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Abstract

Continual learning with Pre-trained Models (PTMs) holds
great promise for efficient adaptation across sequential tasks.
However, most existing approaches freeze PTMs and rely on
auxiliary modules like prompts or adapters, limiting model
plasticity and leading to suboptimal generalization when fac-
ing significant distribution shifts. While full fine-tuning can
improve adaptability, it risks disrupting crucial pre-trained
knowledge. In this paper, we propose Mutual Information-
guided Sparse Tuning (MIST), a plug-and-play method that
selectively updates a small subset of PTM parameters, less
than 5%, based on sensitivity to mutual information objec-
tives. MIST enables effective task-specific adaptation while
preserving generalization. To further reduce interference, we
introduce strong sparsity regularization by randomly drop-
ping gradients during tuning, resulting in fewer than 0.5%
of parameters being updated per step. Applied before stan-
dard freeze-based methods, MIST consistently boosts perfor-
mance across diverse continual learning benchmarks. Exper-
iments show that integrating our method into multiple base-
lines yields significant performance gains.

Code — https://github.com/zhwhu/MIST

Introduction

Continual Learning (CL) is a paradigm in which tasks are
learned sequentially, aiming to reduce forgetting of previ-
ously acquired knowledge while integrating new informa-
tion. Recently, Pre-Trained Models (PTMs) (Han et al.
2021) have shown potential to enhance learning efficiency
in CL tasks. By fine-tuning, PTMs can be easily adapted to
various downstream tasks, enabling continual learners to ac-
quire new task-specific knowledge more effectively and im-
proving resilience to catastrophic forgetting (Sun et al. 2022;
Lyu et al. 2021). One important challenge of PTMs in CL
lies in how to effectively adapt to incremental tasks without
harming the generalization ability of PTMs.

A common practice is to freeze the PTM and introduce
additional learnable parameters to adapt the frozen PTM
to new tasks. These methods can typically be categorized
into two types: prompt-based methods and adapter-based
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methods. Prompt-based methods, such as L2P (Wang et al.
2022b) and DualPrompt (Wang et al. 2022a) introduce addi-
tional learnable prompt pools, which dynamically guide the
frozen pre-trained layers to accommodate incremental tasks.
Adapter-based methods, such as APER (Zhou et al. 2025)
and RanPAC (McDonnell et al. 2023), adapt the frozen PTM
by introducing additional adapters during the initial incre-
mental stage to bridge the domain gap between pre-trained
representations and incremental task distributions. In sum-
mary, most PTM-based CL methods typically freeze PTMs
during incremental learning, relying heavily on the pure pre-
trained knowledge for downstream adaptation. However,
new task distributions may deviate from the encoded PTM
knowledge, the freezing backbone struggles to generalize
effectively across all tasks, that is, poor plasticity (Zhang
et al. 2023). Since freezing PTMs can reduce model plas-
ticity, it raises the question of why some methods that fine-
tune PTMs still achieve suboptimal performance. A possible
explanation lies in the fact that heuristic fine-tuning or fully
updating all parameters can lead to the loss of crucial param-
eters, diminishing the effectiveness of PTMs themselves. To
avoid this, effective sparse tuning is needed, which selec-
tively updates only a subset of parameters, thus preserving
key knowledge within PTMs. The goal of this paper is to
propose a sparse update method that strikes a balance be-
tween effective adaptation to new tasks and the preservation
of generalization in PTM-based CL methods.

Therefore, how to selectively identify important param-
eters in PTM-based CL remains a key challenge. To ad-
dress this, we investigate the underlying behavior of PTMs
through a probabilistic analysis. We theoretically and em-
pirically demonstrate that the parameters sensitive to the
MI objective can effectively model task-specific knowl-
edge while minimizing disruption to the original knowledge
structure of the PTM. Motivated by this, we introduce a
simple yet effective plug-and-play method named Mutual
Information-guided Sparse Tuning (MIST). Specifically,
before training each incremental task with other freeze-
based methods, we first determine the sensitivity of each
PTM parameter to the MI objective. We then select the top
5% most sensitive parameters for MI-guided tuning , which
enables the model to fully adapt to the new task distribu-
tion while maximally preserving the structural knowledge
encoded in the PTM. During this process, we apply strong
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denotes frozen parameters. MIST leverages MI for pre-adaptation,

enabling it to be plugged into other methods. (b) Comparison of different methods in terms of average accuracy, new task
accuracy, and additional parameters. MIST achieves superior accuracy through MI-guided sparse tuning.

