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- Phenomenon

a Ant locomotion Cc Loss of plasticity in ant locomotion with changing friction
Agent controls the torque applied to highlighted joints
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Phenomenon

Reward per episode
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- Method
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- Method

HTE—/=:

1.
2.
3.

TTEE—Efw(]

BEIFANET (BRI > m)

Hreplacement rate p 1TE 5 H &8

TCEE

1 # 2w s&/ETT

2. IR ANE, XZETH
BANETH R

3. VIR ANE, MiZETH
BHNERE MO

4. BEITAITI -1

Algorithm 1. Continual backpropagation for a feed-forward
network with L layers

Set replacement rate p, decay rate n and maturity threshold m

Initialize the weightsw,,,..., w,_;, in which w,is sampled from distri-
butiond,

Initialize utilitiesu,,..., u,_;,, number of units toreplacec,,..., ¢,;,and
agesa,,...,a,;to0

For eachinputx,do

Forward pass: pass x, through the network to get the prediction y,

Evaluate: receiveloss/(x,, y,)

Backward pass: update the weights using SGD or one of its variants

Forlayer/inl:L -1do

Updateage:a,=a;+1

Update unit utility: see equation (1)

Find eligible units: n . = number of units with age greater thanm

Update number of units to replace: ¢;= ¢, + Nejigivie % P

Ifc,>1

Find the unit with smallest utilityand recorditsindexasr

Reinitialize input weights: resample w,,[:,r] from distribution d,

Reinitialize output weights: setw/[r,:]to O

Reinitialize utility and age: setu,[r]=0and a/[r]=0

Update number of units to replace: ¢;=¢,—1

End For

End For



- Further analysis
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- Further analysis
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- Disscussion
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[4] Addressing Loss of Plasticity and Catastrophic Forgetting in Continual Learning(iclr24)
[5]The lottery ticket hypothesis: Finding sparse, trainable neural networks (Iclr 2019 oral )



- Disscussion
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[6] Finding the Dominant Winning Ticket in Pre-Trained Language Models(ACL 2022)
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- Method
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- Method

Algorithm 1 UPGD 124 7 FEEPlasticityfiMetric
Given a stream of data D, a network f with r (WT Z)
Initialize step size «, utility decay rate 3, : 7

and noise standard deviation o.

Initialize {W7, ..., W }. I WEFHEHNNE WEEANHNE
O

Initialize U}, VI and time step ¢ to zero. p(Z) =0 EFRMEALENL, BREZEEMEA#HT
for (x,y) in D do (fEoT 2814 )
tet+1 0 p(Z)=1: E#ﬁ):hﬁeff&d . WK Z T EHIFR
for/in{L,L—1,..,1} do FTHONEE S (STTEE M)
1 & —00
F,, S, «GetDerivatives(f,x,vy,!
M; + 1280 W2 —F oW, 1T & Useful units
U, < pU + (1 - B) M, HFR

U < U/(1-p") ]

if » < max(U;) then n + max(U;)
for/in{L,L—1,....1} do

Sample ¢ elements from N (0, 0?) S HERTHST

U, < ¢(U;/n) _ Shrink and Perturb
Wi«W —a(F;+&)o(1-0U)
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- Method

The Lottery Ticket Hypothesis. A randomly-initialized, dense neural network contains a subnet-
work that is initialized such that—when trained in isolation—it can match the test accuracy of the
original network after training for at most the same number of iterations.

Strategy 1: Iterative pruning with resetting.

1. Randomly initialize a neural network f(z; m © €) where 0 = 0, and m = 1191 is a mask.
2. Train the network for j iterations, reaching parameters m © 6;.
3. Prune s% of the parameters, creating an updated mask m’ where P,,, = (P,,, — s)%.
4, geseét; the weights of the remaining portion of the network to their values in #y.| That is, let
= Uo.
5. Let m = m/' and repeat steps 2 through 4 until a sufficiently pruned network has been
obtained.

0 WNKEHZE, FRNDARERMBANE mASEFBVIANE. (BEMLEK
EHR AT Hﬂlﬁﬁ?ﬁlﬁﬂﬁ B, BFEVRNSE)
0 M—FHEiNgG— 1T ELEENNE, MRBEANBESEEEEMBRNEBREH
l)ll 7, ljjﬁ”ﬁi):ﬂ']l__lf% %'5%7]!1“7&%5']?\—?‘)]#“00@%@ BE B 0%k,

&



® N »
NELFES

PEKING UNIVERSITY

Finding the Dominant Winning Ticket
in Pre-Trained Language Models

Zhuocheng Gong', Di He?, Yelong Shen?, Tie-yan Liu?,

Weizhu Chen?, Dongyan Zhao'*°*, Ji-rong Wen® and Rui Yan®*
"Wangxuan Institute of Computer Technology, Peking University, China
2Microsoft Research, Beijing, China, 3Microsoft Azure Al
4 Artificial Intelligence Institute of Peking University
°State Key Laboratory of Media Convergence Production
Gaoling School of Artificial Intelligence, Renmin University of China
{gzhch, zhaody}@pku.edu.cn, {jrwen, ruiyan}@ruc.edu.cn
{dihe, yelong.shen, tyliu, wzchen}@microsoft.com

ACL 2022
Cite:8



- Method

mozn L(D, f, 9) -+ )\||9 - 90‘ ‘1, (1) 5,V 10,V 18,V 19,V 20,V 20,Q. 20, K 20, 0.
ol L ] |

0, =m; 00, m, e {01} (2 w B | oy

Algorithm 1 Extracting the dominant winning v ‘ ‘ | .

ticket QL

1: Fine-tune a PLM f(x;6y) with L1 regulariza-
tion on any dowmstream task dataset D, get ' % : ‘ ‘
f(z;0). ssT2 | g 5

2: Calculate A@ = 8 — O, then select out out 1 : ' : | _
weighted parameters 8, with threshold o.

3: Select the k£ most dominated dimensions each
matrix, which forms the dominant winning
ticket.
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