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Background  Continual Learning

Background: Continual Learning

Continual Learning (CL): learn from a sequence of tasks with a single model

Train

Model

Figure: Continual learning along the tasks 7o, 71, -+, Tr_1

Jiaqi Li Continual Learning via Hessian Aware Low-Rank Perturbation 2/21



Background  Continual Learning

Background: Challenges in Continual Learning

(c) Performance Robustness w.r.t. Different Task Orders
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Methodology

Overview: Hessian Aware Low-Rank Perturbation (HALRP) [1]

@ Modeling parameter transition;

@ Low-rank approximation on weights;

@ Rank selection with Hessian information.
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Methodology =~ Modeling Parameters Transition

Methodology: Parameters Transition (Example for 7 to 7T7)

o Learn Ty: Wh2% — arg minw L(W;Dy) € R/*I;

@ Learn Ti:
W, = RyWbaeg, + B, (1)
where B; € R7*! is a residual matrix,
To S0
R; = and S; = are (diagonal) scaling matrices.
) ST

Wp |=Ry| WPSe |4p By

Figure: Parameters Transition from 7Ty to 71
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Methodology =~ Modeling Parameters Transition

Methodology: Initialization of R, S, B

© Warm-up training on 77 (e.g., one or two epochs)

Wiree — arg max L(W;Dy)

@ Initialize Ry, Sy, By via Least Squares Minimization (LSM):

R{ree’ S{ree7 B{ree = arg E{né% ||W{ree o RWbaseS . BH%‘

a2\ \\ S,

8 R
SERL T
&3?5:\ SN Wy |=Ry| whese

%
NS

Figure: Parameters Transition from 7y to 73
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Methodology =~ Modeling Parameters Transition

Methodology: Low-Rank Approximation on Residual Weights B

— Compress By via the low-rank approximation.
Ul, 21, V1 < SVD(Bl)
Establish the k-rank approximation for Bf¢ (then for Wree)

W{ree ~ ng)free _ ]:-{1‘7\7bases1 + U(lk‘)freez(k’)free(V(k)free)T

1 1 )
where B{,ee ~ ng)free _ ng)freez:gk)free(vgk)free)‘r

The approximation error is caused by the perturbation on weights: AW/ree = Wiree _ W

r
|
S & 1 v(lk)T 1

W;  |=Ry| whese |+
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Figure: Low-Rank Approximation on Model Weights.
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Methodology = Rank Selection with Hessian information

Theoretical Support: Rank Selection through Hessian Information

Problem: how to choose a proper k; ( i.e., preserved ranks) for each layer 17

Theorem 1 (Relationship between Loss and Weights Perturbation)

Assume that a neural network of L layers with vectorized weights (w7, ... ,w7] ) that have con-
verged to local optima, such that the first and second order optimally conditions are satisfied,
i.e., the gradient is zero, and the Hessian is positive semi-definite. Suppose a perturbation Awj
applied to the first layer weights, then we have the loss change

1
L] = Awl, - wi) = Llwf, - wp)] < SIHule - [AwT]E + o (|AwT]E) - (6)

where Hy = V2L(w?}) is the Hessian matrix at only the variables of the first layer weights.

Take-way:

Risk change by weight perturbation is relevant to Hessian information!
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Methodology = Rank Selection with Hessian information

Methodology: Rank Selection through Hessian Information

@ Apply Theorem 1 to the proposed low-rank approximation:

|E(W§k)free) B E(W{ree” < %HHIHF < Z 0',2> JrO( Z U?) . (7)

1=k+1 i=k+1

less approximation error < keep more ranks

@ Measure the contribution of a rank k for the layer [:
(Notes: According to Kunstner et al. (2019), ||H1||# can be approximated by negative
empirical Fisher information with |[g1 /7., where g1 = 55 |W1:W{ree. )

gl F o7 (8)

with
e g;: the gradient for the layer-;
o ok the k-th singular value of the layer-/;
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Methodology = Rank Selection with Hessian information

Methodology: Rank Selection through Hessian Information

For a given approximation rate « (e.g., 0.9), the preserved ranks k; for layer [ is determined by

i Yl

=1 i=1

L Kk L n
sty lelfot; = a (ZZng%oZi)
=1 1

=1 1i=1

where L is total number of layers, r; (with k; < r;) is the full rank of layer [.

