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Abstract

Class-Incremental Learning (CIL) aims to continually learn
new classes without forgetting previously acquired knowl-
edge. Vision-language models such as CLIP offer strong
transferable representations via multi-modal supervision,
making them a promising choice for CIL. However, apply-
ing CLIP to CIL poses two major challenges: (1) adapting
to downstream tasks often requires additional learnable mod-
ules, increasing model complexity and susceptibility to for-
getting; and (2) while multi-modal representations offer com-
plementary strengths, existing methods have not fully ex-
ploited the synergy between visual and textual modalities.
To address these issues, we propose BOFA (Bridge-layer Or-
thogonal Fusion for Adaptation), a novel framework for CIL.
BOFA restricts adaptation to CLIP’s existing cross-modal
bridge layer, keeping the core learning process parameter-free
and avoiding any extra adaptation modules. To prevent for-
getting within this layer, it leverages Orthogonal Low-Rank
Fusion, a mechanism that constrains parameter updates to a
low-rank “safe subspace” that is mathematically constructed
to be approximately orthogonal to the feature subspace of past
tasks. This encourages stable knowledge accumulation and
mitigates interference between new and previously learned
classes. Furthermore, BOFA employs a cross-modal hybrid
prototype that fuses stable textual prototypes with dynamic
visual counterparts derived from our adapted bridge layer, re-
sulting in a more robust and discriminative classifier. Exten-
sive experiments on standard benchmarks demonstrate that
BOFA achieves superior accuracy and efficiency compared
to existing methods.

Extended version — https://arxiv.org/abs/2511.11421

Introduction
In the real world, data is often encountered in a stream-
ing fashion, where new classes arrive sequentially (Aggar-
wal 2018). Class-Incremental Learning (CIL) (Rebuffi et al.
2017) addresses this challenge by enabling models to learn
novel classes without forgetting previously acquired knowl-
edge. However, continual learning systems are prone to
catastrophic forgetting (French 1999; French and Ferrara
1999), a phenomenon where learning new tasks interferes
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with performance on earlier ones. This problem is particu-
larly pronounced when old data is unavailable due to privacy
or storage constraints.

Recent advances in vision-language models (VLMs) (Jia
et al. 2021; Yang et al. 2023; Li et al. 2024a), such as
CLIP (Radford et al. 2021), have opened new possibilities
for CIL. By aligning visual and textual modalities in a shared
embedding space, VLMs provide rich, transferable repre-
sentations that can generalize to unseen tasks. This makes
them a compelling foundation for exemplar-free CIL.

A prevailing strategy is to freeze the large backbones of
CLIP to preserve general knowledge and only train a small
set of additional modules, such as adapters or prompt lay-
ers, for new tasks (Zhou et al. 2025d; Huang et al. 2024).
While this approach maintains a stable high-level feature
space, it introduces a new set of critical challenges. First,
catastrophic forgetting persists within these trainable mod-
ules themselves. As adapters are sequentially fine-tuned on
new tasks to perform cross-modal alignment, they overwrite
knowledge crucial for old tasks, leading to a degradation
in performance. Second, these additional parameters, how-
ever lightweight, result in additional inference cost, which
poses a practical limitation for deployment in resource-
constrained scenarios. Third, the training process for these
modules is often suboptimal. They are typically trained via
contrastive learning against textual prototypes derived from
hand-crafted prompts. These generic prompts often lack the
specificity needed to distinguish fine-grained visual con-
cepts (Wang et al. 2022b, 2023b; Zhou et al. 2025d), thereby
limiting the model’s discriminative capability.

To address these challenges, we propose BOFA (Bridge-
layer Orthogonal Fusion for Adaptation), a novel and co-
hesive framework for efficient and continual adaptation of
CLIP in CIL. Our approach first tackles the dual issues
of inference overhead and catastrophic forgetting through
a coupled strategy. The foundation of our method is to re-
strict all primary feature adaptation solely to CLIP’s exist-
ing cross-modal bridge-layer, thereby bypassing the conven-
tional need for external adaptation modules (e.g., adapters)
and their associated costs. This design, however, concen-
trates the risk of catastrophic forgetting within this single
component. To counteract this, we introduce our primary
technical contribution: Orthogonal Low-Rank Fusion. This
mechanism constrains parameter updates to an “Orthogo-
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nal Safe Subspace”, a low-rank update subspace that is con-
structed to be approximately orthogonal to the feature sub-
space spanned by previously learned tasks. By projecting
updates onto these non-interfering directions, BOFA ensures
stable knowledge accumulation within the bridge-layer, ef-
fectively mitigating catastrophic forgetting without requir-
ing data replay. Building upon this stable adaptation, we in-
troduce cross-modal hybrid prototypes to enhance classifi-
cation. Our mechanism fuses static textual prototypes with
dynamically refined visual prototypes, which are generated
by our stably adapted bridge-layer. This synergy yields a
robust and highly discriminative classifier, surpassing uni-
modal baselines.

