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A. Examples of CHEEM learned continually on the VDD benchmark

GTSRB Pedestrian VGG Flowers Aircraft Describable TexturesImageNet CIFAR100 SVHN UCF101 Omniglot

Base Task Streaming Tasks at Any Orders

(a) The VDD benchmark [21] consisting of tasks of different nature with #training images/#classes significantly

varying across different tasks.
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(b) From ViT-Base trained on Tsk1 ImNet (with blocks B1 to B12), our CHEEM learns sensible task-tailored models that

reflect task complexity. For example, when learning Daimer Pedestrian Classification (Tsk3 DPed), CHEEM learns to Skip

8 MLP blocks and Reuse most of the architecture. When learning Omniglot (Tsk3 Oglt), which has a larger shift from

ImageNet, CHEEM learns to Adapt the ImageNet parameters in Blocks 1 and 5, adds New operations in Blocks 3 and 9,

and Skips blocks 6, 10 and 12.
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(c) From DEiT-Tiny trained on Tsk1 ImNet (with blocks B1 to B12), our CHEEM learns to use multiple Adapt and New

operations, without Skip operations selected, sensibly different from those with more Skip and less New operations

learned based on the stronger ViT-Base model.

Figure 6. Examples of CHEEM learning task-tailored models.
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B. Effects of streaming task orders

We verify the effect of different task orders on the performance of CHEEM. Table 11 shows that CHEEM is robust to task

orders on the MTIL benchmark.

Table 11. Results of learning CHEEM on the MTIL benchmark with three different streaming task orders.

SUN Airc DTD F101 Cars C101 CIFAR ESAT Flwr MNIST Pets Avg. Acc. Avg. Frgt.

68.59 67.87 69.15 89.02 83.60 84.41 90.47 98.56 97.82 99.65 93.05 85.65 1.38

C101 CIFAR ESAT Flwr MNIST Pets DTD Cars F101 Airc SUN Avg. Acc. Avg. Frgt.

78.23 90.36 98.42 97.76 99.66 91.77 69.15 84.48 89.30 66.13 66.86 84.74 2.47

MNIST SUN Flwr DTD C101 Cars Pets F101 CIFAR Airc ESAT Avg. Acc. Avg. Frgt.

99.63 68.58 98.11 67.87 84.52 84.39 92.53 88.50 90.88 69.10 97.78 85.63 1.28

C. Full Learned CHEEM on MTIL
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Figure 7. Figure 3b from the main text reproduced on the full benchmark. From ViT-Base trained on Tsk1 ImNet (with blocks B1 to

B12), our CHEEM learns sensible task-tailored models that reflect task complexity. For example, when learning Caltech 101 (Tsk3 C101),

CHEEM learns to Skip 5 MLP blocks and Reuse most of the architecture. In contrast, when learning FGVC Aircraft (Tsk1 Airc), which

is a more complex task with larger distribution shift from ImageNet due to its fine-grained nature, CHEEM learns to Adapt the ImageNet

parameters in Block 7, adds a New operation in Block 6, and Skips the last 3 MLP blocks. When learning MNIST, CHEEM skips 8

MLP blocks, accounting for the easy nature of the task.
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Figure 8. ViT-Base trained on Tsk1 ImNet (with blocks B1 to B12), with Pure Exploration in CHEEM. While pure exploration

accounts for task complexity through the skip operation, it also adds more many more Adapt and New operations as compared to the

proposed Hierarchical Exploration-Exploitation scheme (Figure 7). This shows that the HEE sampling scheme can effectively leverage

task synergies and reuse previous parameter memories.
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Figure 9. Figure 3c reproduced on the full benchmark. From DEiT-Tiny trained on Tsk1 ImNet (with blocks B1 to B12), our CHEEM

learns to use multiple Adapt and New operations, without Skip operations selected, sensibly different from those with more Skip and

less New operations learned based on the stronger ViT-Base model.



D. Full Results

Table 12. MTIL: Full results on the MTIL benchmark, extending Tables 2 and 4 in the main text.

Method Airc C101 CIFAR DTD ESAT Flwr F101 MNIST Pets Cars SUN Avg. Acc Avg. Frgt.

