1 | 1 1 1
\___I____' \___I____' \___I____l \___I____' \'"I_'"l | t
xteu  xteuli() x*euliG-1) x*euli(n) x*euli-1) e, el (T € 7))
(a) Training on (b) Knowledge retention (c) Relation-aware
current task T; task-specific mask
Shared across tasks Not shared across tasks

: Trained backbone / GT1\--- / GTi\Z Trained classifiers m™ --- m”i : Trained masks
: Frozen backbone GT\ * (GTi-1: Frozen classifiers i’ -+ m”i-1: Frozen masks




Task-specific Mask

(o) Retrain T:LI \ (d) Prune TQI \ () TrainT= I

= TaskEE 2RO S0t HEZ capturedst?| 2

» Soft mask
E— Pa rameterjl' 2k task QII'Q *l *|‘—9— J |'—E _% (a) Prune T (c) Train T2 (e) Retrain T2
- 2} taskOi| parameterE exclusivedtH| B'E5H=210] OFL|2 | HE 0| task?i== Aot X [CONURE: Hard Mask]

- 2} layer2| outputli| HEE|= mask (Mask size 22| 2&4)
« cf) CONURE: 22 parameter XH|0]| XL =l

Task-specific embedding

mTi =o(s - eTi) S Gate -
k k mTz
Task-specific mask Scaling hyperparameter T; k
P el el €k Fi(E."
Fk(E ) ®© mk [ Embedding ] Layer

] ) T E;"
Element-wise product l

22



Relation-aware Task-specific Mask

= TaskZt 2AHIE EABE| 2[5, 2fAH tasket 9Ixl taske| HEE aggregate

Relation-aware Task-specific mask

T; T; T; T
m,’ = 0'(3 fi! [tanh(s XON| (||T€‘7§ pk)D e RS
1-layer MLP Axf task A task &

Task-specific embedding

m = o(s - ez")

k

Task-specific mask Scaling hyperparameter
p’z; = [tanh(s . elz;) ” tanh(—s . ez)] € szf

Vanilla Task-specific Mask Relation-aware Task-specific Mask

23



—————————————————

. Lgp+
Knowledge Retention , ‘
Pseudo-labels
AZ} AL'IL"}_l S—,%H "'Z;{ 1
N . . S A IS IS I
= BUT, T3] maskingg X&3h=212 catastrophic forgetting R [/ 1 e A
. Soft mask= taskZt parameter 27t 7153 6P| IS S o S N S N P S
. Mectm™ [ e mTey) e @[ e @t
« As opposed to parameter freezing I‘“'T““: I‘“'T‘“‘: I"“T‘“': I‘“'T‘“‘:
- SHZAY: I task SOl TSt SIT) BR0| KA SIXY DA S0 B xeut  wew' wew'  xew
= H Ut 24X taskOf| =%l user behavior sequenceE 78O 2 114 taskO|| CHeE pseudo-label § 44/
- x?} user behavior sequence0|2 2 IFH taskd| user? | S&6HX| YUNE pseudo-label 2 = US
ﬂm task oﬂH o y tAH task
yu, GTJ (M(x”’ n'J)) for j=1,...,i-1 {5, Trained | | Frozen

SIS e

G: Task-specific classifier
M: Backbone 2

m: Task-specific mask

y: Pseudo-label

] ~ T
LKR = 1<]§<l [u cuTi [LMSE(G T (M(x™ Tl))’Yqu)]
251 tasks 4 & & %
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Relation-aware User Sampling Strategy

= dXl] taskOi| EAfot= 2= user=0]| CHsll knowledge retention (Lgr)= ot= A2 H|gE2H

LKkR = 1)<i [ule]%lTilLMSE(G:’}(M(Xul ), ¥ )]

1FH task=
= Intuition: Knowledge retentionA| 4 £23HE £2%t user?t S A
o sl

= Key idea: 21 task®f H|==9t 2}H task| knowledgeE retention2 o=20| 4 #|Z A
> [MEtA], 9 task (T;) 2F H[==3 1kA task (T;) ¥ +2 & sampling= kX (Ma

