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Abstract

Online continual learning mandates the ability to acquire
knowledge from non-stationary data streams while preserv-
ing previously learned information, yet neural networks often
forget. In this work, we uncover and systematically analyze
a critical yet underexplored issue in this setting, which we
term knowledge fragility: the phenomenon where correctly
learned instances are abruptly forgotten following minor pa-
rameter updates. We attribute this phenomenon to two fac-
tors: (1) temporally, where high-frequency oscillations in pa-
rameter space lead to disproportionate forgetting relative to
adaptation, and (2) spatially, where fragile instances reside
in sharp, high-curvature regions of the loss landscape, mak-
ing them highly susceptible to optimization noise. To coun-
teract this fragility, we propose PDFK (Perturbing to De-
fend Fragile Knowledge)—a unified and task-agnostic frame-
work that fortifies fragile knowledge along both temporal
and spatial dimensions. Temporally, PDFK stabilizes long-
term memory by employing exponential moving average
(EMA) to suppress volatile parameter shifts. Spatially, it in-
troduces lightweight, structured perturbations guided by con-
sistency regularization, effectively flattening the local loss
surface and enhancing robustness to future updates. Exten-
sive experiments across diverse benchmarks demonstrate that
PDFK consistently improves knowledge retention and sur-
passes state-of-the-art methods in both accuracy and forget-
ting metrics under challenging streaming settings.

Code — https://github.com/colaudiolab/PDFK

1 Introduction

Continual Learning (CL) (Kirkpatrick et al. 2017) aims to
enable models to acquire knowledge over time while miti-
gating catastrophic forgetting (French 1999)—the tendency
to overwrite previously learned information when exposed
to new data. Among its variants, Online Continual Learning
(OCL) (Lopez-Paz and Ranzato 2017) defines a more realis-
tic yet stringent setting where data arrive as a non-stationary
stream and each instance is observed only once (Deng et al.
2023; Soutif-Cormerais et al. 2023). Unlike offline CL,
which assumes clear task boundaries and multiple passes,

*Corresponding author. t Equal Contribution.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

28937

Task 1

Task 2

Task 1

—-5.0 =25

0.0

2.5 5.0

(b) PDFK (ours)

Figure 1: Loss landscape across a task switch.2D projec-
tion of the test loss surface around the solution obtained after
Task 1 (left) and Task 2 (right). (a) ER exhibits sharp ridges,
signaling fragile zones that coincide with a sharp accuracy
drop. (b) PDFK flattens these regions, enlarging the safe ra-
dius and reducing boundary crossings during updates.

OCL enforces three constraints: (i) single-pass input, (ii)
non-i.i.d. data, and (iii) no task annotations—conditions that
challenge the plasticity—stability balance and render many
offline methods ineffective.

Knowledge distillation (Li and Hoiem 2017; Buzzega
et al. 2020; Jung et al. 2023) and feature synthesis (Zhu et al.
2021a,b; Guo, Liu, and Zhao 2022) struggle under OCL con-
straints: the former suffers from delayed supervision without
task boundaries (Deng et al. 2023), while the latter conflicts
with tight memory budgets. Although memory-based re-
hearsal (Chaudhry et al. 2019; Shim et al. 2021) is now stan-
dard, we find it insufficient for retaining knowledge reliably.
Even with replay, state-of-the-art models remain alarmingly
sensitive: confidently predicted instances at time ¢ may be
misclassified just a few gradient steps later—a phenomenon



we term knowledge fragility.

Our analysis shows this fragility arises in high-curvature
regions of the loss landscape, where predictions become
sensitive to small parameter changes (see Fig. 1). Crucially,
this fragility is not random but concentrated near decision
boundaries, driven by a temporal-spatial dual mechanism.
Spatially, sharp curvature reduces the fragility radius—the
minimum displacement needed to flip a prediction. Tem-
porally, noisy online updates induce parameter oscillations
that traverse these narrow margins, causing rapid forgetting.
This perspective reframes the stability—plasticity dilemma:
while OCL models must remain adaptive, they lack mecha-
nisms to protect brittle representations.

To tackle this, we propose PDFK (Perturbing to De-
fend Fragile Knowledge), targeting both temporal and spa-
tial fragility. Temporally, we apply Exponential Moving
Average (EMA) (Tarvainen and Valpola 2017)to smooth pa-
rameter trajectories and suppress high-frequency noise. Spa-
tially, we inject minimal structured perturbations and en-
force consistency on fragile instances, flattening the land-
scape and enlarging their fragility radius. Together, these
techniques reduce fragile knowledge and improve retention
across OCL benchmarks.

