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PLEQ| S A2 Shared Expert®} Task-specific ExpertS HAI R & Z2|otEl, CGC HIOIEHoZ EfA Y =X &
gt Hl8S &556t= 2 0ICH 0|2 =06 MMoE2| Expert Collapse 2 |2t Shared-Bottom®| Negative Transfer

ZHME sAl0l 2ttt 2 AIAEE 0l 0t0ICIO 20l GroupEncoder + ClusterEmbedding(4 —1&, 20 22 A H),
HMM Triple-Mode ¢t &, Logit TransferS F=Jtot04 &t & ot ULt

A Ui E

Z2EIEf AT StEMTL)S StE28 2= USo 20k

* 1993: Caruanadt MTL2| JHE = X X H St (&AL ==, CMU)

* 1997: CaruanaJt Shared-Bottom 2= S Machine Learning M4 20l S4& 2 H

* 1991/2017: Jacobs et al.0| Mixture of ExpertsE M| €t / Shazeer et al.0| Sparsely-Gated MoEZ LLMOll & &
* 2018: Ma et al. 0l MMoEE Google | Al KDD 201801l 2 & (YouTube =&)

* 2020: Tang et al.0| PLES Tencent0il A RecSys 202001l 2 & (S Z & F&)

* 2021- MH: PLE HE SO0| A HUA ZH IO M EH

2 A A 82 PLE(2020)E J| B2 2 Uncertainty Weighting(Kendall et al., CVPR 2018), Focal Loss(Lin et al., ICCV 2017),
Evidential DL(Sensoy et al., NeurIPS 2018) S 2t £02| X4l J|HS S& &t =& 031 M 0 Ct.

b

=

(I

0o

2024-2025F ZEIEHA D =& AIAEO A EdE:

* PLE H& A7 Tencent2| AITM (Adversarial-Improved PLE, CIKM 2021) 2t Alibaba2| ESMM2 (Entire Space Multi-
Task Model v2, 2023)Jt PLE2| H O|& = M A B & I & (impression—click—conversion—purchase) 2 2 &

* Foundation Model + MTL: LLME backbone2 £ AtE0ot] EH AT H adapterS ™ Z 6= P5 (Geng et al,, RecSys

2022), InstructRec (Zhang et al,, 2024) S S&

Gradient J| Bt % & 3}: PCGrad (Yu et al., NeurIPS 2020), CAGrad (Liu et al., NeurIPS 2021), Nash-MTL (Navon et

al., ICML 2022) S gradient =2 X & ol Zol= &8 A &

& B & 77 2: Meta(Instagram, Facebook), Google(YouTube), TikTok(ByteDance), Spotify = Ol A PLE A& MTL

Ol = ANEX NEZ2 28 =

=R A Qo
&= Xk
Shared Expert == 79l (unified_hgen, perslay, deepfm, temporal, lightgen, causal, optimal_transport) —
v3.15 RawScale Xl H
Shared Z & XH& 512D (6x64D + 1x128D)
253 EAT & 1690 (M Xl 1890 & 2, uplift/category_uplift H| & & 3})
GMM SciAH = 20H
HMM 2& % 37l (journey, lifecycle, behavior) x 16D — 32D X2 & &

Task Expert Ot2| &1 X GroupTaskExpertBasket (v3.2, 88% Lt2t0|E 2t 4)
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32D per task

50 (CTR—CVR, Churn—Retention, CVR—LTV, NBA—Spending,
Spending—Brand)
Uncertainty Weighting (Kendall et al.)

734D (644D normalized + 90D raw power-law) + 2 & & & (hyperbolic 20D, HMM
48D, TDA 70D)

El A 3 & nn.Linear(576—8) + Softmax

4l BHA3 O F, gradient J| Bt HE X &O|
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o83 JIZ ol -PLE2| 2= OFOICI et =&t X A2t

0l & 2 PLE(Progressive Layered Extraction)E XS ot HU, =2&l2 S AKXICH DA 2H Ol AH & HSt=I40t

AR U= H4FRAE A HEOICH 2EIEHAT St52 22 SIIRH /\| X5k 04, Shared-Bottom — MMoE —

PLEZ 2| &3S otLtSl 0I0P|Z2 2&ot), 2 2Nl SEote iy =4 220| Mz f9= 26t U=K
LK

=
=2
HPHOR ZO{HCL

AlOps =& A|AEI2 CTR(ZH &), CVR(M & 8), Churn(01 €), LTV(M 0Dt X)) & =& JtX =S S A0 =&l
O 8tCh M2 X O 2 M25IH A0 S8 2ES 2= X0/ S ANHAEOL ot A= HATS
Ol M2 2t & o ALK

* CTRO| =2 DH2 CVRE =2 IS0l I0 (HE 2H)

* Churn /80| =2 1) 242 Retention0| S Ct (S &2

« AH| IHE(Spending)2 LTVE Z&ot= Sy MST

Ol 2HLES EZE6IHUOIH 201 2HCZ SCt2UHLEHAT AS SHS6HHAM LA IHE Ol EHAI BUI =
EctZ2, S2etUOIHZ O SFe Hels sise & UL 01210 2EIHA T st&MTL)2| 4 SIICH

AHCIOE U2 ALE 0l OIECIOtHE O ¥el ESote At 20U F A= 02, 28 75, 238 HEs o
g 2 SFECLotUE StSotHAM & Se S0 HE A0S & Ola” It THE A O St& 0l & Ol (transfer)
= Ct. MTLOl Al Shared ExpertJt Bt2 0] “5& & Oloi”E & &Lt

CHY A 2E2 oY BHATS HOIEHB2Z S&&0t22 M & (overfitting) ?IE 0l =0 MTL2 Hd EHA
It BR LSS Sl MZ22 StsS ESH2 2 Fatetth

K
Ly, = Z wy - Ly, (fk (hshared(w) ))
k=1

—v—

gl 2E tHADN SAIN =St 2
2 X

0l 2 EAS 2LSE M, hgpq= HE B EHAT OB DA ESGHI] O
= ,EHA 3 2t A4S & 7 3l(inter-task regularization)

Ol Ry g Ofl AFOFEH=CF 0122 L2 B 73} DropoutHs CHE

It S & (Weighted Sum)O0| &? £y, = Zf LW LA w = EHAEI k2 DISX(ER5E)0112, £,= ol S EiA
3o £2A0ICL IISE 2“2 S50 SREE S8 7l Uotes 722, L40AM &8 E 1t

% el A

2F
=
X OlAl: =01 90F (OIS X 2), +=38t 80F (ISR 3)0|8 ItE B3 = 2x9048x80 _ 420 _ gy & — 430l O] HISS
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& 20| MTLOIAM & weyg = 1.5, worg = 1.001H CVR EHA T O] £4AI0] S A0 1.580 O 20l BFS A,
SEO0ICVRUHZE =TS O SACHH S0 by &2 01 IHS 2 gradient Vo, 2 0IRHXEZ, w,
It 2 BHA 32| gradient)t 37 HES 0l O Z3HH &S 0| &IC

| Negative Transfer - ZEIEfA T2 OS2 &

=AM E2

10
e
rol
o
HO

DEHADE SN Ssotd e =
A

Jt? OtLICH Negative Transfer= 2 &1 &0l X2 EHA T 3
SAA 251 S H |

— o %
3280 8s0| ottote SA0ICH

CIR ds=2 22|l Churn 8501 €@ X 12, Churn2 =2|™ CTRO| E 0 Xl = Al &(seesaw) S A2 MTLS| JH&
Sot A 2ECH 0le & EHA 2| gradient)t 35 Met0IE S2H0M A2 BHCH &2 Dt2l210] &2 0ICH

x| &3 2t H: Gradient =
EHA3 kO &4 2 £ 2t otAt 37 Wet0IH 0,0l CHSF 2 EfA 3 2| gradient= CHS 0 2 CH
gx = Voshmdﬁk

S EHA Ll gradientIt 22 &&2 JtelI|H & S (positive transfer)0| 10, BHIH L& S Jtel3|H = S(negative

transfer)O| Ct.

g:- 9
COS gl7g _—
(9::9:) = g Ta]
* cos > 0: EHA T 12t 52| gradientIt & - &N & 50tH 01
* cos < 0: gradient)t S - SR Wt HMH LE X0 22 Y22 HUIOIE
*cosr(0: R -EHESSHE2 S 993

i

A
e

I

=
T

LH = (Dot Product)t DAIR! RAE: & 8EH a,beR"2 WEZ2 a-b=3" a;b,0lCt JIGISHCZ a-b=
S DS

lal - |b] - cos00I 22, DAl RALE cosd = ”aﬁll’”b”t SHIH A SANES [-1,1] 22 SFe0 72Xl
B OAlL 2R A gorg = (3,1), govg = (2,2)01H cos = 22812 — 8 ~ .89 (Z & ). gcpum = (—1,2)0!

V10xv/38 8.94
B cos = XLUHDE 1014 (28 ZE). 0l M gradient BIE{Q| DALY SAIE I S48, 2R 0tet0|

V10xv5 7_
HE JUOIEE i & AT HHO0l THE EHA TS| 23tE Ol H M Negative Transfer b 44 5HC

il
il
%

ol &: =CtelJ|

S It0IeH= 6dd EHAIIL SAI0 Z0tEJl= =0 20 2= HAIIL 22 LS GIIH W2 H & &
Xgh ety geto 2 D18 MACI 250l HLE 20l = EISHCH PLES] A OFOICI Ol = “2F ERA Ol Al AHD|
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StLt O &= 2470|Lt. Shared Expert= & & &, Task-specific Expert(2 - & 2| GroupTaskExpertBasket)

EHAT A%t B2 dOIE2S & HaY,, Yot ofH, & BHAIS 2= 4S5 E 2 S (mutual information) 2 2 =
g & ALk
o AN .

PYa Y
I(Y,;Yp) = Z P(Yas Ys) 'IOgM

Yar¥s P(¥a) - P(Y)
(YY)t =LA S EHADI S §E2E B0l 37 — &2 Expert)t &
(YY)t KO8 SEE - AHEZ SR06HH noise2t =

Ol& MO MTL O IEl M= IOt =2 BfAT))IclE HEE8 S SRotl], IJF 2 BHA )| 2l= Scloi OF &tCt. PLE
9| Shared/Task-specific Expert ¢l 2t CGC H0IE 0] Ht= 0| &S O8I =0l A &8 220ICH

L

Jo
Jo

= A
T T

&S 8 2 2 (Mutual Information)lt KL-Divergence2 ZtJ|: &SHBE J(X;Y)= &2 § 2% 2t°2 KL-
Divergence= E& & Lh I(X;Y) = Dy p(a.y) | p(a)p(y))- KL-Divergence Dy, p | Hlo) =
2% Qz A

[ 25t= F&E &470IC MetM I(X; Y)‘_ LE 2R =,
Ol2l 32 £27 X2 VI S0l 0t82 2 ol &Il It d2°E SF&tth M A MlAl: CTRI CVR
AL, ZEs NM0| MEe 50| =222 p(click = 1, convert = 1) > p(click = 1) x p(convert = 1)0] 11,

ol He Z=alst M| Mat
+

I(CTR' CVR)Ol = Ct. BtH CTRI Brand_prediction2 AHAECZ S MO0 M IDF &1, 22 ExpertS 2 Xl

5

| O &3} — Shared-Bottom Nl A PLE}X|

Shared-Bottom: J} & Ct=5t MTL

DE AT} 6L trunk(R R WIERT)ZE SN S, EHA I head(EH )2 215t 2ELE

~ tower(h
h = fshared(w) - Y= fko i
& RS0l S=ot), Het0leH 2 H0ICH
SHH: EE A S2Lst HES 2AH=2E SROEZF, BHAT 2t 2HA S 0| R 2 [H Negative TransferJt & 245t
Ch HIRolAEH, 2= st A =2 & WitA & #Bt 3ot Aot 20

MMoE: ExpertE 04 i &0 & EGHH ot AL

0II

Ma et al. (KDD 2018)2| MMoE= N2l S X ExpertE F11, EHATE gate )t Expert
StCt.

o It

=
=

It
Y
0
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hk = ng,i . fiexpert(m)7 gy = SOftmaX(Wgate . )

S EHAIEZ CHE Expert 28 S AHSE & UL
SH|: Expert Collapse - 2= EH A3 2| gate )t =& &t ExpertS & BIGH At&! &) Shared-Bottom2 2 &I 3t6t= &

0>~

t. Ol = gradientIt “21 7| Expert”0ll &S %™ A, Lt XI Expert2| gradientIt 2 A &[0 850 H=I| H2O0IC

A AHA HH E

Shared-Bottom2 MTLS| & £ Q! Caruana (Machine Learning, 1997)0| X}l 3t &t 72 & C}. Rich Caruana= “2H &
EHAIE & &&6HH MY X M S (inductive bias)0| INHEICH= A SES MHAISHH, 218 JHUHA HE
AMIE HE0 28 BHAIE B2 AE0HH 80| 4 E S ERUCH 0= 2082t MTLE| JI 2 =SR2t
&/ ACH

-|0||

MMoE= Ma, Zhao, Yi, Chen, Hong & Chi (KDD 2018)0| Google il A K| 2t ALt YouTubell &0 & 0| =1t Gt

& M=0lcts S A3 0l A Shared-Bottom 2| Negative Transfer )t &1 213 1), ExpertE S+ F & gateZ &
& 5FE OtOICIO 2 Ol £ 2331 Ch. Mixture of Experts XMl = Jacobs, Jordan, Nowlan & Hinton (1991)0| £ X2
Hotst o2 MMoEE= 0| S ZEIENA T 8H&5 0| a0l M Mol A1 St 2401 CH.

