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A Appendix: Methodology details11

A.1 Background: PPCA and its EM algorithm12

To aid in understanding our algorithm for learning the compact memory, we briefly introduce13

Probabilistic PCA (PPCA) and the Expectation-Maximization (EM) algorithm in our context; further14

details can be checked in [Tipping and Bishop, 1999a,b]. To this end, we first remind that our compact15

memory Ut`1 P RHˆKt`1 serves as the weight parameter in the following linear model with latent16

variable Zt`1,17

rUt, Φt`1s « Ut`1Zt`1, (1)

where the feature matrix Φt`1 P RHˆNt`1 and the previous memory Ut P RHˆKt are assumed to18

be given observations.19

From now, for brevity, we omit subscript and notate N :“ Kt`1 ` Nt`1, U :“ Ut`1 P RHˆKt`1 ,20

Φ :“ rUt, Φt`1s P RHˆpNt`1`Ktq, where ϕn P RH denotes n-th column of Φ.21

PPCA Model. With Gaussian latent variable zn „ N p0H, IHˆHq, the n-th observation ϕn can22

be modeled as23

ϕn “ Uzn ` η,

where η „ N p0H, ϵIHˆHq denotes the Gaussian noise with the scalar hyperparameter ϵ P R`. Then,24

for u :“ 1{N
ř

n ϕn and C :“ UUJ
` ϵI , the marginal likelihood of ϕn is derived as25

ppϕnq “

ż

ppϕn|znq
looomooon

ϕn„N pUzn`u,ϵIHˆHq

ppznq
loomoon

zn„N p0H,IHˆHq

dzn (2)

“ p2πq´H{2|C| exp

ˆ

´
1

2
pϕn ´ uqJC´1

pϕn ´ uq

˙

.

Thus, the log likelihood of Eq.(1) is written as26

log ppΦq “

N
ÿ

n“1

log ppϕnq “ N
`

pH{2q log 2π ` trpC´1Sq ` log |C|
˘

, (3)

where S “ p1{Nq
ř

npϕn ´ uqpϕn ´ uqJ.27

Stationary condition. Because the gradient of the log marginal likelihood ∇U log ppΦq is given as28

∇U log ppΦq “ N pC´1SC´1U ´ C´1Uq, (4)

the optimal U maximizing the log ppΦq, satisfies the following equation29

SC´1U “ U, (5)

due to the stationary condition ∇U log ppΦq “ 0.30

Eq.(5) implies that if (i) UUJ is invertible, meaning that U is a full rank matrix with rank H and (ii)31

u “ 0H , meaning that the columns of Φ have zero mean, then the following holds32

S “ C ô p1{NqΦΦJ
“ UUJ

` ϵI, (6)

where the right side is equal to the hessian matching objective for linear regression up to constant N .33

Motivation for Hessian matching via PPCA. Eq.(6) suggests that if we find the optimal weight U34

in PPCA formulation, we can find the memory for Hessian matching objective in our problem.35
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EM algorithm. Finding the optimal weight U in PPCA can be conducted by EM algorithm for36

computational efficiency.37

The EM algorithm maximizes ℓpUq with respect to U in order to find the stationary point S “ C in38

Eq.(6) where ℓpUq appears in the lower bound of the marginal likelihood log ppΦq, as follow:39

log ppΦq “ log

ż
ˆ

ppΦ|Zq
ppZq

ppZ|U,Φq

˙

ppZ|U,ΦqdZ ě

ż

log ppΦ,Zq ppZ|U,ΦqdZ
loooooooooooooooomoooooooooooooooon

:“ℓpUq

`HpppZ|U,Φqq.

The EM algorithm consists of the following alternative update procedure:40

E-step: Update posterior of latent variable ppZ|Upoldq,Φq and then compute the expected loss41

ℓpU;Upoldq
q :“

ż

log ppΦ,Zq ppZ|Upoldq,ΦqdZ,

where Upoldq denotes the weight updated in previous iteration. With M :“ UpoldqJUpoldq
` ϵI P42

RKt`1ˆKt`1 , the posterior of latent variable for each zn is computed as43

ppzn|Upoldq,Φq “ N pM´1UpoldqJ
pϕn ´ uq, ϵM´1

q.

