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Abstract. Continual fine-tuning of large vision-language models (VLMs)
such as CLIP is crucial for adapting foundation models to evolving real-
world distributions. However, such adaptation often disrupts pretrained
representations and severely harms zero-shot generalization. Despite re-
cent progress, existing methods overlook the underlying optimization ge-
ometry, failing to anchor convergence within regions robust to distribu-
tion shift. While recent studies suggest that flatter loss minima improve
generalization, we empirically demonstrate that seeking local flatness
on a single task is insufficient to bridge the distributional gap between
pre-trained and task-specific representations. Motivated by this obser-
vation, we propose Dual-Generalization-aware Minimization (DGM), a
plug-and-play optimization framework for continual adaptation of VLMs.
DGM extends flatness-aware training by redefining the perturbation ob-
jective to jointly promote pre-trained knowledge preservation and task-
specific robustness. By incorporating these objectives into the inner max-
imization step, DGM steers optimization toward solutions that remain
stable under both zero-shot evaluation and task adaptation. Extensive
experiments demonstrate that DGM effectively maintains zero-shot gen-
eralization while achieving strong performance on sequential tasks.
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1 Introduction

Continual Learning (CL) enables models to sequentially acquire new knowledge
without discarding previously learned capabilities [9,|15,[33]. Conventional ap-
proaches primarily focus on training models from scratch [27,|35]|, aiming to
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Fig. 1: lllustration of generalization degradation during continual ne-tuning and
the proposed DGM framework. (a) Standard ne-tuning leads to sharp minima, and
atness-aware methods optimized for a single task distribution are vulnerable under se-
quential distribution shifts. (b) DGM incorporates perturbations from both pre-trained
knowledge and task-speci ¢ variations to locate atter solutions that remain stable
across evolving tasks.

mitigate the catastrophic forgetting of previous task knowledge while main-
taining su cient plasticity for new data. Leveraging the remarkable zero-shot
transfer and cross-modal alignment of large-scale pre-trained models, adapting
vision-language models (VLMs) such as CLIP [34] has emerged as a promising
direction that attracts increasing attention. However, sequential ne-tuning on
these foundation models still faces a fundamental bottleneck between acquiring
task-speci ¢ expertise and preserving zero-shot transferability [6, 26].

Recent research has explored diverse strategies for continual adaptation of
VLMs, including structural isolation through modular routing or task-specic
adapters [32,47,49] and representation-level alignment that enforces feature con-
sistency across tasks [21,22,51,54]. While these approaches mitigate catastrophic
forgetting through parameter or representation constraints, they rarely consider
how the optimization process shapes the model's generalization behavior. Recent
studies on foundation model adaptation suggest that generalization is closely
related to the geometry of the loss landscape [5, 20,41]. In particular, solutions
located in atter regions tend to exhibit stronger robustness to distribution shifts
and improved transferability across tasks [41]. However, existing continual learn-
ing methods rarely incorporate such geometric considerations into their design.
Consequently, continual ne-tuning often drives the model toward sharp, task-
speci ¢ minima that degrade zero-shot generalization and cross-domain transfer
(Fig. 1(a)).

While atness-aware methods have been shown to improve generalization in
static, single-task settings [23,50] and have proven bene cial for continual learn-
ing for models trained from scratch [3], they remain insu cient for the multi-
distribution nature of continual ne-tuning in vision-language models. When
large pre-trained VLMs are adapted to sequential tasks, the optimization process
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is in uenced not only by parameter sensitivity but also by distributional drift
between the broad pre-training distribution and the narrow task-speci c distri-
butions encountered during adaptation. Such shifts alter both feature statistics
and the curvature of the loss landscape over time (Fig. 1(a)). Perturbations de-
rived solely from the current task loss thus capture only a partial view of this
evolving landscape and fail to account for directions of instability introduced
by distributional drift. This limitation makes single-task perturbation strategies
insu cient to capture the dynamics that lead to catastrophic forgetting and
degradation of zero-shot generalization.

