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Abstract

Task Free online Continual Learning (TF-CL) is a challeng-
ing problem where the model incrementally learns tasks with-
out explicit task information. Although training with entire
data from the past, present as well as future is considered
as the gold standard, naive approaches in TF-CL with the
current samples may be conflicted with learning with sam-
ples in the future, leading to catastrophic forgetting and poor
plasticity. Thus, a proactive consideration of an unseen fu-
ture sample in TF-CL becomes imperative. Motivated by this
intuition, we propose a novel TF-CL framework consider-
ing future samples and show that injecting adversarial per-
turbations on both input data and decision-making is effec-
tive. Then, we propose a novel method named Doubly Per-
turbed Continual Learning (DPCL) to efficiently implement
these input and decision-making perturbations. Specifically,
for input perturbation, we propose an approximate perturba-
tion method that injects noise into the input data as well as the
feature vector and then interpolates the two perturbed sam-
ples. For decision-making process perturbation, we devise
multiple stochastic classifiers. We also investigate a mem-
ory management scheme and learning rate scheduling reflect-
ing our proposed double perturbations. We demonstrate that
our proposed method outperforms the state-of-the-art base-
line methods by large margins on various TF-CL benchmarks.

Introduction
Continual learning (CL) addresses the challenge of effec-
tively learning tasks when training data arrives sequentially.
A notorious drawback of deep neural networks in a contin-
ual learning is catastrophic forgetting (McCloskey and Co-
hen 1989). As these networks learn new tasks, they often
forget previously learned tasks, causing a decline in per-
formance on those earlier tasks. If, on the other hand, we
restrict the update in the network parameters to counteract
the catastrophic forgetting, the learning capacity for newer
tasks can be hindered. This dichotomy gives rise to what
is known as the stability-plasticity dilemma (Carpenter and
Grossberg 1987; Mermillod, Bugaiska, and Bonin 2013).
The solutions to overcome this challenge fall into three
main strategies: regularization-based methods (Kirkpatrick
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et al. 2017; Jung et al. 2020; Wang et al. 2021), rehearsal-
based methods (Lopez-Paz and Ranzato 2017; Shin et al.
2017; Shmelkov, Schmid, and Alahari 2017; Chaudhry et al.
2018b, 2021), and architecture-based methods (Mallya and
Lazebnik 2018; Serra et al. 2018).

In Task Free CL (TF-CL) (Aljundi, Kelchtermans, and
Tuytelaars 2019), the model incrementally learns classes
in an online manner agnostic to the task shift, which is
considered more realistic and practical, but more challeng-
ing setup than offline CL (Koh et al. 2022; Zhang et al.
2022). The dominant approach to relieve forgetting in TF-
CL is memory-based approaches (Aljundi, Kelchtermans,
and Tuytelaars 2019; Pourcel, Vu, and French 2022). They
employ a small memory buffer to preserve a few past sam-
ples and replay them when training on a new task, but the
restrictions on the available memory capacity highly degen-
erate performance on past tasks.

Recently, several works suggested evolving the data dis-
tribution in memory by perturbing memory samples (Wang
et al. 2022; Jin et al. 2021). Meanwhile, flattening the weight
loss landscape has also shown benefits in CL setups (Cha
et al. 2020; Deng et al. 2021). However, most of the prior CL
works primarily concentrated on past samples, often over-
looking future samples. Note that many CL studies use “i.i.d.
offline” as the oracle method of the best possible perfor-
mance, not only for past and present data but also for fu-
ture data. Therefore, incorporating unknown future samples
in the CL model could be helpful in reducing forgetting and
enhancing learning when training with real future samples.

In this work, we first demonstrate an upper bound for
the TF-CL problem with unknown future samples, consid-
ering both adversarial input and weight perturbation, which
has not been fully explained yet. Based on the observation,
we propose a method, doubly perturbed continual learn-
ing (DPCL), addressing adversarial input perturbation with
perturbed function interpolation and weight perturbation,
specifically for classifier weights, through branched stochas-
tic classifiers. Furthermore, we design a simple memory
management strategy and adaptive learning rate scheduling
induced by the perturbation. In experiments, our method sig-
nificantly outperforms the existing rehearsal-based methods
on various CL setups and benchmarks. Here is the summary
of our contributions.

• We propose an optimization framework for TF-CL and
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show that it has an upper bound which considers the ad-
versarial input and weight perturbations.