Sampling rate

;! s (J) « sample((LI L, Pij) (when sampling U™ for Tj) pij=1- 2 ZU(C X cos(mk, J))

f k 1
around 0.007~0.08

Pi,j . . _T;
Lxwe= B IS ’p > Luse (G (M ;m™), 7,0)
= k=1 Fik T
U,*
1FH task=s upeUs ()

skZt FATE 2[Hh)
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Training and Inference

Lelass = E - [LCE (GTi (M(Xul§mn)),Y12)]
= Training u €U

- Given current task T;, we train the following loss

pi,j : V) v
LxRr+ = 1<]§;<i Z’+ka Z Lyisg (G (M(Xul;mTl))’qul)
= k=1 M1, T; , .
B eUs*t (j)
L= Lags + * LKR+ ; J

Downstream loss (classification) Knowledge retention loss

= Inference
- TyHX| & et 242 Tl =, O™ 2= tasksQ! Ty, T, -+, Ty Oll CHSH Inference

~T; i e li
Yu; = Gli (M(x“;m’i))

Prediction of [abels of u; in task T;

26



Overall Architecture

L="L,

x4 € Ut
(a) Training on
current task T;

lass T @ LKR+

T.
x* €U/ (D)

.

___I____

.

x% € UI(i-1) x* € UL(L) XY € UL (i-1)

(b) Knowledge retention

Lxr+
‘ | Pseudo-labels
/\Tl AT'_l ~T1 ~T'_1
Yu ul Yu ul
o L [
I | 1 I -1
I I I
: [ : I : _ - I : _
(M, mT) | M, mT-n 0 Mx*,mi) |0 M (x%, filien)
I : I oy oy
I | |

\___]____

mTi

(Subsume all K masks

T
m,
|
Eq. 12
I pk
Eq. 13
f
i |
T; T =
€x e, (T €Ty

(¢) Relation-aware
task-specific mask

l l
fromm,'tom,’)

Shared
M(x%,")

M(x%,")

across tasks

: Trained backbone

: Frozen backbone

~

G™

: GTi—1

Not shared across tasks

|GT\ - | GTi \: Trained classifiers m"

: Frozen classifiers m’:

- m

Ti - Trained masks

. mTi-1: Frozen masks
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Experiments: Datasets

= Public dataset 27} (Tencent, Movielens) / |0|H 4T G|O|E{ All 17§

UTi|: Number of users in T;
yTi|: Number of unique labels in T;

Dataset Task 1 (T7) Task 2 (T3) Task 3 (T3) Task 4 (Ty) Task 5 (Ts) Task 6 (Tg)
[wh YR YR U 1Yt Y| U Y U] Y
TTL Watching Clicking Thumb-up Age Gender Life status
1.47M  0.64M | 1.39M 17K 0.25M 7K 1.47M 8 1.46M 2 1M 6
ML Clicking 4-star 5-star ) ) )
0.74M 54K 0.67M 26K 0.35M 16K
NAVER | Search Query Search Query Item Category | Item Category Gender Age
Shopping| 0.9M 0.58M | 0.59M 0.51M | 0.15M 4K 0.15M 10 0.82M 2 0.82M 9




Dataset Task 1 (T1) Task 2 (T3) Task 3 (T3) Task 4 (Ty) Task 5 (T5) Task 6 (Ts)
T R N7 I T L T I A N I AT TR A
. - " . TTL Watching Clicking Thumb-up Age Gender Life status
Experllrlents I aSk descrlptlon 147M  064M | 139M 17K | 025M 7K | 147M 8 |146M 2 | IM 6
L]
ML Clicking 4-star 5-star
0.74M 54K 0.67M 26K 0.35M 16K
NAVER | Search Query Search Query Item Category | Item Category Gender Age
Shopping| 0.9M 0.58M | 0.59M 0.51M | 0.15M 4K 0.15M 10 0.82M 2 0.82M 9

