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Abstract. Continual Learning (CL) enables models to learn sequen-
tially while retaining prior knowledge. Recently, CL under the CLIP
framework has gained increasing attention for its remarkable cross-task
generalization capability. Despite recent progress, existing approaches
overlook modality-asymmetric forgetting , where the visual modal-
ity undergoes severe degradation during CL. In this paper, we empirically
identify this phenomenon and provide evidence that the lack of a stable
structural anchor in the visual branch may drive high-level visual features
to over-adapt to new tasks, thereby exacerbating catastrophic forgetting.
To address this issue, we propose Visual Anchor-based Structural
Transfer (VAST) to stabilize visual representations during continual
learning. Specifically, we integrate a cross-layer representation enhance-
ment module to construct the stable visual anchor, and further employ an
information-theoretic structural distillation mechanism to transfer them
across tasks, promoting stable adaptation and mitigating catastrophic
forgetting. Extensive experiments across multiple benchmarks demon-
strate that our method consistently surpasses SOTA approaches without
relying on any replay data. Code is available at VAST.
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1 Introduction

The goal of continual learning is to enable models to acquire new knowledge from
sequential tasks while mitigating catastrophic forgetting [5,46]. A representative
and challenging setting is class-incremental learning (CIL), where new classes are
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Fig. 1: Motivation of VAST. Left: (a) In CLIP-based continual learning, the visual
branch suffers more from catastrophic forgetting; (b) the text branch remains stable
as its linguistic embeddings provide a fixed semantic anchor. Right: (c) To address
this, VAST extracts cross-layer comparative visual anchors to reinforce visual tokens,
facilitating stable knowledge preservation across tasks.

introduced over time and the model must recognize all previously learned cate-
gories without task identifiers [23, 24, 37]. Conventional approaches [33, 40] seek
to balance plasticity and stability through task-specific training from scratch,
but often struggle with scalability and data efficiency. Recent advances therefore
turn to pre-trained vision–language models such as CLIP [39], whose large-scale
image–text contrastive training empowers them with impressive zero-shot gen-
eralization, providing a more robust starting point for continual adaptation [44].
While recent efforts have begun to explore continual learning within the CLIP
framework, this paradigm also introduces new modality-specific challenges.

Recent CLIP-based continual learning approaches [21, 23, 25, 34, 51, 60] typ-
ically adopt parameter-efficient fine-tuning (PEFT) strategies [16, 17], which
insert lightweight modules (e.g., LoRA or Adapter) for textual and/or visual
paths to adapt new knowledge while retaining CLIP’s zero-shot capability. Un-
like conventional single-stream architectures [8, 14], such dual-branch vision-
language models require closer examination of how the relationship between
modalities evolves during continual learning. Yet, explorations in this direc-
tion remain limited. While some attempts (e.g., MG-CLIP [21], DMNSP [25])
have sought to mitigate modality gaps or gradient misalignment, modality-
asymmetric forgetting during continual adaptation remains insufficiently studied
from a representation-space perspective.

In this paper, we investigate CLIP-based class-incremental learning by exam-
ining modality dynamics (see Fig. 1). We observe a critical asymmetry: the vi-
sual branch suffers more severe catastrophic forgetting than the textual branch.
Our analysis attributes this phenomenon to an inherent modality imbalance.
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Specifically, the textual encoder empirically serves as a stable semantic anchor
grounded in concept-level linguistic representations, providing a consistent refer-
ence structure in the embedding space [21,25], whereas the visual encoder lacks
a comparable protective mechanism. The absence of such stable anchor makes
the higher visual layers highly sensitive to parameter updates, manifested as
large Fisher Information (see Fig. 2). This behavior causes overfitting to the
current classes in the representation space and eventually results in catastrophic
forgetting (see Fig. 3). Moreover, existing distillation-based methods [57,60] fail
to correct this drift and instead amplify it over successive tasks.

To address the above limitations, we propose VAST (Visual Anchor-based
Structural Transfer), a novel CLIP-based class-incremental learning framework
that stabilizes the visual feature space by constructing the visual anchor and
transferring their structural knowledge across tasks. In this paper, we view the
visual anchor as a relatively stable representation that preserves the geometric
structure of the visual feature space across tasks. To construct such anchors, we
introduce a cross-layer Visual Representation Reinforcement Module (VRRM),
which leverages self-similarity attention to extract stable spatial relations from
intermediate visual layers, where structural information is less affected by task-
specific adaptation. These locality-aware structural features are fused with high-
level cross-modal representations to reinforce the CLS token, stabilizing visual
representations against high-layer over-adaptation. Building upon the learned vi-
sual anchors, we introduce an information-theoretic distillation loss to align fea-
ture distributions across tasks, enabling the model to inherit structured knowl-
edge from previous tasks rather than relying on point-wise matching. Through
this dual design, our method alleviates modality-asymmetric forgetting in CLIP-
based continual learning. The contributions can be summarized as follows:

– We identify the phenomenon of modality-asymmetric forgetting in CLIP-
based continual learning. Our empirical analysis suggests that, compared
with the textual branch, the visual branch lacks a comparably stable struc-
tural anchor and is therefore more vulnerable to forgetting.

