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Abstract

Class-Incremental Learning (CIL) aims to continually learn
new categories without forgetting previously acquired knowl-
edge. Vision-language models such as CLIP offer strong
transferable representations via multi-modal supervision,
making them promising for CIL. However, applying CLIP
to CIL poses two major challenges: (1) adapting to down-
stream tasks often requires additional learnable modules, in-
creasing model complexity and susceptibility to forgetting;
and (2) while multi-modal representations offer complemen-
tary strengths, existing methods have yet to fully realize their
potential in effectively integrating visual and textual modal-
ities. To address these issues, we propose BOFA (Bridge-
layer Orthogonal Fusion for Adaptation), a novel framework
for CIL. BOFA confines all model adaptation exclusively
to CLIP’s existing cross-modal bridge-layer, thereby adding
no extra parameters or inference cost. To prevent forgetting
within this layer, it leverages Orthogonal Low-Rank Fusion,
a mechanism that constrains parameter updates to a low-rank
“safe subspace” mathematically constructed to be orthogo-
nal to past task features. This ensures stable knowledge accu-
mulation without data replay. Furthermore, BOFA employs
a cross-modal hybrid prototype that synergizes stable textual
prototypes with visual counterparts derived from our stably
adapted bridge-layer, enhancing classification performance.
Extensive experiments on standard benchmarks show that
BOFA achieves superior accuracy and efficiency compared
to existing methods.

Extended version —
https://aaai.org/example/extended- version

Introduction

In the real world, data is often encountered in a streaming
fashion, where new categories arrive sequentially (Aggarwal
2018; Li et al. 2024). Class-Incremental Learning (CIL) (Re-
buffi et al. 2017) addresses this challenge by enabling mod-
els to learn novel classes without forgetting previously ac-
quired knowledge. However, continual learning systems are
prone to catastrophic forgetting (French 1999; French and
Ferrara 1999), a phenomenon where learning new tasks in-
terferes with performance on earlier ones. This problem is
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particularly 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; Yu et al. 2024a; Yuan et al.
2021; Li et al. 2023), 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 representations 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 layers,
for new tasks (Zhou et al. 2025c; 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 the trainable modules themselves.
As adapters are sequentially fine-tuned on new tasks to per-
form cross-modal alignment, they overwrite knowledge cru-
cial for old tasks, leading to a degradation in performance.
Second, these additional parameters, however lightweight,
result in an incremental inference cost, which poses a prac-
tical limitation for deployment in resource-constrained sce-
narios. Third, the training process for these modules is often
suboptimal. They are typically trained via contrastive learn-
ing against textual prototypes derived from hand-crafted
prompts. These generic prompts often lack the specificity
needed to distinguish fine-grained visual concepts (Wang
et al. 2022b, 2023b; Zhou et al. 2025c), thereby limiting the
model’s ultimate discriminative capability.

To address these challenges, we propose BOFA (Bridge-
layer Orthogonal Fusion for Adaptation), a unified frame-
work for efficient and continual adaptation of CLIP in CIL.
Our approach first tackles the dual issues of inference over-
head and catastrophic forgetting through a coupled strat-
egy. The foundation of our method is to confine all adap-
tation exclusively to CLIP’s existing cross-modal bridge-
layer, thereby eliminating the need for external modules and
their associated inference costs. This design, however, con-
centrates the risk of catastrophic forgetting within this sin-
gle component. To counteract this, we introduce our primary
technical contribution: Orthogonal Low-Rank Fusion. This
mechanism constrains parameter updates to an “Orthogonal
Safe Subspace”, a low-rank manifold mathematically con-



structed to be approximately orthogonal to the feature space
of previously learned tasks. By projecting updates into these
non-interfering directions, BOFA ensures stable knowledge
accumulation within the bridge-layer, effectively mitigating
catastrophic forgetting without requiring data replay. Build-
ing upon this stable adaptation, we introduce cross-modal
hybrid Prototypes to enhance classification. Our mechanism
fuses static textual prototypes with dynamically refined vi-
sual prototypes, which are generated by our stably adapted
bridge-layer. This synergy yields a robust and highly dis-
criminative classifier, surpassing unimodal baselines.