To address this challenge, we propose Dual-Generalization-aware Minimiza-
tion (DGM), a plug-and-play optimization framework that promotes at solu-
tions during continual ne-tuning of vision-language models. DGM explicitly
targets the multi-distribution nature of continual adaptation by estimating per-
turbations from two complementary sources: (1) the pre-trained model's predic-
tions, which preserve zero-shot generalization inherited from pre-training, and
(2) task-speci ¢ visual perturbations, which improve robustness to the current
task distribution. By jointly minimizing sensitivity to perturbations from these
two sources, DGM encourages the model to converge to solutions that remain
stable against both pre-trained knowledge erosion and task-speci ¢ over tting,
thereby mitigating catastrophic forgetting while preserving zero-shot generaliza-
tion (Fig. 1(b)).

The key contributions of this work are summarized as follows:

We empirically reveal that optimizing atness exclusively on the current
task leaves the model vulnerable under the pre-trained distribution, leading
to both catastrophic forgetting and degradation of zero-shot generalization.
We propose Dual-Generalization-aware Minimization (DGM), an optimiza-
tion framework that integrates perturbations from both pre-trained knowl-
edge and task-speci ¢ variations to locate solutions stable across evolving
task distributions.

DGM is a plug-and-play optimizer that consistently improves knowledge
retention and zero-shot generalization across multiple continual learning
benchmarks without additional data or parameters.

2 Related Work

Class-Incremental Learning (CIL). Traditional continual learning (CL)
methods are typically categorized as follows [33,42,44]. 1) Replay-based meth-
ods [1, 35, 39] mitigate forgetting by storing or generating a subset of exemplars
from previous tasks for joint training. However, they are sensitive to memory
size and prone to over tting. 2) Regularization-based methods constrain pa-
rameter updates important to prior tasks [28, 36, 38], their xed capacity often
limits plasticity as tasks accumulate. 3) Architecture-based methods [30,53] dy-
namically adapt or expand the network to accommodate new knowledge while
isolating interference across tasks, though they frequently rely on task identi ers
during inference. Recently, several works have explored continual learning from
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the perspective of optimization dynamics and loss landscape geometry [10, 37],
demonstrating that sharpness-aware optimization signi cantly alleviate forget-
ting by encouraging atter minima and improving generalization across tasks.

CIL with Vision-Language Models. The strong zero-shot and cross-domain
capabilities of pretrained vision-language models (VLMs), such as CLIP, have
motivated increasing e orts to adapt them to downstream tasks. While robust
ne-tuning methods [14,45] partially preserve zero-shot capabilities, they are pri-
marily designed for single-stage adaptation. When extended to class-incremental
learning (CIL) settings [18,40], these models still su er from catastrophic forget-
ting during sequential adaptation. Existing approaches attempt to mitigate this
issue from several perspectives. Architecture-based methods introduce modu-
lar components, such as task-speci ¢ adapters, dynamic routing mechanisms, or
mixture-of-experts modules, to decouple task representations and reduce inter-
task interference [32,47,49]. Regularization-based methods aim to preserve pre-
trained knowledge through various constraints, including representation-level
alignment [18, 52], restricted feature updates [22,51], and auxiliary alignment
objectives [19, 21, 54]. While optimization-based strategies have also been ex-
plored, they are typically limited to heuristic adjustments such as learning rate
scheduling [48]. Consequently, most existing methods focus on controlling pa-
rameter updates or representations, while the role of optimization dynamics in
shaping generalization during continual ne-tuning remains underexplored.

