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Supplementary Material

A. Additional Implementation Details

We use a batch size 64 for both the MTIL and CIL bench-
marks. We employ AdamW [22] optimizer (8; = 0.9,
B2 = 0.999) and a label smoothing [24] technique for better
results. Label smoothing can substitute the regularization
of weight decay and achieve better performance. For MTIL
and CIFAR100 [17] of CIL, label smoothing is set to 0.2,
with weight decay at 0. For TinyImageNet [18] of CIL, we
set label smoothing to 0 and weight decay to 0.1. Learning
rates are searched among {107°,1075,10~7} with cosine
annealing [21]. For the base class set C° used to prompt
Stable Diffusion to generate approximate pre-training data
of VLMs, we select all 1000 ImageNet [4] class names for
MTIL and 100 ImageNet class names that do not overlap
with downstream datasets for CIL.

B. Results on CIL Benchmarks

Benchmark Description. For the CIL setting, we conduct
experiments on CIFAR100 [17] and TinyImageNet [18]
datasets following [9]. The 100 classes of CIFAR100 are
divided into subsets of {10, 20,50}, while the 100 classes
from TinyImageNet are divided into subsets of {5, 10,20}
to evaluate class distribution adaptability. For metrics, we
adhered to the evaluation protocol in [9], calculating the av-
erage accuracy across all datasets at all timestamps (“Avg.”)
and the average performance of all tasks after continual
learning (“Last”).

Compared Methods. We compare our method with state-
of-the-art approaches in the CIL setting (methods listed
above “CLIP Zero-shot” in Tab. 1 and Tab. 2). The back-
bone used by these methods is consistent with that in the pa-
pers where they are proposed, i.e., ViT [7] or Res-Net [11].
Like MTIL, we also implement LwF [19], iCaRL [28], Lwf-
VR [6], and ZSCL [35] with CLIP as the backbone and in-
clude them in the comparison. The results of CLIP zero-
shot predictions and continual fine-tuning without protec-
tion are also included, denoted as “CLIP Zero-shot” and
“CLIP Fine-tune”, respectively.

Result Analysis. As summarized in Tab. 1 and Tab. 2,
experimental results on two CIL settings demonstrate that
our method remains effective in single-domain continual
learning. Although CLIP excels in zero-shot prediction
under these conditions, some CLIP-based continual learn-
ing methods are outperformed by those utilizing alternative
backbones. This disparity is primarily due to the more pro-
nounced in-distribution overfitting and forgetting that occur
with smaller task step sizes. Despite these challenges, our

Table 1. Comparison of state-of-the-art CL methods on CIFAR100
benchmark in class-incremental setting.

10 steps 20 steps 50 steps
Methods Avg Last | Avg Last | Avg Last
UCIR [14] 58.66 43.39 | 58.17 40.63 | 56.86 37.09
BiC [31] 68.80 53.54 | 66.48 47.02 | 62.09 41.04
RPSNet [27] 68.60 57.05 - - - -
PODNet [8] 58.03 41.05 | 53.97 35.02 | 51.19 32.99
DER [33] 74.64 6435 | 73.98 62.55 | 72.05 59.76
DyTox+ [9] 74.10 62.34 | 71.62 57.43 | 6890 51.09

CLIP Zero-shot | 74.47 6592 | 75.20 65.74 | 75.67 65.94
CLIP Fine-tune | 65.46 53.23 | 59.69 43.13 | 39.23 18.89

LwF [19] 65.86 48.04 | 60.64 40.56 | 47.69 32.90
iCaRL [28] 79.35 7097 | 73.32 64.55 | 71.28 59.07
LwF-VR [6] 78.81 70.75 | 74.54 63.54 | 71.02 59.45
ZSCL [35] 82.15 73.65 | 80.39 69.58 | 79.92 67.36

GIFT (Ours) | 8511 77.70 | 82.11 73.73 | 80.81 7129

Table 2. Comparison of different methods on TinyImageNet splits
in class-incremental settings with 100 base classes.