In summary, Our main contributions are as follows:

* We identify and formalize the phenomenon of knowl-
edge fragility in OCL, and uncover its roots in a tem-
poral—spatial dual mechanism, explaining the limitations
of existing replay-based strategies.

We propose PDFK, a task-agnostic framework that com-
bines temporal smoothing (via EMA) and spatial con-
solidation (via structured perturbations and consistency)
without requiring additional memory buffers.

We conduct extensive experiments under non-i.i.d. and
task-free streaming settings, showing that PDFK sig-
nificantly improves retention of fragile knowledge and
achieves state-of-the-art performance across multiple
OCL benchmarks.

2 Related Work

Continual Learning Continual Learning methods can be
broadly classified into three categories based on their im-
plementation strategies (Wang et al. 2024b,a; De Lange
et al. 2021; Feng et al. 2025a,b): regularization-based, pa-
rameter isolation-based, and replay-based approaches. Reg-
ularization methods (Buzzega et al. 2020; Li and Hoiem
2017; Gao et al. 2024b, 2025c, 2024a, 2025a) constrains pa-
rameter updates to retain prior knowledge. Parameter iso-
lation (Chaudhry et al. 2018; Konishi et al. 2023) assigns
task-specific parameters to avoid interference. Replay re-
visits past data—real or synthetic—to mitigate forgetting.
Among them, replay-based approaches (Wan et al. 2025;
Lopez-Paz and Ranzato 2017; Shim et al. 2021; Gao et al.
2025b) offer superior scalability and remain central to CL in
dynamic environments.

Online Continual Learning Online Continual Learning
is a constrained form of CL that emphasizes real-time adap-
tation, where data arrives sequentially and can be processed
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only once, typically in single samples or mini-batches. In
such strict settings, replay-based methods have become the
dominant paradigm. Early approaches like ER (Chaudhry
et al. 2019) combine cross-entropy loss with a random mem-
ory buffer for sample replay. OCM (Guo, Liu, and Zhao
2022) leverages mutual information maximization to miti-
gate feature bias and retain past knowledge. GSA (Guo, Liu,
and Zhao 2023) introduces a gradient-sensitive optimizer
to address dynamic training bias, while OnPro (Wei et al.
2023) employs prototype alignment to counteract short-
cut learning. MOSE (Yan et al. 2024) alleviates forget-
ting by integrating multi-level supervision and reverse self-
distillation. S6MOD (Liu et al. 2025) enhances adaptabil-
ity in OCL by introducing a discretization-based auxiliary
branch and class-conditional routing.

Blurry Task Boundaries Conventional CL protocols of-
ten assume known, sharp task boundaries during training,
enabling explicit task identification and task—specific adap-
tation (Riemer et al. 2019; Chaudhry et al. 2019; Guo, Liu,
and Zhao 2022). In real streaming OCL, however, data arrive
continuously without segmentation or task labels, making
such assumptions unrealistic. To bridge this gap, the blurry
setting (Michel et al. 2024) models task shifts as smooth
rather than abrupt: around each transition, samples from ad-
jacent tasks co—occur and their proportions vary gradually.
This protocol better reflects real drift and avoids boundary
cues that can overstate performance.

3 Methodology
Background and Notation

Problem Setup We consider the setting of OCL where
the learner observes a non-stationary stream of labeled data
{(z¢,y1) i>1 ~ Py, without access to future samples. At
each time step ¢, the model receives a mini-batch B; and
updates its parameters by optimizing on a mixed batch that
combines B, with a replay batch By C M drawn from a
fixed-size memory buffer M:

Lo = L(fo(Br),yt) + Ar - L(fo(Br), ym),

where fy denotes the model with parameters 6, and \, bal-
ances the contribution of the replay term. When explicit task
boundaries are available for evaluation, we follow the com-
mon assumption that each task has a disjoint label space.