Thus, the expected incomplete likelihood ℓpU;Upoldq
q is computed as44

ℓpU;Upoldq
q

“

N
ÿ

n“1

ż

log ppϕn, znq ppzn|Upoldq,Φq dzn

“

N
ÿ

n“1

ˆ

H

2
log ϵ `

1

2
trpErznz

J
n sq `

1

2ϵ
}ϕn ´ u}

2
´

1

ϵ
ErzJ

n sUJ
pϕn ´ uq `

1

2ϵ
trpUJUErznz

J
n sq

˙

,

where Erzns “ M´1UpoldqJ
pϕn ´ uq and Erznz

J
n s “ ϵM´1

` ErznsErznsJ.45

M-step: Update the parameter Upoldq newly by46

Upoldq
ÐÝ argmax

U
ℓpU;Upoldq

q,

which is given as47

Upoldq
“

˜

N
ÿ

n“1

pϕn ´ uqErznsJ

¸ ˜

N
ÿ

n“1

Erznz
J
n s

¸´1

.

We repeat E-step and M-step alternatively until the learnable parameter U converges the local48

optimum.49
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A.2 Details for case of Multi-label classification50

Understanding on K-prior usign Hessian. Let us remind the model parameter Θ “51

rθ1 ... θCsJ P RCˆH for C-class classification and its Hessian ∇2ℓpf ,yq “ σ1pfq b ϕϕJ
P52

RCHˆCH with f “ rf p1q ... f pCq
s and its softmax output σpfq “ rσp1qpfq ... σpCqpfqs P ∆C´1.53

Then, the derivative of softmax output is given as rσ1pfqsij “ σpiqpfqp1´σpiqpfqq if i “ j, otherwise54

rσ1pfqsij “ ´σpiqpfqσpjqpfq.55

For multi-label classification task, the K-prior regularization Ktpθq at t-task model parameter Θt,56

can be approximated with the second-order Taylor approximation, as follows:57

Ktpθq

«
ÿ

iPDt

vecpΘ ´ Θtq
J

´

σ1pf iq b ϕiϕ
J
i

¯

vecpΘ ´ Θtq ` δvecpΘ ´ Θtq
JvecpΘ ´ Θtq

“
ÿ

iPDt

C
ÿ

c“1

pθpcq
´ θ

pcq

t qJ
´

σpcqpf iqp1 ´ σpcqpf iqqϕiϕ
J
i

¯

pθpcq
´ θ

pcq

t q

´ 2
ÿ

iPDt

ÿ

c1ăc2

pθpc1q
´ θ

pc1q

t qJpσpc1qpf iqσ
pc2qpf iqϕiϕ

J
i qpθpc2q

´ θ
pc2q

t q
looooooooooooooooooooooooooooooooooomooooooooooooooooooooooooooooooooooon

σpc1q
pf iqσpc2q

pf iq « 0 in most cases

`δvecpΘ ´ Θtq
JvecpΘ ´ Θtq

«
ÿ

iPDt

C
ÿ

c“1

pθpcq
´ θ

pcq

t qJ
´

σpcqpf iqp1 ´ σpcqpf iqqϕiϕ
J
i

¯

pθpcq
´ θ

pcq

t q ` δvecpΘ ´ Θtq
JvecpΘ ´ Θtq

“

C
ÿ

c“1

pθpcq
´ θ

pcq

t qJ
´

ÿ

iPDt

σpcqpf iqp1 ´ σpcqpf iqqϕiϕ
J
i

looooooooooooooooooomooooooooooooooooooon

Hessian of binary classification for c-class

` δIHˆH

¯

pθpcq
´ θ

pcq

t q,

where the second approximation is considered because Θt is obtained after learning task Dt and58

thus σpfq would have a peak predictive probability for some class c P rCs in most cases, yielding59

σpf
pc1q

i qσpf
pc2q

i q « 0. The above approximation, resulting60

Ktpθq «

C
ÿ

c“1

pθpcq
´ θ

pcq

t qJ
´

ÿ

iPDt

σpcqpf iqp1 ´ σpcqpf iqqϕiϕ
J
i

looooooooooooooooooomooooooooooooooooooon

Hessian of binary classification for c-class

` δIHˆH

¯

pθpcq
´ θ

pcq

t q,

implies that for given ϕi P Dt, if there is some c P rCs satisfying σpcqpf iqp1 ´ σpcqpf iqq to be large61

value, then compact memory should learn ϕi for the regularization of c-class parameter θpcq.62

