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0l Z0ll M = adaTT(Adaptive Task-aware Transfer)2| & H E & & ot= 2 , =l
HLISE 20l AAH HESLE OlF HOIA UFE= 8 ARAtE A A etEA=Jict= 2E 0 A OloH ot
J| 18t ELHOICH

| 0.1 H“HEE EIRI7Q0— DT Bt &

Multi-Task Learning(MTL) 0l A Jt& BXe= otk S5 82 20 BHAIE D& EHRI(Task-specific

E\_ | —
Tower)E Ecl= F#X0ICH 0] 2= FHotX2 2=Hel oF S ot UCH

DA B2l Al JFXI SHA
1 Ut 2. 22 MEO| [I20IE I 2 EHA TN SLolH &S 0| & CHCTR = 2 3 JF Churn 0SS 2
SIAIAZ 0|2 2 XIatHLE ZEE HI2ALISO0| 8iCH
2.EHAT 2 ASEZ 2A 16l EHAIDI 2R HI2I0IEHE S0 A2 HAMS HO|X|CH HE EfA T A0] A
510 0" A0 X=X 5| SHGHA X =Ch
3. St GHHlY Bt 01BHY: &5 =D|0l= CTRZH CVRO| H| =<8t &t&O 2 StS T LI} S8Hile 8 U2 E
NS O = UL DA IIEXNZ2= 0| BHetE =HE 4= Qi)
adaTT= Ol Ml JHXl SHHIE 22 ChS 1 20| s Z ST
L MeN MO|: gradient 80| L Xdt= EHA D A2 XA S S20H1, BHOH 2808 XHEHSHCE
- EHA3 &3S =AH: gradient cosine similarity 2 EfA 3D 2F 2HE FH N =2 SHSHT
3. & M Z:3-Phase AHEZ && SHAHOl et MOl &8 &S
SHAl LHHEIBE &t 2E2OZ QUGIH: “NAHE EIR= EBlAD 2t 2HE S Y 26HA 0 RS Elfle 24428 =5
Aot MO &tCh?
l 0.2 Transformer 2} Attention — & O] HIZHLISO0| EHA T E S H&tsto}

adaTTJ} “Adaptive Task-aware Transfer’ct= 01§ M XICH WR RO Z & Z56t= H4 2 2l= Attention 0l H L
F

S M@t 20l HBEO QJACH HIIA D HZ10elE E&ol =0h

0.2.1 Self-Attention 2| Query-Key-Value & C|

Transformer2| Self-Attention= Al JtX| S &2 22| &HC




adaTT J|= & XA AlOps =& AIAE! - v1.0
V:Value — “AHNZ 82 HE”
dy: Key XH2E (AL S BH)

OlBIALI B iy SE=2 “2dH

SAFEE HAGED, softmaxe= Ol

rr
Y
=2
il
oM
Qﬂ
K
1]
w
£
rr
by
o
10
>
o
O
=}
(_1
Q
=

4‘

"
:u
o
to
NI
z
_o

]
]

2=
LH = (dot product) 2t AtSI219] 2. & #Ef a,b e R"S A2 a-b=3"  ab,0ICh DS VUM BHE a-
b= |a| |b]|cosf2t HAGHH, LHA 2t0l 2Lt= 5’18 (1) HWEIOF ZHLE (2) AP 2E 00F R CHEEH0I HI=3tCH=
SSOICH AttentionOl M QK T2l (7,7) A= 2 i¥ Query2t jH Key2l LHE 0|22, &80| | ==& Keylll =2 &
=5 206le FXOILL /d,2 UFe 0lRE X2 4,0t HESS LR g9 2401 4,0l HI2I5to SItatD

H=20l, 0l & rtatotXl #2H softmax 0| == gt0ll S 2| = gradient vanishing = KOt 40| J] [H= 0l Ch.

00k

0.2.2 adaTT0| Al 2| Attention 7 H|(3EK)

adaTT= E2 2t2] Self-AttentionO0] OtLI 2t Ef A3 2t2| Attention=S =& SHCH H| < S6HH:

ol 5t Transformer Self-Attention adaTT Task Transfer
Query S E22 29 S B A2 2| gradient & &F
Key CHE E29 8 JtsH CtE EHA T Q| gradient 2 &
FALE Q \I/(% gradient cosine similarity
=23} softmax softmax (temperature 7T')
Value CHE E22 &N EE CtE EHA T loss 8t

=4 b= & 4HE context &M Ol &4 (transfer loss)

=, adaTT2 0| JISX Ho2 22X Z BHA T Z2H0I A2l Attention Ol Ch “LH E A3 (Query) 2t gradient &
S0l HI=<8H(Key) CtE EHADAZ R H £ & (Value)S It M2 IS AT

| 0.3 X212 K& Hypernetwork — adaTT2| H 2

09
2

adaTT2| OtOICI0{= O & 2 Conditional Computation I Tt 2| R O0ICH O O 2 “L = 0ILt &f
et HERAZDS SHsE SH22 HE = At&t0ICH

0.3.1 Conditional Computation2| &4 00| C| 01
AAHE B E

Conditional Computation® J|&. “ S0 et WIERIS LR 243560 = 0t0IClI 0= Bengio et al.
(2013, “Estimating or Propagating Gradients Through Stochastic Neurons for Conditional Computation)H A 23X 2
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Z MOtZIACH SAl SE= Ao U2 Z2A0IRUCH - 2E =S 0 E43lote A, HOIE g+2 2R
St 220 MESH HatekE2 =0l= A 0IRUCH 0] OLOICI X = Ol = Mixture of Experts (MoE, Shazeer et al., 2017)
E NG Google2l Switch Transformer (Fedus et al., 2022)0 Al 1 Htel0IE R 22 & & & UL adaTTE “O
o SHS 43S 240001 OftLlet “H™ EHA TS| XIAZ MO|E ARIIPE ZHEZ ZHE e HOlM,

Conditional Computation®| EfA 3 =& & 0[ct] & =~ UL

HEX ABYS RE A0 O

ol

HSst IHSX WE HEZS8H
b
Conditional Computation2 =21 0l 2t J+S X KA JF H &t

HIIM 22 c= HADID, 88 E4d, 8fs EH S G&e &30t 2 = ULL

0.3.2 Hypernetwork 2+ 2| 2t |

Haetal, 2017 9| Hypernetwork= “UIER 30t CHE WIE A2 IIEXIS M& BT HEO0ICH adaTTE O OF
OICIOIS BEote B8 o2 2 & ULk

A AHE HH

Hypernetwork2| & 44, Ha, Dai & Le (ICLR 2017, “HyperNetworks”) = “2 & Ul E® A (hypernetwork)Jt 2 HIERI 2
(main network)2| JISXIE A& MAHSHC= IHEHQI OLOICIHE MIHHCH 29 |2 ME8H0|UCH—

& XH(genotype) It & H=E ZHot= 0| OtLlct HHE &4 25 HMH H8 & (phenotype)S 2= LH =
2 X &, hypernetworkJt main network2| I 2t0lEH E 2tE X 2 2 2 SHCE 0] IH 2 CH Y 2 0| & Task-Conditioned
HyperNetworks (von Oswald et al., NeurIPS 2020), LoRA (Hu et al., 2022)2] M3 3 HS S22 0| B L. adaTT=
hypernetwork2| 2 IS Xl M4 (4 gradient RALECtE 2= S22 M0l JISXIE 286N IH2t0IH 284

= =Uztet AS0IC

=0 Hypernetwork adaTT

ISR 44 EX UEADN IH ISK dd gradient RAF=JH 80| IS X 2 &
= EHAZ 2HIE ®H EH A3 E gradient HH

otetole == 2 (MY UERI XHIE2) 2 (n2 MO0l #E + prior)
= st 2 & EMAZ WitE &3

adaTTO| 844l &2 gradient NHS XA AS2 AREITHE 240/CH BIAD UMY 22 2T o &t IS
EE0| OfLih BT 8t AEHOIA =& Z=CS gradient BB O EJAT BHE BEFEICE 0l 88 SHH|0]
2 EHAD ZHH H5S X0 0] BHH & & AUC)

033 E1A3 A0l Diet0IH 22HS Z=at= HAHUS

UL Ol AT HSE DU A HAT LHIL e, = THHOIE Z2HHA BE FHS MEisls AB S 5}
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vveffective = shared + A(etask>

adaTTOI Al O] Y& S ol

BJOI Ol ItSK HE OII]. 2 EHA 3 0 CHoll & R, O = “Ef A 2 280 A
Hict= OHE AT 2S e

g

b

=

(i

0o

Task-specific Adaptation Z| &1 332 (2024-2025). EHA 3 LHIY 2 Z Ttel0IH S2t2 =& o=
2 0= & uol Xl 2 RUCE (1) Task Arithmetic (Ilharco et al., ICLR 2023): I} 21§ H & @ =9

|
El(task vector)E M=HO=2 Mot M 22 S S T 8ole LS MAIMCELHE SO &

B =52 - [0l £ 5”& 2 H4&H0| JHSGHCE (2) TIES-Merging (Yadav et al., NeurIPS 2023): Ct==2] task
vectorS HEIEY [ £ S=(sign conflict)S o ol= LN 2IESS MCHEULE (3) AdapterSoup (Chronopoulou
etal, EACL 2023): Ct==2 LoRA HERHEHE IS E 26t M2 EHA T 0l HS8HCH adaTTS M0l JtSX HE
R2 0|28t task vector X282 HAEXEAH0| ) SHOI HMOZ A& o UCH
FSHOZ = [, M0l b= Xt lossOll Ol Xl= HaF2:
VoS = Vo6, + N> w, VoL
P
0l &0l A )\E w;_,; VoL, = B AT 40 IS0 HU0IE &S +8ots 28 HWHOILL a0 =2 Hf
A3 59 gradlenth Z2IEXZ 00, 37 Tet0lEI 2 E HAD 25F0H KLl ez 0| SotAH 2t

=Lt

Ol ZlllME 2 M0l SEotes e =A== 2 0f FEHQIDLS] 2H B 0l A off & 8L

9i9;
cos(f, ;) = ———
(6:3) lgall - g,
et & AT gradientE DX S2t2| oA HZ M26HA
s AJl=loss2 EUHE Q2 EE LIEFHCE CTR lossJt 0.0101 12 LTV loss It 100001 & gradient 3| JF ==8F+ B Ct
ZCh
c 20 BLZ Wet0IEHE b H lossIt EHE=IHE LIEHHTH

adaTTO} 28 QUE S YBOICH “F BfATIF THRH0IEI S 22 YEO2 HIRD A UGHEIN TAIQ KALE
S HEQ I8 BASIGH0 &4 s UE U WO +HBCH Qo R22IS RIS AHZ5HY, gradient)t 2 EA2
20t KR O 2 2250 A WEH0l 220 E 20t YT D BEE 4 AT

Bt 48t
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DA SAIES| J|6ta A 2|0]. 2Xt& BHUA HEH a=(3,4), b= (6,8)2 M2A5tA 222 Hele |a—
bl =v9+16=52 ‘B0 HHSICL il F HH= 22 LE0ICH DA RAIE = cosf = 3448 = 50 -
1.022 “2A M| 22 Uek 0|2t MEotH SHASHCH J|otst MO DAL SAITE S HIEHS CHR(Ee 1
K& &2 )0l At (projection)8t F| AFUV A S =X Gt= 240t ZCH cos =101 0 =0° (22 &&), cosd = 00|
HO=90° (1, 22),cos6 =—101H § = 180° (B EtTH L&) OICt. gradient2] I J|= loss2 EHE AAH L0l 2
ZOHAIBH 252 “II20IEHE e B2 Z UH R Of lossIt EHE=I2te 228 FEE €1 Yoz, st
Ot H| Wdt= DAL SAFE O M ST
0.4.2 Softmax B st — & ZX2E &40ot= 0=
R, ;
exp( e )
wl—>] = R.
ppiop(3)

X &0l &a101BZ2, BHAT I sUHUE M0 &4 2 AL 0l L EGHCH 1600 EHA S
: | .
A e softmax9| Sda ot JtES Xt St LIHXIOF A 2tCE Ol= JtE &3801 &= eiA3
b

| & =
3. 0|2 Jt=4: hard argmaxﬂ &2l softmax= HEXHO0| W 012 Jtsot, 80| t=SX W (&5 Jts LHetilH)
9| gradient-based = & 3t Jt Jt S otC}.