In summary, our key contributions include: (1) We in-
troduce Orthogonal Low-Rank Fusion, a novel adaptation
method that mitigates catastrophic forgetting by constrain-
ing parameter updates within CLIP’s bridge-layer to an or-
thogonal safe subspace, avoiding additional learnable pa-
rameters in the core adaptation mechanism and preserving
the original model’s architecture and inference path. (2) We
design a cross-modal hybrid prototype that leverages our sta-
ble adaptation to fuse textual and visual prototypes, resulting
in a more discriminative classifier. (3) The proposed BOFA
achieves SOTA performance on multiple CIL benchmarks,
demonstrating superior accuracy and efficiency.

Related Work
Class-Incremental Learning (CIL). CIL aims to enable
models to incrementally learn new classes without forget-
ting previously acquired knowledge (Masana et al. 2022;
De Lange et al. 2021). Traditional CIL approaches can
be broadly categorized into several groups. Distillation-
based methods mitigate forgetting by aligning outputs be-
tween the current and previous models (Hinton, Vinyals,
and Dean 2015), through logit-level (Rebuffi et al. 2017; Li
and Hoiem 2016), feature-level (Lu, Wang, and Deng 2022;
Park, Kang, and Han 2021), or group-level alignment (Gao
et al. 2022; Dong et al. 2021). Replay-based methods explic-
itly preserve past knowledge by storing and revisiting sam-
ples from previous tasks (Luo et al. 2023). Regularization-
based approaches estimate parameter importance and pe-
nalize updates to critical weights (Aljundi et al. 2018;
Aljundi, Kelchtermans, and Tuytelaars 2019). Bias rectifica-
tion methods focus on correcting prediction or classifier bias
accumulated during incremental training (Shi et al. 2022).
Model expansion methods dynamically increase model ca-
pacity by expanding neurons (Yoon et al. 2018; Xu and Zhu
2018), backbones (Zhou et al. 2023; Wang et al. 2023a;
Zheng et al. 2025), or lightweight components (Douillard
et al. 2022) to accommodate new knowledge.
Pre-Trained Model-Based CIL. Leveraging pre-trained
models has emerged as a promising direction for CIL (Zhou
et al. 2025b; Qi et al. 2025; Sun et al. 2025; Zhou et al.
2025c), as they offer generalizable representations that can
accelerate learning and improve performance. A prevalent
strategy is to freeze the pre-trained backbone and intro-
duce lightweight, learnable modules such as prompts (Wang
et al. 2022a,b; Smith et al. 2023; Wang, Huang, and Hong
2022; Zhou et al. 2022) and adapters (Chen et al. 2022;

Yu et al. 2024; Wang, Zhou, and Ye 2025). L2P (Wang
et al. 2022b) and DualPrompt (Wang et al. 2022a) utilize
learnable prompt pools with selection mechanisms tailored
for pre-trained vision transformers (Jia et al. 2022). Fur-
ther extensions explore more sophisticated prompt compo-
sition using attention (Smith et al. 2023) or generative net-
works (Jung et al. 2023). Another line of work builds clas-
sifiers directly on top of pre-trained embeddings, match-
ing class prototypes to feature representations (Zhou et al.
2025a; McDonnell et al. 2023; Snell, Swersky, and Zemel
2017; Li et al. 2025). For multi-modal settings with pre-
trained CLIP, several approaches design cross-modal prompt
tuning schemes to enhance alignment (Wang et al. 2023b;
Wang, Huang, and Hong 2022). MOE-Adapter (Yu et al.
2024) introduces mixture-of-experts mechanisms (Masoud-
nia and Ebrahimpour 2014) for adaptive module selection,
while PROOF (Zhou et al. 2025d) extends CLIP’s rep-
resentational capacity with task-specific projection heads.
RAPF (Huang et al. 2024) further decomposes parameter
updates into modular components, enabling adaptive adapter
fusion to balance plasticity and stability.

Preliminaries
This section introduces the exemplar-free CIL setup and out-
lines how CLIP can be adapted to incremental learning.

Class-Incremental Learning
Class-incremental learning (CIL) aims to incrementally con-
struct a classifier that is capable of recognizing all classes
encountered over a sequence of tasks in a data stream set-
ting (Rebuffi et al. 2017). We denote the sequence of train-
ing sets as {D1,D2, . . . ,DT }, where the dataset for task
t is given by Dt = {(xi, yi)}nt

i=1. Given this setup, each
dataset consists of input-label pairs (xi, yi), where each in-
put xi ∈ RD is associated with a label yi drawn from the
task-specific label set Yt, with Yt ∩ Yt′ = ∅ for t ̸= t′.