In summary, our key contributions include: (1) We intro-
duce orthogonal low-rank fusion, a novel and efficient adap-
tation framework for CIL. By constraining updates within
CLIP’s existing bridge-layer to an orthogonal safe subspace,
our method mitigates catastrophic forgetting without incur-
ring any additional parameters or inference costs. (2) We de-
sign 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 between the
current and previous models (Hinton, Vinyals, and Dean
2015; Douillard et al. 2020), 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 explicitly preserve past knowledge by storing and
revisiting samples from previous tasks (Luo et al. 2023;
Chaudhry et al. 2018). Regularization-based approaches es-
timate parameter importance and penalize updates to criti-
cal weights (Aljundi et al. 2018; Aljundi, Kelchtermans, and
Tuytelaars 2019). Bias rectification methods focus on cor-
recting prediction or classifier bias accumulated during in-
cremental training (Shi et al. 2022; Zhao et al. 2020). Model
expansion methods dynamically increase model capacity 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), as they of-
fer generalizable representations that can accelerate learn-
ing and improve performance. A prevalent strategy is to
freeze the pre-trained backbone and introduce 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 (Yu et al. 2024b; Chen et al.
2022). 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). Further extensions explore more sophisticated
prompt composition using attention (Smith et al. 2023) or
generative networks (Jung et al. 2023). Another line of work
builds classifiers directly on top of pre-trained embeddings,
matching class prototypes to feature representations (Zhou
et al. 2025a; McDonnell et al. 2023; Snell, Swersky, and
Zemel 2017). 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. 2024b)
introduces mixture-of-experts mechanisms (Masoudnia and
Ebrahimpour 2014) for adaptive module selection, while
PROOF (Zhou et al. 2025c¢) extends CLIP’s representational
capacity with task-specific projection heads. RAPF (Huang
et al. 2024) further decomposes parameter updates into mod-
ular components, enabling adaptive adapter fusion to bal-
ance 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 {D',D? ..., DT}, where the dataset for task
t is given by D' = {(x;,yi)} ;. Given this setup, each
dataset consists of input-label pairs (x;, y;), where each in-
put x; € RP is associated with a label y; drawn from the
task-specific label set Y;, with Y; NY, = @ fort # .

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 D*. The objective is to train a classi-

fier f over the union of all seen label sets ); = Ule Y; that
minimizes the expected misclassification risk:

*=argminE 7 pel|l )],
J7 = argmin B )i, Iy # f(x))]

where H is the hypothesis space, I(-) is the indicator func-
tion, and D! denotes the data of task ¢.

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. 2025c; Yu
et al. 2024b; 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
as g; = g2 o g1, where g; is a visual backbone (e.g., ViT)
that extracts raw visual features x, € R%. The subsequent
layer, go, is a linear projection that maps these features into



the joint embedding space. We refer to g, parameterized by
its weight matrix W € R% X9 as the cross-modal bridge-
layer. The final image embedding is thus computed as

Xo = gl(x)v z = gQ(Xo) = Xowa

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 g; to form a textual proto-
type. An input image x is classified by computing the cosine
similarity between its visual embedding z; and each textual
prototype zg¢:

exp(cos(z;, z$)/T)
> exp(cos(z;, z$' ) /1)’

where T 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 (g; and g;) 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 shifts the
problem to the adapter. As this compact module is sequen-
tially updated, it still struggles to retain knowledge of pre-
vious tasks, leading to significant performance degradation.
This also increases the model’s parameter count and in-
ference latency. Second, the reliance on textual prototypes
makes the classifier’s quality highly sensitive to prompt en-
gineering and often results in suboptimal alignment with
data-specific visual features. Therefore, an effective CLIP-
based CIL approach should mitigate forgetting without in-
troducing additional parameters and robustly leverage cross-
modal information.

Ply=c|x) = M

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. 2025¢c; Huang et al. 2024). We propose a stream-
lined alternative that leverages CLIP’s existing parame-
ters without introducing external modules or increasing
the model size. Specifically, we fine-tune only the projec-
tion layer g2, which serves as the cross-modal bridge-layer
that maps the high-dimensional visual features x, = g1 (x)
extracted by the frozen visual backbone g; into the shared
embedding space. By updating only this layer while keeping
both the visual backbone g; and the text encoder g, frozen,
we maintain the original CLIP architecture without intro-
ducing additional parameters. This adaptation leverages the
semantic richness and generality of the high-dimensional vi-
sual feature space R%, prior to projection, enabling flexi-
ble and efficient learning of new tasks. Moreover, since only
a lightweight layer is fine-tuned, our method does not in-
cur any additional inference cost, making it an efficient and
practical solution for CIL with CLIP.