Motivation for Hessian matching. This encourages us to learn compact memory tpwk|t,uk|tqu
Kt

k“163

satisfying64

ÿ

iPDt

˜

C
ÿ

c“1

σpcqpf iqp1 ´ σpcqpf iqq

¸

looooooooooooooooomooooooooooooooooon

importance for ϕi over C classes

ϕiϕ
J
i «

ÿ

k

wk|t

˜

C
ÿ

c“1

σpcqpfuk|t
qp1 ´ σpcqpfuk|t

qq

¸

uk|tuk|t
J,

which yields the generalization of hessian matching for multi-label classification.65

Remark. If σpfq is a peaked probability meaning that there is some c P rCs satisfying σpcqpfq « 1,66

then σpiqpfqp1 ´ σpiqpfqq “ 0 for all class i P rCs. Thus, for all features of Dt, if their tσpfqu have a67

peaked probability, there is no information to learn memory. Therefore, for small ζ ą 0 we consider68

the clipping for logit is necessary, i.e., maxi σ
piqpfq ď 1 ´ ζ and mini σ

piqpfq ě ζ. In this work, we69

use ζ “ 10´4.70
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B Appendix: Experiment details71

Reproducibility. Our implementation and additional results are available at https://anonymous.72

4open.science/r/project_cptmem-FFB3.73

Computation resource. We use RTX 6000 Ada for experiments on Permuted-MNIST and Split-74

TinyImageNet. For other experiments, we use RTX-3090.75

B.1 Multi-output regression on Split-MNIST76

Experiment setting. We consider the following hyperparameters:77

• For feature map ϕpxq, we use the identity map where the raw pixel values of the image serve78

directly as features.79

• For hyperparameters of learning model parameter θt, we use Adam optimizer with learning80

lr “ 10´3. We use 100 epochs for each task. For the weight-space regularization hyperparameter81

δ, we use δ “ 0.01.82

• For hyperparameters of learning memory Ut`1, we run 10, 000 iterations for each task. For the83

noise hyperparameter ϵ for the EM algorithm, we use ϵ “ 10´3.84

Additional results. Table 1 compares the performances of our method and the SVD approach,85

which is regarded as the oracle method. For memory size Kt`1, the SVD approach obtains the86

optimal memory87

Ut`1 “ U1:Kt`1
diagpd

1{2
1:Kt`1

q

sequentially where the columns of eigenvectors U P RHˆR with its rank R and the corresponding88

eigenvalues d P RR
` are given by eighpΦt`1Φ

J
t`1 `UtU

J
t q “ UdiagpdqUJ for the feature matrix89

Φt`1 P RHˆNt`1 and the previous memory Ut P RHˆKt . The ∆Mem denotes the memory size90

allocated per task; for example, if ∆Mem “ 10 is used, the memory increases by 10 for each task.91

This result demonstrates that our method is effective in mitigating catastrophic forgetting, especially92

when using a small amount of memory because the performances on previous tasks, achieved by our93

method, tend to be superior to that of the SVD approach.94

Table 1: Multi-output regression on Split-MNIST over 3 runs. The performance of batch training is
obtained as 0.839, comparable to the Avg of each method.
∆Mem Method Task 1 Task 2 Task 3 Task 4 Task 5 Avg

10 OUR 0.920 ˘ 0.001 0.474 ˘ 0.012 0.616 ˘ 0.003 0.602 ˘ 0.001 0.874 ˘ 0.001 0.697 ˘ 0.004
SVD 0.776 ˘ 0.011 0.337 ˘ 0.005 0.592 ˘ 0.006 0.587 ˘ 0.004 0.905 ˘ 0.002 0.639 ˘ 0.002

20 OUR 0.941 ˘ 0.000 0.566 ˘ 0.001 0.695 ˘ 0.002 0.680 ˘ 0.003 0.837 ˘ 0.000 0.744 ˘ 0.001
SVD 0.831 ˘ 0.010 0.417 ˘ 0.006 0.652 ˘ 0.004 0.641 ˘ 0.002 0.884 ˘ 0.004 0.685 ˘ 0.003

40 OUR 0.959 ˘ 0.000 0.689 ˘ 0.001 0.740 ˘ 0.001 0.786 ˘ 0.001 0.816 ˘ 0.001 0.798 ˘ 0.000
SVD 0.877 ˘ 0.006 0.535 ˘ 0.003 0.688 ˘ 0.004 0.735 ˘ 0.004 0.889 ˘ 0.001 0.745 ˘ 0.001