5 steps 10 steps 20 steps
Methods Avg Last | Avg Last | Avg Last
EWC [15] 19.01 6.00 | 15.82 3.79 | 1235 4.73
EEIL [2] 47.17 35.12 | 45.03 34.64 | 40.41 29.72
UCIR [14] 50.30 39.42 | 48.58 37.29 | 42.84 30.85
MUC [20] 3223 19.20 | 26.67 15.33 | 21.89 10.32
PASS [36] 49.54 41.64 | 47.19 39.27 | 42.01 32.93
DyTox [9] 55.58 47.23 | 52.26 4279 | 46.18 36.21

CLIP Zero-shot | 69.62 6530 | 69.55 65.59 | 69.49 65.30
CLIP Fine-tune | 61.54 46.66 | 57.05 41.54 | 54.62 44.55

LwF [19] 60.97 48.77 | 57.60 44.00 | 5479 4226
iCaRL [28] 77.02 7039 | 73.48 6597 | 69.65 64.68
LwE-VR[6] | 77.56 70.89 | 74.12 67.05 | 69.94 63.89
ZSCL [35] 80.27 7357 | 78.61 71.62 | 77.18 68.30
GIFT (Ours) | 8116 77.04 | 80.20 7551 | 79.32 74.87

method maintains strong performance even when the num-
ber of tasks is large and the incremental step size is small.

C. Detailed Results on MTIL Benchmark

Additional Benchmark Description. MTIL [35] com-
prises 11 datasets from diverse domains, organized into two
task sequences to introduce different domain shifts. The
first sequence, referred to as Order I, follows alphabeti-
cal order: Aircraft [23], Caltech101 [10], CIFAR100 [17],
DTD [3], EuroSAT [12], Flowers [25], Food [1], MNIST
[5], OxfordPet [26], StanfordCars [16], SUN397 [32]. The
second sequence, Order II, is randomly arranged: Stanford-
Cars, Food, MNIST, OxfordPet, Flowers, SUN397, Air-
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(b) Accuracy Changes of MTIL Datasets in Order II.

Figure 1. Illustration of the classification accuracy changes as tasks are being learned on the MTIL benchmark in two orders. The dashed
lines represent the results of zero-shot predictions for an unlearned task. At task 0, the initial CLIP model’s zero-shot accuracy is evaluated.

craft, Caltech101, DTD, EuroSAT, CIFAR100.

Additional Metric Formulation. We further clarify the
calculation of metrics used in the main text. Consider the
accuracy matrix [ai,j]an where each element a; ; repre-
sents the test accuracy on task j after the model has learned
task ¢, evaluated across all n tasks. In traditional CL, only
the lower triangular portion of this matrix is relevant, as
the model cannot predict for tasks it has not yet encoun-
tered. However, for VLMs, the upper triangular matrix
offers valuable insight into the degradation of the model’s
zero-shot capability, indicating the extent of forgetting pre-
training knowledge. The metrics are computed as follows:

direct fine-tuning accuracy on each dataset, both of which
can be seen as an upper bound where no forgetting phe-
nomenon happens. “Continual Finetuning” refers to the
naive continual learning method that fine-tunes the model
on the new task without any protection, indicating the lower
bound suffering from most significant forgetting. Evaluated
under both orderings, our method can achieve the best per-
formance on most datasets.

We select several tasks from both two orderings and plot
the accuracy curves against the task ID, as shown in Fig. |
(a) and 1 (b). An ideal continual learning method for VLMs
should produce an accuracy curve resembling a mirrored
“Z” shape, indicating that the zero-shot accuracy before
learning the task is maintained and there is almost no forget-

1 2. q it ting after learning. Our approach aligns with this standard.