Orthogonal Low-Rank Fusion

While fine-tuning the cross-modal bridge-layer enables effi-
cient adaptation to new tasks, preserving past knowledge re-
mains a critical challenge in CIL. Naive fine-tuning disrupts
previously learned image-text alignments, causing catas-
trophic forgetting. To address this issue, we propose orthog-
onal low-rank fusion, a framework that augments fine-tuning
with a principled, low-dimensional constraint on weight up-
dates to minimize interference with past tasks. By leverag-
ing the approximate null space of previous task features, our
method effectively preserves past knowledge while adapt-
ing to new tasks. Furthermore, we use Low-Rank Adaptation
(LoRA) (Hu et al. 2022) to efficiently implement updates in
the approximate null space.

Forgetting Analysis. Let W,y = Wo + AWq be the
weights of the bridge-layer after training on a sequence of
past tasks, where W is the pretrained weight and AWy
is the fused parameter update of past tasks. To adapt to a
new task, fine-tuning produces a parameter update AW e,
of new task. After adaptation, the fused weight matrix be-
comes Wyew = Weg + AW . For the feature matrix
X1 collected from previous tasks (each row representing
the visual feature x, of a previous sample), the projected
embeddings are perturbed from Xq 4 W g to:

XodWhew = XoaWo + Xo1da AWoig + Xoid AWy -
—_—

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 AW, such that its effect on the
feature space of previous tasks, represented by the feature
matrix X, o1d, 1 minimized. Ideally, we seek to satisfy:

XoldAWnew ~ 0. (2)

This condition implies that each column of the update matrix
AW ., should belong to the null space of X4, thereby
preserving knowledge of past tasks while learning new ones.



Constructing an Orthogonal Safe Subspace. In practice,
the high-dimensional feature matrix x, o4, 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 € R%** represent an orthonormal basis matrix
such that PTP = I,. We measure the interference induced
by this basis on the old features using the Frobenius norm:

Z(P) = || XaaP|[}.

and define the optimal k-dimensional approximate null

space as:
2

P* =arg min || X, ¢P||- 3

gPTP:IkH oaP | (3

Proposition 1 The cumulative scatter matrix of past fea-

tures is defined as S, = X;';dX(,gd, which can be decom-
posed as:

Suld:Udiag(Al,...,Ado)UT, )\12...>)\d .

— o

The optimal solution to Eq. (3) is given by:
P* = [udg_k+1’ L) udo}’

which is the subspace spanned by the eigenvectors of S,
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
AW, 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 Appendix A.2. It is worth noting that in CIL
scenarios, maintaining the OSS does not require storing all
previous task features. The cumulative scatter matrix is in-
crementally updated as:

Snew = Sold + XI;:;anew-

The updated OSS is then efficiently computed from the &
smallest eigenvectors of S, eliminating the need to store
past data.

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
AW = AB, where A € R%** and B € R**4 are train-
able low-rank matrices. Our goal is to enforce that the row
space of AW lies within the OSS. Since the rows of AW
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

U diag (Ay, .- Aq,) uT

@ Eigen-
Sold —_—> X X
decomposition

®A=P" P* (0SS basis) is the k smallest-eigenvalue vectors.

D X744 X
old Xold ® LoRA updates

& Bon X ew- @MW, s
Xoid A AWy oracle update
on Xpew-
B

® Initialize B with P*TAW, ¢\,
\L@ Fuse weights.

P* is the approximate
null space of X 4.

e ————
ke

[ Xo1dAWrusea = Xola AWo + Xo1g AWoiq + Xo1g AWhew = Xo1g AW + Xo1q AWoig j

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

null space as defined above. With this parameterization, the
weight update is given by AW = 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 AW, by briefly
fine-tuning the entire bridge layer on the new task data.
Our goal is to initialize B by minimizing the discrepancy
|AW ey — ABJ|% with A frozen. When A is set to the
basis P*, this yields the closed-form solution

By =P AW,y.

This initialization provides a safe and task-adaptive update,
accelerating convergence and improving optimization stabil-
1ty.