Blurry task boundaries To model the more realistic case
where task shifts are gradual rather than discrete, let the
global label space be partitioned into latent tasks with distri-
butions {P®)}X_ . Instead of switching abruptly, the stream
is a smooth mixture:

K
@o) ~ Y m®) PP (a,y), Y mt) =1, (1)
k=1 k

where the time-varying weights are given by normalized ker-

nels mj,(t) = ¢((t — uk)/O')/ > A(t = p5)/0) (Gaussian
or HalfNormal). The overlap parameter o controls the de-

gree of blurriness: larger o yields stronger temporal mix-
ing and thus higher ambiguity. The blurry regime introduces



additional difficulty by obfuscating task boundaries, thereby
requiring models to exhibit stronger temporal robustness and
memory stability in the absence of explicit shifts.
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Figure 2: K-Step forgetting rate curves exhibit abrupt for-
getting within tens of steps post-learning. Top: Clear Task
Boundaries. Bottom: Blurry Task Boundaries.

Empirical Analysis

Fast distribution shifts in OCL streams lead to rapid parame-
ter drift, which in turn exacerbates short-term forgetting. We
observe that some replayed samples, although correctly clas-
sified at step ¢, are misclassified after only a few subsequent
gradient updates despite minimal global parameter change.
This suggests that newly acquired knowledge is inherently
unstable and highly sensitive to the learning dynamics of on-
line settings. To quantify this phenomenon, we introduce the
K-step forgetting rate (KFR), defined as the proportion of
samples that are correctly predicted at time ¢ but forgotten
within the next K optimization steps:

Z Hfi(@) =y, firx(®) #y}. 2)

(‘T"/) est

KFRk =

|5t

Here, S; denotes the evaluation set at step t. Intuitively,
KFRx captures the fragility of model predictions—how
easily newly learned representations can be overwritten in
the short term. A persistently high KFR signals poor robust-
ness and highlights the transient nature of recent learning.
We report KFR i curves under both clear and blurry task
boundaries, using K=50 and 100. As shown in Figure 2, for-
getting rates remain consistently above zero, and often spike
shortly after encountering new data. This provides empirical
evidence for the existence of fragile knowledge, referring to
representations that are quickly acquired yet highly suscep-
tible to forgetting within a short span of updates.

Theoretical Foundation

Above findings motivate a deeper theoretical inquiry into
the origin and behavior of fragile knowledge. Figure 3 illus-
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Figure 3: Knowledge fragility under online parameter
shift. Top: A replay baseline updates parameters from 6,_,,
to #; without considering local output consistency, push-
ing the solution into a FragileZone, where a slight future
step 0 flips predictions (yellow area). Bottom: PDFK guides
the update toward a flatter basin 6; via EMA and perturba-
tion—consistency, shrinking the fragile zone.

trates the parameter trajectory {#°~*}7_/ drifts into a high—
curvature ridge; subsequent microscopic updates push 6
across a nearby decision boundary, instantaneously erasing
the prediction.

Margin geometry Let zp(x) = softmaz(fyo(z)) € R®
denote the logits and define the classification margin

Yo (2, y) = 2¢(x), — max zp().. 3)
£y

A sample is correctly classified if yg(z,y) > 0. For a small
parameter perturbation J, a first-order expansion gives

Yo+5(x,y) = vo(x,y) + Voo (z,y) 6. )
The minimal flip displacement is thus
|’79(1’7 y)|
ro(T,y) = o 4)
Vove(z, )2

the radius within which an adversarial move can change
the label under linear approximation. We call 74 (x,y) the
fragility radius. Small margins and large gradient sensitiv-
ity jointly yield a small 7y, making the instance intrinsically
easy to forget.

Spatial Attribution (High Curvature) Let £y be the av-
erage loss over seen data and Hy = Vgﬂg its Hessian.
Along the update direction 6,

Yors(z,y) = vo(z,y) + Voyo(z,y) ' 6
+ 56" Vive(z,y) s+ O(|]%). (6

A large local spectral norm || Hyl|2 (sharp region) ampli-
fies both ||Vo7yg(z,y)|| and the second-order term, shrink-
ing rg(x,y) and expanding the set of points whose labels
can flip under microscopic motion. This constitutes the spa-
tial cause: fragile knowledge concentrates in high—curvature
basins.
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Figure 4: An overview of the proposed PDFK framework. The model receives non-i.i.d. data in a streaming setting with only
one pass. A replay buffer stores past samples for rehearsal, while a perturb buffer caches correctly classified samples for
perturbation. (a) A perturbed branch with parameters 0 + &, is constructed to identify fragile knowledge via KL divergence. (b)
An EMA teacher provides soft supervision to the student model through momentum distillation.

