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1. Phan biét mot so kiéu hoc (learning paradigms)

* Lifelong learning [1]

« Nhdn xét vé cdch hoc ctia con nguoi:
« Con nguoi tich luy kién thirc theo thoi gian.
« Khi gap van dé md&i, mot so kién thirc da hoc tir trwde pht hop va coé lién quan duoc sir
dung dé€ giai quyét no.

« Qua thoi gian, khi da cé nhiéu kién thirc hon thi viéc hoc tréd nén dé dang hon.

= Muc tiéu cua lifelong learning 13 bat chuwéc cach hoc cua con ngudi.

[1] Zhiyuan Chen, Bing Liu, Ronald Brachman, Peter Stone, and Francesca Rossi. 2018. Lifelong Machine Learning (2nd. ed.). Morgan &

« Claypool Publishers. .
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1. Phan biét mot so kiéu hoc (learning paradigms)

* Lifelong learning

 Dinh nghia:
 Tai thoi diém thir t:
 Previous tasks gom N — 1 tasks T4, ..., Ty_; tuong &ng v&i cac bo dir liéu Dy, ..., Dy_4.

 Cac tasks nay co thé thudc cac loai khac nhau va cac linh vuc khac nhau (different types and

different domains).
« Current task (new task) 1a Ty v&i dir liéu Dy.
« Tan dung kién thirc da hoc (past knowledge) trong knowledge base (KB) dé hoc task mai nay.

» Sau khi hoc xong task ma&i, cap nhat tri thire méi hoc duoc vao KB.
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1. Phan biét mot so kiéu hoc (learning paradigms)

: : -~ Task Manager T TS
* Lifelong learning ; BT NewTusk
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N - Previously Learned Tasks Future Learning Tasks _ /
Dy 41
Knowlege-Based
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Learner
Past Retained
Knowledge Knowledge
Knowledge Base
(KB)

Kién tric hé thong lifelong learning [1]
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1. Phan biét mot so kiéu hoc (learning paradigms)

* Lifelong learning

* 3 ddc diém chinh (key characterisics):
« L3 qua trinh hoc lién tuc (continuous learning process)
 Luu gilr va tich luy (retain and accumulate) kién thirc theo thoi gian.
« SUr dung kién thirc da hoc dugc dé gitp hoc nhirng cong viéc mdi (use previous knowledge
to help new learning tasks).

= M6t s6 kiéu hoc khac co dac diém lién quan: transfer learning, multi-task learning, meta

learning, online learning.
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1. Phan biét mot so kiéu hoc (learning paradigms)

* Transfer learning [1]

« Trong NLP, CV con duogc biét dén la domain adaptation.

* Thudng lién quan dén 2 domains: source domain va target domain, cu thé:
* Source domain: mot lvong I&n dir li€u duoc gan nhan.
« Target domain: it dir liéu dugc gan nhan hoac khéng co.
« 2 domains nay duogc gia st 1a twong tu nhau (similar domains) va thuwong dwoc chon bai con
nguoi.
* Muc tiéu cua transfer learning: sir dung di liéu duwoc gan nhan & source domain

dé giup viéc hoc trong target domain.
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1. Phan biét mot so kiéu hoc (learning paradigms)

 Domain adaptation

Partial DA Open set DA

Closed set DA

Target domain
Source domain
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Phan loai domain adaptation theo nhan I&p [2]
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1. Phan biét mot so kiéu hoc (learning paradigms)

» So sanh gitra lifelong learning va transfer learning

Transfer learning

Lifelong learning

Giong nhau | St dung kién thirc trwéc dé dé hoc kién thire maoi.
- Khéng phai qua trinh hoc lién tuc. - La qua trinh hoc lién tuc.
- Khéng tich luy kién thire. - Tich luy kién thirc.
- 1 chiéu (unidirectional): chi cé kien thirc | - K&t qua hoc tir domain hay task méi co
) tlr source domain dwoc dung dé hoc thé dung deé cai thién viéc hoc trong
Khac nhau

target domain.

domains hay tasks trwéc do.

- Thwdng chi lién quan t&i 2 domains: mot
source domain va mét target domain.

- Quan tam t&i mét lwong I1&n tasks/
domains.

- Gia sir source domain va target domain
la twong tw nhau (similar domains).

- Khéng ¢6 gia st nao nhu transfer
learning.
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1. Phan biét mot so kiéu hoc (learning paradigms)

« Multi-task learning (Batch multi-task learning) [1]
e Quan tdm dén viéc hoc nhiéu tasks lién quan dong thoi.
* Muc tiéu ctia multi-task learning: maximize hiéu nang trén tat ca cac tasks.