Hl=: fIH dAES

MMoE= I H dIAES I ZCH 0] S4(Expert)0l ZHIEI U0, 2 &E(EIA)0 KDl HAI0 &dt= et
2 g =Chgate). 2H= 2 €01 AHI0I2(R1 D] Expert)2F &0 LIH X SA2 0IR % S X 20t HIDIE =
£t0ICh PLES| SHZ 2 “J| & A Ab(Shared Expert)” 2t “Ii 1 S & (Task Expert)’2 HAI B2 Z2|ot0 M Sdte=
2 0ICt

Ak

PLE: 27 % 228 BAIE #&

Tang et al. (RecSys 2020)2| PLE= ExpertE & S8 & L= L

* Shared Expert (£°): 2E A0t 2 IS St S & Expert
* Task-specific Expert (£F): Ef A3 k0t H 2 158t M2 Expert

2t EH A 3 2] gate= Shared Expert@t AtJ| M & ExpertE 2F LS 20 £/ & 2 & HIE2 &6

Ol &30t &t EME:

1. Negative Transfer 2 3}: Ef A3 & & ExpertIt oY EHA IR S&HE IHE S 2HS

2. Expert Collapse &} X|: Shared Expert= “BIE Al 2E EiA Q0 &8t H2”E & &06t1, Task Expert=
HE 2 SHEGI0 2E0| AHAEIN 22l =0

3. Progressive (& &l &): 012 Extraction LayerS 20t H+EF->D+FCZ2 HAUNOR HAQY IS FHME

= UCH

PN ES =

11
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PLE= Tang, Liu, Zhao & Gong (RecSys 2020)0| Tencentl| S Z & =& A A0 A M HSHALH & Al Tencent
Video= VCR(Video Completion Rate), VTR(Video Through Rate), Share Rate S Ct==2| 20 & X EE SAI0 = &
2ol OF U CH MMoEE & & U K| 8t Expert Collapse 2t Seesaw & &1 0| &1 210104, “ExpertE SAIH L2 SR/HME2
2 2elotH HEN?7et= OtOICI O Ol M PLEJH EtM U CH =2 0l 4 PLE= MMoE ChH| 2= EHA I 0 A S Al0Hl
A4S0l gaE £ xE9 MTL O8I & 2 1EIRUCE 0l F Alibaba, JD.com, Kuaishou, ByteDance s 5= H&
HEUA 2ERASHH HEE O AHE MTL| AFA A H Z(de facto standard)0| & A C.

Expert= & & HIOIHE S& 2&E 22 ol &ot= M ZIHCH 2 A A B 2] 87 Shared Expert= 282F &6l THE &0
elo] AlZS MIZ8HCt.
* unified_hgen: & F/ItHI 02| HE 2T E A2 Z2H0IA o &

* perslay: Hcif OIOIE 2 ?&f & S Eli(topological shape)S L %

* deepfm: I| X 2F W Xt

* temporal: AI2tX T§E
e

X s9ss I
* lightgen: J2H-&1F T 2HE 28
* causal: I| X 2t C1t ZHE ==
* optimal_transport: @& 2t HElE =&
* raw_scale: Z 13t 8 JAl I X2 SHE 22X IHEES 2& (v3.3)

OS2 s2st DX UOIEHE 8K M2 THE “X"Z2 dHiet2 ZUCH 0™ EfA 0= AlZHE THEI Ol S 20l
J(CTR), HE EH AT U= HISE 2H It S 2 6FCHBrand Prediction).

8l Shared Expert HlW: 22 sts A, UM 20ts 4

Expert 2= St CHA CtE ExpertZ LAl 218t 0= = Xt
2
DeepFM & 713l 644D O™ Mo thal A4S M2 O(nk) 2Xt XHE AN Z L= 64D
g
LightGCN AHE H AHEL 64D DHIIWEAE FY Al 012 eI Dt “Hl=g D2 E 64D
k=1
Unified HGCN AHE HIAHEL 47D A HES 2 OF A2 SUHUHAMCCEZ +ssEL=2EH 128D
WA L0
Temporal Al AlZEE THE B35} Mamba+LNN+Transformer 24l = 64D
2AA (B, 180,16+
[B, 90, 8]
PersLay Persistence QAN DX AH EO 2T /24 AH/EI|E 64D
Diagram
Causal & 13t 644D Ol 2+ gtskd ol wekeiz= JMAH, HIA ol X 64D

12
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OoT & 13t 644D DM TZEEIR) & Wasserstein H2lE X J|ot& 1R E 64D
I 42l

RawScale Al 90D SHEE 2XZ ™ HASH Al &4 5= A AHY/2E F 64D
(v3.3) BEE

ol 81 Expert 25 Z R8It

HEXGHH, CGC Gatedt HHADEZ X Xgts SISEHCL Al

ulo

8 Expert= =2 1249 OHE =H 5!
Expert(DeepFM, Causal, OT)Jt S &3t 644DE A S X O CHE/BIHE/AHelete 2EELZ E +8 #
A E FE0I2Z ==0I OtL|Ct. RawScaleExpert(v3.3)= B3t & & Al 90D I/ X E L0t HES 2L S
£ E &8

Gate: ™ M =012 2|A =S L0ILE =5 241t
Gate= EHATE 2 “0{ ™ Expert2| 2/ AS L0tLE A2 HQIDIPE 2 Hots F2l(attention) 0| H LIS 0l Ch.

wk = SOftmaX(Wk . hshared + bk) € RS

* Wk . h’shared: @IH g’ EE\
A=

=
=
* Softmax: 42 &2 212 HEIGIH, S&0] 10| EIH &Ct
E 2

TT — () =
82| &2 2 (Expert) )t AN S CIOIENE 2 A2 8& SO0F0IA MEECH LHDHS], 2 te|, Sakol stk O Ab
S0| 2t2F AA K (Expert output)S A& &HCE Gate= “0] X2 AHE HES [ = 8222 AAS 0L
HIE AN 2 A2QIPE 2&ote X122 SL0ICH 8 & 28 S0 WS A20 =2 IHSKIE, 240l
o AMOANN =2 IISXIE FHEC
ST 8

SoftmaxOll Al & e®(KtH Xl &) AMESH=I}? Softmaxe= 222 A4 HIHE &8 X (Y=, &=1)2 ©
&850 Softmax(z;) = Ze;iz].. e’E HEiotE 0IRE M MK (1) &= 2&: e > 0 (2= &= 200 Ual), T
ctA “S2 =E” 20t JS*AEF. (2) ©Z Bk z; > 2,012 % > %0122 B =A0t EEECL 3) 012 H2

Le” = 0|22 gradient H4H0| 202 GHCH 2 HIA A&k F o BIH 2 =[2.0,1.0,0.1]01 ¥ e = [7.39,2.72, 1.11],
8l = 11.22, Softmax = [0.659, 0.242,0.099] — & == Xt0|Jt & & X}I0|2 HEECH B X0t 245 &S Xt0[It
SAMK = 20l e*2 X=X I EH HZ0ICHL UE 250l 2HE £ =5 UKL, S+ LA =A
JF W01 D((—3)? > (—1)?) gradientIt 0 2N A A E= SHIOH M eIt == 2| HEL0|CH.

| 45X DE-_4M0 Yots HE

Gating I} Attention2| HZ

13
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(=

CGC gate2| Softmax Jt = & 2 Transformer2| Attention HIHLIS 2222 22 L XICh

KT
Attention(Q, K, V') = Softmax (Q ) 14

CGCUHl M =:

* Query: EHA = k2| HOIE JHESXI W, (Ol
* Key Tr EO\_A hshdred (a\_:i XH

* Value: 2t Expert2] 8 =

14

X0l & 2 Transformer It Al E A2 28 EF ?F attentionS H&Hol= EHH, CGC= Expert 2t attentionS H| AHEHCH

Expert 2| J}S &0l & 2= 8HIt? 01 E & == 2 Ab(function approximation)2| 2t& 0l A Ol & == QUL

Od

UACH Gate g, ;= 0l I M

2 B2e EF I E3t= I N & 4=(basis function)E = %=
0 =

| = Mixture of Experts2| OIS0l &2! 20| JAHZ, &=t
SH= 2 =28 2T 2 H(mixture density model) 3t 5| 22 2 &L
ply | )= Z”uw) Pi(y | =)

IIA 750 It gate, p; pert)t B S22 AZ UE = HEotE2Z, dM 2E

JIE .2V Ex
e UE JJ‘Z'D O =8 gd+E 8822 2AME = ULH

st 5t
IS O] B4 TARE O/0): ABH0IA 200 B A JI K & 2 (basis function) £H HEOISEHO2 H
Sh= 202 2 AL 0129 #AI0ICH Z2I0l 24 f(z) = X a,, cos(na) + b, sin(nz) It HENQ! GIAIR, A2tat
2H= JIHO IHEBOR DE FI| #48 2AE & UCH Expert® HEB h =Yg, - €, & 22 H2ICh 2
Expert e;= 22 22t0| S ME 0l S5HE “I| M 8247011, gate g, 0t & A+ A S S0 H0IB I H
TR & SH&SEICHE 200/CH RRIR OI AL 2021 20h AIZER THEIO| 28 DMOIB g, =048 HKI D, JHE
Bt ERBHH g = 0322 HECH 2Dt H& his 0] DAOIH IHE Hatst M2t 0|29 20| SCk
2o S8

Mixture of Experts(MoE)= 2024-2025F LLM = OFUI Al &l Ol &N K 2 2 & RUCH Mistral 2| Mixtral 8x7B (2023),

Google2| Switch Transformer (Fedus et al., 2022), DeepSeek2) DeepSeek-MoE (2024)0t LHEHOILCE Ol=2
Sparse MoE(top-k & E)E ALS o0 et == CHHl HI &S A SUCH =& AIAE 0l A & Alibaball Star
Topology Adaptive Recommender (STAR, CIKM 2021), Kuaishou? PEPNet (KDD 2023)0| /& =201 [Itet

14

2!
ZO0ICH sLet =t 2| -“2Ed0l dldiotH §2E dBH2=2 287 - It UHE =2I(E2 vs Expert)0ll

o|-

g 2 2/ (Mixture of Experts

o
[
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2| CGC HI0| 2 2 Dense MoE(2 & Expert 2 &)0l i &dtHH,

ExpertS HEHGH= MoE #AE HERMLE = AlA
H&t 2201 XL

Expert ==t 8JHZ X 0f sparse 8 &H 10| =

Progressive 20t 82 S50 0IXl= Q&

I
i
@
=
Y
S
[
10
gn:
>
L
nHw
r|o
[w)
0o
o
o

2 P80l M= &2 Extraction LayerS At
CHH O X2t 10l AFA 2l Progressivest &

Al AAlO| RIDEA Gl A

[ —/ —/

!
]

Ol 2UIME 2 2EA0l S8ote =2 =40 &Mz X = 20Iot=Xl, “Y 0l =201 (I10 2LetX"E &%

Kb 2 Z Ol A off &4 8 Ch.

PLE H 0|2 Z & (Section 2)

€2 |EF]
_ s k k
hy=) gii e+ gt el
p

=1

PO, A EE M2012 oA JHS ghitet 7, =

o

>

[e]]
R4

of o

s

nio

It

HO
min

oAl “EHAT ko HE=2, B8 ™

S Clgt =olck?

A& D gr,-ei2 S ANAMUAM EHAT KOl 7SS FE2 2= A0, =M & Y gx ;- o
UMK Est E2E )t 2= N O0IC gate 8t g9t 25 oHY Expert2 ZHA0| AL

CGC Attention J} = X| (Section 5)
wk. = SOftmaX(Wk . hshared + bk) € RS

23S B+ 02! F, SoftmaxZ Bl = 3t StCh. SoftmaxE M XI
20l CHoll Expert=0ll Hl 04 6t= ==2|(attention) & X2 Ct”
bias high=1.0 2, LIHXlI0l=

Ot AELTE REEC &

off & “S I LS (hy,,..q)= 212 8 Expert 2H22
o &0l 10l 22, 0/HX2 2 AT KIS

Ct. domain experts £ X|&E Experttl=
ZJ10 0101 =0l el XAl 0ff & &ot= ExpertOil ==
Sl CIOIEf Ol XA ==& =ICh.

15
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Entropy & 713} (Section 5)

1
’Centropy = /\ent ’ <m) Z H(wk)’ H(wk) = - Z W 1Og(wk,i)

of et HEZI| Hrst 10| &&50tH, gatedt JHE gradientIt 2 Expert OFLIO #iFEH ==& 6t LG X
Expert2| & & 0| & &= Expert Collapse )t 245 O] &4 &2 2= 8222 AHAE F A H=oteh’=

X<kl Ct.
Focal Loss (Section 9)

FL(p;) = —a; - (1 —p;)" - log(p,)

AL €010l & 2D A= HE 0 M(p, ~ DO £AS HO 022 F01D, ST U= 01AL 0l H(p, ~ 0)01l 3
SOHHXIE BEE0
—p,)Y B0l #AIOICH p, = 0.9(R YEE FL)0IH (1-0.9)% =0.012 IFEXIJ} 10022/ 10/ EICH p, = 0.1

S2l= A2)012 (1-0.1)2 = 0812 IHEXII He SXECH I 2LZ 42 GRS 22400 2aHECH
a,= 2A SPES SHECL Chum BJAT2) o = 0.62 “0|2 DUS SX=HIR0| HI0IZS BR 0l =5ts
HEE0 302, A0 WA O =2 SIS 20istCs HI XL A BHEFS 21D E S 210/ T

st 5t

HERME (1—p,)"2 241 STk 0D 1 AHOIS) 22 HEHMSHY XI2JF 242 20l W2 o0l IS ZICH

01240l Focal Loss2| &l {24 LI S0l C.

v =008 (1—p,)° =122 Focal Loss = =& Cross-Entropy (24| $S). v =1018 88 2t4:p, =0.9 - 0.1,
Py = 0.5 0.5.7 =202 HE 24 p, = 0.9 = 0.01,p, = 0.5 0.25.v = 50| = 2t 2:p, = 0.9 — 0.00001,
p, = 0.5 — 0.03.

St 2= H2 WH(=2 p,)E O 2otH RAPSHD A2 GIHN S5 &

& Eel Ar= & [H, Ol "2 ZF= M2 JIHE 10022 12 S0l=" "8t %‘EO Ct.