Temporal Attribution (High-frequency Instability) Let
the online parameter dynamics be

9t+1 _ 975 gt 4
drift

gt )
N~

Zero-mean noise

— Nge, gt = @)

where 7 is the learning rate and &; captures stochastic gra-
dient noise and fast task shifts. Over n steps the cumulative
displacement decomposes as

n—1 n—1
0" — 0" = —q Z Ji—i — 1 Z &t (®)
i=0 i=0

Even when the net norm [|#* — 6'~"||5 is small (due to os-
cillations canceling out), the trajectory may have repeatedly
traversed low rg(-) regions, causing label flips. High vari-
ance or high-frequency components of {&; } accelerate cross-
ings of fragile radii. This constitutes the femporal cause: in-
stability in parameter evolution allows fragile examples to
be forgotten before sufficient consolidation occurs.

Unified definition We formalize fragility over a short tem-
poral window as follows.

Definition 1 (Temporal-Spatial Fragility). A replay exam-
ple (z,y) € M is (g,n)-fragile at step t if

VYot—n (if,y) > 07
Yot (x,y) <0,
[6F =62 <e.

©))

Equivalently, its label flips within n online updates under a
cumulative displacement no larger than e.

Condition (9) is satisfied precisely when the time—
integrated path intersects the ball of radius ry-(x,y) for
some T € [t — n,t]. Sharp curvature (spatial) reduces rg-,
while high-frequency noise (temporal) increases the proba-
bility of such intersections.

Perturbing to Defend Fragile Knowledge

Knowledge fragility reframes the stability—plasticity
dilemma: effective OCL must (i) suppress high-frequency
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oscillations to expand the temporal window before cross-
ings, and (ii) flatten sharp regions to enlarge fragility radii.
In this section we introduce PDFK, which operationalizes
these two perspectives via EMA (temporal smoothing) and
minimal structured perturbations with consistency regular-
ization (spatial flattening), jointly reducing the measure of
(e, n)-fragile knowledge.

Spatial Defense via Targeted Perturbation At time ¢t we
have parameters 6;, a current stream example (z,y;), and
replay buffer M;. Let Bf C M, be a mini-batch of cor-
rectly classified replay samples (these are the candidates
with small positive margins), * € B;. Denote gp(z) =
softmax(zg(x)).

Phase 1: Local worst—case perturbation. We seek a per-
turbation ¢ that locally maximizes the divergence between
the perturbed and unperturbed predictions on B;:

max KL(qg,+5(z") || g0, (%)), x* e B;.

(10)
loll<p

Because ¢y is non-convex and 6 = 0 is the global minimum
of (10) (zero gradient), we initialize 4 away from zero with
small per—layer noise proportional to the layer norm:

o ~ N(0, €16,]151) . (11)

where § is the initial Gaussian perturbation, € is a small,
positive scalar, and [ is the identity matrix with appropriate
dimensions.A single normalized gradient—ascent step pro-
vides a first—order approximation to the maximizer:
v = Vo, 15, Dxr(ao, (27) | go,+6, (7))
116212
v
vl
where v is the gradient of the KL term, and v > 0 a step
size. The factor ||6;]|2/]|v||2 normalizes the update so that
the effective perturbation magnitude scales with the current
parameter norm and is insensitive to raw gradient scale.
Because 0=0 makes the KL divergence zero with van-
ishing gradient, we first inject small noise Jp to obtain
a nonzero direction and then take one normalized gradi-
ent—ascent step along v. This yields a first—order approxima-
tion of the local worst—case perturbation that most strongly
distorts the predictions and exposes spatial fragility.

(12)
0:= 60 + v




Boundary Method CIFAR10 CIFAR100 ImageNet-Subset Tiny-IN

200 500 1000 200 500 1000 1000 2000 5000 1000 2000 5000

ER [NeurIPS’19] 4572 52.08  65.59 12.02 1655  25.12 1543 2469  33.87 5.82 11.60  17.98

ER + SDP [ICML’23] 4492  57.58 65.8 13.11 21.14  28.70 | 20.84 2295 32.17 11.10 1532 2322

DER++ [NeurIPS’20] 49.53  55.64  59.68 1026 17.58  22.37 13.70  18.76 8.57 4.11 422 4.39