Temperature T2 &= & &0l Bl R oHH:

s TIHHLSH (XII2H) 20| 2L = otLHe] BHA 0 & Sttt

cTH =CH(EHRXH) SEO JIMI &= 2E BHAZIN DEH SA&EIC

* T=102%H &t — HE0| RsHOBAT 2XE AL
S ]
Softmax &2 =&& . L& HH z = (2, 29, 25) 0l LHoHl softmax= o(z;) = g e**0ICH OIE S z=

k
(2,1,0)01H o = ;jef; ~ 13927210 1 (0.67,0.24,0.09) Ol Ck. Ol K| temperature TS X519 (%)L ECHLT =
0.50/H 20| (4,2,0)22 28 EHT O] ~ (0.87,0.12,0.02)2 2 =0l O ES56tLD, T =2.001H 0|
(1,0.5,0)022 S50 ~ (0.42,0.34 024)o§ Hol ZSHALCH =2FH2=2 T — 07 0] softmax= one-hot 2!
E;

El(argmax)0fl =85t 10, T — 000l Z2S X L0l = EICL 0| HE S SH A3 Boltzmann & X p; x € 5
OIA Sch2M, HIIA TE A X gal’&* 2% 0ICh
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4
o

0.4.3 EMA Z &3} — D f 22t
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>
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*a=0.9= “WH IA 90%E FAISHLD, M 2t=2] 10%8+ BFE S = SOl
* Ol EtA 2= & (effective window) ~ -1 = 100l SHLSHCE
c F E2 1082 AES IS BE A Hl%é soIt
of ¢tz H20| Ot EMAQID?
cHEET: 2= I H 2S00 SLEIISXE S0 s =012 (2 0] 8lE) gradient® S EHFA H &S 012 T
* EMA: X2 Z2=0 O 203X E S0 eA 3 2 2H DL sts S0l HolH 01 S W= H BrY SHLt
* 0l S 7 (sliding window): 8 &5t 21&< 2e|Jt ZR45H1) Hl2el &0l ACH EMA= AZfet otlha)2t2
£ S2s U E 445
st 4at

EMAS| M7 ZE 4. EMA A A, = 04, , + (1 - )GE B8 UGB 4, = (1—a) T "G, + at4,
Ol ECh 2 WA 2= C, Ml EEINSXE (1-a)!Z2, )t HESSQAAHZ Z2F)Jlois+Ho=Z 246
Ch.a=0.901H 1step 2| I}SXI= 0.09, 5 step &2 0.059, 20 step &2 0.012, 50 step 82 0.0005Z AtA! & Al
EICh Ol= Al X2l 0l Al TIR (Infinite Impulse Response) 1Xt M S L EH 2t H&5| 22 2X0/CHL 8 &
=E H(z) = T2 O|D1 ﬂq Fht= f,~ 22 D00} '—le(tlHI gradient 1 &S)E MHGHD H=T} Al
(I T ERA 2 J—Uﬂ)m Ch. i2el 2280l M &, sliding window B0l O(W) HI22I0t 2 28t gHH EMA
= ST AEH A, OfLERE Iﬁ’éa[ﬂ S0l O(1) HiR2lI2 S&EHLL

0.4.4 Transfer-Enhanced Loss — (2 E{ A Z 2 H IR D]

adaTT
LT = L+ XY w4
J#i

Az 0] A2 XS E= HE2Z HIRSHA
* LA KHAISl HE (A2 loss)
. Z#i w; ;- £ E HHAT S T (U1 S &dt
*A=0.1: =HS L0} A 2ZGHH 2Ot L X (10% 2HF)
Cw T TS O AZIEX (REE I8 ISR
A=0.10lct= B=HQ gt “AI| HEO 9025 RXIotH, 522 XAHS 10%2H BHESIC’= 210ICH
max_transfer ratio = 0.5 = “OtR2| £E2 £ AH0I2tE KNI B2 5028 T UGt HEX Lelte AEH
XIO|Ct.

0.4.5 Prior Blend — & 1t 4I0|EH 2 #&

Ryjngea = W+A) - (1=1)+P-r

H&: 0l =42 ZE B2 dili(Prior) 2t 2 M| Ol Ol E(Affinity) 2| 2| H S E&0ot= W E0ICH

* &5 X2J| (r=0.5): “CIOIEA It OFR S =FotLl, dBi 2] 2/ A0 X 4)= e BHH oA
* S5 28 (r=0.1): "0l Xl CIOIEI Ot =20l 22U, &AM 2= ZUE 90% & 2ot A
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0l = Bayesian F=&2| {4l Jc| 2t F &S| XIS priorIt 2 & = prior0fl 2/ ESHLD, HIOIE It SEdH XIS
likelihood(2 =)E [} EL}. Appendix A20A Ol 1S 2HE =StH2Z SHEHCL
St =8t
Bayesian =E°| J| = — AHE 2 X2t AIS 2 X, Bayes d2l= P(0 | D)= P(D | 9) - (—> ICt. GADJIM P(6)= Al
&2 E(prior) — OIOIEHE 20| Mo 230I1, P(D | §)= <= (likelihood) — It2t0IE It =H /S M GO
Bot 2= &E0|0, P(§ | D)= AtEE E(posterior) — HIOIHE 2 £ HHI0IEE LS0ICH S& HXIJIE
HZ SA MSoll “2H =S50 0.5 2X7ct= priorS Z 10 ACHIH 108 HH 78 2HO| LE2 S posterior It 0.5
S =2 &2 2 0|=8tCh I0IH 2t 100081 01 H posterior= H 2| 2= H| £(0.7)0fl ==& StCt adaTTUH A Group
Prior POt “At& 2 270] 1, gradient 2 A2l S ALE I “2= 0|0l & 70| 04, blend ratio r2| 22 It “OIOIE It & 0|

™ prior 2| &S E £ 2/ CH = Bayesian updating= 7 &

StCt.

| o5 &M LHMEIE —“S&otn, 460, ZEEY
adaTT2 &l &= 22IE Ml HHZE RU0HH = & (Measure), & &(Select), =~ = (Regulate) 0| Ct.
1. =&F: 00 N stepOtCt 2f EfAT 2| gradientE FE6t10, DA SAIE 2 EHA T 2 S E S H A EHTHEMAZ
LOIZ2E ZAHU0 tEEOl ot e AS S XISHCH
2. 84 XSS A D Group PriorS &6, negative transferE Xt &8t I, softmax® & 736t M0l IS X
wS 2EECL “S=F0H = 2 IPE HI0IH JIBteE Z2Fot= A 0ICH
3. X&:3-Phase AHEZ JH0|°| ZE2 AIEE MOEtt & =J|0l= 2t &8t 6t )(Warmup), SEHll= S &
O 2 0| otH(Dynamic), FEH0l= ¢t E H S 2o )& & Ct(Frozen)
Ol Ml &HHIDF ZEHEI 0, 1600 EHA DL M2 2| &5 2 Haliohh XCHME AS B&X Oz &St MEHE
& et
DE B vs BSE BRI 4 X0
D EAREHATII L2 WEE SRECL SS0| LM B £ QUL
HZSE Bt (adaTT): “SE HA TN 22 UES SFOLE, S FF0UH SS0| Z =K AL Z SHOH,
ME22 2t 2 XHotH, RS XAt AEHMOZ MY S0
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1.adaTT 2 & & H &S

Jol

e &) 2 H|: Multi-Task Learning®| Negative Transfer

Ct==2 EHAIE GtLI2 HIER A= SAl 556t Negative Transfer )t 2488 o= QUCH EHA 3 A2 gradientJt
EH A3 B2l gradientt BHOH et [, S5 LtctOIEl SOI0IEDL & E AT ds5E SHAIITAH GE B

= A3tAII|l= S&0ICH 16 EHATE SAl St5ote 2 AMAZ0AE 0l 2 X S0l & 2ot

| 1.1 2 Adaptive Task Transfer®! Jt

2 T 2 M E 9| Multi-Task Learning (MTL) O} |1 M = 1691 &4 EHA T E SA

0l 8+& 8L CTR, CVR, Churn, NBA
S N2 UEHIZUA SEE I8 EfA T S0I Shared Expert IHEI0IHE SR0tJ| 200, EHAD 2t ASE=
2 MoKl 2™ st&0| =3 i &ICH

PS
=

i

SIS

—

Ja
e

=y
— g

Ct

0lo

I 2 C:

ro

K

& JIE Xl (Fixed Weighting): 2t EHA U =S 22 IS XIS £ & Kendalletal, 2018
* GradNorm: gradient 2 J| J| 8t S & J}EX| Chenetal, 2018

* PCGrad: gradient = Al At&(projection) Yuetal, 2020

0
on
>~
b2
i
0

Ct. adaTT= gradient cosine similarity2 EfA 3 2t StEE

=
—
OlE =&&tlh.

