On the Power of Statistics in Class-Incremental Learning with Pretrained Models

Zhiwen Cao'? Yanfeng Li® Shu-Dong Huang'?> Yalan Ye* Shuyin Xia’® Yi Wang’ Jiancheng Lv'?

Abstract

Recent class-incremental learning (CIL) meth-
ods built on large pre-trained vision models have
shown that strong performance can be retained
even under strict data access constraints. This
raises a fundamental question: which proper-
ties of pre-trained representations make such re-
covery possible in the class-incremental setting?
In this work, we show that class-level feature
statistics play a central role in enabling effec-
tive CIL under strong pre-training. When the
visual backbone is frozen, maintaining simple
class-wise statistical estimators of features can
recover a substantial fraction of the performance
achieved by static joint training across diverse
benchmarks. We make this observation explicit
through deliberately minimal reference points
built on frozen CLIP representations. In particu-
lar, we demonstrate that competitive performance
can be achieved without continual parameter up-
dates, by performing class-incremental inference
based solely on class-level statistical estimators in-
stantiated from frozen features. Our findings sug-
gest that class-level statistics constitute an impor-
tant and previously underemphasized component
of recent PTM-based CIL approaches, offering
a complementary perspective for understanding
their strong empirical performance. Our code is
available at https://github.com/HdTgon/baseCIL.

1. Introduction

Modern deep neural networks have achieved remarkable suc-
cess across a wide range of real-world applications. Despite
this progress, most models are trained under the assumption

ISichuan University, China *Engineering Research Center of
Machine Learning and Industry Intelligence, Ministry of Educa-
tion, China *MPU, Macao, China “UESTC, China *CQUPT, China
Key Laboratory of Cyberspace Big Data Intelligent Security, Min-
istry of Education, China ’Ant Group, China. Correspondence to:
Shudong Huang <huangsd@scu.edu.cn>.

Proceedings of the 43" International Conference on Machine
Learning, Seoul, South Korea. PMLR 306, 2026. Copyright 2026
by the author(s).

BN RAPF RAPF wo Stat B8 MOS

il

Ccass C\?PX\ Co% v,oé \ﬂi’s S\)ﬂ \BC? pa!e(")%e

MOS wo Stat

7.7

16.9([

P\I\&C"‘&

Figure 1. Pilot study illustrating the impact of statistics-driven fea-
ture replay. Disabling synthetic feature replay based on class-level
statistics results in pronounced performance drops in A (Average
Accuracy across incremental tasks) for MOS and RAPE.

of access to static, pre-collected datasets and consequently
struggle to generalize when data distributions evolve over
time. In contrast, real-world environments are inherently
dynamic: new concepts continuously emerge, while previ-
ously acquired knowledge may become outdated. To operate
effectively under such non-stationary conditions, learning
systems must continuously acquire new knowledge while
retaining what has been learned before.

Continual learning addresses this challenge by enabling
models to incrementally acquire, update, and accumulate
knowledge from a sequence of tasks or data streams with-
out assuming simultaneous access to all training data. A
central difficulty in this setting is catastrophic forgetting,
where adapting to new tasks overwrites previously learned
knowledge, leading to severe performance degradation on
earlier tasks. Traditional approaches mitigate this issue
through regularization (Kirkpatrick et al., 2017; Rebuffi
et al., 2017), rehearsal (Lopez-Paz & Ranzato, 2017), or
representation learning (Cha et al., 2021), often in learning-
from-scratch settings with randomly initialized parameters.
Without strong prior representations, balancing plasticity
and stability remains particularly challenging.

Recent advances in large-scale pre-trained models (PTMs)
have substantially reshaped class-incremental learning
(CIL). Models pre-trained on massive datasets provide rich
and transferable representations, enabling strong perfor-
mance even under severe data access constraints. Building
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on such representations, many recent high-performing CIL
methods (Zhang et al., 2023; Wang et al., 2023a; Sun et al.,
2025; Wang et al., 2025)—particularly those based on ViT
backbones (Dosovitskiy, 2021)—achieve results approach-
ing static joint training under strictly incremental protocols.

Despite their architectural differences, a closer examina-
tion reveals a common design pattern among these meth-
ods: class-level feature statistics are incrementally esti-
mated and used to synthesize representative features that
support learning across tasks. This strategy is also preva-
lent in multimodal settings, including CLIP-based contin-
ual learning (Huang et al., 2024; Wen et al., 2025), where
statistics-driven feature replay is used to adapt lightweight
task-specific modules. While empirically effective, the spe-
cific role played by such replay mechanisms under strong
pre-training remains insufficiently understood.

To better characterize this role, we conduct a pilot study on
representative methods such as RAPF (Huang et al., 2024)
and MOS (Sun et al., 2025). As shown in Figure 1, removing
statistics-driven feature replay (wo Stat) leads to substan-
tial performance degradation. Importantly, this comparison
does not aim to contrast replay versus no replay in general,
but to isolate the effect of statistics-derived synthetic fea-
tures as a surrogate for historical data. The pronounced
drop indicates that, under strong pre-training, such synthetic
features closely approximate past feature distributions, and
replaying these approximations accounts for a significant
fraction of the recovered performance.

Motivated by this observation, we adopt a deliberately mini-
mal perspective that treats class-level feature statistics as a
standalone source of information under strong pre-training.
Rather than viewing replay as an architectural necessity,
we isolate the contribution of class-level feature statistics
through two controlled reference points: a replay-based
setting that uses statistics-derived synthetic features for
lightweight adaptation, and a replay-free setting that per-
forms class-incremental inference directly from class-level
statistical estimators.

Concretely, we consider SCLIP as a minimal replay-based
reference built on frozen CLIP representations, where a
lightweight visual module is adapted using synthetic fea-
tures sampled from incrementally estimated class-wise dis-
tributions. Despite its simplicity, SCLIP approaches static
joint-training performance across multiple benchmarks, indi-
cating that class-level statistics can account for a substantial
fraction of the recovered performance under strong pre-
training. At the other extreme, we consider SViT, a replay-
free inference reference that performs class-incremental
classification by operating directly on class-level statistical
estimators instantiated from frozen features, including class
prototypes and class-conditional density estimators. To-
gether, these two references provide a controlled lens for ex-

amining how class-level statistics support class-incremental
learning independently of architectural complexity.

Our contributions are twofold: (1) We empirically ex-
amine the role of class-level feature statistics in recent
PTM-based class-incremental learning methods, showing
that such statistics represent an important and often under-
isolated component of their effectiveness under strong pre-
training. This analysis offers a simple statistical perspective
for interpreting a broad range of replay- and statistics-based
approaches. (2) We instantiate this perspective through two
deliberately minimal reference points—one replay-based
and one replay-free—that isolate different ways class-level
statistics are exploited in practice, ranging from statistics-
driven adaptation with synthetic features to direct statistical
inference without continual parameter updates.