• Our proposed method, DPCL, uses perturbed function
interpolation and branching stochastic classifiers for in-
put and weight changes with perturbation-based memory
management and adaptive learning rate.

• The proposed method outperforms baselines on various
CL benchmarks and can be adapted to existing algo-
rithms, consistently improving their performance.

Related Works
Continual Learning (CL)
CL seeks to retain prior knowledge while learning from se-
quential tasks exhibiting data distribution shifts. Most exist-
ing CL methods (Lopez-Paz and Ranzato 2017; Kirkpatrick
et al. 2017; Chaudhry et al. 2018a; Zenke, Poole, and Gan-
guli 2017; Rolnick et al. 2019; Yoon et al. 2018; Mallya,
Davis, and Lazebnik 2018; Hung et al. 2019) primarily fo-
cus on the offline setting, where the learner can repeatedly
access task samples during training without time constraints
under the distinct task definitions separating task sequences.

Task Free Continual Learning (TF-CL)
TF-CL (Aljundi, Kelchtermans, and Tuytelaars 2019; Jung
et al. 2023; Pourcel, Vu, and French 2022) addresses more
general scenario where the model incrementally learns
classes in an online manner and the data distribution change
arbitrarily without explicit task information. The majority
of existing TF-CL approaches fall under rehearsal-based ap-
proaches (Aljundi, Kelchtermans, and Tuytelaars 2019; He
et al. 2020; Wang et al. 2022). They store a small number
of samples from previous data stream and later replay them
alongside new mini-batch data. Thus, we focus on rehearsal-
based methods due to their simplicity and effectiveness.

Recently, DRO (Wang et al. 2022) proposed to edit
memory samples by adversarial input perturbation, making
it gradually harder to be memorized. Raghavan and Bal-
aprakash (2021) showed that the CL problem has an upper
bound whose objective is to minimize with adversarial input
perturbation, but it didn’t fully consider the TF-CL setup.
Meanwhile, Deng et al. (2021) demonstrated the effective-
ness of applying adversarial weight perturbation on training
and memory management for CL. To our best knowledge,
it has not been investigated yet considering both input and
weight perturbation simultaneously in TF-CL, and our work
will propose a method that takes both into account.

Input and Weight Perturbations
Injecting input and weight perturbations into a standard
training scheme is known to be effective for robustness and
generalization by flattening the input and weight loss land-
scape. It is well known that flat input loss landscape is
correlated to the robustness of performance of a network
to input perturbations. In order to enhance robustness, ad-
versarial training (AT) intentionally smooths out the input
loss landscape by training on adversarially perturbed in-
puts. There are alternative approaches to flatten the loss

landscape, through gradient regularization (Lyu, Huang, and
Liang 2015; Ross and Doshi-Velez 2018), curvature reg-
ularization (Moosavi-Dezfooli et al. 2019), and local lin-
earity regularization (Qin et al. 2019). Meanwhile, multi-
ple studies have demonstrated the correlation between the
flat weight loss landscape and the standard generalization
gap (Keskar et al. 2017; Neyshabur et al. 2017). Especially,
adversarial weight perturbation (Wu, Xia, and Wang 2020)
effectively improved both standard and robust generalization
by combining it with AT or other variants.

Problem Formulation
Revisiting Conventional TF-CL
We denote a sample (x, y) ∈ X × Y , where X ⊆ Rd is the
input space (or image space), Y ⊆ RC is the label space, and
C is the number of classes. A deep neural network to predict
a label from an image can be defined as a function h : X →
Y , parameterized with θ and this learnable parameter θ can
be trained by minimizing sample-wise loss ℓ(h(x; θ), y).
TF-CL is challenging due to varying data distribution Pt

over iteration t, so the learner encounters a stream of data
distribution {Pt}Tt=0 via a stream of samples {(xt, yt)}Tt=1
where (xt, yt) ∼ Pt. Let us denote the sample-wise loss for
(xt, yt) by Lt(θ) = ℓ(h(xt; θ), yt). Then, TF-CL trains the
network h in an online manner (Aljundi et al. 2019):

θt ∈ argmin
θ

Lt(θ) (1)

subject to Lτ (θ) ≤ Lτ (θ
t−1); ∀τ ∈ [0, . . . , t− 1].

