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7 APPENDIX

7.1 THE DETAILS OF BENCHMARK DATASETS

To achieve a comprehensive study, we conduct extensive experiments in the main paper, including
datasets CIFAR-100 (Krizhevsky et al.l 2009)), ImageNet-Subset (Deng et al.,[2009), and ImageNet-
Full (Deng et al.,|2009).

» CIFAR-100 is a widely-used image classification dataset, consisting of 60,000 color images
with dimensions of 32x32 pixels, across 100 different classes. Each class in the dataset is
designed to represent a distinct object category (e.g., animals, vehicles, everyday objects).
The dataset is split into a training set of 50,000 images, with 500 images per class, and a
validation (or test) set of 10,000 images, with 100 images per class.

* ImageNet-subset (ImageNet-100) is a smaller, 100-class subset derived from the larger
ImageNet dataset. It is frequently used for tasks like transfer learning and incremental
learning, offering a balance between dataset size and complexity. Each class in ImageNet-
Subset contains approximately 1,300 training images and 50 validation images, making it a
more computationally manageable version of the full ImageNet dataset while still providing
substantial class diversity and variability in visual content.

* ImageNet-Full (ImageNet-1000) refers to the subset of ImageNet containing 1,000 classes.
It is the most commonly used version of ImageNet for tasks such as image classification,
pretraining, and benchmarking deep learning models. This dataset includes around 1.2
million training images and 50,000 validation images, with approximately 50 images per
class in the validation set. Each class in ImageNet-full represents a distinct object category,
ranging from animals to everyday objects.

7.2 PROOF PROPOSITION 1

Proposition 2. Consider the incremental model 0, and oracle 05, both initialized from the old model
0;_,, with optimization objectives defined in Egs. [?] and E?} If 0; and 0} are searched within the

neighborhood set Uf_i N, where Ny = {0 : d(0,0;) < 8;}, then 0 can be approximately expressed
as the sum of 07 _, and an increment vector (0; — 0;_) transformed by the term (H;_ + Hy) ™ Hy,
which is shown below:

0 ~ 0,1+ (Hi—1 + -Ht)ilﬁt(gt —0:1)

Proof. We begin by stating the stationarity conditions for both the incremental model 6; and the
oracle 05, which are derived from setting the derivatives of the objectives in Egs. [7|and [§] to zero:

Hi1(0: —6;1) = Vﬁt(ﬁt) (12)

Hy_1(6F —0,_1) sz (67, (13)
Next, we subtract Eq. [I3|from Eq. [I2} yielding:
Hy_1(0F —0,) = Zvc 07) — [VL(07) — VL(6,)] . (14)

To proceed, we apply a first-order Taylor approximation to approximate the difference between the
gradients:

VL(0F) — VLy(0:) = Hy (6] — 6y). (15)
Substituting Eq. [I5]into Eq. [T4] we obtain:

H, (07 - Z VLi(0F) — Hi(0; — 61). (16)
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We then move the term Hy (0" — 6;) to the left-hand side and divide the entire expression by Ht~1:

t—1
0F — 0, = —H; "> VLi(0]) (17)

=1

Now, by approximating 6 for each ¢ as in Eq. we express:
=l
0r —0, = —H;* Z [VL:(0;) + H; (6] —6;)] (18)
i=1

Since the gradient V Li is close to zero for the converged old model, it can be neglected in practice,
leading to:
t—1
0f — 0~ —H; ' > Hi(6; —0;) (19)
i=1

Assuming the parameters are searched within the neighborhood set Uf;i N;, where N; = {0 :
d(6,0;) < &;}, we follow the approximation from (Huszér, 2018):

Jj—1 Jj—1
> Hi(0—6:) ~ (> Hi)(0—0,1) (20)
i=1 i=1
Substituting Eq. [20]into Eq. [I9]and rearranging with respect to 6, we recover Eq. [0}
0F ~ 0,1+ (H;_y + H) " Hy(6; — 0;_1) 21

7.3 DETAILED COMPARATIVE RESULTS

For a fair comparison with subsequent work, we provide the detailed comparative results in Tab.
and Tab.
Table 5: Classification accuracy (%) on CIFAR-100 for 5 increments.

Step
Method 1 2 3 4 5 6
PODNet 7956 69726 6525 6022 5474 5447
PODNetw/IVT | 7956 7080 6615 6182 5722 56.62
AFC 7971 7157 6709 6200 5644 5624
AFC w/ VT 7971 7174 6713 6254 5790 56.62

Table 6: Classification accuracy (%) on CIFAR-100 for 10 increments.

