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Tém tat

Hoc lién tuc gidi quyét van dé quén nghiém trong (catastrophic forgetting) khi mo
hinh hoc mdy phai hoc cic tdc vu mdi lién tiép ma khong dudc huén luyén lai tif dau trén
toan bd dif lidu; cac hudng tiép can hién c6 1a phat lai bd nhd, chuyén giao tri thiic, va mé
rong kién tric, 1an lugt giip han ché vé quyén riéng tu/bo nhd, dung lugng tham sd, va chi
phi tinh todn ting tuyén tinh. Lu4n 4n gidi quyét van dé nay qua ba giai doan tuong ting
véi cac miic do rang budc vé b nhé va do dai chudi tic vu: & giai doan khong thé luu dit
liéu that, luan 4n dé xuét ting cudng bo nhé bang nguyén mau két hop mo-dun cin chinh
dua trén ham ning ludng d€ siia hién tuong trdi dat biéu dién; & giai doan khong c6 bat
ky bd nhd nao, luan an phat trién CL-plugin (chuyén giao tri thic ¢6 chon loc qua hai
ham mat mat CED va CSC cho phan loai cdm xtc theo khia canh) va ZeroRFF (bién hoc
tang dn thanh hoi quy gidi bang cong thiic déng); va & giai doan chudi tac vu dai va da
dang, luan 4n dé xuét bdn phuong phap véi kién triic linh hoat va tham sb phan b dong,
khung OPE va APF (cung bién thé tich hop cin chinh khdng gian 4n cho phan loai anh y
té) tach biét nhan dang tac vu khdi phan loai nhian, DAKTA két hop LoRA véi bd phan
loai Kolmogorov-Arnold cung chinh quy hoa Fisher Information Matrix, va SO-LoRA
x4y dung co sd truc giao chung giup dung luong adapter khong d6i theo do dai chudi tac
vu. Céc thuc nghiém toan dién trén nhiéu bo dif liéu chuin vé viin ban va anh, cling cac
phén tich ablation va ly thuyét, xac nhan cac phuong phap dé xuat dat hiéu suit t6t nhét
so v6i cac phuong phap hién c6, cung cip giai phap c6 co s6 ly luin viing chic va tinh

ting dung cao cho cic mdi trudng khat khe vé quyén riéng tu, bd nhd va tinh toan.



MO DAU

Dong luc nghién cuou

Hoc mdy tinh hu4n luyén md hinh trén tip dit liéu ¢ dinh va trién khai ma khong thich
nghi vé sau, din dén bdn han ché lién quan chit ché: thiéu kha ning thich nghi vé6i thay
ddi phan phéi dit liéu, tong quat héa kém trén dit liéu mdi, khong c6 co ché cap nhit lién
tuc, va dé tdn thuong trude concept drift. Hoc lién tuc (Continual Learning - CL) khic
phuc céc han ché nay bing cach cho phép md hinh tiép thu tri thiic méi mot cach ting
dan trong khi van duy tri tri thic cii, gidm nhu cau huin luyén lai toan bo va hién thuc
héa cic hé théng Al thich nghi trong méi trudng phi tinh. Hinh 1 dbi chiéu hai m6 hinh
hoc, con Hinh 2 cho théy su ting trudng nhanh ctia nghién citu CL, tif 243 cong bd nim
2018 1én hon 1.800 cong bd nim 2024.

Learn once Learn continually
-:- New
Data £l> Data

Deploy once |

Deploy continually

(a) (b)

Figure 1: (a) Hoc mdy tinh huén luyén trén toan bo di liéu mot lan. (b) Hoc mdy lién tuc

hoc trén dif liéu méi khi ching xuét hién.

Lu4n 4n dudc thic ddy bdi ba khoang tréng nghién cifu. Thi nhét, quyén riéng tu
dir li€u: phat lai bd nhé doi héi lvu trit mau tho tit tac vu ci, khong kha thi trong céc linh
vuc nhay cdm nhu y té, tai chinh. Thi¥ hai, su phu thudc vao bé nhé: ngay ci phuong
phédp xAp xi nguyén miu ciing kém tin ciy khi khong gian dic trung phiic tap, va bo dém
bd nhé con lai 6 thé khong kha thi dudi ngan sach tinh todn han ché. Thit ba, dung
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Figure 2: Xu huéng cong bd hang nim ctia cic nghién ctiu vé continual learning, lifelong

learning va incremental learning trén DBLP (2018-2025).

lwong mé hinh: véi chudi tic vu dai hoic da dang, ngan sach tham s ¢6 dinh budc danh
ddi gitta 6n dinh va déo dai ma chinh quy héa hay chit loc tri thiic khong thé giai quyét
triét dé.