= Tencent dataset
- Ty
! Ty
. Tyt
- Ty
o« Te:
o Ty

ZZo|M0| 4E 22 o5

= A
SAZOIMC] &F S0t o=

= A

AFEXIC| Kandian
AFEXFC| Kandian
ArEX2| LIO| ofl=
ArEXe| HE o=

ArEXIQ| Life status (0|2, 7|1=, Al

|

22 etc) 0=

= Movielens dataset
- T;: AREARC| £[Z Yoot Al V1= 307 (EHE 4,58 X|2)
- T, AFEAP L EHE 4H 0121 Yot ofl=
- T3: AFEAP L EHE 5F 0121 Yot ofl=

ltem Recommendation

ltem Recommendation

AREARS| QQ EEfRA0fAS] =2 7A/BE AlE 715 10020  Sequential Recommendation

Sequential Recommendation
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# Uni
Task # Users labe?;le Date
1 . 1 1 T Next Search Que 0.9M 0.58M  07/01/2022 ~ 10/31/2022
Experiments: Task description 7 | (asm&s o oo oo s
T3 Minor Item Category 0.15M 4K 11/01/2022 ~ 11/30/2022
In Major Item Category 0.15M 10 11/01/2022 ~ 11/30/2022
Ts Gender 0.82M 2 -
. T A 0.82M 9
= NAVER Shopping dataset : =
- Ty ARBXIC| £[2 ILE HAMO| 6071 . | g
: equential Recommendation
. T,: AFRXIC| ChS I 2A0{ 57 0% G
. Ty AREXIS| AT AEC| 61| 2|22 _ _
. T,: AFRXFO| AT AHEO| AbO| 31| D2 Cross-domain Item Recommendation
.« Ts: ArEXAR| HE
o Te: ARRAIC| LIO|

NAVERZ} 2 CHfot XH|A S XiEot= HA %%H%OHH
HMOE 7[HIo = Umversal User Representation=2 PIE= A2 0L =8
(O 7|8t = CiFot AH|A0]|| adapt?t 7+s517| M=)

> = APt A AL
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N 2wl - Q N 322230 - Q

[ dolsam CHE AJO|E2 HAI2% SETIHL CHE AOIE G| S8 VIEEW O|O[X] XAlN  QERQAAM SE4 &4F A SR XE
=g 7474
MM 1000g~  400g~500g sl
=4 I7H & g7k HEQZ AHOX
oI o S0 2
oFA|

#.\%\ Chgtal= 1 2 20| —

171§ SI0I20IE

[Zisealy Ruolerm
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Experiments: Evaluation Protocol

= Each task T;: Train/Validation/Test data: 80/5/15%

= Metrics
- Item recommendation: Mean Reciprocal Rank (MRR@5)
- Item/Query classification: Accuracy

- Forward transfer (FWT): T, 5& 24Xl task@! T;7tX| ets

o

ST, 2t ohgeti =0 T;9| 40| Ot H E2X?

R(T;, T)): THX| E53EM T;2] ‘g5 ( > i)

(T3.1;) _RT; ‘
FWTT = R szT R %100 . RTi TObIfE sRAGHS T,0| A

- Backward transfer (BWT): OFX|2} task®! Ty, 7HX| ShESHSM2 T, 71K 2 ShEotAEC T2 40| EOMLt . £2X]?

BWTTi = BRI 100
R(T3,T3) R(TS'T3)
Tla TZa T3; T4a T5 Tl’ TZ’ T31T4, TS
}?Tg ™ SiX{ Inference Task ™ Sl Inference Task

R(T3' T3)

Forward transfer (FWT) Backward transfer (BWT)
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g 2 Multi-task learning

Experiments: Overall Performance Iransfer Continual learning
(T, > T;)
| TTL | ML I NAVER Shopping