* M& rong cua batch multi-task learning la online multi-task learning:
e Hoc tasks mot cach tuan tu.
 Tich luy kién thirc qua thai gian dé ap dung hoc tasks mai (hodc cai thién tasks trude do).

* Online multi-task learning la lifelong learning.
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1. Phan biét mot so kiéu hoc (learning paradigms)

« Multi-task learning va lifelong learning

Multi-task learning Lifelong learning

Giéng nhau | S& dung moét vai thong tin dwoc chia sé qua cac tasks dé giup cho viéc hoc.

- Khéng phai qua trinh hoc lién tuc. - La qua trinh hoc lién tuc.

Khac nhau
- Khéng tich luy kién thirc. - Tich luy kién thirc.

¢ MOt s6 cach ti€p can ctia multi-task learning dugc str dung trong lifelong learning: architecture-based

approach (Parameter Sharing), Gradient-based multi-objective optimization

' DAIHOC BACH KHOA HA NOI

Cwign  HANOIUNIVERSITY OF SCIENCE AND TECHNOLOGY

11



1. Phan biét mot so kiéu hoc (learning paradigms)

* Online learning/streaming learning/incremental learning [1]
 D{t liéu dén theo dang chuodi.
« Muc tiéu cta online learning: t6i uu hiéu nang trén task can hoc (given learning
task).
 Thuong duoc sir dung khi:
 Viéc huan luyén trén toan bo tap dir liéu Ia khong kha thi.

« Ung dung thuc t&€ khong thé chd dén khi cé du luvong dir liéu duoc thu thap.

E@ DAl HOC BACH KHOA HA NOI
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1. Phan biét mot so kiéu hoc (learning paradigms)

* Online learning va lifelong learning

Online learning Lifelong learning

Giong nhau | Qua trinh hoc lién tuc.

- Hau hét cac nghién ctru vé online
learning hudng t&i x&r ly cung mot
domain/task theo thoi gian.

- Hwéng téi hoc tr mot chubi cac
tasks/domains khac nhau.

Khac nhau - Tich lu§ kién thirc dé gitp viéc hoc tasks
- Khéng tich luy kién thirc dé hoc tasks mai.
maoi. - St dung kién thirc cii dé giup viéc hoc
tasks moi.

« Lifelong learning st dung cach ti€p can hiéu chinh (regularization/prior-based approach) ctia online learning

cho cac shared parameters dé chuyén giao tri thirc gitra cac tasks

E@ DAl HOC BACH KHOA HA NOI
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1. Phan biét mot so kiéu hoc (learning paradigms)

e Meta learning [1] con duoc goi 1a “hoc cach hoc” (learning to learn)

e Muc tiéu ciia meta learning: hoc task ma&i chi v&i lvgng nho dir liéu huan luyén

bang viéc sir dung mét model da dugc huan luyén trén nhiéu nhirng tasks (vi

— meta-learning

du N'WaY'k'ShOt C|aSSiﬁcati0n) 9 ---- learning/adaptation

] . 5 5 VL;
 Hé théng meta learning gom 2 phan: ch j
VCl /,/'. 3

* Meta learner (slow learner) g N
1.’ \.9;

 Base learner (quick learner/adaptation module) Model-agnostic meta-learning [3]

= model hoc dugc tir meta learner giup base learner hoc hiéu qua chi véi mot lvgng rat it dir

liéu huan luyén.

DAl HOC BACH KHOA HA NOI
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1. Phan biét mot so kiéu hoc (learning paradigms)

* Meta learning va lifelong learning

Meta learning

Lifelong learning

tr tap tasks cd dinh
- Hwéng toi thich nghi nhanh véi task moi

Gidng nhau | - St dung kién thirc tir tasks nay dé hoc task mai.
o ‘ - Lifelong learning hwéng tdi gidi quyét
- Hau hét cac nghién clru vé meta learning | cac tasks khac nhau tw nhirng domains
dwa ra gia st tap dir liéu twong tw nhau khac nhau.
Khac nhau |- Léy mau tasks trong bwédc meta learner | - Cac task dwoc hoc lién tuc khong lap lai

- Hwéng dén ca thich nghi nhanh task mai
va tranh quén task ci
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2. Hoc lién tuc (Continual learning)

« Ban dau, Lifelong learning trong deep learning thuong duwoc goi la continual learning [1]

« Continual learning quan tdm dén van dé quén nghiém trong (catastrophic forgetting) [7]
 Khi huan luyén trén tasks mai, neural network cé xu huédng quén thong tin da hoc duoc tir nhirng
tasks trudc.
= Lam giam hiéu suat moé hinh trén nhirng tasks ca.
« Hién tuong nay lién quan chat ché dén hién tuong stability-plasticity dilemma [8].
« Né&u model qua 6n dinh thi khé khan hoc théng tin mai.
« Né&u model qud mém déo thi gap van dé quén di thong tin da hoc duoc.