2. Related Work

Class-Incremental Learning (CIL): aims to continuously
adapt to evolving data streams by building a unified classifier
over all seen categories. Classical CIL methods typically fol-
low a learn-from-scratch paradigm and can be broadly cate-
gorized into several families. Replay-based methods store a
subset of old data or reconstruct historical data distributions
for rehearsal (Lopez-Paz & Ranzato, 2017). Knowledge
distillation-based methods transfer knowledge from previ-
ous models to the current model and can be further divided
into logit (Li & Hoiem, 2017), feature (Hou et al., 2019),
and relational (Dong et al., 2021) distillation approaches.
Regularization-based methods identify parameters critical
to past tasks and impose constraints to prevent their drift
(Kirkpatrick et al., 2017). Finally, dynamic network-based
methods allocate additional modules or expand network
components to accommodate new tasks, facilitating con-
tinual adaptation (Yan et al., 2021; Douillard et al., 2022).
SCLIP samples features from class-level statistics and is
most closely related to generative replay. Further discus-
sion is provided in Appendix A.

Pre-Trained Model-Based CIL: leverages foundation mod-
els to initialize a continual learner, enabling efficient adap-
tation to non-stationary data streams. These pre-trained
models, typically trained on large-scale datasets with so-
phisticated architectures, possess strong generalization ca-
pabilities that significantly reduce the learning burden in
CIL (Wu et al., 2022). Integration strategies can be roughly
divided into two categories: (1) full fine-tuning of the pre-
trained model (Zhang et al., 2023; Zheng et al., 2023),
or (2) freezing the backbone and introducing lightweight,
trainable modules (Gao et al., 2023; Huang et al., 2025).
Full fine-tuning is often computationally demanding and
risks overwriting valuable pre-trained knowledge, leading to
catastrophic forgetting. To address this, recent research has
emphasized Parameter-Efficient Fine-Tuning strategies (He
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et al., 2022a). Among these, prompt-based methods encode
task-specific knowledge by injecting learnable tokens into
the token sequence (Wang et al., 2022b;a; Smith et al., 2023;
Wang et al., 2023b). These prompts can be introduced at
different stages of the encoder—ranging from shallow to
deep layers—and interact with the evolving representations
to modulate feature extraction and adaptation across tasks.
Adapter-based methods insert small neural modules into
the pre-trained architecture, offering a favorable trade-off
between parameter efficiency and continual learning perfor-
mance (Zhou et al., 2024; 2025a;b;c; He et al., 2025). These
strategies have been widely adopted in CIL to mitigate for-
getting while maintaining adaptability.

In addition to these adaptation mechanisms, many PTM-
based CIL methods also maintain class-level statistics and
employ feature replay as an auxiliary means to support
learning across tasks (Sun et al., 2025; Wang et al., 2025;
Huang et al., 2024; Wen et al., 2025). While this practice
has been widely adopted and shown to be effective, it is
typically treated as an implementation detail for stabilizing
training, and its role under strong pre-training has received
limited analysis.

3. Preliminaries

We consider the class-incremental learning setting, where
training data arrive sequentially as a series of tasks
{D!,...,DB}. Each task D* = {(x;,u:)}}%, contains
samples from a task-specific class set Y3, with Y, N Yy = @
for b # b’. The goal of CIL is to learn a single classifier that
recognizes all classes observed so far, i.e., over the cumu-
lative label space YV, = U?:1 Y. Formally, the objective is
to learn a model f : X — )/, that minimizes the expected
classification risk over all data observed up to task b.

We adopt a pre-trained CLIP model as the backbone classi-
fier. CLIP consists of a visual encoder ¢;(-) and a text en-
coder ¢;(+), which map image and text inputs into a shared
d-dimensional embedding space. Given an input image X,
classification is performed by matching its visual embedding
against text embeddings constructed from class names:

_ . exp (cos (gi(x), g:(t:)) /7)
Zlﬁg exp (cos (gi(x), g:(t;))/7)
where cos(+, -) denotes cosine similarity, 7 is a temperature

parameter, and t; is a prompt constructed from the class
name (e.g., “a photo of a [CLASS]”).

fy (%) QY

4. Statistical Modeling under Strong PTMs

This section does not propose a new continual learning
algorithm. Instead, we conduct a controlled analysis of
how class-wise feature statistics— which are widely but

often implicitly exploited in PTM-based CIL— contribute
to class-incremental performance under strong visual repre-
sentations. By progressively examining replay-based adap-
tation, density-driven inference, and replay-free decision
rules, we aim to clarify when simple statistical summaries
are sufficient, and where their limitations arise.

4.1. Statistics as Supervision

We begin with SCLIP, a deliberately minimal class-
incremental learning reference designed to explicitly ex-
pose the role of class-level statistical modeling under strong
pre-trained representations. Rather than introducing new
architectural components, SCLIP is constructed as a con-
trolled reference point that isolates the contribution of class-
wise statistics, allowing us to examine how much continual
adaptation can be attributed to statistics-driven replay alone
when the backbone representation is fixed.

Modern vision foundation models are known to induce
compact and semantically structured feature spaces. Ac-
cordingly, prior work in PTM-based CIL often assumes
that class-conditional representations are approximately uni-
modal and can be reasonably modeled by a single Gaussian
(Zhang et al., 2023; Wang et al., 2023a). This assumption
underlies many statistics-based replay mechanisms and im-
plicit distributional approximations in prior work, making it
a natural starting point for analysis.
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Figure 2. Average accuracy A of SCLIP relative to the static joint-
training upper bound across datasets.

As illustrated in Figure 3 (top), we consider a standard class-
incremental setting in which data arrive sequentially across
tasks. Images are processed by a frozen visual encoder
gi(+); after estimating class-level statistics, the extracted
features are discarded. For each class ¢, we retain only
empirical first- and second-order feature statistics, modeling
class-conditional features as a unimodal Gaussian:
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Figure 3. Statistical references under class-incremental learning with frozen representations. Top: The class-incremental setting, where
data arrive sequentially across tasks. Images are encoded by a frozen visual backbone, and raw samples are discarded after each
stage; only compact class-level information derived from features is retained. Bottom-left (SCLIP): A replay-based statistical reference
that incrementally maintains class-wise feature distributions and samples synthetic features to support lightweight adapter training.
Bottom-right (SViT): A replay-free statistical inference reference in which, for each class, a prototype and a class-conditional GMM are
instantiated from that class’s features and jointly used for inference via similarity- and density-based scores.