Uncertainty Weighting (Section 9)

e “2EHHCZ S0l A2 HA(=2 SHA Y)Y IS E NS2Z2 XF1D, #2 AT IISXIE
=QIC 0l oE = 220l AAZ SEEHTE

c 5t AHEEAE =3): exp(—s,) It ZHOLM &4 JIHIt EHELCEH SAI0 +s, &0l HHM 5, S5 I
= AS XS

* s I HOHESHAY E3)exp(—s,) It HM =42 &3 BHYSHCL

OlHALIE E20 S22 HAI IISXNE FES ERIESUH=CH 160 EHATS IFSXE 20|l ZEG

= A2 L& SL0| XL Uncertainty Weighting= 01 € XS @& 22 WX SHCH

16
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expl logeE A EO= LIEHLIEII? exp(z) = e®2 log(z) =In(z)= D& 2HOICE exp(log(z)) ==,

log(exp(x)) = x. Uncertainty Weighting Ol Al s, = log(o?) 2 & 2|5t exp(—sk)% AESHE OlRE: (1) oi(24hH2

BFE Al 2010k SH=0l, s, = MY = A2=0122 2 X 3H0F &0 (2) exp(—s;) = exp(—log(oi)) = L0122

Tk

precision(8 2 &)0| = Ch. 2 M A H bk s, = 001 exp(—s;,) = 1 (HEE &4 JEHE Bt s, = 201 H exp(—2) ~

0.135 (=42 13.5%2F Bt — SEAISHEHA T 2 4). 5, = —101H exp(1) ~ 2.718 (4! 27HH S= — =AEHEY

A3 2X). SAO +s, ERst &E s, =22 [l +28 Coll “S=ACIOHD Moo= O HIE0I ECHe HYS

21CH
Evidential Uncertainty (Section 11)

K
U= 5 S = Zak
k=1
N “2EO| SH(evidence)E R0l SLULH &AIGHN(S 2, u HB), EHI 2E0HH 22D SAGHAH L
SHCHS &8, u 2)”
J| & Softmax= ™ LSOIE A &#E 22 E £} 85 2EZ 0l M % O H(out-of-distribution) Gl Ol E 0l &
A& UA K=ot et Z2ES UHE 2= UL Evidential 822 “SE2| 5" - = Dirichlet 2% -2 22 &
OtOH, OIS KA Cl S &t - DA ettt
Soft Routing (Section 7)
19
Ccluster = ch : Ec € R%?
c=0

oA “GMM S2HAH ZHUH U= DH2 oL SHAHO 2 M BHEGHK 210, 0 SHAH YUY HEHE
2% S0 HlelotH E&sttt 28 2 1Y 0l GroupEncoder & 10t 2 & &l f TaskHeadE S 1t tCH”
0124 2 hard clustering? 2HAESH 2HE HZ 0 S AH ot 12 A U= D201 id=02 2 HHEEH, 2
AAH 12 XA S M5 & Z0HAl REHC. Soft routing2 p, = 0.6, p; = 04K & LHIE S Hlell E&0HH A I
Mol HES O HHHOZ B0

| M LHHEIE - “Ql PLEQI DF”

OlokJIel &5

o
[}

=
S

ol

NZEHE: 1600 EHATE SAIO HIS0H0F St S8 22 16JHE UHSH HOIE S 20/ 21D, 38 WE
Xl R &tCt.

X AlE (Shared-Bottom): ot Lt2 SR UIERIE 2tSALHL LR AT = 4501 SHU X CTRIY Churn X
2 =202 [E HAIIL M2 2| &5 S Yol oli= Negative Transfer Jt 224 U Lt

EAl 4 CE GHRI2H 2 E gatedt 22 ExpertS & EHot=

ot 8101 L.

ol

1

S BT AlS (MMoE): ExpertE (icf I § 1) gateZ &4
Expert CollapseJt 2245104, AtA!l &F Shared-Bottom 1t CHE

17



PLE-Cluster J|= & X M AlOps =& AIAE! . v3.14

ol 2 (PLE): ExpertS & 3 (Shared)2t & & (Task-specific)2 & HAIXH O Z F2|0t1], CGC gatedt & EF 2| Expert
= Tl Al

NA& S, 8 Expert= 27 EHA IO BHE

[l
o
o
10
Hu
N
ol
ol
)
gg
]
0k
0
m
o]
s
5
rr
10
rin
@
>
U
2
0
0D
o
o

& (2 =X E):PLES| 0t0ICI O 20l 8J1 01 = S0l @! Expert(GCN, TDA, DeepFM, Temporal, Graph, Causal, OT,
RawScale), GroupEncoder + ClusterEmbedding(4 1 &, 20 221 A E), HMM Triple-Mode 2t< &, Logit Transfer Xl 2/,
Evidential = &4l &, SAE ol & & = =I5t AlOps =& Al AE 0l £3tE PLE-Cluster-adaTTE 2 & 6t L

S A Qo

= = &

o9 229 28 8 Shared Expert + CGC gate + GroupTaskExpertBasket
EHA S 2t 2te F A5} Expert =2l + Entropy & 773} + domain_experts bias
EiAZm 2t XA MY Logit Transfer (2 Al &) + adaTT gradient & 0] (X S &)
2 AHY E3 GroupEncoder + ClusterEmbedding + Soft Routing

Al2F AN 22 HMM Triple-Mode (daily / monthly)

E35tAl4 0lAl Evidential Deep Learning (Dirichlet)

s 28 Uncertainty Weighting (Ef A3 IS X A& £ &)

A e M SAE (2304D sparse latent)

18



PLE-Cluster J|= & XA AlOps =& AIAH! . v3.14

PLE O|2& &

S

i
H0
0

RecSys 2020 Tang, H., Liu, J., Zhao, M., & Gong, X. “Progressive Layered Extraction (PLE): A Novel Multi-Task Learning
(MTL) Model for Personalized Recommendations”

| Negative Transfer Z Xl
HEIEHA R SFESMTL)HI A JtE &2 8t Z Xl = Negative TransferO|Ct. 28 80| Y2 BHAIL HE S2US 2

SAIH, HY EHA D SIS ECH 20l 40| otote S AH0ICH

Negative Transfer2| & K| & &

AlOps Al AEIOl A CTR(BE &) Churn(0l E) EfA T = 22 MO 2 (12 IHE S st&olf OF 8tCH CTRE S| &
0l &, Churn2 &J| OI & A S0l & =8t} Shared-Bottom X 0|A O] & EHA DL SLS HEH S 3R20tH, &

% gradient)} O} E £ 2| Sf5S Yol 6t = seesaw & &0| LM EHCE

l Shared-Bottom, MMoE, PLE H| 1)

= Shared-Bottom MMOoE PLE
Expert -+ =& &2 Shared trunk NOH Expert & Xl S5= Shared Expert + Task-specific
Expert E Al E¢2l
HOIE els EH A 2 'H Softmax gate CGC: Shared + Task Expert & &
gate
Negative =5 (2 A0 2HY) S 2t (Expert Collapse JIS) 22 (GAE 222t = A
Transfer 5
Expert Collapse e els =8 (BE H2AZII Y = 2 (Shared/Task Expert & 2l)
Expert &1 &)
=23 IN[IEIES Expert = SIIZ S Extraction Layer &=JtZ (HZ2
| PLEJIOIE 34
PLEOI Al Ef A 3 k2| &2 2 Shared Expert & & &£° 2} Task-specific Expert & & £k2| H 0|2 2& o=z ZFECh

|&2] |EF|

hk_zgkz e +ng,3 j
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B17H Shared Expert & e :k EHA 2] jH M Task Expert &3
a9 g,,‘j: CGC gate I} S Xl (Softmax & 71 3t)

es:
€;:
s
k,

g

= ZZMEN A2 PLEHE

2 =&9 PLE= Task-specific ExpertS EHAIE =
Shared Expert = S50l A2 JISXIE H &6t
ClusterEmbedding)2 2 M Y5t= 26t 222 HEG
Ol CHAIGHH, )& W IH2t0IE 2% + EHAHE S

&

2l MLPZ 2&GHXI2H 2 AAEMANE CGC Gatedt
, .1 ZtE GroupTaskExpertBasket(4 GroupEncoder +

= L
R Ch. Task-specific Expert2| & &S GroupTaskExpertBasket
tE SAIO £ 48T

og

=

tol

20



PLE-Cluster J| = & XA

PLEClusterInput - &5 G|0|& &

AlOps =& AIAE! . v3.14

PLEClusterInput GIO|E{SecHA (2+2!

JlsstH, HMM 2 &

| &M ZCE At

cy

et

features

cluster_ids

cluster probs

hyperbolic_features

tda features

tda short diagrams

tda short mask

tda long diagrams

tda_long mask

tda_global stats

tda_phase_transition

hmm_journey

hmm_lifecycle

hmm_behavior

txn_seq

session seq

collaborative features

hierarchy features

leg 2

njo
=

Tensor

Tensor

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Tensor?

Lz

[B]

21

734]

20]

20]

701

200, 3]

2001]

150, 3]

150]

30]

10]

161

16]

16]

180, 16]

90, 8]

64]

201]

=3otetCh B X &912 CI8H0IA 01 S0l

bS|

A

=23/

base 238 + multi_source 91 + domain 159 +
multidisciplinary 24 + model_derived 27 +
extended_source 84 + merchant 21 (= 644D
normalized) + raw_power_law 90D

GMM 24 AH ID (0 19)

Soft routingE S AE &E (FAH &

1 2l)

s

MCC(8D) + Product(8D) + Region(4D)

Poincare £t H

tda_short(24) +
phase_transition(10)

tda_long(36) +
Raw Persistence Diagram (birth, death,
beta_idx)

22 & 0tAT (HE ML)

Long-term Persistence Diagram

Long =& & O0tA 3

short_global 12D + long_global 18D
AFOI T H

HMM Journey &2 & (10D base + 6D ODE
dynamics)

HMM Lifecycle 2&

HMM Behavior 25

Hell A2 A: card(8) + deposit(8)
H& A2 A

LightGCN AHE HI&F 2 HIE

H-GCN At& H & Poincare &HE
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customer_segment Tensor?
coldstart features Tensor?
anonymous_features Tensor?
targets Dict?

l 734D features El Al ©

feature_schema.yaml 9|

features EBIAN QS| &HEtst oldl

I S W |

A
IS E=,
Base

Multi-source

Domain

Multidisciplinary

Model-derived

Extended source

Merchant hierarchy

Domain LH 2 M & OIS A
ANEIDSE
TDA-Short

TDA-Long

Phase Transition
GMM Cluster
Mamba Temporal

Income Decomposition

continuous ¢

[B]

[B, 40]

[B, 15]

AlOps =& AIAE! . v3.14

O0=anonymous,

1=cold_start, 2=warm_start

I

2 E AE}E static features

ol

21N static features

BiA3E HE d0I= (85 Al)

e A Ol
AE =AI HOIHZHWA 8N 28 &=NE Z2EELL Ot 2=
HRIE H QgL
Xt el Ell s B | NS 24
238D [0, 237] 238 RFM 34D + Category 64D + Transaction_Stats
80D + Temporal 60D
91D [238, 328] 91 Deposit 20D + Membership 15D + Investment
18D + Credit 12D + Digital 14D + Product 12D
159D [329, 487] 159 TDA_short 24D + TDA_long 36D +
Phase_Transition 10D + GMM 22D + Mamba
50D + Economics 17D
24D [488, 511] 24 Chemical 6D + Epidemic 5D + Interference 8D
+ Crime 5D
27D [512, 538] 27 Bandit 4D + HMM_summary 5D + LNN 18D
84D [539, 622] 84 Insurance 25D + Consultation 18D + Campaign
12D + Overseas 6D + OtherChannel 23D
21D [623, 643] 21 MCC_L1 4D + MCC_L2 4D + Brand 8D + Stats
4D + Radius 1D
X RE 2 B &%
24D [329, 352] W2 I8 214 IHE (Ho+H1, 902 2 &)
36D [353, 388] 28 Hell DI D] /A4 THE (Ho+H1+H2, 1204
AR
10D [389, 398] W1 Hel, & He e Mol 2E/28/320| S
22D [399, 420] GMM 22 AH Az &S+ Hel EA
50D [421, 470] Mamba SSM Al HIE & E&
8D [471, 478] AS X 200 (B NS OIH)

22
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NEDE A& ll=TE &9
Financial Behavior 9D [479, 487] =3 d= XNE (ZEHE TN
Model-derived LH £ M|l & OIS A
NEDS A& QICA H| <
Bandit (MAB) 4D [512, 515] Multi-Armed Bandit & 44/ 22 s S|
HMM Summary 5D [516, 520] KIHHE ALEH, RISD|2H OHE A MERT|, HE S
LNN Model 18D [521, 538] X SH 4D + k= 4D + B3 E 3D + D[ &
24D + S&4 3D

_FEATURE_GROUP_DIMS ORDER =i ==& 242

ple cluster adatt.py:407 2| FEATURE GROUP DIMS ORDER £ feature schema.yaml Z=A0 StH =& &
Z: base — multi_source — domain — multidisciplinary — model derived — extended_source
— merchant. 2= J|&: feature schema.yaml — task feature mapper.py:FEATURE GROUP DIMS —s
feature integrator.py:EXPECTED GROUP DIMS CAN .

St =8l — 734 X3 2= YO 20|

AABAOl Q3 e RB4Y= 734002 A2 RHE YWEHCHL ¥ 6aaDE FRASE TIA, F ooD= B s & A
power-law Ul X O|Ct. S & =0l A R"2 nXkt& Al HH 32022, 2F 0| otLt2] Tl X0l CHSetCh HE SO
z, 0l “BEZ AHl S, 2, It 22 2001 Bl etH, 8 DME 734XH2 S2t0 &t B2 EAHEC 212t2 3
THEADIXICH AL H O Z O|oHE 4= UKXIQH =8HA AAMUE, =&, AH)S I =0 2H S0l SLotH HEE
Ch. 734D S2HUHAME S D20 BEHS DAIQ SAIEE H Ao “= MHE Ol L0tLE I8 E B Este ==
UL XA 2l XM ==(Curse of Dimensionality): DX S22t A= OIOIE It 8|46 Hel J|gt 0l Hleg=
X0l = Ct. 01220 Expert IERI At X2 E 64DLE 128DZ 2 =0t= 017010, &= MHUA EHAI N HSst

JC(-)II:H:H- l.ljl: D-Iol oI-A__l OH/SOH:I'.