This work focuses on the exemplar-free CIL set-
ting, where no historical instances can be stored for re-
hearsal (Zhu et al. 2021; Wang et al. 2022b,a). Consequently,
during the t-th incremental step, the model has access only
to the current task data Dt. The objective is to train a classi-
fier f over the union of all seen label sets Yt =

⋃T
t=1 Yt that

minimizes the expected misclassification risk:

f∗ = argmin
f∈H

E(x,y)∼
⋃T

t=1 Dt

[
I(y ̸= f(x))

]
,

where H is the hypothesis space, I(·) is the indicator func-
tion, and Dt denotes the data distribution of task t.

CLIP-Based CIL
We build upon CLIP (Radford et al. 2021), a VLM pre-
trained on image–text pairs, as the foundation for our CIL
framework, following prior work (Zhou et al. 2025d; Yu
et al. 2024; Huang et al. 2024).
CLIP architecture. CLIP employs two modality-specific
encoders to project images and texts into a shared d-
dimensional embedding space: a text encoder and an im-
age encoder. The image encoder is typically decomposed
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as gi = g2 ◦ g1, where g1 is a visual backbone (e.g., ViT)
that extracts raw visual features xo ∈ Rdo . The subsequent
layer, g2, is a linear projection that maps these features into
the joint embedding space. We refer to g2, parameterized by
its weight matrix W ∈ Rdo×d, as the cross-modal bridge-
layer. The final image embedding is thus computed as

xo = g1(x), zi = g2(xo) = xoW,

Zero-Shot Classification with Textual Prototypes. A key
capability of CLIP is its zero-shot classification perfor-
mance. For a given set of classes, a classifier can be con-
structed on-the-fly from their names. Each class name is
embedded into a textual prompt, such as “a photo of a
[CLASS],” and then encoded by gt to form a textual proto-
type. An input image x is classified by computing the cosine
similarity between its visual embedding zi and each textual
prototype zct :

P (y = c | x) = exp(cos(zi, z
c
t)/τ)∑

c′ exp(cos(zi, z
c′
t )/τ)

, (1)

where τ is a temperature parameter.
Adapting CLIP for Incremental Learning. While the
zero-shot classifier provides a strong baseline, the model’s
performance can be further improved by fine-tuning on
downstream training data, typically using the cross-entropy
loss on the probabilities in Eq. (1). In the context of
CIL, a prevalent adaptation strategy is to freeze the
large, pre-trained backbones (gi and gt) to preserve their
general knowledge. To learn task-specific information, a
lightweight, trainable module, such as an adapter, is intro-
duced after the image encoder. This module is then sequen-
tially updated as new tasks arrive.
Discussion. Although CLIP provides a promising founda-
tion for CIL, its adaptation faces several key challenges.
First, the dominant approach of adding an external adapter,
while protecting the model’s backbone, merely relocates the
problem of catastrophic forgetting to the adapter itself. As
this compact module is sequentially updated, it still strug-
gles to retain knowledge of previous tasks, leading to sig-
nificant performance degradation. Moreover, this approach
introduces extra parameters and inference latency, compro-
mising model efficiency. Second, the reliance on textual
prototypes makes the classifier’s quality highly sensitive to
prompt engineering and often results in suboptimal align-
ment with data-specific visual features. Therefore, an effec-
tive CLIP-based CIL approach should mitigate forgetting
without resorting to external adaptation modules, while also
robustly leveraging cross-modal information.

BOFA: Bridge-layer Orthogonal Fusion for
Adaptation

To tackle the challenges of catastrophic forgetting and sub-
optimal modality alignment discussed above, we design our
BOFA around three key components: (1) lightweight fine-
tuning of CLIP’s bridge-layer, (2) orthogonal low-rank fu-
sion to preserve previous knowledge, and (3) cross-modal
hybrid prototypes to enhance classification performance.

Fine-tuning the Cross-Modal Bridge-Layer
Most prior CLIP-based CIL methods introduce external
trainable modules (e.g., adapters or prompt layers) to bridge
the gap between new visual and textual concepts (Zhou
et al. 2025d; Huang et al. 2024). In contrast, we propose
a streamlined approach where all core feature adaptation
is performed exclusively on CLIP’s existing parameters.
Specifically, we fine-tune only the projection layer g2, which
serves as the cross-modal bridge-layer that maps the high-
dimensional visual features xo = g1(x) extracted by the
frozen visual backbone g1 into the shared embedding space.
By restricting updates to this single, pre-existing layer while
keeping both the visual backbone g1 and the text encoder gt
frozen, we preserve the original CLIP architecture and
avoid inserting new computational layers into the main
inference path. This adaptation leverages the semantic rich-
ness and generality of the high-dimensional visual feature
space Rdo , prior to projection, enabling flexible and efficient
learning of new tasks. Consequently, the forward pass for
generating the primary visual embeddings incurs no addi-
tional cost compared to the base CLIP model, making our
core adaptation mechanism exceptionally efficient.