Ba khodng tréng nay dinh hudng ciu triic luan an. Chuong 2 gidi quyét khoang
trong thd nhit bang prototype 16p nhiéu Gaussian thay cho mau thuc, két hgp mo-dun
cin chinh 4n dua trén ning luong. Chuong 3 gidi quyét khoang trong thit hai qua chuyén
giao tri thiic khong can exemplar: CL-plugin véi chat loc dbi 1ap cho task-incremental,
va ZeroRFF (random Fourier features trén backbone dong bang, nghi€ém phéan tich dang
dong) cho class-incremental. Chuong 4 giai quyét khoang trong thi ba qua cac chién
lugc kién tric thich nghi: khung da dau phéan loai v6i Online Prototype Equilibrium va
Adaptive Prototypical Feedback; DAKTA két hop LoRA véi b phan loai Kolmogorov-
Arnold; va SO-LoRA tach biét khong gian con qua co sé truc giao c¢d dinh va do thua

nhom.

Ba cau hoi nghién cifu xuyén sudt luan 4n: (Q1) ting cudng prototype giam thiéu
quén nghiém trong trong khi bao toan quyén riéng tu nhu thé nao; (Q2) chuyén giao tri
thiic chon loc giam du thita thong tin dén miic nao ma khong can exemplar; (Q3) phan bs
tham s6 dong ngin quén nghiém trong, han ché chi phi tinh todn va chia sé tri thic gitta
cac tac vu nhu thé ndo. Cic déng gép tuong ing dudc cong bd tai bay cong bd. Hinh 3

minh hoa ciu tric tdng thé luan 4n.
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Chapter 1

Neén tang Iy thuyét va cac kién
thirc tien deé

Hoc lién tuc (Continual Learning - CL) 1a m6 hinh hoc may trong d6 md hinh dugc
huin luyén tuan tu trén mot chudi tic vu, hudng t6i hiéu suat tuong duong khi di liéu
dudc quan sat dong thdi. Trd ngai cdt 16i 13 catastrophic forgetting: cap nhat tham sb
cho tdc vu méi lam suy gidm hiéu suét tdc vu cdi, phan anh stability-plasticity dilemma.
Thrun (1996) va Chen va Liu (2018) hinh thifc héa CL nhu hé thdng hoc tuan tu, duy tri
Co s6 Tri thic tich liy va khai théc tri thic qua khi cho tuong lai, ma khong luu d liéu
thd. CL con dbi mit cac thach thiic vé chuyén giao tri thifc, xung dot giiia cac tac vu,

dung lugng bo nhé hitu han va troi dat phan phéi.

Céc kich ban chuan dugc phan theo cach nhan dang tic vu va ciu tric nhan, gdm
IIL, DIL, TIL, CIL (dudc nghién ctiu nhiéu nhat), TFCL/OCL, BBCL va CPT. Vé phuong
phdp, ndm nhom chinh 1a: dua trén chinh quy héa (EWC, SI, LwF) phat thay déi tham
s6 quan trong; dua trén replay (iCaRL, DER, GEM) luu/tdng hop mau cii d& on luyén,
danh déi bang chi phi bd nhé va rii ro riéng tu; dua trén toi wu héa didu chinh huin
luyén qua chiéu gradient hodc meta-learning; dua trén bi¢u dién tin dung tién huén
luyén dbi 1ap/tu gidm sat két hop prototype; va dua trén kién tric (Progressive NN,
PackNet, adapter) phan bé mo-dun riéng cho tliing tdc vu. Panh gia dua trén ba chiéu:
hiéu qua tong thé (AA, AIA), tinh &n dinh (FM, BWT) va tinh mém déo (IM, FWT).

Tong két

Ba khodng tréng nghién cttu dinh huéng luin 4n: (1) cic phuong phap replay luu di
ligu thuc gay lo ngai quyén riéng tu, can giai phap sinh di liéu tdng hop; (2) chat loc tri



thic hién tai thiéu hiéu qud, can chién ludc chon loc tin dung mo hinh tién huin luyén;
(3) cac phuong phdp kién tric thiéu co ché chia sé tri thitc gitta cac tac vu, can thiét ké

dong can bing gitta dic thu héa va tri thiic chung.