 Continual learning dugc xem xét trong cdc ML models: SVM [4], Topic models [5], decision tree [6]

BAIHOC
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2. Hoc lién tuc (Continual learning)

« Continual learning: Hoc chudi cac tasks lién tuc Defined task

boundaries?

. > ~° P _ka‘o /16
« 3 kich ban pho bién [9]
Task identity known Continuous
» Task-Incremental Learning (TIL). during training? | | task-agnostic learning
Domain-Incremental Learning (DIL). / \
Task identity known Discrete
during testing? task -agnostic leammg]

« Class-Incremental Learning (CIL).

Y Online Continual Learning

Tasks share
output head?

* Online continual learning: Nghién ctru continual learning

learning

trong online setup (dr liéu dén lién tuc, phan phaoi cua TIL &

Domain
learning

DIL CIL

dir liéu thudng xuyén thay doi).

Mot s6 kich ban chinh trong CL [10]

7 DAIHOC BACH KHOA HA NOI
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2. Hoc lién tuc (Continual learning)

Incremental Task Learning Incremental Domain Learning

Incremental Class Learning

1
LI EBp
Class
T3
; § 0128
Class
Legend: Shared layers Active head (classifier) Inactive head |
Minh hoa cac kich ban CL [9]
7 DAIHOC BACH KHOA HA NOI
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2. Hoc lién tuc (Continual learning): Evaluation Metrics

e SUr dung tap hold-out test cho maoi task trong T tasks

« Huan luyén lan lwot cac task va danh gia trén tap hold-out test cltia cic tasks: Xay dung matrix

Rryr trong do R; ; la accuracy cua mé hinh trén task j khi hoc xong task i.

« 3 d6 do pho bién: Average Accuracy (ACC), Backward Transfer (BWT), Forward Transfer (FWT)

1
e ACC =FZ’{=1RT,1'
1
e BWT = E ?:1(RT,L'_ Ri,i)

1
* FWT = —¥i1Riq

" DAI HOC BACH KHOA HA NOI
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2. Hoc lién tuc (Continual learning): Mot so6 cach tiép can

 Ba cach ti€ép can phd bién:
* Prior/Regularization-based approach
* Memory-based approach

* Architecture-based approach

P PAIHOC BACH KHOA HA NOI
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2. Hoc lién tuc (Continual learning): Prior/Regularization-based approach

« B6 sung dai lwong regularization hoac distillation loss vao ham loss hién tai d€ gitr tham s6 moé
hinh hién tai “gan” véi tham s6 mo6 hinh & task truéc
L,(8) =L, (0)+A0-0"HTat~1(e -0t 1)
v&i 0 13 tham s6 md hinh (weights), L, 1a ham loss cho task k, Qt~! m3 héa d6 quan trong cla weights
« Nhiéu cach khac nhau m3 héa d6 quan trong
* Elastic Weight Consolidation (EWC [11]) s& dung Fisher Information
 Synaptic Intelligence (SI) [12] dwa trén giam cia ham loss

e Memory Aware Synapses (MAS) [13] dua trén bién d6i cda dau ra (output)

' DAIHOC BACH KHOA HA NOI
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2. Hoc lién tuc (Continual learning): Prior/Regularization-based approach

e Variational Continual Learning (VCL) [14] st* dung cach tiép can Bayes:
P(0|D4, D, ...,D;) x P(D¢|0)P(0|D1, Do, ..., D¢_1)
V&i D, 1a dir liéu huan luyén cta task t
« Tri thirc hoc duoc & nhirng task trudc dong vai tro 1a tién nghiém (prior) cho task hién tai:
P(0|D1, Dy, ..., Dt—1) = q¢—1(8)
* S dung online variational inference
Eqe)log P(D¢[0) — KL(q(0)|1q-1(6))

v&i q(0) 1a xap xi phan phoi hdu nghiém & task hién tai

" DAI HOC BACH KHOA HA NOI
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2. Hoc lién tuc (Continual learning): Memory-based approach

« SUr dung bd nhé nho (memory buffer) [15] d€ luu lai data tir cac tasks truwdc va huan luyén lai
cung va&i task hién tai (rehearsal)
« Nhiéu chién luvoc lva chon data dac trung duoc dé xuat
¢ Chon data dai dién dua theo I&p (herding algorithm)
« Chon data “kho”: Nam gan bién phan loai (decision boundary) hodc gy ra loss 16n
« S dung cac chién luoc bi-level optimization
« Xay dung cadc mé hinh generative models [16] dé sinh lai d{ liéu cii hodc sinh lai biéu dién cua

~ [V ~

dir liéu ch

 Gradient Episodic Memory (GEM) [17] and A-GEM [18] lwu di¥ liéu dé ngan cap nhat weight

theo hudng gradient lam giam loss trén dir liéu ca.

