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ImageNet Dataset
- A database of millions of images labelled by nouns (classes)

= 1000 classes with 700 or more images

- Widely used in to learn classification: ,image=class

= The Continual ImageNet Problem
+ Here we seek a minimal change from Deep Learning practice
- Each class separated into 600 training examples and 100 test examples
+ Classes taken in pairs to produce a sequence of 500+ binary classification tasks

+ e.g., Class1 vs Class2, 1200 training examples, 200 test examples,
then Class3 vs Class4, 1200 training examples, 200 test examples, etc

+ Performance measure: %correct on test set (by argmax) at end of each task

+ Averaged over 30 independent runs, varying class pairings, test sets
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ImageNet Dataset
- A database of millions of images labelled by nouns (classes) ':‘I
- 1000 classes with 700 or more images

- Widely used in to learn classification: image=class

= The Continual ImageNet Problem
+ Here we seek a minimal change from Deep Learning practice
+ Each class separated into 600 training examples and 100 test examples
+ Classes taken in pairs to produce a sequence of 500+ binary classification tasks

- e.g., Class1 vs Class2, 1200 training examples, 200 test examples,
then Class3 vs Class4, 1200 training examples, 200 test examples, etc

+ Performance measure: %correct on test set (by argmax) at end of each task

- Averaged over 30 independent runs, varying class pairings, test sets
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Network and Training Procedure (ImageNet)

- All 500 binary classification tasks share the same network, heads reset at task switch

- Standard neural network, though slightly narrow for ImageNMet (bc. only 2 classes at a time)
(3 convolution layers of 32/64/128 filters + 3 fully-interconnected layers of 128/128/2 units)

+ For each task, 12 batches of 100 examples, 250 epochs (passes through the data)
- Weights initialized by Kaiming distribution, only once, before the first task
- SGD with momentum on the cross-entropy loss, RelU activations

- Many variations on the network and hyper-parameters were tested
1o obtain good and representative performance on the first task

How will performance evolve over the sequence of tasks?
Will performance be better on the 1st task or the 2nd task? the 500th?
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Network and Training Procedure (ImageNet)

= All 500 binary classification tasks share the same network, heads resel at task switch

- Standard neural network, though slightly narrow for ImageNet (bc. only 2 classes at a time)
(3 convalution layers of 32/64/128 filters + 3 fully-interconnected layers of 128/128/2 unils)

- For each task, 12 batches of 100 examples, 250 epochs (passes through the data)
- Weights initialized by Kaiming distribution, only once, before the first task
- SGD with momentum on the cross-entropy loss, ReLU activations

+ Many variations on the network and hyper-parameters were tested
to obtain good and representative performance on the first task

How will performance evolve over the sequence of tasks?
Will performance be better on the 1st task or the 2nd task? the 500th?
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Continual ImageNet Results — Overview

a0
Backprop (a = 0.01) « Performance on first task is =89%
85 .
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e
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averaged over 30 runs) Il T gt S e \\ * step-sizes
751 = - * network sizes

|Backprop (a = 0.0001) « Each line takes 24 hours to compute

701 J
1 Task number (bins of 50) 2000

For good hyper-parameters, plasticity decreases across tasks,
nearing the poor performance level of a one-layer (linear) network, or wors

“Catastrophic” Loss of Plasticity
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MNIST dataset

+ 60,000 images of handwritten digits, ten classes 0-9,
grayscale 28x28 pixels,

+ The same 60,000 images with the pixels randomly permuted

= The Continual MNIST Problem
- A sequence of Permuted MNIST tasks

+ In each task, all 60,000 images presented in a random order

+ No indication of the new task (weights initialized once before 1st task)

+ Online cross-entrapy loss, report argmax %correct
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Understanding loss of plasticity (MNIST)

Percent of Dead Units Weight Magnitude Effective Rank
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Understanding loss of plasticity (MNIST)

Percent of Dead Units Weight Magnitude Effective Rank
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The effective rank of activity in the
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Understanding LoP in Existing DL Methods (MNIST)

Percent of Dead Units Weight Magnitude Effective Rank
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b (bu and Shrinking keep the Effective rank is still a problem for
dying weights from getting large L2 and Shrink & Perturb
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Slowly-Changing Regression (SCR)
a new idealized problem targeting continual learning
- Target function is that formed by a 1-hidden-layer

Target € R neural network with random +1 weights and binary
(linear threshold) hidden units

