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Experimental Results

Comparison on Disjoint MNIST and Shuffled MNIST Datasets

- - - - - - Assume local posterior and approximated global posterior is Gaussian Explanation of Untuned Tuned

new task without information trained on the Previous tasks. The goal Is to make K b PP J ¥ Disjoint MINIST Experiment Hyperparam Hyperparam Accuracy Hyperparam Accuracy
the network perform well for both tasks. * A ' - SGD [3] epoch per dataset 10 47.72 (= 0.11) 0.05 T1.32(x 1.54)
i 1k 21K Ergnznrll{ y KL (qrll91:x) S 2 ¥ G T g, L2-transfer [25] X in (10) : : 0.05 85.81 (4 0.52)
Catastrophic Forgetting: neural networks lose the performance for the T K 3 g{:ﬁ’(‘;'lt;?‘”f” P - e oo o D e

_ o L in (2 A 47,54 L YOOV d2. 12 I
previous tasks after training the new task. Ul = E A U Mean-IMM oz in (4) 0.50 9045 (£ 2.04) 0.55 01.02 (£ 0.98)
_ _ _ k Mode-IMM as in (7) 0.50 91.49 (£ 0.98) 0.45 92.02 (£ 0.73)
Incremental moment matching (IMM): Incrementally matching the ) K ) T L2-transfer + Mean-IMM N as 0.00170.50 78.34 (£ 1.82) 0.001/70.60 02.62 (£ 0.95)
moment of the posterior distribution of the neural network which is trained on g = E o (Cx + (e — 11 (i — M3 )" ) L.2-transfer + Mode-IMM A 00917050  92.52(x041) 0017045  92.73(F0.35)
] k Drop-transfer + Mean-IMM pl ao 0.5/0.50 80.75 (= 1.28) 0.5/0.60 92.64 (£ 0.60)
the previous and the new tasks. Drop-transfer + Mode-IMM p/ o 0.5/0.50 93.35 (4 0.49) 0.5/0.50 93.35 (4 0.49)
- - _ - 1 1 1 L2, Drop-transfer + Mean-IMM A plas 0.001/70.5/70.50  66.10(x3.19) 00017057075  93.97 (£ 0.23)
CO Ntri butl on Mode-IMM: find a mode of mixture of local posteriors L2, Drop-transfer + Mode-IMM A plas 0.001/0.5/0.50 93.97(£0.32) 0.001/0.5/045 94.12 (£ 0.27)
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1. Propose two types of Incremental moment matching (| MM) methods for ‘l.l; K Zi ¢ = argmax E A Shuffled MINIST Experiment Hyperparam Accuracy Hyperparam Accuracy

- - - L1 SGD [3] epoch per dataset 60 89.15 (4 2.34) - ~95.5 |8]

overcoming catastrophic forgetting u k , g | . . |
_ [L2-transfer | 23] Ain (10) - . le-3 96.37 (= 0.62)
- Mean-Incremental Moment Matching (mean-1MM) u 5o Ka Z_l,u Use inverse Fisher matrix as covariance matrix Drop-transfer pin (11) 0.5 94.75 (£ 0.62) 0.2 96.86 (4 0.21)

: K = &1:K° EWC [8] A in (20) . . . ~98.2 [8]

- Mode-Incremental Moment Matching (mode-1MM) 1:K 1:K kSk Pk . _ . | ._ _
k Mean-IMM s 1n (4) 0.33 93.23 (£ 1.37) 0.55 95.02 (= 0.42)
K 9, ~ ~ .. ™ . v -