A small diagonal regularization ¥, < ¥, + o with o =
10~* is applied for numerical stability.

Based on these statistics, SCLIP adapts to new classes us-
ing a lightweight linear visual adapter (Figure 3, bottom-
left). At each incremental stage, synthetic features sampled
from all stored class-wise distributions are used to train the
adapter, serving as a compact substitute for historical data.
This update—replay cycle is repeated throughout training,
with statistics updated using newly observed samples and
reused for subsequent adaptation.

Figure 2 compares SCLIP against the static joint-training
upper bound across multiple benchmarks. Despite its sim-
plicity, SCLIP consistently approaches this upper bound,
indicating that under strong pre-training, class-level feature
statistics preserve a substantial fraction of the information
required for effective class-incremental classification. Ad-
ditional implementation details and variants are provided
in Appendix B, with further analysis under different pre-
training paradigms in Appendix D.

4.2. Limits of Density-Based Inference

While effective, SCLIP still relies on feature generation
and replay. In more restrictive continual learning settings,
even feature-space replay may be disallowed. This raises a
natural question: can class-wise statistics be exploited di-
rectly for inference, without replay or additional parameter
learning?

A straightforward replay-free alternative is to perform in-
ference directly in feature space based on estimated class-
conditional densities. Given class-wise statistics, the Maha-
lanobis distance measures how well a sample conforms to a
class distribution:

M (x, ) = (g:i(%) — i) B2 (gi(x) — o). ()

By reweighting deviations along different feature directions,
this distance accounts for anisotropic class geometry. All
covariance matrices used for Mahalanobis inference are
inherited directly from the statistics estimated in Section 4.1,
including the same diagonal regularization.
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Figure 4. Comparison of different class-conditional distribution
estimators applied to the same frozen feature space, differing only
in how class-level statistics are estimated and used for inference.

However, despite its simplicity and theoretical appeal,
Mahalanobis-based inference exhibits severe performance
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degradation on several benchmarks, particularly ImageNet-
R and SUN, as shown in Figure 4.

A natural follow-up question is whether this failure mainly
stems from the unimodal Gaussian assumption underlying
Mahalanobis distance, which may be overly restrictive for
complex class-conditional feature distributions. To examine
this possibility, we replace the single Gaussian assumption
with a more expressive yet still lightweight Gaussian Mix-
ture Model (GMM):

KC
px|ly=c) = Zﬂc,k/\/(x | ek Sek) - (5)

k=1

The number of mixture components K. € {1,...,5} is
selected using the Bayesian Information Criterion (BIC)
(Schwarz, 1978), with the same diagonal regularization used
in Section 4.1 for numerical stability. Throughout this work,
Y¢,k s restricted to be diagonal. Empirically, under strong
pre-trained representations, allowing full covariance matri-
ces consistently causes model selection to favor a single
mixture component, leading the GMM to degenerate into
a unimodal Gaussian. Imposing a diagonal constraint pre-
vents this collapse, while retaining sufficient flexibility to
capture multi-modal structure.

Dataset G-LL{1T GMM-LL1 Skew| Kurtax~3 Sil 1

IN-R 365.0 1039.4 0.24 3.01 0.096
UCF 1357.9 1214.1 0.29 2.96 0.208

Table 1. Statistical diagnostics of class-wise feature distributions.
For each dataset, five classes are randomly sampled and evaluated
over multiple trials, with the average results reported. See Ap-
pendix E for details of the reported metrics.

As shown in Table 1, moving from a unimodal Gaussian to
a GMM substantially improves held-out log-likelihood on
ImageNet-R, revealing pronounced multi-modal structure
in the class-conditional feature distributions. This improve-
ment also translates into consistent gains over Mahalanobis
inference across several benchmarks (Figure 4), particularly
on ImageNet-R and SUN. Nevertheless, improved density
expressiveness alone does not yield a consistently effective
inference strategy, suggesting that the failure is not solely
caused by inaccurate density fitting. Surprisingly, even a
much simpler prototype-based rule, which entirely ignores
intra-class covariance structure, remains competitive or su-
perior on several benchmarks including CUB and Cars.

To further understand this discrepancy, we analyze the ge-
ometry of the frozen feature space. Although datasets such
as UCF and ImageNet-R exhibit similar skewness and kur-
tosis values close to the Gaussian reference, their inference
behavior differs markedly. In particular, ImageNet-R attains
substantially lower silhouette scores, indicating weak inter-
class separability despite approximately Gaussian marginals.

This observation is consistent with the feature visualizations
in Figure 5, where representations from different ImageNet-
R classes overlap heavily, while UCF exhibits clearer se-
mantic separation.

o Class 98 o Class 49
Class 194 Class 97
* Class 107 ® Class 53
Class 10 ® Class 5
* Class 33

Class 66

(a) ImageNet-R

(b) UCF

Figure 5. t-SNE visualization illustrating inter-class overlap under
different datasets.

Taken together, these results suggest that the core limitation
does not primarily arise from insufficient density expressive-
ness, but from the density-based inference paradigm itself.
Even when estimated densities capture rich local structure,
likelihood-based decisions remain sensitive to class overlap
and may produce unstable or overly confident predictions.
By contrast, prototype-based similarity provides a comple-
mentary global semantic bias anchored in the organization
of the pre-trained feature space. However, prototype-based
inference also discards fine-grained local geometry by col-
lapsing each class into a single centroid, making it less
effective for classes with complex intra-class variability, as
reflected by its clear performance degradation on CIFAR
and UCF in Figure 4.

4.3. Inference without Replay

Motivated by the complementary strengths and failure
modes of prototype-based and density-based inference, we
introduce SViT, a deliberately simple and fully replay-free
statistical inference reference.

Unlike SCLIP, which relies on replay-based adaptation,
SViT completely removes replay and continual parame-
ter updates, focusing purely on inference-time statistical
composition. At each incremental stage, for every newly
observed class, SViT instantiates two complementary class-
specific inference primitives: (i) a class prototype defined
as the mean feature vector, used for cosine-similarity in-
ference, and (ii) a class-conditional GMM, estimated from
the feature vectors of that class, as described in Section 4.2.
Once instantiated, these per-class prototypes and density
estimates are retained and jointly used for inference over all
seen classes (Figure 3, bottom-right).