Transfer = n_1 Z i1 Z @55 (0 However, most methods struggle with catastrophic forget-
j=2 i=1 ting of both pre-training knowledge and downstream task

1 <& knowledge, causing significant fluctuations in the accuracy

Last = n Z On,j; @ curve. This issue is particularly evident when there is a sub-
J=1 stantial domain shift, such as with the MNIST dataset (i.e.,

I Task 8 in Fig. | (a) and Task 3 in Fig. | (b)), where the

Avg. = n2 Z Z Gij- @) CLIP model’§ feature space nearly collipses without strong

i=1 j=1

Detailed Results. Tab. 3 and Tab. 4 present the detailed
results of Transfer, Avg, and Last metrics on each dataset
of the MTIL benchmark in Order I and Order II respec-
tively. Task-specific metric values are calculated as de-
scribed in [35], with their averages reported in the “Av-
erage” column, which is also presented in the main text.
“Zero-shot” denotes the zero-shot prediction performance
of the initial CLIP model, and “Fine-tune” represents the

protection. A comparison between Fig. 1 (a) and Fig. 1 (b)
shows that th the /5 baseline offers some resistance to drastic
domain shifts but weakens as the task sequence progresses.
Since the MNIST dataset appears later in Order I than in Or-
der II, the [ baseline can resist this domain shift in Order
II but fails to do so in Order I. The strong performance of
our method demonstrates that integrating knowledge distil-
lation with the [, constraint effectively resists domain shifts
and tolerates longer task sequences.



Table 3. Detailed Transfer, Avg., and Last scores (%) of different continue training methods on MTIL benchmark in Order I. The highest
single score of each metric in each column is highlighted in bold, while multiple top scores are underlined.
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Method < O @) A /M = = = @) @) »v»  Average
Zero-shot 243 884 682 446 549 71.0 885 594 89.0 647 652 65.3
Fine-tune 62.0 951 89.6 79.5 989 97.5 927 99.6 947 89.6 8I1.8 89.2
Transfer
Continual Finetune 67.1 46.0 32.1 356 350 577 441 60.8 205 46.6 44.6
I baseline 832 635 429 449 612 795 638 719 439 546 61.0
LwF [19] 745 569 39.1 51.1 526 728 60.6 751 303 559 56.9
iCaRL [28] 56.6 44.6 327 393 46.6 680 460 774 319 605 50.4
LwF-VR [6] 77.1 61.0 405 453 544 746 479 767 363 586 57.2
WiSE-FT [30] 73.5 556 356 41,5 470 683 539 693 268 519 52.3
ZSCL [35] 86.0 674 454 504 69.1 876 61.8 86.8 60.1 66.8 68.1
MoE-Adapter [34] 879 682 444 499 70.7 88.7 59.7 89.1 64.5 655 68.9
GIFT (Ours) 88.5 698 46.0 494 68.5 87.1 699 889 577 67.7 69.3
Avg.
Continual Finetune 25.5 81.5 59.1 532 647 518 632 643 69.7 31.8 49.7 55.9
I baseline 240 823 682 582 709 670 762 57.1 775 514 569 62.7
LwF [19] 36.3 869 72.0 59.0 73.7 60.0 73.6 748 80.0 37.3 58.1 64.7
iCaRL [28] 355 892 722 606 688 700 782 623 818 412 625 65.7
LwF-VR [6] 29.6 877 744 595 724 63.6 770 667 812 437 60.7 65.1
WiSE-FT [30] 26.7 86.5 643 57.1 657 587 71.1 705 758 369 546 60.7
ZSCL [35] 451 920 80.1 643 795 816 89.6 752 889 647 68.0 75.4
MoE-Adapter [34] 502 919 831 694 789 84.0 89.1 737 893 67.7 669 76.7
GIFT (Ours) 519 939 814 67.7 803 828 89.3 80.6 90.3 63.1 68.9 77.3
Last
Continual Finetune 31.0 89.3 65.8 67.3 889 71.1 856 99.6 929 773 8l1.1 77.3
[ baseline 224 91.1 808 69.2 935 812 905 494 927 838 80.1 75.9
LwF [19] 263 875 719 66.6 79.9 669 838 99.6 92.1 66.1 804 74.6
iCaRL [28] 358 93.0 770 702 833 8385 904 867 932 812 819 80.1
LwF-VR [6] 20.5 89.8 723 67.6 855 738 857 99.6 93.1 733 809 76.6
WiSE-FT [30] 272 908 68.0 689 869 740 876 99.6 926 778 813 77.7
ZSCL [35] 40.6 922 81.3 705 948 905 919 987 939 853 802 83.6