un

ro

an

[ >

|U

0 1Y
30

>

H
b1
o

N

A AHA B H

MTLO| A Task-specific Adaptation2| & & At. Multi-Task Learning2| JH & & Caruana (1997, “Multitask Learning”)
2 HAsd St =] 0l & & Hard Parameter Sharing(E& % & + EHATE 6| S)0| =FA2LE EHA T 2t
2HE 2HItRESEoz B ACH 0l Z ol ZolI| 26l (1) Cross-Stitch Networks (Misra et al., CVPR 2016) — Ef
ADJY HESRD &8s A8 Z &, (2) MTAN (Liu et al, CVPR 2019) — Attention® 2 B3 LI Xl A EHA T T
X & &4, (3) PLE (Tang et al., RecSys 2020) — Expert & ¥ 2 ZR/& & =2l S0l YAH AL adaTT= Ol HEONAM
gradient XX S EfA T 2 AS 2 AESHCHe B0AM XHESHEICH

b

PaE=

(-

0%

2024-2025 Task-aware MTL Of 2|81 Y E2 =, 2|2 MTL ¥ 7= 3 H Al 2&2 2 X3totD JUCH (1) Gradient
Manipulation: Nash-MTL (Navon et al., ICML 2022), Aligned-MTL (Senushkin et al., CVPR 2023) S 0| gradientE I}
dE A LSFOZ ALHS= LS M OHSHH, CAGrad (Liu et al., NeurIPS 2021)= X2 EH A T Q| gradient 2 &
£ B2 &SICL (2) Task Routing: Mod-Squad (Chen et al., NeurIPS 2023)2 2 Ef A3 J} Expert MEAIS S& M=

ol PAE MOt 1D, adaTT2| &GS J|EH & 0| 2F & 2 X 0| Ct. (3) Foundation Model AlCH2| MTL: LoRA J| Bt
EHATE HHE (Hu et al, 2022), MTLoRA (Agiza et al., 2024) S2 HU L2 U A HI2t0IEH 228 A3 S
= B} adaTT2| gradient cosine similarity J| Bt & 22 0|48t HEH 2t LRE WS & & IS8t

12



adaTT Jl= 2 XA AlOps =& A28 - v10

| 1.2 8441 00| Cl Of

adaTTS &2 M X2 Ref=Ch

1. Gradient Cosine Similarity: & Ef A3 9] gradient 2&F0| 2 2™ positive transfer, 2t 2 negative transfer =
s

2. Group Prior: SO Q! XA J|BIQl EHA T & A E priorE EE6I0 &5 =

3. 3-Phase Schedule: Warmup — Dynamic — Frozen &t H Z Z3tE S8 - HE - 1

A A adatt.py & Al (477 lines) — AdaptiveTaskTransfer ZcfA

Phase 3
Frozen
&0l Jr=E A

OIMZE etd 5t

Phase 2
Dynamic

Phase 1
Warmup

warmup_epochs freeze_epoch

=}

Prior + Affinity
0| IFS X

Group Prior 8 &

Zste =0t

18! 1: adaTT 3-Phase Schedule {2

| 1.3 Al AE LY S X

adaTT= PLE-Cluster-adaTT Ot2| &1 X 2| forward pass = B0l 9/ X|&Ct. Shared Experts — CGC Gating — Task
Experts — Task Towers =AM 2 W Fgt0| MAE =, 2 EHATS| EA 0] HAEH adaTTIH EHA T 2F HO| =4
£ FItstih

Shared Experts

Task Losses

- transfer loss
gradient ==

adaTT

Transfer Loss

2128 2: adaTT2| forward pass L 2| Xl ( ple_cluster adatt.py:1290-1319 )

13



adaTT Jl= 2 XA AlOps =& A28 - v10

2. TaskAffinityComputer — 28 &l &5t & 0l Xl

TaskAffinityComputer = adaTT2 DBt L= 2, Ei A 3 2} gradient cosine similarity S Hl 4t SH 12 EMA (Exponential
Moving Average)E & 3t= 23t HH S K XISH

A A: adatt.py:58-143 — TaskAffinityComputer =¢2iA
| 213cHA X =013

# adatt.py:58-84
class TaskAffinityComputer(nn.Module):
def init (self, task names: List[str], ema decay: float = 0.9):
super(). init ()
self.task names = task_names
self.n_tasks = len(task _names)
self.ema _decay = ema_decay

# EMA 25t &g (st &¢8d)

self.register buffer("affinity matrix", torch.eye(self.n_tasks))
self.register buffer("update count", torch.tensor(0))

A & &4 register_buffer

affinity matrix £ register buffer 2 S8 0|R= 5 It XL} (1) state dict Offl Z&E MAECIE K
/=23 Al AtS 2el, (2) .to(device) SF Al AtS2 Z GPU/CPU 0| &. nn.Parameter Jt Ot buffer2 S =06t
(o]

O optimizerJt 0| HS S st A2 Z FSotkl #=Ch

841 A
tH IH =J|at =it
affinity matrix eye(n_tasks) EMA BE& EiAT 2t 2GS E 3 [nxn]
update count 0 EMA ZOI0IE &= (X YUI0IE A EMA A2 EE)

| 2.2 compute_affinity() 0 M =

C = 2F EHA 39 flattened gradient P E{ S 2H0F ARl SAIE HB S HAGHLD, EMAZ J|& &S E 2

Ct.

=)

il

x

rhn
oo
o

# adatt.py:86-138
def compute affinity(self, task gradients: Dict[str, torch.Tensor]) -> torch.Tensor:

# 1. gradient =& (& EBiA3= zero padding)
grad_list = []
for name in self.task names:

14



adaTT Jl= 2 XA AlOps =& A28 - v10

if name in task gradients:
grad_list.append(task gradients[name])

else:
grad_list.append(torch.zeros like(reference grad))

# 2. Stack: [n tasks, grad dim]
grad matrix = torch.stack(grad list, dim=0)

# 3. DAY FAE HE
norms = grad_matrix.norm(dim=1, keepdim=True).clamp(min=1e-8)
normalized = grad matrix / norms

affinity = torch.mm(normalized, normalized.t())

# 4. EMA 200IE
with torch.no grad():
if self.update count > 0:
new affinity = self.ema decay * self.affinity matrix \
+ (1 - self.ema_decay) * affinity
self.affinity matrix.copy (new affinity.clamp(-1.0, 1.0))
else:
self.affinity matrix.copy (affinity.clamp(-1.0, 1.0))
self.update count.add (1)

S
=
o
|>
U
I
[0}
]
=9
[¢]
=3
i
02
|0
Hu
=
ro
02
ne
Q
m
=
3
X
U

M Zoxz BE Mo DM SAIEE &t
Al

d 5 & - =13
Zk:l 9ik95,k = 9i " 9j = =
OF 0= for R L2 AOLCH A AGHH O(n?d) HAHOI n? B 2| Python SE2 E4HEI =2/ XIS 8 & torch.mm
2 GpuQol g “
C|

2 4 RS (CUDA cores)S 2E0H0 =9 il 2 Mel&tCh 1600 EHAT J|EC 2 16 x 16 =
25642 FALE

(&1._
=2
=

_,_
ol
E2

2! GEMM (General Matrix Multiplication) H £ &2 H| &HSHCE.

EMA 20HI0IE = BtE Al .clamp(-1.0, 1.0) 2 M Z5t(} (adatt.py:132,135) =& HO| EMA =& LHEUH M
SEALA-E QA 20 DM RAFEIH[-1,1] HRAE L= 212 & XISHC 0] clamping 10| arccos S
S HAS 2815 H NaNO| 2A s 4= QUCH

Zote #E A [-1,1]""=s HE #HOITHA, ;= A4;,).
e |0l adaTT &=
A i~1 Ust Ao RBE Ef A3 1, )2 gradient)t 22 Z& — H= MO
A, . =~0 =8 A3 2 2t I8 — 248 A0

15



AlOps =& A28 - v10

Negative transfer 2f X| — & 0| Xt&

Ol DA RAE0IE22 &4k 10ICH

i}

16



adaTT J|& XA

3. Gradient Cosine Similarity ==& J| =

AlOps =& A28 - v10

SN Ol
- o —

ol

3.1

& B 234, 52 Shared Expert L 2tOIE 00 CH St gradientE 22t g, = VL, g; = VoLt

g. . g
cos(@i’j) == 2
lgill - gyl
g; € R%: Ef A3 ;2| flattened gradient ® £
d: Shared Expert 8 A| Ttet0|E =
| - [: L2 norm
TFEHUANE S8 AT TE AT A RASE St HOl HAHSHC

# adatt.py:122-125

norms = grad _matrix.norm(dim=1, keepdim=True).clamp(min=1e-8)
normalized = grad matrix / norms
affinity = torch.mm(normalized, normalized.t()) # [n tasks, n tasks]

clamp(min=1e-8) : zero gradient EH A 3 2| 0-division 2 Xl

| 3.2 EMA Z &5}

CH B XI 2 gradient= =01 ZJF A2 2, Al2H0l 2 HESHE ST E 2|
£ H&¢etlh

A =a-A,_,+(1—a)-cos(b,)

a =09 (=3t ema_decay I}2t0|E)
Ay R M 2SS D2 AFE (EMA =73}, adatt.py:134-135)

| 33 AR SAFZQID} (vs. R 22I1E HH2l)

DAL RAEE ALEotE Ol== Ml JHXICH

17

H o =0.9210f

a=0.9018 I 1004 2=2| Jt= B2 0l 2 AFSHCE (effective window ~ L = 10). 8& =D
OINSIEZ 2 =8 EL AHE L2 SHGHE, EHA T 2tH Dt epoch0fl et HE =~ U
U2 S AEHSHCH model config.yaml:601 (| Al & &. ema decay: 0.9 .

otH

| oHf Exponential Moving Average

| 0l = gradient)}t 2

2 UL EEH0IX



adaTT J|= & XA AlOps =& AIAE! - v1.0

LAY EHY: EHAT S loss 72t h2H gradient I & CHECH 2 AR RAE = 2HE0 HWSIEZ 0
Xolofl ekt X =0

2. 0l S0l [-1,1] HRE RSN “2S L& = positive transfer, BHC 2 &
& 840l Dt sStCh.

3. S8 A EAS F EE Z & HOZ O(n?d)0l H& 22

-

negative transfer’ct= & 2

Fifty et al, 2021 ©| Task Affinity & 720l Al & gradient cosine similarityS EHA T FAE SHS BE&E N HZ AME
SHCH

b

& S

(i

oo

Gradient |8t EHA T SAIE SFH2| F A& A7 (2023-2025). DA SALE 20l & CF2F St gradient J|BF X H
JF 221 ALY (1) TAG (Task Affinity Grouping, Fifty et al., ICML 2021): gradient L1 & 2| £5 B3} IHEH 2
Z A3 O EE S XS3H6HLE. (2) Gradient Vaccine (Wang et al., ICLR 2021): gradient S Al D AQI | A
SOl JIBtet 22 MBS B =060 PCGrad 20 M2 & M E & & EtCL. (3) Conflict-Averse Gradient Descent
(CAGrad, Liu et al., NeurIPS 2021): 2 A2l RAIEE Z A3 HACZ A0t LE EHA T 9| gradient 2t Z A 24 &
£ zlHslote =& Y& S =L (4) Nash-MTL (Navon et al., ICML 2022): Ef A 3 2t Z M S Nash & & 2

gradientS 7 8tCt adaTT= Ol SUHA SAIE SE + HE8A MO|E 26 &2

sS4 | =
SN EES EelEt 25 A0 ZEOILL

&

|_

-

40

| 3.4 Gradient =& & =2

ol

gradient= ple_cluster_adatt.py 2| _extract_task gradients (i M =0lA =ZE &L} 14 2 Shared Expert I
2tOIE Ol CHOH A ©F gradientS HlAHSHCH= 2401 L.