Single linear unit = Input is 21 bits
/ = 1 constant bias bit =1
= 5 bits that are set randomly on every example i.i.d

100 Linear
Threshold Units

+ 15 bits that change very slowly; one is selected at
random, and flipped, every 10,000 steps

* The result is a slowly-changing target function in the 5
rapidly changing bits

21 bina ts
et P = The learning network has the same structure, but

learned weights and differential activation function,
and only § hidden units

B 11 AR A LE (5 R a5 . U

—ERR R RBE R FETMZ TR 2 ReLU EIATSIE . o B0s e SO BEAR LY 42
BAERNA L IS TR, HERR

/

o

2
Lﬂ.

Slowly-Changing Regression (SCR)

a new idealized problem targeting continual learning

Target € R

Single linear unit

100 Linear
Threshold Units

21 binary inputs
con

+ Target function is that formed by a 1-hidden-layer

* Input is 21 bits

- The result is a slowly-changing target function in the 5

» The learning network has the same structure, but

neural network with random +1 weights and binary
(linear threshold) hidden units

- 1 constant bias bit =1

- 5 bits that are set randomly on every example i.i.d

= 15 bits that change very slowly; one is selected at
random, and flipped, every 10,000 steps

rapidly changing bits

learned weighls and differential activation function,
and only 5 hidden units

12 BE RS IET MR T T RO R AR AT 5 g,

Joft 2 Bk e s M

JIr A DL P38 R RS AT WA DX R R ) DX S0 P/ N XIs . 0 A IR B e Ao JEE
RIS (AR, BEEIIZRBHT B ARLRE/ N DI (2415318 ) o BB AU eI Al
“hR/MET MBS, FRAEE G s AU R TR T R

7.4 ARRUDE;

GV — N AT RGBT BA 7RISR Y T EIE by
7’%‘%&%2@%&&2@?%5‘%ﬂ9ﬁﬁ, HEHROE RO A RERG . BEWAB T KA. NERE
7 MERERRT S, S SERIRA IR ACER O T B I AR R 3

L5 T RS A X ] - 00:32:00-00:33:00,
2 005 0 i P i) DX i) - 00:33:40-00:34:40,



8 Continual Backprop: il:JxmfEfkEisisr2]

W& G2k E i Shibhanjan Dohare =i, 32 fi#h 7% Continual Backprop (7% |1
%45

8.1  BrifE L I fL BRI FF Y 2T ki

Dohare Jig [al BitA7 i 5 i 3% i m A~ AU - (1) H/DEELE 46 AR (AUI—)5 (2)
A LT B fdR Y, TR S TR R — D R ATk R A ey skt i, Z
JRHAER . —ANHEIEFFZE IR, BVAE AT o Z S 34 -

Is Conventional Backpropagation continual?

- Conventional Backpropagation algorithm:
+ Initialization with small random weights

+ Gradient Descent at every time-step

] 13: WA ) P4 S Rt S i e i e . 1

8.2 DA R HEIGIE
IStk Rrg” ERMEE BT, MR MR ETGRE. ERNERESG S, EF
g ORAT I, F 52 Continual Backprop SREUH A 4L :
L HEE MG BEos, AERER ;
2. HATEPRE E—— R RO A AR oT (BIAsET-HoT, sUHERAN R0 i), 1t
ROR AR ST E A I B AL T .
Continual Backprop WJ—fJiGHlkhG
EEABE TR b, eSS LR T e 80R SRR IH SR T8 “WItaik” X1
HIEFF M — RS, ZB R A2 ) i AR ) AR A

8.3 M Generate-and-Test %% 2™

X—E %5 Mahmood & Sutton B4 H ) Generate-and-Test (4 5i8) BAH—Hk
FHA: ARG e MNRHAOH . PRE PR Y@IKZER) . Continual Backprop 1E /iR “Rpglag>]”
5 - . ANidJEEE Generate-and-Test JaBR T Hukasf)z. sl (BscHA—
ASNWEAE ) o ATARRHAE 2 2)2. 24l (fan-out > 1) FHEEMZ, FHHEA Adam A
R

3 5 TSR] X ] - 00:37:22-00:38:00,
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8.4 PRI TR
W) B Z 20, “RH” g gL . Dohare B4 A DU B Z

1. S BRI 2 JRi5 Generate-and-Test H A —/NFIFACE, &JHBIHIRE; 221
JURNRERICE A IR A D Jwgt |

2. LIPS X1 ReLU SR BUAAHEE , BOCHER M RUZ2ZE R R0K, HEEHUEE IR 2 AR A
EITIF IS @ (W LTU &—gUR B, HHBEE R 0/1).

3. BEn Y (lability): ZFFET AL % Bl g T — 3O “WITRERRELE I BYE ok %
B

4. yiBREeRS MM AERS IR — > Boch, BRI SIS T S CRY IR ED, DA RS ERATY
KA.