– We propose VAST, a framework that mitigates modality-asymmetric for-
getting through two complementary mechanisms: constructing stable visual
anchors and transferring them across tasks via information-theoretic struc-
tural distillation.

– We conduct extensive experiments across multiple benchmarks, achieving
state-of-the-art performance in both accuracy and forgetting rate.

2 Related Work

2.1 Class-Incremental Continual Learning.

Class-incremental continual learning (CIL) [27] has received extensive attention
recently. Representative strategies can be broadly categorized as follows: (1)
Regularization-based methods [10, 11, 33, 59], which impose explicit constraints
on model weights or representations to balance the stability–plasticity trade-off
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between old and new tasks. (2) Memory-based methods [35,40,47,54], which re-
play or approximate previously learned data or feature distributions to preserve
prior knowledge. However, their scalability is constrained by the growing mem-
ory requirements. (3) Dynamic-based methods [1,9,18,50], which incrementally
add new parameters (e.g., neurons, branches, or heads) to accommodate new
tasks, often at the cost of increased model complexity. Additionally, with the
rise of pre-trained models, parameter-efficient fine-tuning approaches gradually
expand a small number of parameters as tasks increase [43, 51, 57]. They show
that preserving the stability of pre-trained models enhances generalization and
facilitates class-incremental learning on downstream tasks.

2.2 Vision-Language Model-based Class-Incremental Learning

With the emergence of vision–language models such as CLIP, CIL has extended
from purely visual domains to multimodal paradigms [44]. To preserve pre-
trained knowledge while adapting to new tasks, most methods freeze the back-
bone and adopt lightweight parameter-efficient modules, including prompts [43,
48, 49, 58] and adapters [4, 21, 51]. Prompt-based methods (e.g., L2P [49], Dual-
Prompt [48], ENGINE [58]) learn task-aware text or visual prompts for dynamic
adaptation, whereas adapter-based approaches [34,51,55] insert small trainable
modules into transformer layers to encode task-specific knowledge. For example,
MoE4CL [51] employs mixture-of-experts routing for adaptive learning, while
LGVLM [55] trains separate LoRA modules for each incremental task.

A few other studies have begun to explore improving cross-modal consis-
tency in CLIP-based continual learning. For instance, DMNSP [25] adopts a
gradient-based strategy to regulate parameter variation, while other studies fo-
cus on enhancing cross-modal interaction (e.g., PROOF [60], CLAP4CLIP [23])
or reducing the modality gap (e.g., MG_CLIP [21]) to achieve better alignment
between visual and textual features. However, few studies explore how repre-
sentation spaces evolve during continual learning, particularly under modality
imbalance where the visual branch forgets more. In contrast, we investigate the
cause of such modality-asymmetric forgetting and introduce structural anchoring
to mitigate visual drift throughout continual adaptation.

2.3 Self-correlation Attention in CLIP

Recent training-free CLIP-based methods for dense prediction have increasingly
explored modifying the attention mechanism to improve the spatial quality of
visual representations. CLIPSurgery [32] first attributes noisy visual responses
in CLIP to heterogeneous query-key projections and replaces the original at-
tention with homogeneous self-correlation. Building on this insight, GEM [3]
generalizes value-value attention into a self-self attention path, where repeated
self-correlation progressively clusters similar tokens. SCLIP [45] leverages pair-
wise token similarities, such as QQ⊤ and KK⊤, to encourage spatially covari-
ant features for dense prediction. ClearCLIP [29] attributes part of the noise
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in CLIP-based dense prediction to residual connections and adopts self-self at-
tention to obtain cleaner structural features. CLIPtrase [41] restores patch-wise
relations by fusing self-correlations from multiple projections. ProxyCLIP [30]
and NACLIP [13] further improve spatial coherence through self-similarity pri-
ors and key-key attention with locality constraints, respectively. Different from
prior methods that mainly focus on dense prediction or feature refinement in
static tasks, VAST leverages intermediate-layer structural correlation in class-
incremental learning to construct relatively stable visual anchors and mitigate
forgetting during continual adaptation.