# ple cluster adatt.py:1871-1903
shared params = list(self.shared experts.parameters())

for task name, loss in eligible:
grads = torch.autograd.grad/(
loss,
shared_params,
retain_graph=True,
create _graph=False,
allow_unused=True,
)
grad_flat = torch.cat([
g.flatten() if g is not None else torch.zeros like(p).flatten()
for g, p in zip(grads, shared params)
1)
task gradients[task name] = grad flat

retain_graph=True2| Z 4

retain _graph=True = OF2| &l X Ak HA 2J}otCh (ple_cluster adatt.py:1865-1868 ).

_extract_task_gradients = forward pass & (loss Hl &t =, backward() &)0ll SE &0, =& 8 computation

18
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adaTT J|& XA

graphS Trainer2| loss.backward() Ol XHAtE0HOF &StCt
RuntimeError: Trying to backward through the
0l &248tCt.

graph a second time

| 3.5 torch.compiler.disable Cil 2 2{l 0| &

# ple cluster adatt.py:1847

@torch.compiler.disable
def extract task gradients(self, task losses):

torch.compiler.disable H|2d0|E 2 0| KA
. AlHI 2% torch.compile XtAIDJ} HI

X 0ICH

=3
=

(=)
SEYHNOZ NgE

OJIM graphE o MIGHHA

ASEE O UKL (trainer.py:177),

AlOps =& A28 - v10

backward() Al

9l torch.compilelil A Xl 2l 6t= It
torch.autograd.grad = 20t = = LH Ofl A requires grad =XQ| =2 MG
CEZME dciE HOIM 2 HGHH gradient FE0| & &S
= 243 Al



adaTT Jl= 2 XA AlOps =& A28 - v10

4. Transfer Loss Al &F HIHLI S

compute_transfer_loss() = adaTTO SHAl HIAERZ, 2 EHA TS A2 &40 CI2 EHAIAZEE 9 HO| &4
2 JhASHCH

/A adatt.py:283-353 — compute transfer loss() OAE

| L18H 34

2t Ef A3 0l CH S Transfer-Enhanced Loss:

LT = L4 XY w, ;- &
i

L AT i8] &2 &4 (focal, huber, MSE S)
A=0.1 (0|23t transfer_lambda I}2t0|E)
i EHA 3 0l CHEE EHA T 52 MOl JFS X (softmax & 173t

w.

Ol =A12 “2t EH AT XHD| A2 TossB 2= 2101 OtLlet, AstEIt =2 THE EHATL] Joss L2 6
Che XS Zetth A =012 UE BHA32 2AS 10%2 BHASRAL = 01D, w, ;& “F72 AHAS O =
S AeIPE Z2HeL M2 X2 Z, gradient HE0| HIxet EHAI L +F IISXIOt =0 MZ22 S5 JtS

| 42 TO0I =S A A ALA

Ol HER w,,,= 0 2

va

o 2 0ICH

# adatt.py:355-396 — compute transfer weights()
raw weights = self.transfer weights + affinity #

Jon
i}
o
or
+
K]
tol
H

# Group Prior Z& (annealing)
raw_weights = raw weights * (1 - r) + self.group prior * r

# Negative Transfer Xt&t

raw_weights = torch.where(
affinity > self.neg threshold, # -0.1
raw_weights,
torch.zeros like(raw_weights),

# 02& 0 (K21 &ol HMel)
raw_weights = raw weights.masked fill(self.diag_mask, 0.0)

20



adaTT Jl= 2 XA AlOps =& Al AE
# Softmax &3t
weights = F.softmax(raw weights / max(self.temperature, le-6), dim=-1)
sExoR,
R=W+A) -1—-7)+P-r
R, ;<0 if A, ; <7
R,;=0
’LU,L_U = softmax T’
W:st& Jhs8t 80| DS X| ( nn.Parameter | 0|2t 0)
A:EMA &letc e
P: Group Prior &#&
7: Prior blend ratio (PhaseOfl ((t2} B13})
Tneg = —0-1: Negative transfer Xt & Hl gt
T = 1.0: Softmax temperature
A Al Xl D}
T/ e
Ol ==4l2 M0l JISXE 2&ot= 48t H WOl 2l S L&t BN &5 Jtset JIsXl w2 S8& &3
AE g4tot, SHQl XIAl(Prior P)dt E8tHCH et S “oH 22 HO0I"E 022 X6, M| KAHe&l2 H
8t 5, softmaxT &E 2EE 2ECH HBAHCZ “OIOIE MM =8 EHAT 2HH + _._[H|°._| HZ2ItS AtE
|

l 4.3 G-01 FIX: Transfer Loss Clamp

4l

Transfer loss It & & lossE XIiGHAl 2 == HI2 HISt0| HE&C

r

# adatt.py:346-351
raw_transfer = self.transfer lambda * transfer loss

if self.max_transfer_ratio > 0O:
max_val = original loss.detach() * self.max_ transfer_ratio

raw_transfer = torch.clamp(raw _transfer, max=max_ val)

enhanced losses[task name] = original loss + raw_transfer

max_transfer ratio = 0.5
Ch (adatt.py:191). O| HISt &i0| &

Sts 20l == or

Transfer lossJt & & loss2| 5022 =& = 9
Ol == [ transfer loss )t AHE S 2 ﬂfEﬁU‘H HAH a5 Ye

T =2

St clamp & Al gt0| gradientfl & &

21

iginal loss.detach()

-vl

> o

.0

H

SotH & EHA A2 lossIt

O, m o

E A

=4

(=)



adaTT Jl= 2 XA AlOps =& A28 - v10

| 44 Target OIET EHA T OtA2

—

2= X0 2= EHA T2 targetOl U= A2 OtLICH. TargetOl &l= EHAT = MOl JIS XA M2l =T

# adatt.py:321-334
loss_list []
loss mask = []
for name in self.task names:
if name in task losses:
loss list.append(task losses[name])
loss_mask.append(1.0)
else:
loss list.append(torch.tensor(0.0, device=affinity.device, requires grad=False))
loss_mask.append(0.0)

# ...
masked transfer w = transfer w[i] * loss mask tensor
transfer loss = (masked transfer w * loss_tensor).sum()

2 00l Ol OFA=

1]

At

00
ol
rr

—

=

Et2=35] 0.0 lossE £ 2™ softmax = oHE IS X 00| & X £ =Lt loss_mask_tensor & &0t Y 80| &
2E M| XtetetC Ol= BHXI E 2 targetOl JPHAE QI MBS A(SO| HIEA EHA ETH AlOIA - GHCY

22
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AlOps =& A28 - v10

5. Group Prior /1 2
Group Prior= 1! XIAIS 451X prior® QIZE B #OICh Bt 2010 B AT 2 WS B3 SHE

JI &AL el Hel &0

A adatt.py:256-281 — build group prior() OHAE

| 5181243 18 "o

model config.y

3

]

engagement
lifecycle
value

consumption

inter group stre

' 5.2 Prior

# adatt.py:
def build

aml:611-628 0| A 47 D E0| & =IC}:

2 intra 2 & Bl Z=L) 2 2|

ctr, cvr, engagement, uplift 0.8 DM EO/ME 2
churn, retention, life_stage, ltv 0.7 ELN NSy niE]
balance_util, channel, timing 0.6 DHIIX/BHE HE
nba, spending_category, consumption_cycle, 0.7 AH IHE 24
spending_bucket, merchant_affinity,

brand_prediction

ngth: 0.3 — ]S 2t 0| 2%

rr

E (IS DN

2 74

OolI

256-281
group prior(self) -> torch.Tensor:

# 1. 8 2t &0 2&E2 =JI5

prior =

#2. 1S

for gro
str
ind

torch.ones(self.n_tasks, self.n tasks) * self.inter _group strength # 0.3

S W &0l 2= 2F

up_name, members in self.task groups.items():

ength = self.intra group strength.get(group name, 0.5)

ices = [self.task names.index(m) for m in members if m in self.task names]

for i in indices:

# 3. O

for j in indices:
if i != j:
prior[i, j] = strength

2t =0 (X1 A& &0l 8lS)

prior.fill diagonal (0.0)

# 4., A

et

row_sums = prior.sum(dim=1, keepdim=True).clamp(min=1e-8)
prior = prior / row_sums
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adaTT J|= & XA
8 M735t9 90|
M AgtE 2 A U2 EHAIZ22H g M0l IS X9
E DKM, A 0l R23HH MOl 2T E L2EH = KISHCH
' 5.3 Prior Blend Annealing
Prior blend ratio r2 &5 Mali(f et S8 EHO 2 2 A8t

7“(6) = Tstart — (Tstart - Tend) - min (

Teiary —\0:0: J| prior H| € ( prior_blend start

Tend =

it
Cw armup* Pwarmup =S = 0‘” =

freeze Al 2 Ol 223

Creeze*

e —

Cfreeze

SN R
Ol 412 “8t&50| MBSAZ SO M2IES ALE XIAI(P) T
HSTE O ARSI 22 BT 0l 050 M 012 2 A5H

OIE} HIZ0l 50%0 M 90%2 SOILICH MRIXOR, Alel AFIO| HS
20| XD BE(BE)S M 2= 2D 20

SI=}
2 =

=

e

= *prlor ng( prior_blend end , model config.yaml:608 )
=

gt o|&

AlOps =& A28 - v10

12 HEC) 0= softmax 2t S AFSH & 1

model config.yaml:607 )

, Prior

warmup

- ewarmup

==C =
=

-

,1.0)

=0/,

ATl Gl ol & 01|/H 2=5t
HI S0l 50%0 A 102 2 =
Ol = &bl 2 A Prior)0fl 2 =5tCH}

Ol annealing® Bayesian 2 & 0| A prior0ll Al posterior22| &2 =2 SHAE =~ UL &5 ZI|10= GI0IE It
Z0t2 £ domain knowledge (prior)0ll 2/ &0t1), GIOIEI It =X E =5 St& & gradient J|BF 3t E (likelihood)E
A2 BHCY.

AALE HH
&6t= OFOIClI 0 = Thomas Bayes (1763, AtE & ZH) 2} Pierre-

- ~
&g ZE=S st A

HOII

Bayesian Weight JH'Z 2| J|&. Prioret CIOIHE
Simon Laplace (1812, Theorie analytique des probabilites) 2 H=cd Sct2tCt.
2 MacKay (1992, “A Practical Bayesian Framework for Backpropagation Networks”) 2}t Neal (1996, “Bayesian Learning
for Neural Networks”)O| &1 2 XtOICt. & O & A & 0l M= DropoutOl 2 AFE Bayesian inference 2 ol & & 1) (Gal &

Ghahramani, ICML 2016), Weight Uncertainty (Blundell et al., ICML 2015, “Bayes by Backprop”0| I} S X| 2| £ &4l
& 30|t — = Bayesian

20l Bayesian

AE HE 3580 adaTTS Prior Blend Annealing2 0] 24 8t Bayesian 8 S2| A 8X &

posteriorS F=E0}t= 44!, blend ratio r of Lt 2 prior-to-posterior 8 2= 2 AF&HCH.
r=05 Phase 2 Al &} M 2EA Phase 3 &l & r=0.1
Prior 2 Tstart — Tend Affinity &1 2
Z1& 3: Prior Blend Annealing A H =
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6. 3-Phase adaTT Schedule

adaTTE Sf&2 M HHZ 2E0t0 et

Jh
0!

ot MOIE MIOIEtCh.