FineAll || 0.0446 00144 0.0218 0.5232 0.8851 0.45% || 0.0566 0.0224 0.0328 || 0.0349 0.0318 0.0332 0.2367 0.6204 0.3247
PeterRec || 0.0446 0.0147 0.0224 05469 0.8841 0.4749 || 0.0566 0.0224 0.0308 || 0.0349 0.0317 0.0322 0.2370  0.6257  0.3258
MIL || - 0.0102 0.0142 04672 0.8012 03993 || - 0.0144 0.0267 || - 0.0143  0.0266 0.1372  0.4998  0.2322
Piggyback || 0.0446 0.0157 0.0236  0.5931 0.8990 0.5100 || 0.0566 0.0214 0.0302 || 0.0349 0.0314 0.0322 0.2349 0.6188 0.3129
HAT 0.0424 0.0174 0.0279 0.5880  0.9002  0.5126 || 0.0543 0.0227 0.0372 || 0.0344 0.0356 0.0317 0.2411 0.6294  0.3296
CONURE || 0.0457 0.0169 0.0276 05546 0.8967 0.5230 || 0.0598 0.0244 0.0384 || 0.0361 0.0322 0.0305 0.2403 0.6391 0.3340

TERACON || 0.0474

0.5386 || 0.0577 0.0270

0.0459 || 0.0361 0.3354

= Task= AlO[0| Positive Transfer?} &4liet (& SinMo < others)
= Continual Learning 7 |2te| 2HHZ0]| CIZ Universal user representation =0 H[S £2 d&
1 S0|ME TERACONO| 71 £2 45 = Knowledge retention 8! Task?Zt 24 22| =Q
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Experiments: FWT/BWT & Task sequence reverse

(a) Original | h | T2 | I3 | Iy | I | Te
| MRR@5 BWT FWT | MRR@5 BWT FWT | MRR@5 BWT FWT | ACC BWT FWT | ACC BWT FWT | ACC BWT FWT

HAT 0.0424  -11.30% 0.0174  -7.45% 80.77% | 0.0279  -0.71% 67.25% | 0.5880 -2.52% 34.79% | 0.9002  -1.98% 3.17% 0.5126 17.14%

TERACON 0.0474  -0.83% 0.0189 0.0% 81.73% | 0.0316 3.27%

(b) Reversed | h | Ts | T T4 | L T
| MRR@5 BWT FWT| ACC BWT FWT | ACC BWT FWT | ACC BWT FWT |MRR@5 BWT FWT | MRR@5 BWT FWT
HAT || 00422 -1172% - | 05025 -4.70% 20.49% | 0.8980 _ -0.33% _1.22% | 0.5770 _-1.72% 31.19% | 0.0269 _ -0.37% 60.71% | 0.0184 - 76.92%
CONURE || 0.0457 - - | 05322 - 21.62% | 0.8849 - -0.58% | 0.5546 - 23.93% | 0.0164 - -2.38% | 0.0119 - 14.42%

0.0313 2.62% 81.55% | 0.0190 - 82.69%

0.6042 0.07% 34.92%

0.9039 0.93% 0.61%

TERACON || 0.0474 -0.83% - | 0.5365 1.84% 20.38%

= CONURE+= Catastrophic forgettingO| T&] YO{LIX| 245 (Parameter isolation 22| &) (BWT=0)
= TERACONZ Positive Backward Transfer?t &4l > MZE TaskE S5O 2M 2FH Taskd|| ==

= CONURE= TaskazA{0f| ¥F2 B0l &2

» TERACON Task 2| A0 B &X| Q4= Robustet 2

> 2XZ taske=A2L O|2] E24%! 20| OtL|2] [hE0l|, TERACONO| O Z&8X Y



Experiments: Noisy Task &7} (Negative BWT O{& 2iQl)

Noisy Task
TTL NAVER Shopping
T T T3 il Ty Ts Tg T Ty i T3 Ty Ts I
0.0411 0.0165 0.0259 0.5424  0.8870 0.4873 0.0314 0.0302 0.0309  0.2357  0.6219 0.3180
HAT - HAT -

(-3.06%) (-5.17%) (-7.16 %) (776 %) (-147%) (-4.94 %) (-8.72%)  (-15.16%) (-2.52%)  (-2.24%)  (-1.19%)  (-3.51%)

CONURE 0.0457 0.0169 0.0276 ) 0.5245  0.8663 0.4469 CONURE 0.0361  0.0322 ) 0.0291  0.2231 0.6202 0.3122
00%  (00%)  (0.0%) (-543%) (-3.39%) (-14.55 %) (0.0%) (0.0%) (-4.59%) (-7.16%)  (-2.95%)  (-6.53%)