3 Preliminaries

3.1 Class-Incremental Learning for CLIP

We adopt a class-incremental learning (CIL) setup built upon a pre-trained
CLIP model. The objective is to train a model over a sequence of T tasks
{(C1,D1), (C2,D2), . . . , (CT ,DT )}. Each task t ∈ [1, T ] provides a dataset Dt =
{(xi, yi)}Nt

i=1 of image-label pairs, where xi denotes an input image and yi its
label drawn from the task-specific class set Ct = {c1t , c2t , . . . , c

Kt
t }. Here, Nt and

Kt denote the number of training samples and classes in task t, respectively.
Following prior works [21,23], the class sets are assumed to be mutually disjoint,
i.e., Ci ∩ Cj = ∅ for i ̸= j.

For each task t, the CLIP model Mt is initialized with parameters θt−1 from
the previous stage and optimized by minimizing the cross-entropy loss over Ct.
Specifically, for each input (x, y) ∈ Dt, CLIP extracts the visual representation
V t from the image and the textual embedding Et from the corresponding label
prompt using its current parameters θt. After learning task t, the updated model
Mt should correctly classify samples from all seen categories C1:t = C1 ∪ C2 ∪
· · · ∪ Ct, without using task identifiers. Additionally, we follow the exemplar-free
CIL setting [21,48] in this paper.

3.2 Matrix-based Joint Entropy.

Given feature sets X = {xi}ni=1 and Y = {yi}ni=1, let GX , GY ∈ Rn×n de-
note Gram matrices, where each entry is computed as (GX)ij = κ(xi, xj) and
(GY )ij = κ(yi, yj) using a positive-definite kernel function κ(·, ·). Following
matrix-based α−order Rényi entropy [12], the joint entropy between X and
Y is computed as:

Sα(GX , GY ) =
1

1− α
log2

(
tr
[(

GX◦GY

tr(GX◦GY )

)α])
, (1)

where ◦ denotes the Hadamard product, and tr(·) is the matrix trace operator. It
can be estimated directly from data without making strong assumptions about
the underlying distribution [7,52]. This quantity measures the structural depen-
dency between X and Y : a lower joint entropy indicates stronger alignment and
less structural divergence.
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Fig. 2: Layer-wise Fisher information of
CLIP with LoRA finetuning on CIFAR100.
Left: visual encoder. Right: text encoder. The
cosine similarity measures the alignment be-
tween layer-wise visual features and the final
text embedding.
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Fig. 3: t-SNE [36] plot of CLS features
on Task 0 classes from CIFAR100. Left:
model after LoRA finetuning on Task
0. Right: same model finetuned on Task
1 but evaluated on Task 0, showing rep-
resentational drift and class confusion.

4 Methodology

4.1 Empirical Analysis

Modality-Asymmetric Forgetting: A Missing Structural Anchor in the
Visual Branch. In this section, we investigate modality-asymmetric forgetting
in CLIP-based continual learning from the perspective of cross-modal adapta-
tion dynamics. We begin by examining the Fisher Information (FI) [19,27] of the
visual and textual branches during continual adaptation. FI measures the sen-
sitivity of model parameters to gradient updates: higher values indicate greater
sensitivity to task-specific updates, which is often associated with less stable
representations during continual adaptation [25].

As shown in Fig. 2, the textual encoder exhibits consistently low Fisher In-
formation in higher layers, indicating limited sensitivity to task-specific updates.
This relative stability is consistent with the role of pre-trained linguistic represen-
tations, which may provide a semantic reference that helps preserve global con-
sistency across tasks. In contrast, the visual encoder shows a sharp rise in Fisher
Information in late layers, suggesting that it bears stronger adaptation pressure
during continual learning. Correspondingly, we observe increased visual–textual
cosine similarity (see Fig. 2), suggesting stronger visual–textual alignment dur-
ing adaptation. This trend may be accompanied by reduced structural stability
in the visual branch.

These observations suggest that the visual encoder lacks a source of structural
stability comparable to that of the textual branch during continual adaptation.
Motivated by this insight, we introduce the concept of a visual structural anchor,
defined as a stable representation that preserves the intrinsic geometry of the
visual feature space across tasks. By stabilizing the visual feature space, such an
anchor can help reduce representation drift and thereby mitigate catastrophic
forgetting during continual learning.