Novel TF-CL Considering a Future Sample
Many CL studies regard the “i.i.d. offline” training as the
oracle due to its consistently low loss not only for past and
present, but also for future data. Thus, considering the future
samples could enhance the performance in TF-CL setup. We
first relax the constraints in (1) as a single constraint:

1

t

∑t−1
τ=0 Lτ (θ) ≤

1

t

∑t−1
τ=0 Lτ (θ

t−1). (2)

Secondly, we introduce an additional constraint with a nui-
sance parameter θ′ considering a future sample,

Lt+1(θ
′) ≤ Lt+1(θ). (3)

Then, using Lagrangian multipliers, the TF-CL with the
minimization in (1) with new constraints (2) and (3) will be

θt ∈ argmin
θ

Lt(θ) +
λ

t

∑t−1
τ=0(Lτ (θ)− Lτ (θ

t−1))

+ ρ(Lt+1(θ
′)− Lt+1(θ)) (4)

where λ > 0 and ρ > 0 are Lagrangian multipliers.

Doubly Perturbed Task Free Continual Learning
Unfortunately, the future sample and most past samples are
not available in TF-CL. Instead of minimizing the loss (4)
directly, we minimize its surrogate independent of past and
future samples. For this, we utilized the observation from
Wu et al. (2019) and Ahn et al. (2021) that change of param-
eter in classifier is more significant than change in encoder.
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Figure 1: (Left) Input loss landscape of TF-CL when the weight θt has been determined for sample xt. We desire ℓ(h(x; θt), y)
to be flat about xt so that the loss for xτ , τ ∈ [1, · · · , t − 1, t + 1] do not fluctuate significantly from xt. (Right) Weight loss
landscape of TF-CL where ϕ gets shifted from ϕt to ϕt+1 by training for new sample xt+1. We desire ℓ(h(xt; [θe;ϕ]), yt) to be
flat about ϕt so that the loss for xt doesn’t increase dramatically when ϕ shifts from ϕt to ϕt+1.

Let us consider the network h = g ◦ f that consists of
the encoder f and the classifier g, with the parametrization
h(·; θ) = g(f(·; θe);ϕ) where θ = [θe;ϕ]. Suppose that the
new parameter θ′ ≈ [θe;ϕ

′] has almost no change in the
encoder with the future sample (xt+1, yt+1) while may have
substantial change in the classifier. We also define ηt1 :=
maxτ∥xt − xτ∥ < ∞, τ = 0, . . . , t − 1, t + 1 and ηt2 :=
maxϕ′∥ϕ′ − ϕt∥. Then, we have a surrogate of (4).
Proposition 1. Assume that Lt(θ) is Lipschitz continuous
for all t and ϕ′ is updated with finite gradient steps from ϕt,
so that ϕ′ is a bounded random variable and ηt2 < ∞ with
high probability. Then, the upper-bound for the loss (4) is

Lt(θ) + λ max
∥∆x∥≤ηt

1

Lt,∆(θ)

+ ρ max
∥∆ϕ∥≤ηt

2

max
∥∆x∥≤ηt

1

Lt,∆([θe;ϕ
t +∆ϕ]), (5)

where Lt,∆(θ) = ℓ(h(xt +∆x; θ), yt).
Proposition 1 suggests that injecting adversarial perturba-

tion on input and classifier’s weight could help to minimize
the TF-CL loss (4). Note that both the second and third term
have stably improved robustness and generalization of train-
ing (Ross and Doshi-Velez 2018; Wu, Xia, and Wang 2020).
Here, ηt1 handles the data distribution shift. For example,
more intense perturbation is introduced for better robustness
with large ηt1 when crossing task boundaries.

Intuitively, such perturbations are known to find flat input
and weight loss landscape (Madry et al. 2017; Foret et al.
2020). For the input, it is desirable to achieve low losses
for both past and future samples with the current network
weights. From Figure 1, a flatter input landscape is more
conducive to achieving this goal. Moreover, if the loss of xt
is flat about weights, then one would expect only a minor in-
crease in loss compared to a sharper weight landscape when
the weights shift by training with new samples. Since di-
rectly computing the adversarial perturbations is inefficient
due to additional gradient steps, we approximately minimize
this doubly perturbed upper-bound (5) in an efficient way.

Efficient Optimization for Doubly Perturbed
Task Free Continual Learning

In this section, we propose a novel CL method, called
Doubly Perturbed Continual Learning (DPCL), which is in-
expensive but very effective to handle the loss (5) with effi-
cient input and weight perturbation schemes. We also de-
sign a simple memory management and adaptive learning
rate scheme induced by these perturbation schemes.