ViT-Base

Full Finetuning 69.87 98.32 90.66 77.46 98.78 97.87 88.46 99.70 92.85 85.42 69.89 88.12 ± 0.04 -

LoRA Finetuning 63.86 97.77 91.35 77.59 98.84 98.83 88.41 99.69 93.14 80.26 71.96 87.43 ± 0.01 -

CHEEM (MLPDown, HEE) 69.77 84.86 90.27 68.48 98.31 97.54 89.48 99.60 92.88 84.94 68.58 85.88 ± 0.29 1.73 ± 0.05

CHEEM (MLPDown, PE) 69.97 84.96 90.21 66.74 97.97 97.32 86.97 99.50 92.32 82.11 64.06 84.74 ± 0.26 1.72 ± 0.05

CHEEM (Attn Proj, HEE) 69.92 83.00 90.44 66.54 98.31 97.53 88.94 99.60 92.90 85.50 68.62 85.57 ± 0.27 1.67 ± 0.03

EWC 39.10 40.90 43.93 12.98 61.43 22.24 51.81 96.20 60.65 12.64 48.46 44.58 ± 6.35 23.80 ± 6.53

CODA-Prompt 0.91 19.14 75.60 7.39 38.26 24.40 84.62 97.32 36.02 12.61 46.17 40.22 ± 1.22 25.25 ± 1.78

DualPrompt 3.08 14.40 83.96 3.48 46.45 6.00 85.46 68.43 24.13 5.88 30.78 33.82 ± 0.35 22.11 ± 0.42

L2P 1.22 17.35 78.81 3.46 30.39 4.67 78.47 16.83 23.45 4.62 33.40 26.61 ± 0.16 30.96 ± 0.27

S-Prompts 53.78 82.54 88.26 65.44 96.71 98.51 84.64 99.23 92.88 70.09 65.79 81.62 ± 0.35 1.64 ± 0.05

DIKI 52.29 91.68 89.10 63.95 96.31 30.22 86.55 98.37 92.24 70.22 69.74 76.42 ± 0.04 1.96 ± 0.02

LoRA (MLPDown) 63.78 85.68 90.52 67.98 98.41 98.51 87.26 99.69 92.51 79.79 67.59 84.70 ± 0.01 1.64 ± 0.11

DEiT Tiny

Method Airc C101 CIFAR DTD ESAT Flwr F101 MNIST Pets Cars SUN Avg. Acc Avg. Frgt.

Full Finetuning 43.17 94.64 83.55 64.88 98.67 68.90 79.88 99.65 86.57 54.83 52.99 75.25 ± 0.12 -

LoRA Finetuning 39.92 93.71 81.04 63.37 98.59 74.38 76.25 99.58 87.38 53.80 52.97 74.64 ± 0.08 -

CHEEM (MLPDown, HEE) 52.51 80.59 79.67 57.43 97.86 73.94 77.89 99.60 87.37 61.73 51.02 74.51 ± 0.28 1.86 ± 0.04

CHEEM (MLPDown, PE) 53.03 80.50 80.16 57.66 97.86 80.37 78.11 99.62 85.95 62.43 49.81 75.05 ± 0.12 1.85 ± 0.06

CHEEM (Attn Proj, HEE) 50.65 80.35 78.44 56.77 97.75 77.23 77.71 99.55 86.84 61.72 51.27 74.39 ± 0.13 1.95 ± 0.03

EWC 37.38 13.94 48.87 0.00 83.14 0.00 50.65 93.72 30.44 2.89 27.57 35.33 ± 0.32 7.34 ± 0.55

CODA-Prompt 0.00 1.77 2.75 0.04 0.32 0.00 22.46 3.94 5.80 0.27 24.45 5.62 ± 0.25 42.58 ± 0.81

DualPrompt 0.66 42.28 59.13 3.03 42.04 0.86 42.10 55.06 47.42 5.75 41.47 30.89 ± 0.29 17.53 ± 0.27

L2P 0.11 39.46 47.87 4.11 29.80 1.02 37.07 0.83 50.15 1.29 43.97 23.24 ± 0.14 25.81 ± 0.37

S-Prompts 36.00 79.08 71.58 50.50 93.87 72.27 67.97 98.66 87.44 40.01 43.22 67.33 ± 0.38 1.80 ± 0.02

DIKI 33.95 76.57 71.13 54.84 92.66 71.79 70.46 97.40 87.61 40.13 47.41 67.63 ± 0.06 1.76 ± 0.01

LoRA (MLPDown) 39.48 78.89 78.11 54.38 97.80 73.66 74.80 99.58 85.88 53.53 45.61 71.06 ± 0.02 1.87 ± 0.00

Table 13. VDD: Full results on VDD benchmark, extending Table 3 and 5 in the main text.

Method CIFAR DPed OGlt SVHN UCF GTSR Flwr Airc DTD Avg. Acc Avg. Frgt.