Visual Structural Collapse and the Failure of Knowledge Distillation
in CIL. Without such a stabilizing mechanism, the over-adaptation of the visual
branch leads to severe structural instability in the representation space. Specifi-
cally, the CLS tokens of old classes suffer from significant representational drift,
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Fig. 4: Overview of VAST. VAST addresses modality-asymmetric forgetting in
CLIP-based continual learning through two complementary designs: (1) a cross-layer
Visual Representation Reinforcement Module (VRRM) that injects locality-aware and
text-aware features into the visual CLS token to strengthen its structural representa-
tion; and (2) a distribution-aware distillation objective that preserves cross-task struc-
tural information via matrix-based entropy.

which can be observed as the separation and displacement of clusters in the
t-SNE projection (see Fig. 3).

Crucially, existing CL methods fail to address this fundamental structural
issue. Parameter-efficient fine-tuning (e.g., LoRA) directly leads to CLS token
drift due to the absence of a constraint mechanism. Moreover, knowledge dis-
tillation (KD) methods [33, 34, 38] are also insufficient: they merely enforce the
new model to imitate the features of the old model. Since the old features have
already been shifted and are structurally unstable, KD-based methods essen-
tially transmit or even amplify the existing instability. This highlights a critical
research gap: the necessity to explicitly introduce and protect a robust structural
visual anchor to stabilize the CLIP-based continual learning process.

4.2 Visual Representation Reinforcement

In this section, we aim to construct a reliable visual anchor by reinforcing the
global CLS representation with stable structural and semantic cues. To this end,
we propose the Visual Representation Reinforcement Module (VRRM), which
consists of three synergistic stages: (1) Structure-Preserving Attention to extract
task-invariant spatial information; (2) Text-Guided Value Refinement to align
visual features with target semantics; and (3) Global Semantic Reinforcement
to fuse these reinforced cues into the CLS token.

Structure-Preserving Attention. To maintain the spatial consistency of vi-
sual representations, we introduce a structure-preserving attention mechanism
that leverages the stable topology of CLIP’s intermediate layers. Unlike task-
specialized higher layers, mid-level representations (e.g., layers 5–8) retain richer,
task-invariant spatial relations [29], providing a robust geometric foundation.
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Let QM and KM denote the query and key representations in the M -th
transformer block. Standard attention, softmax(QMK⊤M/

√
d), typically relies on

query-key interactions. In continual learning, however, queries are highly suscep-
tible to task-specific updates, leading to unstable attention patterns and seman-
tic drift [29]. To preserve the intrinsic geometry of the visual space, we intro-
duce Self-Similarity Attention (SSA) to construct a query-independent structural
foundation. SSA computes patch relations directly via Aself = softmax(KMK⊤M/

√
d),

yielding a symmetric affinity that promotes spatial consistency and mitigates the
impact of task-induced query shifts [3,29]. To further enhance locality-aware in-
formation, we compute second-order relations Arel = Aself ×Aself to propagate
affinities across neighboring patches, where × denotes matrix multiplication [61].
The finalized structure-preserving attention is:

AM = softmax

(
Aself +Arel√

d

)
, (2)

where d is the scaling dimension. By incorporating Arel, we reinforce the connec-
tivity of local semantic clusters, providing a stable spatial topology to ground
the visual structural anchor.

Text-Guided Value Refinement. While AM captures the stable spatial in-
formation, the underlying visual content must remain aligned with the target
semantic space. We therefore refine the value features by adaptively re-weighting
high-level layers {Vl} (where l ∈ {9, 10, 11}) based on their alignment with the
textual embedding Et. For each layer l, the patch-level features Vl are projected
using the frozen value matrix W

(L)
v from the final transformer layer (L = 11).

Their semantic relevance is measured by sl = Ev∼Vl
[cos(v,Et)]. Therefore, the

refined visual representation Vrefine is obtained via:

Vrefine =
∑

l
αlVl, where αl =

exp(sl)∑
l′ exp(sl′)

. (3)

By aggregating the refined value features Vrefine according to the structure-
preserving attention AM , we generate the reinforced dense features:

Zv = Proj(AM · Vrefine), (4)

where Proj(·) is the frozen projection layer of the CLIP visual encoder that maps
visual features into the shared embedding space. It constrains the resulting dense
feature by the intrinsic geometry of the intermediate layers.

Global Semantic Reinforcement. To further enhance the global representa-
tion, we introduce a lightweight fusion module to integrate the reinforced dense
features Zv into the global CLS token. This process employs an attention-based
residual connection:

V ′
cls = Vcls + β

∑
i
softmax

(
fϕ([Vcls; zi])

)
zi, (5)
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where zi ∈ Zv denotes each dense token, and fϕ(·) is a two-layer MLP that
generates attention weights (see the supplementary material for more details).
The β controls the strength of the injection of information.