regularization by randomly dropping the gradients of 90%
of the selected parameters in each mini-batch, thereby up-
dating only 0.5% of the parameters per batch. After this tun-
ing stage, we freeze the PTM and proceed with the original
freeze-based method for continual learning. We insert our
approach into six representative freeze-based methods and
conduct experiments on serval datasets. Results show con-
sistent performance improvements with MIST, particularly
on datasets with large distribution shifts from the pretrain-
ing domain. For example, SimpleCIL with MIST achieves
17.9% and 15.7% improvements on Split-ImageNet-R and
Split-Cars, respectively. The contributions of this paper are
summarized as follows:

(1) We study PTM-based CL from a probabilistic and
information-theoretic perspective, and theoretically and em-
pirically demonstrate, through MI techniques, PTMs can ef-
fectively adapt to new tasks by updating only a small subset
of parameters.

(2) We introduce a simple yet effective plug-and-play
method named Mutual Information-guided Sparse Tuning
(MIST), which can be integrated into freeze-based methods
to provide significant performance improvements.

(3) We incorporate MIST into six representative PTM-
based CL methods and evaluate them across five benchmark
datasets. All methods achieve consistent performance gains
after integrating MIST, highlighting its broad applicability
and effectiveness. The empirical results clearly demonstrate
the superiority of MIST.

Related Work

Continual Learning on Pre-trained Models. Recently, ad-
vancements in PTMs and their exceptional performance in
adapting to downstream tasks have inspired researchers to
investigate how PTMs can be adapted for continual learning
across sequential tasks. Prompt-based methods learn contin-
ual prompts to provide fixed PTMs with additional instruc-
tion. DualPrompt (Wang et al. 2022a) combines task-shared
and task-specific prompts to achieve an effective balance be-
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tween adaptability and mitigating forgetting, while CODA-
Prompt (Smith et al. 2023) leverages contrastive learning-
based prompts to enhance the representation learning of
PTMs for improved task adaptation. HiDe-Prompt(Wang
et al. 2024) optimizes hierarchical components by combin-
ing task-specific prompts and representation statistics, en-
hanced with a contrastive regularization strategy. Adapter-
based methods also freeze the PTM and introduce ad-
ditional lightweight modules for task-specific adaptation.
SLCA++(Zhang et al. 2024a) sequentially fine-tunes low-
rank LoRA matrices with a small learning rate to avoid dis-
rupting the pre-trained features. RanPAC(McDonnell et al.
2023) adapts the PTM during the first task to enhance down-
stream performance, while APER (Zhou et al. 2025) further
combines the adapted PTM with the original frozen PTM to
jointly extract features, aiming to balance generalization and
task-specific learning.

Mutual Information in Machine Learning. With the ad-
vancement of deep learning(Lyu et al. 2024; Yin et al. 2025;
Zhang et al. 2024b; Du et al. 2024), mutual information
(M) has become an important tool for capturing both lin-
ear and nonlinear dependencies between variables, support-
ing tasks such as feature selection, clustering, and model
optimization (Zhang, Liu, and Song 2023; Vinh, Epps, and
Bailey 2009; Tishby and Zaslavsky 2015). In particular,
InfoNCE (Oord, Li, and Vinyals 2018) has emerged as a
widely used lower-bound estimator of MI in representa-
tion learning. Building on this, recent works have applied
InfoNCE-based MI objectives to continual learning. For ex-
ample, Guo et al.(Guo, Liu, and Zhao 2022) used InfoNCE
to measure MI between samples to mitigate catastrophic for-
getting, while Li et al.(Li et al. 2023) maximized MI be-
tween outputs of current and previous models for knowledge
distillation. In this work, we construct an MI-guided sparse
tuning to identify important parameters during incremental
fine-tuning in PTM-based CL, enabling more targeted and
generalization-preserving updates.