Orthogonal Low-Rank Fusion
While fine-tuning the cross-modal bridge-layer enables ef-
ficient adaptation to new tasks, preserving past knowl-
edge remains a critical challenge in CIL. Naive sequen-
tial fine-tuning disrupts previously learned image-text align-
ments, causing catastrophic forgetting. To address this is-
sue, we propose orthogonal low-rank fusion, a framework
that constrains fine-tuning updates to a principled, low-
dimensional subspace to minimize interference with past
tasks. By leveraging the approximate null space of previous
task features, our method effectively preserves past knowl-
edge while adapting to new tasks. This constraint is then ef-
ficiently implemented using a modified Low-Rank Adapta-
tion (LoRA) (Hu et al. 2022) scheme.
Forgetting Analysis. Let Wold = W0 + ∆Wold be the
weights of the bridge-layer after training on a sequence of
past tasks, where W0 is the pretrained weight and ∆Wold is
the fused parameter update of past tasks. To adapt to a new
task, fine-tuning produces a parameter update ∆Wnew of the
new task. After adaptation, the fused weight matrix becomes
Wnew = Wold + ∆Wnew. For the feature matrix Xold col-
lected from previous tasks (each row representing the visual
feature xo of a previous sample), the projected embeddings
are perturbed from XoldWold to:

XoldWnew = XoldW0 +Xold∆Wold +Xold∆Wnew︸ ︷︷ ︸
Interference Term

.

The interference term is the primary source of forgetting.
If the cumulative effect of this interference across all past
features is significant, the representations of previous tasks
are substantially degraded. To mitigate this, the core idea is
to constrain the update ∆Wnew such that its effect on the
feature space of previous tasks, represented by the feature
matrix xo,old, is minimized. Ideally, we seek to satisfy:

Xold∆Wnew ≈ 0. (2)
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This condition implies that each column of the update matrix
∆Wnew should belong to the null space of Xold, thereby
preserving knowledge of past tasks while learning new ones.

Constructing an Orthogonal Safe Subspace. In practice,
the high-dimensional feature matrix Xold, comprising di-
verse data from multiple tasks, is typically full-rank. Con-
sequently, its exact null space is trivial (containing only the
zero vector), which renders the strict constraint in Eq. (2)
impractical. To address the challenge of catastrophic forget-
ting, we relax the notion of an exact “null space” into an
approximate space. Specifically, we define an approximate
null space as any subspace into which the projection of pre-
vious task features has low magnitude. Constraining weight
updates to lie within such a subspace effectively minimizes
interference with representations from previous tasks.

Let P ∈ Rdo×k represent an orthonormal basis matrix
such that P⊤P = Ik. We measure the interference induced
by this basis on the old features using the Frobenius norm:

I(P) =
∥∥XoldP

∥∥2
F
,

and define the optimal k-dimensional approximate null
space as:

P∗ = arg min
P⊤P=Ik

∥∥XoldP
∥∥2
F
. (3)

Proposition 1 The cumulative scatter matrix of past fea-
tures is defined as Sold = X⊤

oldXold, which can be decom-
posed as:

Sold = Udiag(λ1, . . . , λdo)U
⊤, λ1 ≥ · · · ≥ λdo .

The optimal solution to Eq. (3) is given by:

P∗ =
[
udo−k+1, . . . ,udo

]
,

which is the subspace spanned by the eigenvectors of Sold
associated with its k smallest eigenvalues.

We term the subspace spanned by P∗ the Orthogonal
Safe Subspace (OSS). It represents the k-dimensional sub-
space that minimizes the projection of past features, thus
identifying the directions of least interference. To mitigate
catastrophic forgetting, we constrain the parameter update
∆Wnew to lie within this subspace. We subsequently em-
ploy a modified LoRA scheme to implement this constraint
efficiently, as detailed below. A full proof of Proposition 1 is
provided in extended version.

It is worth noting that in CIL scenarios, maintaining the
OSS does not require storing all previous task features. The
cumulative scatter matrix is incrementally updated as:

Snew = Sold +X⊤
newXnew.

The updated OSS is then efficiently computed from the k
smallest eigenvectors of Snew, thus avoiding any dependency
on a data replay buffer.

LoRA in the Orthogonal Safe Subspace. To implement
the update constraint efficiently, we adapt the LoRA frame-
work. Standard LoRA approximates the weight update as
∆W = AB, where A ∈ Rdo×k and B ∈ Rk×d are train-
able low-rank matrices. Our goal is to enforce that the col-
umn space of ∆W lies within the OSS. Since the rows of

𝐒old

① Xold
T Xold

diag (λ1, … λdo)

𝐗old

𝐔T

𝐖0
ΔWoldΔWoldΔWoldΔ𝐖old

Δ𝐖new = 𝐀𝐁

Δ ෡𝐖new
𝐀

𝐁

× ×

+ +
𝐗old𝐏

∗ ≈ 𝟎

𝐗oldΔ𝐖fused = 𝐗old Δ𝐖0 + 𝐗old Δ𝐖old + 𝐗old Δ𝐖new ≈ 𝐗old Δ𝐖0 + 𝐗old Δ𝐖old

⑥ LoRA updates

B on 𝐗new.