This fusion mechanism allows the global CLS token to selectively absorb
spatially distributed semantic cues from Zv. The reinforced feature V ′

cls is then
propagated to subsequent tasks as the stabilized representation V t. This repre-
sentation serves as the visual structural anchor, as it fuses global semantics with
the task-invariant spatial topology of intermediate layers. By effectively preserv-
ing the intrinsic geometry of the visual feature space, V t provides a robust and
consistent target for structural distillation.

4.3 Distribution-Aware Structural Distillation

Building upon the stabilized visual representation V t, we introduce a distribution-
aware distillation loss to preserve the structural consistency of feature distribu-
tions across tasks. In continual learning, high-level features exhibit Fisher infor-
mation instability, causing the internal representation subspace to be constantly
reshaped. This structural drift is the root of visual forgetting, and capturing it
requires a globally structure-sensitive metric for semantic change, which point-
wise differences like KL or MSE cannot provide.

Motivated by the information-theoretic representation learning [22, 53, 56],
we employ the matrix-based joint entropy [7, 12] as the structural divergence
between representations at task t−1 and t. Given the visual features extracted
from CLIP at task t and t−1, denoted as V t and V t−1, we project the current
features V t into a task-specific embedding space and compute their normalized
Gram matrices Gt

V and Gt−1
V as described in Sec. 3.2. The visual-side alignment

consists of a joint entropy loss and a randomized regularization term:

Ljoint
vis = Sα(G

t
V , G

t−1
V ), Lreg

vis = Sα(G
t
V , ΠGt−1

V Π⊤),

Here, Sα(·, ·) denotes the matrix-based joint entropy. The Ljoint
vis directly pre-

serves the visual structural information between tasks. However, to prevent the
model from over-fitting to noise-like dependencies within the feature distribu-
tions, we introduce Lreg

vis . This term employs a random permutation matrix Π
to disrupt spurious correlations [42], ensuring that the distillation focuses on
robust, high-level semantic structures.

Therefore, the final distribution-aware distillation loss for the visual branch
is formulated as:

Lvis = Ljoint
vis − Lreg

vis ,

Similarly, the text-side loss Ltext is defined analogously using textual embeddings
(Et, Et−1). Overall, the distribution-aware distillation loss is:

Ldistill = Lvis + Ltext,

which jointly enforces cross-task consistency in both the visual and textual
branches. Therefore, our overall training objective for task t is:

L = Lce + λLdistill, (6)
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Table 1: Comparison of average and final performance among different methods over
diverse datasets. The best-performing results are shown in bold.

Method
CIFAR100 ImageNet-R ImageNet-1K

B10_Inc10 B50_Inc10 B20_Inc20 B100_Inc20 B100_Inc100
Last Avg Last Avg Last Avg Last Avg Last Avg

Continual-CLIP [44] 66.66 75.15 66.66 69.66 71.73 78.67 71.73 75.20 67.69 75.55

L2P++ [49] 73.08 81.90 73.27 74.41 64.32 65.55 58.73 60.23 69.60 79.30
DualPrompt [48] 72.51 81.45 76.63 77.83 67.98 68.76 62.87 64.39 69.79 79.39
CODA-Prompt [43] 79.01 85.94 77.83 79.63 71.83 73.14 66.55 68.09 66.96 76.99

PROOF [60] 79.11 86.77 79.73 83.32 78.50 84.11 78.03 81.06 63.01 73.66
RAPF [20] 79.39 85.87 79.81 83.04 79.83 85.65 80.45 82.65 72.80 81.67

ZSCL [57] 77.07 84.71 82.16 85.81 80.42 84.66 81.52 84.24 71.56 80.65
MoE4CL [51] 77.59 85.30 79.60 83.67 81.05 86.14 82.03 84.79 73.41 81.68
MG-CLIP [21] 79.56 86.99 79.72 83.61 82.62 87.65 82.78 84.88 73.33 81.71
ENGINE [58] 79.29 86.87 79.22 82.95 80.71 86.26 80.98 83.68 – –
DMNSP [25] 79.57 87.23 82.39 86.43 81.58 87.05 83.20 85.39 72.87 81.57