ViT-Base

Full Finetuning 90.65 99.97 86.06 97.75 79.54 99.35 98.03 70.29 76.99 88.74 ± 0.11 -

LoRA Finetuning 91.44 99.50 79.43 97.42 73.36 98.95 98.96 64.03 77.64 86.75 ± 0.11 -

CHEEM (MLPDown, HEE) 90.06 99.59 83.32 95.87 73.96 97.09 97.48 67.13 75.85 86.71 ± 0.23 0.35 ± 0.02

CHEEM (Attn Proj, HEE) 89.90 99.58 83.08 96.26 74.49 97.27 97.56 70.55 76.42 87.23 ± 0.22 0.34 ± 0.01

EWC 83.69 97.69 6.91 77.43 25.92 78.20 0.06 5.98 19.91 43.98 ± 1.34 5.09 ± 1.14

CODA-Prompt 37.69 1.29 6.87 54.52 2.32 49.22 39.18 7.48 25.16 24.86 ± 2.19 26.11 ± 0.75

DualPrompt 82.34 4.04 14.37 15.02 13.41 64.42 27.20 15.29 16.37 28.05 ± 0.85 3.18 ± 0.51

L2P 86.64 4.98 14.75 6.63 14.19 27.89 25.59 16.71 18.12 23.94 ± 0.72 8.98 ± 0.64

S-Prompts 88.34 99.47 57.38 94.23 55.07 87.90 98.48 53.52 72.59 78.55 ± 0.09 0.36 ± 0.04

DIKI 86.54 98.20 57.70 63.44 52.10 72.66 36.45 53.53 72.82 65.94 ± 0.05 0.11 ± 0.01

LoRA (MLPDown) 90.18 99.21 79.43 96.35 73.10 97.39 98.54 64.01 76.19 86.04 ± 0.11 0.34 ± 0.03

DEiT Tiny

Method CIFAR DPed OGlt SVHN UCF GTSR Flwr Airc DTD Avg. Acc Avg. Frgt.

Full Finetuning 83.50 99.97 69.71 97.24 57.97 98.95 69.04 44.46 65.02 76.21 ± 0.07 -

LoRA Finetuning 81.29 99.96 76.93 96.37 54.83 98.16 74.37 40.66 63.67 76.25 ± 0.30 -

CHEEM (MLPDown, HEE) 75.75 97.73 81.64 95.30 57.26 93.11 74.76 45.91 64.13 76.18 ± 0.10 1.03 ± 0.01

CHEEM (Attn Proj, HEE) 74.70 97.85 80.43 95.22 57.46 93.68 75.75 46.55 62.11 75.97 ± 0.36 1.09 ± 0.01

EWC 79.39 93.96 0.03 60.13 4.97 64.41 0.00 0.58 0.00 33.72 ± 0.15 1.52 ± 0.08

CODA-Prompt 2.07 0.00 0.02 1.55 0.02 0.56 0.36 0.30 5.16 1.12 ± 0.08 37.56 ± 0.40

DualPrompt 47.87 4.48 28.60 11.53 2.54 75.67 0.40 0.57 2.61 19.36 ± 0.55 10.54 ± 0.49

L2P 56.24 1.38 0.80 0.26 2.15 37.43 1.24 0.17 3.90 11.51 ± 0.76 20.90 ± 1.72

S-Prompts 68.58 97.24 46.05 85.87 43.44 80.13 74.78 36.72 58.90 65.75 ± 0.27 0.90 ± 0.02

DIKI 65.54 97.44 44.89 45.55 40.78 64.49 72.37 34.41 59.38 58.32 ± 0.05 0.62 ± 0.00

LoRA (MLPDown) 74.26 97.69 76.87 94.96 52.68 93.09 73.75 40.52 62.22 74.01 ± 0.34 1.07 ± 0.02



E. Effect of Exploration Probability (ϵ1, ϵ2) and Tolerance Threshold (τ )
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Figure 10a: Effect of the exploration probability on the MTIL benchmark,

with exploration probabilities ϵ1 (supernet training) and ϵ2 (evolution-

ary search) set equal. As ϵ increases, average accuracy first rises, then

falls, while the average number of additional parameters per task increases

monotonically. This is due to more new operations being learned; ϵ = 0.3

strikes a good balance. Setting ϵ < 0.5 controls the addition of new

operations while maintaining performance. ϵ1 = 0.3 and ϵ2 = 0.5

used in our experiments (denoted by ⋆) improve accuracy further without

increasing parameters. In sum, ϵ governs the number of reuse (exploita-

tion), adapt, and new (exploration) operations.
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Figure 10b: A higher Tolerance Threshold reduces average FLOPs per