A A. adatt.py:298-313 — compute transfer loss() LH Phase 27|

o AFE

a5 ANEEY HE. “&€52S HHEZ L5 ML= OLOICIH = Bengio et al. (2009, “Curriculum
Learning) Ol Al MAHISEIJACH — 2 HHFEH HAR2 OIH =22 &0t 2SS 450] eafeElis 240]
Ct. Ol OtOICIH= (1) Pre-training + Fine—tuning (Erhan et al,, 2010), (2) Layer-wise Training (Hinton et al., 2006,
Deep Belief Networks), (3) Warmup-then- Decay S5 8 A E (Goyal et al, 2017) S22 =& & RULH adaTT2| 3-
Phase(Warmup — Dynamic — Frozen)= 0l 8&& Ei£3 2F O[Ol HE&F 20|+ Phase 10l A EfAT 20|
£ 2t# 0t (curriculum®| “EfA8” CHA|), Phase 20l 2t HE 2 E0tH(S S 2X), Phase 30l A 2FE 3} 5t Ch(fine-
tuning2| “0&” &HAH)).

| 6.1Phase 1: Warmup (3t =

I

Heh

# adatt.py:300-304
if epoch < self.warmup_epochs:
if task_gradients is not None:
self.affinity computer.compute affinity(task gradients)
return task losses # = &4 =z gH&

Phase 10l Al = gradient cosine similarityS H &HotO ot B S SHGHE, M0l =42 FOM6tAl 2= |2

task losses £ B & Q10| Btat&tLt.
* J|2t: epoch 0 warmup_epochs (X2 & & J|E 10, HIAEE 0)

s SM. Z2¢ ESE UOIH =& 80| 80I= Al &6HH random transferE & &0| 2 A G &I CH

* & &: model _config.yaml:598 — warmup_epochs: 0 (HIAE) Z2E & A& 10

| 6.2 Phase 2: Dynamic Transfer (S% & 0l)

# adatt.py:311-317
# Phase 2: S& 0|
if task gradients is not None:
self.affinity computer.compute affinity(task gradients)

affinity self.affinity computer.get affinity matrix()
transfer_w = self. compute transfer weights(affinity)

Phase 20l = OH stepOtCH ZotEE HUOIESHHM SAINH &0l &4 HEZSHC Prior blend ratio 70|
prior blend start (Jl A| prior blend end 2 & & 2+ ASHCY

g

U

2+ warmup _epochs  freeze epoch

|
« & Jls Wet0lE: self.transfer_weights ( nn.Parameter | adatt.py:229-231)

25
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* Prior blend annealing: r 8t0] 0.50| M 0.12 2} 4 (adatt.py:373-379)

| 6.3 Phase 3: Frozen (O}SX| 1 8)

# adatt.py:307-308
if self.is frozen:
return self. apply frozen transfer(task losses)

Phase 30l Al= &0l JtSXIE 1D&GHLD O 014 gradientS HAHGHAI =Lt _apply_frozen transfer Of A
) Ct

=
transfer w[i].detach() £ AlZ&tCt (adatt.py:425),

« J|2t: freeze_epoch &t& =2
* & &: model_config.yaml:599 — freeze epoch: 1 (HIAE) Z2<9d HE

* S 1} gradient H & QB0IE XA, sts HE S

-

28

H-6 & 35: freeze_epoch > warmup_epochs

adatt.py:219-223 (J| A| freeze epoch <= warmup_epochs Q| ™ ValueError £ 2t A|2IC}. Phase 20} & A
SISE MSEILES JOIU BHEE X XS Z,adaTTE ALE0H= 20|10t AN ELCH Ol 22 EE 2
Xt EtStC

i
% o

| 6.4 Phase &2 E2/J{: on_epoch_end

# adatt.py:431-452
def on epoch end(self, epoch: int) -> None:
self.current _epoch.fill (epoch)

if self.freeze epoch is not None and epoch >= self.freeze epoch:
if not self.is frozen.item():
self.is frozen.fill (True)
logger.info(f"adaTT: &0l JIEXl 1& (epoch {epoch})")

fill () AFZ 018

self.current epoch = epoch X & plain tensorE MY SIH register buffer 2 S=E buffer2t2l HZO0|
ZO&AICE fill () 2 in-place BOO0IEZ state dict, device 22|E R XIStCL is_frozen & Dt&EIIXZ
fill (True) E AIESHT} (adatt.py:441),

ol
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7. Negative Transfer 28 X| & Xt &t

S EHA 39| gradient)t BHH 2 &S JtelZ M, 3R HtetO0IE 2 HOI0IED & EHAS 8sS HEGHHAM T
E A3 9 85 MotAIZI= &4 0ICH

@

rstoz

0.

Jel
s
!
=

€ S0 CIR (E& &) Churn (0l E E)2| gradientIt B ZH&F0[2tH, CTRS W& ot=
o

Churn 0| £ & 50| &t st Ch

| 72 XS HHUS

_compute_transfer_weights() Ol Al &S EIJF L H Bt 013+ MOl B2 E 022 XHHSHCH

# adatt.py:383-388

raw_weights = torch.where(
affinity > self.neg_threshold, #
raw_weights, # =X
torch.zeros like(raw_weights), #

0 0therw1se

RM:{R A > T

T = —0.1( negative transfer_threshold | model config.yaml:600 )

4 Al X B

0] =412 LE2| HOIEOICE ASEI AHUMEL =W MO HSXE AUHZ SHAIIID, EeH ez &
M XSS M2AM o2 “Liet Bl geto 2 Ji= AL TAH2 Ot0l EXl Z=Cr= ™ E X 0| C

2l -0.101 S H gLl It (001 OtL)

DAIQ SAIE 02 “R W7 (PZ)E 9050, A2 SO ABE LOIXY & ACH —0.12 LH510 %5t SO
MBS {851, Y2 YT YE gradient?  SHEFBICH 21202001 0018 1 BHS F0| 220} KHEHSIOf adalT
o &0t % &HE T

24 S8

Negative Transfer 2 3 J| & 2| X| &l &3} (2023-2025). Negative transfer & Ml = MTLS| &1 &) HHIZ2 & 26| H P
|0 ALY (1) Aligned-MTL (Senushkin et al., CVPR 2023): gradientS 3 & ot2f 2 & (common descent direction)
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5 5
2023): t5 &5 HAIE SH 22 Zel(fork) M CHIF & &t (merge)dt O negative transfer #2t= Ats 2t X SH1)
2| 1] tC4. (3) Auto-Lambda (Liu et al., ICLR 2022): &2 S A0l 4 2 meta-gradientZ2 EHA T JISXIE s =&
OF 04 negative transferS 2t E X 2 2t 5t8tCH adaTTS| & H 8t J|EF X EH(7,,,, = —0.1)2 OIS0l Blo A&t HIS
0l 26l YoHANT SUHEO|I2t= BU M &2 &= O0|C = HSE AR,

o
H Ol ek Z2&)0ILE soft gating(binary XtEH CHAI HER 284S DAe &= QULH

o2 HEotE, tHAIE JIHEE EZ=ot= st AAE JIEH S M CHULCE (2) ForkMerge (Ye et al., NeurIPS
t
_I

=2 SFA
Theg = st& o

a4

| 7.3 Negative Transfer &I & API

# adatt.py:460-476
def detect negative transfer(self) -> Dict[str, List[str]]:
affinity = self.affinity computer.get affinity matrix()
negative pairs = {}
for i, task_ i in enumerate(self.task names):
neg list = []
for j, task j in enumerate(self.task names):
if 1 !'=j and affinity[i, j] < self.neg threshold:
neg list.append(task j)
if neg_list:
negative pairs[task i] = neg list
return negative pairs

BtSE Ol Al: {"churn": ["ctr", "engagement"], "ltv": ["brand prediction"]} &EIZ T EHA T A A

negative transfer Jt Z X =l A =X QI == UL
| 74 X0l BH&0 OIXl= &

Ak

ot
ol
i~

Dl
L
g
Jd
00

Negative transferJt U= EHAT A0l A2 2| lossE SIHAIFH &5 24HE

DB XHEF (7,6 = 0) e M0l B2 X — adaTTIOH AR & HIE A 3}
HES X (1 = —0.1) Y &t 5t negative transfer2t Xt S&/LAH M0l 74X
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8. 2-Phase Training Loop

Trainer= &M &5 S S i Phase2 7 =E 8Lt adaTT= Phase 10l Al BF £ St & [H, Phase 20l M= HIEH 5}
=1

A trainer.py:456-542 — train() O AlE, trainer.py:580-654 — _train_phase()

' 8.1 Phase 1: Shared Expert Pretrain

J

|2t: shared_expert_epochs (J|& 15, model config.yaml:793)
FS Ak 83l 22 — Shared Experts, CGC, Task Experts, Task Towers

* adaTT: & &EH — gradient == L transfer loss &

1o

X 52

# trainer.py:483-488

logger.info("=== Phase 1: Shared Expert && ===

self. train phase(
train_loader, val loader,
max_epochs=self.config.shared expert epochs,
phase name="phasel",

Phase 10| 2L1H adaTT= S=¢ &3 & UIO0IHE &8t AEf0ICH freeze_epoch O] Phase 1 LH 0l ! 2™ Phase
1 EBH20IA 010 DFEXIDF DE S

' 8.2 Phase 2: Cluster Finetune

J

|2t: cluster_finetune_epochs (J|& 8, model_config.yaml:794 )
st & 224 A S Task Expert A Eoi =6t

* adaTT: Ul & & 3t — Shared ExpertJ} frozen0| 2 2 gradient & £ 2| 0|

# trainer.py:493-496
_adatt backup = self.model.adatt
if self.model.adatt is not None:
self.model.adatt = None
logger.info("adaTT HI2&3t: Phase 2 (Shared frozen2zZ Zlst: 25)")

2} Phase 20il Al adaTTS H| & A 3tot=0t

adaTT2| gradient= Shared Expert Il 2t 0| £ 01l CHoH Al &HE! CH( ple_cluster_adatt.py:1872 ). Phase 201l A Shared
ExpertJ} frozenO| ¥ gradientdt 00| S22 DAICl SAFE A A0l R2|0I0HCH 8t frozen Lt2tOIE{ 0l CHSt
autograd.grad SE2 =& 26t H A& U6l =0|CF