VAST (Ours) 80.40 87.40 82.48 86.62 82.83 87.61 83.85 85.54 73.85 81.92

Method
TinyImageNet Food101 ImageNet-1K

B20_Inc20 B100_Inc20 B10_Inc10 B50_Inc10 B200_Inc200

Last Avg Last Avg Last Avg Last Avg Last Avg

Continual-CLIP [44] 65.92 74.64 65.92 69.99 86.19 90.73 86.19 88.14 67.69 74.53

L2P++ [49] 70.98 75.38 68.52 72.02 78.13 85.77 73.13 80.42 69.24 72.84
DualPrompt [48] 72.53 76.72 70.98 74.18 78.49 85.95 72.75 80.00 69.44 72.90
CODA-Prompt [43] 75.14 79.05 72.38 76.33 78.77 86.11 74.13 80.98 69.78 73.29

PROOF [60] 58.76 72.03 57.21 66.52 84.73 90.04 84.74 87.52 69.12 71.40
RAPF [20] 73.73 81.51 73.45 77.83 82.35 88.77 82.18 86.82 73.09 81.41

ZSCL [57] 75.87 82.52 77.01 81.31 88.17 91.97 89.20 91.68 74.16 81.90
MoE4CL [51] 76.04 83.02 76.49 80.70 87.77 93.11 88.34 91.70 73.89 82.02
MG-CLIP [21] 75.87 83.56 77.09 81.41 88.19 93.30 87.43 91.26 74.25 81.77
ENGINE [58] – – – – 83.92 89.77 83.99 86.93 – –
DMNSP [25] 75.81 82.54 78.05 81.62 87.75 92.74 89.31 91.78 74.55 82.22

VAST (Ours) 76.05 83.98 78.72 82.19 88.71 93.42 89.81 91.86 74.87 82.43

where the cross-entropy Lce is computed within the current task [23, 60], and
Ldistill measures the distributional consistency between features from task t and
t−1. The coefficient λ balances task-specific learning and cross-task knowledge
preservation, and is set to 0.5.

5 Experiments

5.1 Experimental Setting

Datasets. Following standard CIL protocols [20, 21, 60], we evaluate on five
benchmarks: CIFAR100 [28], Tiny ImageNet [31], ImageNet-R [15], Food-101 [2],
and ImageNet-1K [6]. We sample 100 classes from CIFAR100 and Food-101, 200
from ImageNet-R and Tiny ImageNet, and 1000 from ImageNet-1K [21,58]. The
setting “Bm_Incn” denotes a CIL split where m classes are used initially and n
new classes are added in each subsequent stage.

Baselines and Evaluation Metrics. We compare VAST with several meth-
ods: (1) zero-shot CLIP baseline (i.e., Continual-CLIP [44]); (2) vision-only
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Table 2: Comparison of zero-shot performance among CLIP-based continual learning
methods. Bold numbers indicate the best continual learning results, excluding the pre-
trained CLIP.

Methods Datasets Avg
Food101 ImageNet-100 ImageNet-1K

CLIP 86.28±0.06 73.78±0.14 66.01±0.05 75.35±0.08

PROOF 22.88±0.02 68.94±0.02 65.66±0.02 52.49±0.02
ZSCL 82.38±0.10 67.50±0.12 62.43±0.10 70.77±0.10
RAPF 80.69±0.10 69.24±0.09 59.14±0.12 69.69±0.10
DMNSP 81.45±0.04 68.78±0.27 63.07±0.04 71.10±0.12

Ours 84.67±0.08 72.22±0.06 65.96±0.04 74.28±0.06

Table 3: Ablation of VRRM and distillation loss Ldistill under B10_Inc10 (CIFAR100)
and B20_Inc20 (ImageNet-R), showing complementary gains.

VRRM Ldistill
CIFAR100 ImageNet-R

Avg Last Avg Last

✗ ✗ 84.81±0.21 77.33±0.18 84.01±0.19 79.15±0.22
✓ ✗ 86.90±0.08 79.35±0.10 87.24±0.07 81.95±0.10
✗ ✓ 86.96±0.07 78.93±0.11 87.32±0.09 82.32±0.09

✓ ✓ 87.40±0.06 80.40±0.08 87.61±0.07 82.83±0.07

prompt-based approaches (i.e., L2P++ [49], DualPrompt [48], CODA-Prompt [43]);
(3) CLIP-based continual learning methods, including the replay-based approaches
(i.e., PROOF [60], RAPF [20]) and non-replay approaches (i.e., ZSCL [57],
MoE4CL [51], MG-CLIP [21], ENGINE [58]). All experiments adopt OpenAI’s
pre-trained CLIP ViT-B/16 backbone for fair comparison. The average accuracy
after training task t over all seen tasks is denoted as At. We report Avg as the
mean accuracy across all tasks and Last as the accuracy after the final task.