Given an input image x, SViT computes a prototype-based
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Method Aircraft Cars CIFAR CUB Food IN-R SUN UCF Average
Upper-Bound 6540 9341 89.16 8571 91.01 8545 8758 9797 86.96
RAPF 59.28 9258 8747 8424 89.48 85.11 8595 9505 84.49
PROOF 64.61 9270 86.77 84.87 90.04 84.19 83.75 9434 84.16
SCLIP~ 61.37 9326 86.61 8472 88.94 84.14 84.52 9506 84.30
SCLIP 65.67 93.69 88.64 8653 90.54 8585 86.74 97.22 86.86

Table 2. Average accuracy A of SCLIP and competing methods. The best results excluding the Upper-Bound are highlighted in bold.

similarity score:

proto — gi(X)TMC 6
50 = gl ©)

In parallel, a complementary statistical cue is obtained
via class-conditional density estimation, using the log-
likelihood under the class-specific GMM:

s (x) =logp(gi(x) [y =c). 7

For numerical comparability, log-likelihood scores are nor-
malized across classes on a per-sample basis using a softmax
transformation. Final predictions are obtained via simple
additive fusion:

§ = arg max (sgf"“’(x) + )\sind(x)), 8)
cEVy

with the fusion weight fixed to A = 0.1 in all experiments;

performance is empirically insensitive to moderate varia-

tions of this value. The formal definition of SViT is provided

in Algorithm 1.

Algorithm 1 SViT for CIL

Input: Incremental datasets {D!, D2, ... DB}; frozen
CLIP visual encoder g;(-)
Output: The complementary classifier
for b =1to B do
Get the incremental training set D®
Extract visual features g;(x) for all samples in D°
for each c € Y}, do
Compute per-class prototype via Equation (2)
Fit GMM to per-class features via Equation (5)
end for
Construct the complementary classifier as Equation (8)
end for

As shown in Figure 4, although SVIiT is intentionally sim-
ple and entirely replay-free, it achieves competitive perfor-
mance across diverse benchmarks by combining prototype-
based semantic alignment with density-based statistical esti-
mation. In particular, these results demonstrate that competi-
tive class-incremental performance can be achieved without

continual parameter updates, using only class-level statisti-
cal estimators instantiated from frozen representations.

Overall, SViT is not intended as a sophisticated inference
framework, but rather as a minimal statistical reference for
understanding how much continual learning capability is
already embedded within strong pre-trained feature spaces.

5. Experiments
5.1. Implementation Details

Datasets: We evaluate our methods on eight benchmark
datasets that exhibit clear domain gaps from CLIP’s pre-
training data, including FGVCAircraft (Maji et al., 2013),
StanfordCars (Krause et al., 2013), CIFAR100 (Krizhevsky
et al., 2009), CUB200 (Wah et al., 2011), Food101 (Bossard
et al.,, 2014), ImageNet-R (Hendrycks et al., 2021),
SUN397 (Xiao et al., 2010), and UCF101 (Soomro et al.,
2012). Following (Zhou et al., 2025b), we utilize the sam-
pled 100 classes from CIFAR100, Aircraft, Cars, Food, and
UCF101, 200 classes from CUB200 and ImageNet-R, and
300 classes from SUN397 to facilitate incremental splits.
ImageNet-R is sometimes simply referred to as IN-R.

Incremental Protocol: We adopt the Base-m Inc-n
protocol, where m denotes the number of base classes and
n the number of classes introduced per incremental task.
When m = 0, all tasks contain an equal number of classes.
Unless otherwise specified, we adopt the Base~0 protocol
with classes evenly split into 10 tasks, and fix the class order
using random seed 1993 following (Rebuffi et al., 2017).
Results in Table 3 are reported as the mean and standard
deviation over three runs with seeds 1992, 1993, and 1994,
all other results use the default seed 1993.

Compared Methods: We compare our method with a di-
verse set of continual learning baselines, including L2P, Du-
alPrompt, CODA-Prompt, APER-Adapter, EASE, RAPF,
PROOF, and MGCLIP. Detailed descriptions of the com-
pared methods and additional experimental results are pro-
vided in Appendix F, Appendix G and Appendix I, respec-
tively. For vision-only methods,the CLIP visual tower is
used as initialization. All pre-trained weights come from
the LAION-400M pre-trained CLIP for fairness.
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Aircraft Cars
Method B-0Inc-10 B-50Inc-10 B-0Inc-10 B-50Inc-10
A Ap A Ap A Ap A Ap
L2P 46.92 +201 3036 £150 4797 +£144 33294143 7221 £366 5828 £260 7891 +£3.99 68.75 +3.58
DualPrompt 4401 £376 25.27 +2.68 4491 £246 31.76 +1.88 6896 +174 53.14 +126 7348 +219 61.54 £224
CODA-Prompt  47.75 £503 2932 £259 4839 £207 3197 £215 84.05+200 74.12+098 78.13+136 66.324+098
APER-Adapter 61.64 154 49.28 +£0.05 57.66 083 52.58 +£035 91.66+083 86.73 £0.02 89.82+0.86 87.58 +0.10
EASE 60.93 + 142 4801 £051 40.75+187 3643 +128 91.56+096 86.56+033 89.31 +0.65 86.59 +0.22
MGCLIP 39.60 +£2.88 29.09 £093 36.34 +121 30.354+098 86.82+143 79.42+087 85364095 81.04+1.13
SViT 62.96 + 143 50.83 £047 5554 +089 50.83+047 91.73 +£127 87.22+034 89.45+124 87224034
CUB Food
Method B-0Inc-20 B-100Inc-20 B-0Inc-10 B-50Inc-10
A Ap A Ap A Ap A Ap
L2P 70.56 £ 1.11 5873 £1.82 56.26 £2.64 40.23 +258 7629 +1.75 6530+320 71.00+084 59.33 +233
DualPrompt 63.82 +138 4891 £209 5331 +150 37.71+156 79.11 £153 69.38 £094 70.24 +£0.99 58.88 +2.66
CODA-Prompt  76.17 +1.24 6542 +086 71.01 £1.25 58.18 £201 8535+126 77.47+054 83.30+098 7691 +1.92
APER-Adapter 82.87 £046 76.40 £0.05 81.56 £0.19 79.20 £0.02 86.97 £082 81.53 £021 85264069 82.90+0.08
EASE 8246 +£053 7590 +£027 5446 +1.18 50354120 86.71 £076 80.97 £022 80.50+1.01 75.82 +0.62
MGCLIP 75.07 £133 6540 +£069 7242 +1.18 67.02+092 8890 +066 83.82+020 86.85+049 84.16 +0.33
SViT 83.33+030 77.14 +015 79.63 +£035 77.144+0.15 88.91 +024 8347 +008 86.15+031 83.47 +0.08
SUN UCF
Method B-0Inc-30 B-150Inc-30 B-0Inc-10 B-50Inc-10
A AB A AB A AB A AB
L2P 70.85 £185 57.03 £377 62.75+074 47.18 £123 8294 £156 72.85+293 83.06+593 73.69 49.03
DualPrompt 75.19 £074 63.12+1.12 62.84 088 47.72+062 84264218 73.83 +£198 73304293 57.33 £4.75
CODA-Prompt  84.68 £0.56 76.30 £0.57 76.87 £050 68.04 £1.10 90.02+123 83.60 +£065 87.274+027 78.09 +£1.37
APER-Adapter 83.51 £0.74 76.45 +0.11 80.85+073 77.60 £0.14 89.504+0.83 85.86+006 88.77 +0.58 87.41 £0.21
EASE 84.18 £ 069 77354027 7927 +062 75.10+£046 89.61 £072 85.92 +£023 80.90 £1.84 77.73 £ 1.66
MGCLIP 8493 064 77.64+020 82904044 78754050 81.52+1.17 73.77 +£064 83374156 7791 +£1.01
SViT 86.12 + 071 79.71 £018 82.84 +060 79.71+0.18 95.03 £0.70 92.34 +0.33 93.55+0.59 92.34 +0.33