Perturbed Function Interpolation
Minimizing the second term in (5) requires gradient for
input, which is heavy computation for online learning.
From Lim et al. (2022), we design a Perturbed Function
Interpolation (PFI), a surrogate of the second term in (5).
Let the encoder f consist of L-layered networks, denoted
by f = f(l+1):L ◦ f0:l, where f0:l maps an input to the hid-
den representation at lth layer (denoted by f l) and f(l+1):L

maps f l to the feature space of the encoder f . We define
the average loss for samples whose label is y as ℓ̄y =∑

τ :yτ=y ℓ(h(x
τ ; θτ ), yτ )/|τ : yτ = y|. Then, for a ran-

domly selected lth layer of f , the hidden representation of a
sample is perturbed by noise considering its label:

f̌ l = (1+ µmξm)⊙ f l + µaξa, ξm, ξa ∼ N (0, I), (6)

where 1 denotes the one vector, ⊙ is the Hadamard prod-
uct, I is the identity matrix, µm = σm tan−1(ℓ̄y), µa =
σa tan

−1(ℓ̄y), and σm, σa are hyper-parameters. When label
y is first encountered, we set µm = σm, µa = σa. Instead
of computing true ℓ̄y , it is updated by exponential moving
average whenever a sample of label y is encountered.

As the main step, the function interpolation can be imple-
mented for the two perturbed feature representations f̌ li and
f̌ lj with their labels yi and yj , respectively, as follows:

(f̃ l, ỹ) = (ζf̌ li + (1− ζ)f̌ lj , ζyi + (1− ζ)yj), (7)
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Figure 2: Illustration of Perturbed Function Interpolation (PFI) and Branched Stochastic Classifiers (BSC). PFI randomly per-
turbs the input, which makes the input loss landscape smooth. For weight perturbation, branched stochastic classifier utilizes
weight average along the training trajectory, introduces multiple classifiers, and conduct variational inference during test.

where ζ ∼ Beta(α, β), Beta(·, ·) is the beta distribution.
Finally, the output is computed by f(l+1):L(f̃

l) and we de-
note this as f̃(·). Since PFI only requires element-wise mul-
tiplication and addition with samplings from simple distri-
butions, its computational burden is negligible.

Lim et al. (2022) has shown that using perturbation and
Mixup in function space can be interpreted as the upper
bound of adversarial loss for the input under simplifying
assumptions including that the task is binary classification.
We extend it to multi-class classification setup assuming
the classifier is linear for each class node and its node
is trained in terms of binary classification. Let L̃τ (θ) =

ℓ(g(f̃(xτ )), yτ ) is the loss computed by PFI.

Proposition 2. Assume that Lτ (θ) is computed by bi-
nary classifications for multi-classes. We also suppose
∥∇θh(x

τ ; θ)∥ > 0, d1 ≤ ∥f lτ∥2 ≤ d2 for some 0 < d1 ≤
d2. With more regularity assumptions in Lim et al.(2022),

L̃τ (θ) ≥ max
∥δ∥≤ϵ

ℓ(h(xτ + δ; θ), yτ ) + Lreg
τ + ϵ2ψ1(ϵ), (8)

where ψ1(ϵ) → 0 and Lreg
τ → 0 as ϵ→ 0, and ϵ is assumed

to be small and determined by each sample.

In Proposition 2, both Lreg
τ and ϵ2ψ1(ϵ) are negligible for

small ϵ and the adversarial loss term becomes dominant in
the right side of (8), which validates the use of PFI. See the
supplementary materials for the details on Proposition 2.

Branched Stochastic Classifiers
Minimizing the third term in (5) requires additional gradi-
ent steps. We bypass this inspired by ideas from Izmailov
et al. (2018), Maddox et al. (2019), and Wilson and Izmailov
(2020), updating multiple models by averaging their weights
along training trajectories and performing variational infer-
ence for decisions of these models. Cha et al. (2021) con-
firmed that such stochastic weight averaging effectively flat-
tens the weight loss landscape compared to the adversarial
perturbation. In this work, we use this solely for the classi-
fier, termed Branched Stochastic Classifiers (BSC).