— A

set_hmm_routing() A HIAE(2HR! 173 186)= 22 I8 Al 18] SEE N configl| hmm_triple mode A
SA0AM EHAZIE HMM 22 OHZ 2 2 S8t

# ple cluster adatt.py:172-186 — configJt single source of truth
@classmethod
def set hmm routing(cls, hmm_config: dict) -> None:

routing: Dict[str, str] = {}

for mode in ["journey", "lifecycle", "behavior"]:
for task in hmm_config.get(mode, {}).get("target tasks", []):
routing[task.lower().replace("-", " ")] = mode

cls. default _hmm_routing = routing

23
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PLE-Cluster J| = & XA

get_hmm_for task() (2t2l 188 198)= EHAZ OlE22 Y HMM EIME Bt

"behavior" TEE J|Eg2 =2 AIEEHCH

24

5t

—

AlOps =& AIAH! . v3.14
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Shared Expert &2 & (576D)

| 87l Shared Expert 7 &

_build shared experts() (2tQl 395 451)0l M SharedExpertFactory.create from config() £ S&00 config

©| shared_experts M &0 A &43tE ExpertE SHZ HHEHCE

Expert 0| & 2 =g il
unified_hgcn 47D 128D Hyperbolic  GCN + Merchant HZE X
(hgen+merchant_hgen = &)
perslay 70D 64D Persistence Diagram X 2| (TDA <& LI )
deepfm & 713t 644D 64D Feature Interaction (FM + Deep, ZEZ =& 2HY
v3.11)
temporal ARAA 64D Temporal Ensemble (Mamba + LNN + Transformer)
lightgcn 64D 64D Graph-based CF (AFS Al &F 2 HIH)
causal 813t 644D 64D SCM/NOTEARS g 211} 20| =&
optimal_transport &3t 644D 64D Sinkhorn J| Bt Wasserstein Hel 28
raw_scale & Al 90D 64D RawScaleExpert: &3t & S 2Z BE

(LayerNorm+MLP, v3.3)

hareq = [unified_hgen,oep | perslayg,p || deepfmg, p || temporalg, , | lightgeng,p | causalg,p | OTgyp | raw_scaleg, p]

dim(shared _concat) =7 x 64 + 1 x 128 = 576D

|: ElAl  ZS(concatenation). DeepFM/Causal/OTE=  inputs.features[:, :644] (H}3} 644D), RawScaleExpert=
inputs.features[:, 644:1 (& Al 90D) & &

PAUNEPN|
B e B |

1=

0l A2 8O N2 LIE MEJIF XIS 24 ZUS & =2 0/10f 22
A (128D) 0t ?| & 2 41(64D), FM 1 XH(64D) E 0| & =
HOIE I} 0l DA HE 01H 212 A0

=D&l RawScaleExpert(64D)= & 73+ Al =4I &

ﬂ
=
on
oo

25
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0l & (heterogeneous) Expert 2 &  2024-2025F =& A/ AE 2 20| sh Al EBMEC J| & MoE A 71 (MMoE, PLE)=
2 AE 34X B £ 20l = GNN + Transformer + CNN & M 2 CHE Ot & X £ Expert2 &2

S X9 MLP ExpertE
2tot= Al =10 UL Google2l Multi-Aspect Expert Model (MAEM, KDD 2024)2 S S/AEAE/ T2 & 2t
20l £3tE ExpertS SO YouTube =& &= & UL Meta2l DHEN (Deep Heterogeneous Expert Network,

2023)2 0|3 Expertl] &S HZE BAFHCZ LH T Instagram IS 20l RZFUCEH 2 AIAE2] 84 O]
3 Expert(GCN, PersLay, DeepFM, Temporal, Light GCN, Causal, OT, RawScale) Z & 2 0|24 & £/ &l SE It F &0l

< =&
S EotH, ¢t S U Q! ExpertZ2= E &S o= Ql= U H(multi-aspect) D2 HHE S 2 =60

| Expert® Forward CI AT X|

_forward_shared_experts() (2tQl 1416 1567)0l A Expert OIS0l (it A2 CHE LS MY

o

Ct.

# ple_cluster adatt.py:1435-1565 — Expertg CIAINXI R
for name, expert in self.shared experts.items():

if name in ("hgcn", "merchant hgcn", "unified hgcn"):

# hierarchy features(20D) + merchant slice(27D) = 47D

out, hgcn_interpret, = expert(combined input)
elif name == "perslay":

# Raw diagram mode = pre-computed 70D fallback

out, = expert(tda short diagrams / tda features / zero)
elif name == "deepfm":

out, = expert(inputs.features[:, :644]) # &3} 644D
elif name == "temporal":

out, = expert(txn_seq, session seq, ...) # A&
elif name == "lightgcn":

out, = expert(collaborative features) # A& JH4&F 64D
elif name in ("causal", "optimal transport"):

out, = expert(inputs.features[:, :644]) # Z+13t 644D
elif name == "raw_scale":

out, = expert(inputs.features[:, 644:]) # JAAl 90D (v3.3)

l Zero Fallback & 2t

4SHCE Ol= BHXI LHOIl ol & LI X Ot

2= Expert= 2 COIOIE It None & [ zero B! Al fallbackS & et
b CHHOlA Ol S Expert? IISXIE NHS22 Y EL

Ol A= [ &+™BHA XMelotdl /g0l cGC A0’ 0l O1=

Zero Fallback} CGC2| &S & E

N
o
3
A
Ju
I
&
[pal
oz!

xpertOll CHoll CGCIt =2 IS XIE 20 otH D
N E 235t X8 &t5 Z=J|0l S& Expert2 2=20| O

=
S0l 2dE 4= ACE _cge entropy regularization Q2 E&E RE6t0 F2 2tstetlt
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CGC (Customized Gate Control) - Ef &2 3 Expert J} S Xl

EELE

RecSys 2020 Ma, J., Zhao, Z., Yi, X., et al. “Modeling Task Relationships in Multi-Task Learning with Multi-Gate Mixture-
of-Experts” (MMOoE)

RecSys 2020 Tang et al. “Progressive Layered Extraction (PLE)”
CGC= MMoES| HIOIE HHLISE &&Et A2, tHATE =8 HOIEDJL Shared Expert EZ 0| A2 CHE It

EXE HE0t0 EHA I-Expert &3

to
Mo
i
Jo
> »
o
[

| cGCc oI R
_build_cgc() (2+21566677)UHI Al EHA Y SE X QI nn.Sequential(Linear + Softmax) 2 =S nn.ModuleDict

2te| st

w,, = Softmax(W,, - hy,..q + by) € R®

expert .
i hy fori=1,...,8

h = [hm I hk,Q [ - ilk,s] € R0
W, € R®576. Ef A 3 k9| gate IS X

RSP G ExpertS] £2 22 (64D £ = 128D)

wy, ;2 Bl 23 kIt Expert i0fl = 01 0F= attention It S X

R A 2576D S57 HES 211 84 Expert 2f 22| ‘2t d B "E L EE 7 SoftmaxZ & E3totE HEO0|
Ch S Bl A2 0l 2E(AZcHS A Expert 25 S50 soll SRS XSS M B A2 I8 X8E =
ESS UA 0 20 et s2L&t576DE SRSCHL 2UHLZE, 22 576D B 2t EH A3 0FCH ExpertE
JI HIES0l Ct2 0 L& = C

O 2 HEECH Experts ES0| A2 2 IHSXIE &6t
55

2 J|E W0l =t ot 2l S 8EICh JHS Xl &0l 1 (Softmax)0I1E2 £ AH 20| EEEI L

A AHE HH
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CGC(Customized Gate Control)= PLE =& (Tang et al., RecSys 2020) | Al MMoE2| gateE & &St IHE o= HE Y
= & 2 Ct. MMoE(Ma et al., KDD 2018)2| gate)t 2= ExpertE =S0tH F=0t= Bt®, CGC= Shared Expert2t
Task-specific ExpertS =06t H 0l € &Lt Attention Ol H U St 2| H Z 2 Transformer(Vaswani et al., NeurIPS
2017)2| Scaled Dot-Product Attentionfil Al F 2= &2 A2, “2SH L0 HI ot EEE HEBHCZ HAE"ol=
=2 #elJt EZ 2H(Transformer), Expert 2HCGC), ol © 2H(Multi-Head Attention) = Ct288H &2/ 0l &

Ch. 2 8o CcGCe ¥ =2t el E8 AANLE + IR BASE BESHH 03 Expert X2 22X E Hel

Ct.

e

]

| =DIBias £ & (domain_experts)

_build cgc() (22! 621 649)0l M 2f EH A 2| config domain experts EEE 810 XD biasE & & StCI.

# ple cluster adatt.py:626-638
bias high = float(cgc_config.get("bias high", 1.0))
bias low = float(cgc config.get("bias low", -1.0))
linear layer.weight.zero () # weight= 0 Al&
for i, expert _name in enumerate(expert names):
if expert _name in domain_experts:
linear _layer.bias[i] = bias high # &S Expert

else:

linear layer.bias[i] = bias low # HI&S Expert
EHA3 domain_experts (bias_high=1.0)
CTR perslay , temporal , unified_hgcn
CVR perslay , temporal , unified_hgcn
Churn perslay , temporal
Retention perslay , temporal
NBA perslay , unified_hgcn | lightgcn
Life-stage perslay , temporal
Balance_util temporal
Engagement temporal
LTV temporal | deepfm
Channel temporal
Timing temporal
Spending_category unified_hgcn | perslay
Consumption_cycle temporal
Spending_bucket deepfm
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Brand_prediction unified_hgcn

Merchant_affinity unified hgcn , temporal

| Entropy & 73t (v2.3)

_cgc_entropy regularization() (2+Q! 748 768)2 CGC attention = X 2| HE Z 1| E £| (H 3} 5t ( Expert Collapse

£ YXIStC

1
’Centropy = )‘ent : (ﬂ) Z H(wk)

8
H(wy) = — Zwk,i : 10g<wk,i)
i=1

T2 8stE A3 &E N, = 0.01 (config: cgc.entropy lambda )
S MEZIE x| A3l6tH HNEZOF SIIGHH 24 =&

HEZI| H= “gate S E It S0t D2 HA [A=IP2 HEC ofLE2 ExpertOl JHS X0t S22 HIF & 10,
DEH HILACL 0l &4 &2 —HE 24386122 HE I|R= 2 & = gateJt 02 ExpertE =0T E#XotE
E R 25 oS 24 250 T

StE 8

A EZ 1| (Entropy)2l §20/E& J{&: Shannon(1948)2 “SHA A2 =78 ZcldLz REIULL &E 2
Z w=(wy,..,w,)0l Ooll T+tS M 32IE &=t RLE &It NEZINCH (1) HEE: It == B
ot HE L= Bt (2) ztld: 28 222 1 HIF =1, 3) 2&: S8 M2 AEZIE= 4
H.FHA A& KAl Expert 8IH0 CHol 28 22 w; = 012 H = -8 x (§) x log(3) = log(8) ~ 2.079H
E (zItl HEZ1). & Experttl S w=(1,0,...,0)01H H=—1xlog(l) =0 (Xl& ANEZI). 2+ w=
(0.65,0.05,0.05,0.05,0.05,0.05,0.05,0.05)01 H H = —(0.6510g0.65 + 7 x 0.0510g 0.05) ~ 1.33 — = H 2| 2f 64%
OHEE NEZI 5= 0l &S 2l 222 Y Expert 22 S4HAIZICH

Expert Collapse ¥/ &

CGC entropy lambdaJl 00| & & 73t HI 2 &3} 0| 2R && & S & Expert(S0l unified_hgen 128D) 01l attentionO|
S S & LHH Xl Expert®| gradientIt A& & = QULCH entropy_lambda=60.01 0| J|=gt0IH, & & & 22 0.005 0.02

R RUESESIIB S

| CGC Attention = & (forward)

-

_apply_cgc_attention() (2+@! 679 725)0| Al ExpertE == 0| )} S X E =stCh.
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# ple cluster adatt.py:708-725
parts = []
offset = 0
for i, dim in enumerate(self. cgc_expert dims):
block = shared concat[:, offset:offset + dim]
# v3.3: & ZAs& — 128D Expert= 24, 64D= =
if self._cgc_dim_normalize and dim != self._cgc_mean_dim:
scale = math.sqrt(self. _cgc_mean dim / dim)
block = block * scale
part = block * attention weights[:, i:i+1] # broadcast
parts.append(part)
offset += dim
return torch.cat(parts, dim=-1)

dim_normalize=true 2 [} Expert £2 X2 HICHE (128D vs 64D)0fl QB IO E ERE S AH Lo &

Oﬁ
ro
o

mean\ dim

scale, =
¢ dim,
. 128 +64 x 7
mean\_dim = —s - 72.0
unified_hgen (128D): scale = 71223 ~ 0.750 (& 2)
LtO{ Xl Expert (64D): scale = 72 Y~ 1.061 (=
=< attention = S L2 J| O
A Al Kl D}
T T/ e
unified_hgcn(128D)2 CtE Expert(64D)2 Ct £ Xt& 0| 28 2 S 2, S 2 &t attention IS X E & HetZ L2 &

JIE JI01JF oL O AAHEE 2 “XHA 0l 2 Expert= £0|10 X2 Expert= I Al attention wy, ; = 0.125
(7S)2 M 2= Expert2 A& J|0It =Sot=S SEEHLL

= Lo

| CGC Freeze = 7|3t
on_epoch_end() (22! 1921 1942)0| A adaTT freeze_epoch 0ff = & 6™ CGC attention It2t0IE = & JH D& L

# ple cluster adatt.py:1934-1942
if (freeze epoch is not None
and epoch >= freeze epoch
and not self. cgc frozen.item()):
for param in self.task expert attention.parameters():
param.requires grad = False
self. cgc frozen.fill (True)
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EYY

PLE-Cluster J| &

CGC-adaTT =713 0|
adaTTIF MOl JISXE DEst F0 S CGCIt H S &&D
a5 FURO ¥ HdE SHEHC
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HMM Triple-Mode ct &

| 39HHMM 25

HMM Triple-Mode (v2.0)= 10242 S S 30t A2 AHNLZ 2Llot EHATEZ OtY Helst s REE F=
et

RE 244 AlZE AL CH& BHAT

Journey 16D daily CTR, CVR, Engagement, Uplift

Lifecycle 16D monthly Churn, Retention, Life-stage, LTV

Behavior 16D monthly NBA, Balance_util, Channel, Timing, Spending_category,

Consumption_cycle, Spending bucket, Merchant_affinity,

Brand_prediction

2t 2 E = 10D base & Eff & E + 6D ODE dynamics bridge2 & &l C}.