𝐔

③ 𝐀 = 𝐏∗ P∗ (OSS basis) is the k smallest-eigenvalue vectors. 

⑤ Initialize 𝐁 with 𝐏∗TΔ ෡𝐖new.

② Eigen-

decomposition

Δ ෡𝐖new is

oracle update

on 𝐗new.

⑦ Fuse weights.
P∗ is the approximate

null space of 𝐗old.

Figure 1: Overview of Orthogonal Low-Rank Fusion, where
an OSS P∗ is constructed from past task features to con-
strain the low-rank update for a new task, thereby minimiz-
ing interference with prior knowledge.

∆W are linear combinations of the rows of A, we fix the
low-rank matrix A to be the OSS basis, i.e., we set A = P∗,
where P∗ is the orthonormal basis spanning the approximate
null space as defined above. With this parameterization, the
weight update is given by ∆W = P∗B, where only B re-
mains trainable.

However, when A is frozen to the orthogonal safe sub-
space basis, simply initializing B to zero can lead to op-
timization difficulties, as the initial optimization direction
may not align with the new task’s objectives within the
OSS. To address this, we use a data-driven initialization for
B. We first obtain a temporary “oracle” update ∆W̃new by
briefly fine-tuning the entire bridge-layer on the new task
data. Our goal is to initialize B by minimizing the discrep-
ancy ∥∆W̃new − AB∥2F with A frozen. When A is set to
the basis P∗, this yields the closed-form solution

B0 = P∗⊤∆W̃new.

This initialization provides a safe and task-adaptive update
that follows the oracle direction within the OSS, which ac-
celerates convergence and improves optimization stability.

Figure 1 provides an overview of the complete orthogonal
low-rank fusion pipeline, including the construction of the
OSS and its LoRA-based implementation. After the current
task is learned, the bridge-layer parameters are updated as:

Wfused = W0 +∆Wold +∆Wnew.

Learning with Cross-Modal Hybrid Prototypes
As established in our preliminaries, relying solely on textual
prototypes can limit classification performance. To address
this, we introduce a cross-modal hybrid classifier that fuses
general semantic knowledge from text with data-driven vi-
sual characteristics.
Static Hybrid Prototype Construction. For each class c,
we first construct a static hybrid prototype pc by linearly

22970



interpolating between its textual prototype zct and its visual
prototype zci :

pc = (1− λ) zct + λ zci . (4)

The textual prototype zct is the pre-computed embedding
from the frozen text encoder gt. The visual prototype zci is
obtained by applying the bridge-layer g2 to the mean high-
dimensional feature x̄c

o of class c. The balancing coefficient
λ is selected by grid search using the training data of the first
task and is then kept fixed for all subsequent tasks.
Dynamic Prototype Refinement. The continuous adapta-
tion of the bridge-layer g2 causes representation drift, which
makes previously computed visual prototypes increasingly
outdated. To address this, we introduce a dynamic refine-
ment process (Li et al. 2024b). During training on a new
task, we use an Exponential Moving Average (EMA) to con-
tinuously update the visual prototypes of all seen classes.
This provides a stable, up-to-date set of prototype embed-
dings for the classifier, thereby stabilizing training. After all
tasks have been learned, we perform a final one-time refine-
ment by regenerating all visual prototypes from their stored
mean high-dimensional features using the final bridge-layer
Wfused. This ensures the final classifier is aligned with the
final state of the model used for evaluation.
Hierarchical Inference. As the number of classes |Y|
grows, the final classifier becomes more prone to inter-class
confusion. To mitigate this, we employ a hierarchical clas-
sification strategy. While our core adaptation mechanism is
parameter-free, this strategy introduces a small set of ancil-
lary parameters primarily to enhance accuracy. It first uses
a bank of lightweight, task-specific linear classifiers on fea-
tures xo to form a candidate subset, composed of the top-1
prediction from each task. The primary classifier then per-
forms its final discrimination exclusively on this pruned sub-
set. This structured approach reduces ambiguity by narrow-
ing the search space, leading to improved performance.