' DAIHOC BACH KHOA HA NOI
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2. Hoc lién tuc (Continual learning): Architecture-based approach

" DAI HOC BACH KHOA HA NOI

Hoc mét phan kién truc (sub-network) [19] cho mai task va luu sub-network
Pdng bang phan kién tric nay va md& rong mang dé hoc task mai
Lap lai 2 budc
* Network expansion
« Sparse learning
V&i TIL, tiép can dua trén kién trac khong bi quén task c

V&i DIL va CIL, can budc xac dinh task boundary khi inference

Cwign  HANOIUNIVERSITY OF SCIENCE AND TECHNOLOGY
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2. Hoc lién tuc (Continual learning): Architecture-based approach

O 00000

00|06 000

O @ @ 0 0000
O O||e0 O||00 O
® @ OX X© OF JOF

(a) Initial filter for Task I (b) Final filter for Task | (c) Initial filter for Task Il (d) Final filter for Task Il (e) Initial filter for Task Il

N N7

60% pruning + re-training training 33% pruning + re-training training

PackNet [25]

y g Input Layer 1 Layer 2 ... LayerL Feature Predlctlon\ Mask Layer

Feature Extractor F i , Layer [-1

—’®

Feature Extractor .
Mask m ,

Super-Feature

] .q

—> C1a351ﬁer

H,

New Feature Extractor F,

Auxﬂlary Sparsity Loss ||
Mask ' ' Classifier i t ’
— Layer 7 _"" P Mask Parameters

-------------------------
4 DAI Hoc BACH KHOA HA NOI ..................................... —_
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3. Rehearsal-free continual learning

« Sir dung memory buffer dé€ Iuu data cta previous tasks gap phai van dé data privacy => Pong luc
Rehearsal-free continual learning

« Cach ti€p can dua trén regularization/prior hodc architecture c6 thé khong yéu cau sir dung
memory buffer.
« Chilam viéc tot vai TIL
« Thudng van yéu cau memory buffer trong CIL

« Cach ti€p can dua trén generative model c6 thé khéng yéu ciu luwu raw data cua task trudce
e G3p van dé quén trong chinh generative model
e Yéu cau luu nhiéu generative models

' DAIHOC BACH KHOA HA NOI
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3. Rehearsal-free continual learning

« Hudng tdi gidi phap bo nhé tam (episodic memory) thong minh hon, nhé hon thay vi luvu data

« Tan dung strc manh clia cac pretrained model (nhu ViT, Bert,...) va ky thuat prompt/prefix tuning
trong NLP khi finetune cac pretrained model

« Giai phap:
 Learning to prompt (L2P) [20] hu&ng t&i xay dung prompt pool chira cac prompts cho tat ca cac
task
e Dualprompt [21] hudng téi hoc shared prompt cho tat ca cac tasks va task-specific prompt
« Coda-prompt [22] huéng téi hoc co ché attention dé két hop cac prompt

« SPP (Steering prototypes with prompt-tuning) [23] va EPI (Efficient Parameter Isolation) [24]
hudng tdi loai bo shared parameters

DAl HOC BACH KHOA HA NOI
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3. Rehearsal-free continual learning: L2P [20]

Rehearsal-based methods: Our method:

Fine-tuning Prompt selection + tuning :...o: Irainable

Data buffer of

past tasks g . PR .
Mini- - 5 Query I prompt = Instruct
batching : Model N - Task N | ——> = pooil) : ———> Model 0
S C ——
Task N Mini-batching

L2P déng bang pre-trained model va hoc prompt pool. Kién thirc cu thé cho tirng task dwoc
lwu trir bén trong cac prompts trong prompt pool. L2P ty déng chon va cap nhat cac prompt
tu prompt pool khi hoc task mai [20].