Chapter 2

Phuong phap Replay dua trén Bo
nhé cho Trich xuat Quan hé Lién

tuc

Trich xuét quan hé (Relation Extraction - RE) 1a bai toan nhan dién va phéan loai cac
quan hé ngit nghia giita cdc cip thuc thé trong vin ban, dong vai trd 12 bai toan con cot
16i ctia Trich xuat thong tin trong cac ting dung nhu hdi ddp, phan tich cAm xiic va tim
kiém c6 céu tric. Cac mo hinh RE truyén thong hoat dong trén mot tap quan hé cb dinh
dugc dinh nghia trudc, diéu nay han ché kha ning 4p dung trong thuc té khi cac loai quan
hé méi lién tuc xuét hién. Trich xuét quan hé lién tuc (Continual Relation Extraction
- CRE) giai quyét han ché nay bing cach huén luyén mo hinh tuin ty trén céc tip quan
hé méi trong khi vin ngin chin hién tuong quén tham khdc (catastrophic forgetting)
ddi véi cac quan hé da hoc truéc d6. Trong sb cac huéng gii phap chinh — dua trén
diéu chuin (regularization), kién tric dong (dynamic architecture) va dua trén bd nhé
(memory-based) — cdc phuong phap dua trén bo nhé ludn dat hiéu ning tot nhét trong céac

tac vu NLP nho viéc duy tri mot bd nhé episodic luu trit cdc mau dit liéu cii dé replay lai.

Cong trinh lién quan gan nhét 1a Consistent Representation Learning (CRL), két
hop hoc tuong phan c6 gidm sat (supervised contrastive learning) v6i chung ct tri thiic
(knowledge distillation) dé duy tri c4c bi€u dién quan hé &n dinh qua cic tdc vu tuan tu.
Du dat hiéu ning tot, CRL van tdn tai ba han ché chinh: (1) phu thudc hoan toan vao viéc
luu trit dit liéu that, khién phuong phép dé bi giéi han bdi bd nhd va gip vin dé vé quyén

riéng tu; (2) ngan sach bd nhé cho mdi quan hé bi thu hep dan khi sb tdc vu ting 1én, dan



dén nguy co overfitting trén ciac mau thua; va (3) hidu ning kém trén cic tap di liéu mit
can bang nhu TACRED, ndi cic 16p chiém uu thé 1an 4t viéc hoc cac quan hé thiéu s6

trong qua trinh replay tuong phan.

D€ khic phuc cdc han ché trén, chuong nay dé xuét ProtoAug, tich hop ky thuat
ting cudng nguyén mau (prototype augmentation) vao khung CRL nhiam giam su phu
thudc vao dit liéu that dugc luu trit. Phuong phap gdm bdn budc: (1) modt bd ma héa
BERT trich xuit biéu dién quan hé, t6i vu bang ham mat mat tuong phan cé giam sat; (2)
phan cum k-means chon ra mau dai dién nhit cho méi quan hé dé luu vao bd nhd; (3) sinh
cdc mau 4o bang cach nhiéu hoa (perturb) cac nguyén miu quan hé v6i nhiu Gaussian,
lam phong phi bo nhé ma khong can luu thém dit liéu that; va (4) st dung cd miu that
14n mau tdng hop cho viéc replay tuong phan va chung cat tri thiic nham duy tri kha ning

phan biét ctia cdc quan hé di hoc trudc d6. Hinh 2.3 minh hoa kién tric tong thé.
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Figure 2.3: Kién triic mo-dun biéu dién nhit quan két hop ting cudng nguyén mau.

Mot mé rong tiép theo gidi thiéu mo-dun Cén chinh khong gian tiém 4n dua trén
ning luong (Energy-based Latent space Alignment - ELI) nham gidi quyét hién tugng
trdi bi€u dién (representational drift) gitta cac tac vu. Sau khi huin luyén mdi tdc vu, mot
mo hinh dua trén ning luong (Energy-Based Model - EBM) dudc hun luyén d€ gan ning
lugng thip cho céc biéu dién tiém 4n tif md hinh & budc trude va ning ludng cao cho biéu
dién tir mo hinh hién tai, sit dung dong luc hoc Langevin dé 1y mau xép xi. O giai doan

suy luan, thuat todn ELI di chuyén dan vector tiém 4n ctia mdi miu kiém tra theo huéng



gradient niing lugng vé viing ning luong thip, gitip cin chinh lai cac biéu dién bi troi vé
gan vdi khong gian dic trung clia tac vu tru6c ma khong can luu thém dit liéu. Hinh 2.4
thé hién kién triic day da két hop ca ting cudng nguyén mau va ELL
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Figure 2.4: Kién triic tdng thé ctia m6 hinh trich xuit quan hé lién tuc dugc dé xuat, két

hop ting cudng nguyén mau va cin chinh khong gian tiém 4n dua trén ning luong (ELI).