' 8.3 Phase & &t Al 2|4l

_setup_phase2() ( trainer.py:544-578 )0l Al C+S &t=0| 2|4l & Ch:



adaTT J|& XA

2l &2

oo

Optimizer
Scheduler
GradScaler
Early stopping

CGC Attention

AlOps =& A28 - v10

Ol=

Shared Expert frozen — S E ZJ|3t Z R (stale momentum 2 X|)
Phase 2 & & warmup (2 0| Z£L=, Phase 12/ 5 QI XA 2Lt HI)
AMP A e &EH =D|3t (Phase M & Al loss AL B3t

t

fol

best_val_loss, patience_counter 25 ZJ|

Shared Expert frozen — CGC gating= &M freeze

# trainer.py:544-578
def setup phase2(self):
if self.config.freeze shared in phase2:
self.model.freeze shared experts()
# Optimizer el
self.optimizer = self. create optimizer()
# Scheduler cl4! (Phase 2 && warmup)
self.config.warmup steps = self.config.phase2 warmup steps # 2 0%=
self.scheduler = self. create scheduler()
# Early stopping 2|4l
self.best val loss = float("inf")
self.patience counter = 0

' 8.4adaTT =& &

o

Phase 2 32 ¥ adaTT= oAl SRAEO (HWIAELUE/FE S2t4):

# trainer.py:504-508
finally:
self.model.adatt = adatt backup # 02 224 Al0%
if self.config.freeze shared in phase2:
self.model.unfreeze shared experts()

finally SS22 ZM 02 €4 Al0E 22 eI L2 & H F A=

[mm)
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9. Loss Weighting & f

adaTTS| transfer loss= J| & loss weighting M f 210l FIIH 22 S&6HC} =, Bl A =38 loss weight 2F uncertainty

weightingO| A HE &), 7] Z 100l adaTTE! transfer loss It It

A ple cluster adatt.py:1607-1845 — compute task losses()

l 9.1 Loss Al A IFO| ZE 24O

Sl loss HAH HZ:

- EHATE loss & & &: focal, huber, MSE, NLL, contrastive = ( ple_cluster_adatt.py:1656 )

- Focal Loss alpha/gamma & &: A E Xt8atE 24 2 A JHSXI (ple_cluster_adatt.py:1768-1780 )
- Loss weight 2 &: tHA Y D& IS Xl &£ = Uncertainty Weighting ( ple_cluster_adatt.py:1818-1830 )
Evidential loss Jt&H S2HAIM =X BX &4 (ple_cluster_adatt.py:1832-1841)

adaTT transfer loss: gradient J| 8 & 0| &4l I} (ple_cluster_adatt.py:1310-1316)

I

CGC entropy regularization: Expert collapse & X| ( ple_cluster_adatt.py:1321-1329)

l 9.2 Uncertainty Weighting

Kendall et al., 2018 ©O| Y}H

o

o

-

o
o

Ct:

PN ESH s

Uncertainty Weighting 2| Bt 2. Kendall, Gal & Cipolla (CVPR 2018, “Multi-Task Learning Using Uncertainty to Weigh

Losses for Scene Understanding”)= B 78 HIH A MEE 2 + 20| F&E + AABHA 2SS SAl S50t 2
MOIM, EHATYE IISXE == FYot= HIE S homoscedastic uncertainty2 A S3tot= 2 EIS MU CE
Ol OtOICIOS] &l 2 It Al et likelihood p(y | f(z),0) = N(f(z),0?)HlA —logpS FIGHH TtHAAYNA SL; -
ly — f(z)|? +logo EEHIL T, lossIt 2 EHA TS| oIt HXID BRI EHE= I 2 HAHLISOI 2t

&= XOICH Ol 2 01ZF =& AMAE MTLOIME E&EJIE22 Nel UL

o L, BEIDLIQEI— JtRAI 2 -2 H A K& 253yt 015 §E SACR2 8t IR2E N (g, 0?)
E 20D JIE6IN. S$BUTEIE py) = exp<—<y2 %>2)0|u 2o 202 5 —logp(y) =
0" 1 log o + constIt EICH 01JI A (y — §)201 loss L0l HYTIO R, cveishted — £ 4 log oIt RSAARN E5
& Ch o? = exp(log\_var)2 MIIt0IEI5H6HH logo = 1 - log\ var0I|S2 DES & W LXI&HCHL HUE L0t

2 loss2 JISXIJt &I, oIt £86| H M lossE 022 &tE= A S logo &3k 201 & XISHC

£weighted . 1

1
i _202£z+§log012
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0? = exp(log\_var;): EHA T 9| &t& Jisst 2 &Al Y
p 0.

log_var clamp: [-4.0, 4.0], precision clam 0] ( ple cluster adatt.py:1822-1823)

Ol =2 2880l =2 AT losse= K2 NEXNZ, =2 =HAH0| X2 EHA T2 lossE =2 IS 2 B
Etlh= S LEtC 2;25 B U & (precision) 2, o2t M IS X[ It ZOHRICH %logai2 st2 025 26tol 9|2
lossE 022 2tE= J_E|F5'é 2Rot= st HEEIOILHL 2RO Z “H f2= HA39 A0l 20otL,
& Ol= AT A =0l= e ZHolH” etsote ME0IL

Ol =Xl = adaTT O| M Ol S = L. =, adaTT2| task losses 2= (il = 0I0| uncertainty weightingO| Bt =l gt

| 9.3 EHAE Loss Weight & &

model config.yaml i E 2= EHAIE DA II=X|:

ENA3T weight loss type Hl D
ctr 1.0 focal (y=2, a=0.25) =
cvr 15 focal (y=2, =0.20) 24 HIE =4 — weight & &
churn 1.2 focal (y=2, =0.60) FN H| & =& — alpha &' &
retention 1.0 focal (y=2, a=0.20) AN HE =2
nba 2.0 CE 12 classes, HI 2L A SH Al
Itv 1.5 huber (6=1.0) regression, 0| & X| (S
brand_prediction 2.0 contrastive InfoNCE, 50K &
spending_category 1.2 CE 12 categories
LIH X 0.8-1.0 Crek EHA3E 40|

| 9.4adaTT2 Loss Weight2| &S % &

adaTT2| compute transfer_loss = 2f Ef A 32| loss weightJ} 0| 0] B &S & 2| task losses £ YO L =

Ch. (h2t A =2 loss weightE It &l Ef A T (nba: 2.0)0F CHE EHA TN H 2 ® 0| 20t E 0| &IC
A3

Olz &= SHOICHBIALIAMOZ SREHEHATL shs AIDE0I UOHE BHAI U S &M IIHE 0 0F 8L
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10. Optimizer ¥ Scheduler € &

A A trainer.py:220-334 — create optimizer() , _create scheduler()

l 10.1 AdamW Optimizer

# trainer.py:236-242
trainable params = [p for p in self.model.parameters() if p.requires grad]
return torch.optim.Adamw (

trainable params,

lr=self.config.learning rate, # 0.0005

weight decay=self.config.weight decay, # 0.01

mtetol e Jl=gt =h

learning rate 0.0005 M &5 E (model config.yaml:752)
weight_decay 0.01 L2 3RS LS

gradient clip norm 5.0 Gradient 37| X &t (' model config.yaml:780 )
gradient accumulation steps 1 A A B Xl = 16384 x 1

' 10.2 Per-Expert Learning Rate

Shared Expert0}tCt C+2 &

o>
nio

ISPS
=o

I
it

= = ULk

# trainer.py:249-261

for expert name, expert module in self.model.shared experts.items():
expert _params = [p for p in expert module.parameters() if p.requires grad]
cfg = expert lr config.get(expert name, {})
lr = cfg.get("lr", self.config.learning rate)
wd = cfg.get("weight decay", self.config.weight decay)
param_groups.append({"params": expert params, "lr": lr, "weight decay": wd})

Ol JIs2 model config.yaml:756-770 Off =4 Xcl& OAIZ MSEO, olOIHEE S2H0A

unified hgen 2 E+FOI 10| ZR06t1], deepfm 2 AUHECZ =S 2 WEH =3 & == UL

o
i
QJ
rr

Phase 20/l M 2| Xt= H 2

Phase 20l M Shared ExpertJ} frozen=| & requires_grad=False J} &2 2, create_optimizer Ol M off & LtctO|
BOt Xt 22 M2 C (trainer.py:250). 0l = =& 2 8t optimizer state Ml 22| 2 &S 2 XISHCE

=2o=2 o
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l 10.3 Learning Rate Scheduler

SequentialLR: Linear Warmup — CosineAnnealingWarmRestarts

# trainer.py:296-318
warmup scheduler = torch.optim.lr scheduler.LinearLR(
self.optimizer, start factor=0.1, total iters=warmup steps # 5 0Ol%3

)

cosine_scheduler = torch.optim.lr_scheduler.CosineAnnealingWarmRestarts(
self.optimizer, T O=self.config.cosine t0, # 10
T mult=self.config.cosine t mult, # 2

)
return torch.optim.lr_scheduler.SequentiallLR(
self.optimizer,

schedulers=[warmup_scheduler, cosine scheduler],
milestones=[warmup steps], # 5 0li= = cosine2=z &&t

Itetol e Jl2gt &9

warmup_steps 5 Linear warmup J| 2t (0l 23 &)

cosine t0 10 % cosine Z=J| 20| ( model_config.yaml:773)
cosine t mult 2 Z=J| B2 (10 — 20 — 40 Ol £ 3)

start factor 0.1

Warmup Al 2 LR = 0.0005 x 0.1 = 0.00005

| 10.4 Phase 2 & & Scheduler

Phase 2 Al & Al schedulerJt 2l A | 04, warmup2 2 (| L3 2 HOt&ICH:

# trainer.py:562-566
original warmup = self.config.warmup steps

self.config.warmup_steps = self.config.phase2 warmup steps # 2
self.scheduler = self. create scheduler()

self.config.warmup steps = original warmup # =&
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11. CGC-adaTT =J| 3}

CGC (Customized Gate Control)2t adaTT= A 2 CHE HIH LIS 0| X2, =2 &t Shared Expert UtctO|E{ Ol CHolf &
SOotEZ SI|30t 2+%F0|C}.

A ple cluster adatt.py:1921-1942 — on epoch end() CGC freeze =<J| 3t

| 11.1 CGC2ol ¥ &

CGCe= 2 EHA 3Dt ™ Shared Expert0ll ( attention
CGC= Expert & &S MO &HCE & BIHLISOI
o

& =+ UCH

o

&,
E

' 11.2 =J|3} & &f: = Al Freeze

adaTTS| freeze_epoch 0| M CGC Attention™ & M frozen=! C}:

# ple cluster adatt.py:1931-1942
# v2.3: CGC freeze -- adaTT freeze epochilt =D|st
freeze epoch = self.config.get("adatt", {}).get("freeze epoch")
if (freeze epoch is not None
and epoch >= freeze epoch
and self.task expert_attention is not None
and not self. cgc frozen.item()):
for param in self.task expert attention.parameters():
param.requires grad = False
self. cgc frozen.fill (True)
logger.info(f"CGC Attention frozen at epoch {epoch}")

N S A0l freezeot =}

adaTTIt 0| IHE X E DE M =0 CGCIOt H = & &0, CGCOt Expert IHE X E HE S adaTTIH SH S
St 2Ot R E3tEIC W E S0 adaTTIt “CTR—CVR positive transfer”ct 1) BHEHRH =0l CGCIt CTRE| Expert
HES HAGHH gradient 20| et DEE 0| IHSXIOHH Ol& SS0HA 2 = L

' 11.3 Phase 20| A1 2| CGC Freeze

Phase 2 Al & Al0l & CGCO} freezeE! Ct ( trainer.py:549-555 ).