Flatness-Aware Optimization. Recent research has explored optimization
strategies that seek at minima to improve model generalization [13,16]. Repre-
sentative approaches include Sharpness-Aware Minimization (SAM) [13], which
approximates zeroth-order sharpness by maximizing the training loss within a
local neighborhood, and Gradient-norm Aware Minimization (GAM) [50], which
measures rst-order sharpness to encourage feature stability and reuse. Subse-
guent studies have provided theoretical insights highlighting the importance of
local curvature and loss landscape atness for improving robustness and transfer-
ability [2,7, 8]. Motivated by these ndings, recent work has extended atness-
aware optimization to the ne-tuning of large pretrained models, particularly
in parameter-e cient adaptation settings [12, 25, 29]. However, these methods
are primarily designed for single-task ne-tuning and do not explicitly address
the challenges of maintaining generalization during continual adaptation across
evolving tasks.

3 Methodology

3.1 Preliminaries

Class-Incremental Learning. We adopt the Class-Incremental Learning (CIL)
framework, where a pre-trained model {, is sequentially ne-tuned on a stream
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(a) Forgetting (b) Zero-shot stability (c) Small epoch (d) Large epoch

Fig. 2: Forgetting and zero-shot stability under di erent ne-tuning budgets. In(a)(b),
we show the cross-task accuracy matrices under small and large epoch. In(c)(d), we
show the forgetting and zero-shot stability curves.

of T classi cation tasks f(C;; D¢)g, . Each task t 2 [1;T] consists of a train-
ing dataset D; = f(x ;i )gi’\':‘l with N ¢ labeled samples and a unique set ofn

non-overlapping class spaces:;€C; = ; for all i 6= j. During training on task
t, the model f; has access solely to the current dataset Dand optimizes the

available. After completing task t, the model is reguired to accurately classify
samples across the cumulative class space.C= i‘:l G without reliance on
task identi ers at inference time.

Sharpness-Aware Optimization. Sharpness aware minimization (SAM) [13]

aims to reduce the sharpness of the loss surface by minimizing the maximal loss
changes from a small perturbation on the model's learnable parameters. The
optimization objective is de ned as:

min max Lyain ( + ); 1)
kk 2
where is the size of the neighborhood and._y,j, represents a general learning

objective. To e ciently optimize the objection in Eq. (1), it is approximated via
rst order expansion and compute the adversarial perturbation as follows:

o .
WLOK 2 @

whererL() is the gradient of L() with respect to . Subsequently, one can
compute the gradient at the perturbed point + , and then use the updating
step of the base optimizer such as Adam to update

w1 = ¢ rLQ)j O ®3)

where denotes the learning rate.

3.2 Empirical Analysis

Geometry of Generalization Decay. To examine how generalization de-
grades under continual adaptation, we evaluate naive ne-tuning on CIFAR-100
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(a) Adam (b) SAM (c) Adam (d) SAM

Fig. 3: Loss Landscape Visualizations of Sequential Tasks. (a)(c) Loss surfaces for Task
1 and Task 2 optimized via Adam. (b)(d) Loss surfaces for Task 1 and Task 2 optimized
via SAM. SAM identi es signi cantly broader basins for all tasks, mitigating inter-task
interference.

with a ten-task incremental split and varying training budgets. We analyze the
accuracy matrix R;; , where each entry denotes the accuracy onPtask Tafter
training on T;, and two quantitative metrics: forgettuag score —— i<i (Rji

Rj ) (past-task retention) and zero-shot stability +— 1 i>i Ri (future-task con-
sistency). As shown in Fig. 2a and Fig. 2b, forgetting escalates while zero-shot
stability monotonically declines as ne-tuning epochs increase. These results in-
dicates that extended ne-tuning progressively overwrites prior knowledge while
simultaneously eroding the pretrained model's generalization. Then we analyze
the sharpness of the resulting solutions by comparing the Hessian eigenvalue
distributions in Fig. 2c and Fig. 2d. Both the spectral norm ( max ) and the
trace increase substantially with longer ne-tuning, indicating a shift toward
sharper, more task-specic regions of the loss landscape. This alignment be-
tween increased sharpness and performance decay suggests that standard ne-
tuning progressively replaces broad pretrained representations with narrow, task-
speci ¢ minima, highlighting the need for optimization strategies that explicitly
preserve generalization during continual adaptation.