Remark:

Eq. 9 provides a global perspective for the trade-off between the approximation error and com-
putational efficiency.
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Methodology = Rank Selection with Hessian information

Methodology: Rank Selection Implementation (An Example)

012 014
Layer 1 g1
011 01,3_ UT,rl
022 024
Layer 2 g2
021 02,3_ U;,rz
032 034
Layer 3 g3
03,1 03,3_ U;,r3
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Figure: Hessian-Aware Rank Selection for a Neural Network with L = 3.

Continual Learning via Hessian Aware Low-Rank Perturbation

11/ 21



Methodology =~ Parameters Regularization and Pruning

Methodology: Fine-tuning after Rank Selection

o Re-initialize model with {Whase Rfree Gfree [j(k)free yi(k)free y(k)free)

@ Fine-tune the model through

II‘I%ID ﬁ(w, Dt) + ACreg(W; Ao, >\1) (10)

where Lreg(Wy; Xg, A1) is a regularization loss with Li-regularizer and Lo-regularizer on
{R,S, UK V#)} with coefficients Ay and A1, respectively.
o (Optional) Weight pruning if model increment ratio > a threshold p:

e by an absolute value threshold;
o by a percentile;
e or a combination of the above two.

Jiaqi Li Continual Learning via Hessian Aware Low-Rank Perturbation 12 /21



Methodology  Algorithm Summary

Methodology: Algorithm Description!

Algorithm Hessian Aware Low-Rank Perturbation (HALRP) for Continual Learning

Require: Task data {D; Z,T=*()1; total epochs for one task n; rank estimation epochs n,,; parameter
increments limitation ratio p, approximation rate a.

Ensure: Base weights W and {W; 7! for each task.

1: Obtain WP = arg minw £(W;Dy) on task 7.

2. fort=1,---,T—1do

3:  Warm-up pre-training on task 7; for n,, epochs: W = arg minw L(W;D,).

4:  Decomposition for all layers: Wiree = Rfreeyybasegfree | Bfree
5. Apply SVD on Bfree.
6:  Select the ranks k; for each layer [.
7:  Re-initialize the task 7; parameters approximated weights {Rfre¢, Sfree ng)free, Ei’“)f'ee, ng)free}.
8:  Fine-tuning on 7T; for (n — n,,) epochs with W} = argminw L(W;D;) + Lieg(W)
9:  If the model increment ratio is larger than a threshold p, apply pruning.
10: end for

11: return Wb and {W7}1-1

'Source code: https://github.com/lijiaqi/HALRP
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Experiments Evaluation Criterion

Experiments: Evaluation Metrics

Define A;;: the accuracy on task i after learning task ¢ (with ¢ <t),
e Average Accuracy (ACC 1):

L Tl
Acc = T ; Ar_14,

e Backward Transfer (BWT |):
=
BWT = ;(Am- — Ar_1,)
e Order-normalized Performance Disparity (OPD |): task ¢ performance under R
different task orders A}, ..., Af | ; (ie, R=5)
OPD; £ max {A%p_u, ey A%_M} — min {A}_LZ—, ey A?_M}

MOPD £ IIla.X{OPDO7 ceey OPDTfl}

AOPD £ ! TﬁlOPD
& 3" 0P,
=0
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Experiments

Empirical Results

Experiments: Performances with Different Amounts of Data

Method ‘

CIFAR100-Split (with LeNet)

100% ‘

CIFAR100-SuperClass (with LeNet)

