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Why Incremental Learning?

» Standard Learning (Classification): Given D = {x;,y;}i1
learn mapping fy:x — vy

mHin <1:x,yerL(f@ (X)7 Y)

» Given new dataset (may contain samples for previous
labels or new ones)

Hleiﬂ {'x,yNDUY_?L(fQ (X)7 y)

» Not scalable
* Privacy
* Redundancy
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Incremental Learning Training Objectives
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Incremental Learning Training Objectives

‘e minE = 5 L(fo(x),y)=minEp, L(fo(x),y;K)

0 =1 0
01 p, /
S

g, (Previous knowledge)

* Define Knowledge
» Input-Output Behaviour (knowledge distillation type)
* Parameters

* Preserve Knowledge? Avoid Forgetting

» Update Knowledge? Avoid Intransigence (inability to learn new
tasks)
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Incremental Learning Evaluation Set-up

(Multi/Single-head)
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Incremental Learning Evaluation Set-up
(Multi/Single-head)

Ya )

U3 >T2
X — 0 :
/ 21T

Yt .

o Mult1 head
task id is known (for &-th task, the test label set is Vi )

- violates the objective behind incremental learning
- if k-th task contains only one label, this evaluation implies
knowing the ground-truth label itself at the test time
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Incremental Learning Evaluation Set-up

(Multi/Single-head)

Ya )

U3 >T2
X — 0 :
/ 21T

Yt .

 Multi-head
» task id is known (for &-th task, the test label set is Vi )

- violates the objective behind incremental learning
- if k-th task contains only one label, this evaluation implies
knowing the ground-truth label itself at the test time

» Single-head
» task id is unknown (test set contains all the labels seen U"_,));)
- much more challenging
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RWalk Objective Function and Intuitions

Importance/Sensitivity
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Importance/Sensitivity
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RWalk Objective Function and Intuitions

Importance/Sensitivity
y /
LH(0) = LHO) + A ) _(Fyes s 1) (0: — 0777
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Fisher importance ~ Optimization path
based importance
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Let us now look into these parameter importances individually
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Fisher based parameter importance (1/2)
(approximate KL and Fisher)
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Fisher based parameter importance (1/2)
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Fisher based parameter importance (1/2)
(approximate KL and Fisher)
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Fisher based parameter importance (1/2)
(approximate KL and Fisher)

Fisher Information Matrix
fo | — Q \
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Po+a6(Y|x)

Puneet Dokania 6



Fisher based parameter importance (1/2)
(approximate KL and Fisher)

Fisher Information Matrix
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Fisher based parameter importance (1/2)
(approximate KL and Fisher)

Fisher Information Matrix
fo | — (O :
/ PR Dy (pollpo+ng) = _AHTFQAH
~ Jo+no| — CD
Po+n6(y|x)
F,=E dlogpe(y|x)\ [ dlogpe(y|x)\ "
0 — x~D,y~pg (Y|X) 89 89

» Cross Entropy Loss = — log pg(y|x)

» By construction PSD (outer-product)
 Computationally expensive

* Huge matrix
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Fisher based parameter importance (2/2)
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Fisher based parameter importance (2/2)

| T
Fy = Ly ~po (y]x) 88 R L (x,y)~D ggT

/' x~D '\
| empirical Fisher
multi backward 16 fikelihood (CE) (one fwd-bwd)
passes gradient

1
DKL(Z?GHPMA@)/% §A9TF9A9

2nd order approx
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Fisher based parameter importance (2/2)

\ T
Fy = Ly ~po (y]x) 88 R L (x,y)~D ggT

/ x~D '\
| empirical Fisher
multi backward 16 fikelihood (CE) (one fwd-bwd)

passes gradient

1 1
D ~ A0 F,A0 == (A0,)°Ep (g7
KL(p9\|p9+A9)/ > 0 Fp 9/ 5 Z( ) Ep (97)

v Fy.
2nd order dApprox O empirical Z

® independence
depend ® over batches

® moving-average
® storage: one set of

Fisher (diagonal)

»  Fisher approximates the local curvature of the KL-divergence surface
- Higher Fisher, higher curvature, more sensitive, move less in that
direction
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Optimization path based parameter importance
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Optimization path based parameter importance

Change in the loss per unit movement in the Riemannian

manifold defined by the Fisher (approx. KL-div)

Puneet Dokania 8



Final Objective Again (RWalk)
(combining Fisher and Optimization path )