DAl HOC BACH KHOA HA NOI
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3. Rehearsal-free continual learning: L2P

Prompt pool Inout n
(a shared memory space) | P ,
Prepend selected prompts ( Pretrained Embedding Layer )
@l { . T T I x
Kt ) Query function e{’ : 9 [P [P [P
M atch;;{p_a’i;s [ Pretrained Transformer Encoder }
O \\ / AngooI
, ( Classifier
A key-value pair |
Prediction

Minh hoa L2P [20]
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3. Rehearsal-free continual learning: L2P

RHXWXC

« Choanhdauvaox € va pretrained vision transformer (ViT):

f=frofe

Xe = f,(x) la mét embedding, sau d6 duoc dua qua f; ( f;- thé hién cho stack clia céc attention layers).

e SUr dung ky thuat prompt tuning: Prompt P, € RL*P dugc néi vao embedding x, dé tao biéu dién méi
Xp = [Pe; X, sau do qua l0p attention thu duoc fr(xp)

* Prompt pool duwoc dinh nghia nhw sau: P = {P;, P, ..., Py}, trong do
e M =tdng s6 prompts trong prompt pool
* P e R"P*P 1a mét prompt duy nhét véi d6 dai token Lp va cung kich thudc nhing D nhu x,

' DAIHOC BACH KHOA HA NOI
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3. Rehearsal-free continual learning: L2P

- MO0i data x s& lay N prompts tir prompt pool. Ky hiéu {s;}¥., 1a mot tap con cla N chi s6 tir [1, M], dau
vao duoc biéu dién nhu sau:

Xp = [Ps1; Ps2; Psa; .. Psys X

trong d6 ; biéu thi phép ndi doc theo chiéu kich thudc cda token.

. V@i moi sample x, lam sao Iwa chon N prompts tir prompl pool?
- Duya trén truy van query dé tim key va lay value
. Mgﬂ prompt |a gid tri cho mét khda cé thé hoc duoc: {(kq,Py), (ky, Ps), ..., (ky, Py)}, trong d6 ki€
RDk
- M6t ham truy van q: RF*W*C 5 RPk g8 m3 héa dau vao x vdi cung kich thuwdc nhu khoa. Sir dung
pre-trained model: g(x) = f(x)[0] (vector dac trwng tuvong &ng vai [class] token)

' DAIHOC BACH KHOA HA NOI

Cwign  HANOIUNIVERSITY OF SCIENCE AND TECHNOLOGY

31



3. Rehearsal-free continual learning: L2P

* Vi dau vao x, sir dung q(x) dé tim top-N keys bang ham muc tiéu don gian sau:

K, = argmin Z v (q(x), ks,)
{Si}f\;lg[laM] 1=1

trong d6 K, la tdp gobm N keys phu hgp nhat véi x tlr prompt pool. y la ham khoang cach (s& dung cosine
distance).

* Trong qua trinh hudn luyén task t, khuyén khich co ché truy van chon cac prompt da dang trong prompt
pool

« SU dung duy tri mét bang tan sé prompt Hy = [hy, h,, - - -, hy), trong d6 tan suat chuan hda chia prompt Pi
duwoc chon cho dén nhiémvu t - 1.

K, = argmin Z'y (q(x),ks,) - hs,.
{si};L,C[1,M] =1

' DAIHOC BACH KHOA HA NOI
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3. Rehearsal-free continual learning: L2P

« O mbi budc huan luyén, sau khi chon N prompts, tinh biéu dién
Xp = |Ps1; Ps2; Ps3; .. Psn; Xel
* Xp duwoc dua qua pre-trained model ViT f,. va bo phan loai cudi cung g4 duoc tham sé hda béi ¢.

 T6i thi€u héa ham loss khi huan luyén :

P.K,p

min E(g¢(fﬁvg(mp)),y) + )\ZV(Q(m)aksz‘)

trong do, fravg la output ma cac hidden vectors twong &ng tai N. Lp cla prompt d3 dwoc |y trung binh trudc
khi dwa vao dau phéan loai J¢

' DAIHOC BACH KHOA HA NOI
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3. Rehearsal-free continual learning: L2P

K&t qua thr nghiém so sadnh cac phwong phap trong kich ban CIL [20]

g Split CIFAR-100 , S-datasets

Metiiod Huliersize Average Acc (1)  Forgetting ({) Bullexisize Average Acc (1)  Forgetting ({)
FT-seq-frozen 17.72+0.34 59.09+0.25 39.49+0.12 42.62+0.20
FT-seq 33.61+0.85 86.8740.20 20.124-0.42 94.6340.68
EWC [21] 0 47.0140.29 33.27+1.17 0 50.9340.09 34.9440.07
LwF [28] 60.69+0.63 27.7742.17 47.91+0.33 38.0140.28
L2P (ours) 83.83+0.04 7.63-+0.30 81.14 +0.93 4.64 +0.52
ER [8] 67.8740.57 33.33+1.28 80.32+0.55 15.69+0.89
GDumb [46] 67.14+0.37 - 56.99+0.06 -