5% 25% 50% 5% 25% 50% 100%
STL | 45134004 5004+ 003 64.38+£0.06 69.55+0.06 | 4376+ 068  56.00 £ 0.07 60.06 = 0.06 6447 + 0.05
MTL | 44.95+011 60.21+028 6565+020 69.70+028 | 4043+015 49.88+027 5383+027 5562+ 041
L2 3715+ 021 4886+ 028 5335+ 034 5800+ 043 | 34.03+008 4340+027 46.10=028 4875+ 0.24
EWC | 37.76+£020 50.00+038 5565+ 040 60.53+026 | 3370 +£0.32 44.02+030 4735+047  49.97 +039
BN 37.60+0.17 5070028 5479+ 028 6034 +040 | 3676+ 014 4820+016 5143+016 5544 + 0.1
BE 37.63+0.15 5113+03 5537028 61.00+033 | 37.05+020 4848+0.14 5L78=017 5597 +0.17
APD | 3660+ 0.14 5450+ 007 59.71 4003 6654+ 003 | 32814029 4900+ 006 5264 =019 6054+ 0.23
APDfix | 3566+ 033 5462+ 011 59.86+024 6664+ 0.14 | 2427 +022 4871+0.11 5342+012 6147 +0.16
IBWPF | 38.35£026 47.87+025 5346+013 57.13+0.15 | 33.09+0.50 5132027 52524026 5598 £ 0.33
GPM | 32.86+035 5161+022 57.60 =019 6449010 | 3488+£030 47.31+051 5123+055 57.91+028
WSN | 37014063 5521+059 6156042 6656049 | 36.80+0.49 5242+ 0.62 5823038 6181+ 0.54
BMKP | 4236+ 090 5681+ 1.05 6287+ 060 66.95+ 053 | 3726+ 087 5362050 57.76+0.66 61.97 019
CLR | 3646+£029 5144+035 5700043 61.83£0.60 | 37.93=025 4982056 53.86+ 063 57.07 = 0.60
PRD | 31584020 56.07+022 5061 +033 6274045 | 3334 +£048 5299028 5585+045 57.80 + 050
HALRP | 45.00 + 0.05 58.94 + 0.09 63.61 + 0.08 67.92 + 0.17 | 43.84 + 0.04 54.93 + 0.04 58.68 = 0.11 62.56 =+ 0.30

Table: Accuracy (1) on CIFAR100-Splits(10 tasks) and -Superclass(20 tasks) datasets with different
percentages of training data.

Jiagi Li

Our proposed HALRP performs well under limited-data scenarios.
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Experiments

Empirical Results

Experiments: Diverse Datasets/Task Order Robustness

Five-dataset

P-MNIST " "
‘ LeNet AlexNet ResNer-18 ‘ Omiglot Rotation
Method | Acct  MOPD} AOPDJ Method|  Acct  MOPDJ AOPDJ| Acct  MOPDJ AOPDJ Method | Accl  MOPDJ AOPDL
STL 08242001 015 009 STL 89324006 074 030 | 9424005 067 024 = ool 08 34
MTL | 96704007 158 08l MTL | 88.024018 208 068 | 93824006 067 030 MTL | 9305i011 625 211
2 79.14+0.70 29.66 18.94 L2 78.24+2.00 35.11 15.35 | 85.94+2.79 37.03 12.72 W) 69.86+41.23 17.23 6.06
EWC 81.60+0.86 2151  12.16 EWC 78444220 3329 1318 | 86.32+280 33.84  11.80 EWC 69754128 2139 7.02
BN 81.04+0.15 19.77 8.18 BN 82.35+2.45 34.83 12.56 88.36+2.21 30.22 9.55 BN 77.08+0.86 14.41 5.58
BE 83804008 1676  6.88 BE 82914237 3391 1163 | 8875214 2922 897 BE 78244069 1717 553
APD 97.94+0.02  0.25 0.16 APD 83704090 480 345 | 92.18+£028 350 154 APD() | 81.60+0.53  8.19 378
APDfix | 07.99+001  0.10 011 APDfix | 84.03+124 550 366 | 91.91+048 674 1.98 APDfix | 78.14+0.12 653 263
GPM | 96604002 045 027 GPM | 87274061 454 188 | 88524028 697  2.82 GPM | 8041016 2833 1302
WSN | 07.01£002 036 022 WSN | 86744040 854 289 | 9256£039 462 121 WSN | 8255£044  17.00 7.57
BMKP | 07.084£001 321 104 BMKP | 8403£055 032 307 | 9257+065 908 213 BMKP | 8112271 2653 1617
CLR | 86552020 1497 788 CLR | 8668141 1978  7.08 | 90.04+1.04 1405 451 S I S
PRD 83.16+0.17 791 6.16
PRD | 74744069 1753 923 | 88454093 1417 537
HALRP |98.10+0.03 047 024 HALRP [88.8140.31 428 131 |93.39+0.30 439 127 PALRP |8308+0.73 1036 591
CIFAR100-Split (with LeNet) CIFAR100-SuperClass (with LeNet)
5% 25% 50% 100% 5% 25% 50% 100%