A AE B - Hidden Markov Model 2| J| & D} & &

HMM(Hidden Markov Model)2 Baum & Petrie (1966)0] SH & A S = 2|off FASISHALCE 54! OtO|
ClHE “&= Jt=S8t At (observation) 5l 0fl 2= 2Jts8t 24 & Eli(hidden state)It Mot 12, &EH 2t & 0] It

EC= A 0ICH 1970 CH Rabiner & Juang0| S& QAN MAHEH2Z BE60H HMMO| (=
MEZEHRENANE 24), S EANE o EH =), NLP(S AL EH ) SOl &2 & CIUCHL 2 Al E

= T ™/

» «F|

Jtset ds(Hed, 221 Sl sHE “HE & ElH(journey)”, “A4 04 =] &t El(lifecycle)”, “&H
= l_lH &t H(behav10r) E HMM2Z FEotD, 2 EHA A0 JtE HE sk A2 AH L2 MEH HEE Fetlh
ODE dynamics bridge= Neural ODE (Chen et al., NeurIPS 2018)0l A Z 22 2t0F Ol & HMM A EHE H= A2t

O 2 2 ZH(interpolation)ot= & & 0| Ct.

:|:

| HMM Z2XE 72X

_build_hmm_projectors() (2tQl 452 496)0IM REYE T2 MEHE MM SHC)
= SiLU(LayerNorm(Linear;_, 30 (Zm)))

o
0>

m € {journey, lifecycle, behavior}, 2f T2 A =gl

St 16X+ B HEI(10D &EH & + 6D ODE SH8HE
WHOIC Linear2 X3S J|12 F, LayerNorm2 2 A &



PLE-Cluster J| = & XA

HMM Il X Ot 8l= &

L0 8tCt. Al 2 E(journey/lifecycle/behavior) 20 210| =& Z2XMHE XN EZ, “LH & INE” D

2y MOIED| THEPOl N2 CH2 HEBHS stasich
St st _SiLU B B4 U HO BRY

SiLU(Sigmoid Linear Unit)= SiLU(z) =z -0(z) = ¢ - == 2 A& o(x)= AID20IE 42, JHE
[0,1] HRIZ &=ot= “FE22 ARXI’LE SILU= 20 0] ARIXIE Sot0d “2 AAZ2 H OUZ, S
> U2 SEEN GH7SL A HIHE 23t RS Linear HEEH AOH W, (W, z) = (W,W,)z
£ OfLIS| Linear? SXIOICH HIHAE &5 ALOI0 €00 cllOIGHE &= 200 M2ICH 43 &= H
: ReLU(max(0,z))= = < 00IA JI2219t 001 &0 “=&t AFY” 2HOF A}, GELU(z - ®(x), Gaussian CDF)
= SILUZH S ALGHLE HIAHOI O HIMCH SILUE ReLUS| 2 &1 GELUS| REHESS 258 A 22, Mish(z -

&4

tanh(Softplus(z)))2t &M 20203 0| = E&E & 43t &2 Al Y UL

# ple cluster adatt.py:482-486

self.hmm projectors[mode] = nn.Sequential(
nn.Linear (hmm_dim, proj dim), # 16 - 32
nn.LayerNorm(proj dim),

nn.SiLU(),
)
st = JtS et Default Embedding

Jtsset

H Z (all-zero row)0ll CH ol zero CH Al 8t

# ple cluster adatt.py:488-493

self.hmm _default embeddings = nn.ParameterDict({
mode: nn.Parameter(torch.zeros(proj dim))
for mode in ["journey", "lifecycle", "behavior"]

}

_forward hmm projectors()

default embedding@ & CH X StCt.

(242l 1365 1414)HI A MEE OtA

Journey 16D

Lifecycle 16D

Proj 16—32D

Proj 16—32D

CTR/CVR/
Engagement

Churn/Ret/

Life-stage/LTV

Z1& 2: HMM Triple-Mode = 2 & &

33

10

30

fol
0z
s
o

[El
HU

Behavior 16D

Proj 16—32D

NBA/Balance/
Channel/...

2 EHAT R E

AlOps =& AIAH! . v3.14

default embedding= A& SHCEH (2HQ! 488 493).

flo
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GroupTaskExpertBasket - GroupEncoder +
ClusterEmbedding (v3.2)

' GroupTaskExpertBasket vs ClusterTaskExpertBasket

v3.20l Al use_group_encoder=true  (J|23gf) &XF Al GroupTaskExpertBasket S AlEZolH, JIE

ClusterTaskExpertBasket CHH| 88% IIIctD|Ef 2AE LA S

g ClusterTaskExpertBasket (2l HAl) GroupTaskExpertBasket (v3.2)

ORIl X EHAxEHAH S8 MLP GroupEncoder &5 + ClusterEmbedding
Otetold 3.0M 362K

22iAH S35t =8 NEdE JIEX SciAH UHIE =Y

& Bt 22 (BHAHE UEE) =3 (3% 220)

| GroupEncoder O}9| &l X

ro

_build_task_experts() (2+Q! 498 560)0l Al GroupTaskExpertBasket = 244 StC}.

# ple cluster adatt.py:533-543
self.task experts = GroupTaskExpertBasket (
input _dim=task expert input dim, # 576 + 32 = 608
group_hidden dim=128,
group output dim=64,
cluster_embed dim=32,
subhead output dim=32,
n_clusters=20,
task names=self.task names,
task _groups=task groups, # adaTT configWA ==

GroupEncoder2| =& Ef A3 forward= CHS 1 & C:

= Embedding(cluster\_id) € R32

€ luster

Tinput = [CGC\_OUtPUtweD | HMM\_projs,p | eclusterszD] € R

hexpert = MLPg40_,1286432 (winput)

A Ml input_dim = 608D (shared + HMM) + 32D (cluster_embed) = 640D

& W EHA 3 = GroupEncoderE 857, 18 22 =&
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Xl

=/

4>
s
]

0] =42 “0l D20 H{HE 224 AHN Sotedrete 3E2E 29 WRH =2ote HEO0ICH HA
IDE 32D LHIZ 22 BI85, CGC & (576D) + HMM T2 M & (3 ZD)J_ Ol 0 & 640D LA
0l = 3% MLP(640—128—64—32)Jt 0| & =06t EHA Y =S A SHCE
Engagement J1& 2| CTR/CVR)2 & & &t GroupEncoderE S 706t I2H0IHE BAGIHAE S A
o2 XL 3HEHC

8t 28— 2l | 2l (Embedding)Ol 2 22101}

Soft Routing (cluster_probs)

AAH ZAH 2AXISH & Z(cluster_probsIt = 4AHE B 2)0ll CHoll soft routing2 Z 0l EHAH HIE 2 Ot

19
32
€cluster = ch -E.eR

c=0
Rexpers = TaskHead([GroupEncoder(z) || € yster))

p:GMM 2HAH 2 AE EE E,: 221AH 9 85 Jts 2HlE YH (32D)

Embedding(cluster\ id) € R3?= &= QA S A HHZ HEGH= S HOIS0ILL LHRE2Z E € R20x32
HAZS MAOLL, cluster_id = cO|H E2| cHM & e, € R32E JHU= 210ICk 01212 one-hot 2/ 2 & + Linear
HEN S RO Z SXICH one-hot v, € R? (cHME 1)S 2HESH vIE = e,. J124Lt one-hot2 3| A BIE 4
Ol ZL0tH HIZEEX0I22, 2F QA0 O H=CH HA2 0l HE EJ && Jisdt ItetilHet= Z0ICH
SHE0| T HAM SAS 2 AHS SHIE HHE=E JINKFX LD, UOE SHAH=E YU HA, 0l &R IDIF 20
Qe s HE 2 g HEHEIC Word2Vec(Mikolov et al,, 2013)0I A S E HEHZ ESEH A0 S &t JA2ICh

O #=Al2 ZH DAUE PN HMeldste SHAOICHL HE S0 0T 12401 2 AH 300 60% 242

B 700l 30%, LIOHXl 10% SHEZ AEEEH, 2 SHAH 2HIE HHE 0l HISUHZ St FEWM=E

cluster_probs @ embedding.weight ([B,20] x [20,32] = [B,32))2 & B2 HE S22 2AZ &0 S 2l

2 0l GroupEncoder £ It Z & &/ TaskHeadSE S MUGIEZ, SHAH A AMSIH SEH A FLE L otLL2

SHAEO Z2H 81 & ot = hard routing 1t Zel, 2 D20 0|50| 2 AH 8Y HS0 226HA & H =0
forward_single task() S & Al cluster_probs QIXIJt MY Tl ™ hard assignment (&l soft routing=S ==& &tCl

(2+2! 1247 1250).

i

£ =8 - GMMIt HI0I = & 2l: Soft Routing2| ==&/ & J| Bt
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AR 28 2E(GMM)2 AlE 2E0|CH GMME HI0IE It KIHO| It Al 219
e Nz |, B,) BIIM m = B8 IIEX(AE &8), N I

K
|nga%E%aE%émﬂaa*HdM#%Méiggz T N@ | ey

:1

=

(¢ a) = Al
= soft routinglll At2 &= p OICH SAAH S8 (u )M H
9

o

L= 1

o

>
o 2
Hoox O
0x
0w
==
)
[l
ST
N
0
ror
wl
i
8
I
™
S Ho i

[m]

ol
Ak
Ch.

o
S
[

c)
j=1"17 E)
AKX LD, SO JttE D242 oLt

B
0l 2HAEO AS 28
z +%

= & 0] hard routing
. EM(Expectation-Maximization) & 12| S & 7, u,, X .S

[y
J
—_

[e]]]
= =

A soft routing®| & 1l

Ole @Il A ALE Al AtE

= M
ol

a
0z
Qj
=

@

S8 - ZAH JIP FHO MY X

(i} [l —/

=
S

[>
0z
=2
x

ol

==
0z
=

In
]

S AH JI8 2 A =2 (conditional embedding) & &2 2023-2025E A2 =& A

Kuaishou2| POSO (Personalized Cold-Start, KDD 2022)= AIE X NI JHEYE =& gateE
ME 2316t 10, Alibaball CLACTR (2023)9 22 /\H HHX sz /\}%I} H82 3
9| SAMD (KDD 2024)= 22 AH AHI Y I MoEE
HCH 2 AIAEIS 20-2 A H LHIY + soft routin
N IOXBAOHEVIP, e HE AILIK S)0l (HE = IHE X0IE BAE2 L6}

Im 3o
[wl

o |

>
m

"In i
o
0

(0)°]
nx
& ﬂJ
Fll'
o
_('E
2
iz
114
m T
B
In
to
i1
i
ol
E
i x>
ol
N
0
f
=
o
2
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-v-

Logit Transfer - EfA 3 2t BA| & 38 &<

| ®ola o

-

_build logit transfer() (2+Q! 984 1055)0l Al task relationships config2 £ EH &O0| 4S5 S=EstC}.

Source Target =4 2= HIZLIA 2/0]

CIR CVR Sequential 0.5 Z2ish D20 M8 (AARRR IH )
Churn Retention Inverse 0.5 0|4 &80 & - X J|ut

CVR LTV Feature 0.5 HE 20| AMOUDIXI O & &
NBA Spending_category Feature 0.5 =X S| AH| I D2 2H
Spending_category Brand_prediction Feature 0.5 AH| IIH DD} BEHE MEH)

oo

| HolHAHUE

# ple cluster adatt.py:1266-1277 — forward()0lA logit transfer &E&
for task name in execution order:
tower input = task expert outputs[task name]
if task name in self.logit transfer sources:
source_task = self.logit transfer sources[task name]
if source_task in predictions:
src_out = predictions[source_ task]
if src_out.dim() ==
src_out = src_out.unsqueeze(-1)
proj = self.logit transfer proj[task name](src_out)
tower _input = tower input + strength * proj

Rlower = Plpere + - SiLU(LayerNorm(Linear(pred®)))
a = 0.5 ( transfer_strength ), pred®: source Ef A3 G =gt
Linear : source output_dim — task_expert_output_dim (32D)

Projection B &: nn.Sequential(Linear, LayerNorm, SilLU)

A i

Ol A2 “HH AT = Z2UE A EHATS LAN Holl==" AR &O0ICH I E S0 CTR>CVR &
Ol0lAl,CTR 20| “0] 12 2 E0| =L 0SotH QD2 EIZHES HH CVREHA S S0 =
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IHEC a=0.5= 2 cl Expert £ (HH| MOl AlS o MUHE 2 =S ZHEHCE MM o2 M0| It & XHresidual)
o

SHEHZ HoHl KI2 2 source 32t REGHA E2H T2 MAE JIISXIIto A SAIECH

| && =X (Topological Sort)

_derive task order_from config() (22! 1093 1155)0l Al task_relationships 2| O|Z& 2t} £ Kahn’s algorithm

O Py JEot0 & =M E s ==t

seq feat
CTR CVR LTV
inv
Churn Retention
feat feat
NBA Spending_cat Brand_pred

& 3: Logit Transfer 2/ & 2t el =

AlS
=

A 2IEEAl

0
H>

QA A2 ATH(AFOIZ2 2 KI) Al _get_task_execution_order_fallback() 0| SIEIEE =AM 2 ZEH} (22!
1069 1091). A & OI 2t H Z=It Al task_relationships confighl SEotH A2 2 =AM It