task but also lowers average accuracy, as it permits more skip opera-

tions to persist in the population during evolutionary search, even if their

accuracy is lower (within the tolerance margin). A 2% threshold, used in

our experiments, offers a good trade-off. At τ = 6%, CHEEM still sur-

passes SPrompts in average accuracy (dotted blue line) while using signif-

icantly fewer FLOPs, beyond which the FLOPs plateau. SPrompt FLOPs

(dotted red line) closely match those of LoRA, so the same line is used. At

τ = 4%, CHEEM matches LoRA’s average accuracy (dashed blue line)

with substantially fewer FLOPs. Thus, with τ ≤ 4%, CHEEM matches or

exceeds LoRA in accuracy while reducing FLOPs.

F. Generalization to non-ImageNet backbones

Table 14 shows that CHEEM is effective on models pretrained on datasets and objectives beyond ImageNet.

Table 14. Results on the MTIL benchmark using CLIP ViT-B/16 [20].

Method Avg. Acc. ↑ Frgt ↓ FLOPs ↓
CODA-P 27.6 ± 1.4 42.1 ± 1.4 70.3

L2P 37.2 ± 0.1 23.9 ± 0.6 70.3

DualPrompt 44.6 ± 0.4 15.0 ± 0.4 70.3

S-Prompts 83.1 ± 0.1 1.2 ± 0.0 67.6

DIKI 77.9 ± 0.1 1.0 ± 0.0 42.5

LoRA-CL 86.8 ± 0.3 1.2 ± 0.0 68.2

Tuna 66.7 ± 0.3 22.7 ± 0.4 405.0

T2T-Finetune 86.3 ± 0.1 - -

Our CHEEM 86.4 ± 0.2 1.2 ± 0.0 64.3

Table 15. Results on the VDD benchmark using CLIP ViT-B/16.

Method Avg. Acc. ↑ Frgt ↓ FLOPs ↓
CODA-P 16.3 ± 0.7 34.4 ± 0.4 70.3

L2P 23.0 ± 1.1 21.6 ± 1.2 70.3

DualPrompt 29.8 ± 1.4 16.8 ± 1.8 70.3

S-Prompts 78.4 ± 0.1 0.4 ± 0.0 67.6

DIKI 69.4 ± 0.1 2.4 ± 0.0 42.5

LoRA-CL 85.8 ± 0.0 0.4 ± 0.0 68.2

Tuna 71.8 ± 0.2 10.4 ± 0.8 337.0

T2T-Finetune 86.6 ± 2.3 - -

Our CHEEM 84.5 ± 1.3 0.4 ± 0.0 63.0



G. Smaller model for Task ID Recognition

Tables 16 and 17 present the results of using a smaller frozen backbone for task ID recognition alongside a larger backbone

for final class prediction. For a fair comparison, we also include MoEAdapter4CL [27] as a baseline. MoEAdapters4CL uses

a pretrained AlexNet backbone for task identification by training an autoencoder per task in the feature space, and infers the

task ID at test time using the reconstruction error.

The results show that CHEEM can effectively decouple task identification and classification by using a lighter model

(AlexNet or DEiT-Tiny) for task ID prediction and a stronger model (ViT-Base) for final classification. While using AlexNet

for task identification leads to a noticeable drop in accuracy, replacing it with DEiT-Tiny results in only a negligible perfor-

mance degradation. In fact, combining DEiT-Tiny for task prediction with ViT-Base for classification achieves performance

comparable to using ViT-Base for both tasks, while significantly reducing computational cost (FLOPs).

Furthermore, CHEEM consistently outperforms MoEAdapters4CL when using either AlexNet or DEiT-Tiny for task iden-

tification. This demonstrates that CHEEM successfully leverages lightweight models for efficient task recognition without

sacrificing overall performance, effectively combining efficiency and accuracy.

Table 16. Comparison of Average Accuracy and Forgetting on the MTIL benchmark with three seeds.

Method Task ID Avg. Acc Avg. Frgt. FLOPs

ViT-Base

MoEAdapter4CL AlexNet 71.5 ± 3.3 7.4 ± 1.2 35.4

CHEEM ViT-Base 85.9 ± 0.3 1.7 ± 0.1 62.3

CHEEMlite AlexNet 79.9 ± 0.2 4.6 ± 0.2 34.1

CHEEMlite DEiT-Tiny 84.2 ± 0.5 2.1 ± 0.1 35.0

DEiT-Tiny

MoEAdapter4CL AlexNet 53.7 ± 1.6 9.1 ± 1.3 3.7

CHEEM DEiT-Tiny 74.5 ± 0.3 1.9 ± 0.0 4.5

CHEEMlite AlexNet 70.8 ± 0.6 4.1 ± 0.2 3.5

Table 17. Comparison of Average Accuracy and Forgetting on the VDD benchmark with three seeds.