Method | MOPD| AOPD| MOPD| AOPD| MOPD| AOPD| MOPD, AOPD||MOPD]) AOPD, MOPD, AOPD) MOPD, AOPD, MOPD/ AOPD|

STL 1.96 1.38 3.44 241 3.68 257 4.38 313 252 1.48 3.64 1.44 2.52 148 2.64 1.45

MTL 144 093 134 087 166 071 154 084 | 696 266 1204 480 1396 574 1348 629

9] 1166 613 1314 696 1502 750 1518 715 | 992 455 1324 643 1332 704 144 682

EWC 11.92 6.07 13.20 6.85 13.78 6.96 13.44 6.48 13.24 5.60 10.92 6.53 13.48 8.03 21.60 8.32

BN 11.70 5.95 13.28 7.37 12.40 6.91 13.92 7.90 8.52 3.35 11.20 3.99 11.64 4.05 11.40 4.25

BE 1212 547 1292 613 928 55 850 535 | 956 346 1188 400 1180 388 1084 403

APD 11.42 721 6.48 377 8.00 4.10 8.88 4.07 26.56 12.98 8.64 439 8.28 4.48 6.72 3.26

APDfix 6.64 4.39 8.32 4.94 8.92 5.54 7.40 421 9.04 4.90 10.28 5.68 8.56 532 6.04 2.70