S22 st - 24 H Z(Topological Sort) It DAG

ot HE2 YE Hl &2 212 Z(DAG: Directed Acyclic Graph)2| =S & 28 S &2 QBIGHAl 2= &AM 2 L
Zol= 21eIS0I0 2Hd A — BIF JU2H AJF BELH 20l 2t0F 8FCt. Kahn’s algorithm (1962)2 LS 1 2
Ol S & &tCH: (1) & Xt==(in-degree) It 02! =EE F 0l & BHCE (2) FUAM HH =EE 200l FItotLd, of
g LCo = 2td=S MAHSCH 3) M2 &l XDt o0l & =5 A0l & 6tCH (4) 7Ot Y WIHXI gr= 8t
Ch 2= LEE5 L E06tA RotH AMOIZ20| EMECHL A EEE: OV + E)E, 25 = Ve 2t == E0l dldl
SHCH 2 AIABIOIA CTR — CVR —» LTV M@ 2 “CTRS X 0| =35H0F CVROI M0l & 4= A 1D,CVRE HA HI=
OHOFLTVOl MOIE == A= o™ A= 2HE el =Z2 ES 6 240|Ch

HAALE B - & X H Z(Residual Connection) 1t Logit Transfer

Logit Transfer2| tower_input = tower_input + alpha * proj & EH= He, Zhang, Ren & Sun (CVPR 2016)0|
ResNetO| Al Kl tSt &HXtH H & (skip connection)dt = & &t ?IE} Heetal2 1528 Z 2 UWERKAIUWAM IS0 &
A Q0| st&otdH y=2z+ F(x) M8 “Y22 JUZ Holl== NEAL0 ZRES ERCH 0l OL0ICIHE
Highway Networks (Srivastava et al., 2015)0l Al A &2 91914, ResNet2| I HH thz=gl(y =z + F(x),

gate A S)It O & I 0| ALt Logit TransferHl Al & source ENA T 2| B F0| A Xt SHEHZ HH XN 22, M0| HED}
FECHK LOH Z2 MM IS 022 =85t 22l Expert EE 2t EH &l = tM St J| 2 3t(safe default)
= 2HEh a=05= 0l &Xt2 A0HA JD|E Metotes AL E H=w=Ch

Logit Transfer vs adaTT - & & O0| HI{LI S 2| Xt0| 2 22t 2t H|
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Al

CTR—CVRM & H|ELIA 24

EHA MOl AT K

Ak

S|
S

00

=) =S}
= S =

AAl adaTT HIHULIS E adaTT 1=

AlOps =& AIAH! . v3.14

= AMAE2EAT 2 XA MES F ORI A2 TE =0 A SAI0 =2 stCt
EN Logit Transfer adaTT
T AHE Feature/Logit =& (forward pass =) Loss ==& (backward pass &)
dE L= S EHAT H=2/2e 5 EH A 3 2t gradient &3S
ety ¢t &F DAG (CTR—CVR—LTV) Mt s (RE AT A
55 Jls4 DE F2XE (=3 &) N3N (EMAZ &3tk &5)
=5 =X olEd GAE AL Negative Transfer A\t 23t

SHE UE =Z0lN =BT Logit Transfer=
£ A& MY05t1, adaTT= gradient =& 0WMH 2
SHRO0IH S A0 26
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Task Tower — = = (|

M

l Tower Ot 9| &

TaskTower 2l A (2tQ1244293)= EE EHA U SSE MLP 2=

i

INE=S

rol

Ct.

y = Linears,_, ., O Dropout O SiLU O LayerNorm O Linearg,_,3, O Dropout O SiLU O LayerNorm O Linears, ¢, (h

expert )

2] 2. 32D (Task Expert = &), hidden_dims: [64, 32], dropout: 0.2

Regression Eff & 3 & activation=None, Binary= sigmoid, Multiclass= softmax

SAl N Bt
Task Tower= 32D Expert ZES S 20t £ 5 (=t & HEGSH=E “0OtXKIY & 237010t 32—64= S A £
29|12 7,64—322 Y=ot O X0 22 A2 Z AFGSHCE 28 S ALOI 0l LayerNorm(AH 2 HA S +
SiLU(HI &' & &) + Dropout(2t &H & ZHA)= NIH £ MLPOIHME HE X &&50] JtsSotth A3 |RE 0l et
=3 43It etk i, Binary= sigmoid= 0 1 &2, Multiclass= softmax2 Scil A &L E, Regression2 &
a3t L0l A==gtS B
# ple cluster adatt.py:268-280
layers = []
prev_dim = input dim # 32
for hidden dim in hidden_dims: # [64, 32]
layers.extend([
nn.Linear(prev_dim, hidden_dim),
nn.LayerNorm(hidden dim),
nn.SiLU(),
nn.Dropout(dropout),
D
prev_dim = hidden_dim
layers.append(nn.Linear(prev_dim, output_dim))
St =3t - LayerNorm 2| =3t & & 0|t A&
Layer Normalization2 2f 822 24 HHE S8 X2 2 H35t8tH0: La yerNorm(az) \/T + 8 0I1M
=127 o @BB)o? =130 (5, —p)? (B4, 7,6 € RIS B8 JHs A Y IEE M2t0lE, e ~ 107
E =22 0 HXCH R A 2R AFES 2 diojol= 0l& cllolole E82 gEe2 &, s
S 0l ™ 010 Tet0lE ot HotH = 220t A S HH = WS S8 2 0l S(Internal Covariate Shift)0] 2
MEHLH Ol= sts 8 282 W eH=C0F LayerNorm2 2t 010 IS S H 0, 24H1E EA3ol0 225
OFA 3} 5tCH BatchNorm 3t 2| Xt0l: BatchNorm2 B Xl L 22 wel2 A 7atot (BRI 27| 2/ &), LayerNorm
2 st s XA IHEA =2 S#HUAM=

0
o fin

w2 A SHCHER X 29| 22). Task Tower H & Hi X
%

5
<
g
Z
o
o]
=l
S
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l EHA TS Loss

ENA 3 oy Loss =2 dim Activation Weight
CTR Binary Focal (y=2.0, @=0.25) 1 sigmoid 1.0
CVR Binary Focal (y=2.0, a=0.20) 1 sigmoid 1.5
Churn Binary Focal (y=2.0, a=0.60) 1 sigmoid 1.2
Retention Binary Focal (y=2.0, @=0.20) 1 sigmoid 1.0
NBA Multiclass NLL (softmax ) 12 softmax 2.0
Life-stage Multiclass NLL 6 softmax 0.8
Balance_util Regression Huber (6=1.0) 1 none 1.0
Engagement Regression MSE 1 none 0.8
LTV Regression Huber (6=1.0) 1 none 1.5
Channel Multiclass NLL 3 softmax 0.8
Timing Multiclass NLL 28 softmax 0.8
Spending_category Multiclass NLL 12 softmax 1.2
Consumption_cycle Multiclass NLL 7 softmax 0.8
Spending_bucket Regression Huber (6=1.0) 1 none 0.8
Brand_prediction Contrastive InfoNCE (7=0.07) 128 none 2.0
Merchant_affinity Regression Huber (6=1.0) 1 none 1.0
&2 =35t — Huber Loss: MSE2 MAE2| &5

Huber Loss= Peter J. Huber (1964)Jt M Qt8t 2 B A E(robust) £ & & Ch: Lyypery,g) = {?&:’Z 3 ftLi;jl‘Sjé
QAN EHZ M(ly— 9| <= MSEME Ly(MS), 2 e MAEME L (BUHE SEEHCH A MSER O Z X
StIF? MSE = (y — §)2= 0l & Xl(outlier) A HIZS2 2 CL'OH E=A0| ZLSHN gradientIt 01 HKXI LD, 20| O] &
X| SLHOI Dt=GHA Ec42+CH MAE = |y — g|= Ol & XI0fl 28GHXI 2 00l A DI2 2JH506t1) gradientIt & ==(+1)
et o 2HOUA 2= 0| =2lCt. Huber Loss= 0 2 X 0l A= MSEQ| 25212 gradientE, Z 2l 0l = MAES! 0|
AXUHES 288l =102 ‘X 10/H= B2 =H,10/42 04X &0i"cts HE £ FeCHLLTV(Y
OHOFX) HIEXME =& DM AH| X EMSH= EHA 3 0l A Huber LossIt MSEE CF FE & O Tt

b

| & S8 - InfoNCE2H (X &' &: Brand Prediction2| =4! &

Brand Prediction EH 230l AIEE InfoNCE (Noise-Contrastive Estimation)2 Oord, Li & Vinyals (2018)O|

CPC(Contrastive Predictive Coding)Oll M M| 2t8t £ & 0| Ct: £ poneg = — log % OIIM g= Al k.,

%A I, k=284 1,7 =0.072 2% Itet0| & Ch SimCLR (Chen et al., ICML 2020) 2t MoCo (He et al.,, CVPR
2020)0t O|E A2 & St&0 HE20610 X &2 82 2231, 2023-20258 0= =& Al AE 2| SASRec-
CL,CL4Rec S A2 & =& ZEHISHH THEE AJULCEH 2 Al A8 0l A Brand PredictionE (L & &52 2 & &0t
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E0lss =M BEHES 2E ZJ/ot=s e, BHE HIY S2H0IAH SAH EHES JH2ZH, HIS At E
CEE Zel tixlots R0l =HEE 1 LBHst0l Relst| H20IT

| Focal Loss =&

_compute _task losses() (2t2! 1765 1780)0l A &gt J| Bt Focal LossE H &S TaskTowerJt 010l sigmoidS
L

HEZ0I2 2 0| = sigmoid & X E <0 logits 7| 2H0| Ot EE gt I8t 2 F & 6t
FL(p;) = —oy - (1 —p,)" - log(p,)
pt:{llj—p gzzé
af:{(ll—oz gzzé

focusing parameter (71 2 Ol Xl 22 2 &)

7 =20
a: 28 2HA ISK (BHAIE RESH &Ml £ H = config & X)

Focal Lossi= & Cross-Entropy0il (1 —p,)” JISXIE S8 220IC} p,= “2E0| FEON 20HE &E70122, 2
== 0K (p 2t B)0l= JISXIJt 2206l 20 S0, Ecl= UH@pIt HS)0ls St SRS H2AH2
E,42 2HE HS SOHE0F AZ0| & 2L, 02 2H0l ESotehe sts s &4 g2 286
Z0ICh oy= 2eHA ERE BHOZ, 5|48 24 SHA0: 018 D2H)E XX A== IISXE =210

Cross-Entropy= 2 —log(p)2!ot? EE20IE0AM OHE AA2 HZE(information content)2 I(z) =
—logy(p(x))2 FECh EHE0| Z2 AMd(=2t2 A)Y+E L2201 ACL o: S&E AW(p =052

FEY = —log,(0.5) = IHIE, AR 1(p = $H)2 I"b'%t = —logy(§) ~ 2.580| E. Cross-Entropy H(p,q) =

—Y p(z)logg(z)= “&M 22X pE 2= UIOIHE 2L 2L ¢Z UILE [ 2REH BZ HE ==70ICt. 0[&
SOM BE0ly=10112 2 0lI=0] pOI A —log( ) “HE0 20| R0 2#E0 ¥+ 2 €&70!

&I C}. Focal Loss22] 2t3H: FL = —(1 — p,)" log(p,) A (1 —p,)"= Ol 2E Ol “0Il= £ =0l "lellst= Ot

EXE 28 A0ICH RHAE Hbkp, = 0.90/H CE = —log(0.9) = 0.105, FL = 0.12 x 0.105 = 0.00105 (1004 2
A).p, = 0.10/ ¥ CE = —log(0.1) = 2.303, FL = 0.92 x 2.303 = 1.865 (12 SX).

SAHS B E

Focal Loss= Lin, Goyal, Girshick, He & Dollar (ICCV 2017)0| 2 Xl & X|(Object Detection)il A Kl 2+5t A CH &
Al one-stage & K| J|(0ll: YOLO, SSD)J} two-stage & Xl J|(Faster R-CNN) 2 Ct & SOt XU =0, 212 i & (easy
negative) 0| & & (hard positive) 2Ct XEXH O 2 U0t 2 Ol 2l gradientIt &&= KIHHSHD| 2 0l AL Focal
Loss= (1—p,)" 22 2 K2 IIHE SH2Z E04, one-stage & Xl J|(RetinaNet) )} M S22 two-stage S
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8%)2 Focal Loss2| M & & Ol M= AbedICh.