We first consider a single linear classifier g, represented as
g = [g1, . . . gC ] where gc is the sub-classifier connected to
the node for the cth class parameterized by ϕc. Considering
the setup of TF-CL, we independently apply the weight per-
turbation to gc. Assume that gc at iteration t follows a mul-
tivariate Gaussian distribution with mean ϕ̄tc and covariance
Σc

t . With the iteration Tc when the model first encounters the
class c, ϕ̄tc and Σc

t are updated every P iterations:

ϕ̄tc =
kcϕ̄

(t−P )
c + ϕtc
kc + 1

,Σc
t =

1

2
Σc

diag,t +
DT

t,cDt,c

2(A− 1)
, (9)

where kc = ⌊(t− Tc)/P ⌋ with floor function ⌊·⌋, Σc
diag,t =

diag((ϕtc)
.2 − (ϕ̄tc)

.2), diag(v) is the diagonal matrix with
diagonal v, and (·).2 is the element-wise square. For (9),
(ϕtc)

.2 and Dt,c ∈ Rq×A are updated as:

(ϕtc)
.2 =

kc(ϕ
t−P
c ).2 + (ϕtc)

.2

kc + 1
,

Dt,c = [Dt−P,c[2 : A] (ϕtc − ϕ̄tc)], (10)

where D[2 : A] ∈ Rq×(A−1) is the submatrix of D obtained
by removing the first column ofD. For inference, we predict
the class probability pt using the variational inference with
ϕ̄t = [ϕ̄t1 · · · ϕ̄tC ] and Σt = diag([Σt,1 · · ·Σt,C ]) by

pt =
1

R

R∑
r=1

soft(g(f(x; θte);φ)), φ ∼ N (ϕ̄t,Σt), (11)

where soft(·) is the softmax function. We can view Σt as the
low-rank measures on deviation of the classifier parameters
and the samplings as weight perturbation.

Wilson and Izmailov (2020) verified that both deep en-
sembles and weight moving average can effectively improve
the generalization performance. Since training multiple net-
works is time-consuming, we instead introduce multiple lin-
ear classifiers. With the decisions of the classifiers, the fi-
nal decision for an input is determined by p̄t = 1

NΣN
n=1p

t
n,

where N is the number of classifiers. In this case, each clas-
sifier can be viewed as an instance with perturbed weights.
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Methods CIFAR100 (M=2K) CIFAR100-SC (M=2K) ImageNet-100 (M=2K)
ACC↑ FM↓ ACC↑ FM↓ ACC↑ FM↓

ER (Rolnick et al. 2019) 36.87±1.53 44.98±0.91 40.09±0.62 30.30±0.60 22.35±0.29 51.87±0.24
EWC++ (Chaudhry et al. 2018a) 36.35±1.62 44.23±1.21 39.87±0.93 29.84±1.04 22.28±0.45 51.50±1.42

DER++ (Buzzega et al. 2020) 39.34±1.01 40.97±2.37 41.54±1.79 29.82±2.26 25.20±2.06 52.16±3.26
BiC (Wu et al. 2019) 36.64±1.73 44.46±1.24 38.63±1.32 29.96±1.54 22.41±1.23 50.94±1.34

MIR (Aljundi et al. 2019a) 35.13±1.35 45.97±0.85 37.84±0.86 31.55±1.00 22.75±1.03 52.65±0.85
CLIB (Koh et al. 2022) 37.48±1.27 42.66±0.69 37.27±1.63 30.04±1.85 23.85±1.36 49.96±1.69

ER-CPR (Cha et al. 2020) 40.98±0.12 44.47±0.45 41.93±0.42 30.67±0.39 27.08±3.26 49.93±1.06
FS-DGPM (Deng et al. 2021) 38.03±0.58 39.90±0.39 37.03±0.57 31.05±1.63 25.73±1.68 49.32±2.03

DRO (Ye and Bors 2022) 39.23±0.74 41.57±0.25 39.86±0.95 27.76±0.77 27.68±1.23 39.96±0.87
ODDL (Wang et al. 2022) 41.49±1.38 40.01±0.52 40.82±1.16 29.06±1.87 27.54±0.63 41.23±1.06

DPCL 45.27±1.32 37.66±1.18 45.39±1.34 26.57±1.63 30.92±1.17 37.33±1.53

Table 1: Results on CIFAR100, CIFAR100-SC, and ImageNet-100. The tasks are distinguished by disjoint sets of classes. For
all datasets, we measured averaged accuracy (ACC) and forgetting measure(FM) (%) averaged by 5 different random seeds.