Puneet Dokania

Final Objective Again (RWalk)
(combining Fisher and Optimization path )

Lk( +)\Z o s (0 — 071

...
~
L |
L ]
~



Final Objective Again (RWalk)
(combining Fisher and Optimization path )
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If no Fisher and Euclidean distance = Path Integral {Zenke et al, ICML17}
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Final Objective Again (RWalk)
(combining Fisher and Optimization path )
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» If no Fisher and Euclidean distance = Path Integral {Zenke et al, ICML171
» If no optimization path score
»  EWC [Kirkpatrick et al, PNAS16] With only one set of Fisher (similar idea
got accepted in ICML18 {Schwarz et al, ICML18])
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» If no Fisher and Euclidean distance = Path Integral {Zenke et al, ICML171
» If no optimization path score
»  EWC [Kirkpatrick et al, PNAS16] With only one set of Fisher (similar idea
got accepted in ICML18 {Schwarz et al, ICML18])
» Fisher updated using moving average and batch statistics
- efhicient as no need to pass the entire data
» comes as by-product
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Final Objective Again (RWalk)
(combining Fisher and Optimization path )
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If no Fisher and Euclidean distance = Path Integral {Zenke et al, ICML17}

If no optimization path score

»  EWC [Kirkpatrick et al, PNAS16] With only one set of Fisher (similar idea
got accepted in ICML18 {Schwarz et al, ICML18])

Fisher updated using moving average and batch statistics

- efhicient as no need to pass the entire data

» comes as by-product

Fisher and Scores individually normalized to {o,1}

» makes lambda less sensitive to the num of tasks
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Handling Forgetting and Intransigence

~

LR(0) = LF(0) + XY (Fprs + 5,57 )(0; — 087 1)?

\ ® Encodes previous knowledge
¢ Handles forgetting

 Handling Intransigence (inability to learn)? Big problem for

single-head evaluation
® Recall single-head is evaluated over all the labels seen
® Requires learning discrimination b/w previous and new labels
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Handling Forgetting and Intransigence

L*(6) +>\Z (Fprr 4 sp )05 — 0771

\ ® Encodes previous knowledge
¢ Handles forgetting

 Handling Intransigence (inability to learn)? Big problem for

single-head evaluation
® Recall single-head is evaluated over all the labels seen
® Requires learning discrimination b/w previous and new labels

® Store few samples from previous tasks:
® Uniform
Plane distance based: Better if closer to the boundary

Entropy based: Higher entropy, more difficult the sample
Mean of features (MoF)
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Quantitative Evaluation of Incremental Learning
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® Standard Approach: Compute accuracy at the end of all the
tasks
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Quantitative Evaluation of Incremental Learning
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® Standard Approach: Compute accuracy at the end of all the

tasks
® Doesn’t capture the behaviour of the model throughout the

learning path
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Quantitative Evaluation of Incremental Learning

. Hk

® Standard Approach: Compute accuracy at the end of all the
tasks

® Doesn’t capture the behaviour of the model throughout the
learning path

® Doesn’t tell us anything about Forgetting and Instrasigence
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Forgetting

Ty = {y1,y2} ., T ={ys,ya}| — |T3=1{ys,¥6}
Dl Dz DS

01 0o 03
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Forgetting

ar a1 a1
Ty = {y1,y2} ., T ={ys,ya}| — |T3=1{ys,¥6}
Dl D2 DS
01 02 03
fi =
[ =
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Forgetting

ar a1 a1
Ty = {y1,y2} ., T ={ys,ya}| — |T3=1{ys,¥6}
Dl Dz DS
01 05 05
3 1 2 3
fi = max(ay, ay) — a
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Forgetting

PBT(f; < 0)

a; ay ay

! ! !

Ty = {y1,y2} ., T ={ys,ya}| — |T3=1{ys,¥6}

Dl Dz DS
VAl 05 04
3 1 2 3
Ji = max(al,al) — aq

PBT (Positive Backward Transfer): Learning task k helped improve knowledge
about previous task j (j<k)
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Forgetting

NBT(f} > 0)

PBT(f; < 0)

a; ay ay

! ! !