Thi nghiém trén hai bo dit liéu chudn FewRel va TACRED theo thiét 1ap task-
incremental v6i mudi tac vu tuan tu da khang dinh hiéu qua ciia phuong phap dé xuét.
Bang 2.1 va 2.2 bdo cdo do chinh xdc cta tiing phuong phép tai moi bude tac vu. Trén
FewRel, md hinh dé xuit vuot trdi hon CRL & tdm trén mudi tac vu v6i mic chénh léch
1-2%, va vuot qua tit ca cac baseline khéc trén toan bo chudi tac vu. Trén TACRED —
mot bd dit liéu khé hon va méit can bang hon — muc cai thién con 1o rét hon, vugt CRL
t6i 4% & Task 4 va lién tuc vust EMAR+BERT véi bién do tir 1.1% dén 11.1%. Muic cai
thién cang 16 rét khi s6 luong tic vu ting 1én, cho thiy kha niing &n dinh lau dai va hiéu

qua vuot trdi trong viéc giam thi€u hién tuong quén tham khdc.
Tom tat

Tém lai, chuong nay chiing minh riang viéc thay thé cac mau dit liéu that dugc luu
trif bang di liéu tdng hop ting cudng tif nguyén mau khong chi di ma con mang lai 1gi



Table 2.1: B chinh xac (%) cua tiing md hinh qua cac tac vu trén bd dit li€éu FewRel. In

dam = t6t nhat; gach dudi = t6t nhi.

M6 hinh TI T2 T3 T4 T5 T6 T7 T8 T9 TI0
EA-EMR 89.0 69.0 59.1 542 47.8 46.1 43.1 40.7 38.6 35.2
EMAR 88.5 732 66.6 63.8 55.8 54.3 529 50.9 48.8 46.3
CML 912 748 682 582 53.7 504 47.8 444 43.1 39.7

EMAR+BERT 98.8 89.1 89.5 85.7 83.6 84.8 79.3 80.0 77.1 73.8

RP-CRE 97.9 927 91.6 89.2 884 86.8 85.1 84.1 822 81.5
CRL 98.2 94.6 92.5 90.5 89.4 87.9 86.9 85.6 84.5 83.1
Pé xuit 8.2 94.7 939 92.2 90.1 89.6 83.6 87.1 86.1 84.6

ich cho bai todn trich xuét quan hé lién tuc. Su két hop giita lua chon mau bang k-means,
ting cudng nguyén mau bang nhiéu Gaussian va ciin chinh khong gian tiém 4n dua trén
ning lugng tao ra mdt phuong an thay thé bdo vé quyén riéng tu, tiét kiém bd nhd so
v6i cac phuong phép replay hién c6, dit nén tang cho chuong tiép theo — nghién cifu cac
phuong phap chung ct tri thiic loai bd hoan toan nhu cau luu trit di liéu.



Table 2.2: Do chinh xac (%) cia tiing mo hinh qua cac tac vu trén bd dit liéu TACRED.
In dam = t6t nhat; gach dudi = t6t nhi.

M6 hinh TI T2 T3 T4 T5 T6 T7 T8 T9 TI0
EA-EMR 475 40.1 383 299 24.0 273 269 25.8 229 19.8
EMAR 73.6 57.0 48.3 423 37.77 34.0 32.6 30.0 27.6 25.1
CML 572 514 413 39.3 359 289 273 269 248 234

EMAR+BERT 96.6 85.7 81.0 78.6 739 723 71.7 722 72.6 71.0

RP-CRE 97.6 90.6 86.1 824 79.8 772 75.1 73.7 2.4 72.4
CRL 977 93.2 89.8 84.7 84.1 81.3 802 79.1 79.0 78.0
Pé xuat 97.8 95.2 90.6 88.2 84.6 81.7 82.8 80.5 80.0 79.6
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Chapter 3