Method Task ID Avg. Acc Avg. Frgt. FLOPs

ViT-Base

MoEAdapter4CL AlexNet 70.2 ± 4.6 0.5 ± 0.1 35.4

CHEEM ViT-Base 86.7 ± 0.2 0.4 ± 0.0 61.6

CHEEMlite AlexNet 83.8 ± 0.1 2.0 ± 0.1 28.8

CHEEMlite DEiT-Tiny 85.6 ± 0.3 1.1 ± 0.0 29.3

DEiT-Tiny

MoEAdapter4CL AlexNet 65.6 ± 0.5 1.6 ± 0.1 3.7

CHEEM DEiT-Tiny 76.18 ± 0.1 1.0 ± 0.0 4.5

CHEEMlite AlexNet 76.9 ± 0.2 1.0 ± 0.1 3.1



H. Experiment Details

Pretrained Models: We initialize the pretrained ViT-B/16

and DEiT-Tiny/16 models from the checkpoint available in

timm. Both models use a patch size of 16 and a resolution

of 224×224. The ViT-B/16 checkpoint has been pretrained

on ImageNet 21k and finetuned on ImageNet1k. The DEiT-

Tiny/16 checkpoint has been trained on ImageNet1k. All

our experiments use the same checkpoints. We refer readers

to [6] for the architecture details of ViT-B/16 and [25] for

the architecture details of DEiT-Tiny/16.

Our experiments are conducted using PyTorch and lever-

age timm for architecture implementation. In all our exper-

iments, we use the Adam optimizer [10] with no weight de-

cay. For experiments with CHEEM, we use a learning rate

of 0.001, 50 epochs for the supernet training and 20 epochs

for finetuning. During supernet training, we use an explo-

ration probability of ϵ = 0.3, and use ϵ = 0.5 during the

target network selection to encourage more exploration. We

do not perform any data augmentations, and simply resize

the images to 224×224. We adapt the implementation from

https://github.com/GT-RIPL/CODA-Prompt

to perform experiments on CODA-Prompt, DualPrompts

and L2P, and use our own implementations for the other

baseline methods. We use a single Nvidia A100 GPU for

all our experiments.

H.1. Details of the MTIL benchmark

The MTIL benchmark [28] consists of 11 tasks: FGVC-

Aircraft [15], Caltech101 [14], CIFAR100 [11], De-

scribable Textures [5], EuroSAT [8], VGG-Flowers [18],

Food101 [3], MNIST [13], Oxford Pets [19], Stanford Cars

[7], SUN397 [26]. We use the official training and testing

splits provided in the constituent datasets. We use the offi-

cial validation splits for the evolutionary search, and create

our own splits when official split is not provided by ran-

domly sampling 10% of the training dataset.

Table 18. Number of samples in the training, validation, and test

sets used in the experiments on the MTIL benchmark, along with

the number of categories.

Task #Train #Validation #Test #Classes

FGVC Aircraft 3334 3333 3333 100

Caltech101 5465 608 2604 101

CIFAR100 45000 5000 19850 100

Describable Textures 1880 1880 1880 47

EuroSAT 17010 1890 8100 10

VGG-Flowers 1020 1020 6149 102

Food-101 68175 7575 25250 101

MNIST 54000 6000 10000 10

Oxford Pets 3312 368 3669 37

Stanford Cars 7329 815 8041 196

SUN397 17865 1985 19850 397

H.2. Details of the VDD benchmark

The VDD benchmark [21] consists of 10 tasks: ImageNet-

1k [22], CIFAR100 [11], SVHN [17], UCF101 Dynamic

Images (UCF) [2, 23], Omniglot [12], German Traf-

fic Signs (GTSR) [24], Daimler Pedestrian Classification

(DPed) [16], VGG Flowers [18], FGVC-Aircraft [15], and

Describable Textures (DTD) [5]. All the images in the VDD

benchmark have been scaled such that the shorter side is

72 pixels. However, for a more realistic evaluation, we re-

construct the VDD benchmark with the original images and

splits. Except for UCF101, Omniglot, and Daimler Pedes-

trian Classification, we use the official train, validation and

test splits (when a validation split is not avaiable, we con-

struct a validation split by randomly sampling 10% of the

training data.). Due to a lack of high resolution images

for UFC101, Omniglot, and Daimler Pedestrian Classifica-

tion, we use the splits and the images provided by the VDD

benchmark and resize the images to 224× 224.