DVC [CVPR’22] 49.04 5982 59.12 11.16  18.60  21.51 11.00  19.61 2474 1.79 2.04 1.64

ERACE [ICLR’22] 48.41 5597  63.21 1696 2379  27.27 | 2335 2723 3455 1372 1885  23.90

Clear GSA [CVPR’23] 48.51 62.12  65.89 1543 2216 2990 | 21.38 2793  37.18 1236 1524  22.08
OCM [ICML’22] 5558 6846 7126 | 21.55 2930 36.70 17.63 19.58  27.85 1549 19.63  27.85

PCR [CVPR’23] 50.85 6237  66.31 15.08 2339  31.07 17.34  19.67  31.46 11.39 12.68 2041

ER + MKD [ICML’24] | 53.15 68.49 74.82 | 2129  29.15 315 2828 3632 4324 | 18.60 23.05 31.84

S6MOD [CVPR’25] 5022 63.74  68.26 13.17  17.65 2650 | 2635  34.65 3844 9.87 10.94  19.67

Ours 56.77 7043 74.69 | 22.89 31.63 39.87 | 27.83 37.28 4330 | 19.77 2443 32.73
ER[NeurIPS’19] 3828  52.02  63.47 11.45 18.45  24.38 15.69 1474  15.00 6.73 11.16  16.67

ER + SDP [ICML’23] 4943 5948  65.18 13.64 1943  27.46 1348  14.26 5.14 11.10 1598 2325
DER++[NeurIPS’20] 47.02  51.00 6255 11.70 1934 25.25 4.47 4.84 5.75 11.33 1495  20.81

DVC [CVPR’22] 51.37 5740  62.87 1228 1630  22.30 2.97 2.46 1.40 8.30 11.96  16.15

ERACE [ICLR’22] 48.41 5597  63.21 1696 2379  27.27 11.79 1823  29.44 1372 18.85  23.90

Blurry GSA [CVPR’23] 1897  19.13 19.26 7.19 7.80 7.46 1.00 1.00 1.00 2.17 2.41 2.49
OCM [ICML’22] 42779 46.65  50.24 9.37 1628 2444 | 20.88 26.61  36.36 13.85 18.57 2682

PCR [CVPR’23] 5388  60.14 6994 | 1816 2225 31.28 8.57 15.64 3147 1030 1496  23.57

ER +MKD [ICML'24] | 5535 6707 7435 | 19.60 3035 3891 | 2324 29.84 33.83 | 1807 2424 31.80

S6MOD [CVPR’25] 48.68 57.88 6524 | 19.28 2196 2550 | 2044 2387 2752 7.56 10.99 2036

Ours 56.17 6949 7443 | 22.84 3197 40.02 | 23.70 3037 3592 | 20.34 2521 3451

Table 1: Performance (%) under different memory sizes across datasets under clear and blurry task boundaries. Best is high-

lighted in bold, second best is underlined.

Phase 2: Outer flattening update. We temporarily add §
to the main network, t9t+ = 0; + 0, and evaluate the spatial
loss

A
Esmlialw;r) = W Zmi KL(th (z7) H Qo (mf))

13
which penalizes the divergence between the original pre(dic?
tions gg, and the adversarially perturbed predictions g,+. We
backpropagate V oF Lipaial together with the standard contin-
ual-learning loss L¢y, on (X, Y;), then restore the parame-
ters (0;r — 0;) and perform the SGD update

Ori1 = 00— (Vs Lopaia (07) + Vo, Lo (60))).

Using the gradient at the adversarial point 8, (while updat-
ing the original #;) implements a first-order min—max step
analogous to sharpness—aware methods: it enforces invari-
ance along the most fragile direction, reduces local gradient
norm and curvature, enlarges fragility radii, and thereby di-
minishes the (g, n)-fragile set.

Temporal Defense via Exponential Moving Average
Online updates introduce high-frequency gradient noise that
causes the parameter trajectory to oscillate around sharp
ridges; even when the local surface is flattened, such os-
cillations can still flip the prediction of marginally learned
samples. To damp this temporal volatility, we maintain a set
of slow weights 6, obtained through an exponential moving
average of the instantaneous parameters 6;:

O = b+ (1—0a)b;_q, 0p = 0y, a € (0,1]. (14)

Equation (14) acts as a first-order low-pass filter, sup-
pressing fluctuations whose temporal frequency exceeds the
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EMA bandwidth; smaller « yields stronger smoothing and
thus greater memory inertia.