Chuyén giao tri thitc trong bao

ton tri thirc cii trong hoc lién tuc

Chuong nay khao sat chuyén giao tri thiic nhu mot co ché gidm thiéu catastrophic
forgetting ma khong can luu trit exemplar. Hai chién lugc b trg nhau dudc dé xuat: (1)
chat loc tap hop dbi 1ap trong khung Task-Incremental Learning (TIL) cho bai toan
phéan loai cam xuc theo khia canh (ASC); (2) hoc phan tich dang déng trén backbone
dong bing trong khung Class-Incremental Learning (CIL/GCIL). Hai hudng nay thé
hién hai ban chat khac nhau dé€ dat dugdc su 6n dinh, chat loc dua trén dao ham va tinh

toan phan tich khong can dao him, nhung ciing dat muc tiéu hoc lién tuc khong exemplar.

Phan 1: Chat loc tri thiic két hep hoc dbi lap (TIL).

Mot CL-plugin dudc tich hop vao BERT tai hai vi tri, thay thé adapter chudn, gom
hai mo-dun: KSM (I16p capsule véi dinh tuyén dong, chia sé tri thic chung gitta cac tac
vu) va TSM (16p két ndi day dii v6i mit na mém miic no-ron, bao vé tham sb then chot

khdi cap nhat gradient & tic vu sau). Hinh 3.3 va 3.4 minh hoa kién tric.

Hai ham mét mét dbi 1ap bd sung cho cross-entropy: CED (Contrastive Ensemble
Distillation) chit loc tri thiic tif cac mo hinh tdc vu trudc, coi logit cing dau vao tif mo
hinh cii/méi 1a cip duong; CSC (Contrastive Supervised Classification) téi da hda tuong
dong noi 16p, tdi thi€u hda tuong dong lién 16p trén dau ra TSM. Haim muc tiéu tdng:

L = Lcg + Lcep + Lcsc. 3.1

Thuc nghiém trén 19 tac vu ASC tit bdn benchmark (HL5Domains, Liu3Domains,

Ding9Domains, SemEvall4). Trung binh trén ndm thi tu tic vu ngau nhién, mo hinh

11



(Csc)

Figure 3.3: Kién tric tdng thé ctia m6 hinh CL-plugin dé xuAt.

CL-plugin

Figure 3.4: BERT (trai), CTR (gitta), CL-plugin tich hgp vao BERT (phai).

dé xuét dat Acc. 88,50% va Macro-F1 tbt nhit 82,35% trong nhém Adapter-BERT;
CTR* (dbi thii gan nhit ciing diéu kién) dat 88,21%/81,19%. LAMOL c6 Acc. cao hon
(88,91%) nhung dua vao backbone sinh GPT-2, chi phi tinh todn 16n hon ding ké.

Ablation: loai bé CL-plugin lam giam 2,67% Acc. va 2,60% MF1; loai bo ca CED

va CSC lam gidm 2,02% Acc. va 3,03% MF1 — x4c nhan mdi thanh phan déu déng gép
tich cuc.

Phan 2: Luu giif tri thic khong can exemplar qua hoc phan tich (GCIL).

Nham khic phuc han ché cia GACL (bd phan loai tuyén tinh trén dic trung thd, kho
khin véi phan phdi khong phan tach tuyén tinh), ZeroRFF tich hop Random Fourier
Features (RFF) vao khung hoc lién tuc phan tich (Hinh 3.8).

ZeroRFF gom bdn buée cho mébi tac vu: (1) backbone DeiT-S/16 déng bing trich
xudt dic trung X\™; (2) mo-dun RFF 4nh xa sang khong gian D=5000 chiéu qua
z(x) = Wcos(wa + B) véi w ~ N(0,072I), B ~ Uniform(0, 27), xip xi nhan
RBF dé dit liéu phan tach tuyén tinh hon; (3) hoc phan tich cip nhat dé quy ma trin tuong

12



Table 3.1: Két qué trung binh (Acc., MF1) trén nim chudi ngiu nhién gdom 19 tc vu
ASC. In dam = tot nhit.

Kich ban Backbone M6 hinh Acc.(%) MF1(%)

Khong CL  BERT MTL 91.91 88.11

BERT (Béng bang) OWM 87.02 79.31

HAT 86.14 78.52

BCL 88.29 81.40

Hoc lién tuc LAMOL 88.91 80.59
Adapter-BERT

CTR 89.47 83.62

CTR* 88.21 81.19

Ours 88.50 82.35

Table 3.2: Két qua ablation.