# ple cluster adatt.py:1774-1780 — fpleé AMP 2t& focal loss

p_f = pred.squeeze().float().clamp(le-7, 1 - le-7)

t f = target.float()

bce = -(t_f * torch.log(p _f) + (1 - t f) * torch.log(l - p_f))
pt=pf*tf+(1-pf)*(1-tf)

alpha t = alpha * t f + (1 - alpha) * (1 - t f)

focal weight = alpha t * (1 - p_t) ** gamma

loss = (focal weight * bce).mean()
Focal Alpha € Hl J|&
focal alpha = A& HIS HIELIAFNHIE9 & QP02 Z2A =},

* CTR (¥4 38%, FNH| & S2H): a = 0.25 (X&)
POREe 0ean IS SSpa = latEe Sl s 2

* Churn (24 515%, FNHIE 0l R =3): a = 0.60 (OI f =&
* Retention (24 85 95%, FNH| & &2): a = 0.20 (&

| Uncertainty Weighting (Kendall et al.)

loss weighting.strategy: "uncertainty"

homoscedastic uncertaintyS 22 & &L}

=3

A3 Al (22! 1818 1827) EHADE & &

t3h
8t X, recall =CH &)

bS8t log variance2

L = wy, - (exp(—sy) - L + )
s, = log(o2): 3& IS8t log variance ( task_log_vars[k] )
exp(—sy,): precision (ESAH =2 H IS E5)
s 2 2AHE 286l J|1RE A E Aot st e
sp= [—4.0,4.0|2 2 clamp, precision® [1073,100] 2 £ clamp
A Al Xl D}
T T/ e
0l 2412 “0IE AT} 2EXOR (=510 010, AT 240 HH St&S NI AEE T
SLZ IIESXE EF==" HHUSOILH exp(—s;,)= L S(precision)2 M, ESAH0| =2H(s, ) HO0LM &
&I E S0 SA0 +5;, &0l 3t A= 0ol0], 20| “2E EHATE S &otl) o =& =
02% =" HEHS YRS 1600 HAZL| IEXIE =822 [dote Hal, 220 Iisez 8= #
=L

NeurIPS 2018

Geometry and Semantics”

43
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S ALA B E

Uncertainty Weighting= Kendall, Gal & Cipolla (CVPR 2018)0| K| 2tGtRUCt &l A==l ZH 0] oli(scene
understanding) M0l A 20| =&, 28 84 =F, 20| 2€0lct= M EBHAIS IISXIE AHs22 £E6H|
Lo DT ALt Ol 2 J| B2 homoscedastic uncertainty(Hl1 0l & ZIEDJ} Ot EHA D K2 E& A H)2

ZIH & FHMLE)OICE 2 EH A3 9] likelihoodE Gaussian2 & I+ & GHH log-likelihoodE H el S M Xt
8 exp(—sy) - £, + s, SEHIF REECE Ol M 0l= == grid searchlLt GradNorm (Chen et al., ICML 2018) X &
gradient 0| E @ S3tot= & EH 0l AHE T [ 2L, Uncertainty Weighting2 =t 6tO|IH It 2O H 80| & & D

st ItetOlBe = CHAMIGHH Eel THE & RUCH

b

PNE=

(i

oo

2024-2025% MTL loss balancing & OF= Uncertainty Weighting=S §H A= & 1) UCH Nash-MTL

He

(Navon et al., ICML 2022)2 EfA 3 2t gradientS Nash & & (bargaining) H 2= Ot 4 Pareto [ & ol E

1), Aligned-MTL (Senushkin et al., CVPR 2023)2 gradient 24 &S H &5t S=2 % A 5t &L}, Auto-Lambda

(Liuetal, 2024)= OlEt &S 2 IIEXE HSHE =& J2iLt & R0l A = Uncertainty Weighting0| 7

S o= N 4502 oMo JtE 92l A2 0, Sol AT 201 1000 Ol ARl T2 MTLOIM 25
= JEHXIZ &0 QUL

Q
> 0N 4

lig

A &

O

F AR

(]

[l

e

Ct:

on

forward() (2t2! 1284 1344)0 A CtS &4 =0|

1 ElA 3 24! adaTT B & £ enhanced losses & Hl (E= Stz &)
2. CGC Entropy 87112k Ay X Loiropy (S Al, CGC 01 11 E Al

3. Causal Expert DAG & 77 3}: acyclicity + sparsity

4. SAE £ 4! reconstruction + L1 sparsity (weight=0.01, detached)
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SAE (Sparse Autoencoder) — Expert 0

S22 X
-/ T/
Shared Expert 2 & H & (576D)0l A of & =
=] =4
=

) S &t sparse featureS =& 8}, Anthropic2| Sparse Autoencoder &
HOlM S 2oL AL R HS 2 ERI2

012+0] off & Jt=st oot 20l =X 0ICH

EIES:

_build_sae() (22l 877 896)0| Al SparseAutoencoder E 44/ St(}.

z = RGLU( enc hshared + benc) € R2304
il = vvdec "z + bdec € R576

’CSAE = ”hshared - h"% + )‘1 ”z”l

expansion_factor=4 :latent_dim = 576 x 4 = 2304
11_lambda=0.001 : sparsity 7‘35
tied weights=true : W, = W (L2t0IE &)

loss weight=0.01:Z £=Al0| J|0Hot= HI2

MW A2 DG 576D 25 TS S 4bl B2 2304D 8| A BlIE 22 B1&H6HCLH ReLU E 20 (HE =22 KAt o
O AADO “Ol DM ZHUHMNM HM IHEO| AN JU=IE LIEtHCH =W &
%

o
j—
S30l0 B2 &S ZIASISCHL AW A2 £2A42 S/ XKL, 84 H

fel
10
1
Il

=
N
n

=] 2 - h; —h) xtolel M-S

t &3] 00| &= 3 _A._(sparse) oHE %Eél} Ol=L19 Jlot&sr= o

ot Gt = XM 3HAl IS f(= LIH X EE 0)0fl =010] &Lt BtH

| 2 L Xl Z=Ch 2/ WAl 2z =[3,0,0,2,0]01H |z|, =
“50H JHE = 2012t 2 4~0let= off & 0] Jts0otLh.

=
T =

ol
= &
b
oy
b 1o

[l
10
m _”'j |‘> Hl

o M = g
b

S <
2 2
Q
=
0K Mo g

FE
0

o re
0

B 3
I
o

ot
(=)
f=4
S
[\
=
Hg
=4
]
o
e
=
{oh
-
rOI'
rlr

AMEBHE - 2LEQNDH AAE: I SA0A ol & &K
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& 21 2 f(Autoencoder) 2| Il € 2 Rumelhart, Hinton & Williams (1986)2] S X I =2 W A “AtD| XAl 2 S &
CESSotH S 2HEN K26 280l g4l 222 AEEALE 0l = Vincent et al. (ICML 2008)
9| Denoising Autoencoder, Kingma & Welling (ICLR 2014) 2| Variational Autoencoder(VAE)Z 2 & 6t & L. Sparse
Autoencoder= 25 HE 0l L1 HEEIE R0H0IH A2 w0 43I ES 2ol HE 22, Andrew
NgOl 2011 Stanford 2t 2| 0l A M H 2SR LCH HA& OFOICIH = PCA(FEE 24)2 FACHH XHE S
HIAE HE2 52610, U2 & (overcomplete) & (dim(z) > dim(z))HANE L1422 20| U
FEE = A0= Z0I0L 2 AABS SAE= 576D — 2304D 2t & Q1T E S AFE0HN, 576 XH 01 7
Expert 25 230412 ol & JtsS8 HRAZ “E 0ol X =" &S &L

o

24l S8

Sparse AutoencoderS &/ 3 2 ol & 0| & Zol= JI H & off & & (Mechanistic Interpretability)2 2023 Anthropic
9| A 51(“Towards Monosemanticity”, Bricken et al., 2023)0l M CH 72 A SO Xt AES 0l SAEE HEE0HH
A Jts8h S8 (feature)2 FE 6t 2401 JI=HIJF & ALt 2024-2025E 0l = OpenAl DeepMind, EleutherAl S Ol

N2 8946l 3 S0|M, Templeton et al. (Anthropic, 2024)2 Claude 3 SonnetHl A =84 8t Jji O
e Jiset EXS FSICEL = AMAE S0HHAE 22 LH—|— HY S SAEZ Z0lotH “H 0l 4B F=A
EIE HHote ARI SItot) U2 D, EU AT Act(2024 £ §)2 89 JtsHd Q2101 01218 =M E Jt535)

| Main Path Gradient X} &t

forward() (2t2!1216)0ll Al shared_concat.detach() 2 SAE &S Z2l&'Ch SAE &4 2 SAE AHAl IS X2 Y
Ol Ol £6tMH, Shared Expert| &&0 FatsS =X 2 =L

# ple cluster adatt.py:1216
_, sae_latent, sae loss = self.sae(shared concat.detach())

SAE latent & &

PLEClusterOutput.sae latent (2304D sparse vector)= =& §— Expert Neuron Dashboard0il Al &3t IHE =
S0l AHZECH O E S0 “Xt== 2435l = latent 1472 It Ol HE'H e 22 A0l JtsotHC
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I
o
>

0Z

0
Y

fol

Evidential Deep Learning -

l =2 X
-/ T/
EH A3 0l =2 epistemic uncertainty(2 20| “D0tLI LE=X")E H oot FE AT E Itetlh. =2 =
SAHZ2 A HIE2 MY Al fallback 282 2 M &SI CF
| 22

NeurIPS 2018~ Sensoy, M., Kaplan, L., & Kandemir, M. “Evidential Deep Learning to Quantify Classification Uncertainty”

25 BHA WM Softmax == 4! Dirichlet & E 2| Tt 20l B E W =8t

o =evidence+1 (a € RE)

K

S = Z oy, (Dirichlet strength)
k=1

a o .

Br=o (expected probability)
K : . .

U= (epistemic uncertainty)

K: 2L = S 2T N w25 =24

evidenced} 00|H a=1— oS EE — XU 24

A n
A Al XD}

/| =

J| & Softmax 2FJ|= “HHHE L0 = &4 otLIC &E 2
UA Gl =3dt= &0l ULt Evidentia } o
=& Itet0lE 2, evidence(S 1)t &

E0HSCL AAXHOZ “SHIt S0l £0|H &alot

b
ry
10
it

St =3t — Dirichlet ZX: “StE°| 572 2 2ol= X
Dirichlet 2% Dir(p | a)= &E & S A(simplex) 712 2ELE K- &8 HH p = (py, .., 0x) Opp =1,

- |'

(p | o) = FRM T lp;;k '0ICH T'(n)2

p
P> 0)E MAGID, B8 LT Bak f ahah 204 842, HOA0AE
D(n) = (n—1)(BE2IY| o= SHEHOICHL HRE Olh: 0,0t RF 1012 2S EL(E pE ES), 0,0 2F
3B A (1/K, .., 1/K) 2H0 AEEA), S5 o, 0 32 Y 2ehA 202 X2E. THE HAl (K = 3):
a=(1,1,1)018 &8 20 2L5tH SESHCH o = (10,10,10)01 2 (1/3,1/3,1/3) 2H U &= —“Ml 22 A
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S AL B &

Evidential Deep LearningE Sensoy, Kaplan & Kandemir (NeurIPS 2018)0| K| €St R Ct. 0| &2 Dempster-Shafer
S 012(1968, 1976) 1t =2t A =2|(Subjective Logic, Josang 2016)E & B L0l & =30t0, Softmax = 2| Lt4l
(overconfidence) Z NI S o Z ot At UL A OLOICIH = & E2 & &S S o= A2 =, 401 X et S H 0l
N At 2 E(posterior) ¥l Dirichlet priorE == & & (Ferguson, 1973)0| A E 2= 2 4Lt 0| & Amini et al. (NeurIPS
2020)0] 2|7 &M 2 &t &6t Evidential Regression= K| 2t5t 0 Normal-Inverse-Gamma(NIG) = £ & H 58! 0l =

of 2atalN 2 H2aohACh

=2o=2 oo

X~
=

b

PNE=

(i

oo

2024-2025'F Evidential DL & Of= 1) &H(calibration) Ji & 1t OOD(Out-of-Distribution) & X| &5 &&0H &=
T RUCt Pandey & Yu (AAAI 2023)2| Posterior Networklt Charpentier et al.2| Natural Posterior NetworkOl
Normalizing FlowE Z &0t &M FEHO H&TE =L APH 2= NHEFEH(Waymo, 2024), 2| &
(Google Health), 2& 2lA3 EIIUIAN 22 St HES3 M QUL RPAGIHAM AR THELO| It

2]
(=)
|0 QUCH =3I LLME| hallucination 28 Xl 0l evidential & 22 & &0t= & 72 (Ren et al,, 2024) = =51 UL

| =&

ro
)

_build_evidential layers() (22! 898 931)0lAl EHA'E Evidentiallayer E M4

# ple cluster adatt.py:921-927

self.evidential layers[task name] = Evidentiallayer(
input dim=self.task expert output dim, # 32D
task type=task type,
output dim=output_dim,
k1l lambda=0.01,
annealing epochs=10,

Forward (2t2! 1253 1260)0l Al Task Expert E&(32D)0l HEZ HZ&I[H, compute evidential loss() (ct@!
1838 1841)& B X KL =&/ 2 JIASHCE

h
Lovi = Liask T AkL, -min(l, :III)OC ) -KL(Dir(ex) | Dir(1))

k1l lambda=0.01 | annealing epochs=10 : Z=J| (|

Stg ZEHKLO| 2 26tH 2= 050 s 2XE2 +=8ot= 2HM & X

= =
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PLE-Cluster J| = & XA

HOt

“« =
[=)

ol
100

I

Ct. S M, KL

O
fuily

2 &=
I—= I

{3

=
=

o= =

EhHE &l=clet = 2 0ICh annealing Hl == min(l

A

M, 2N AT &4 (L,)

z fd=h

)

epoch
’ anneal

o
2FE 4

I(

]!
3

0|
<

N
i
Ju
53

Rr
El
Rr

o)

Hr

1o

Ko

KD

RO

ol
il

Ju
s}
i5)
I

[}

RO

< 2t 0l Ct.
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Otz AIAEO

HolE MM 180 EfHAZSl 2AFSH AFZOICH S

category_upliftO| Ul 2 & 3t A EHOICH.