# trainer.py:549-555
if hasattr(self.model, ' cgc frozen') and not self.model. cgc_frozen.item():
if self.model.task expert attention is not None:
for param in self.model.task expert attention.parameters():
param.requires grad = False
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self.model. cgc frozen.fill (True)
logger.info("CGC Attention frozen in Phase 2")

Shared ExpertJ} frozen?! Phase 20l M CGC gatingS & &6t= d S 22 0/6tCH & 2 (Expert

O2 gating 30| BEBS QU
' 11.4 _cgc_frozen & EH =&

# ple cluster adatt.py:376
self.register buffer(" cgc frozen", torch.tensor(False))

AlOps =& A28 - v10

£9)0| Btk E2

register_buffer 2 SE6I0 MAEQLE HE/S& Al freeze & EHI} RIS CH MLlowHl M & freeze O|HIE S

Z A StCt (trainer.py:604-608 ).
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12. {22 & A= &g

adaTTS| gradient =& 2 H| &t
82 x&s glol=

| 12.1retain_graph=True2| 022 F&

# ple cluster adatt.py:1865-1868

# G-04 NOTE: retain graph=True= OII|&XH & Z=

# 022l F&: n _tasks x shared param size.

# 1600 EiA3 J|E forward pass CHHl & 2x peak memory.

retain_graph=True

= H
EHA TN ol =X E2 2 SESEE, peak memory= forward pass CHH| 2F 2680 2 SIt8HCH

[SEN H2el Bl

Forward pass graph 1x (P1&E) LEHEOISISHME 22

retain_graph 3 J} Ix graphJ} off Ml &l X 220t =2t M2 2l

16 task gradients 0.3x 2t gradient= shared_param_size

2 2.3x RTX 4070 12GBOIl Al batch_size 16384 IS

' 12.2 adatt_grad_interval

L=<
=T

ﬂJlﬂl

gradient =& BIEE =0 A LHHIS

njo
rr
!
0
ﬁ
1A
ton

# ple cluster adatt.py:373
self.adatt grad interval = adatt config.get("grad interval", 10)

# ple cluster adatt.py:1299-1304
if self.training and self.adatt is not None:
if self.global step % self.adatt grad interval == 0:
task gradients = self. extract task gradients(task losses)

OH stepDH:F gradien tS =Z0tH 16 x autograd.grad SE0| LM 2etE= EMAZ BESIE B2, 10 step
PHE M O|Ct. grad_interval=10 @ 2 S & GtH gradient H & LHGI EJH 1/102 2H 4

ol oz 4
StCt. j| xoﬂ = warmup = O step == 0t 0 hang0| L MM ULt (ple_cluster adatt.py:1300-1301),

37

A 39| autograd.grad S= F 0% computation graphE Ul 22| 0l = XISHCE 16H



adaTT Jl= 2 XA AlOps =& A28 - v10
' 12.3 torch.compiler.disable

# ple cluster adatt.py:1847
@torch.compiler.disable
def extract task gradients(self, task losses):

S ZZ2MEWA torch.compile 2 HIZASIE O QUCH (trainer.py:174-177). 15-E§A 3 MTL + adaTT
retain_graph + dynamic shape 222 HYE Z W I =% IHH ol & epochlll 302 014 ARLED| 2
OICh. CHA! TF32 + cuDNN benchmark 2 10 15% S £ &2 &t

# trainer.py:170-172
torch.backends.cuda.matmul.allow tf32 = True
torch.backends.cudnn.allow tf32 = True
torch.backends.cudnn.benchmark = True

' 12.4 AMP (Automatic Mixed Precision)
Forward pass= torch.amp.autocast GtUIAl fp162 2 A HE Ch:

# trainer.py:709-711
with autocast(device type=self.device.type):
outputs = self.model(inputs, compute loss=True)
loss = outputs.total loss / self.config.gradient accumulation_ steps

adaTT2| gradient ==& autocast LHOIAM Ol X X BF, focal loss H&HE float322 FBAIH2 =2 IHAE ST
(ple_cluster_adatt.py:1774):

# ple cluster adatt.py:1774
p_f = pred.squeeze().float().clamp(le-7, 1 - le-7)

M-2 + M-3 FIX: fp16 focal loss 2t & &

fp160il A log(le-7) = -16.1 2 HA&HO|X|BF, focal weight * bce O] &2+ Z It subnormal HRI 0 SHIIH
NaNO| &&= QUL &l focal loss 71|M° float322 =&ot0 Ol ZHIE 2 XIStCH

' 12.5 Gradient Accumulation

# trainer.py:723-730
if (batch_idx + 1) % self.config.gradient_accumulation_steps ==
self.scaler.unscale (self.optimizer)
torch.nn.utils.clip grad norm (
self.model.parameters(), self.config.gradient clip norm # 5.0
)
self.scaler.step(self.optimizer)
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self.scaler.update()
self.optimizer.zero grad()

S0 gradient_accumulation_steps=1 0|22 O BHXIOICH L HIOIESCH A& BHX 3D = 16384 x 1 = 16384.
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13. LI & JH0l =

AlOps =& A28 - v10

Phase 20| Al RuntimeError

ValueError ==D|3g} &I TH

affinity = model.adatt.affinity computer.get affinity matrix()

el
fp16 focal loss underflow

transfer lossJF & & X| i

adaTT HIE A3 =&

freeze epoch <= warmup epochs

OH step gradient =&

fill_() OIALE

print(affinity) # [n tasks, n_tasks]

# Negative transfer 24Xl

neg _pairs = model.adatt.detect negative transfer()

print(neg pairs) # {"churn":

# M &0l JtSX HH

["ctr"], ...}

transfer w = model.adatt.get transfer matrix()
print(transfer w) # softmax &&t& [n _tasks, n_tasks]

v

w2 On

i

e aE =
°

Moo o

(e W Y]

e 40 oy oy ton

|
iy

%S (£33t AlEMA 228 & F

' 13.3 Transfer Loss 2 LI &

MLflowOll Al 22 &= A HE:

40

ol Z
M-2/M-3: float32 IH A&l &0l
G-01: max_transfer_ratio 20l (0.5)

trainer.pyil Al model.adatt = None

ol
H-6: config 235

adatt grad interval &% &0l (J]

£ 10)
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# trainer.py:810-811 — step &2 Al outputs.task losses Z&
self. log step(outputs, phase name)

SLIHE HAclAE:

+ task_losses/<task>: Ef A~ 3'H enhanced loss (transfer loss 2 &)
+ adatt _freeze epoch : freeze A| & 22

* cgc_frozen_epoch : CGC freeze Al & &

* & loss = Y _ enhanced losses + CGC entropy loss + SAE loss + evidential loss

' 13.4 Phase &8 & C|H A

Phase & 2 Al 201 AtE:

- Phase 1 — Freeze: adaTT: &0l JI=Xl 1A (epoch N) Z ] &0l
- Phase 1 — Phase 2: adaTT HI&43: Phase 2 2] &0l

- CGC Freeze: CGC Attention frozen at epoch N Z ] &0l

- Optimizer C|A!: Optimizer 2|4!: Phase 2 AIZ 2] &0l

W N -

# Phase ™2 27 0lAl

# INFO: adaTT: &0l Jt=Xl 1& (epoch 28)

# INFO: CGC Attention frozen at epoch 28 (synced with adaTT freeze epoch)
# INFO: === Phase 2: Cluster Head Fine-tuning ===

# INFO: Shared Experts S2Z

# INFO: adaTT HIZA&3t: Phase 2 (Shared frozen22 &sg: R5)

# INFO: Optimizer 2|4!': Phase 2 AlZf

# INFO: A3ZE2l 2I4: Phase 2 Al& (warmup=2 OIZ3)

LossJt =30l 3Jtote 22 &H

AN:

H>

1. NaN &0l: train_epoch Ofl Al math.isfinite(loss val) X| = ( trainer.py:781-786)
2. Transfer loss H| & & Ql: max_transfer_ratio=0.5 =1} ({2

3. Gradient norm &!Q!: gradient clip norm=5.0 H2 (&
4

- VRAM OOM &t Q!: trainer.py:762-775 Ol Al OOM 244 Al B X| A2) X2l

# trainer.py:781-786
loss val = outputs.total loss.item()
if not math.isfinite(loss val):
logger.error(f"NaN/Inf loss at batch {batch idx}!")
self.optimizer.zero grad() # gradient 2& X
continue
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| 14.1 adaTT & &) I} 20| E

Itetol e |2k
enabled true
transfer_lambda 0.1
temperature 1.0
warmup_epochs 0 (test)
10 (prod)
freeze epoch 1 (test)
28 (prod)
negative transfer threshold -0.1
ema_decay 0.9
prior blend start 0.5
prior blend end 0.1
transfer_strength 0.5

2~ A: model config.yaml:593-628

| 14.2 A3 2 UtetolH

Itetol Jl2zgt
task groups.<group>.members -
task groups.<group>.intra stredgkh

inter_group_strength 0.3

| 14.3 Training O}2t0I &

mtetolH Jl=gk
batch size 16384
learning_rate 0.0005

[o,
max_epochs)

(warmup,
max_epochs)

(-1, 0]
[0, 1]
[0, 1]
[0, 1]

[0, 1]

9
[1024, 65536]

[1e-5, 1e-2]
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Ol =4 JEEX A

Softmax temperature T’

Phase 1 J|2¢

Phase 3 Al &

x
02

o
=
ﬂ

o

rz
12

P

Hon

J| group prior Bl 2

Bt group prior Hl &

e YA gt
A
e

0| 2E (CTR—CVR S)

!
i

1]
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weight decay 0.01
shared_expert_epochs 15
cluster_ finetune_epochs 8
freeze shared in phase2 true
early stopping patience 7
gradient clip norm 5.0
use_amp true
cosine t0O 10
cosine t mult 2
warmup_steps 5
phase2 warmup steps 2

. model config.yaml:750-805 | trainer.py:50-96

|m4§§ﬂ&§ﬂmmm

mtetol e Jl=at
adatt grad interval 10
gradient accumulation steps 1
gradient_checkpointing false
use_amp true

|M5MﬂTw$§¢

[0,0.1]
[5, 100]
3, 50]
bool

(1, 20]
[0.1, 20]
bool

[5, 50]
(1, 4]
[0, 20]

[0, 10]

DE0 ot=2dE &2, confighll Al HEE = 8ILk

CE 2t
max_transfer ratio 0.5

norm clamp min le-8
diag mask eye(n)
affinity matrix =D|gt eye(n)
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L28rstdE

Phase 1 J|2}

Phase 2 J|2}

Phase 201l A Shared Expert =&
Early stopping patience

Gradient clipping 2! Al gt

Mixed Precision (fp16) At S
CosineAnnealing & D] (0| £ 32)
CosineAnnealing ==J| i ==