Bién thé& Acc.(%) MF1(%)
Ours (day du) 88.50 82.35
Khong CL-plugin 85.83 79.75
Khong CSC + CED  86.48 79.32
Khong CSC 87.52 79.93
Khong CED 87.98 80.10

quan Ry, (Sherman-Morrison) va suy ra trong sd WF(Q\] dang déng, khong can exemplar

hay t6i uu lip; (4) lip qua K tdc vu, tra vé trong sb cubi cung. Thut toan 1 tém tat quy

trinh.

Trén CIFAR-100, kich ban Si-Blurry GCIL (50% 16p r&i rac, 10% mau md, 5 seed):
ZeroRFF dat Apyc=60,48, Aavg=58,55, Ar.«=72,44, cai thién ~2% so v6i GACL
(baseline khong bo nhd tt nhat), vudt hau hét phuong phap dung buffer 500 mau, va
tiém can MVP-R (bd nhé 2000) du khong luu trit dit li€u.

Tong két. Hai chién luge chuyén giao tri thifc khong exemplar chiém gitt hai vi
tri khac biét trong khong gian thiét ké hoc lién tuc: CL-plugin phit hdp khi ¢6 su chong
chéo ngti nghia lién tac vu phong pht; ZeroRFF dudgc uu tién khi c6 backbone dong bang

manh va hiéu qua huin luyén/quyén riéng tu dit liéu 12 wu tién hang dau, cho bao dam

13



I
/ Lx \
O,
MLP
Norm

—

Multi-Head
Attention

%

Norm

\—— 4
s

Task k

Y

oSS0

> |

Random Fourier Features

.

-

:

Wit

Hk%

Analytic Learning /

Figure 3.8: Kién tric tong thé ciia ZeroRFF cho GCIL.

dang déng va dung luong bo nhé khong ddi theo sb tac vu. Ca hai déu bao ton tri thiic

tich liiy ma khong ganh chiu chi phi luu tri va rii ro quyén
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Algorithm 1 Huén luyén ZeroRFF
Require: Cic tic vu Diin . DUaIn: trong sb backbone dong bing Opackbone
Ensure: WF(&)

1: Khéi tao: Ry + 71, Wi « 0

2: for k = 1 dén K do

3 X ng) < Jfoackbone (X", Opackbone )

4 X tr(x ()

s Ry Reoy — R X0 T (1+ X R X P XD Ry
6
7
8

W(k) — W(k—l) — kalegB)TX]EB)W(k_l) + RkXIgB)Tthrain

- end for

: return Wéé?,

Table 3.3: Két qua trén CIFAR-100, kich ban Si-Blurry (%). In dam = t6t nhit trong
nhom khong bd nhd.

B0 nhd Phueng phap Aauc Aava ALast
2000 MVP-R 60.62 +1.03 57.58 £0.56 64.30 £ 0.29
500 MVP-R 56.20+1.44 53.61 +£0.04 55.35+0.43
SLDA 53.00 £ 3.85 50.09 +£2.77 61.79 £ 3.81
0 (khong b nhé) GACL 57.90 +2.46 56.24+3.12 70.31 + 0.06

ZeroRFF (Ours) 60.48 +4.33 58.55+6.05 72.44 +0.13
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Chapter 4

Kién tric dong va phan bo tham

so dong

Hoc lién tuc dua trén kién triic gidi quyét catastrophic forgetting bang cach phan bd dong
dung lugng mo hinh cho mdi tdc vu méi, thay vi rang budc cap nhat (chinh quy héa) hay
luu trit dit liéu qua khit (replay). Chuong nay trinh by ba déng gép bé trg nhau trong kich
ban Hoc tang dan theo 16p (Class-Incremental Learning - CIL): hai phuong phap trén
backbone ResNet-18 huin luyén tit dau, va mot phuong phdp trén backbone ViT-B/16
tién huin luyén theo huéng tinh chinh hiéu qua tham s6 (PEFT).

Phén 1: Multi-Head véi OPE, APF va ELL

Péng gép thit nhat md rong khung OnPro nham khic phuc hai han ché: dau phan
loai chung 1am 1an 16n du doén trong tic vu (WP) v6i nhan dang tac vu (TP), va xit 1y
dong déu moi ciip 16p bat ké mitc do6 dé nham 1an. Phuong phdp dé xuét (Hinh 4.2) gdm
ba co ché:

 OPE (Online Prototype Equilibrium): can bing viéc hoc 16p mdi va bao toan
16p cii bang cach kéo gan prototype cling 16p, ddy xa prototype khac 16p, thong qua
Lopg = ﬁg?g’ + L;?gn.