HERX VAR, 53— B R e S0 fa] S B E M A SO e R AR P

N
e \/ (Z ‘wOUtD '\L/’
———
PRI I, A

PERIT G BRBOT a PP wit s BITNIFRAOC § RORCE ;£ R EROTRY TR (M
m%ﬁﬁﬁ,ﬂﬁt%,t%%ﬁﬁﬁ

Continual Backprop:

Stochastic Gradient Descent with Selective Reinitialization

Cansumers - Extensions to Mahmood's work:
‘a;‘;w'{- - General multi-layer networks where fan-out is greater than one
- Consider feature activity in its utility instead of just the outgoing weights

fapdn/ | WO\, W - Also consider how labile a feature is when computing its utility

b froal 5 funine - Transfer a feature’s average contribution to the bias of its consumers,
s0 the consumers are less affected by the feature's removal

+ (Future direction) A global measure of utility instead of a local measure

B 14: N R R AR WO .

Dohare tHLHUE 24 FIZUE 2 it (LA ZITH SiH AR #hACGE . 0% ), JFHEm—1
R T I A e A O A B BT AR T 3m BRE ) 2 AR BE . A, MY <A
B FOR MR ERRAE, RSB TTHEA SRR 0y 144 b7 20k BB THEBE

P4~ WIHARR SO J5 1h)

(1) WSRO ER2R/RBA; (2) A “EFHIIGMA" £ mERE LS. PIEHe

Generate-and-Test iX—H %) HEZE N REFTREMEIIA T

L TR ISR X ] - 00:42:33-00:43:30,
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8.5 AF/PGG

Continual Backprop [0l “—IRPERIIRIL” MoE AT FESER SEEEMERRIanie” : Frst
i S AL B R AR TH G . BEHE Mahmood & Sutton [1f) Generate-and-Test M BAJE B
W AETRIREE M g%, HAUH B R BGENR RS CPYEOE . ATARME. TTEREERS O EAE
L. MsmmEad, EnaeRRUl S ERAEEE2 T 5.
9 Continual Backprop WJSZ5555E

9.1 ¥k MNIST: Sg4r4essnl@k
TEE A MNIST I, Continual Backprop (M4k) Se4xgkf val¥IvE, [IMERERTE T

Understanding Continual Backprop (MNIST)

Percent of Dead Units Weight Magnitude Effective Rank
30 0.10 L]
0.08 i
e - 501
20 o 4
o~ ,),f"’:”’ 0.06 aol b - ContiuntBeckgrop.
/ ey 0.04 el
10 L V.
' — 20
/ 0.02
101
L o 200 400 600 800 90 o 200 400 600 80O o L] 200 400 600 800
Task Number Task Number Task Number

ontinual Backprop has 1l Backprop maintaing a

& 15: Continual Backprop fE&#: MNIST | 5¢ 4 4eHrn] ¥4, E

HXEHMBSHERHHE (replacement rate) p: BN p = 1076 FIRES B E 7502 —HIFRAE;
TE 2000 MEMER, MRM4TH 500 F 82— E AU —BWHEE. GNSELER, B
BT — AR SR, TE— RPN AR RE S A K .
A ZAMEKFEFREAE, Continual Backprop 4X[] “XJHE”:
o BUIfIL: JLPNE— NN EREITA T FIBE, WIHIce = 298,
o AUEENREE: MR/N—FFEHE AR T BN BEY UL E
o AR RE— BEYLRILEL A BATC R IR R B U 2R E S5 k.

L5 5 e o] X ) - 00:45:20-00:46:00.,
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9.2 ImageNet: § JESIHEEEB L

g

Extension to a non-stationary RL problem, Slippery Ant

Und scox ﬂed Ep sod ic Returns

+ An agent controlling a PyBullet ant is for forward movement 8 P o s
* The friction between with the ground changes every 10M time steps 2100 / = PO
Al
* We use a Continual version of PPO 1800{ |
1600{ | /;: A /./'/“/'/’
- f | F I AVA
| Y
PPO Continual PPO [ Vi ! ]
700 [ e
o~
v 1] S0M 100M
Timestep

PPO shows similar degradation in performance as Backdrop.