Implementation Details. Our framework is implemented in PyTorch and
trained on an NVIDIA A800 GPU. Following previous work [21], we adopt Ope-
nAI’s pre-trained CLIP ViT-B/16 as the backbone and insert LoRA [17] modules
into both the visual and textual branches for parameter-efficient fine-tuning, with
the rank set to 8 by default. Additional results with ViT-B/32 are provided in
the Supplementary Materials. Each task is trained for 5 epochs with a batch size
of 128, using the Adam optimizer and a cosine learning rate scheduler starting
at 0.001. All reported results are averaged over five runs with different random
seeds. For VRRM, we compute self-similarity attention at layer 7 and apply text-
aware refinement at layers 9–11. The fusion coefficient β in Eq. (5) is set to 0.1,
and the weight of Ldistill is 0.5. For distillation, following previous work [52], we
set the order parameter of the matrix-based α-order Rényi entropy to α = 1.01.

5.2 Main Results

Comparison with State-of-the-Arts. Tab. 1 presents the comparison with
state-of-the-art benchmarks. For visual prompt-based methods such as L2P++,
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Fig. 5: Ablation study of the VRRM
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Fig. 6: Effect of different distillation reg-
ularization strategies on CIFAR100.

DualPrompt, and CODA-Prompt, their performance is limited by the lack of ac-
cess to textual information. Across these datasets under two incremental settings,
our method outperforms most other approaches. Compared with replay-based
methods (i.e., RAPF and PROOF), it achieves a 1.96%–4.48% improvement on
average accuracy over ImageNet-R. Moreover, on the large-scale ImageNet-1K
dataset, our approach maintains stable and slightly superior performance over
baselines. Consistent improvements on both medium- and large-scale datasets
demonstrate strong generalization beyond specific settings, achieving a better
balance between knowledge retention and adaptation.

Comparison of the Zero-Shot Capability. To ensure fine-tuning does not
compromise CLIP’s inherent zero-shot capabilities, we evaluate generalization
by testing on unseen datasets (Food101, ImageNet-100, and ImageNet-1K) after
training on CIFAR-100. As shown in Tab. 2, our approach best preserves CLIP’s
original performance with minimal degradation. Specifically, it achieves average
gains of 3.51% and 3.18% over distillation-based ZSCL [57] and DMNSP [25],
respectively. These results also highlight the inherent trade-off in continual learn-
ing between task-specific adaptation and zero-shot generalization. While replay-
based methods like PROOF [60] and RAPF [20] suffer from significant zero-shot
drops due to downstream overfitting, our non-replay method effectively retains
pretrained knowledge and minimizes this trade-off compared with existing base-
lines.

5.3 Ablation Study

Main Components of VAST. Tab. 3 reports the ablation results of the
main components. The baseline fine-tunes CLIP with LoRA. VRRM denotes
the Visual Representation Reinforcement Module. Adding VRRM improves the
LoRA baseline by +2.1% on CIFAR100 and +3.2% on ImageNet-R, with gains
on average accuracy. Applying Ldistill alone yields similar improvements, sug-
gesting both modules mitigate representation drift. Combining VRRM with
Ldistill achieves the best results (87.40/80.40 on CIFAR100 and 87.61/82.83 on
ImageNet-R, Avg/Last), demonstrating their complementary effect in reducing
forgetting.
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Impact of VRRM. As shown in Fig. 5, we analyze components of VRRM: self-
similarity attention (SSA) and text-aware aggregation under two incremental set-
tings on CIFAR100. For SSA, we compare three variants: (1) QK, the standard
query–key attention in the M -th visual layer; (2) KK, which replaces query–key
interaction with key–key correlations to build a symmetric self-similarity ma-
trix; and (3) Ours, the second-order self-similarity attention in Eq. (2). Results
show that SSA more effectively captures structural dependencies, preserves spa-
tial topology, and produces more stable visual representations across tasks. For
text-aware value refinement, we compare (1) using the last-layer feature VL and
(2) uniform average weighting in Eq. (3). Our text-aware weighting achieves
the best performance by adaptively emphasizing semantically aligned layers and
improving cross-modal stability.