E ect of Flathess-Aware Optimization. Prior work [31, 37, 46] has shown

that atter minima mitigate forgetting in continual learning for small-scale mod-
els trained from scratch. To examine whether this property extends to pre-
trained models, we visualize the loss landscapes of sequential tasks using a two-
dimensional projection around converged solutions. The converged parameter
vector after training on task T; is denoted byw;, with projection details provided

in the Appendix. We conduct a controlled experiment on CIFAR-100, where
three tasks are trained sequentially using either standard Adam or Sharpness-
Aware Minimization (SAM). As illustrated in Fig. 3, optimization with stan-
dard Adam produces disjoint, sharp minima, where minimizing the loss of a
new task leads to a signi cant increase in the loss of previous tasks, indicating
severe inter-task interference. In contrast, models trained with SAM converge
to signi cantly broader basins. The increased overlap between low-loss regions
across tasks suggests that atness provides a useful proxy for cross-task stability.
However, pursuing parameter-level atness for the current task alone remains in-



DGM for Continual Fine-Tuning of VLMs 7

(a) First 3 Tasks (b) Second 3 Tasks (c) First 3 Tasks (d) Second 3 Tasks

Fig. 4: Evolution of loss landscapes under sequential distribution shifts. (a b) Zero-
shot landscape (ImageNet-100): the loss surface becomes increasingly irregular as tasks
accumulate, indicating degradation of zero-shot generalization. (c d) Task 1 landscape:
the initial at basin gradually shifts as the model adapts to later tasks, illustrating the
instability of task-speci ¢ atness under sequential adaptation.

su cient under the evolving distributional conditions encountered in continual
ne-tuning of VLMs.

Fragility under Distribution Shifts. While the previous analysis shows that
atness-aware optimization mitigates inter-task interference, an important ques-
tion remains: does a at solution for the current task remain stable under the
evolving data distributions inherent in continual learning? To investigate this,
we extend the task sequence to ten tasks and track the evolution of the loss
landscape for both the initial task and an out-of-distribution proxy (ImageNet-
100). As shown in Fig. 4, the at region identi ed by SAM for Task 1 quickly
drifts away from the low-loss basin as the model adapts to subsequent tasks.
More critically, the zero-shot landscape (ImageNet-100) becomes increasingly
irregular and exhibits persistent upward drift. These observations reveal a fun-
damental limitation of standard atness-aware methods: it assumes a stationary
data distribution and therefore cannot account for the distributional drift be-
tween broad pre-training knowledge and narrow task-speci ¢ objectives. This
motivates the need for an optimization objective that explicitly considers both
sources of distributional variation during continual adaptation.

3.3 Dual-Generalization-Aware Minimization

To address the limitation of single-task perturbation in sharpness-aware meth-
ods, we propose Dual-Generalization-aware Minimization (DGM), an optimiza-
tion framework designed for continual ne-tuning of vision-language models.
Instead of deriving perturbations solely from the current task loss, DGM in-
corporates two complementary objectives: (1) a zero-shot knowledge objective
that preserves alignment with the pre-trained model, and (2) a task-speci c ro-
bustness objective that captures variations within the current task distribution.
By computing perturbations from the combined objective, DGM encourages the
model to learn solutions that remain stable under both pre-trained knowledge
preservation and newly observed task distributions.
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Dual-Generalization Perturbation To obtain solutions that are robust to
both pre-trained knowledge erosion and task-specic over tting, we de ne a
composite perturbation loss:

Lpertub (D)= 1lzs(; o0:Dt)+ 2Lnv (; ISt); (4)

where denotes the current model parameters, o the frozen pre-trained model,
Lzs preserves alignment with the pre-trained predictions, and Lyy introduces
robustness through noisy visual inputsD;. We optimize the following minimax
objective:

min krlpgax [Ltrain ( + )+ L perturb ( + )] (5)

Following SAM, the adversarial perturbation is approximated by a rst-order
Taylor expansion:

r [Ltrain ()+|— perturb ()] .
K [Loan )+ L portur Q1K -

The model parameters are then updated by minimizing the loss at the per-
turbed location + in Eqg. (3).