: . 1 B T Mode-IMM as in (7) 0.33 98.02 (& 0.05) 0.60 98.08 (+ 0.08)
2. Interpret the IMMs as the Bayesian perspectives X1k = ( g )t 2 2 Re=E, s ou Inp(y | X, ) -In pCy | X, 14) L2-transfer + Mean-TVM M as 47033 9038(X 174 147065 9593 (£ 03D
' k Ot | L2-transfer + Mode-IMM Al as le-4/0.33 98.16 (+ 0.08) le-4/0.60 98.30 (£ 0.08)
3. Propose drop-transfer as both a knowledge transfer method for IMM Drop-transfer + Mcan-IVMM o7 o 057033 90.79 (£ 1.30) 057065 96.49 (£ 0.44)
and a continual |earning method Drop-transfer + Mode-IMM p/ as 0.5/0.33 97.80 (£ 0.07) 0.5/0.55 97.95 (£ 0.08)
- - L2, Drop-transfer + Mean-IMM A plas le-4/0.5/0.33 89.51 (£ 2.8)) le-4/0.5/0.90 07.36 (£ 0.19)
4. Apply various transfer technigues in the IMM procedure to make our Maki ng Search Spaces Smooth by Transfer Techn Iques L2, Drop-transfer + Mode-IMM A plas le-4/0.5/033  97.83(+0.10)  1e-4/0.5/0.50  97.92 (£ 0.05)

assumption of Gaussian distribution reasonable

Transfer Techniques for IMM Smooth Search Space

Test Accuracies with Different Balancing Parameters

Incremental Moment Matching o | i + 2. dropout( | Weight-transfer makes the search space convex-like (CIFAR-10) Disjoint MNIST Shuffled MNIST ImageNet2CUB
- - ‘ lle lle_l 2 /Jk_l Ile Ile_l (a) Training Loss and Accuracy (b) Test Objective Loss (c) Test Accuracy {0’1’2’3’4}_>{5’6’7’8’9} Plxels are Sthﬂed Wlth General ObJeCtS (1000 C|aSSGS)
‘uﬂfode B (Z_l N Z_l)_l (Z_l/u N Z_l/[[ ) Welght'tranSfer L2-tranSfer DrOp—tranSfer training data1 training data  training data3 ; CJ 7 a flxed’ random permutatlon > B”—d (200 C|aSSGS)
v LT > e || o T o i Task Hoan 1
Mean __ 12} ~V~ Second Task, Mean— 0.995 ¢ ~V— Second Task, Mean- O First Task, Mode—IMM
thy = (k) 2 i % % % ol oW o T o  Secona Tk, Mock-
0.985
2 L
weight-transfer L2-transfer g g " % 0158‘:_
[_-Hecm B Find u,, > & o % 0.56 "
iz iy quz — H, ‘2 Z which ® ® " s -
makes H Hy Various transfer techniques for IMM makes the search 0:’::' 054!
drop-transfer U1 perform space in the line/curve smooth (Disjoint MNIST) el |
/’ll + 2 ' dropouf(/“lz o /Lll) better 0351 J | 0.95 ‘ ' % V02 B 0.4 0.6 08 = 1 0.95 | ' | ' . | ' | ' ‘
x X x x 08t B8 B = SN alpha, for weighing two networks ’ o2 alpha, fg}4weighing Mc())hr?etworks o8 1 ° o2 alpha, fg:tweighing twgr?etworks o8 1
Geometric illustration of incremental moment matching (IMM). Mean-IMM 0 M Comparison on Lifelog Dataset
S|m_ply a"erages the parame_ters of two net_JraI netwc?rks, whereas mode-IMM tries p o _ Eaocentric Video recorded from Google Glass, 660,000 instances, 3 participants, 46 days
to find a maximum of the mixture of Gaussian posteriors. Hi—1,i if ith node is turned off . : —
A~ 1 oes " oss fff ! [ e Location  Sub-location  Activity A B C
— i / E——" ' f} —&— hode-IMh _ e : .
To make IMM be reasonable, the search space of the loss function between two Hiei =9_~ Ui — P W1 otherwise J R~ 7| o Dprntr <o b Dual memory architecture [12]  78.11 72.36 02.92 67.02 >8.80 1757
osterior means p; and u, should be reasonably smooth and convex-like. To find a dl-p " 1-p ' ' +Q:K::§f§:"“§32:'““““\ o e i ey Mean-IMM 77.60 73.78 02.74 67.03 S7.73 79.35
POSTEN C o SR y _ ' N BN G L N B T R Mode-IMM 77.14 75.76 54.07 67.97 60.12 78.89
U, which satisfies this condition of a smooth and convex-like path from u,, we e
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