Rethinking PTMs in Continual Learning

Continual Learning with PTMs and the Impact of
Freezing PTMs

Preliminaries. Given a sequence of tasks with data
{D',D?%,..., DT}, where D' = {(z;,v:)}1, with n; input
pair, sample x and its corresponding label y. Different tasks
are with disjoint label spaces across tasks: J; N ); = (@ for
i # j. At the training stage t, only the current task dataset
Dt is available. The model is denoted as fy, where @ is pa-
rameter.

In PTM-based CL, 6 is initialized from a PTM trained on
a large-scale dataset and is typically frozen during adapta-
tion. The model adapts to new tasks by introducing addi-
tional parameters, which can take the form of prompts or
adapters, depending on the chosen tuning strategy. Despite
their structural differences, both methods freeze the back-
bone and optimize lightweight parameters for efficient adap-
tation. Freezing the PTM parameters 6 limits adaptability
to new tasks, shifting the burden to auxiliary modules like
prompts or adapters.
Freezing PTMs in prompt tuning. In prompt-based tun-
ing (the left subfigure in Fig. 1(a)), learnable prompts ¢
are prepended or injected into the input embedding, yield-
ing output p(y | z;0,¢) = fo(Ps(x)). The gradient of the
log-likelihood with respect to ¢ follows the chain rule:

Ologp(y | #:0,9) _ 1 Ofe(Py(x)) 0Py(x)
o p(y | =;0,9) Ox o '

where Py(x) represents the modified input obtained by in-
jecting the learnable prompt ¢ into the feature space of x.
Since 6 is frozen, the Jacobian term 0 fp/Ox is fixed and re-
flects the model’s sensitivity to input perturbations. When
this Jacobian is close to zero in directions that encode task-
specific features, the gradient signal received by ¢ is sig-
nificantly diminished, regardless of its expressive capac-
ity (Qiao et al. 2023; Fu et al. 2024; Gao et al. 2023). This
severely restricts the effectiveness of prompt-based tuning,
especially under distribution shifts where new tasks require
directions outside the pre-trained manifold.

Freezing PTMs in adapter-based tuning. Adapter-based
tuning (the center subfigure in Fig. 1(a)) inserts trainable
adapters ¢ into the intermediate layers, resulting in p(y |
x;0,1) = fo.4(2). The gradient of 1 is:

dlogp(y | x;0,v) 1

= . 1
0 wwleog) oy P

where fg ., means the backbone modified by inserting
adapter modules. From Eq. (1), adapter’s influence must
propagate through the remaining frozen layers to affect the
output. If the PTM is not responsive to the features injected
by adapters, particularly when such features lie outside the
pre-trained distribution, then the resulting gradient with re-
spect to 1) is similarly attenuated (Qiao et al. 2024; Son et al.
2024; Nowak et al. 2024).

In summary, despite using different mechanisms, both
prompt- and adapter-based methods suffer from gradient
suppression due to the fixed representational structure of the
frozen PTM. The frozen PTM acts as a bottleneck that limits
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Figure 2: Zero-shot accuracy using different sparse up-
date strategies. After training on each ImageNet-R task, we
freeze the PTM and train only on a new classification head
on the full Cars dataset. Higher accuracy reflects better gen-
eralization capability of the PTM learned from each task.

the flow of gradients to newly introduced parameters. This
hampers the model’s ability to adapt to novel tasks.

Continual Tuning on PTMs

To enhance plasticity in PTM-based CL, some works have
explored direct fine-tuning. However, studies (Kingma and
Ba 2014; Zhang et al. 2024a) show that this often results
in significant performance drops, particularly under distri-
bution shifts. To analyze this, we begin by examining the
gradient of the log-likelihood:

Ologply | =6) _ 1 9px,y;0)
o0 p(z,y;0) o0
2
1 Op(z;0) @
pla;0) 060

where 0° € 6 denotes an arbitrary parameter in 6. In Eq. (2)
the term dp(x, y; §) /06" encourages task-specific alignment
through updates to p(z,y;6), while the term 9p(z;6)/06"
reflects how parameter changes disturb the pre-trained input
distribution p(x;#). Excessive increase or decrease in the
second term can distort the underlying feature, resulting in
poor generalization.