Ty = {y1,y2} ., T ={ys,ya}| — |T3=1{ys,¥6}

Dl DQ DS
01 0 03
3 1 2 3
Ji = max(al,al) — aq

PBT (Positive Backward Transfer): Learning task k helped improve knowledge
about previous task j (j<k)

NBT (Negative Backward Transfer): Learning task k forced the model to forget
some information about previous task j (j<k)
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Intransigence (Inability to learn)
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Intransigence (Inability to learn)
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Intransigence (Inability to learn)

Ty = {y1,y2}
D1

01

I3 =
as
To =1y3,ya}| — |T5=1{ys,Y6}
DQ DS

0o 03
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Intransigence (Inability to learn)

1 = {y17°" 7?/6}
D = U_,D;

9*

Ty ={y,y2f| ___,
D1

01
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Intransigence (Inability to learn)

T:{y17°"7y6} k
3 — U5 IS — CL;; o CL?
f*
17 = {y1,y2} . Ty = {yg,y4} — 13 = {957?J6}
Dl DQ DS
01 05 05
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Intransigence (Inability to learn)

PFT(I? < 0)

T:{y17°"7y6} k
3 — U5 IS — CL;; o ag
0* s

1

17 = {y1,yz} . Ty = {yg,y4} — 13 = {y57y6}
Dl DQ DS

01 0o 03

PFT (Positive Forward Transfer): Incrementally learning task k improves model’s
knowledge about it.
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Intransigence (Inability to learn)

NFT(I? > 0)

PFT(I? < 0)

T = {yla"' 7?/6}
D =U;_,D;

*
— U5 I = ai —a;

3

0" as
!

17 = {y1,yz} . Ty = {yg,y4} — 13 = {957y6}
Dl DQ DS

01 0o 03

PFT (Positive Forward Transfer): Incrementally learning task k improves model’s
knowledge about it.

NFT (Negative Forward Transfer): Incrementally learning task k had negative

influence on it.
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Experimental Settings

® Jncremental MNIST
® Split into five disjoint subsets
® Network: MLP

® Incremental CIFAR-100
® Split into ten disjoint subset
® Network: CNN

® Optimizer: Adam, batch size: 64
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Results

Methods MNIST CIFAR
Multi-head Evaluation
A As5(%) Fs Is A A10(%) Fio Tio
Vanilla 0 90.3 0.12 6.6 x 107¢ 0 44 036 0.02
EWC [7] 75000 99.3 0.001 0.01 3x10% 728 0.001 0.07
PI[25] 0.1 993 0.002 0.01 10 73.2 0 0.06
RWalk (Ours) 1000 99.3 0.003 0.01 1000 74.2 0.004 0.04
Single-head Evaluation
Vanilla 0 38.0 0.62 0.29 0 10.2 0.36 -0.06
EWC [7] 75000 55.8 0.08 0.77 3x10% 23.1 003 0.17
Pl [25] 0.1 57.6 0.11 0.8 10 22.8 0.04 0.2
iCaRL-hbl [21] - 36.6 0.68 -0.01 - 74 040 0.06
iCaRL [21] - 55.8 0.19 0.46 - 9.5 0.11 0.35
Vanilla-S 0 73.7 0.30 0.03 0 129 064 -03
EWC-S 75000 79.7 0.14 0.22 15 x 10> 33.6 0.27 -0.05
PI-S 0.1 787 0.24 0.05 10 33.6 027 -0.03
RWalk (Ours) 1000 82.5 0.15 0.14 500 340 028 -0.06

For MNIST and CIFAR, 10 (0.2%) and 25(5%) samples are used from the previous tasks using mean of
features (MoF) sampling. Baselines where samples are used are appended with ’-S’.
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Forgetting vs Intransigence Trade-off (MNIST)

10 | | | | | |
® Vanilla
0.8 - B Pl i
NBT, PFT NBT, NFT EWC
¢ o | 4 iCaRL-hbl
0.6 » iCaRL 5
4 Vanilla-S
& 04- A PIS -
& < EWC-S
B A ® RWalk
o 0.2 . -
b0 ® o
S n
0.0
—(.2 .
o4 tPBT,PI-T .Plli'l;NFr- i
—(l].4 —(').2 0.0 OT? 0f4 0.16 018 1.0

Intransigence (/)

(a) MNIST
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Few open problems and insights
(based on our recent analysis work)
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Few open problems and insights
(based on our recent analysis work)

® ResNets?
® Need more data
® Use generative models
® Encoder-Decoder type to learn data-distribution?

® Saddle Point?
Order of tasks, subset of labels?
® Judge when to stop training on more tasks? Saturate?
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