BiC [61] 10/class 66.11+1.76 35.24+1.64 5/class 78.74+1.41 21.15+1.00
DER++ [3] 61.06+0.87 39.8740.99 80.81+0.07 14.38+0.35
Co?L [4] 72.15+1.32 28.55+1.56 82.25+1.17 17.52+1.35
L2P-R (ours) 84.21+0.53 7.7240.77 85.56+0.95 4.22+40.03
ER [8] 82.53+40.17 16.46+0.25 84.264-0.84 12.8540.62
GDumb [46] 81.6740.02 - 70.76+0.12 -

BiC [61] 50/class 81.42+0.85 17.31+1.02 {07 85.534+2.06 10.27+1.32
DER++ [3] 83.94+0.34 14.554+0.73 84.88+0.57 10.46+1.02
Co’L [4] 82.49+0.89 17.48+1.80 86.05+1.03 12.28+1.44
L2P-R (ours) 86.31+0.59 5.83+0.61 88.95+0.78 4.92+0.71
Upper-bound || - 90.85+0.12 - H - 93.9340.18 -
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3. Rehearsal-free continual learning: Dualprompt [21]

* L2P s&r dung Prompt pool cé thé hoc dé& m3 hda kién thirc mot cach ngan gon hon so vdi bo dém trong
rehearsal-based approach.
 Hanché
« S&r dung nhiéu shared prompts gitra cac tasks
« K&t qua con thap hon vdi mét s6 rehearsal-based methods

* DualPrompt la hoc:
* G(eneral)-Prompt dung chung cho tat ca cac task
* E(xpert)-Prompt (task-specific prompt) dic trung riéng cho moi task

* Phuong phap nay tach roi khong gian prompt & mutc cao hon, gilp tiét kiém bd nhé va tang hiéu suat hon
so V@i cac phwong phap tap trung vao khéng gian biéu dién an & mirc thap hon.
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3. Rehearsal-free continual learning: Dualprompt

pmeemmeeeeee- »| Query function ¢ | ---------------oooeonn- .

Learnable parameters ) Zoom-in view
& & & -

G-Prompt g E-Prompt Ia l eT Value Replicau_e__ P B .
Multi-layered attaching — N [ ] BRARRE

MSA
,l, ——————————— Out utsofMSAIaer Ly »
[ I & y : pk hk Iayer
. :
— — — — — .. :—’i : —= Prediction g L Py hv |
I I I G P

rompt Split & attach

Input from  Projection& MSA Start position End position Learnable Prompting function
a task Embedding  Layer of g of e classifier

Trong khi G-prompt dwoc dung chung cho tat ca cac task, E-prompt s& dic trwng cho moi task. G-prompt va
E-prompt sé dwoc dat & cac layers khac nhau theo prefix-tuning hodc prompt-tuning [21].
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3. Rehearsal-free continual learning: Dualprompt

- MOt mang pretrained ViT voi N tang MSA lién ti€p, ky hiéu ddc trung nhing dau vao input cla I&p MSA
thilah® véii=1,2,...,N.

. G-Prompt: g € Rle*P véi d6 dai prompt Lg va chiéu nhdng D, la mot tham s6 dugc chia sé cho tét ca cac
nhiém vu.

. Gia st mudn dinh kém G-Prompt vao I&p MSA thit i, G-Prompt bién d&i h() théng qua mot ham:
hg) = forompt(8 h®)

trong do, frompt Xac dinh cach dinh kem prompt vao nhirng embedding an.
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3. Rehearsal-free continual learning: Dualprompt

- E-Prompt: E = {e,}{—; 1a tdp hop cac tham s cho task t tuong tng, trong d6 e, € Rbe*P ¢6 chigu dai
chudi L, va chiéu nhidng D giéng v&i G-Prompt, va T la tong sé nhiém vu.

. Khéac vé&i G-Prompt dugc chia sé, mbi e, duoc lien két véai mot key cu thé ke € RP cia task t
«  D4i véi mot vi du dau vao tir task t, dinh kéem E-Prompt vao [&p MSA thi j:

hg) — prompt(et' h(]))

trong do, frompt Xac dinh cach dinh kem prompt vao nhirng embedding an.

* Tuong tu trong L2P, ham loss nay cho viéc truy van E-prompt truc ti€p si dung toan bd mé hinh pretrained
lam ham truy van: q(x) = f(x)[0] (vector dac truwng twong (rng vdi [class] token), va dd khoang cach cosine y

Limaten(x, ke) = v(q(x), ky), X € Dy

* ki duoc xem la trung binh (prototype) cua task t
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3. Rehearsal-free continual learning: Dualprompt

WHERE: Can su linh hoat khi dinh kém cac prompt vao céc vi tri pht hgp nhat mot cach doc lap

. DBinh kem G-Prompt g® tir 16p startg dén |&p end,

«  Dinh kém E-Prompt et(l) tir &p start, dén l6p end,.