» APF (Adaptive Prototypical Feedback): nhin dang cip 16p dé nham 14n qua

khodng cach prototype, sau d6 1y mau qua miic cic cip nay khi replay.

* ELI (Energy-based Latent Alignment): dung m6 hinh nang lugng (EBM) va
Langevin dynamics dé hiéu chinh tr6i dat biéu dién vé da tap diic trung clia tac vu

trudc, khong can luu thém di liéu.
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L6p phan loai tach thanh hai diu (OOD va WP), huin luyén theo ba budc: (1) hun luyén
chung b trich xult dic trung va dau OOD; (2) tinh chinh dau WP; (3) tinh chinh céc dau
OOD truéc do trén di liéu replay.

ceros®

Figure 4.2: Kién tric multi-head véi OPE, APF va hai dau phan loai (WP va OOD).

Phuong phap dé xuét (ModifiedOnPro) vugt OnPro téi 11,2 diém trén CIFAR-10
(M=100: 52,4%—63,6%) va 6,4 diém trén CIFAR-100 (M=500: 20,7%—27,1%),
dong thoi dat diém quén tot nhat (2,9) trén CCHS5000 & kich ban hai 16p/tac vu.

Table 4.1: Do chinh x4c trung binh (%). In ddm = tt nhat.

CIFAR-10 CIFAR-10 CIFAR-100 CIFAR-100

Phuong phap

M=100  M=500 M=500 M=2000
OCM 47.5 70.1 19.7 34.4
OnPro 52.4 67.7 20.7 34.9
Ours 63.6 72.8 27.1 36.3

Phan 2: DAKTA: B6 phan loai Kolmogorov-Arnold cho $6 hoc tic vu.
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DAKTA (Hinh 4.6) xay dung trén khung ITA-LoRA, thay dau tuyén tinh biang B
phan loai Kolmogorov-Arnold (KAC) dua trén cac ham c6 sd RBF hoc dudgc, cho ranh
gi6i quyét dinh nhay cam cuc bd. Co ché Hop nhét vector c6 dinh hudng két hop logit
RBF véi do tuong dong cosine: [.(x) = ["'(x) + . - cos(x, W,). Chinh quy héa Fisher
(FIM) béc hai dudc ap dung cho ca backbone va dau KAC dé€ han ché 1&ch tham s6 quan

trong. Cac vector tic vu dudc tdng hop bang ldy trung binh tai thdi di€ém suy luan (s6 hoc

,
tac vu).
Input Festore Embedaing
8— . Classifier Head
ol PAS ; .
Feature Extraction O o
L
5 i
uuuuuuuuu {«"’ e
>
[ [5) Directional Fusion
mmmmmmmmmmmmmmmmmmmm 1 ) H
L
® |

Input Feature Embedding

Figure 4.6: Pipeline DAKTA: ViT+LoRA, KAC, sb hoc tic vu ting dan va chinh quy héa
Fisher.

DAKTA dat tot nhat trén 5/6 benchmark, vudt ITA-LoRA t6i 2,04 diém trén CIFAR-
100 va CUB-200 (benchmark nhan dang chi tiét), dong thoi c6 miic quén thap nhét trén
c4 sdu benchmark. Ablation x4c nhian cd KAC 1an chinh quy héa FIM déu thiét yéu.

Table 4.2: Do chinh xdc cudi ciing (%) — tém tat. In ddm = t6t nhit.

Mo hinh C-100 CUB RESISC
ITA-LoRA 89.96 8555  82.00
ITA-(IA)3 90.66 85.67  83.73

DAKTA (Ours) 91.21 87.59  85.82

Phan 3: SO-LoRA — LoRA Truc giao Thua thét.

SO-LoRA (Hinh 4.8) gidi quyét mau thuan giita c6 1ap adapter theo tic vu (ton
O(T) bd nhd) va adapter dung chung (d€ nhiéu loan). Phuong phap duy tri ¢d s3 truc
chuin ¢ dinh A € R (khdi tao qua QR, déng bing) va mbi tac vu chi hoc ma tran hé
s6 thua thét B®: W® = W, + AB®. Nhiéu loan gifta hai tic vu bi chin theo chuin
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{1 ctia B® (group lasso), va mot miit na mém nhan biét gradient M bao vé céc chiéu

rank quan trong dua trén trung binh dong mii ctia chuén gradient.
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Figure 4.8: SO-LoRA: hé sb thua thét B® trén co sé truc chudn c¢b dinh A, v6i mit na

nhan biét gradient M.