(6)

Zero-Shot Generalization Probe. To preserve the model's zero-shot gener-
alization behavior, we utilize the predictions of the frozen pre-trained model as a
reference. Given a sample x 2 B, we align the prediction probabilities P;(x) of
the evolving model f; with the zero-shot probabilities Pzs (x) generated by the
frozen pre-trained model fy. This consistency is enforced through the Zero-Shot
Knowledge loss:

Lzs =KL Pi(X) kPzs(x) ; (1)

where KL divergence is employed to quantify the distributional shift. By incorpo-
ratingr Lzs into the perturbation computation, we ensure that the generated

explores directions that would otherwise compromise the model's inherent ver-
satile representations.

Task-Speci ¢ Robustness Probe. To improve robustness to variations within

the current task distribution, we introduce a stochastic visual perturbation mech-
anism to probe the local curvature of the current task distribution. Following the
intuition of visual uncertainty, we model each visual representation %, i 2 [1; N {]
as a Gaussian distribution to simulate potential distribution shifts within the
task. We estimate the sample-wise mean and variance 2 by calculating the
statistical moments of the latent visual features across their dimensions, and
synthesize a noisy variant x:

x = NG  2)+(@Q )x i i2[LNy]; (8)
where is the noise ratio. The task-speci ¢ robustness loss is de ned as:

Lnv =L gan ;B ; whereD; =f(® i;yi)ghs : ©)
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Algorithm 1: DGM for Continual Learning

Inputs: Training phase T, training data DT, model f 7! with parameter 7! from

last phase if T > 1, batchsize b, oracle loss function Lain , learning rate >0 , neigh-
borhood size , trade-o coecient 1; 2, small constant c.
Output: Model trained at the current time T
1: Initialize:: if T =1: Randomly Initialize parameter
2: while not converged do
3:  Sample a batch fx; yg from X¢;Y:

T=1

4. Compute Lperturb in Eq. (4)

5. Compute gradient r Lyan () andr  Lperarn ()
6: Compute () in Eqg. (6)

7:  Approximate gradient g =1 Lyan ()] +()

8: Update model parameter: = g ;

9: end while

10:return T and T

By training under the perturbation derived from r  Lyv , the model is forced to
identify regions that are not only optimal for the current samples but also at

with respect to visual variations, thereby enhancing resilience to the distribution
shifts inherent in sequential learning.

Integration and Optimization. DGM jointly optimizes zero-shot and task-

speci ¢ generalization objectives within each training step, ensuring stable adap-
tation while preserving pre-trained generality. As a plug-and-play optimization
module, DGM can be seamlessly integrated into diverse continual learning or
ne-tuning frameworks, ranging from full-parameter and parameter-e cient tun-
ing (e.g., Adapter, LORA) to constraint-based or mixture-of-experts architec-
tures without additional parameters or architectural changes. In terms of com-
putational e ciency, DGM maintains the streamlined nature of standard SAM,
requiring 2 forward and 2 backward propagations per iteration to sense the
dual-distribution landscape. This guides optimization toward atter regions that
better balance zero-shot transferability and task-speci ¢ robustness, without in-
troducing prohibitive computational overhead. The full training procedure of
DGM is summarized in Algorithm 1.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate DGM under the class-incremental learning (CIL) proto-

col on six widely used benchmarks: CIFAR-100 [24], Tiny-ImageNet [11], CUB-
200 [43], ImageNet-R [17], and ImageNet-100/1000 [11]. To assess scalability and
initialization e ects, we adopt two con gurations: BO_Inc n, which incrementally
learns all classes from scratch, and Bi_Inc n, which starts from m base classes
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Table 1: Main results across all benchmarks under the two incremental con gurations.
DGM consistently improves accuracy and reduces forgetting across all baselines and
incremental settings.