Discussion of BOFA
In summary, BOFA’s methodology rests on three synergis-
tic components. First, its core feature adaptation is confined
to CLIP’s existing bridge-layer, avoiding external adapta-
tion modules. Second, to protect past knowledge, our pro-
posed orthogonal low-rank fusion constrains this layer’s
updates to an Orthogonal Safe Subspace that minimizes
interference. Finally, we enhance classification accuracy
using data-driven hybrid prototypes, which are deployed
within a hierarchical strategy that employs auxiliary clas-
sifiers to mitigate inter-class confusion.This integrated de-
sign is highly parameter-efficient. Its primary storage over-
head stems from the cumulative scatter matrix (Rdo×do ), the
mean high-dimensional feature for each class (|Y| × do),
and the lightweight auxiliary classifiers. This is a signifi-
cant improvement over methods requiring data replay like
PROOF (Zhou et al. 2025d) or large per-class covariance
matrices (approx. |Y| · d2) like RAPF (Huang et al. 2024).
Crucially, by keeping the core inference path of CLIP un-
altered, BOFA remains a practical and highly scalable solu-
tion for CIL. A detailed cost analysis and pseudocode can be
found in the extended version.

Experiments

Implementation Details

Dataset: Following prior works (Zhou et al. 2025d,
2022; Wang et al. 2022b), we evaluate performance on
nine benchmark datasets that exhibit significant domain
shift from CLIP’s pre-training data. These include: CI-
FAR100 (Krizhevsky 2009), CUB200 (Wah et al. 2011),
ObjectNet (Barbu et al. 2019), ImageNet-R (Hendrycks
et al. 2021), FGVCAircraft (Maji et al. 2013), Stanford-
Cars (Krause et al. 2013), Food101 (Bossard, Guillau-
min, and Van Gool 2014), SUN397 (Xiao et al. 2010),
and UCF101 (Soomro, Zamir, and Shah 2012). To facili-
tate class-incremental splits, we follow the sampling strat-
egy in Zhou et al. (2025d): selecting 100 classes from CI-
FAR100, Aircraft, Cars, Food101, and UCF101; 200 classes
from CUB200, ObjectNet, and ImageNet-R; and 300 classes
from SUN397. Detailed dataset statistics and splits are pro-
vided in the extended version.
Dataset split: Following the convention in (Rebuffi et al.
2017; Wang et al. 2022b), we adopt the B-m Inc-n proto-
col (Zhou et al. 2025d,c) to simulate CIL. Here, m denotes
the number of classes introduced in the initial base session,
and n represents the number of new classes added at each
subsequent incremental stage. To ensure reproducibility and
consistency, we randomly shuffle the class order using a
fixed seed (1993), as in (Rebuffi et al. 2017), and apply the
same ordering across all methods.
Comparison methods: We compare our approach with
several state-of-the-art CIL methods that leverage pre-
trained models, including L2P (Wang et al. 2022b), Dual-
Prompt (Wang et al. 2022a), CODA-Prompt (Smith et al.
2023), and SimpleCIL (Zhou et al. 2025a). In addition, we
evaluate against recent CLIP-based CIL approaches such as
CoOp (Zhou et al. 2022), PROOF (Zhou et al. 2025d), and
RAPF (Huang et al. 2024). A naive baseline, denoted as
Finetune, directly fine-tunes CLIP on the incremental tasks.
All methods are initialized from the same CLIP model to
ensure a fair comparison.
Training details: All experiments are conducted using Py-
Torch (Paszke et al. 2019) on an NVIDIA RTX 4090 GPU.
Following prior work (Zhou et al. 2025d; Huang et al. 2024),
we adopt the CLIP ViT-B/16 model as the visual backbone
across all methods. For vision-only methods that cannot uti-
lize text prompts (e.g., L2P, DualPrompt, CODA-Prompt),
we initialize them using CLIP’s visual encoder. Unless oth-
erwise stated, we report results using CLIP pre-trained on
LAION-400M (Ilharco et al. 2021). Our method is trained
via a 15-epoch fine-tuning stage for initialization, then a 5-
epoch stage for LoRA training within the OSS. We use SGD
with a batch size of 128 and a cosine-annealed learning rate
starting from 0.05. The rank k is set to 64. More experimen-
tal details are provided in the extended version.
Evaluation metric: Following established protocols (Re-
buffi et al. 2017; Zhou et al. 2025d), we evaluate the top-1
accuracy after each incremental stage b, denoted as Ab. We
report the final accuracy after the last stage, AB , as well as
the average accuracy across all stages, Ā = 1

B

∑B
b=1 Ab.
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Method
Aircraft CIFAR100 Cars

B0 Inc10 B50 Inc10 B0 Inc10 B50 Inc10 B0 Inc10 B50 Inc10
Ā AB Ā AB Ā AB Ā AB Ā AB Ā AB