Figure 1 provides an overview of the complete orthogonal
low-rank fusion pipeline, including the construction of the
orthogonal safe subspace and its LoRA-based implementa-
tion. After the current task is learned, the bridge-layer pa-
rameters are updated as

qused = WO + A‘A]-old + AVVnew~

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 p. by linearly
interpolating between its textual prototype z§ and its visual
prototype z§:

pe = (1 —\)zf + \zf. 4)



The textual prototype z; is the pre-computed embedding
from the frozen text encoder g;. The visual prototype z{ is
obtained by applying the bridge-layer g5 to the mean high-
dimensional feature X{ of class c. The balancing coefficient
A is determined via a grid search on the first task’s training
set and is then fixed for all subsequent tasks.

Dynamic Prototype Refinement. A key challenge during
incremental learning is that the bridge-layer go is continu-
ously updated, causing its output feature space to shift. To
mitigate this, we introduce a dynamic refinement process.
During the training of each task, we continuously update the
visual prototype z$ of each seen class using an Exponential
Moving Average (EMA). This ensures that the prototypes
stay current with the model’s learned representations. At the
conclusion of the entire incremental sequence, we perform a
final refinement step by recomputing all visual prototypes
using the final adapted bridge-layer Wyyeq before fusing
them for inference.

Hierarchical Inference Strategy. To further boost perfor-
mance at inference time, we employ a two-stage hierarchical
classification process. First, for an input image, we use a set
of lightweight, task-specific auxiliary classifiers (trained on
the high-dimensional features x,) to efficiently pre-select a
small subset of the most likely candidate classes. In the sec-
ond stage, the primary model performs the final, more pre-
cise classification using the refined hybrid prototypes {p.},
but only within this reduced candidate set. This hierarchi-
cal approach effectively narrows the search space, reducing
ambiguity and enhancing overall accuracy.

Discussion of BOFA

In summary, BOFA’s methodology rests on three synergis-
tic components. First, we perform lightweight fine-tuning
exclusively on CLIP’s existing cross-modal bridge-layer,
avoiding additional parameters. Second, to protect past
knowledge, we apply proposed orthogonal low-rank fusion
to constrain this bridge-layer’s updates, ensuring they lie
within an Orthogonal Safe Subspace that minimizes in-
terference. Finally, we enhance classification accuracy us-
ing data-driven cross-modal hybrid prototypes. This inte-
grated design is highly memory-efficient. Its primary storage
cost stems from maintaining the cumulative scatter matrix
(R¥>*do) as well as storing both the mean high-dimensional
feature for each class and the auxiliary classifiers (each re-
quiring |Y| - d, in total). This is a significant improve-
ment over methods requiring data replay like PROOF (Zhou
et al. 2025c¢) or large per-class covariance matrices (approx.
|V| - d?) like RAPF (Huang et al. 2024). Crucially, since no
external modules are added, BOFA preserves the original in-
ference cost of CLIP, making it a practical and efficient solu-
tion for class-incremental learning. A detailed cost analysis
and the pseudocode can be found in the Appendix.

Experiments
Implementation Details

Dataset: Following prior works (Zhou et al. 2025c,
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-
FARI00(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), Foodl01(Bossard, Guillaumin,
and Van Gool 2014), SUN397(Xiao et al. 2010), and
UCF101(Soomro, Zamir, and Shah 2012). To facilitate
class-incremental splits, we follow the sampling strategy
in(Zhou et al. 2025¢): selecting 100 classes from CIFAR100,
Aircraft, Cars, Food101, and UCF101; 200 classes from
CUB200, ObjectNet, and ImageNet-R; and 300 classes from
SUN397. Detailed dataset statistics and splits are provided
in the supplementary material.

Dataset split: Following the convention in (Rebuffi et al.
2017; Wang et al. 2022b), we adopt the B-m Inc-n protocol
to simulate class-incremental learning. Here, m denotes the
number of classes introduced in the initial base session, and
n represents the number of new classes added at each subse-
quent incremental stage. To ensure reproducibility and con-
sistency, 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 sev-
eral state-of-the-art class-incremental learning (CIL) meth-
ods that leverage pre-trained models, including L2P (Wang
et al. 2022b), DualPrompt (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. 2025¢), 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. 2025¢; 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), with additional results
using OpenAl CLIP (Radford et al. 2021) provided in the
supplementary material. The learning rate starts from 0.05
and is decayed via cosine annealing. More experimental de-
tails are provided in the extended version.

Evaluation metric: Following established protocols (Re-
buffi et al. 2017; Zhou et al. 2025c), we evaluate the top-1 ac-
curacy after each incremental stage b, denoted as A;,. We re-
port the final accuracy after the last stage, A g, as well as the

average accuracy across all stages, A = % >b= 15 4,.