MoE-Adapter [34] 49.8 922 86.1 781 957 943 895 98.1 899 816 80.0 85.0
GIFT (Ours) 479 95.6 828 751 973 942 917 992 942 87.0 809 86.0




Table 4. Detailed Transfer, Avg., Last accuracy (%) of different continue training methods on MTIL benchmark in Order II. The highest
single score of each metric in each column is highlighted in bold, while multiple top scores are underlined.
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Method @) © > ©) m 7) < @) A M O Average
Zero-shot 647 885 594 890 71.0 652 243 884 446 549 68.2 65.3
Fine-tune 89.6 927 947 947 975 81.8 62.0 951 795 989 89.6 89.2
Transfer
Continual Finetune 859 596 579 400 467 11.1 700 305 266 37.7 46.6
{5 baseline 87.0 623 837 606 62.1 193 86.6 427 414 60.1 60.6
LwF [19] 87.8 585 719 466 573 12.8 814 345 345 468 53.2
iCaRL [28] 86.1 518 676 504 579 11.0 723 312 327 48.1 50.9
LwF-VR [6] 88.2 570 714 500 580 13.0 82.0 344 293 476 53.1
WIiSE-FT [30] 872 576 670 450 540 129 78.6 355 284 443 51.0
ZSCL [35] 88.3 575 847 681 648 21.1 882 453 552 682 64.2
MoE-Adapter [34] 888 595 89.1 699 644 18.1 869 437 546 68.2 64.3
GIFT (Ours) 88.3 634 88.1 708 67.7 228 904 46.7 518 68.8 65.9
Avg.
Continual Finetune 42.1 70.5 92.2 80.1 545 59.1 19.8 783 41.0 381 423 56.2
{5 baseline 699 862 919 890 740 69.1 232 886 51.1 508 62.6 68.8
LwF [19] 490 770 92.1 859 665 672 209 847 446 455 505 62.2
iCaRL [28] 520 759 774 746 584 593 11.7 796 421 432 51.7 56.9
LwF-VR [6] 449 758 91.8 853 635 676 169 849 440 40.6 51.3 60.6
WIiSE-FT [30] 526 793 919 839 634 652 233 837 454 400 482 61.5
ZSCL [35] 81.7 913 91.1 91.0 829 725 33.6 89.7 533 628 699 74.5
MoE-Adapter [34] 849 899 893 914 862 722 334 894 533 614 699 74.7
GIFT (Ours) 832 90.8 926 928 858 741 36.0 921 547 600 704 75.7
Last
Continual Finetune 24.0 67.3 99.1 874 443 67.0 295 923 61.3 81.0 &88.1 67.4
{5 baseline 65.1 842 964 902 71.8 748 288 914 707 882 87.2 77.2
LwF [19] 346 696 993 887 61.1 725 325 881 656 909 87.9 71.9
iCaRL [28] 460 815 913 828 665 722 163 916 68.1 832 878 71.6
LwF-VR [6] 274 612 994 863 60.6 70.7 234 880 613 843 88.1 68.3
WIiSE-FT [30] 356 769 995 89.1 62.1 71.8 278 908 670 856 87.6 72.2
ZSCL [35] 782 911 976 925 874 782 450 923 727 96.2 86.3 83.4

MoE-Adapter [34] 84.1 885 940 918 941 778 504 933 771 877 86.6 84.1
GIFT (Ours) 81.0 902 986 940 915 78.6 517 946 756 954 86.6 85.3




D. Ablation Analysis of Image Generation

In this section, we conduct an ablation study on the im-
age generation mechanism, primarily on the hyperparam-
eters of Stable Diffusion inference, i.e., denoising steps and
classifier-free guidance scale [13]. Additionally, we exam-
ine the impact of eliminating synthetic images of specific
downstream task datasets on the distillation performance.

Denoising Steps. For Stable Diffusion, the number of de-
noising steps is a crucial hyperparameter that balances gen-
eration speed and quality. Fewer denoising steps result in
faster generation but typically at the cost of lower quality.
While our method defaults to 50 denoising steps, it remains
effective with lower settings, such as 25 denoising steps, for
faster generation. As shown in Tab. 5, reducing the steps to
25 has minimal impact on performance of our method. By
fixing the random seed, the images generated with fewer
steps correspond to intermediate outputs from more denois-
ing steps. We further visualize and compare the quality of
images generated with different denoising steps in our syn-
thetic dataset, as illustrated in Fig. 3.