160 OUR 0.966 ˘ 0.000 0.764 ˘ 0.002 0.738 ˘ 0.001 0.848 ˘ 0.001 0.785 ˘ 0.000 0.820 ˘ 0.000
SVD 0.895 ˘ 0.006 0.687 ˘ 0.006 0.744 ˘ 0.002 0.862 ˘ 0.003 0.886 ˘ 0.001 0.815 ˘ 0.002

320 OUR 0.965 ˘ 0.000 0.775 ˘ 0.002 0.720 ˘ 0.001 0.842 ˘ 0.001 0.773 ˘ 0.001 0.815 ˘ 0.001
SVD 0.901 ˘ 0.006 0.730 ˘ 0.005 0.751 ˘ 0.004 0.874 ˘ 0.003 0.887 ˘ 0.002 0.828 ˘ 0.002
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B.2 Binary logistic regression on four-moon dataset95

3.0 2.5 2.0 1.5 1.0

0.5

0.0

0.5

1.0

3 2 1 0 3 2 1 0 1 3 2 1 0 1 2 3

Figure 1: Sequences of four-moon classification task

Experiment setting. We split all data points of Four-moon datasets into 4 tasks of96

r500, 500, 500, 500s where the task proceeds as shown in Figure 1.97

We consider the following hyperparameters:98

• For feature map ϕpxq, we use polynomial feature polyp5q yielding 21 feature dimension. We use99

the scikit-learn package.100

• For hyperparameters of learning model parameter θt, we use Adam optimizer with learning101

lr “ 0.01. We set the number of iterations across t10000, 20000u to learn the model parameter θt102

for each task; we confirm the convergence of the training loss. For weight-space regularization103

hyperparameter δ, we set δ “ 10´2.104

• For hyperparameters of learning memory Ut`1, we set the number of iterations across105

t50, 100, 200u for each task. For the memory size, we consider t7, 14, 21u memory for each106

task and accumulate the memory as the task proceeds. For the noise hyperparameter ϵ, we conduct107

a grid search over ϵ P t10´3, 10´4, 10´5u and use 10´4.108

3 2 1 0 1 2 3

1

0

1

adaptaion for task-1

3 2 1 0 1 2 3

adaptaion for task-2

3 2 1 0 1 2 3

adaptaion for task-3

3 2 1 0 1 2 3

adaptaion for task-4

(a) 7 memory per task

3 2 1 0 1 2 3

1

0

1

adaptaion for task-1

3 2 1 0 1 2 3

adaptaion for task-2

3 2 1 0 1 2 3

adaptaion for task-3

3 2 1 0 1 2 3

adaptaion for task-4

(b) 21 memory per task

Figure 2: Investigation on varying memory size used for K-prior.

Additional results across varying memory size. Figure 2 shows the results using the 7 and 21109

memory per task. The result using 14 memory is reported in Section 4 of the main manuscript. This110

confirms that our method can match the decision boundary of batch training closely even when using111

a small amount of memory, as shown in Figure 2a. As more memory is used, our decision boundary112

becomes more equal to that of the batch training, as shown in Figure 2b.113
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B.3 Binary logistic regression on USPS odd vs even dataset114

Experiment setting. We consider the following hyperparameters:115

• For feature map ϕpxq, we use polynomial feature polyp1q yielding 256 feature dimension. We use116

the scikit-learn package.117

• For hyperparameters of learning model parameter θt, we use Adam optimizer with learning118

lr “ 0.1. We use 5000 iterations to learn the model parameter θt for each task. For the weight-119

space regularization hyperparameter δ, we conduct a grid search over δ P t0.5, 0.1, 0.05u and use120

δ “ 0.5 for K-prior and our method.121

• For hyperparameters of learning memory Ut`1, we use 5000 iterations for each task. For the noise122

hyperparameter ϵ, we conduct a grid search over ϵ P t10´3, 10´4, 10´5u.123

Investigation on varying weight-space regularization hyperparameter for K-prior. Figure 3124

compares K-prior and our method across the varying hyperparameters δ P t0.5, 0.1, 0.05u that control125

the importance of weight-space regularization hyperparameter term for K-prior. This result confirms126

that our method improves the memory efficiency in general and is more effective at δ P t0.1, 0.5u127

where the K-prior can match the result of batch training more closely.128
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(c) δ “ 0.5

Figure 3: Investigation on varying hyperparameter δ P t0.05, 0.1, 0.5u for K-prior

Investigation on varying noise hyperparameter EM algorithm for PPCA. Table 2 compares the129

performances of our method across varying noise hyperparameter ϵ in the EM algorithm for PPCA130

where we run 5 experiments with different random seeds. This confirms that our method is consistent131

over the noise hyperparameter ϵ.