Existing tuning strategies, including full fine-tuning,
naive partial fine-tuning, and Fisher-guided partial fine-
tuning, share a common limitation: they inadvertently
perturb the pre-trained structure by amplifying the term
Op(x;0)/06, thereby severely reducing the generalization
of the PTM. As illustrated in Fig. 2, this drawback leads to a
continual decline in zero-shot accuracy on the Cars dataset
as tasks progress, clearly indicating progressive loss of gen-
eralization ability. Existing strategies either overfit to new
tasks or disrupt pre-trained generalization due to their in-
ability to disentangle task-relevant gradients from those that
compromise structural stability. This motivates the need for
a more principled tuning strategy that explicitly controls the
influence on each gradient component in Eq. (2). This moti-
vates the need for a more principled tuning strategy that ex-
plicitly controls the influence on each gradient component.



Method
Mutual Information Analysis in PTM-based CL

MI (Kraskov, Stogbauer, and Grassberger 2004; Lei et al.
2023) is a fundamental concept in information theory and
has been widely adopted in machine learning. By maximiz-
ing the MI I(X;Y') between input X and output Y, MI
explicitly quantifies the statistical dependency between fea-
tures and labels (Guo, Liu, and Zhao 2022). Formally, the
MI I(X;Y) is defined as:
p(z,y;0)
Y] = By {log p(ﬂc;@)p(y;@)] ’

where p(y; ) denotes the prior probabilities of the target
classes. Due to the normalization constraint of probability
distributions, we have ) _ p(z;0) = 1 and Zy p(y; 0) = 1.
Under this constraint, the gradient of the MI with respect to
p(z,y;0)

6% can be simplified as:
p(; 0)p(y; 9)} '
“)

0I(X;Y)
o0t

In this paper, we explore how MI contributes to the trade-
off between plasticity and generalization in PTM-based CL,
and make two observations.

(1) Mutual Information Gradients: Stable Adaptation
with Minimal Interference. Compared with CE gradients,
MI gradients induce less disruption to the pre-trained fea-
ture space. Both gradients, as shown in Eq. (2) and Eq. (4),
include the term dp(x, y; 0)/06°, which accounts for task-
specific supervision. However, the CE gradient addition-
ally involves the marginal term 9p(x; 0) /96", which directly
modifies the input distribution learned by the PTM. This
term does not appear in MI gradients due to the probabilistic
normalization constraint imposed by mutual information ob-
jectives, thereby naturally preserving the structural integrity
of the input features.

(2) Diverse Batches Improve Gradient Stability under
MI Objectives. The MI gradient formulation assumes a nor-
malization condition ) p(x;6) = 1, which holds exactly
only when the full data distribution is observed. In practice,
this assumption is better approximated when batches contain
a diverse and representative set of samples. Consequently,
using larger and more varied batches helps reduce gradient
estimation bias and further mitigates unintended shifts in the
pre-trained representation space during adaptation.

In summary, MI provides a more stable optimization ob-
jective than CE for CL with PTMs. Unlike CE gradients,
which include the marginal term dp(z; §)/90° and may dis-
rupt the pre-trained input distribution, MI gradients inher-
ently avoid this due to normalization constraints, preserv-
ing feature integrity. Additionally, MI benefits from diverse
batches, which better approximate the underlying data dis-
tribution and reduce gradient bias. Together, these properties
enable MI to strike a more effective balance between plastic-
ity and stability during adaptation. While MI enables a better
plasticity—stability trade-off, directly replacing CE for full
fine-tuning may still lead to information loss and high com-
putational cost due to large-scale updates. To address this,
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we next introduce a lightweight MI-based method that se-
lectively tunes a small parameter subset and can be flexibly
integrated as a plugin into existing PTM-based CL methods,
including prompt-based and adapter-based approaches.

Mutual Information-Guided Sparse Tuning
(MIST): A Plug-and-Play Solution

In this subsection, we introduce Mutual Information-guided
Sparse Tuning (MIST), a plug-and-play pre-adaptation
framework compatible with a wide range of PTM-based
CL methods, including those based on prompt tuning and
adapters. MIST acts as a pre-adaptation stage that sparsely
fine-tunes the PTM before one freeze-based method. Specif-
ically, it identifies the top-k% most MI-sensitive parameters
through gradient-based sensitivity analysis, and selectively
fine-tunes them using a mutual information objective. This
pre-adaptation helps reshape the feature space with minimal
interference to the pre-trained structure.