Impact of the Regularization Loss. In Fig. 6, we compare various regu-
larization losses with the proposed loss in VAST, including classical KL and
MSE losses from LwF [33] and Mod-X [38], as well as the recent Contrastive
Knowledge Consolidation (CKC) loss [34] for CLIP-based continual learning.
The results show that while all these losses alleviate forgetting, those emphasiz-
ing distributional structure alignment perform notably better. Moreover, our loss
shows strong synergy with the proposed VRRM, further enhancing representa-
tion stability. Additionally, integrating VRRM into other distillation frameworks
also yields consistent gains, confirming that unstable visual structures can impair
distillation, whereas stabilizing them is crucial for knowledge preservation.

5.4 Parameter Sensitive Analysis

Impact of self-similarity layer M . We evaluate different layers M of the
CLIP visual encoder for constructing self-similarity attention on the CIFAR100
B10_Inc10 task (see Fig. 7b). The results show that most layers yield compa-
rable performance, while layer 7 performs slightly better. This suggests that the
middle layer offers a great trade-off between preserving mid-level structural pat-
terns and capturing high-level semantic cues, making it particularly suitable for
constructing stable self-similarity representations.
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Table 4: Quantitative analysis of visual representation drift from Task 0 to Task 1
(0→1) measured by FDR (inter / intra), where higher inter (↑) and lower intra (↓)
indicate better separability.

Dataset Method FDR ↑ (0→1) inter ↑ (0→1) intra ↓ (0→1)

CIFAR100 LoRA 2.19→2.08 ↓ 0.19→0.18 ↓ 0.09→0.08 ↓
Ours 2.48→2.97 ↑ 0.24→0.29 ↑ 0.10→0.10→

TinyImageNet LoRA 1.75→1.74 ↓ 0.19→0.18 ↓ 0.11→0.10 ↓
Ours 2.00→2.35 ↑ 0.23→0.28 ↑ 0.12→0.12→

Class Name:

Hammerhead

Class Name:

Crab

Class Name:

Drake

Class Name:

Shih-Tzu

Class Name:

Border Colie

CLIP + LoRA

DMNSP

VAST (Ours)

Image

Fig. 9: Visualization of CLS-to-patch attention maps across different methods on
ImageNet-R. These maps reveal how the visual CLS token aggregates patch-level fea-
tures, allowing us to compare how different approaches extract and preserve structural
visual information.

Impact of semantic fusion strength β and distillation weight λ. Fig. 7a
analyzes two key hyperparameters in VAST: the semantic fusion strength β in
Eq. (5), which controls the injection of dense features into the CLS token, and
the distillation weight λ in Eq. (6), which balances knowledge preservation across
tasks. The results show that performance peaks at λ = 0.5, while both strong and
overly weak distillation lead to degraded accuracy. A similar trend is observed
for β, where moderate fusion (β = 0.1) achieves the best result by integrating
spatial cues without overwhelming the global representation.

5.5 Visualization Results

t-SNE Visualization. To evaluate stability, we visualize Task 0 features using
t-SNE after learning Task 1. As shown in Fig. 8, while the baseline suffers from
severe cluster entanglement and drift, our method maintains compact and well-
separated class structures. Beyond qualitative visualization, we provide quanti-
tative evidence using the Fisher Discriminant Ratio (FDR) [26], defined as the
ratio of between-class variance to within-class variance . A higher FDR indicates
superior feature separability, where class clusters are both compact and well-
distinguished. On CIFAR-100, our method improves the FDR from 2.48 to 2.97
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after learning the new task, whereas the LoRA baseline degrades from 2.19 to
2.08. Consistent trends on TinyImageNet confirm that our approach effectively
preserves feature geometry and mitigates drift.

VRRM Attention Maps for the Visual Anchor. Fig. 9 illustrates a com-
parison of CLS-to-patch attention maps across different methods, showing how
the visual CLS token aggregates patch-level features. The baseline methods and
DMNSP exhibit scattered CLS-to-patch activation, often focusing on irrelevant
background regions. In contrast, VRRM produces structurally consistent at-
tention maps that align with object contours and salient regions. This focused
activation forms a stable visual anchor that effectively preserves the intrinsic
geometry and mitigates representation drift during continual learning.

6 Conclusion

In conclusion, we present VAST, a framework for continual CLIP learning that
effectively mitigates catastrophic forgetting arising from modality-asymmetric
adaptation. The framework identifies the progressive overwriting of visual rep-
resentations that weakens visual features and disrupts cross-task alignment. To
address this, VAST reinforces visual representations by extracting structural
information from stable intermediate layers, providing a robust geometric foun-
dation. These reinforced features are then preserved via a distribution-aware
structural distillation objective, which maintains the intrinsic consistency of the
feature space. By integrating these components, VAST jointly maintains stable
and transferable semantics, ensuring long-term knowledge retention for continual
learning.
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