Perturbation-Induced Memory Management and
Adaptive Learning Rate
Several studies showed the benefits of advanced memory
management (Chrysakis and Moens 2020) and adaptive
learning rate (Koh et al. 2022) in TF-CL. To take the same
advantage, we propose Perturbation-Induced Memory man-
agement and Adaptive learning rate (PIMA). For memory
management, we basically balance the number of samples
for each class in the memory Mt and compute the sample-
wise mutual information empirically for a sample (x, y) as

I(x;ϕt) = H(p̄t)− 1

N

N∑
n=1

H(ptn), (12)

where H(·) is the entropy for class distribution. To manage
Mt, we introduce a history Ht which stores the mutual in-
formation for memory samples. Let Ht(x, y) be the accu-
mulated mutual information for a memory sample (x, y) at
t. If (x, y) is selected for training, Ht(x, y) is updated by

Ht(x, y) = (1− γ)Ht−1(x, y) + γI(x;ϕt), (13)

where γ ∈ (0, 1). Otherwise, Ht(x, y) = Ht−1(x, y). To
update the samples in the memory, we first identify the class
ŷ that occupies the most in Mt. We then compare the values
in {Ht(x, y)|(x, y) ∈ Mt, y = ŷ} with I(xt;ϕt) for the cur-
rent stream sample (xt, yt). If I(xt;ϕt) is the smallest, we
skip updating the memory. Otherwise, we remove the mem-
ory sample of the lowest accumulated mutual information.

We also propose a heuristic but effective adaptive learning
rate induced by Ht. Whenever ϕ̄tc is updated, we scale the
learning rate ηt by a factor ω > 1 if E(x,y)∼Mt

[Ht(x, y)] >

E(x,y)∼Mt
[Ht−1(x, y)] or 1

ω < 1 otherwise. The algorithm
for the memory management and adaptive learning rate are
explained in the supplementary materials.

Experiments
Experimental Setups
Benchmark datasets. We evaluate on three CL benchmark
datasets. CIFAR100 (Rebuffi et al. 2017) and CIFAR100-
SC (Yoon et al. 2019) contains 50,000 samples and 10,000

samples for training and test. ImageNet-100 (Douillard
et al. 2020) is a subset of ILSVRC2012 with 100 randomly
selected classes which consists of about 130K samples for
training and 5000 samples for test. For both CIFAR100 and
CIFAR100-SC, we split 100 classes into 5 tasks by ran-
domly selecting 20 classes for each task (Rebuffi et al. 2017)
and we considered the semantic similarity for CIFAR100-
SC (Yoon et al. 2019). For Imagenet-100, we split 100
classes into 10 tasks by randomly selecting 10 classes for
each task (Douillard et al. 2020).
Task configurations. We also considered various setups:
disjoint, blurry (Bang et al. 2021), and i-blurry (Koh et al.
2022) setups. Disjoint task configuration is the conventional
CL setup where any two tasks don’t share common classes.
As a more general configuration, the blurry setup involves
learning the same classes for all tasks while having differ-
ent class distributions per task. Meanwhile, each task in i-
blurry setup consists of both shared and disjoint classes,
which is more realistic than the disjoint and blurry setups.
Baselines. Since most of TF-CL methods are rehearsal-
based methods, we compared our DPCL with ER (Rol-
nick et al. 2019), EWC++ (Chaudhry et al. 2018a),
BiC (Wu et al. 2019), DER++ (Buzzega et al. 2020), and
MIR (Aljundi et al. 2019a). By EWC++, we combined ER
and the work of Chaudhry et al. (2018a). We compared
DPCL with CLIB (Koh et al. 2022), which was proposed
for i-blurry CL setup. We also experimented DRO (Wang
et al. 2022), which proposed to perturb the memory sam-
ples via distributionally robust optimization. Lastly, we ex-
perimented FS-DGPM (Deng et al. 2021), CPR (Cha et al.
2020) by combining it with ER (ER-CPR), and ODDL (Ye
and Bors 2022).
Evaluation metrics. We employ two primary evaluation
metrics: averaged accuracy (ACC) and forgetting measure
(FM). ACC is a commonly used metric for evaluating CL
methods (Chaudhry et al. 2018a; Han et al. 2018; van de
Ven and Tolias 2018). FM is used to measure how much the
average accuracy has dropped from the maximum value for
a task (Yin, Li et al. 2021; Lin et al. 2022). The details for
the metric is explained in the supplementary materials.
Implementation details. The overall experiment setting is
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Figure 3: Any-time inference results on CIFAR100, CIFAR100-SC, and ImageNet-100. Each point represents average accuracy
over 5 different random seeds and the shaded area represents the standard deviation(±) around the average accuracy.