Benchmark Comparison

We first evaluate BOFA against a range of state-of-the-
art methods on standard class-incremental learning bench-
marks. Results are presented in Table 1 and visualized
in Figure 2. BOFA consistently outperforms existing ap-
proaches across all datasets, demonstrating its robust gen-
eralization and continual learning capabilities.



Aircraft CIFAR100 Cars
Method B0 Inc10 B50 Inc10 B0 Inc10 B50 Inc10 B0 Inc10 B50 Inc10
A Ap A Ap A Ap A Ap A Ap A Ap
Finetune 316 096 1.72 1.05 7.84 444 530 246 3.14 1.10  1.54 1.13
CoOp (Zhou et al. 2022) 1454 7.14 13.05 7.77 47.00 2424 4123 24.12 3646 21.65 3740 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 8896 86.85
ZS-CLIP (Radford et al. 2021) 26.66 17.22 2170 17.22 81.81 7138 7649 7138 82.60 7637 7832 7637
L2P (Wang et al. 2022b) 47.19 2829 4407 32.13 8274 73.03 8l.14 73.61 76.63 61.82 7637 65.64
DualPrompt (Wang et al. 2022a) 4430 2583 46.07 3357 81.63 7244 80.12 7257 7626 6294 76.88 67.55
CODA-Prompt (Smith et al. 2023) 4598 27.69 45.14 3228 8243 7343 78.69 7158 8021 6647 7506 64.19
RAPF (Huang et al. 2024) 50.38 23.61 4047 2544 86.14 78.04 82.17 7793 82.89 6285 7587 63.19
BOFA 69.94 59.67 6534 6047 8650 79.34 8344 79.62 93.77 89.23 91.60 89.69
ImageNet-R CUB UCF
Method BO Inc20 B100 Inc20 BO Inc20 B100 Inc20 BO Inc10 B50 Inc10
A Ap A Ap A Ap A Ap A Ap A Ap
Finetune 1.37 043 1.01 088 206 064 056 047 451 1.59 .21  0.80
CoOp (Zhou et al. 2022) 60.73 37.52 5420 39.77 27.61 857 2403 10.14 4785 3346 4202 2474
SimpleCIL (Zhou et al. 2025a) 81.06 7448 76.84 7448 8381 7752 7975 77.52 9044 85.68 88.12 85.68
ZS-CLIP (Radford et al. 2021) 83.37 77.17 79.57 7717 7438 63.06 6796 63.06 7550 67.64 7144 67.64
L2P (Wang et al. 2022b) 7597 66.52 7282 66.77 70.87 5793 75.64 66.12 8634 7643 8395 76.62
DualPrompt (Wang et al. 2022a) 76.21 66.65 7322 6758 69.89 5746 7440 64.84 8521 7582 8431 7635
CODA-Prompt (Smith et al. 2023) 77.69 6895 73.71 68.05 73.12 6298 7395 6221 87.76 80.14 83.04 75.03
RAPF (Huang et al. 2024) 81.26 7048 76.10 70.23 79.09 62.77 7282 6293 9228 80.33 90.31 81.55
BOFA 8542 79.62 82.13 79.68 86.09 79.10 82.28 79.15 93.22 88.08 92.01 88.23
SUN Food ObjectNet
Method BO Inc30 B150 Inc30 B0 Inc10 B50 Inc10 B0 Inc20 B100 Inc20
A Ap A Ap A Ap A Ap A Ap A Ap
Finetune 4.51 .59 078 072 349 1.71 2.14 1.52 134 047 069 054
CoOp (Zhou et al. 2022) 4593 23.11 3933 2489 36.01 14.18 33.13 18.67 21.24 629 1621 6.82
SimpleCIL (Zhou et al. 2025a) 82.13 7558 78.62 7558 87.89 81.65 8473 81.65 52.06 40.13 45.11 40.13
ZS-CLIP (Radford et al. 2021) 7942 7211 7495 72.11 87.86 8192 8475 8192 3843 2643 31.12 2643
L2P (Wang et al. 2022b) 82.82 7454 79.57 73.10 85.66 7733 8042 73.13 5140 39.39 4891 4283
DualPrompt (Wang et al. 2022a) 8246 7440 79.37 73.02 8492 7729 80.00 7275 52.62 40.72 49.08 4292
CODA-Prompt (Smith et al. 2023) 83.34 75.71 80.38 74.17 86.18 78.78 8098 74.13 46.49 34.13 40.57 34.13
RAPF (Huang et al. 2024) 82.13 7247 78.04 73.10 88.57 81.15 8553 81.17 48.67 2743 39.28 28.73
BOFA 85.62 78.87 82.58 7949 89.01 82.74 86.06 82.95 58.04 4514 51.07 4537

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.