Table 3. Average accuracy A and final accuracy Ag of SViT and competing methods.

The best results are highlighted in bold.
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Figure 6. Incremental performance of different methods under Base—-0 settings.
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Training Details: All experiments are conducted in Py-
Torch on a single NVIDIA RTX 3090 GPU. For SCLIP and
its variants, trainable parameters are optimized using SGD
for 10 epochs with batch size 256, initial learning rate 0.05,
and cosine annealing.

Evaluation Metrics: Following (Zhou et al., 2025¢c), we
denote the test accuracy after learning the b-th task as
Ap. We report two standard metrics: the final accuracy
Ap after learning all tasks, and the average accuracy
A=+ 25:1 Ay across all incremental tasks.

5.2. Benchmark Comparison

We first compare SCLIP with two representative CLIP-based
methods, RAPF and PROOF, on eight benchmark datasets
under the Base—0 protocol, as summarized in Table 2. To
contextualize the results, we additionally report SCLIP™,
a lightweight variant in which the number of synthesized
features per class is reduced to 16.

RAPF and PROOF both rely on replay-based strategies.
Notably, even SCLIP~, which uses a highly limited num-
ber of synthetic features, exhibits performance comparable
to these methods across most benchmarks. This observa-
tion suggests that a large portion of the effectiveness of
replay-based PTM-CIL methods can be attributed to coarse
class-level feature statistics, rather than to the scale or com-
plexity of replayed features. Together with the pilot results
in Figure 1, this supports the view that approximating and
reusing class-level feature distributions constitutes a central
operational mechanism in many recent approaches.

While effective, replay-based adaptation still requires fea-
ture generation and additional training, which may be un-
desirable in strictly constrained continual learning settings.
We therefore further examine SViT as a replay-free statisti-
cal inference reference, and compare it with several recent
methods in Table 3 and Figure 6.

As shown in Table 3, SViT achieves competitive perfor-
mance on UCF and remains comparable to existing meth-
ods on the remaining benchmarks. The results indicate that
combining prototype-based similarity with class-conditional
density estimates provides a stable and effective replay-
free inference rule under strong pre-trained representations,
without requiring continual parameter updates. In contrast,
prompt-based methods such as L2P and DualPrompt are
sensitive to retrieval quality and tend to degrade under
class-incremental evaluation, consistent with prior obser-
vations (Gao et al., 2023). CODA-Prompt partially miti-
gates this issue through attention-based weighting. Among
the compared baselines, MGCLIP achieves strong results
on specific datasets such as Food, while exhibiting larger
variability across benchmarks. Overall, these results high-
light the trade-offs between architectural mechanisms and

purely statistics-driven inference under strong pre-training,
suggesting that competitive class-incremental performance
can be achieved through substantially simpler decision rules
when representations are sufficiently structured.

Parameter Sensitivity. We examine the sensitivity of SViT
to the fusion weight A\ balancing prototype similarity and
GMM-based scores. Across all evaluated datasets, perfor-
mance remains stable under moderate variations of A\, with
only negligible differences observed. A detailed sensitivity
analysis is provided in Appendix H.

Memory Cost. We compare the memory footprint of
statistics-based continual learning with exemplar replay by
expressing all storage costs in terms of an equivalent number
of raw images. For CLIP ViT-B/16 with a 512-dimensional
representation, storing per-class first- and second-order
statistics in SCLIP requires approximately 1.05 MB per
class. On SUN with 300 classes, this amounts to about
315 MB, corresponding to roughly 2,100 raw images under
standard CLIP preprocessing.

For comparison, a commonly used fixed-size replay buffer
of 2,000 images requires a similar memory budget (approx-
imately 294 MB). In contrast, per-class replay with 20 ex-
emplars per class scales linearly with the number of classes,
resulting in 6,000 images (about 882 MB) on SUN. This
highlights the less favorable scaling behavior of per-class
replay on datasets with many classes.

For SViT, memory usage is further reduced by modeling
each class with a small diagonal-covariance GMM. Each
class stores K.(2d + 1) parameters, with K.<5 selected by
BIC. In practice, many datasets are approximately unimodal,
and the fitted GMMs often reduce to a single component,
yielding a storage cost of roughly ¢ x 2d parameters—well
below that of a single 512x 512 projection layer.

6. Conclusion

In this work, we revisit class-incremental learning from a
statistical perspective under large-scale pre-trained repre-
sentations. Through two deliberately minimal references,
SCLIP and SViT, we show that much of the performance
achieved by recent PTM-based continual learning methods
can be recovered using simple class-level feature distribu-
tions alone. These findings suggest that the effectiveness of
modern PTM-based class-incremental learning may depend
less on increasingly sophisticated adaptation mechanisms
and more on the structured feature spaces induced by strong
pre-training. Overall, our results highlight the value of un-
derstanding how representation geometry and class-level
statistics jointly support stable continual adaptation.

Limitations and Future Work. Our analysis assumes
that strong pre-trained representations induce feature spaces
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where class-conditional distributions can be reasonably ap-
proximated by simple Gaussian statistics. Future work will
explore more expressive distribution estimation strategies
to better exploit class-level statistical information beyond
Gaussian assumptions.
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A. Generative Replay

Numerous prior studies have investigated generative replay
as a strategy to mitigate catastrophic forgetting in class-
incremental learning. Traditional generative replay-based
CIL frameworks typically maintain two components: a
generative model that synthesizes samples from previously
learned classes, and a discriminative model trained on both
real and generated data. Early approaches mainly relied on
GAN:Ss to generate past instances (Shin et al., 2017), while
subsequent works explored more advanced generative ar-
chitectures, including conditional GANs (Ostapenko et al.,
2019; Xiang et al., 2019), variational autoencoders (Jiang
et al., 2021), and, more recently, diffusion models (Jodelet
et al., 2023; Gao & Liu, 2023).