Methods Blurry (M=2K) i-Blurry (M=2K)
ACC↑ FM↓ ACC↑ FM↓

ER 24.24±1.30 20.64±2.50 39.43±1.09 15.45±1.48
EWC++ 23.84±1.57 20.67±3.34 38.55±0.79 15.57±2.36
DER++ 24.50±3.03 17.35±4.24 44.34±0.67 13.14±4.64

BiC 24.96±1.82 20.12±3.78 39.57±0.90 14.23±2.19
MIR 25.15±0.08 15.49±2.07 38.26±0.63 15.12±2.69
CLIB 38.13±0.73 4.69±0.99 47.04±0.89 11.69±2.12

ER-CPR 28.72±1.67 18.67±1.23 42.59±0.66 18.01±2.68
FS-DGPM 29.72±0.22 14.51±2.82 41.99±0.65 11.81±0.12

DRO 20.86±2.45 17.11±2.47 41.78±0.42 11.97±2.79
ODDL 33.35±1.09 15.12±1.98 39.71±1.32 16.12±1.65

DPCL 47.58±2.75 11.44±2.64 50.22±0.39 11.49±2.54

Table 2: Results on various setups on CIFAR100. We mea-
sured averaged accuracy (ACC) and forgetting measure
(FM) (%) averaged by 5 different seeds.

based on Koh et al. (2022). We used ResNet34 (He et al.
2016) as the base feature encoder for all datasets. We used
a batch size of 16 and 3 updates per sample for CIFAR100
and CIFAR100-SC and batch size of 64 and 0.25 updates per
sample for ImageNet-100. We used a memory size of 2000
for all datasets. We utilized the Adam optimizer (Kingma
and Ba 2015) with an initial learning rate of 0.0003 and ap-
plied an exponential learning rate scheduler except CLIB
and the optimization configurations reported in the origi-
nal papers were used for CLIB. We applied AutoAugment
(Cubuk et al. 2019) and CutMix (Yun et al. 2019). For DRO,
we conducted the CutMix separately for the samples from
stream buffer and memory since it conflicts with the per-
turbation for the memory samples. Since both utilizing Cut-
Mix and our PFI is ambiguous, we didn’t apply CutMix for
our method. More information for the implementation de-
tails can be found in the supplementary materials.

Main Results
Results on various benchmark datasets We first con-
ducted experiments on CIFAR100, CIFAR100-SC, and

Methods One-step (s) Tr. Time (s) Model Size GPU Mem.
ER 0.012 7126 1.00 1.00

EWC++ 0.027 16402 2.00 1.23
DER++ 0.019 11384 1.00 1.53

BiC 0.015 10643 1.01 1.02
MIR 0.029 18408 1.00 1.96
CLIB 0.061 32519 1.00 4.32

ER-CPR 0.015 8082 1.00 1.00
DRO 0.038 23389 1.00 3.46

ODDL 0.032 22905 2.14 3.31
DPCL 0.017 10925 1.03 1.06

Table 3: Results of runtime/parametric complexity. One-step
(s): one-step throughput in second. Tr. Time (s): total train-
ing time in second. Model Size: normalized model size.
GPU Mem.: normalized training GPU memory.

ImageNet-100 in a disjoint setup. As shown in Table 1,
DPCL significantly improves the performance on all three
datasets. The extent of improvement of EWC++, BiC, and
MIR was marginal compared to ER, as already observed
in other studies (Raghavan and Balaprakash 2021; Ye and
Bors 2022). ER-CPR, FS-DGPM, DRO, and ODDL are
perturbation-based methods and achieved high performance
on all datasets among baselines. Interestingly, we observed
that for CIFAR100-SC, ER outperformed several baselines.
CIFAR100-SC is divided into tasks based on their parent
classes, and it seems that some existing advanced meth-
ods have limitations to improve upon ER’s performance for
the dataset in the challenging TF-CL scenario. On the other
hand, our proposed method significantly outperformed ER
for all datasets. Recently, (Koh et al. 2022) argued that infer-
ence should be conducted at any-time for TF-CL since the
model is agnostic to the task boundaries in practice. Based
on this argument, we present the results of our method in
terms of any-time inference in Fig. 3, where the vertical
grids indicate task boundaries. From Fig. 3, our method
consistently exhibits the best performance regardless of the
iterations during training.
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Figure 4: t-SNE on the features at the end of the encoder with CIFAR100. We computed the features and losses for samples in
first task after training the last 5th task. The color represents the loss of a sample (yellow for high loss and purple for low loss).
We can see that our DPCL has overall low loss for all regions, especially near the class boundaries.