To efficiently estimate the sensitivity of each parameter
0* € 0 to the MI objective, we adopt the MI-based Fisher
Information Matrix (Kirkpatrick et al. 2017) as an impor-
tance measure. While computing exact gradients over the
entire task is computationally intensive, the sample distri-
bution within a task is typically uniform in CL, enabling a
batch-wise approximation:

2
) ;)

8£1€ﬁ ? / Bj«<Du a‘Cl\ijl
v = ( ) ~ Py = ijl 20

00
where Cﬁ} is the MI loss computed over task Dy, and B;
represents the j-th mini-batch sampled from D;. In practice,
we identify the top k% of parameters with the highest Fy
values as the most MI-sensitive parameters, denoted by M:

M= {6 € 0] rank(Fyy(6") < |k%-16]]}.  (6)

where rank(-) denotes the descending order index, and ||
denotes the floor function. That is, we select the top k%
parameters with the highest MI-based importance scores.
Given that only a small subset of parameters is updated in
each batch and that PTMs are typically initialized near an
optimal solution (Zhang et al. 2023; Zhou et al. 2025), we
compute Fy;; once at the beginning of each task and reuse
M throughout the pre-adaptation phase to ensure both ef-
ficiency and effectiveness. With the MI-sensitive parameter
subset M identified, we proceed to the pre-adaptation stage
using an MlI-based objective to minimize disruption to the
pre-trained feature structure. However, computing the exact
Ml loss is challenging in practice, as both joint and marginal
distributions p(z, y; #) and p(x; 0) are typically intractable.
Inspired by OCM (Guo, Liu, and Zhao 2022), we adopt the
supervised InfoNCE loss to construct the MI objective:

|B|
A,
Lur =3 B ,
i=1 3Bl ZL:|1 1(ys = vi)
where X, Y € {z;, yz}‘lill And A; is given by:
. Z log g(wi, wx) - g(xi, x,) - g2}, 7))

37
B
v (S glwiws) + oo ) + ga)a))

)




Algorithm 1: MI-guided Sparse Tuning

Require: Continual tasks {Di,...,Dr},
model fy, select rate k%, dropout rate d%
1: fortaskt =1to 7T do

pre-trained

2:  Compute the Fisher matrix Fy, using Eq. (5)

3:  Generate parameters group M by selecting top k%
parameters using Eq. (6)

4:  for each training mini-batch iteration do

5: Compute MI loss using Eq. (7)

6: Generate dropped parameters group M’ by drop-

ping d% parameters in M

7: Update the parameters in M’

8: end for

9:  Training other method’s additional parameters (e.g.
prompt, adapter and classifer) on D,

10: end for

where g(zi, 7)) = efo@) " Jo(x5)/7 i5 the similarity of two
samples, 7 is temperature, a:; is an augmentation view of
sample x;. By optimizing Eq. (7), we effectively maxi-
mize the MI I(X;Y), thereby modeling p(z,y;6) in a task-
discriminative manner.

To further reduce the number of parameters being up-
dated, we introduce a lightweight regularization strategy
called Gradient Dropout. During each batch of the pre-
adaptation stage, we randomly drop d% of the MI-sensitive
parameters in M, resulting in only k% x d% of total param-
eters being updated per batch. In practice, we set k% = 5%
and d% = 90%, yielding updates to merely 0.5% of all pa-
rameters per batch. This stochastic suppression addresses a
critical issue, i.e., repeatedly updating a fixed subset of pa-
rameters can constrain the model’s exploration of the opti-
mization landscape, leading to biased shifts in the feature
space. By introducing randomness into the gradient flow,
Gradient Dropout promotes more diverse and balanced pa-
rameter updates, reduces co-adaptation, and further stabi-
lizes the pre-trained representation by mitigating local bias
and limiting excessive perturbations.

