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Figure |: HNlustration of FCL, the negative impact of spatial-temporal data heterogeneity and the intuition of Tail Anchor.

Traditional FL: training data of all clients will remain unchanged (unrealistic static assumption)
Federated Continual Learning (FCL) : allowing clients to continually accumulate knowledge from task sequences
Challenge: spatial-temporal data heterogeneity
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I Negative Impact
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Figure 2: [llustrations of the negative impact of spatial-temporal data heterogeneity on the feature extractor and feature space.
[Left Side] illustrates the variation of significant features extracted by the feature extractor for the same input sample, where
brighter colors indicate more important features. As spatial-temporal changes occur, the extracted features gradually shift
away from “cat”, even extracting features near the image edges. [Right Side] depicts the changes in the positions of the
features in the feature space after undergoing spatial-temporal transformations for the same batch.
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(¢). Intuition of FedTA.
» Feature Consistency: Feature extractor parameters change across time and clients, causing parameter-forgetting.
-> Freeze the pre-trained ViT-B/16 feature extractor shared by all clients.
* Position Fixing: Classification head continuously fits new tasks, causing output features to gradually drift in
space. -> Learnable Tail Anchors mix with frozen features, aligned with server-selected and fixed global
prototypes.
« Common Future Space: data distribution differences across clients. -> server establishes unique global
prototypes via Best Global Prototype Selection(BGPS), contrastive loss forces all client features toward the same

prototypes.
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I Experiments

Table 1: Accuracy of the aggregated global model on local test sets with 5 class-incremental tasks.

. CIFAR-100 Task ID Imagenet-R Task ID

i Ry 1 2 3 4 5 1 2 3 4 5
FedAvg [26] 439 5006 573 555 612 | 31T 354 355 358 367
FedProx [17] FL. 237 228 260 221 236 | 202 197 197 189 178
FedNova [31] 137 188 A1 16.1 15.1 2.0 4.7 4.6 7.8 1.7
FedLwF [23] 369 125 17.1 13.6 9.7 59 7.0 2.6 4.0 3.8
FedViT [4] FL+CL 702 700 714 660 673 | 682 398 573 3598 579
FedL.2P [32] 2864 299 203 254 257 | 271 276 248 251 265
FedDualP [33] 31.7 428 528 390 463 | 235 266 264 302 320
GLFC [3] 820 63.1 734 642 648 | 619 671 67.0 71.7 572
TARGET [41] FCL 540 414 32.2 13.9 159 | 399 150 160 175 16.1
MFECL [1] 46.7 16.2 106 146 135 | 288 145 162 133 138
FedMGP [40] 902 853 907 B892 B22 | 773 768 TR0 756 754
Ours (FedTA) 96.1 940 946 944 894 | 81.5 7T88 792 B0.6 850
Ours-w/o TA FCL 787 735 734 693 7T23 | 796 723 723 T4.1 632
Ours-w/o SIKF 90.7 888 91.1 914 891 | 80.0 805 81.1 829 817
Ours-w/o BGPS 908 925 884 914 886 | 805 787 783 817 791
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Figure 5: T-SNE for position changes of features corresponding to the same samples after FCL.
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Figure 1: An illustration of constructing a multi-granularity
knowledge space in PFCL. By dividing local knowledge into
coarse-grained knowledge and fine-grained knowledge, bet-
ter aggregation of common representations can be achieved
on the server side. On the local side, fine-grained knowledge
is used to personalize the generalized representation. The
two different levels of knowledge can accumulate over time.
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Table 1: Accuracy of the aggregated global model on local test sets CIFAR-100 with 5 class-incremental tasks each client.
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Asynchronous Synchronous
Algorithm Backbone Task ID Task ID
1 2 3 4 5 Average 1 2 3 + 5 Average

FedAvg[31] 4739 6263 67.25 62.69 68.72 61.74 67.77 7772 T76.65 7459 82.00 75.74
FedProx[23] ResNet-18 68.26 5694 65.20 63.82 67.48 64.34 43.07 2309 5141 4501 50.62 42.64
FedEWC 27.77 2066 2570 2411 26.41 2493 4994 71.00 7022 7009 77.89 67.83
GLFC[7] 1422 1884 2393 2670 22.52 21.24 5.22 8.93 2461 3543 4233 23.30
FedViT 8§3.02 8239 8324 8034 &332 82.46 7030 71.05 6910 6436 71.01 69.16
FedL2P ViT 89.63 8968 9045 90.02 90.75 90.11 80.22 8281 8161 B0.68 B84.14 81.89
FedDualP §2.09 81.17 80.05 80.52 &1.48 81.06 63.84 65.62 63.16 61.10 63.28 63.40
Ours(FedMGP) 90.26 90.14 91.29 90.30 90.33 90.56 82.23 84.14 82.01 8247 86.44 83.46
Ours-w/oLP viT 8835 B89.19 8991 89.16 90.20 89.36 7980 8204 7971 80.20 B83.56 81.06
Ours-w/oGP 8693 8852 8285 B84.11 &7.29 85.94 78.73 7892 77.74 7516 79.10 77.93
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I Method
(ICCV 2023, TARGET: Federated Class-Continual Learning via Exemplar-Free Distillation)
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Figure 3: Pipeline of TARGET. We utilize the global model
(trained on task £ — 1) to synthesize the data with a global
distribution, subsequently employing this synthesized data
for training the k-th task.
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I Experiments

Table 2: The Average Accuracy (%) and Forgetting for all learned tasks on CIFAR-100 for various numbers of tasks (5, 10)
under both IID and non-IID settings. Results are reported as an average of 3 runs. "Acc’ refers to average accuracy, and ' F’
represents the forgetting measure utilized in Equation 2. The best results are in bold.

Data partition 1D NIID (1) NIID (0.5)

Tasks T=5 T=10 =3 T=10 T=3 T=10
Method Acc(T) FU) | Acc(T) F) | Ace(]) F) | Acc(T) FU) | Ace(T)  FU) | Ace(T)  F()
Finetune 16.12 0.78 1.83 0.75 1633 077 8.45 0.74 1549 0.74 7.64 0.71
FedEWC 16.51 0.71 8.01 0.65 16.06 0.68 8.84 0.62 16.86  0.66 8.04 0.65
FedWelT 2845 052 | 2039 043 | 2856 049 1968 045 | 2457 054 | 1545 0.48
FedLwF 30.61 045 | 2327 Q37 | 3094 042 | 21.16 Q4] 2759 044 | 1798 045
Ours 3631 022 | 2476 026 | 3489 024 | 2285 026 | 3333 027 | 20.71 0.29
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(NIPS 2023, A Data-Free Approach to Mitigate Catastrophic Forgetting in Federated Class Incremental Learning for
Vision Tasks)
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Figure 3: Overview of MFCL. Left. The server aggregates the updates every round and trains a

generator using data-free methods at the end of each task. Right. Clients train their models locally
using their local data and synthetic images of past tasks from the generator.
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Figure 4: Building SuperlmageNet by regrouping ImageNet dataset. Labels in Blue are the original
labels, and in Red are the labels in SuperImageNet.
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