TERACON 0.0472 0.0189 0.0314 0.6022 0.9014 0.5312 TERACON 0.0346 0.0336 0.0329 0.2378 0.6348 0.3329
(-0.42%)  (0.0%)  (-0.63 %) (-0.73%) (-0.38%) (-1.37 %) (-415%)  (-6.41%) (-237%)  (-27%)  (-052%)  (-0.75%)

(Z3: noisy taskSi 2ol H[SH As s12HE)

g Noisy (Uninformative) Task?
50% AtEXL HHE MEE 2 =S| 5071 224 S5 171 6
- 2o|0|ot task? | ShEEIUS T 1 O|F tasko]| CHs 20| UVEX|X| Qiofof &f

= TERACON £ Task& AO|0]| Noisy task?t E0{72} QHEIE 50| Bi0| SI2ISHK| 24
-> Negatively-related task= AlO|2| Negative transferE RuHO 2 HiX|eh
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Experiments: Sampling strategy

TTL dataset (2=: Training time-sec/epoch)

| Sampling H T T T3 Ty Ts Ty ‘ Sampling || T Ty Ts Ty T3 T
o ‘ v 0.0470 0.0184 0.0280 0.6027 0.9007 0.5385 o ) v 0.0471 0.5304 0.9010 0.6011 0.0307 0.0188
PLj = Pmin (-) (625.47)  (77.82)  (417.65)  (510.80)  (414.44) PLj = Pmin (-)  (393.53) (491.11) (449.84)  (92.44)  (743.94)
 CEad5 v 0.0474 0.0189 0.0316 0.6066 0.9048 0.5386 . —Fal5 / 0.0474 0.5365 0.9039 0.6042 0.0313 0.0190
Pj =54 (-) (625.47)  (90.79)  (504.3)  (583.77)  (494.14) pLj =24 (-)  (39353) (548.92) (517.22) (108.98)  (873.98)
0.0475 0.0190 0.0313 0.6143 0.9047 0.5403 0.0475 0.5366 09031 0.6104 0.0311 0.0192
pi,j = 1.0 X pi,j = 1.0 X

(-)  (1146.70) (151.32) (1179.31) (1355.18) (797.09) (-)  (568.11) (989.42) (1133.54) (197.68) (1673.55)

K
T (j) = sample(U™, pi;) (ahensamping Ui at ) pir=1- = O ole x cos(ml, i)
around 0.0£7~0.08 =
» SamplingE S R0 2= data TR AFSIASM2} HwdHA| Hl=tt 455 2Y (ehaA2E 2 &=)
+ 0.7%~8%22| L|0|ES A2
>Task?h ZAZ 2|8t = samplingdt=A2| 21K 15

= Task et&5=AE HLO{ = A=0| robust
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Experiments: How well the representation adapts to new tasks

TTL Age Fine-tune

PSS~ -
T

—— TERACON
—— CONURE
— FineAll

0 200 400 600 800 1000 1200 1400 1600
batch

= Setup (TTL dataset): Ty, T2 T; £ X2 5o, T,00 252 AP |= A
« TERACONS| XJ|450| =
= TERACONS| ===} HHfE

TERACONO| g5t user representation@ 2 X7 |2t 6t=210| 22t



Conclusion
= Universal User Representation A44& /6t continual learning 7 |E B2 Xj|ot

= Contribution

- 7|&2| parameter isolation 7|dt HHHO| SIAHNEE 25
- A taskErE B2 A O > 2 taske| g5 B
- ot 7tsSt taskIl2L M[SHE > e 1SSt taskot 2ot

- Task?2t 2AHE 1242t (Relation-aware task-specific mask)
« M2 8F&5%t Taske| knowledge 7t 0|0 &3t Task O] 222 & 4= UL E & (Positive Backward Transfer)
- Positive transfer |z} 8! Negative transfer |43} (Task #Al/noised| robust)

- Pseudo-labeling ?|"H2 &4l Catastrophic forgetting 3@ (Knowledge retention)
- Relation-aware User samplingE HIECZ @&XQl Knowledge Retention ZIa4