Plugging MIST into PTM-based Continual
Learning: The Algorithm

As shown in Algorithm 1, we begin by temporarily unfreez-
ing the PTM fy and estimating the sensitivity of each param-
eter with respect to the MI objective. Based on this, we select
the top £% most sensitive parameters to form the update set
M. During the MI-guided tuning phase, we apply Gradient
Dropout. After a few epochs of such sparsified adaptation,
the PTM is refrozen, and the standard freeze-based CL pro-
cedure resumes. This pre-adaptation phase introduces small
computational overhead and is compatible with a wide range
of PTM-based CL methods. For prompt-based approaches,
MIST is applied to the PTM prior to prompt tuning. For
adapter-based methods, we do not modify the PTM or per-
form any initial task-specific fine-tuning. Instead, MIST is
used as a lightweight pre-adaptation step, after which clas-
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sifier training proceeds as originally designed.

Experiment
Experimental Setups

Benchmark. We consider five representative benchmark
datasets and randomly split each of them into 10 dis-
joint tasks. Including CIFAR-100 (Krizhevsky and Hinton
2009), ImageNet-R (Hendrycks et al. 2021a), ImageNet-
A (Hendrycks et al. 2021b), CUB-200 (Wah et al. 2011)
and Cars-196 (Krause et al. 2013). Performance is evalu-
ated using the standard CL metric, Average Accuracy (Shim
et al. 2021), defined as: A; %Zle Ry, where R, ;
denotes the classification accuracy on the i-th task after
training on the ¢-th task. We report both Az and A in the
main paper. Here, A denotes the mean of A; over all tasks:

A = % Zthl Ay. Tt reflects the average accuracy of all
classes seen so far after each incremental task.
Implementation. Following previous works (Wang et al.
2022b,a), we adopt a pre-trained ViT-B/16 backbone (Doso-
vitskiy et al. 2020) for all baselines. Except for OCM (Guo,
Liu, and Zhao 2022), no methods use a buffer; OCM is im-
plemented in an offline setting with a buffer size of 1000. We
follow the original implementations by employing the Adam
optimizer for L2P, DualPrompt, and CoDA-Prompt, and the
SGD optimizer for all other baselines. Our method, MIST,
is inserted as a plug-in module before each selected baseline
and is trained for 20 epochs using the SGD optimizer with a
learning rate of 0.0001. In the MI-based selection stage, we
select the top k% = 5% most sensitive parameters. For each
mini-batch, we further apply a dropout rate of d% = 90%
to the selected parameters, resulting in only 0.5% of total
parameters being updated per batch. MIST solely optimizes
the MI loss (Eq. 7), with the temperature 7 set to 0.5. For
each task, MIST first conducts this sparse fine-tuning, af-
ter which the corresponding baseline resumes training using
its original configuration. We adopt this setting consistently
across all datasets in our experiments.

Experimental Results

Overall performance. To assess the versatility of MIST,
we plug it into six representative freeze-based methods:
L2P, DualPrompt, SLCA, EASE, RanPAC, and SimpleCIL.
Among them, L2P and DualPrompt are prompt-based meth-
ods that freeze the PTM and learn token-like prompts for
adaptation. SimpleCIL does not involve any parameter tun-
ing and directly trains a prototype classifier on frozen rep-
resentations. RanPAC and EASE are adapter-based methods
that inserts and fine-tunes lightweight modules in the PTM.
SLCA adopts a full fine-tuning strategy with a reduced
learning rate. As shown in Table 1, incorporating MIST con-
sistently improves all methods across all datasets. For exam-
ple, DualPrompt/MIST achieves accuracy gains of +1.6%,
+6.0%, +4.4%, +1.4%, and +11.2% on the five datasets, re-
spectively. Furthermore, we observe that many methods per-
form poorly on the Cars196 dataset. For instance, the Ar
of L2P and SimpleCIL are only 39.6% and 27.8%, respec-
tively. This is mainly because pretraining knowledge offers