We exploit 6, as a self-ensemble teacher and penalize the
drift of logits on replay samples, which are most vulnerable
to forgetting:

1 2
['Lemporal = T5 Z Hm<f0t(x)) - m(fét,l(m))H .
Bl 2
z,y)EBM
(15)
Adding this term yields the overall objective
»Ctotal = »CCE + ['Replay + )\c »Ctemporal + >\p »Cspatiah (16)

EMA incurs only one extra vector operation per step and no
additional gradients; memory overhead is negligible because
0, is updated in place. Spatial flattening reduces the curva-
ture term || V7 £||, while EMA minimizes the parameter-shift
term ||0; —@;_1]|. Jointly, the two defenses tighten the bound
on margin change Avy(z,y) < |(|Vgvel ||0: — 0¢—1||, To-
gether, they contract both the width and height of fragile
zones, offering a holistic defense. A detailed pseudo-code
of our training algorithm can be found in Appendix.

4 Experiments

Experimental Settings To evaluate the effectiveness of
our method, we conducted experiments in both clear bound-
ary setting and blurry boundary setting scenarios on 4 widely
used benchmarks: CIFAR-10, CIFAR-100 (Krizhevsky and
Hinton 2009), ImageNet-Subset (Hou et al. 2019) and Tiny-
ImageNet (Le and Yang 2015). We follow a standard OCL
setting with a streaming batch size of 10 and data retrieval
from memory is capped at 64 with reservoir sampling (Vit-
ter 1985) for memory management. The memory buffer size
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Figure 5: Empirical Evaluation of Perturbation Robustness and Flatness. We assess the sensitivity of trained models to
small parameter perturbations 6/ = 6 + ed by injecting normalized filter-wise noise and evaluating accuracy/loss changes.
(a) Accuracy Drop AAcc under increasing perturbation magnitudes ¢; (b) Loss Change shows that our method yields flatter
optima with slower degradation; (¢) Accuracy Gap between Ours and Baseline indicates consistent advantage under perturba-
tions;(d) Flatness Metric (range-to-mean ratio) across tasks quantifies solution sharpness, with lower values indicating better
flatness.Overall, our method exhibits greater robustness and flatter loss landscapes across various metrics.
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Figure 6: Contour lines of the cross entropy loss values, on the set of tasks seen so far (darker is lower).

M 1is varied from small (e.g., 200) to large (e.g., 5000) to
assess robustness under different memory constraints. We
use the accuracy averaged across all tasks after training on
the last task to compare the methods under consideration.
This metric is commonly known as the final average accu-
racy (Hsu et al. 2018). All baselines are trained with identi-
cal data augmentation strategies, including random horizon-
tal flip, grayscale, color jitter, and random crop. Our pro-
posed method is built upon MKD (Michel et al. 2024) and
introduces only two additional hyperparameters: the pertur-
bation weight )\, and the perturbation radius ~. All models
are trained using a single-pass over the data stream.

Evaluation under Clear and Blurry Task Boundaries
Table 1 report final accuracies across datasets and mem-
ory budgets under clear and blurry task boundaries. In
the clear setting, where task delineations are known, our
method consistently achieves the best or second-best per-
formance across all configurations, showing strong compati-
bility with standard incremental learning. The blurry setting
removes task boundary information, simulating real-world
non-stationarity via HalfNormal-based class mixing (Caccia
et al. 2021). Many strong baselines degrade sharply, GSA
collapses due to boundary reliance, and OCM suffers from
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unstable boundary estimation. In contrast, our method re-
tains top performance across most blurry cases. This demon-
strates that our approach is boundary-agnostic, maintain-
ing stability and generalization without explicit task signals,
making it well-suited for realistic online continual learning.

Loss landscape visualization We probe the geometry
of solutions using the 2D loss—surface projection of Li
et al. (2018). Given parameters 6 after task ¢, we evalu-
ate cross-entropy on the cumulative test set under filter-wise
normalized random directions dy, da ~N (0, I):

(avﬁ) S [_T’ T]27

and render the surface {£, 3} as contours over a uniform
grid. As shown in Figure 6, ER concentrates around a sharp
minimum with a narrow low-loss basin, which implies high
curvature and sensitivity to small parameter perturbations
and can amplify interference in subsequent online updates.
In contrast, PDFK consistently yields broader and smoother
valleys that tolerate update noise and help preserve prior
knowledge. To summarize these geometries we report sim-
ple flatness statistics over the grid. Figure 5d shows that
PDFK reduces the reported flatness measures across tasks,

0 =0+ ady + Bda, a7



indicating flatter optima and lower perturbation sensitivity
and leaving more headroom for future adaptation.