Table 2: Investigation on the effect of noise hyperparameter ϵ P t10´3, 10´4, 10´5u.
∆Mem ϵ Task 1 Task 2 Task 3 Task 4 Task 5 Avg

1%
ϵ “ 10´3 0.769 ˘ 0.046 0.840 ˘ 0.012 0.566 ˘ 0.033 0.982 ˘ 0.005 0.946 ˘ 0.002 0.820 ˘ 0.013
ϵ “ 10´4 0.791 ˘ 0.029 0.855 ˘ 0.014 0.623 ˘ 0.022 0.983 ˘ 0.003 0.952 ˘ 0.005 0.840 ˘ 0.007
ϵ “ 10´5 0.772 ˘ 0.043 0.872 ˘ 0.010 0.627 ˘ 0.032 0.980 ˘ 0.003 0.954 ˘ 0.002 0.841 ˘ 0.008

2%
ϵ “ 10´3 0.860 ˘ 0.010 0.913 ˘ 0.002 0.689 ˘ 0.020 0.979 ˘ 0.003 0.934 ˘ 0.003 0.875 ˘ 0.003
ϵ “ 10´4 0.885 ˘ 0.012 0.885 ˘ 0.018 0.724 ˘ 0.008 0.981 ˘ 0.003 0.933 ˘ 0.005 0.881 ˘ 0.004
ϵ “ 10´5 0.891 ˘ 0.006 0.893 ˘ 0.012 0.715 ˘ 0.010 0.982 ˘ 0.003 0.937 ˘ 0.002 0.883 ˘ 0.003

5%
ϵ “ 10´3 0.932 ˘ 0.002 0.931 ˘ 0.003 0.810 ˘ 0.011 0.980 ˘ 0.003 0.920 ˘ 0.003 0.915 ˘ 0.002
ϵ “ 10´4 0.950 ˘ 0.002 0.921 ˘ 0.003 0.819 ˘ 0.012 0.983 ˘ 0.004 0.915 ˘ 0.005 0.918 ˘ 0.002
ϵ “ 10´5 0.948 ˘ 0.002 0.921 ˘ 0.007 0.798 ˘ 0.009 0.984 ˘ 0.002 0.915 ˘ 0.004 0.913 ˘ 0.002

10%
ϵ “ 10´3 0.933 ˘ 0.002 0.944 ˘ 0.005 0.876 ˘ 0.008 0.972 ˘ 0.004 0.878 ˘ 0.003 0.921 ˘ 0.002
ϵ “ 10´4 0.962 ˘ 0.002 0.937 ˘ 0.003 0.855 ˘ 0.009 0.976 ˘ 0.003 0.884 ˘ 0.003 0.923 ˘ 0.002
ϵ “ 10´5 0.969 ˘ 0.003 0.934 ˘ 0.002 0.855 ˘ 0.009 0.977 ˘ 0.003 0.889 ˘ 0.003 0.925 ˘ 0.001

20%
ϵ “ 10´3 0.949 ˘ 0.003 0.946 ˘ 0.002 0.891 ˘ 0.005 0.971 ˘ 0.002 0.859 ˘ 0.002 0.923 ˘ 0.001
ϵ “ 10´4 0.979 ˘ 0.001 0.949 ˘ 0.002 0.877 ˘ 0.006 0.965 ˘ 0.002 0.872 ˘ 0.003 0.929 ˘ 0.002
ϵ “ 10´5 0.981 ˘ 0.001 0.940 ˘ 0.001 0.868 ˘ 0.006 0.967 ˘ 0.002 0.876 ˘ 0.004 0.927 ˘ 0.002

132
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B.4 Multi-label logistic regression on Split CIFAR-10, CIFAR-100, and TinyImageNet133

Experiment setting. We consider the following hyperparameters:134

• For feature map ϕpxq, we use the feature extractor of ResNet-50 and Vision transformer (Vit)135

that are pretrained by CLIP. For Split CIFAR-10, we use Vit-B/32 meaning the base-scale model136

with 32 patch size. For Split CIFAR-100 and Split Tiny-ImageNet, we use Vit-L/14 meaning the137

large-scale model size with 14 patch size. The feature extractors of ResNet-50 and Vit yield 2048138

features and 768 features, respectively.139

• For hyperparameters of learning model parameter θt, we use Adam optimizer with learning140

lr “ 0.1. We use 100 iterations for each task with 1024 batch size. For the weight-space141

regularization hyperparameter δ, we conduct a grid search over δ P t0.1, 0.01, 0.001u.142

• For hyperparameters of learning memory Ut`1, we set 10 iterations for each task. For the noise143

hyperparameter ϵ, we use ϵ “ 10´4.144
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Figure 4: Investigation on varying feature extractor with Split-CIFAR-10.