Despite steady progress, generative replay has been shown
to scale poorly to complex and large-scale visual data (Wang
et al., 2021; Van de Ven et al., 2020). Training high-fidelity
generators remains challenging, and errors in generation
quality can accumulate across incremental stages. To alle-
viate these issues, several works propose to replay features
or intermediate representations instead of raw images, re-
ducing the burden on generative modeling (Liu et al., 2020).
However, in learning-from-scratch settings, feature repre-
sentations often change substantially over time, making it
difficult to jointly preserve old features and adapt to new
classes without interference. Moreover, when generative
models themselves are updated sequentially, they are also
susceptible to catastrophic forgetting, which necessitates
additional mechanisms to stabilize both the generator and
the classifier.

The emergence of large pre-trained vision models signifi-
cantly alters this landscape. Strong pre-training yields robust
and transferable representations that remain relatively stable
in continual learning, alleviating the central challenge of
feature replay (Wang et al., 2024). In this regime, recent CIL
methods increasingly move away from explicit generative
models and instead characterize class-conditional feature
distributions using simple parametric statistics (Zhang et al.,
2023; Huang et al., 2024; Goswami et al., 2024; Sun et al.,
2025; Wang et al., 2025; Chen et al., 2025). By model-
ing and accumulating these statistics, such methods can
effectively simulate feature replay without additional opti-
mization. This shift is motivated by empirical observations
that modern vision encoders induce well-structured and
compact feature distributions, for which Gaussian-based
approximations are often sufficient.

In contrast to classical generative replay, this statistical
feature replay paradigm eliminates the need to train and
maintain a separate generator, avoids the risk of generator
forgetting, and enables inference directly in representation
space. SCLIP is situated within this line of research. Rather
than proposing a new generative mechanism, we provide
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a focused empirical analysis of feature replay based on
estimated class-wise distributions under strong pre-training,
and examine when such statistical replay is sufficient and
when its underlying assumptions begin to break down.

B. SCLIP and Variants
B.1. Variants Definition

This section provides an overview of SCLIP and sev-
eral closely related variants considered in our study. All
statistics-based variants follow the same incremental proce-
dure as SCLIP, as illustrated in Figure 3 (top and bottom-
left), including frozen feature extraction, class-wise statis-
tics accumulation, and statistics-driven synthetic feature
generation for adapting a lightweight visual adapter. The
formal definition of this procedure is given in Algorithm 2.
The only exception is the Upper-Bound, which corresponds
to static joint training with unrestricted access to all task
data and therefore does not operate under class-incremental
constraints. It serves as an oracle reference rather than a
statistics-driven variant.

We consider the following variants. k-shot restricts statis-
tics estimation to k£ randomly selected samples per class.
Covariance denotes the default SCLIP setting, where full
covariance matrices are maintained, while Variance replaces
them with diagonal covariance estimates. Prototype discards
second-order statistics and performs inference using only
class means via cosine similarity. Imbalance simulates bi-
ased replay, where 256 synthetic features are generated for
newly introduced classes but only 16 features are generated
for previously observed classes. Unless otherwise specified,
256 synthetic features are generated per class.

Algorithm 2 Feature Replay for SCLIP

Input: Incremental datasets {D', D?, ..., D?}; frozen
CLIP visual encoder g;(-); linear visual adapter .4
Output: Trained adapter A after B tasks
Initialize an empty set of class-wise statistics S
for b=1to B do
Get the incremental training set D°
Extract visual features g;(x) for all samples in D°
for each c € Y}, do
Compute per-class statistics via Equation (2) and (3)
Update stored statistics: S < S U {(tic, Xe) teev,
end for
Construct an empty training set D
for each c € )}, do
Gaussian sampling via (X, ¢) ~ N (fi¢, X¢)
Update training set D: D + D U (X, ¢)
end for
Train the adapter A using the constructed D
end for
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The adapter is implemented as a single 512 x 512 linear
projection appended to the frozen CLIP visual encoder. It
is trained in a CLIP-style manner, where adapted visual
features are matched against fixed class text embeddings via
cosine similarity, followed by a softmax normalization and a
standard cross-entropy loss to encourage correct image—text
alignment. At inference time, an input image is encoded by
the frozen CLIP visual encoder, passed through the adapter,
and classified by computing cosine similarities with fixed
class text embeddings and selecting the maximum after
softmax normalization. The overall inference procedure is
summarized in Figure 7.

®
_, | Visual | __ | Visual
Encoder Adapter
[“a photo of a {object}”J Text # i

¥ e

Figure 7. Inference pipeline of SCLIP. An input image is encoded
by the frozen CLIP visual encoder, adapted by a lightweight linear
adapter, and classified by computing cosine similarities with fixed
class text embeddings.
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B.2. Discussion

Figure 8 reports the average A results across eight datasets
and analyzes how different forms of class-wise statistical
modeling affect performance. As shown in the figure, re-
placing full covariance with diagonal covariance leads to a
noticeable performance drop, highlighting the importance of
modeling inter-dimensional correlations. A prototype-only
variant remains competitive but consistently underperforms
full covariance modeling, indicating that first-order statis-
tics alone are insufficient to capture intra-class geometry.
The figure further examines the effect of the number of real
samples used to estimate class-wise statistics (k-shot), show-
ing that improved statistical estimation consistently benefits
downstream inference, while a moderate number of samples
is sufficient to capture most of the performance gain. We list
the detailed performance under different few-shot regimes
in Table 4. Overall, using 32 samples per class is already suf-
ficient to achieve strong performance across most datasets.
For more challenging fine-grained or distribution-shifted
benchmarks, such as Aircraft and ImageNet-R, additional
samples further improve the quality of statistical estimation
and lead to consistent performance gains.

Table 5 provides complementary evidence. We introduce
SCLIP~, a lightweight variant that synthesizes only 16 fea-
tures per class, enabling a controlled study of how the num-
ber of generated features influences the effectiveness of
statistical replay. A more detailed analysis of this factor is
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Figure 8. Effect of class-level statistical modeling and synthetic
feature generation on class-incremental learning performance. Re-
sults are averaged over eight benchmarks.

provided in Appendix C. Despite its substantially reduced
replay budget, SCLIP™ maintains competitive performance
across datasets. In contrast, Imbalance adopts an asymmet-
ric replay strategy, where significantly more features are
generated for new classes than for previously learned ones.
Although both settings use the same number of samples for
old classes, the excessive emphasis on new classes leads to
inferior overall performance. This comparison suggests that
maintaining a balanced replay across classes is crucial for
effective continual learning.

