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Sequentially learn tasks (x;”,y, )iey ~ DD, (x?, 3, ~ D@ - One-hot Setting Catastrophic Forgetting in Low-Memory Settings

Minimize Li(w) = Ry (w); For any memory size k << N

' ' E[R(w?)| — min R(-) = bias + variance , Y y ’ ,
Minimize L,(w) = Ry(W) + Lyegu(W, w®D; %) fu, =1/(k+1)andA; =1/nfor1 <i <k + 1, then:
ek where For any regularizer X of rank k, the GRCL excess risk is Q(1).
bias =~ (G+ H)I - G)"(Z*S+H) >+ (I - H)"), ww" '), No k-dimensional regularization in GRCL
1 F— . . .
variance = 02((((}' CH)S2A(S 4+ H) 24+ (I - H)), EGJ_I + G can mitigate forgetting across k + 1 orthogonal directions.
1
+(G + H, E(HK + 3x) *Hx + n(Ixe + n3ge) " Hge)).

Tempered Forgetting in Moderate Memory Settings

+ Regularizer

FruttorPet? Fruttoret [Gaussian Setting] For OCL, bias, variance satisfy
. (tr G1-)? o L (trHge)? T 106 As the memory size k of GRCL increases,
bias 2 G,“+1Ij)” - H, =+ Igc)? : x _
;S I(—= ’ 1) (T o e) g 2 2 L GRCL'’s excess risk decreases,
+ Regularizer variance > %<G H7' + (HIZKCVHKC + ((” I;KC) H? + IKC) . (GJ—I o gJC)QGJC) > g o —— GRCL approaching joint learning performance at
| a threshold.
Pr0b|em FOrmUI ation [Extension to NTK regime] bias, variance satisfy similar results where s 68101214
G = Epw[p(xV)p(x V) T], H := Epe [op(x)p(x®) "] ey S
Two-task Linear Rearession in Random Desian _ _ GRCL with an intermediate memory constraint
J J Catastrophic Forgetting of OCL and ¢,-RCL can partially alleviate catastrophic forgetting.
Fortasks k = 1,2, For tasks solvable by Joint Learning,
. x¥) sampled from distributions D® (one-hot/Gaussian) . . _ d _ d e
| . to achieve o(1) excess risk, for G = diag(y;)%,, H = diag(1,)%;: Neural Network Verification
. Shared optimal y) = xB) w* + N (0,02)
. Covariance matrices G = Ex® ' x| H = Ex® ' x®@ . OCL: > % +n® Y ki = o(n)
. (%) (K)o 112 ' ek i eINKe GRCL via PCA on two-task Permuted and Rotated MNIST:
- Risk for task k R, (w) = E||y'™ — x\“w||5
: : : i Y 0.98
. Joint population risk Rw)=R,(w)+R,(w) P - : v =o(1), ( | ) = o(n -
pop ! 2 £,-RCL (1) @E%K iy Ty ) e
© 0.94- o
. One-hot setting: P(x(V) =e) = p;, P(x(? =¢e;) = A, Large forgetting with dissimilar covariances G, H! L0092 - %0'8' | —
30.90- Full Memory 30'7_ — ;ljlr;llljlaemow
. Gaussian setting: x ~ N(0,6), x? ~ N (0, H), Zo00] — remcso 2 g — moncom
GRCL avoids Forgetting with Full Memory 0.86] — Rank1 — Ranks
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Generalized #,-Regularized CL (GRCL) For regularization £ = diag(y;)%, aligned with ¢ .’ R
OCL
. = u; for u; = 1/n and 0 otherwise — GRCL, k=
W(l) _ (X(l)TX(l))_lx(l)Ty(l) ()/l Hi Hi = (/)Tl Wi )s E 101 - \\%W_gﬁv\it\%
CA(w . ) S EA(wjoint)- § 100 - -
GRCL: W(Z) = arg minl ”y(Z) . X(Z)W”% 4+ ||W . W(l)”% - Lo-1] ™ PraCtlcaI Algorlthms
wor GRCL attain joint learning performance with N i
. 2.-RCL (= = vI) w® = n211v@® — x@w12 + — w2 sufficient memory. DT Mampesize 0T
2 (E=yh):-w ars s 1y wilz +yllw =wr[z y sample S @ @ GRCL via PCA costly on NN.
(@ = (D) @7 w(@\-1x@) T (4(2) _ ¥(2), 1) Extension to multi-task] EA(w'?) < EA(wioin:) holds when: RETRY g . -
.OCL (£ - 0): w¥) =wlV + (X X¥)7 X9 (y&) — X @wl)), [Extension to multi-task] LA (w ~ L (Wjoeint ) NOIAS WhenN: Solution: GRCL via CountSketch!
. . ot : . iy B -
- Joint Learning (JL): Wjoint = (X{bintXjoint) " XjointYjoint yi( ) = Hf ) for u§ ) > 1/n and 0 otherwise. O Rt «— See our previous work
This work on ArXiv: &g
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