CIFAR-100 ImageNet-R CUB-200

Methods BO_Inc10 B50_Inc10 BO_Inc20 B100_Inc20 BO_Inc20 B100_Inc20
Last Avg. Last Avg. Last Avg. Last Avg. Last Avg. Last Avg.

Finetune 79.30 86.88 81.33 86.08 81.63 87.15 82.38 84.98 58.97 70.31 63.26 70.79

w/ours 81.12 87.69 83.03 87.04 82.47 87.54 83.53 86.10 60.75 71.24 65.93 72.23
RAPF [18]  79.39 85.87 79.81 83.04 79.83 85.65 79.82 82.59 76.20 82.69 76.48 79.47
w/ours 80.11 86.15 80.13 83.39 80.38 86.15 80.35 83.11 76.34 82.64 76.56 79.34
ZSCL [51] 78.33 85.34 82.13 85.67 82.57 86.71 84.10 86.17 59.67 71.72 66.83 74.38
w/ours 80.45 86.81 83.42 87.05 83.17 87.18 84.35 86.46 61.06 72.48 68.02 74.88
MoE4CL [47] 78.95 86.05 81.60 85.66 81.88 87.32 83.27 85.73 55.95 69.76 59.80 69.58
w/ours 80.62 87.12 82.06 86.60 83.07 88.03 84.05 86.72 57.56 70.78 61.98 70.83
MG-CLIP [19] 79.56 86.99 80.56 84.64 82.62 87.71 82.78 84.88 65.72 73.48 64.29 69.28
w/ours 81.42 87.66 8157 85.64 8290 87.91 83.53 86.10 67.05 74.75 68.38 72.79
DMNSP [22] 79.57 87.23 82.39 86.43 81.58 87.05 83.20 85.39 56.96 69.61 60.39 69.27
w/ours 80.85 87.94 82.74 86.68 82.90 87.87 84.08 86.77 58.60 71.30 61.84 69.66
Tiny-imagenet ImageNet-100 ImageNet-1K
Methods BO_Inc20 B100_Inc20 BO_Inc10 B50_Inc10 BO_Inc100 BO_Inc200

Last Avg. Last Avg. Last Avg. Last Avg. Last Avg. Last Avg.

Finetune 75.91 83.85 76.94 81.77 76.88 86.62 78.88 84.25 71.83 80.97 73.40 81.48

w/ours 76.62 84.35 77.80 82.35 77.58 87.18 80.28 84.93 73.40 82.08 74.95 82.49
RAPF [18]  73.73 81.51 73.45 77.83 79.48 88.42 79.68 84.60 72.80 81.67 73.09 81.41
w/ours 7415 81.79 7430 78.36 80.42 88.68 80.32 84.87 73.02 82.06 73.73 81.65
ZSCL [51] 72.78 81.48 75.64 81.51 64.32 78.51 72.70 81.42 71.49 80.61 73.88 81.84
w/ours 75.46 83.06 77.56 82.74 66.60 80.26 74.12 82.08 72,50 81.12 74.49 82.09
MoE4CL [47] 75.79 83.14 76.88 81.71 74.28 85.17 77.22 83.55 72.01 81.17 73.89 82.02
w/ours 76.93 84.15 78.15 82.77 75.32 85.86 78.80 84.34 7294 8176 74.78 82.54
MG-CLIP [19] 76.68 84.04 77.09 81.41 78.14 87.20 78.34 83.99 73.33 81.71 74.25 81.77
w/ours 76.72 84.40 77.85 81.94 7896 87.62 79.25 84.45 74.11 82.04 74.75 81.99
DMNSP [22] 76.39 83.97 78.05 81.62 75.22 86.38 78.18 83.76 72.87 8157 74.55 82.22
w/ours 76.82 84.46 78.72 82.68 76.26 86.60 79.16 84.51 7293 8199 74.90 82.76

and adds n classes per step. For ImageNet-1000, we use two full incremental
setup that learns all classes sequentially from scratch due to its scale.