Table 5. Comparison of synthetic images generated with different
denosing steps as data sources for distillation.

Method | Denoising Steps | Transfer | Avg. | Last
GIFT w/ AWC 50 Steps 69.3 77.3 | 86.0
GIFT w/o AWC 50 Steps 68.9 76.6 | 85.0
GIFT w/ AWC 25 Steps 69.2 77.2 | 85.8
GIFT w/o AWC 25 Steps 69.2 76.6 | 84.8

Classifier-free Guidance Scale. We consider three con-
figurations for the classifier-free guidance scale w: large
scale (w = 10.5), medium scale (w = 7.5) and small
scale (w = 4.5). Prior studies [29] suggest that when
training with large-scale synthetic images, smaller guidance
scales are crucial for enhancing the diversity of generated
images and boosting performance, because smaller w leads
to greater intra-caption variation between generated images.
However, as shown in Tab. 6, our method demonstrates con-
sistent performance across different guidance scales, with
slightly reduced effectiveness observed for smaller scales.
This could be attributed to the fact that when fewer syn-
thetic images are used, inter-class diversity is more crit-
ical than intra-class diversity. We ensure inter-class di-
versity by constructing distinct prompts based on different
class names. Meanwhile, the increased deviation between
the generated images and the text prompts with a small w
may negatively affect the memory retention of CLIP, as ev-
idenced by the lower Transfer value.

Eliminating Synthetic Images for Downstream Tasks.
We skip the class names of specific downstream dataset
so that the classes included in this dataset do not appear

Table 6. Comparison of synthetic images generated with different
classifier-free guidance scale as data sources for distillation.

Guidance Scale | Image Num | Transfer | Avg. | Last
small 68.2 76.3 | 85.2
medium 1K 68.9 76.6 | 85.0
large 68.5 76.3 | 85.1
small 68.7 76.8 | 85.0
medium 3K 69.1 76.7 | 849
large 68.8 76.6 | 85.1
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Figure 2. Eliminating synthetic images for specific downstream
tasks exacerbates forgetting of these tasks.

in the synthetic images. In doing so, we conduct exper-
iments on skipping the generation of the first datasets of
MTIL in order I and order II, i.e., the Aircraft and Stanford-
Cars datasets. These two datasets are selected because they
appear first in the sequence and are fine-grained, making
them more susceptible to forgetting during continual learn-
ing. As can be seen from the accuracy curves in Fig. 4,
incorporating synthetic data for a specific downstream task
significantly enhances memory retention of that task.

E. Visualization: Synthetic Data for Different
Datasets

At last, we provide synthetic images for different down-
stream datasets (i.e., Aircraft, CIFAR100, DTD, EuroSAT
and StanfordCars) in Fig. 3. All images are randomly cho-
sen rather than human-picked and are used in our exper-
iments. We observe that for most datasets, synthesized
images from the Stable Diffusion model are of high qual-
ity, demonstrating its capability to adapt to diverse domains
without fine-tuning. But there also exist cases that many un-
satisfactory examples are generated, such as the DTD and
EuroSAT datasets. Additionally, Stable Diffusion struggles
with generating accurate numerical representations, mak-
ing it unsuitable for datasets like MNIST. It also fails to
replicate the low-resolution nature of CIFAR-100 images
but successfully captures the classes within the dataset. De-
spite these limitations, the majority of the generated images
are satisfactory, underscoring the significant contribution of
Stable Diffusion to overcoming catastrophic forgetting.
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Figure 3. Leveraging the high-quality image generation capabilities of Stable Diffusion, we generate diverse and vivid images across
different categories using simple textual prompts. Reducing the number of denoising steps to 25 doesn’t bring much visual degradation of
the generated images. Our comparative experiments demonstrate that our method remains effective with fewer denoising steps, allowing
for faster generation for practical applications.
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Figure 4. Visualization of synthetic data for different downstream datasets.
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