LR warmup Ol =3 =

Phase 2 LR warmup Ol &£ 3 =

=i

gradient =& 2t (step &?l). S5 &, 25 it
=

[==]

gradient S+ & &2~ A& Ui X| = batch_size x Ol 2t
9.25M 22 S22 (1™ 10 20% ST &4

fp16 Mixed Precision. Bl 22| 40% 22&, & 20% &t

o

X L &Y

hl

adatt.py:191 — transfer loss@| &2 CHH| = 0H HIS

adatt.py:123 — gradient norm 0-division 2} X|
adatt.py:239-242 — X}J| 0| M 0tA3

adatt.py:79 — CH2t& 1, LI Xl 0 (B & AlE)



adaTT J|& XA

AlOps =& A28 - v10

: st =04 Ql S ]
Appendix A. == S8 2 0|28 2 A
| A1EMA ZEIES =8 S4
EMA &UI0IE #3:
A, =aA, 1+ (1—0a)C,
OIIM C= AIE 2 2EE DA RALE SHBOICH
A
Ol A2 “DHL J1A(A, ) M 2F(C)S TIH H0f FECPE NS LB o =0.9012 01 I E 3to
90%5 S XI5t M 2t2) 1070t BHABILL M@ HO2, 5125122 FIHHS0| 0l 015 B2 FHES 2 A
2O - COIZS 2D AWM HES TRBHCL
sie 45
SHIS4 2 EMA £, 012 S0l #A0| €= 4512 SHIZ+2 &0ICL DS DA B2 SAS [
EWPZW1k:fj-H " 00122y of = £-0ICha =098 S =5 =
umwrmeH(anzjgkq%ww1f® Lo’ _ 1 ot0l ©lCh¢ — 00012 of — 00122 IHE I &
0112 4215t EMAD} & 25| true mean C*0fl +EBHHE 2001 ZHO| SAOILL HBEO2, 25H5| B2 X
MBS IIEX"E2 £80l &5 101 HI22, 015 B0l AR B0l LXIsHs oIk
FH A.1: C, Ot B4 (stationary) EXEZE (210 E[C,] = C*0IH,
E[A,] = C* ast— o©
Z%: A, HlotH

t—1

(1—a) Z a*C, , +atA,
k=0

A, =

t — ool oAy — 00122

E[A, =(l—a)-C*-

1—aZaE k)

Ctet A EMA & 3t & = true affinity 0l ==& StCt O

Z &k Var(A,) ~ 172 Var(C))

a=0.90/H 240 i ~53%=2

Al

pNpnlt
Al

A
e e
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M A1 A HAIKI= S5 JLKAIOICH M, EMA &3t = S8 Al2H0l XU A EHA S 2 SIS0l ==
S — D18t A )2 HE2 2 DISIE+H 22 MetEICL EM, =40 i &4 522 EHSE =, X0t

RS X = gradient =02t HFEE MAHE SHHEQI =H gL

_(j

| A.2 Group Prior2| Bayesian i 4|
adaTT2| Group Prior= Bayesian 3= & 2| prior distribution2 & ol & & == UL}

PN ESH s

Conjugate Prior2| A}, OteH 0l A A2 Gt= Normal-Normal conjugacy(& 7= X prior + & 7= X likelihood —
& E X posterior)= Bayesian S HIS0A JtE QefT D J[=& 0l 2t = 6tLEOIC Raiffa & Schlaifer (1961,
“Applied Statistical Decision Theory”)Jt conjugate family 22 X H 3t S 0, prior2t posteriort 22 X =
0ll &St posteriorE o & M (closed-form)2 2 7 & = ALt= 0|0 JUCH HA AL UH A= IFRAIF ZZ2 A A
(Rasmussen & Williams, 2006), Bayesian Linear Regression, Kalman Filter S0/ 25 0| conjugate 2 XS & & &tCt.
adaTT2| blend = 2! 0| conjugate posterior meant Y X| &= 242, SR XA CIOIEHE Z&tol= =

Moz ddet Y= Atsotil Ulhs A= 20l 8t

O og= — A=

SIE 8
Normal-Normal Conjugacy S5 (2t &), Prior: 6 ~ N (g, 03). &=: x| 60 ~ N(H,O'Q) Posterior= 0 | z ~
N(NT”O'?L)OH:I:I Nn:a’l’fo‘i'o'ol‘OIl:l_ OlE Iﬁalal.l:l:‘ :T.NO+( /,n) mjl}d/,»_ 2+ 2O|[:|. Ol _A_/\|O| Xl

22 CF-’FﬁH} 2=9| LO|7C(<72)7} 3™ r0l HAMA prior S O 21, prior2| =4 "(02)O| 3™ 0l 20t
2= 5 M L =0 adaTTH A g = P(Group Prior), z = W + A& &S & JISXl + &l 3t5)0IH, 01 0.501
Moi1g ?:.*3.&5}% A2 2= OB S 20l SOHUMHA 022 S0l E0ELPE 222 2AISHCL

0 Il P= Group Prior 8 2 0 Ct.

Ol =412 “TM BT g, ;= TOA M2t AN ZF(P, ;) 2X 0l AS AO0ICKet= AR LSS LBt o?
I EOH AN FHE 20HH &25t= 20110, 2 “Priordt X=X & 222 CH= XO0ICH
2= MR RAE ¢; ; = cos(6; ;)
2 2
Cig | @i~ N(ay57?)
Posterior mean (conjugate normal):
2 2
T o
Blag; | eis] = g Pri+ g2t
OIS r= 12 B5te:

o2+72

45



adaTT J|= & XA AlOps =& AIAE! - v1.0

Ela; ;] =r B+ (1—r) ¢

AL Xl D

Ol posterior mean &4 2 “Prior(= HI Q! X412t 2= I 0| H (gradient FALE)E A2 S0l HIHISHH IS 2 &t
Che AS Latth 2=9 L0l X(72)9F 2™ 0] HAXM PriorS G &l 2/6t 1, Prior2 | E34 4?0l 2H 0| &
Ot GIOIEE O &I2I8HCH 01210l adaTT2| raw_weights * (1-r) + group_prior * r DEQ SIHOZ F

2GtCH= A0 el ZE0ICH

7al

011 & adaTTS prior blend S 4! (adatt.py:381 )t &H=to| =2 6tL:
raw_weights = raw weights * (1 - r) + self.group prior * r

72l annealing (g, — Tena)= =S OIOIEI I SR E 45 prior2 4 o2t AUHE 22 HIXI= (5, prior0il CHE

F =
& 410l &0 &= =) Bayesian updating & S Bt H St}

| A3 Softmax Temperature2| &

Ol =AM 2 “dE=+ R, ;ETE LIE 5 softmaxS F&ICH= 20ICHL T2 U+ F4= 010 LHH S22, T
P HEFZE XD H=2 LOXI 2 AX0 20N “SA=2700 Ot &I CH BHHZ T2 PEI':” = X0 =4
T He #s8 22t &L

* T — 0: )& =2 IS X0l &= (hard selection)
A3 s 3+5x|)

2t XS, &t XH0IE H &0l gt

52 A= BHAZ0EH MO

Softmax Temperature2| & & & = (2023-2025). Temperature scaling MTLS & O C 26t YA M SHA
&= ot QUL (1) Knowledge Distillation: Hinton et al. (2015)2] 2 ¢ KD =& 0l M Tt “dark knowledge”2| &
g HEE MM, = 20l = DKD (Zhao et al., CVPR 2022)J} target class 2t non-target class2| logit= & 2|6t &
< temperatureE & £ 8t} (2) LLM Decoding: GPT-4, Claude S 2| (& A 2 2 0l M generation temperature )t
o vs & i“g Ed0IE2Z E MO StCE. (3) Contrastive Learning: SimCLR (Chen et al., ICML 2020)0| M T =

0.07 2 2 <2 temperatureJ} hard negative0ll & =0tH 6t01 E& &5 852 &4 AI2ICh (4) Gumbel-Softmax:
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—/ I
HAME et= TE &t Jtse Ilet0IEH 2 2HE A Lf phase® 2 anneahngaf =y

| A.4Negative Transfer Xt 02X 2

Yuetal, 2020 O] PCGradOil Al gradient conflictS cos(6, ) <022 FOetl). adaTTE= OI2CH 23tE YAHIBL
T, —0.12 AtE3dt=0l, Ol = noise marginS 148t 24 0ICt.

neg —

gg
0z
e
22

¢

£
o
=
02
=]

BE{ At (projection)lt gradient conflict. PCGrad2| & Ct. H1E oS b R0l AtHSHH

proj,a = ‘;— bOICH PCGradi= cos 6 < 0(E =) [ gradient g, 0l Al g; W& S 2= MAHEtL: g, = g; — proj, g;.
Jlot&t® 2o 2 0l= giE g,;0ll ==l BHO AtHSt= HOICHL 2UHC=R g, - g; = 00] £0f SS0| SHAE EP
adaTT= 018 AFY T4l MOl XHMIE Rt Eot= O ©he=ot) B4X0l M2 F S0 — gradientS HE 0Kl &

1,22 AT loss IIHE 022 BHELH.

0l0

SGD2 stochastic noise= 215l true affinity It 001l ItDH2 EH AT & & HHXIOf Wt cos(6; ;) ~ —0.05 S2| 45t

ol g2z 22+ QUL 7,,, = —0.12 0124 St noiseE 61 E0IH A & = 8F negative transfer2F X} £Hoh= sweet spot
OICH.

| A.5 Transfer-Enhanced Loss2| =& & &

H Ml A.5: Transfer loss2| gradient= positive transfer EHAT 2| &5 B2 Z7 Ttct0IHE HEAIZICH

Vo LT = VoL + A w; Vol

i
LAl R B

Ol A2 “Ef A3 ;o] TtOIE] 2EI0IE 280l XJ| XHAl 9] gradientOll CHE2 EfA IS 9l gradientS IHE &4t
o BN WS Ce 2YS YT ABHOR L X 00 YN S2S0| 0150 § FCPI Kokt
SHESA=0123 BYot0 BRSOl TG H0ICH FE STt £2 S22 FIoKw, 7t 2 FL)0l O
20 B S

w;_,; > 00112 cos(6; ;) > 02! EHA T 52l gradientI)t Ef A3 i9| gradient L& 2 IHALEI O, 37 Met0IE It &
ZHHATD 250 Rl 222 HO0IEE L
A =0.13 max_transfer ratio=0.5 2| &2 A2 loss2 &/& &2 AN A=2GHAI &2 2H M & positive transfer

S 0IFS US4 Us BN SFOICL

WX & - Logit Transfer 2t 2| 2t

adaTTE backward pass(gradient) =& 0l A EHA T 2+ M0IE £ & Gt= BHH, = Al A B0l = forward pass(logit)
ZOHA EHAT 2 ol=8t2 8 & A LSt= Logit Transfer HIHLIS0| €& 2 =THSHCE Logit Transfer=
CTR—CVR—-LTIV &2 bl ALA 2 M & =XHH S| =24 S HE S DAGE BAHC 2 HHGHH, adaTTS M &S

O

H>
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0|2 &S BRAMOR ZAZEHCEH &AM HIAHAULISZ2 PLEJ|= & XM 2 “Logit Transfer - Ef A3 2F HA|
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