While Continual PPO maintains most (but not all) of its plasticity.

& 16: ImageNet I Continual Backprop JL 52 & fftehn] ¥R E SR, fid

TR M2 |, Continual Backprop [RI#EFRILL (4 SAMEHETE 2000 MT 55 J5 MR RE .2
Nk, L2 5 Shrink-and-Perturb A B35 B A B E 5%, {Hiﬁfﬁﬂﬁ‘%}j7j{¥'€on‘cinnal Backprop
ML 5o A 7l E, AYEFAEY) 88-89% . HI T HfRE, HIMEREER Y LN
WA FEZE AR, BERS R Continual Backprop WYL A T E Hi It

9.3 nfk?¥>]: Slippery HalfCheetah

VER A ERREpk”, i 4a
tah (PyBullet) fy728{k, ME— [Zﬂ']miﬂa@ lﬁf’ ﬂk@ﬂ éﬁﬁjﬁé 1000 7 ¥ # E — «k, 0 B A PR
HEM AR . g PPO. 4 L2 f) PPO, i Shrink-and-Perturb [ PPO 5 Continual PPO
(#F Continual Backprop HIERFERIEAIL) -

Extension to a non-stationary RL problem, Slippery Ant

+ An agent controlling a PyBullet ant is rewarded for forward movement IUGndls_counteld Ep'SOd'c Returns

« The friction between with the ground changes every 10M time steps 2100
« We use a Continual version of PPO 1800
1600 / / v A /v
1400 / / / F {‘,
PPO Continual PPO [ f”‘ ,4
700 / "" /"_/"'rf‘-
5 1)
% 50M 100M
Timestep

PPO shows similar degradation in performance as Backdrop.

While Continual PPO maintains most (but not all) of its plasticity.

K& 17: Slippery HalfCheetah I+ Continual PPO JL P58 & 4id: ] ¥ . i

o frifE PPO WIMIRIURYS, BE)STEREMIEI.

L6 4551 1 T PSR XA : - 00:46:00—00:47:30.
T O 0 i P i) DX i) 00:47:16-00:48:30.,
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e L2 5 Shrink-and-Perturb K3, {H Continual PPO i, JL o4 nT 8 (14

o ITHEMZERICHEM: PPO FHEIAE £ 34 #-#4L, 1M Continual PPO FHEAT VA 756,

9.4 AKHUPGS

Continual Backprop £ =R FIIEAR: Bk MNIST [5E@gifyn] MM Itia il =
Wi #PAES, s ImageNet WG L FILF 52 e foeiBib. fafE 88-89%; umfb=#>JAY Slippery
HalfCheetah |- Continual PPO FRBlHid:, 178 EAM “HFLATE” &H “BEEFHIE,

10 SA&5 e ]

10.1  #HUFAIIATIE

Dohare 7E45 FRRIAZN 1B MG HIWOR: R —IRPESE I AL TR R 4%, FEfpgias ] R R 2L,
MiJ9—4k. Dropout SEARifET-Beit FALHHT; S22 M%), Continual Backprop iX & 500 gl
RELLENTARG L . Mg REds i, YRR R VR AW, BRSA RO & X, T
HZHE B AM S I T 2 B0 R . e AW 32 a0 AR ] BE R b s AL 2] —— P Sem kAR, T
IR TR R S AR B AR AR, VFZAHEAE A LR AN i nT e

7, 24
Ao

10.2  [IERE
Wty JE I R AR g, EAF BT, O EAHER TR RS A BB .

o TEMAAN KHIBOPRMTSS (AN ImageNet) FREMWMELF 7 WRIETRBGE FIK, HA TR
I KA 25 v UL R AP T 86, Continual Backprop i [FFEA 7 -

o BGEAVESUGETHAMTIX sy T Sutton {EMEFER 2y nEMER KRS HIEHE
SRS 27, WAVEIGEAS “TaER”, A A PHEIRIET R .

o W[WIPELF T, Btk (stability) W8 ? AR, HEMDHNET Generate-and-Test
PAMRAP S 200 20, BB E TSRS, MR E . X200 AR .