Compared methods. We integrate DGM into six representative continual
ne-tuning paradigms: 1) full-parameter tuning: ZSCL [51]; 2) adapter-based
methods: DMNSP [22], RAPF [18], MOE4CL [47]; and 3) LoRA-based meth-
ods: Finetune and MG-CLIP [19]. This integration allows a consistent and fair
comparison across architectures.

Implementation details. All experiments are implemented in PyTorch and
conducted on NVIDIA RTX-4090 GPUs. Each baseline uses the pre-trained
CLIP ViT-B/16 weights [34]. Trainable adapter or LORA modules are inserted
into each transformer block following the original settings of their respective
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(a) SAM (b) DGM (c) SAM (d) DGM

Fig. 5: Evolution of the zero-shot loss landscape on ImageNet-100 under sequential
distribution shifts across T1 T 6. (a-b) Visualization of the loss surfaces for SAM, which
exhibit sharper curvatures. (c-d) Visualization for DGM, where the loss landscapes are
signi cantly atter and smoother.

(a) SAM (b) DGM (c) SAM (d) DGM

Fig. 6: Loss landscape evolution across downstream tasks (T; T ¢ and Tz T o). (ab)
SAM produces sharper loss surfaces for later tasks, indicating reduced stability under
sequential distribution shifts. (¢ d) DGM maintains atter and smoother loss basins
across the same task sequences, demonstrating improved stability during continual
adaptation.

baselines. When applying DGM, we keep the same optimizer, learning rate,
batchsize, and number of epochs as in the corresponding baseline to ensure a
strictly fair comparison.

Evaluation metrics. Let A denote the average accuracy over gll learned tasks
after completing task T;. Average Accuracy (Avg.) de ned as t 1 Ay, Last
Accuracy (Last) represents the accuracy after the nal task, AT To further
analyze transfer and forgetting behaviors, we adopt Forward Transfer (FWT)
and Backward Transfer (BWT) [40] to quantify the positive in uence on future
tasks and the retention of previously learned knowledge. Let i§ denote the
accuracy on task T after learning task T;, and [y denote the initial (zero-shot)
accu|5acy on T before any training. The)b are de ned respectively as FWT =

T Jz(RJlJ bj)and BWT = - jTll (Rrj R jj).

4.2 Main Results

Tab. 1 reports the main results across all benchmarks under two incremental
settings. Integrating DGM into six representative continual ne-tuning meth-
ods consistently improves accuracy and reduces forgetting across datasets and
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(a) Finetune (b) w/Ours (c) FWT (d) BWT

Fig. 7. Comparison of Generalization Capability. In (a)(b), We report Hessian eigen-
value distributions and the trace for Finetune w/o and w/ DGM on CIFAR-100. In
(c)(d) we show the Forward Transfer (FWT) and Backward Transfer (BWT) across
tasks, where DGM indicating better preservation of prior knowledge and stronger trans-
fer to future tasks.

Table 2: Comparison of zero-shot ability among three methods on three datasets,
CLIP is the pretrained model without training.