HHE 212 HA0] =7|=t

2

e

|EI% §I-_Q_'5H 7(7|§|-E 'c')'|.EI:| )k-l% IFAL

271

« HAOE o0 AH|EZ =
-« TERACON =F: HMOE random initializedjAl &=
2| KoBERT REIS ALE)

* KOBERT 2&: HM0l= o=z F8/2d0 20

KoBERT

Korean BERT (Bidirectional Encoder Representations from Transformers)

KX i
[@\’ "
c 3 [ \&/ . ‘ [___,
ﬂj\ ?—;:
FA SoIM E *7H°| $t=20] 2o 2 0|R0{7l iR 2 LS X|(corpus)E st&sI{ 20y, st=20{2| 8172|5H ¢10f
2.6% O|&e| ¥ grd= 0|B20] WLt

KoBERTE 7|& BERT?| §t=0{ ds SHAIE S 5517| fla WL =IRUCE {7 |m| Okt
ZSKTokenization) 7|82 X &35l0{ 7| CiH| 27%2| EZ

#Hato| £4E gtgsty| #Isl ClolE (8t £

o= L-O
cHzel GIOIEIS w2 AIZHo] 8t&517] 2lol 2 215A(ring-reduce) 7/t 24t 81 7|4 ol
sto =, B2 SOl 9101 Ofsl Al Hato] 7(0fsta 2ick.
39

(TensorFlow), ONNX, MXNet2 = &gt Cr¥st Ha{'d APIE X[ &

e GitHub : https://github.com/SKTBrain/KoBERT



M0 TR

- ®K2

IT
- FHEE > F HEE

. ADIEDHS AD|—E o}

- Tokenize 6} =2 embedding 2| B+ /=

OL- HA= *l-_g_
7|20 pretrain E|0] UX| 24= data 0f 2ot 2X|E siES E
. HMoo| HO =

3% 2YE/201/22H0/21 202 O|F0{ZT 3
. e.g., O|HOAEHMIX| > 0|, H|, OF, A, &, Hf #l X| / 512 > ot tx

O, —y 5

= Dr Dy B - W
D v

import numpy as np

result = kobert tokenizer.tokenize("+Z &
print(resultﬂ

kobert vocab =

np
result = kobert_tokenizer.tokenize(”;LE‘EEE{”)
print(result)

kobert_tokenizer.get vocab() ALLEPENEEA =

print([kobert_tokenizer.encode(token

Tor

token in result])
[kobert tokenizer.encode(token) for token in result]
v/ 00s

kobert_tokenizer.get vocab()
print([kobert tokenizer.encode(token

tor

token in result])

[kobert_tokenizer.encode(token) for token in result]

. e . . » XX »
i 'E’;" %E]

v 00s
[[4213, 3, 2], [2267, 3, 2]

[[_Z=OE",

, [517, 7ee4, 3, 2]] [[2931, 3, 2]

, [517, 7691, 3, 2]]



Universal User Representation &1}

Task 1 Task 2 Task 3 Task 4 Task 5 Task 6 Task 7
Single Model 0.6597 0.0583 0.0442 0.0398 0.0326 0.4428 0.7661
CONURE 0.6622 0.0721 0.0602 0.0488 0.0424 0.4611 0.7926
TERACON - RandInit 0.6613 0.0754 0.0636 0.0531 0.0458 0.4652 0.8142
TERACON - KoBERT 0.6632 0.0802 0.0649 0.0594 0.0466 0.4651 0.8097
» Task 1: User Search Query Sequence
= Backbone: NextitNet . Task 2: User 7} “BI" 8t category O
= Continual 2HZ0| single model ELC} H&50] 42t » Task 3: User 7 "&" St & 0fl%
- TERACONO| CONUREKL} Q481 A=  Taskdiserah O £t category B
« Task 5: User 7| "0 " &t AE o=
= or=0] Embedding S AME0H, TEHQl d& = EY * Task 6: User 2| “LI0|" 0f %