Method CIFAR100 ImageNet-R  ImageNet-A CUB200 Cars196
A Ap A Ap A Ap A Ap A Ap
EWC (Kirkpatrick et al. 2017) 532 412 423 262 220 7.9 576 378 467 243
OCM (Guo, Liu, and Zhao 2022) 63.6 370 770 667 581 444 851 717 653 505
CODA-Prompt (Smith et al. 2023) | 91.3 869 78,5 734 639 527 841 793 521 454
SLCA++ (Zhang et al. 2024a) 94.1 915 830 775 671 587 91.0 867 792 738
APER(Adapter) (Zhou et al. 2025) | 83.9 859 742 669 624 521 905 856 528 405
L2P (Wang et al. 2022b) 86.7 833 745 68.6 539 449 817 674 539 396
+MIST 8.1 86.1 775 726 569 512 823 718 634 527
DualPrompt (Wang et al. 2022a) 874 840 752 702 557 477 823 68.8 532 416
+MIST 89.0 862 80.1 762 60.1 533 83.1 702 624 528
SLCA (Zhang et al. 2023) 94.1 915 81.7 77.0 679 593 909 847 769 677
+MIST 948 922 836 800 699 610 920 873 80.7 74.6
EASE (Zhou et al. 2024) 91.8 874 81.1 751 653 549 909 858 384 273
+MIST 922 882 81.8 763 660 569 918 87.0 57.0 472
SimpleCIL (Zhou et al. 2025) 87.1 813 61.1 543 598 485 909 856 388 278
+MIST 879 8.1 795 722 655 553 916 868 57.0 435
RanPAC (McDonnell et al. 2023) 940 908 832 779 701 614 926 889 828 746
+MIST 953 924 849 81.0 725 625 93.6 904 83.0 764
Table 1: Performance comparison on various datasets.
limited utility for complex fine-grained vehicle classifica- Method ImageNet-R  Cars196
tion, making it particularly challenging for models to adapt A Ar A Ar
to such new domains. After inserting MIST, the final accura-
cies of L2P and SimpleCIL increase by +13.1% and +15.7% | RanPAC [ 832 779 828 746
respectively, indicating that MIST effectively enhances the +FFT 57.6 367 313 112
model’s ability to align with domain-specific structures be- (a) +Rand 524 11.8 337 109
fore classifier training. Among all methods, RanPAC/MIST +L.2 39.0 144 296 104
achieves.the best overall performance, indicating that even +Grad 548 339 299 106
wueil(li-ec:lets&ilil:d Sa;illagter—based methods benefit from the MI- (b) +Grad+ML 767 611 642 403
& & stage. +Grad+ML+Drop | 77.5 68.3 649 42.0
Effect of MIST. To better understand the effect of MIST
on PTM-based CL performance, we visualize both the new +MS 3.5 668 760 662
task accuracy (Figure 3) and the incremental accuracy (Fig- © +MS+ML 822767 813 721
+MS+ML+Drop | 849 81.0 83.0 764

ure 4). New task accuracy refers to the accuracy on the
newly learned task, while incremental accuracy denotes the
average accuracy over all tasks learned so far. As shown,
MIST improves the learning effectiveness across all inserted
methods. Specifically, in Figure 3, the new task accuracy in-
creases significantly for all methods after integrating MIST.
This improvement indicates that the pre-adaptation phase
provided by MIST helps the PTM align more effectively
with task-specific distributions. Correspondingly, Figure 4
shows that MIST also leads to notable gains in incremen-
tal accuracy across all tasks. This is attributed to the im-
proved learning efficiency on new tasks, which in turn con-
tributes to higher cumulative accuracy when evaluated on
all seen classes. Taken together, these results highlight the
effectiveness of MIST as a plug-in component that improves
the task-specific learning capacity of freeze-based methods
while preserving their stability, ultimately leading to consis-
tent performance gains in CL scenarios.

Comparison with naive sparse tuning strategies. We inte-
grate several pre-adaptation strategies into RanPAC, includ-
ing full fine-tuning (FFT) of all parameters, top 5% selec-
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Table 2: Comparison of tuning strategies used for pre-
adaptation in RanPAC. “MS” refers to MIl-based sparse
selection, “ML” to MI loss, and “Drop” to dropout.
“MS+ML+Drop” corresponds to our MIST implementation.
(a) shows naive selection strategies, (b) adds MI loss and
dropout to a naive strategy, and (c) uses MI-based sparse se-
lection combined with MI loss and dropout.

tion based on gradient magnitude (Grad) or parameter norm
(L2), and random 5% selection (Rand). As shown in Ta-
ble 2(a) and (b), all these alternatives perform significantly
worse than MIST. This is because MIST leverages mutual
information (MI) to assess parameter sensitivity, enabling
effective task adaptation while minimizing disruptions to the
pre-trained representations. In contrast, the alternative meth-
ods ignore the importance of preserving pre-trained knowl-
edge during parameter selection, making them vulnerable to
catastrophic forgetting and performance collapse. Overall,
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Figure 4: Incremental accuracy.