C. Effect of the Feature Number

N 16-sampling WM 32-sampling W 64

I 256-sampling

.l

A\Y“aﬂ cars it cUB pood R gquN (¥ Averd®

Figure 9. Effect of the number of generated features per class in
SCLIP™.

We further analyze the effect of the number of generated
features per class in Figure 9. Under the default covari-
ance setting, sampling only a small number of features per
class already yields strong performance. As the number
of generated samples increases, accuracy improves steadily
and eventually saturates, indicating that a modest amount
of feature-level replay is sufficient to recover most of the
underlying class-conditional distribution.
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Method Aircraft Cars CIFAR CUB Food IN-R SUN UCF Average
8-shot 49.68 90.19 79.04 78.36 8291 74.67 7751 87.50 77.48
16-shot 5422 9096 81.62 82.53 8595 79.26 8097 91.07 80.82
32-shot  61.04 92.84 8435 84.12 87.23 81.64 83.04 93.81 83.51
64-shot 6195 9348 8576 8470 88.64 83.80 84.28 95.58 84.77
128-shot  63.92 9353 87.04 85.74 89.51 8496 8531 96.20 85.78
256-shot 6490 9359 88.02 86.56 8993 85.06 86.08 97.05 86.40

Table 4. Performance comparison across different few-shot regimes.

Method Aircraft Cars CIFAR CUB Food IN-R SUN UCF Average
Imbalance 4825 90.61 83.46 82.15 86.58 84.23 84.09 92.29 81.46
SCLIP~ 6137 9326 86.61 84.72 8894 84.14 8452 95.06 84.30

Table 5. Average accuracy A of SCLIP™~ and Imbalance.

Sampling from a class-conditional Gaussian A (pc, X.) can
be expressed as x = . + L.z, where L.L] = Y. is
obtained via Cholesky decomposition. For each class, sam-
pling requires a matrix decomposition with cost O(D?) and
feature generation with cost O(N D?). As only class-wise
means and covariances are stored, the decomposition is re-
computed for each class at each incremental stage when
synthetic features are generated. In our setting, the sam-
pling budget (N € [16, 256]) is significantly smaller than
the feature dimensionality (D = 512), making the overall
overhead dominated by the initial decomposition step.

Empirically, sampling 256 features per class achieves perfor-
mance close to the joint-training upper bound, while incur-
ring a generation-time cost comparable to much smaller bud-
gets such as 16 samples. In contrast, the memory cost grows
linearly with both the number of classes and generated sam-
ples, i.e., O(CN D). Therefore, SCLIP~ adopts a smaller
sampling budget to substantially reduce memory consump-
tion with only marginal performance degradation, making it
particularly suitable for memory-constrained or large-scale
incremental learning scenarios. By default, SCLIP employs
a larger sampling budget when memory is not a limiting
factor to better approximate the performance upper bound.
Actually, in more resource-constrained scenarios, one may
consider an even more economical alternative by directly
storing the 16 synthesized features per class generated by
SCLIP~, thereby avoiding both the repeated matrix decom-
position required for sampling and the memory overhead of
maintaining class-wise statistics.

D. Effect of Pre-Training Paradigms

Beyond CLIP-based visual encoders, we further examine
whether the effectiveness of statistical feature modeling
and replay extends across commonly used pre-training
paradigms in class-incremental learning. In practice,

most recent CIL works adopt ViT backbones supervised-
pretrained on ImageNet-1K or ImageNet-21K as default ini-
tialization. To assess the generality of our findings beyond
this standard setting, we additionally consider representa-
tive self-supervised alternatives, including MAE (He et al.,
2022b) and MoCo v3 (Chen et al., 2021). Specifically, we
evaluate four widely used ViT-B/16 variants: supervised
pre-training on ImageNet-1K and ImageNet-21K, as well
as self-supervised pre-training via MAE and MoCo V3, all
with frozen backbones and a trainable classification head.
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Figure 10. Statistical feature replay under different pre-training
paradigms. Two representative metric average accuracy A and
final accuracy A p are reported.
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In contrast to CLIP-based models, these encoders operate
purely in the visual domain and do not involve text embed-
dings or vision—language alignment. The classification head
is a standard linear layer that maps the ViT feature dimen-
sion (768) to the number of classes. During incremental
training, statistically generated visual features are fed into
the classifier, which is optimized using a cross-entropy loss
to reduce the discrepancy between predicted class probabili-
ties and ground-truth labels. At inference time, a test image
is passed through the frozen visual encoder and the trained
classification head to obtain the final prediction.

For each pre-trained backbone, we compare an oracle joint-
training setting, where all task data are jointly available,
against a statistics-based replay setting, where class-wise
Gaussian statistics are incrementally estimated and syn-
thetic features sampled from these statistics are used to train
the classifier. As summarized in Figure 10, across all pre-
training paradigms, statistical replay consistently achieves
performance close to the joint-training upper bound. While
absolute performance varies across pre-training objectives,
the relative gap between joint training and statistics-based
replay remains small and stable, mirroring the behavior
observed with CLIP visual encoders.

These results suggest that the effectiveness of SCLIP-style
statistical replay is not tied to a specific pre-training ob-
jective, but instead arises from a more general property of
strong pre-trained ViT representations: they induce well-
structured, class-separable feature distributions that can be
accurately summarized by low-order statistics.

As shown in Table 1, on ImageNet-R, moving from a uni-
modal Gaussian to a GMM substantially improves held-out
log-likelihood, revealing pronounced multi-modal structure
in class-conditional feature distributions. This improvement
translates into consistent accuracy gains over Mahalanobis-
based inference across several benchmarks (Figure 4), most
notably on ImageNet-R and SUN.

E. Gaussian Feature Diagnostics

To better understand the statistical properties of class-wise
feature distributions induced by strong pre-trained visual
encoders, we report several diagnostic metrics in Table 1.
This appendix provides precise definitions of these statistics
and clarifies how they are computed.

Gaussian Estimation. For each class ¢, a single multi-
variate Gaussian distribution N (p., X.) is estimated from
feature vectors g;(x) € R, where g;(-) denotes the frozen
visual encoder and d is the feature dimension. The mean g,
and covariance Y. are computed from a random 70% subset
of features, with a small diagonal regularization added to
.. for numerical stability. For comparison, we additionally
fit Gaussian mixture models (GMMs) on the same training
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features using identical preprocessing.

Log-Likelihood (Log-Lik 7). Log-likelihood evaluates how
well the estimated Gaussian fits held-out features from the
same class. For each class ¢, we compute:

Z 1OgN 91 x) |,u'0720)a

x€D,.