Results on various task configurations. We evaluated our
method on various task configurations. For this purpose, we
evaluated the performance on CIFAR100 under the blurry
(Bang et al. 2021) and i-blurry setup (Koh et al. 2022).
From Table 2, we can observe that ER, EWC, BiC, and MiR
show similar performance. CLIB, which is designed for the
i-blurry setup, achieved the highest performance among the
baselines. In contrast, DRO showed low performance in the
blurry setup. On the other hand, our method consistently out-
performed the baseline methods by a significant margin in
both the blurry and i-blurry setups. Since there exists class
imbalance in blurry or i-blurry settings, it empirically shows
the robustness of the proposed method to class imbalance.
Runtime/Parametric complexity analysis. In Table 3, we
evaluated runtime and parametric complexity of the base-
lines and DPCL. One-step throughput (One-step) and total
training time (Training Time) were measured in second for
CIFAR100. We also measured model size (Model Size) and
training GPU memory (GPU Mem.) on ImageNet-100 af-
ter normalizing their values for ER as 1.0. We didn’t con-
sider the memory consumption for replay memory since it
is constant for all methods. From Table 3, we can see that
our proposed method introduces mild increase on runtime,
model size, and training GPU memory compared to other
CL methods. Note that DRO, the gradient-based perturba-
tion method, has significantly increased both the training
time and memory consumption.
Qualitative analysis. Fig. 4 shows the t-SNE results for
samples within the first task after training the last task un-
der the disjoint setup on CIFAR100. On the t-SNE map, we
marked each samples with shade that represents the mag-
nitude of the loss values for the corresponding features.
From Fig. 4, we can observe that our method produces much
smoother loss landscape for features compared to baselines.
It verifies that our method indeed flattens loss landscape in
function space. For more experiments for the loss landscape,
please refer to the supplementary materials.
Ablation study. To understand the effect of each compo-
nent in our DPCL, we conducted an ablation study. We mea-
sured the performance of the proposed method by removing

Methods CIFAR100 (Disjoint)
ACC↑ FM↓

DPCL w/o PFI 40.85±1.68 42.29±2.32
DPCL w/o BSC 41.75±1.43 40.56±1.94

DPCL w/o PIMA 42.94±1.23 39.79±2.23
DPCL 45.27±1.32 37.66±1.18

BiC 36.64±1.73 44.46±1.24
BiC w/ PFI and BSC 43.63±0.74 38.57±1.67

CLIB 37.48±1.27 42.66±0.69
CLIB w/ PFI and BSC 44.97±0.97 37.78±1.24

Table 4: Ablation studies on CIFAR100. PFI and BSC were
applied to BiC and CLIB. PIMA was excluded since it con-
flicts with the baseline methods.

each component from DPCL. As shown in Table 4, we ob-
served the obvious performance drop when removing each
component, indicating the efficacy of each component of our
method. Furthermore, to demonstrate the orthogonality of
PFI and BSC to baselines, we applied them to other base-
lines such as BiC and CLIB. For this, we excluded the pre-
viously applied CutMix. Table 4 confirms that the two com-
ponents of our method can easily be combined with other
methods to enhance performance.

Conclusion
In this work, we proposed a novel optimization frame-
work for Task Free CL (TF-CL) and showed that it has an
upper-bound which addresses the input and weight pertur-
bations. Based on the framework, we proposed a method,
Doubly Perturbed Continual Learning (DPCL), which em-
ploys perturbed function interpolation and incorporates
branched stochastic classifiers for weight perturbations, with
an upper-bound analysis considering adversarial perturba-
tions. By additionally proposing simple scheme of memory
management and adaptive learning rate, we could effectively
improve the baseline methods on TF-CL. Experimental re-
sults validated the superiority of DPCL over existing meth-
ods across various CL benchmarks and setups.
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