o JINRMMKBUESS AN T TRB—— AR ERERINR, WA RS M, EHTH
A ENGRRETER . ARA A WL 55 W E L 5

o ¥t MNIST REREGFMRK 7 Sutton KB T EEAMFRATEMERLR, AR
O CERTAEST, Rl CURHES KRBT HFRRIES| big world Y
INTIER, TCRAERTA T IE N, R RERi IR B

o MM ABETERAL T Bof . UEITEREE R RIS A E IO R —— AU
%, AR argmax ZE5, A A ARSI AT E ML AR B RIERX —

o BB G T BHAERRE BT —HAF T ASBUERRESA. Hli TR

BB AHUR (—MNMEFNEIAR), BREIFIEEAMAE. Sutton F/RbIEFHAL “H
BN ARRFR O E K" BYeaE] i,

i

TS
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« BBGTE (N SELU) fEREUFSETMZL?  RiE. WIRIPTE, NIRIRRE b/t
PIELBBIELCR, B S IC AR

o EANIBEILI 2 BRI )72 (EE S5 UM “Bhi 27 7 SRR TR B4 2
R Sutton A RECHE ARFAR LA, IO T TE2 34 e 9L
RIS b VRIS — P S RBRT . TS, (FEEL [,
S 0 6 964 B LA 7227

o AWIEESAZFERAE . KkZ#?  Sutton MANS “FER —HRBREHKAEE
RAULFAAGL AL “ICE” 5 5" ZRBUE: H R T s/ T e —0, iciz—4

Y

o RMIAN R —ERRSEONMNIT 7 FIBVEG R 52 E AR TS
TEMisMFE TR (optimal brain surgery): FEREZ IS M AT REIE RS HELF, BEEAAE

22|

/no

10.3 Mk
WA, NI RS ERH =R IAH,
$—)2: BB M

DRI ANRERFZEa2~]” A REIEEAE DS, (HilE 1] ImageNet, MNIST., ZEfid8ft]
H=ANREZ. BEC:oe /BURIRE /A8 = A rDI bR, 48— MBI “2218” % 3T
CIRUE= I PORH RS o2 S B e v LN (051 S el DY R = ) 2 TR e W o = X [ S 7 e
BRI EA TR A — IR T R R ARAATATRERR “fskiigiar~]” Ik,

BUA fi8 £ —KME + B

Continual Backprop MRZIZAEATER ALY, AE— WAL FRBE 2 EEIE N 4 AE
BT U 5. A S /AT “wodnfe” U RAEIT Sk R A — R, XA
WS R M. IR BERAS R, AR SRR ——AERrgEE T, A
ARG R R AR R N YR ] — AR, B AKME IR . X EAEY RGN Rk
B 6EF. 5 Sutton —BIAY “Fpgka]” HAEMEE 2.

S IR R Ve PR i

) h RO B “RUENE/ICAZ” A, #87R i Continual Backprop H BIHE T #r4iae >
W—F BT “BHEAREY, AMRRGEMR “BARE, TicHa”. — R
ep o) RYE, WREAE “HENBHICARTTN 5 “ORIERUTEICAREE M Z [AliA
BT AT AX—FEH T AL (GRPEAHEIC. SR, BENERE), X
e te e lm S ich i ER BT 1 -

10.4  JFEmIEY F—P
it S, PR LA F 24 R
L ZRBONES: M “HICH S B “HRIC AR R ok, O R R it B i
R -
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2. SRR AT BRI A LT ARG /A BORAE i A B PR R0 B Ak / A ISR

R BB il A o

R TERUEL: E RO BT AU (VREEIHBREE) , ST MR AR BHIRE, M Rl —

4. JEEHER: BEREBRRE. AR %R E SR oK, EH BT LRSI

JLF .

5. MM GRS & KT8] RNN/ Transformer SFHPARESAZN , Forbal 8302 Y

PLER AT RE A 2%
6. Al P SEHREAR A A E TN ATERE R B SR, AROUT argmax.

PFET- BT gk ad .

—AY GG

- CPRABOE PRIER K% Continual Backprop FEARHE (AEFFEE) KMBIZRP 2 AR

XA I — MRS W (PRMER L S E R g ) e R T ) . — DL Y (A4S 4
By AR AN TR ZI AL D7 (GERD AR (L AE B S e B TR AR 1 ), o “TRBERpLiaA )7
T — 55 LWL . ERFFARNE, SGFAFET Continual Backprop iX R A%
W, MAETENTE T i <E I8 )7 A B i — A nfCAgei . gl . pReSiiufei
X
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