Table 19. Number of samples in the training, validation, and test

sets used in the the experiments on the VDD benchmark, along

with the number of categories.

Task #Train #Validation #Test #Classes

ImageNet12 1108951 123216 49000 1000

CIFAR100 45000 5000 19850 100

SVHN 65931 7326 26032 10

UCF 6827 758 1952 101

Omniglot 16068 1785 6492 1623

GTSR 23976 2664 12630 43

DPed 21168 2352 5880 2

VGG-Flowers 1020 1020 6149 102

FGVC Aircraft 3334 3333 3333 100

Describable Textures 1880 1880 1880 47

I. Theoretical Analysis of Local vs. Global

Argmax of Head Classifiers in Continual

Learning

As seen in Section 4.4, CODA-Prompt, DualPrompt

and L2P perform significantly worse than LoRA-C and

CHEEM. This large drop is attributed to the discrepancy

between local and global softmax. We verify this in Ta-

ble 20, which shows that when provided with a task ID to

retrieve the appropriate local part of the head during infer-

ence, the performance of CODA-Prompt, DualPrompt and

L2P is significantly better, almost approaching S-Prompts

and DIKI. We provide a theoretical analysis in the follow-

ing sections.

I.1. The problem

In continual learning, we have N tasks, each with a different

number of classes. Let task t have Ct classes, so by time

T we have observed tasks 1, . . . , T with a total of
∑T

t=1 Ct



Table 20. AccGlobal refers to the average accuracy (Eqn. 4) calculated using the global head, and AccLocal refers to the same but by

masking the logits not belonging to the task. AccTrain refers to the accuracy calculated after the training on a task is complete, averaged

over all the tasks.

ViT-B DEiT-Tiny

Method AccGlobal AccLocal AccTrain AccGlobal AccLocal AccTrain

CODA-Prompt 40.22 ± 1.22 79.70 ± 0.61 86.18 ± 0.02 5.62 ± 0.25 34.72 ± 1.62 67.53 ± 0.37

DualPrompt 33.82 ± 0.35 83.61 ± 0.13 84.63 ± 0.09 30.89 ± 0.29 68.17 ± 0.24 71.25 ± 0.10

L2P 26.61 ± 0.16 80.03 ± 0.58 84.95 ± 0.11 23.24 ± 0.14 60.79 ± 0.67 71.47 ± 0.08

S-Prompts 81.62 ± 0.35 84.48 ± 0.18 84.48 ± 0.18 67.33 ± 0.38 70.71 ± 0.40 70.71 ± 0.40

DIKI 76.42 ± 0.04 84.50 ± 0.04 84.50 ± 0.04 67.63 ± 0.06 70.86 ± 0.07 70.86 ± 0.07

CHEEM 85.88 ± 0.29 88.68 ± 0.16 88.68 ± 0.16 74.51 ± 0.28 78.11 ± 0.31 78.11 ± 0.31

classes. We train a shared feature extractor ϕ(x) ∈ R
d and a

growing head classifier composed of task-specific segments

W t ∈ R
d×Ct .

During training of task t, only the segment W t is up-

dated and used in a softmax over the Ct classes for the cur-

rent task. However, at inference, for a new test sample x

belonging (in truth) to task t∗, the entire head is used: we

compute logits for all classes seen so far, and choose the

global argmax. We denote:

• Local argmax:

  \hat {y}_{\text {local}}(\mathbf {x}) \;=\; \arg \max _{c \in \{1,\dots ,C_{t^*}\}} \; z_{t^*,c}(\mathbf {x}),   




where zt∗,c(x) = ⟨W t
(·,c), ϕ(x)⟩ are the logits restricted

to task t∗.

• Global argmax:

  \hat {y}_{\text {global}}(\mathbf {x}) \;=\; \arg \max _{(t,c) \in \{1,\dots ,T\} \times \{1,\dots ,C_t\}} \; z_{t,c}(\mathbf {x}).   




We are interested in the probability that these two pre-

dictions coincide:

  \Pr \bigl (\hat {y}_{\text {local}}(\mathbf {x}) \;=\; \hat {y}_{\text {global}}(\mathbf {x})\bigr ). 


 




Below is a stylized theoretical analysis of why and how of-

ten these two can match, highlighting the factors that influ-

ence this probability.

I.2. Distribution of Logits and Task Separation

Let zt,c(x) be the logit for class c in task t for sample x. We

may approximate zt,c(x) by a random variable with mean

µt,c and variance σ2
t,c, e.g.,

  z_{t,c}(\mathbf {x}) \;\approx \; \mu _{t,c} + \epsilon _{t,c}, \quad \epsilon _{t,c} \sim \mathcal {N}(0, \sigma _{t,c}^2).         