Sensitivity Analysis in Parameter Space To assess the
local stability of model solutions in parameter space, we in-
troduce controlled perturbations of the form:

0 =0+e-d, (18)

where d is a filter-wise normalized random direction and € €
{1074,1.4x107%,...,2.3x 1072} controls the perturbation
magnitude. For each perturbed model #’, we measure the
accuracy degradation AAcc(e) and loss increase ALoss(¢)
relative to the unperturbed model. As shown in Figure 5,
we observe that our method exhibits significantly flatter loss
landscapes and stronger robustness to small perturbations.
Specifically, Figure 5a accuracy drops more slowly, and Fig-
ure 5b loss increases less steeply compared to the baseline.
To quantify these trends, we report two metrics (Li et al.
2018) in Table 2: Slope, capturing the initial degradation
rate (sharpness), and AUC, measuring cumulative degrada-
tion (global sensitivity). We further report the performance
gap AAccoys — AAccpasenine in Figure Sc, where positive
values indicate superior robustness. Our method maintains
a consistently positive gap across a wide range of e, with
larger benefits emerging under stronger perturbations. This
empirically supports that our method not only finds flatter
optima, but also generalizes better under parameter shifts.

AAcc
AUC|

AlLoss
Slopeo | AUC| Slopeo |

MKD 0.0510140.0052 6.8940.18 0.001601£0.0004 0.309+£0.07
Ours  0.035001+0.0044 2.97£0.09 0.0004845+£0.0002 0.101+0.05

Table 2: Sensitivity metrics under parameter perturbations
with 95% confidence intervals (CI).

Feature Visualization To qualitatively evaluate the dis-
criminative power of the learned representations, we visu-
alize the features using t-SNE (Maaten and Hinton 2008) on
the CIFAR-10 stream. As shown in Figure 7, each point rep-
resents a sample and is colored by its corresponding class la-
bel. Compared to the ER(Figure 7a), our method (Figure 7b)
yields more compact and well-separated clusters. This sug-
gests that the proposed distillation mechanism helps pre-
serve class-specific structure and reduces feature confusion
between old and new classes.

Ablation Studies

Module-level analysis. We separately evaluate the effect
of temporal perturbation (via EMA teacher), spatial pertur-
bation (via structured noise injection), and their combina-
tion. Results in Table 3 show that each module improves
performance individually, while their combination yields the
best stability—plasticity trade-off.

Perturbation strategy analysis. We analyze the effective-
ness of two key components in our perturbation design:

e z vs. z*: Selecting only correctly classified buffer sam-
ples x* versus using all buffer samples x for perturbation
in our loss formulation.
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Figure 7: t-SNE visualization of the learned feature repre-
sentations on the CIFAR-10 stream. Compared to the base-
line ER, our method produces more compact and discrimi-

native clusters.

Method / Setting Acc. 1 AF |
Module-Level Ablation
ER 25124093 12424139
ER + EMA (Temporal) 37.504+0.87  9.65+1.21
ER + Perturbation (Spatial)  35.4540.78  10.04%1.17
Ours (Full) 39.87+081  8.91+1.32
Perturbation Strategy
wio ((z, N)) 36.614+1.04 10.28+1.59
(x,N) 37424088  9.97+1.38
(x,P) 38.65+091  9.14+1.22
(z*,P) 39.874+081  8.9141.32

Table 3: Ablation study on CIFAR-100 (M =1k), evaluat-
ing both module-level and perturbation strategy design. Ac-
curacy (Acc.T) and Average Forgetting (AF)) are reported
with 95% confidence intervals though 3 runs. N = Gaussian
noise; P = maximally allowable perturbation; z* = correctly
classified samples only.

e P vs. N: Applying the maximally allowable perturbation
M, as defined in Eq. 13, versus injecting Gaussian noise
N ~ N(0,02T) of the same magnitude.

We denote each strategy as a pair (zf,dT), where 2t €
{x,x*} indicates the sample selection criterion, and 67 €
{N,P} represents the perturbation type. In Table 3, both
guided sample selection and constrained perturbation sig-
nificantly contribute to accuracy and forgetting reduction.

5 Conclusion

To mitigate knowledge fragility, we propose PDFK, a task-
agnostic framework that stabilizes both time and space: (i)
EMA smoothing suppresses temporal volatility, while (ii)
targeted perturbations with consistency regularization flat-
ten sharp loss regions.
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