IBPWF 4.30 2.84 4.60 273 5.40 3.07 3.68 2.68 14.84 745 4.44 2.45 5.36 2.86 5.52 3.38

GPM | 1114 637 632 422 632 360 228 1348 | 932 446 1000 553 884 580 768 447

WSN | 416 257 442 271 42 262 356 239 | 508 314 476 3192 400 216 376 236

BMKP 12.98 7.63 1322 6.50 6.52 4.30 8.34 3.35 11.72 6.03 13.32 5.27 11.08 4.43 3.72 1.99

CLR 1350 704 1277 613 890 58 937 534 | 1000 401 767 384 660 371 900 406

PRD 5.80 3.80 4.60 2.66 4.16 263 5.20 3.16 747 428 8.33 3.95 533 3.29 5.00 2.86

HALRP 2.56 1.34 2.58 1.44 234 17 3.90 256 2.96 1.65 3.40 191 4.48 1.65 4.34 1.96

Jiaqi Li

Continual Learning via Hessian Aware Low-Rank Perturbation

Vol /21



Experiments

Empirical Results

Experiments: Challenging Dataset - TinylmageNet

‘ TinylmageNet 20-split TinylmageNet 40-split

‘ AlexNet ResNet18 AlexNet ResNet18
Method|  Acct  MODPJ AODPJ| Acct  MODPL AODPJ| Acct  MODP, AODP{| Acct  MODP| AODP|
STL 66.78+0.18 6.20 343 67.0040.30 5.87 2.87 74.65+0.17 8.16 4.36 74.0840.25 8.13 4.08
MTL 71.234+0.54 6.87 3.42 73.6440.46 6.94 331 78.80+0.25 7.74 3.92 80.0540.22 9.07 4.04
L2 56.331+0.22 11.93 572 60.8040.56 8.27 423 63.474+1.35 16.27 742 65.594+1.03 14.80 7.00
EWC 56.554+0.22 10.93 5.53 60.8840.56 7.54 4.63 64.114+1.36 17.87 6.91 66.5440.94 14.67 6.99
BN 57.204+0.11 12.07 537 61.0340.65 9.73 4.24 64.04+1.15 19.07 7.23 66.17+1.75 15.33 6.92
BE 57.62+0.41 11.80 4.98 61.5240.68 7.00 4.09 64.704+1.08 2347 6.97 66.77+1.61 16.94 7.07
APD 67.26+0.38 12.00 543 68.7640.58 9.86 433 73.88+0.46 8.53 5.04 73.854+0.40 11.46 557
APDfix | 63.59+0.25 5.40 3.68 67.6940.41 6.54 3.64 67.914+£1.33 2347 8.95 58.11+2.11 2693 11.70
GPM 60.84+0.32 11.00 4.44 48.09+1.07 9.27 4.80 70.14+0.38 10.90 4.52 43.40+7.68 4880  38.80
WSN 65.73+0.21 5.06 331 68.274+0.47 8.40 452 73.46+1.27 8.00 423 75.2940.46 12.27 4.75
BMKP | 65.014+0.41 5.87 3.37 67.4540.59 10.60 6.69 73.57+0.21 9.60 431 74.8440.63 12.90 4.95
CLR 57.29+0.39 8.80 4.42 61.77+0.47 10.27 5.42 65.224+0.49 9.86 5.74 67.59+0.92 16.54 9.30
PRD 46.49+0.30 15.40 8.33 49.65+0.57 1933  11.59 | 53.54+0.45 1974  10.02 | 63.78+£0.59  20.27 7.93
HALRP| 66.6840.20 5.60 343 |70.09+0.29 4.67 320 |74.01+£0.25 747 412 |75.53+£0.50 7.87 4.48

Table: Accuracy (1) and task order robustness (MOPD | and AOPD |) on TinylmageNet 20-split and

40-split.

Jiagi Li
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Experiments Empirical Results

Experiments: Forgetting/Model Increment/Efficiency

Average Forgetting (%)

|
g
|

| | | Ewc z8- | | | Ewc
3- | | | S o | | | L
H H H BN 26- F F BN
2- i i i w5 i i i
APDX D g APDfix
| | | [ - IBPWF o4 | | | - IBPWF
! i i i = 2 i i i = om
i - | | | n WSN @ 2" | | | WSN
0 i Ll =i Ll i | BMKP 2 g b b BMKP
| | | - CLR ©0- - | 1 i = L iy
-1- i i i = PRD z f f f == PRD
. ! ! ! . ! | - alre . ! ! | | | | -
o o o o o b b o
5% 25% 50% 100% 5% 25% 50% 100%
Amount of data Amount of data

(a) Forgetting on CIFAR100-Splits (10 tasks)  (b) Forgetting on CIFAR100-SuperClass (20 tasks)

* MIL —— L
g Bl 80- o sm
~ 200 - EWC — L2
2z BE 2 BN
15 - . . S BN 5 BE
S | [ | =] 8 150 — a0 T 60- e
< i i i EWC 3 APDfix £ APD
4 i i BE P —— GPM 5 APDfix
= 10- | | | BN @ BMKP G 40—~ GPM
© H H H APD © 100 - —— cr £ WSN
o | | | APDfix | G —— PRD S BMKP
S 5 i i i —jc < —— HALRP > —— R
- 3 3 3 | £ 20- — PRD
) i i i oue @ >0 £ 20 A
& H H : -
g I i i - | % v
I 0 u - = "™ = —-= m— HALRP 0- 0-
. . . ] | ! ' ] G
20-split,Alex 20-split,Res 40-split,Alex 40-split,Res 5 10 15 20 123 456 7 8 910
split protocol and network Number of tasks Number of tasks
(c) Forgetting on Tiny-ImageNet. (d) Model Increment. (e) Time Complexity
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Experiments:

Experiments Empirical Results

Memory Overhead Comparison

GPU Memory Requested (GB)

071 20 40 60 80 100 0" 1 2‘0 4‘0 6‘0 8‘0 160
Number of tasks Number of tasks
(a) GPU memory tracking for OmniglotRotation+LeNet (100 tasks)

40 8
z * ML ]
2 | = /
; —_— 12 II
o 304 BE 5
w BN I
g Ewc /
s APD /
& 204 avorx /4]
g o / /
5 GPm /
aE: BMKP.
20 —ar e I 2]
[ ;
2|~ Hare == !
[} !

01 10 20 30 40

Jiaqi Li

10 20 30 40

Number of tasks Number of tasks

(b) GPU memory tracking for TinylmageNet+AlexNet (40 tasks)
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