1 2 5 10 20
memory size (% of past data)

0.3

0.4

0.5

0.6

0.7

0.8

ac
cu

ra
cy

batch
k-prior
replay
our

(a) ResNet-50

1 2 5 10 20
memory size (% of past data)

0.4

0.5

0.6

0.7

0.8

ac
cu

ra
cy

batch
k-prior
replay
our

(b) Vit-B/32

1 2 5 10 20
memory size (% of past data)

0.4

0.5

0.6

0.7

0.8
ac

cu
ra

cy

batch
k-prior
replay
our

(c) Vit-L/14

Figure 5: Investigation on varying feature extractor with Split-CIFAR-100.

1 2 5 10 20
memory size (% of past data)

0.2

0.3

0.4

0.5

0.6

0.7

ac
cu

ra
cy

batch
k-prior
replay
our

(a) ResNet-50

1 2 5 10 20
memory size (% of past data)

0.3

0.4

0.5

0.6

0.7

ac
cu

ra
cy

batch
k-prior
replay
our

(b) Vit-B/32

1 2 5 10 20
memory size (% of past data)

0.4

0.5

0.6

0.7

0.8

ac
cu

ra
cy

batch
k-prior
replay
our

(c) Vit-L/14

Figure 6: Investigation on varying feature extractor with Split-TinyImageNet.

Investigation on varying feature extractor. Figure 4 shows the results on Split-CIFAR 10 across145

varying feature extractors where the feature extractors of ResNet-50, Vit-B/32, and Vit-L/14 are146

used in Figures 4a to 4c, respectively. Similarly, Figures 5 and 6 show the corresponding results147

on Split-CIFAR-100 and Split-TinyImageNet, respectively. These results confirm that our method148

improves memory efficiency consistently regardless of the feature extractor.149
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B.5 Additional results on Permuted MNIST150

Experiment setting. Following the benchmark experiment setting in [Lomonaco et al., 2021], we151

also consider Permuted-MNIST consisting of a sequence of 5 tasks constructed by permuting pixels152

of 60,000 training samples of MNIST for each task.153

We consider the following hyperparameters:154

• For feature map ϕpxq, we use the feature extractor of ResNet-50 and Vision transformer (Vit) that155

are pretrained by CLIP. The feature extractor of ResNet-50 and Vit yield 2048 features and 768156

features, respectively157

• For hyperparameters of learning model parameter θt, we use Adam optimizer with learning158

lr “ 0.1. We use 200 iterations for each task. For the weight-space regularization hyperparameter159

δ, we conduct a grid search over δ P t0.01, 0.001u.160

• For hyperparameters of learning memory Ut`1, we set 10 iterations for each task. For the noise161

hyperparameter ϵ, we consider ϵ “ 10´4.162

Additional results. Table 3 shows that our method outperforms other baselines especially when163

1, 2, and, 5 percent of data points are used as memory. This result confirms that our method also164

improves memory efficiency on domain incremental task .165

Table 3: Performance on Permuted-MNIST across varying amount of memory.
Feature Method 1% 2% 5% 10%

ResNet-50
Replay 0.474 ˘ 0.002 0.508 ˘ 0.002 0.554 ˘ 0.001 0.592 ˘ 0.002
K-prior 0.465 ˘ 0.003 0.493 ˘ 0.002 0.534 ˘ 0.002 0.572 ˘ 0.003
Our 0.490 ˘ 0.001 0.521 ˘ 0.001 0.561 ˘ 0.002 0.592 ˘ 0.003

Vit-B/32
Replay 0.490 ˘ 0.003 0.524 ˘ 0.002 0.578 ˘ 0.004 0.623 ˘ 0.003
K-prior 0.453 ˘ 0.001 0.489 ˘ 0.003 0.549 ˘ 0.005 0.594 ˘ 0.004
Our 0.522 ˘ 0.006 0.545 ˘ 0.007 0.584 ˘ 0.003 0.613 ˘ 0.004
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