Finetune 3.16 0.96 1.72 1.05 7.84 4.44 5.30 2.46 3.14 1.10 1.54 1.13
CoOp (Zhou et al. 2022) 14.54 7.14 13.05 7.77 47.00 24.24 41.23 24.12 36.46 21.65 37.40 20.87
SimpleCIL (Zhou et al. 2025a) 59.24 48.09 53.05 48.09 84.15 76.63 80.20 76.63 92.04 86.85 88.96 86.85
ZS-CLIP (Radford et al. 2021) 26.66 17.22 21.70 17.22 81.81 71.38 76.49 71.38 82.60 76.37 78.32 76.37
L2P (Wang et al. 2022b) 47.19 28.29 44.07 32.13 82.74 73.03 81.14 73.61 76.63 61.82 76.37 65.64
DualPrompt (Wang et al. 2022a) 44.30 25.83 46.07 33.57 81.63 72.44 80.12 72.57 76.26 62.94 76.88 67.55
CODA-Prompt (Smith et al. 2023) 45.98 27.69 45.14 32.28 82.43 73.43 78.69 71.58 80.21 66.47 75.06 64.19
RAPF (Huang et al. 2024) 50.38 23.61 40.47 25.44 86.14 78.04 82.17 77.93 82.89 62.85 75.87 63.19

BOFA 69.94 59.67 65.34 60.47 86.41 79.48 83.68 80.12 94.45 90.45 92.30 90.91

Method
ImageNet-R CUB UCF

B0 Inc20 B100 Inc20 B0 Inc20 B100 Inc20 B0 Inc10 B50 Inc10
Ā AB Ā AB Ā AB Ā AB Ā AB Ā AB

Finetune 1.37 0.43 1.01 0.88 2.06 0.64 0.56 0.47 4.51 1.59 1.21 0.80
CoOp (Zhou et al. 2022) 60.73 37.52 54.20 39.77 27.61 8.57 24.03 10.14 47.85 33.46 42.02 24.74
SimpleCIL (Zhou et al. 2025a) 81.06 74.48 76.84 74.48 83.81 77.52 79.75 77.52 90.44 85.68 88.12 85.68
ZS-CLIP (Radford et al. 2021) 83.37 77.17 79.57 77.17 74.38 63.06 67.96 63.06 75.50 67.64 71.44 67.64
L2P (Wang et al. 2022b) 75.97 66.52 72.82 66.77 70.87 57.93 75.64 66.12 86.34 76.43 83.95 76.62
DualPrompt (Wang et al. 2022a) 76.21 66.65 73.22 67.58 69.89 57.46 74.40 64.84 85.21 75.82 84.31 76.35
CODA-Prompt (Smith et al. 2023) 77.69 68.95 73.71 68.05 73.12 62.98 73.95 62.21 87.76 80.14 83.04 75.03
RAPF (Huang et al. 2024) 81.26 70.48 76.10 70.23 79.09 62.77 72.82 62.93 92.28 80.33 90.31 81.55

BOFA 85.39 79.73 81.72 79.83 87.03 80.75 83.13 80.87 93.22 88.08 92.01 88.23

Method
SUN Food ObjectNet

B0 Inc30 B150 Inc30 B0 Inc10 B50 Inc10 B0 Inc20 B100 Inc20
Ā AB Ā AB Ā AB Ā AB Ā AB Ā AB

Finetune 4.51 1.59 0.78 0.72 3.49 1.71 2.14 1.52 1.34 0.47 0.69 0.54
CoOp (Zhou et al. 2022) 45.93 23.11 39.33 24.89 36.01 14.18 33.13 18.67 21.24 6.29 16.21 6.82
SimpleCIL (Zhou et al. 2025a) 82.13 75.58 78.62 75.58 87.89 81.65 84.73 81.65 52.06 40.13 45.11 40.13
ZS-CLIP (Radford et al. 2021) 79.42 72.11 74.95 72.11 87.86 81.92 84.75 81.92 38.43 26.43 31.12 26.43
L2P (Wang et al. 2022b) 82.82 74.54 79.57 73.10 85.66 77.33 80.42 73.13 51.40 39.39 48.91 42.83
DualPrompt (Wang et al. 2022a) 82.46 74.40 79.37 73.02 84.92 77.29 80.00 72.75 52.62 40.72 49.08 42.92
CODA-Prompt (Smith et al. 2023) 83.34 75.71 80.38 74.17 86.18 78.78 80.98 74.13 46.49 34.13 40.57 34.13
RAPF (Huang et al. 2024) 82.13 72.47 78.04 73.10 88.57 81.15 85.53 81.17 48.67 27.43 39.28 28.73

BOFA 84.89 78.24 82.34 79.25 89.04 83.05 86.28 83.72 59.47 47.16 52.39 47.31

Table 1: Average and last performance comparison of different methods. The best performance is shown in bold. All methods
are initialized with the same pre-trained CLIP without exemplars for a fair comparison.