In reality, these means and variances depend on how well

the feature ϕ(x) and the weights W t are aligned, but we

treat them as parameters to illustrate.

Define:

  & \max _{c \in C_{t^*}} z_{t^*,c}(\mathbf {x}) \;\;\text {(the local max for the correct task)}, \\ & \max _{(t\neq t^*)} \max _{c \in C_t} \; z_{t,c}(\mathbf {x}) \;\;\text {(the max out-of-task logit)}.


       







     (2)

For ŷlocal = ŷglobal, we need

  \max _{c \in C_{t^*}} z_{t^*,c}(\mathbf {x}) \;\;\ge \;\; \max _{(t \neq t^*)}\;\max _{c} \; z_{t,c}(\mathbf {x}). 


 







Hence the distribution of all out-of-task logits relative to the

best in-task logit is crucial.

I.3. Probability of Matching Local and Global
Argmax

I.3.1. A Basic Two-Class Example

Consider just one class c∗ in the true task vs. one class k in

an other task. Suppose

  z_{t^*, c^*} \sim \mathcal {N}(\mu ^*, \sigma ^2), \quad z_{t', k} \sim \mathcal {N}(\mu ', \sigma ^2).         

The probability that zt∗,c∗ ≥ zt′,k is

  \Pr (z_{t^*,c^*} \ge z_{t',k}) = \Pr (z_{t^*,c^*} - z_{t',k} \ge 0) = \Phi \!\Bigl (\frac {\mu ^* - \mu '}{\sqrt {2}\,\sigma }\Bigr ),        
 








where Φ is the standard normal CDF.

I.3.2. Many Classes from Different Tasks

Now suppose there are Ct∗ classes in the correct task, and

M =
∑

t ̸=t∗ Ct classes outside. Let the local maximum

  Z^* \;=\; \max _{c \in \{1,\dots ,C_{t^*}\}} \; z_{t^*,c},  




and let Z1, . . . , ZM represent the logits of the M out-of-

task classes. Then

  \Pr (\hat {y}_{\text {local}} = \hat {y}_{\text {global}}) \;=\; \Pr \Bigl (Z^* \;\ge \; \max \{Z_1,\dots ,Z_M\}\Bigr ).    


      




If Z∗ is (roughly) N (µlocal, σ
2
local) and each Zj is N (µo, σ

2
o)

(independent simplification), then

  \Pr \bigl (Z^* \ge Z_j \text { for all } j\bigr ) \;=\; \int \Bigl [\Pr (Z_j \le z)\Bigr ]^M \, F_{Z^*}(z) \, dz. 


    








 






When µlocal > µo, this probability is high for moderate M ,

but as M grows, the chance that some out-of-task class logit

exceeds Z∗ increases, unless the gap µlocal − µo is large.

I.4. Factors Influencing the Match Probability

1. Feature Separation Across Tasks. If ϕ(x) strongly

separates tasks, then for x from task t∗, out-of-task log-

its zt,c for t ̸= t∗ are consistently lower. This increases

the probability of ŷlocal = ŷglobal.

2. Logit Magnitude & Variance. Even if the means of

the correct task’s logits exceed those of other tasks, high

variance or overlap can cause out-of-task classes to oc-

casionally exceed the correct task’s maximum.

3. Regularization and Task Order. Continual-learning

methods that regularize old task weights or use replay

data reduce the chance of weight drift, making it less

likely that earlier or other tasks overshadow the correct

one.

4. Task Size Differences. Larger tasks (more classes) or

tasks that were trained earlier might have stronger clas-

sifier weights. Conversely, smaller tasks might have very

tight, well-separated features. Both can affect how likely

a mismatch is.

I.5. A Rough Illustrative Bound

As a simplistic illustration, suppose:

• For task t∗, the local maximum logit Z∗ has mean µ∗ and

variance σ∗2.

• All out-of-task classes have means µo < µ∗ and variance

σ2
o .

• There are M out-of-task classes in total.

Then

  \Pr (\hat {y}_{\text {local}} = \hat {y}_{\text {global}}) \;\approx \; \int \Bigl [\Pr (Z_o \le z)\Bigr ]^{M} F_{Z^*}(z) \,dz,   




 




where Zo is the logit distribution for a single out-of-task

class and FZ∗ is the PDF of Z∗. If µ∗ is sufficiently larger

than µo (and variances are not too large), Z∗ will, with

high probability, exceed all M out-of-task logits. But as

M grows large, this event can become less likely unless the

margin µ∗ − µo is also large.