©))

C

where D, denotes the held-out subset of samples from class
c. Higher values indicate better agreement between the
Gaussian model and empirical features. In addition to the
single Gaussian log-likelihood (G-LL), we also report log-
likelihood under a Gaussian mixture model (GMM-LL),
where the number of components is selected by BIC.

Skewness (Skew |). Skewness measures distribution asym-
metry along each feature dimension. For a given class c, let
z; denote the j-th feature dimension of g;(x), with mean
tte,; and standard deviation o ;. We compute the third
standardized moment per dimension and report the mean

absolute skewness:
d [ ( ) 3]

Lower values indicate more symmetric distributions.

— Hec,j
Oc,j

Skew, = (10)

Kurtosis (Kurt ~ 3). Kurtosis measures tail heaviness of
the feature distribution. Using the same notation as above,
we compute the fourth standardized moment per dimension
and average across dimensions:

) 4]

| (5

A Gaussian distribution has kurtosis equal to 3.

— He,j
Oc,j

Kurt, = (1)

Silhouette Score (Silhouette 1). The silhouette score mea-
sures class separability in the feature space by comparing
intra-class compactness and inter-class separation. Given
a feature set X = {g,;(x)} with corresponding class labels,
the silhouette score is computed as:

b(i) — a(9)

Silhouette = |X| Z m (12)

where a(7) denotes the average distance between sample 4
and other samples in the same class, and b(¢) denotes the
minimum average distance between sample ¢ and samples
from a different class. Higher values indicate better class
separation.

F. Compared Methods

In this section, we introduce the methods compared in the
main paper. Note that all methods are re-implemented using
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Figure 11. Incremental performance of different methods under half-Base settings.

the same pre-trained model for fairness: CLIP models are
initialized with LAION-400M pre-trained weights, and for
vision-only methods, the CLIP visual tower is used for
initialization. Compared methods are listed as follows.

L2P (Wang et al., 2022b): constructs a pool of learnable
prompts organized as key—value pairs, where the values
guide task-specific representation learning and the keys are
used to retrieve appropriate prompts.

DualPrompt (Wang et al., 2022a): explicitly decouples
task-specific and task-shared prompts, and systematically
investigates where and how different prompts should be
attached to the backbone network.

CODA-Prompt (Smith et al., 2023): introduces an
attention-based prompt composition mechanism to fuse mul-
tiple prompts, alleviating severe performance degradation
caused by incorrect single-prompt selection.

APER-Adapter (Zhou et al., 2025a): is a first-session adap-
tation method that trains adapters only on the initial task.
For subsequent tasks, it performs ensemble classification by
combining class prototypes extracted from both the frozen
pre-trained model and the adapted model, without further
parameter updates.

EASE (Zhou et al., 2024): trains task-isolated adapters for
each incremental task and performs joint decision-making
by aggregating predictions from all task-specific adapters.
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RAPF (Huang et al., 2024): leverages textual class repre-
sentations to mitigate interference from newly introduced
classes and employs an SVD-based parameter fusion mod-
ule to enhance model robustness.

PROOF (Zhou et al., 2025c¢): learns an expandable projec-
tion space and utilizes self-attention to produce instance-
specific embeddings for improved adaptability in continual
learning.

MGCLIP (Huang et al., 2025): maintains a relatively sta-
ble modality gap while training a visual-space classifier
that is not constrained by the modality alignment, enabling
effective classification in continual settings.

G. More Visualization Results

We further report detailed incremental performance curves
under various base and incremental settings, as illustrated in
Figure 11. SViT relies solely on the frozen visual encoder
of CLIP and introduces no learnable parameters; as a result,
it generally underperforms adaptive methods on the initial
base tasks. This behavior is expected, since SViT does not
explicitly optimize task-specific representations.

Notably, SViT exhibits more stable performance as the num-
ber of incremental classes increases. Across most datasets
and protocols, its accuracy curves decay more gradually
compared to other methods, leading to a competitive or
even superior average accuracy over all tasks. This behav-
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Dataset Task 1 2 3 4 5 6 7 8 9 10
Classifier | 1.6 2.0 26 32 38 44 50 56 62 6.7
CUB RAPF 1.6 22 28 35 40 47 53 59 69 78
SViT 1.8 23 29 36 43 51 57 64 73 82
Classifier | 26 42 57 7.1 82 99 11.1 131 141 154
IN-R RAPF |25 44 66 95 96 116 138 153 173 19.6
SViT 24 40 58 74 9.1 107 127 145 16.8 1838
Classifier | 8.6 155 19.8 247 284 347 38.6 450 490 53.7
SUN RAPF 84 128 202 27.1 31.8 38.1 442 51.0 546 63.1
SViT 83 119 188 253 29.1 376 448 49.7 562 642
Classifier | 1.3 19 26 31 38 45 51 57 64 170
UCF101 RAPF 14 23 37 47 47 55 59 69 76 84
SViT 19 21 27 36 42 49 56 63 172 80
Table 6. Task-wise inference time comparison (in seconds).
ior indicates that the primary strength of SViT lies in its Method CUB IN-R SUN UCF
robustness to task progression and its ability to effectively
mitigate catastrophic forgetting. RAPF 396 939 2946 432
PROOF 1708 2579 6594 1025
H. Parameter Sensitivity Results SViT 136 257 1698 99
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Figure 12. Parameter sensitivity.

We analyze the sensitivity of SViT to the fusion weight
A, which balances prototype-based similarity and GMM-
based statistical scores. We vary A over a wide range while
keeping all other settings fixed. As shown in Figure 12, SViT
remains stable across different values of J, indicating that
the proposed fusion strategy is not sensitive to the precise
choice of this hyperparameter.

I. Running Time Results

We further analyze the computational overhead of SViT
during both training and inference. Since SViT only in-
stantiates class prototypes and lightweight GMM estima-
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Table 7. Training time comparison (in seconds).

tors without continual optimization or replay-based training,
its training cost remains substantially lower than existing
replay-based approaches. As shown in Table 7, SViT con-
sistently requires significantly less training time than RAPF
and PROOF across all evaluated datasets.

We additionally investigate the inference overhead intro-
duced by GMM-based fusion. Since SViT performs class-
wise density evaluation during inference, its computational
cost scales approximately linearly with the number of
classes. To contextualize this overhead, we compare SViT
with a standard unified linear classifier as well as RAPF. As
shown in Table 6, the unified classifier consistently achieves
the lowest latency, while RAPF and SViT exhibit similar
scaling trends as the number of tasks increases.

Nevertheless, the latency gap between SViT and the standard
classifier remains consistently small across datasets, sug-
gesting that the practical inference overhead introduced by
density-based fusion is minor. Even on larger benchmarks
such as SUN and ImageNet-R, SViT maintains competitive
inference efficiency.