Benchmark Comparison

We first evaluate BOFA against a range of state-of-the-art
methods on standard CIL benchmarks. Results are presented
in Table 1 and visualized in Figure 2. BOFA consistently
outperforms existing approaches across all datasets, demon-
strating its robust generalization and continual learning ca-
pabilities. Among all methods, the naive fine-tuning base-
line performs the worst, suggesting that without proper reg-
ularization, the model completely forgets previously learned
class representations. Visual prompt-based methods such as
L2P, DualPrompt, and CODA-Prompt show limited perfor-
mance, likely due to their inability to incorporate semantic
information from the textual modality. In contrast, CoOp,
a textual prompt tuning approach, suffers from substantial
degradation in performance, which we attribute to severe
forgetting of learned prompts over time. Even compared to
recent CLIP-based approaches like RAPF, BOFA achieves
significant gains, demonstrating superior robustness against

catastrophic forgetting while simultaneously preserving the
inherent benefits of cross-modal representations.

In addition to exemplar-free methods, we also compare
against representative exemplar-based CIL approaches, in-
clude iCaRL (Rebuffi et al. 2017), MEMO (Zhou et al. 2023)
and PROOF (Zhou et al. 2025d). These results can be found
in the extended version.

Further Analysis
Ablation Study of Orthogonal Low-Rank Fusion: To
validate our orthogonal low-rank fusion, we benchmark
several methods applied specifically to the cross-modal
bridge-layer: sequential fine-tuning, standard LoRA, and an
adapted version of RAPF. For RAPF, a state-of-the-art fu-
sion method, we applied its core logic and removed its
covariance-based sampling to ensure a fair comparison. As
shown in Figure 3, BOFA significantly outperforms all base-
lines. Notably, our results reveal that naive fine-tuning sur-
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Figure 2: Incremental performance of different methods. Accuracy is reported at each incremental stage. BOFA consistently
outperforms all baselines, with the final gap to the strongest competitor noted at the end of each curve.
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Figure 3: Ā comparison on four datasets for various ablation
variants of BOFA.

Method
ImageNet-R SUN

B0 Inc20 B100 Inc20 B0 Inc30 B150 Inc30
Ā AB Ā AB Ā AB Ā AB

Textual 84.18 78.53 81.23 79.22 82.19 74.82 70.65 77.07
Visual 82.96 75.68 80.15 76.98 83.97 76.38 81.26 77.40

BOFA 85.39 79.73 81.72 79.83 84.89 78.24 82.34 79.25

Table 2: Average and last performance comparison when us-
ing different prototype.

passes standard LoRA. This suggests that for adapting the
bridge-layer, a simple low-rank constraint is overly restric-
tive for learning, yet insufficient for preventing forgetting.
Our approach is engineered to resolve this dilemma. It har-
nesses the adaptive power of fine-tuning to find a strong
initial update, then projects this update into the Orthogonal
Safe Subspace, nullifying its interference with past knowl-
edge while preserving its task-adaptive direction. This syn-
ergy of targeted plasticity and principled stability is the key
to BOFA’s superior performance.
Effectiveness of Cross-Modal Hybrid Prototypes: Table 2
validates our strategy against two single-modality baselines.
These variants use purely textual (Textual) or visual (Visual)
prototypes while retaining other BOFA components. Re-
sults reveal single-modality limitations: Textual prototypes
perform better on ImageNet-R, whereas Visual ones excel
on SUN, indicating dataset-specific biases. In contrast, our
hybrid model consistently outperforms both variants. This
demonstrates that fusing textual semantics with visual char-
acteristics creates a more robust strategy, confirming that

Figure 4: T-SNE visualization of features and class proto-
types on CIFAR100 B0 Inc5. We show the feature distribu-
tions of old classes (0–4) and new classes (5–9) with (left)
and with out (right) applying Orthogonal Low-Rank Fusion.

cross-modal fusion is vital for BOFA’s success.
Visualizations: We employ t-SNE (Van der Maaten and
Hinton 2008) to visualize cross-modal features learned by
BOFA on CIFAR100 B0 Inc5 in Figure 4. We compare fea-
ture distributions with and without Orthogonal Low-Rank
Fusion on the second task, plotting features (•) from 5 old
and 5 new test classes, along with their corresponding pro-
totypes (⋆). Without fusion, new class features are well-
clustered, but old class features remain entangled and diffi-
cult to distinguish. After fusion, features from both old and
new classes show clearer separation and better alignment
with their prototypes, indicating improved discriminability
and prototype consistency.

Conclusion
In this work, we presented BOFA, an effective framework
for exemplar-free CIL based on CLIP. BOFA fine-tunes
only CLIP’s cross-modal bridge-layer, using a novel Or-
thogonal Low-Rank Fusion strategy to mitigate catastrophic
forgetting without introducing extra parameters beyond the
bridge-layer itself. Furthermore, it employs cross-modal hy-
brid prototypes to enhance classification by robustly inte-
grating visual and textual cues. Our results show that this
integrated approach effectively preserves knowledge while
achieving SOTA discriminative performance.
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