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Abstract—Online class-incremental learning (OCIL) requires
a model to learn a growing set of classes from a strictly one-
pass, non-stationary stream, where each sample is observed only
once, leading to insufficient learning of new classes and unstable
representations. Despite the strong advantages of replay-based
methods in OCIL, imbalanced replay and sample loss under
a finite buffer further suppress plasticity, disrupt the stability-
plasticity balance, and make performance highly sensitive to
buffer size. Specifically, we introduce a dual-loop online meta-
learning framework that meta-learns both model parameters
and drift-adaptive update rules at the sample level, promot-
ing more transferable representations and stronger plasticity
under insufficient new-sample learning. We further propose
Structured Replay with Subspace-Aware Refresh, which uses
class-subspace relations to enable uniform replay and cyclic
buffer reuse, improving buffer-size robustness and providing a
more representative replay signal for meta-learning transferable
representations. Extensive evaluations on standard OCIL bench-
marks (T-ImageNet, CIFAR100, MNIST-P) and a challenging
few-shot OCIL setting (CUB200) demonstrate state-of-the-art
performance with consistently lower forgetting and stronger
forward transfer. Our method remains robust across a wide
range of buffer budgets while incurring runtime comparable to
practical replay baselines.

Index Terms—Online Class incremental learning, Computer
vision, efficient replay memory

I. INTRODUCTION

Real-world agents face evolving data distributions, mo-
tivating continual learning to acquire new knowledge se-
quentially while avoiding catastrophic forgetting (i.e., de-
graded performance on previously learned classes) [1]–[3].
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In practice, however, data often arrive as a strictly one-pass
stream, making repeated retraining infeasible under compute
and storage constraints, especially in online-critical domains
such as autonomous driving and robotic manipulation [4],
[5]. This setting motivates online class-incremental learning
(OCIL), a sub-scenario of continual learning. Compared with
general continual learning, OCIL assumes strictly one-pass
data without revisits and requires task-agnostic inference over
a growing unified label space [6], [7]. Solving OCIL is key to
long-horizon deployment without repeated retraining.

Unlike offline continual learning, which can revisit data
across multiple epochs, the one-pass constraint in OCIL often
limits optimization of new samples, leading to unstable feature
representations [8]. Updates based on unstable representa-
tions may disrupt previously acquired knowledge, exacerbating
catastrophic forgetting and sharpening the stability–plasticity
tension. A wide range of OCIL methods have been proposed to
address these challenges [9]–[11]. Among them, replay-based
approaches are widely adopted and empirically strong [10],
[12], [13], as they interleave buffered past samples with
incoming data to retain historical knowledge. However, under
strict one-pass constraints, stronger retention often comes with
heavier reliance on replay, which can reduce the effective train-
ing signal for new classes and suppress plasticity. Moreover,
without explicit mechanisms to preserve class-level coverage,
buffer update and sampling policies may progressively under-
represent early and long-tail classes, while naı̈ve buffer refresh
that simply discards older samples when memory is full
can further erase class-specific information. As a result, with
fixed memory and growing tasks, performance can become
highly buffer-sensitive. Together, these factors make it difficult
to robustly balance stability and plasticity across memory
budgets, posing a practical bottleneck for OCIL.

To address these challenges, we propose a Dual-Loop



Online Meta-Learning training strategy with Subspace-Aware
Memory Refresh, which better balances stability and plas-
ticity and improves robustness to replay-buffer capacity. (i)
Specifically, we introduce a dual-loop online meta-learning
framework that meta-learns both model parameters and drift-
adaptive update rules (e.g., step sizes and update directions)
at the sample level, promoting more transferable represen-
tations and stronger plasticity in non-stationary one-pass
OCIL.(ii) We further introduce a Structured Replay Strategy
with Subspace-Aware Memory Refresh to help the training
scheme meta-learn more general representations and improve
robustness to replay-buffer size. Structured replay keeps replay
balanced via class-aware buckets and uniform cross-bucket
sampling, providing a more representative signal for learning
transferable representations. The subspace-aware refresh then
cyclically reuses fixed memory and constrains updates using
discarded class subspaces, preserving prior knowledge while
maintaining high plasticity for new tasks. (iii) Extensive
experiments show that our method achieves state-of-the-art
continual learning under the standard OCIL protocol on T-
ImageNet, CIFAR100, and MNIST-P, while maintaining a
strong balance between stability and plasticity. This advantage
becomes even more pronounced in the few-shot OCIL setting
on CUB200. In addition, our approach is robust across vary-
ing buffer budgets with runtime comparable to most replay
baselines. Further analysis highlights that two components
are complementary: dual-loop online meta-learning primarily
boosts plasticity, while the Structured Replay Strategy with
Subspace-Aware Memory Refresh mainly improves stability-
plasticity balance and buffer robustness. Code and data will
be made publicly available upon acceptance.