Datasets

Methods Avg. Average

Food101  ImageNet-100 ImageNet-1K Return

CLIP 86.280.06 73.780.14 66.010.05 75.350.08
ZSCL 82.380.10 67.500.12 62.430.10 70.77 0.10
w/Ours 86.690.08 74.280.10 66.74005 75.90008 +5.13
RAPF  78.780.10 62.200.09 56.390.12 65.790.10
w/Ours 80.55010  66.700.09 57.49012 68.25010 +2.46
DMNSP 83.710.06 63.260.08 69.640.29 72.200.14
w/Ours 83.84007 65.25005 71.280.14 73.46000 +1.26

architectures. The gains remain stable across datasets with di erent scales and
domain characteristics, as well as under di erent task partition settings, indi-
cating improved robustness to distribution shift. These results demonstrate that
DGM can be e ectively integrated into existing continual adaptation pipelines
without introducing additional parameters or architectural changes.

4.3 Visualizations

To empirically validate that DGM e ectively reshapes the optimization land-
scape, we conduct a comparative visualization of the loss surfaces for both the
current task and zero-shot generalization. Speci cally, we compare the land-
scapes generated by standard SAM against those optimized by DGM (incor-
porating L zs or Lyv ). As illustrated in Fig. 5, DGM successfully attens the
geometry of the zero-shot landscape (evaluated on ImageNet-100) across di er-
ent task stages. This demonstrates that incorporatingL zs into the perturbation
sensing process encourages the model to preserve the zero-shot behavior of the
frozen foundation model. Similarly, the integration of Ly provides a robust sta-
bility margin for the current task. Under the task-speci ¢ landscape, DGM vyields

a signi cantly wider and smoother minimum compared to standard SAM. This
increased atness suggests that DGM is less sensitive to visual perturbations and
domain noise, explaining its superior performance in preventing over tting. Col-
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(a) Ablation on (b) Ablation on 1, 2 (c) Finetune (d) MOE4CL

Fig. 8: Ablation experiments. In (a)(b), we conduct ablation experiments on parameter
, 1and », respectively. Computation overhead. We compare accuracy and training
time of Finetune and MOE4CL w/ and w/o DGM.

Table 3: Ablation on di erent combine of perturbation.

Perturbation CIFAR-100 CUB-200  Tinyimagenet

L train Lnv Lzs Last Avg. Last Avg. Last Avg.

80.42 87.38 60.40 71.18 76.20 84.20
X 80.92 87.66 61.43 71.28 76.91 84.30
X 8120 87.90 61.35 71.27 76.85 84.22

X X 81.48 87.99 61.80 71.32 77.05 84.32

X X X X

lectively, these visualizations con rm that DGM achieves a dual-distributional
consensus, providing a superior trade-o by ensuring the model maintains a
smoother landscape across both pre-trained and task-speci ¢ distributions.

4.4 Comparison of Generalization Capability

This section evaluates the ability of DGM to preserve generalization during con-
tinual adaptation. Our analysis focuses on two aspects: 1)Task transferability:
how e ectively the model retains and transfers knowledge across sequential tasks,
and 2) Zero-shot generalization: whether the zero-shot performance on unseen
datasets remains stable after continual ne-tuning. Beyond these behavioral met-
rics, we also examine the sharpness of the learned solutions by comparing the
Hessian eigenvalue distributions and trace in Fig. 7. As can be seen, both the
maximum eigenvalue and the trace are substantially smaller when DGM is ap-
plied, indicating convergence to atter and less task-speci ¢ regions of the loss
landscape. Forward Transfer (FWT) and Backward Transfer (BWT) results,
shown in Fig. 7c and Fig. 7d, further corroborate this nding: DGM consistently
yields higher FWT and less negative BWT, demonstrating enhanced ability to
preserve prior knowledge while facilitating transfer to future tasks.

To assess whether DGM enhances zero-shot generalization during continual
ne-tuning, we test models trained on CIFAR-100 against three unseen datasets:
Food-101 [4], ImageNet-100, and ImageNet-1K [11]. As shown in Tab. 2, all DGM
variants outperform their original versions, with an average gain of +4:45%. This
consistent boost that DGM preserves and even strengthens zero-shot generaliza-
tion under continual updates. Overall, these results show that DGM improves
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