EHA

CTR

CVR

Engagement

Uplift

Churn

Retention
Life-stage

LTV

Balance_util
Channel

Timing

NBA
Spending_category
Consumption_cycle
Spending_bucket
Category_uplift
Brand_prediction

Merchant_affinity

| 123 08

=
Engagement
Lifecycle
Value

Consumption

= Loss dim
Engagement Focal 1
Engagement Focal 1
Engagement MSE 1
Engagement MSE 1
Lifecycle Focal 1
Lifecycle Focal 1
Lifecycle NLL 6
Lifecycle Huber 1
Value Huber 1
Value NLL 3
Value NLL 28
Consumption NLL 12
Consumption NLL 12
Consumption NLL 7
Consumption Huber 1
Consumption MSE 12
Consumption InfoNCE 128
Consumption Huber 1

(adaTT config)

e

CTR, CVR, Engagement, (Uplift)
Churn, Retention, Life-stage, LTV
Balance_util, Channel, Timing

NBA,
Spending_bucket, Merchant_affinity, Brand_prediction

Spending_category, Consumption_cycle
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1600t 243N
HMM 25 Weight g4
journey 1.0 o
journey 1.5 o
journey 0.8 (@]
journey 1.0 X
lifecycle 1.2 o
lifecycle 1.0 (¢}
lifecycle 0.8 o
lifecycle 1.5 O
behavior 1.0 (¢}
behavior 0.8 (¢}
behavior 0.8 o
behavior 2.0 o
behavior 1.2 ¢}
behavior 0.8 O
behavior 0.8 (¢}
behavior 1.5 X
behavior 2.0 o
behavior 1.0 o

intra 2 & inter 2 &

0.8 0.3

0.7 0.3

0.6 0.3
X 0.7 0.3

UL M, upliftt

fol
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]

£ 45t —jintra/inter & 0| 2 & 2| 2/ 0|

adaTT| intra 2 &£(=0.6 ~0.8)= 22 115 W A3 2F gradient M 0| HIE 0|1, inter 2= (= 0.3)= CHE 1
S EHA 3 2t Ol HIEOICH =& X2 Z Ef A3 2| gradientIt Ef A3 501l H O |E g;raHSfe”ed =g;+a;-
gi

O “H|
-/

proj(g;,g;) ™I Al proj(g;,9,) = | 'jg -g;= gié g; LE 22 Ab(projection)dt 21 0| Ch. At S (projection)2

H alll A HE b 2E 820 FE"5l= AL, proj,(a) = ‘,‘J—bi ZoElh AaMoz, 22 OF(0: CTR
2 80l(a =0.8)It ot1), CHE & (0l: CTRY Churn)2 gradient)t =
%

x| Al S&F - Gradient J|BF HEIEfA T X[ & 3O

E= RSP

U

adaTT2| gradient 7|8t & 0] = PCGrad (Yu et al., NeurIPS 2020)0fl M Al & & 232 SE2| HEO|Ct PCGrade= S
=0t= gradientE A 22| H & (normal) &2 2 AtL St S == M JH0t1], CAGrad (Liu et al., NeurIPS 2021)
= 2E AL A INEE B&Eot=e Y& S &=Lt Nash-MTL (Navon et al.,, ICML 2022)2 0| £ Nash &

o o

& NP Z HAIS6HH Pareto = & o E = =6HRU L. 2024-2025E 0l = Aligned-MTL (Senushkm et al., CVPR
] oL

2023)0| gradient #Z 2| SVDE Ol Zolf 2= 00l E B &S &2 1), FairGrad (Mahapatra & Rajan, 2024)J} Ef
A2t SHENMKA DHGtE HHS MOGHACEH 2 AAEO adaTT= 01 &2 18 REAE YAMECOZE & Eote=
HO| XHE A O| 04, intra/inter ZEE HEE 2 S &0 SHIQ! XIA/(0l: CTR-CVR 2tH))2 BHL SHCY.
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| PLE (Tang et al., 2020) H| 1

o

=2
==

Expert 7+ 2=

Extraction Layer

Task Expert

Gate

Knowledge Transfer

Cluster S 3}

HMM ct<*E
Loss Weighting

PE

Jton

=
=

FY

=
[

Ho

Shared + Task-specific MLP

Ct= PLE Layer A &4

EHA3YE =& MLP

Shared+Task Expert — gate

A=A (Expert 37)

3
olo

£
0lo

K
0

©
alo

| MMoE (Ma et al., 2018) H| 1

= 78

r

81 0@l Shared Expert (GCN, PersLay,
DeepFM, ..., RawScale)

e cll 01 of (CGC —
GroupTaskExpertBasket)

GroupEncoder + ClusterEmbedding (20
clusters)

Shared Expert 25 AH L E (576D = Al)

H Al & Logit Transfer + adaTT gradient J|
y

-

GMM 20-cluster &l & + GroupEncoder

Triple-Mode (journey/lifecycle/behavior)
Uncertainty Weighting (Kendall et al.)

Evidential Deep Learning (Dirichlet)

KDD 2018 Ma, J., et al. “Modeling Task Relationships in Multi-Task Learning with Multi-Gate Mixture-of-Experts”

i

=
Expert <=

Expert -+ &

Gate

Expert Collapse

x| Eg

A3 E35t

Linear(input — N) + Softmax

0z

2 (2 E HA 30t S Expert)

£Q
olo
i
)l
0

gatePtO E F2J
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= 78

i

0lZ 8JH (GCN, PersLay, DeepFM, ...,
RawScale)

22t ool

Jm

3t OF2 1 & X
Linear(576 — 8) + Softmax (CGC)

23t (Entropy & 713t + domain_experts
bias)

domain_experts J| f warm start

CGC + HMM routing +
GroupTaskExpertBasket
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| =2 oy el
2 ZZMEQS NREH A R4
L. 0|3 Expert Z & &2 72X Expert (&l GCN, PersLay, DeepFM, RawScale = 81 01 & =M Q! ExpertE & &

2. CGC Xt& B 713k Expert 2 Xt HIHE (128D vs 64D) 2 &
3. HMM Triple-Mode 2t E: EfATYE A2 AH L0 = HMM 25 i =¢
4. GroupTaskExpertBasket: GroupEncoder + ClusterEmbedding2 2 88% L2t 0 & 2t 4 (v3.2)

_?_'/\I— I—IE# j|t1|- I|.E AlSH == & E%

o =2 O

5. Logit Transfer Xl Q!

6. Evidential + SAE: 0| = S =& 4 H &3} + Expert 28 &4
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L& J0l=

Sat 2 el 20l gh e

£ & Expert &4 all-zero 212 Ol 0l & None — zero fallback shared_expert_outputs dictOl Al o &
Expert Ell Al 201

unified_hgen £ NaN Poincare £ H overflow hierarchy features gt Y% &0l
curvature =&

temporal £ all-zero txn_seq None DataLoader2| A|[3A 2 E & 4H 35t 201

perslay 28 202+& Raw diagram Il & 2F tda_short_mask S5 H|E &0l

l CGC Attention =& =4

Sat =0l o Z
= ExpertOll 0.9+ 8 Expert Collapse entropy_lambda =D} (0.01—0.02)
2 & Expert @S (0.125) CGC 0|&& £ &= I &t entropy entropy_lambda 24 SHEE &0l
domain_experts 2| Expert0l &  CGCJ} domain B &S 358 A 2 US — cross-domain transfer IH
2 =X £
&t& F Ut attention = H CGC freeze 0| & & freeze_epoch & &0l

| Loss 28 27l
EW 2l0| ol Z
Loss NaN/Inf 2+ A fp16 underflow + focal loss .float().clamp(le-7, 1-le-7) 50|

(M-2 FIX)

EXN A loss 0 target &Ml -1 (2 ) ignore_index=-1 & =% H0IH &2l
Uncertainty weight 2 & task_log_vars clamp 0/ & & clamp(-4.0, 4.0) & precision clamp 2} ¢!
Sloss=35 Evidential KL annealing & & annealing_epochs 0| = KL J| 0 & ¢!
adaTT O| = loss 2 Negative transfer 2t X| negative transfer_threshold T &
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l Gradient Flow &I Gt

&

Ol

Shared Expert gradient 0

CGC gradient 0 (&} & &)

_extract task gradients
OOM

Brand prediction gradient F &

&
[=]

| Logit Transfer 27|

&

Ol

CVRO| CTROll It/ &

Transfer 0| & &

Al
=

A

to
Ju

02
A

2ol
Phase 20{l Al freeze shared &
ce

CGC frozen (freeze_epoch

retain_graph=True +&

InfoNCE temperature UL 2 =&

el
2= M Z0l default embedding
CIE 25 A AT AE
22 820l RS HMM ER
2

=

0

QN HY AT} — B
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=t
Yy

freeze shared in phase2 QI

OJEX DH —Ha

adatt _grad interval ZJ} (10—50)

temperature 24 (0.07—0.05)

off Z
HMM IHO[ X etel GI0IE Mo &l

target tasks =& &0l

Ja

S A (default= A0 CF & &)

Hz

o

0.5—0.3 28 A



PLE-Cluster J| = & XA

==
T/

AlOps =& AIAH! . v3.14

| 2S T of

0F!

o

models/ple cluster adatt.py

models/experts/registry.py

models/experts/cluster task expert.py

models/adatt.py
models/layers/sae_layer.py
models/layers/evidential layer.py
models/tasks/task _registry.py
models/tasks/base task.py
models/tasks/classification tasks.py
models/tasks/regression tasks.py
models/tasks/merchant_tasks.py

configs/model config.yaml

| DetIE J2E =3

2=
Unified H-GCN

PersLay

DeepFM

Temporal Ensemble

LightGCN

Causal

Optimal Transport
RawScaleExpert

CGC (16 EH A 3)

ol

o
PLEClusterAdaTT 0l &1 2 & (2125 2t2l)
ExpertRegistry, SharedExpertFactory
ClusterTaskExpertBasket, GroupTaskExpertBasket
AdaptiveTaskTransfer (gradient J| 8t & 0l)
SparseAutoencoder

EvidentialLayer (Dirichlet/Beta/NIG)
TaskRegistry, TaskManager, TASK_GROUPS
BaseTask, TaskConfig, TaskOutput, TaskType
CTR, CVR, Churn, Retention, NBA, ...
Engagement, BalanceUtil, LTV, Uplift

BrandPrediction, MerchantAffinity, ContrastiveLoss

X 22 48 (Mo JH)

utetolH =] ]

200K 128D output, merchant H & X
50K Raw diagram + global stats

169K v3.11: ZEY S8 adlg

500K Mamba + LNN + Transformer
20K ANE A LAY — BE

100K NOTEARS DAG + 211} 013
100K Sinkhorn + J|& 2L

12K 90D— 64D LayerNorm+MLP (v3.3)
75K 16 x Linear(576—8)
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HMM Z2 X H 5K 3 x Linear(16—32)
GroupTaskExpertBasket 362K 4 GroupEncoder x 20 clusters
Task Towers (16) 80K 16 x MLP(32—64—32—out)
adaTT 10K MOl e + affinity

SAE 2.7M 576D x 4 expansion (24 &8 &
Evidential 30K 16 = Linear(32—out)
Auxiliary L2 M H 40K coldstart + anonymous + gate

Z 7 (SAE Xl 2l) 1.7M stg5 CHat TFetol &
Z 3 (SAE £ &) 4.4M SAE= detach (24 & &)

Itet0Ie Jt2 & =01 &

model.summary () BIME (22l 1967 2073)0t 2=

config £F 0l et &ctE = UACH & &t =X

| 8 4% Qo
&= Bt
Optimizer AdamW (Ir=0.0005, weight_decay=0.01)
Scheduler CosineAnnealingWarmRestarts (T0=10, Tmult=2)
Batch Size 16384
Max Epochs 100
Early Stopping patience=7
Gradient Clipping 5.0
Mixed Precision fp16 (AMP)
Phase 1 Shared Expert & & (15 epochs)
Phase 2 Cluster Subhead Fine-tuning (8 epochs, shared frozen)
adaTT Warmup 0 epoch (Z2 & &: 10)
adaTT Freeze 1 epoch (22 E & 28)
CGC Freeze adaTT freeze_epochdt =J| 3}

St =8t - AdamW SE|I0t0I M2 £=&F& AL
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D elo] XA Q| 2 A (Single Source of Truth)2 configs/model config.yaml O|Ct. =L A&

AdamW= Loshchilov & Hutter (ICLR 2019)0| XI2tst SEIOIOI M 2, Adam0il 22l& JHS Xl 2 2l (decoupled
weight decay)E B E8t A 0ICH J| & Adam?| Tt2t0IE OI0IE A& 2:m, = 8m,_; + (1 —B)g, QX 28
_ gradient Ol SB2) v, = fy0,_; + (1— fy)g? @A} RAE = gradient 2 1 EBR) @, = m,/(1— ), 6, =

vt/( BL) (BE 2X)0, =6, l—n-ﬁit/(\/ﬁ_t—i—s) JIK nE 888, 6, =0.9, B, = 0.9990+ LB O|CH,
= 2w, = 0l YEOR2 JI0k SHEIP (IR RUE = 24), /5, £ “0l 282 gradient It L 0L B S5H=I1(2
I 2UE - NMSHSEE) HS0| 2 DH0IEE $SES NS22 0 A 3HEHCE AdamWe| Al X0l
JHEX| 241 S gradientJt Ot THekOIE XEAIO XE HESH016, =6, (1 —nA) —n- M,/ (/8 +¢) (A =0.01

= weight decay )2 L2 1 3tE SHIEH & dt= 24 0[C

A ALE Ui & - Cosine Annealing SIS & AH =

Cosine Annealing2 Loshchilov & Hutter (ICLR 2017)0| SGDR(Warm Restarts) =2 0l Al M ISt ALt SHSE
DA B2 ZAAZICH 7, = iy + 3 (Miax — M) (1 + cos(nt/Ty)) BEE0I SIS Z FHURLE =
(warm restart) &l O, =2 X[ (local minimum)HI A EEE I3 E BI=EH2Z MSEHCLE T, = 108  F=D|
Ol, Tpe = 2= ==J1JH DHEH 2HH A SOIE S 2|0l St (10—»20—>40 OlZ3). 0l A2 s

FE 2 M0IE M 33t1, Exponential Decay 2 Ct warm restart S =0l O 2 &4 &S %“%“@D. 020
SUHR22AUAZ 22 SIS0IA cosine A EH I HELZ Nl H UM, GPT-3, PalM S LLM S5 01l

warm-up + cosine decay =& 0| AtE & Ch.

wn
T
o
[=
=
=
0
n&

LRI e iy /= )

4L

Config & =2

_,_

Config &l & =i HEHANE

global 21 AH ==, dropout, input_dim _init

shared experts 8 Expert & & _build shared experts
cgc CGC &4 3}, bias, entropy _build_cgc

hmm_triple mode 32C 2RE A A3 _build hmm projectors
task experts.common GroupEncoder & PP _build task experts
task experts.tasks 1642 EHAT e & & _build_task_experts |

_compute task losses

adatt SOl A&, BlA3 08 _build adatt
task _relationships Logit Transfer Mt _build logit_ transfer
task_towers Tower 7, activation _build_task_towers

sae SAE &4 3}, expansion _build_sae

evidential Evidential 24 &}, KL _build evidential layers
training Ir, batch, epochs, loss weighting __init_ (task_log_vars)
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