Vai (startg, endg) va (starte, end,) co thé hoan toan khac nhau hodc khéng giao nhau.

* Trong cac thuc nghiém, st dung grid search thuc nghiém mot tap hop cu thé cda starty, endg, starte,
end, trén tap validation
HOW: Viéc si* dung prompt cd thé dugc coi nhu viéc stra d6i dau vao cla cic 1dp MSA.

Pau vao cla ldp MSA 1a h € R*P| va ching ta ti€p tuc ky hiéu dau vao cho query, key, value cta Iép MSA
lan lwot la hQ, hKr hv.

- Prompt Tuning (Pro-T): ot (P, h) = MSA([p; hol, [p; hk], [p; hv)),
- Prefix Tuning (Pre-T): et (P, ) = MSA(hq, [pr; hk], [po; hv])
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3. Rehearsal-free continual learning: Dualprompt

. Ky hiéu:
* Kién truc vai cac hudng dan duoc dinh kém 13 fg.e;
* f¢ tang phan loai dwoc tham s6 hoa bai ¢

 T6i thi€u héa ham mat mat huan luyén:

g glikn ¢£(f¢(fg,et(m))7 y) + A‘Cmatch (33, kt) , I E Dtv

Trong do, L la ham mat mat cross-entropy, Lyatch 1a loss lién quan dén chon prompt phu hop, va A la mot hé
sO can bang scalar.
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3. Rehearsal-free continual learning: Dualprompt

K&t qua thir nghiém so sadnh cac phwong phap trong kich ban CIL [21]

Split CIFAR-100

Split ImageNet-R

Method Buffer size Avg. Acc (1) Forgetting (]) Buffer size Avg. Acc (1) Forgetting (])
ER [¥] 67.87+0.57  33.33+1.28 55.13+1.29  35.38+0.52
BiC [62] 66.11+1.76  35.24+1.64 52.14+1.08  36.70+1.05
GDumb [17] 1000 67.14+0.37 - 1000 38.32+0.55 -
DER++ [4] 61.06+0.87  39.87+0.99 55.47+1.31  34.64+1.50
Co’L [7] 72.15+1.32  28.55+1.56 53.45+1.55  37.30+1.81
ER [¥] 82.53+0.17  16.46+0.25 65.18+0.40  23.31+0.89
BiC [62] 81.42+0.85  17.31+1.02 64.63+1.27  22.25+1.73
GDumb [17] - 81.67+0.02 - - 65.90+0.28 -
DER++ [4] p000 83.94+0.3¢  14.55+0.73 o000 66.73+0.87  20.67+1.24
Co?L [] 82.49+0.89  17.48+1.80 65.904+0.14  23.3640.71
FT-seq 33.61+0.85  86.87+0.20 28.87+1.36  63.80+1.50
EWC [20] 47.01+0.29  33.27+1.17 35.00+£0.43  56.16+0.88
LwF [2§] 0 60.69+0.63  27.77+2.17 0 38.54+1.23  52.37+0.64
L2P [60] 83.86+40.28 7.35+0.38 61.57+0.66  9.73+0.47
DualPrompt 86.51+0.33 5.16+0.09 68.13+0.49 4.68+0.20
Upper-bound H - | 90.85+40.12 E || E | 79.134+0.18 -
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3. Rehearsal-free continual learning: Coda-prompt [22]

* Tao ra mot tdp hop cac prompts va két hop ching
dua trén mot vector trong s6 a dua trén query
q(x), thay vi mot chi s6 prompts |3y ra tr prompt

pool. m—»

P = E a7nP m learned in separate ]l Ky
m

optimization without Lo

= =11
(=Y

N

L} 7\-
w

D gradient flow

4 from model

@)
@ == separate

(| optimization

model gradients

key value
Trong do, P € R"*P>*M |3 tap hop cac prompts, M Previous work
la s6 prompts (P gdbm M prompt thanh phan, moi CoEY TTTTY
thanh phan 13 P,, € Ri»*P) va a 13 vector trong s6 o ©)
thé hién sy dong gdp cua tirng prompt thanh phan. a (©)
ol [ o
7 (¥ /7 ~ \ ? n n Vé E prompt E
* Dong bang cac prompt cli va mo rong thém cac Oy (e
prompt mai khi hoc task mai weight m component

Coda-prompt
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3. Rehearsal-free continual learning: Coda-prompt

* PO twong déng cosine gitta mot query va cac key dé tao ra vector trong s6:
a = v(q(x), K)

trong d6, K € RP*M |3 cac khéa tuwong (ng ddi vdi tap cac prompt thanh phan.