MIST offers a more balanced adaptation path by jointly pre-
serving plasticity and stability, demonstrating its superiority
as a general plug-in pre-adaptation module.

Ablation study. Table 2(c) presents the ablation study
of MIST. When applying only MI-based sparse selection
("MS”), the model achieves the lowest accuracy among the
three. Although sparse selection reduces parameter interfer-
ence, the optimization remains guided by the cross-entropy
loss, which fails to explicitly preserve the pre-trained feature
distribution. Nevertheless, this approach still outperforms al-
ternative selection strategies. Upon introducing the MI loss
("MS+ML”), performance improves, indicating that the MI
objective effectively guides the model toward downstream
distributions while retaining generalization. Finally, adding
gradient dropout ("MS+ML+Drop”) yields the highest accu-
racy across all settings, as it regularizes the update path and
mitigates overfitting to static parameter importance. To fur-
ther validate the effectiveness of MI-based sparse selection,
we also apply MI loss and dropout to the Grad-based strat-
egy in Table 2(b). Although this leads to some performance
gains, its results remain clearly inferior to MIST. This high-
lights the unique advantage of MI-guided selection and the
complementary role of the three components in MIST. These
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Method AP (M) FLOPs(M) Time (ms)

SLCA 85.40 171.6 12.3
RanPac 4.53 8.6 9.1
L2P 0.48 1.0 12.4
MIST 0.43 0.8 9.7

Table 3: Efficiency analysis.

findings confirm that MI sparsity, MI loss, and dropout con-
tribute synergistically to overall performance gains.
Parameter efficiency analysis. Table 3 compares the effi-
ciency of different methods in terms of (1) AP: the num-
ber of parameters updated per mini-batch (in millions), (2)
FLOPs: flops for updating the selected parameters per batch,
and (3) Time: time required to train a batch on an NVIDIA
RTX 4090 GPU. Among the methods, SLCA performs
full fine-tuning and thus has the highest update cost—both
in terms of parameters (85.40M) and time (12.3ms). L2P
only updates prompt tokens, but incurs additional overhead
(12.4ms) likely due to its key-query matching mechanism
during token routing. MIST, while updating only 0.43M pa-
rameters per task, incurs slightly higher computation time
(9.7ms) compared to RanPAC. This is because computing
the MI loss requires augmented views of each sample. In
summary, MIST achieves the lowest update cost without in-
troducing any additional parameters, making it easily plug-
gable into other methods.

Conclusion

In this paper, we investigate the fundamental challenge
of balancing plasticity and generalization in PTM-based
CL. We reveal that direct fine-tuning often compromises
the pre-trained feature distribution, while existing freeze-
based methods suffer from limited adaptability to new tasks.
Through a theoretical lens grounded in MI, we analyze
how gradients derived from MI objectives offer a more
stable optimization path by avoiding unnecessary pertur-
bations to the PTM. Motivated by this, we propose Mu-
tual Information-guided Sparse Tuning, a lightweight and
plug-and-play pre-adaptation strategy that selectively up-
dates only the most informative parameters before each in-
cremental task. By computing an MI-based Fisher Informa-
tion Matrix, MIST identifies sensitive parameters, then ap-
plies strong gradient dropout to regularize the update path,
enabling the PTM to better align with task-specific distribu-
tions while maintaining generalizable representations. Ex-
tensive experiments demonstrate that MIST can be seam-
lessly integrated into various freeze-based CL frameworks,
consistently boosting performance across diverse datasets,
especially under large distribution shifts. The limitation of
MIST lies in its reliance on efficient approximation of the
Fisher matrix. When the data within a task exhibits signif-
icant distributional variation, this approximation may be-
come inaccurate, potentially compromising the effectiveness
of MIST. In the future, we plan to explore more robust Fisher
estimation techniques that can adapt to intra-task variation.
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