Step
Method 1 2 3 4 5 6 7 8 9 10 11
PODNet 79.56 7389 6845 6494 6330 6097 5872 5696 5346 5397 52.89
PODNetw/ IVT | 78.76 7299 68.83 6543 64.12 62.15 59.86 5892 5548 5599 5541
AFC 7971 7449 7005 6701 6548 6352 60.86 5857 5459 5530 54.37
AFC w/ IVT 7971 7449 69.84 6694 6583 6348 6112 59.16 5638 56.83 55.99
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Table 7: Classification accuracy (%) on CIFAR-100 for 25 increments.

Step
Method 1 2 3 4 5 6 7 8 9 10 1 12 13 14
PODNet 79.56 7462 7246 7065 6682 6549 6376 6217 6125 6051 6057 5974 5942 5772
PODNetw/ IVT | 7956 7473 7337 7147 6772 6661 6545 6411 6316 6245 6220 6108 6097 59.82
AFC 7971 7581 7459 7279 69.03 6786 6733 6604 6460 6430 6353 6261 6234 6095
AFC w/ IVT 7971 7606 7464 7290 6945 68.63 6793 6666 6530 6508 6412 6313 6321 6216
Step
Method s 16 17 18 19 20 21 2 23 24 25 26
PODNet 5707 5595 5577 5498 5437 5412 5116 5238 5175 5134 5092 50.71
PODNet w/ IVT | 59.47 5877 5829 57.16 5730 56.69 53.83 5502 54.68 5395 53.81 5343
AFC 5939 5895 5828 57.02 56.84 56.62 5433 5515 5492 5464 5427 53.86
AFC w/ IVT 6037 6021 5940 58.02 5826 57.83 5568 5651 56.14 5574 5536 54.77
Table 8: Classification accuracy (%) on ImageNet-Subset for 5 increments.
Step
Method 1 2 3 4 5 6
PODNet 84.60 78.00 7249 7047 65.82 63.06
PODNet w/ IVT | 84.60 78.67 73.66 71.88 67.53 65.10
AFC 83.60 8043 77.14 7470 70.84 70.20
AFC w/ IVT 83.60 80.53 7769 7522 7176 70.68
Table 9: Classification accuracy (%) on ImageNet-Subset for 10 increments.
Step
Method 1 2 3 4 5 6 7 8 9 10 1
PODNet 8464 8011 7463 7228 7031 6939 6795 6520 6218 60.63 59.28
PODNet w/ IVT | 84.60 80.58 76.73 74.06 71.09 7043 6897 6642 6456 6398 62.76
AFC 83.84 8200 7847 7711 7517 7403 7300 70.64 6922 6899 66.88
AFC w/ IVT 83.60 83.02 78.77 76.83 7546 75.15 7352 7153 69.87 69.07 67.68
Table 10: Classification accuracy (%) on ImageNet-Subset for 25 increments.
Step
Method 1 2 3 4 5 6 7 8 9 o 11 12 13 14
PODNet 8460 7269 69.89 68.68 65.17 6443 6303 6178 6097 59.06 5780 58.17 5841 5821
PODNet w/ IVT | 8460 80.04 7841 7725 7417 7380 7203 7141 6936 67.18 6491 6694 6595 6497
AFC 83.60 8065 8078 80.04 7848 7570 7561 7394 728 7247 7294 7150 7214 7097
AEC w/ IVT 83.60 8300 8181 8132 7990 7677 7655 7494 7436 7300 7369 7156 7222 7192
Step
Method 5 16 17 18 19 20 21 22 23 24 25 26
PODNet 5785 56.63 56.10 5407 5463 5393 51.80 5139 50.68 49.83 4888 48.04
PODNet w/ IVT | 6505 6390 63.95 6224 61.12 61.50 6024 5926 5791 57.04 5649 55.64
AFC 69.82 6937 6776 6774 6647 6641 6467 6526 63.66 63.02 6265 62.36
AFC w/ IVT 7023 70.00 69.17 6824 6747 6736 66.18 6643 64.83 6444 6341 6346

Table 11: Classification accuracy (%) on ImageNet-Full for

10 increments.

Step
Method 1 2 3 4 5 6 7 8 9 10 11
PODNet 7683 7285 69.68 6720 6472 6287 61.10 5952 5796 5680 55.57
PODNetw/IVT | 7691 73.16 7043 68.04 6560 6379 6223 6097 5948 5825 5695
AFC 7682 7202 6921 67.06 6491 63.16 6132 60.18 5874 5771 56.86
AFC w/ IVT 7681 7228 6973 6753 6519 6346 62.10 6097 59.55 5855 57.36
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