* Viéc khdp gilra query va key cd thé dugc coi nhu viéc gom cum trong mét khong gian chiéu D, d6 1a mot
van dé d3 biét va kho.

« Thém thanh phan khac vao viéc khdp gitra key va query:

* MOoi P,, c6 mot vector chi y twong tng A,,, cung vdi key K,,, => Hwdng tdi truy van tap trung vao cac
dac diém cu thé tir truy van q(x) cd so chiéu cao.

v(g(z) ©® A, K)
{(v(g(z) ® A1, Ky),...,v(q(z) © Apr, Kar) }

e

trong d6, A € RP*Mch(ra cac tham s6 cé thé hoc dugc (attention vector)
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3. Rehearsal-free continual learning: Coda-prompt

 Khi chuyén d&n mot nhiém vu mdi, CODA déng bang cac thanh phan hién tai cda minh va ma rdong tap hop,
chi cdp nhéat cac thanh phan mai

=> giam thiéu hién tuwong quén dét ngot 1a trdnh viéc ghi dé 1&n kién thirc d3 hoc dwoc tir cdc nhiém vu truwdce
do.

image input
Y () PR sl

A
W) . o
| »  Pre-Trained Transformera » Classifier
T T Tprompts inserted into layers [
Eq. (5) Eq. (5) Eq. (3) '
Query ] e fn
P & & —_— optimize
T — © =5 Cosine Similarity component > Matmul ——— pir
query T weighting
u“’
e Attention Prompt Keys Prompt Components
Multi-Layer ] g oMty g "OmPttomP .
expansion expansion expansion »

TUr Anh dau vao, coda-prompt st dung co ché attention dé téng hop cac prompts lai va két
hop vao cac layers
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3. Rehearsal-free continual learning: Coda-prompt

* Toan bd ham mat mat huan luyén :

S L : q,
pn,élil,in@n (fo(fork.a(x)),y) +

)\(cor‘tho (P) ok Eo-rtho (K) s & ‘Corth.o (A))
trong do, P™, K™, A™ dé cap dén cac thanh phan goi y va cac khda, vector tap trung tuwong &ng clia ching,

duoc gilt nguyén va huan luyén trong qua trinh nhiém vu th n (task-n), va A 1a mot siéu tham s can bang sy
mat mat vé tinh tryc giao.

* Rang budc vé tinh truc giao cho P, K va A giup giam gay xung dot |an nhau gitra kién thirc task cli va mdi
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3. Rehearsal-free continual learning: SPP [23]

Két hop y tudng architecture-based approach: Chi str dung task-specific prompt va khéng sir dung
shared prompts

Training Embedding Space Inference T : step 1, coarse retrieval (J : query vector
O . data sample PEE PP R SO TS A— B T : step 2, fine-grained matching I : distance
e .
/\ : value prototype  ,’ o <> L <> \ Memory Space
. o > Sk SO DO i L o
: key prototype | T : o P ' T -
0 Y P typ ) ; /f \\ ! i > | 1 N 6
. oA A 0l e S Bt s -.
. learnable prompt N v A <> P v <> il [:] D A .
R S kD O ________ . NJ i A __________ | 5
I - push force ST 1 ______ T i I e predi;:ted
* - pull force MLP MLP MLP d class
1 £ It t , e
S — ' : 4 0‘,2/'D i
ViT ViT Vi e e ViT / 3
I i @) 06 !
1 1 D . 1
Fixed embedding | 105 O ;
function . % . % . % Test A { / /
: — 045
. image oo .\.A -_-"/
Task 0 Task 1 « « « Taskt (current) =

Luu prototype (class mean) clia cac I6p cl va st dung contrastive learning dé phan tach biéu dién
cua cac class madi vai class trudce trong khi hoc task-specific prompt

« Xac dinh task id khi test dua trén khoang gitra biéu dién cltia data v§i prototypes
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3. Rehearsal-free continual learning: Mot s6 van dé chinh

 Rehearsal-free approaches van gap phai cac van dé co ban trong CIL

« Thiéu co ché tranh quén khi shared parameters gilra cac tasks trong L2P [20], Dualprompt [21],
coda-prompt [23]

» Cac ky thuat xac dinh task ID don gian
« Dua trén cac ky thuat hoc khéng gidm sat (unsupervised mechanism) nhu trong L2P
« Dua trén prototype clia task (task mean) nhu trong Dualprompt
« Dua trén khoang cach gan nhat t&i prototype ctia mot I6p trong task dé nhu trong SPP [24]
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