I.6. Remarks

Overall, the probability that the local argmax (over the cor-

rect task only) coincides with the global argmax (over all

tasks/classes) depends on:

• How well the feature extractor ϕ separates tasks, so that

out-of-task logits stay low for samples of task t∗.

• The relative scale and calibration of classifier weights W t

across tasks.

• The total number of classes from other tasks that could

“compete” and produce a large logit by chance.

Table 21. Ablation studies of identifying where to place our pro-

posed CHEEM in ViT by testing 11 components or composite

components (Eqns. 3 and 4).

Index Finetuned Component Avg. Acc. Avg. Forgetting

1 LN1 + LN2 81.76 21.24

2 FFN 84.20 44.76
3 MLPDown 83.66 37.99
4 LN2 80.04 16.35

5 MHSA + LN1 85.26 54.38
6 LN1 81.18 19.04
7 Query 81.57 19.69
8 Key 81.56 19.19
9 Query+Key 81.49 31.10
10 Value 84.99 37.58
11 Projection 85.11 30.50

If tasks are well-separated (and the classifier is carefully

regularized or calibrated), this probability can be very high.

Conversely, if many classes from older or different tasks

produce comparably large logits, the global argmax may

differ from the local argmax more frequently as the num-

ber of tasks and classes increases.

J. Identifying the Task-Synergy Internal Mem-

ory in ViTs

The left of Fig. 2 shows a ViT block. Denote by xL,d

an input sequence consisting of L tokens encoded in a d-

dimensional space. In ViTs, the first token is the so-called

class-token, CLS. The remaining L − 1 tokens are formed

by patchifying an input image and then embedding patches,

together with additive positional encoding. A ViT block is

defined by,

  z_{L, d} & = x_{L, d} + \text {Proj}\Bigl (\text {MHSA}\bigl (\text {LN}_1(x_{L, d})\bigr )\Bigr ), \label {eq:mhsa_proj} \\ y_{L, d} & = z_{L, d} + \text {FFN}\Bigl (\text {LN}_2(z_{L, d})\Bigr ), \label {eq:ffn}   












   





 (4)

where LN(·) represents the layer normalization [1], and

Proj(·) is a linear transformation fusing the multi-head out-

puts from MHSA module. The MHSA realizes the dot-

product self-attention between Query and Key, followed by

aggregating with Value, where Query/Key/Value are lin-

ear transformatons of the input token sequence. The FFN

is often implemented by a multi-layer perceptron (MLP)

with a feature expansion layer MLPUp and a feature re-

duction layer MLPDown with a nonlinear activation func-

tion (such as the GELU [9]) in the between, i.e., FFN(·) =
MLPDown

(

GELU
(

MLPUp(·)
)

)

.

The proposed identification process is straightforward.

Without introducing any modules handling forgetting, we

compare both the task-to-task forward transferrability and

the sequential forgetting for different components in a ViT

block. Our intuition is that a desirable component for



placing the task-synergy parameter memory must en-

able strong transferrability with manageable forgetting,

while being lightweight to account for the trade-off be-

tween stability and plasticity.

To that end, we use the VDD benchmark [21] (see

Fig. 6). We first train a ViT-Base [6] on the first task, Ima-

geNet [22], as the base model F1(·). To measure the task-to-

task transferability, we individually fine-tune F1 in a task-

to-task transfer learning manner for the remaining 9 stream-

ing tasks. Let Ft|1 be the backbone fine-tuned for task Tt

(for t ≥ 1), and Ct the head classifier trained from scratch.

The average Top-1 accuracy is defined by Equation 4 where

Acc() uses the Top-1 classification accuracy.

To measure the sequential forgetting, we continually

fine-tune the backbone started from F1 on the 9 tasks in

a randomly sampled and fixed streaming order (as shown

in Fig. 3a in the main text). Let F1:t be the backbone

trained sequentially and continually after task Tt and Ht is

its head classifier. The average forgetting [4] on the first

N − 1 streaming tasks is defined by Equation 5, where

aj,t = Acc(Tt;F1:j , Ht).
As shown in Table 21, we compare 11 components or

composite components in ViT. Consider the strong forward
transfer ability, manageable forgetting, maintaining sim-
plicity and for less invasive implementation in practice,
we select either the Projection layer after the MHSA
or the MLPDown as the task-synergy internal (parame-
ter) memory to realize our proposed CHEEM for ExfCCL
(Fig. 2). We test both in experiments and provide ablation
studies in Section 4.7.
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