M

. SR,

7 |CHOf| H|sH O|O|ot A= aFAf - Task 7: User 2| "A&d" of




KoBERT ¥H|Ee] 21}

0.06 - /’,AJ:::::“. ..............
o 0.05 /,/’/
) Ay
L 0041 ;o
> !
— 0.03 [
[ ;S
X /( :
@ 0.02 1 i
= |
/I’
0014 /!
g === TERACON-KoBERT
0.00 4 2 TERACON-RandInit
0 25 50 75 100 125 150 175
Iteration
= KOBERTE AFE6HH initialize SIS I, REQ| X7| 50| "7}0* > E2 X0| el =M

» OX|2 £ Task 2, 3, -+, 7 & 73—‘?—, = 20N 2 X071 GlE (oooﬂ*t 9.".7_@| Xtof ZxH)

= Task 12| 50| Ho| H|=38}7| MH20f| (KoBERT: 0.6632, RandInit: 0.6613), Task 12 OM&S [, k&= ZHAH0
embedding 2 KoBERT2f RandInitOi|A] He| H|== o2 ==

« 25t HEE OFE 2A40] embedding O]7| THE0|, S5 task Of CHiSt Sh L0l Are x| 28 oz =



Universal User Representation 7|8t Cold-start =™

= Warm user 2} Cold user 0 it £ M= oo}
« Train 2PN AR El item =7} 274 O|2H AL Cold user £ 2t
- Cold user, Warm user 2{2{0]| CHS{ performance &8

. - - - /
" BaCkbone Neu ral CO”abOFatIVG Fllterlng (NCF) [MF User Vector| [ MLP User Vector | | MFitem Vector | | MLP Item Vector
|0‘0‘0 0ol 0/ {o‘o|o‘o|1|o‘ ...... ]
o User (u) Item (i)
2023 19 2023 29
’ 20y ey +a =2y zay c22 Bf=t ‘ ’ D S T S = Ea¢ yae ‘
o 01 02 03 04 05
— Tsk2~5 O
02 03 04 05 06 o7 08 06 07 08 03 10 ! 12
23 24 25 26 27 28 29 ’ % - [:-" -l
O S Fd 2248

o
w
=
=
—
)
-
(0]
-+
-
=
=
—
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Universal User Representation 2|8t Cold-start =H: &1}

HR@1 HR@5 HR@10

Random Warm 0.0610 0.2687 0.5210

TERACON - RandInit (~Task 4) (Warm) 0.0661 0.3265 0.6447
TERACON - KoBERT (~Task 4) (Warm) 0.0753 0.3490 0.6492
TERACON - Randlnit (~Task 7) (Warm) 0.0717 0.3402 0.6487
TERACON - KoBERT (~Task 7) (Warm) 0.0795 0.3578 0.6556
Random Cold 0.0563 0.2514 0.5092

TERACON - RandInit (~Task 4) (Cold) 0.0660 0.3252 0.6386

TERACON - KoBERT (~Task 4) (Cold) 0.0675 0.3320 0.6458

TERACON - RandInit (~Task 7) (Cold) 0.0711 0.3384 0.6420

TERACON - KoBERT (~Task 7) (Cold) 0.0690 0.3360 0.6431

= Warm 3! Cold-start +I&t0{jA] KoBERT YHI|TYS &&5=20| g5 &0l ==
« SEX|F, OFEFR|2 2 |CHof B[sh Djofst Skt
- TERACON - RandInitgX|2tr ¢42] Taske| elg2 HHLLMM =29 ef50| wlIZioz T



3120{ HlE Al Zat 9of

= Universal User Representation

- KOBERT &t8: Relo| XJ| M= =7} 8l D= Task 0f CHSH] MEFHO| A= kAL
- MO0l = SUL/204/2[210{/41 R0 5, 93X Trend & LIEHLHX|2F $F=20{ Embedding O gi= &F

> L2 ot SO & 2t

= Recommendation

- Universal User RepresentationQ2 AHE £=HE TIssil O 52 M52 7|28 2~ Q)
(@)

-

ol
=

247|0il, Warm/Cold User Of| CHoH] 32X

ZhShEE| HA0 embedding 2 72! 2= 42| THE

Of &M
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Thank you for listening!



