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MG-CLIP

Background & Core Concepts

* Continual Learning (CL): Enables models to learn seguentially from streaming data while retaining performance
on previously learned tasks (solves the “catastrophic forgetting” problem).

* Modality Gap: The inherent difference between the vision modality and language modality in CLIP.
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MG-CLIP

Research Gap & Observations

The Research Gap
Prior CLIP-based CL methods focus on mitigating forgetting but overlook the inherent attributes of CLIP as a
multimodal model, such as the modality gap.

Core Observation
* During CLIP’'s fine-tuning for continual learning, the variation of the modality gap directly reflects how much
pre-trained knowledge is preserved.
* A stable modality gap = more pre-trained knowledge retained.
* Early: positive similarity rises (learning new knowledge) Later: negative similarity drops (gap expansion)
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Proposed Method: MG-CLIP
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Experiments & Results

* Superior Performance on Standard CIL

* Parameter efficiency

Method E 1 CIFAR-100 ImageNet-R ~ ImageNet100  ImageNet-1K VTAB
eto xempiat Avg Last Avg Last Avg Last Avg Last Avg  Last
PROOF [52] DR 8488 76.29 8283 77.05 8471 7248 7623 06526 89.09 83.97
CLAP [13] 86.13 78.21 8577 7998 87.76 79.16 81.72 73.19 9137 89.67
SLCA [46] FR 80.53 67.58 7592 7037 78.63 5992 79.10 68.27 8425 82.54
RAPF [12] 86.19 79.04 8558 80.28 87.51 80.23 8173 7258 90.88 82.31
L2P++ [38] 8190 73.08 81.67 7598 80.51 6722 7930 69.60 6323 38.37
DualPrompt [37] 8145 7251 8201 7577 80.65 67.38 7939 69.79 61.89 37.58
CODA [31] 7698 62.25 78.00 67.52 64.13 3476 7699 6696 6251 38.25
Continual-CLIP [33] NR 75.15 66.68 79.12 72.00 8498 7540 7296 6444 53.64 31.50
Aper-Adapter [51] 75776 65.50 78.65 7135 8584 7640 76.60 68.74 80.75 71.21
MOE4CL [43] 8536 7837 8528 80.77 8639 76.66 8129 7273 6849 61.70
CLAP* [13] 74.19 63.45 8122 7580 81.07 72.00 7585 6736 82.11 80.11
MagMax [22] 85.63 79.00 87.13 80.85 8633 7592 80.74 7131 64.63 53.90
MG-CLIP (Ours) NR 87.00 80.57 87.58 82.67 8731 7838 81.88 73.68 9467 91.53
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Experiments & Results

* Table 4 (Subspace Differences):

Text classifier subspace deviates significantly from image feature space.Visual-space compensating classifier aligns
better with image features.Combining both classifiers achieves the best coverage, showing complementary roles.

* Table 5 (Cosine Similarity & Accuracy):

Naive fine-tuning expands the modality gap — lower accuracy.Distillation restricts gap changes but hurts learning
ability.Our method keeps a balanced modality gap — highest final accuracy.

CIFAR-100 ImageNet-R ImageNet100

d(B;, By) 0.7732 0.7160 0.7664
d(B;, By.) 0.6076 0.5843 0.5414
d(Bi.Bi1ye) 0.4917 0.3284 0.4431

Table 4. Difference measurement of image subspace and subspace
of different classifiers on different datasets.

CLIP Base Distill Ours

pos 0.3157 0.3037 0.3168 0.3251
neg 0.1719 0.0579 0.1718 0.1520

Last Acc 7540 72.74 75.85 78.38

Table 5. Comparison of cosine similarity and last accuracy (Last
Acc) across different experimental settings on ImageNet-100.
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Experiments & Results

* Zero-Shot Performance after Continual Learning
Evaluate zero-shot ability on downstream datasets (Food101, Oxford Pets, ImageNet-1K).
Baseline: Original CLIP vs. other continual learning methods.

Key Findings:
* Many replay-based methods degrade zero-shot generalization.
* Our method preserves and even improves zero-shot accuracy.
* Demonstrates strong abllity to retain pre-trained knowledge while learning new tasks.

Foodl01  Pets ImageNet-1K  Avg

CLIP 85.14 87.6 64.44 79.06
PROOF 9.75 22.81 11.18 14.58
RAPF 17.18 28.56 15.2 20.31
CLAP 80.82  74.68 56.04 70.51
MOE4CL  82.85 84.06 66.02 77.64
MagMax 81.67 85.96 66.44 78.02

Ours 85.70 88.17 67.29 80.39




Thank you for listening.
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