Trén ImageNet-R, SO-LoRA xép hang nhat  moi do chi tiét tac vu (5/10/20), suy
giam rat nhe tir 79,78% xubng 78,15% khi ting tii 5 1én 20 tic vu (so véi O-LoRA:
72,76%—60,98%). Trén ImageNet-A, SO-LoRA dat 60,27%, cao hon gﬁn 5 diém so vdéi
SD-LoRA. Trén CUB-200, SO-LoRA dat d6 chinh xac cao nhit (81,58%). Ablation cho

thdy mit na nhan biét gradient déng gép cai thién nhit quin nhéit.

Table 4.3: Hiéu suit tom tat (Acc, %). In ddm = t6t nhit.

Phuong phap IN-R(5) IN-R(20) IN-A CUB
O-LoRA 72.76 60.98  44.46 70.12
SD-LoRA 79.02 7543 5535 77.38
SO-LoRA 79.78 78.15  60.27 81.58
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Tong két

Ba chién lugc dua trén kién triic b6 trg nhau, gidi quyét cac han ché then chdt cia
hoc lién tuc: (1) multi-head OPE/APF/ELI tach biét du doan trong tac vu khoi nhan dang
tac vu va hiéu chinh tr6i dat 4n trong CIL truc tuyén; (2) DAKTA thay dau tuyén tinh
bing bd phan loai Kolmogorov-Arnold, mé rong chinh quy héa Fisher, dat do chinh xac
cao va mtc quén thip trén cac benchmark nhin dang chi tiét; (3) SO-LoRA cd lap hinh
hoc céc biéu dién tic vu trong mdt co sd truc giao cb dinh, bdo vé dong cac chiéu quan
trong, cho kha ning md rong manh trén chudi tac vu dai va diéu kién dich chuyén phan

phdi nghiém trong.
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Két luan va Huéng phat trién

Luén 4n nghién cttu cac phuong phap gidm thiéu quén nghiém trong trong hoc lién tuc
thong qua mot tién trinh ba giai doan tuong ting v6i ba miic do rang budc thuc té. Giai
doan thit nhit (Chuong 2) dé xuét replay prototype bao toan quyén riéng tu, két hop ting
cudng nhiéu Gaussian v md-dun Cén chinh An dua trén Ning Iuong (ELI) d€ hiéu chinh
trodi dat bi€u dién, dat hiéu suét ngang bang hoic vuot troi so véi cac phuong phap luu dit
liéu thuc trén FewRel va TACRED. Giai doan tht hai (Chuong 3) loai bd hoan toan viéc
luu trit dit liéu véi CL-plugin (dat Macro-F1 tién tién nhét trén benchmark 19 tac vu) va
ZeroRFF (md rong nguyén 1y khong-exemplar sang thi gidc class-incremental), khang
dinh tinh kha thi cua hoc lién tuc khong-exemplar trén ca NLP va thi gidc may tinh. Giai
doan thif ba (Chuong 4) gidi quyét rang budc dung luong tham s6 bang bén phucng phap:
multi-head OPE/APF/ELI, DAKTA, va SO-LoRA, lan luct dat két qua tot nhét trén
CCHS5000, sau benchmark so v6i ITA-LoRA, va ImageNet-A/CUB-200/ImageNet-R.
Céc giai doan c6 tinh tuong ho, thé hién qua viéc ELI dugc tdi stt dung & Chuong 4 va
ZeroRFF chia sé nén ting khai niém v6i SO-LoRA.

Tuy nhién, luin 4n con mot s6 han ché: cac phuong phap gia dinh ranh gidi tic vu
da biét truée, chua dugc danh gia hé thdng trén chudi hang trim tdc vu, pham vi thuc
nghiém dudc gi6i han & viin ban va anh, va chua nhit quan vé backbone (ResNet-18 so vdi
ViT-B/16) & Chuong 4. Huéng nghién cifu tuong lai bao gdm xiy dung mot meta-khung
thich nghi theo ngit canh dé tu dong lua chon giita replay, chat loc va md rong kién tric;
md rong s6 hoc tic vu dua trén LoRA sang cic md hinh ngdn ngit 16n; hoc lién tuc khong
ranh gidi tdc vu thong qua phat hién ranh gidi diéu khién bsi OPE; va cac kich ban da
phuong thuc.
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