Aircraft CIFAR100 ImageNet-R SUN
Method BO Inc10 BO Inc10 B0 Inc20 BO Inc30
A Ap A Ap A Agp A Ap
iCaRL  65.04 54.04 77.05 637 71.69 58.68 5144 66.17
MEMO 63.56 5296 79.22 68.76 60.90 71.78 52.69 66.00
PROOF 61.00 5359 84.60 76.76 83.03 7745 8190 74.66
BOFA  69.94 59.67 86.50 79.34 85.96 80.82 85.61 78.87

Table 2: Comparison to traditional exemplar-based CIL methods.
BOFA does not use any exemplars, whereas the comparative meth-
ods retain 10 samples per class. All methods are based on the same
pre-trained CLIP.

Among all methods, the naive finetuning baseline per-
forms the worst, suggesting that without proper regulariza-
tion, the model completely forgets previously learned class
representations. Visual prompt-based methods such as L2P,
DualPrompt, and CODA-Prompt show limited performance,

likely due to their inability to incorporate semantic informa-
tion from the textual modality. In contrast, CoOp, a textual
prompt tuning approach, suffers from substantial degrada-
tion in performance, which we attribute to severe forget-
ting of learned prompts over time. Even compared to recent
CLIP-based approaches like RAPF, BOFA achieves signif-
icant gains, demonstrating superior robustness against for-
getting while preserving the benefits of cross-modal repre-
sentations.

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. 2025¢). Table 2 summarizes these
results, where all models are initialized with the same CLIP
backbone. Notably, despite not using any exemplars, BOFA
still surpasses these methods, underscoring the effectiveness
of our exemplar-free design.
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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. Additional results are available in the supplementary

material.
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Figure 3: A comparison on four datasets for various ablation vari-
ants of BOFA .

Further Analysis

Ablation Study of Orthogonal Low-Rank Fusion: To val-
idate our orthogonal low-rank fusion, we benchmarked sev-
eral methods applied specifically to the cross-modal bridge-
layer: sequential fine-tuning (FT), standard LoRA, and an
adapted version of RAPE. 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
baselines. Notably, our results show FT surpasses standard
LoRA, indicating that simple low-rank constraints are not
only insufficient for new task adaptation but also fail to
effectively mitigate catastrophic forgetting in this context.
BOFA is engineered to overcome these dual limitations. It
harnesses the adaptive power of FT for a strong initializa-
tion, and then rigorously prevents forgetting—a weakness
of both FT and LoRA—by constraining this update within
the orthogonal safe subspace. This synergy of high plastic-
ity and principled stability enables BOFA to achieve the best
overall performance.

Visualizations: We employ t-SNE (Van der Maaten and
Hinton 2008) to visualize cross-modal features learned by
BOFA on CIFAR100 BO Inc5 in Figure 4. We compare
feature distributions with and without orthogonal low-rank
fusion on the second task, plotting features (o) from 5 old
and 5 new test classes, along with their corresponding pro-
totypes (%). Without fusion, new class features are well-

*  Class 0 *  Class2 *  Class4 *  Class6 K Class8
¥ Class | K  Class3 K Class 5 K Class 7 K Class9
*
Yook s gifin "
Vil e e
v %

(a) W/O Orthogonal Low-Rank Fusion (b) W/ Orthogonal Low-Rank Fusion

Figure 4: T-SNE visualization of features (circles) and class pro-
totypes (stars) on CIFAR100 BO Inc5. We show the feature distri-
butions of old classes (0—4) and new classes (5-9) with (left) and
with out (right) applying Orthogonal Low-Rank Fusion.

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 with CLIP. BOFA fine-tunes only
CLIP’s cross-modal bridge-layer, using a novel Orthogo-
nal Low-Rank Fusion strategy to mitigate catastrophic for-
getting without extra parameters. Furthermore, it employs
Cross-Modal Hybrid Prototypes to enhance classification by
robustly integrating visual and textual cues. Our results show
that this integrated approach effectively preserves knowl-
edge while achieving SOTA discriminative performance.
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