II. RELATED WORK

A. Online Continual Learning

online class-incremental learning (OCIL) considers learning
from a non-stationary stream under a strict one-pass constraint,
where past samples cannot be revisited [6], [7]. This makes
the stability–plasticity balance particularly challenging, since
insufficient consolidation of new data can destabilize repre-
sentations and amplify interference with previously learned
knowledge. Current OCIL methods can be broadly categorized
into regularization-based and replay-based approaches. Regu-
larization methods reduce forgetting by adding penalties that
restrict changes to parameters important for past knowledge,
like EWC and GEM. MetaCL [9] uses meta-optimization to
modulate gradients and preserve important parameters. Under
strict one-pass OCIL, however, such constraints may limit
rapid consolidation of newly arriving classes, and their effec-
tiveness can depend on the reliability of online importance es-
timates. In contrast, replay-based methods interleave buffered
past samples with incoming data to retain historical knowl-
edge, and have been widely adopted due to strong empirical
performance in OCIL. ER [12] combines buffered and incom-
ing samples with a cross-entropy loss, but uniform replay may
suffer from imbalanced coverage and buffer-size sensitivity.
To improve retrieval beyond uniform replay, MIR-ER [10]

prioritizes samples likely to be most affected by the next
update, and ESM-ER [14] combines error-sensitive sampling
with episodic-semantic replay. Although beneficial for reten-
tion, it may rely more heavily on rehearsal, reducing effective
learning from newly arriving data under one-pass constraints.
From a memory-structure perspective, CLS-ER [15] maintains
two semantic memories via exponential moving averages of
model weights and a small episodic buffer. This design reduces
exemplar overfitting, but may be less adaptive to evolving
feature distributions and sensitive to buffer size. EEIL [16]
combines exemplar rehearsal with knowledge distillation to
preserve previous knowledge. CCL-DC [13] co-trains two peer
learners with an entropy-regularized distillation objective, yet
its effectiveness can vary with buffer size. Overall, strict one-
pass OCIL poses a fundamental challenge in consolidating new
classes, and existing replay-based designs may face a trade-
off between retention and rapid adaptation, especially under
limited memory. These considerations motivate methods that
improve new-class consolidation while maintaining robust and
balanced replay under memory constraints.

B. Meta-learning

Meta-learning trains over a distribution of tasks to capture
shared structure that enables rapid adaptation to new tasks
with only a few gradient steps [17], [18]. Classic methods are
MAML [17], Reptile [19], and Meta-SGD [18]. A canonical
gradient-based formulation (e.g., MAML [17])minimizes the
post-adaptation loss across tasks:

min
θ

ET∼p(T )[Lqry
T (fθ′)] , θ′ = θ − β∇θLsup

T (fθ) , (1)

where θ denotes the model parameters, β is the meta learning
rate, and Lsup

T and Lqry
T are the losses computed on the support

and query sets of task T , respectively.

III. DUAL-LOOP ONLINE META-LEARNING WITH
SUBSPACE-AWARE MEMORY REFRESH

As illustrated in Fig. 1 and Algorithm 1, we propose a
dual-loop online meta-learning strategy with subspace-aware
memory refresh that balances stability and plasticity while
making the method robust to replay buffer size. Specifically,
we proposed a dual-loop meta-learning strategy which meta-
learns both model parameters and drift-adaptive update rules at
the sample level, promoting more transferable representations
and stronger plasticity. For memory management, We further
introduce a Structured Replay Strategy with Subspace-Aware
Memory Refresh which uses class-subspace relations to enable
uniform replay and cyclic buffer reuse, improving buffer-
size robustness and helping meta-learn transferable represen-
tations. The training strategy improves plasticity via online
meta-updates, while memory management supplies compat-
ible replay samples to stabilize meta-learning across buffer
sizes. Together, they form a synergistic framework that jointly
improves stability and plasticity. Details of each component
and how they interact are presented in the following sections.
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Fig. 1: Overview of our method. (a) Structured replaying with subspace-aware memory refresh. (b) and (c) Dual-Loop online
meta-learning training. (d) Learning task-shared representation by meta learning. P is the orthogonal subspace of classes in
each bucket. g is the gradient. θ is the model parameters. α and β are Hyperparameter.

A. Dual-Loop Online Meta-Learning Training Strategy

Replay-based OCIL under the one-pass constraint faces
two key issues: new samples are under-optimized and re-
play can suppress plasticity for learning new classes. As
shown in Fig. 1(b),(c),(d), we propose a dual-loop online
meta-learning framework. It encourages cross-task general-
ization and preserves the plasticity in OCIL. Our approach
offers two innovations. First, we move away from typical
meta-learning setups. Instead, we use a dual-loop design for
sample-level online meta-learning. This helps the model learn
effectively from each instance in only one pass. Second,
we develop a distribution-drift–adaptive online hyperparam-
eter meta-optimization mechanism. This balances theoretical
grounding with practical, efficient implementation. These de-
signs promotes transferable representations and reduces over-
alignment with old-task representations caused by replay,
improve plasticity. We describe the method in detail below.

a) Sample-level Online Meta-learning: Unlike classical
meta-learning, which optimizes over fully observed tasks from
a fixed dataset, OCIL must learn from a non-stationary stream
where each sample is observed only once. To approximate
previously encountered tasks, we use experience replay. We
also replace task-level meta-objectives with a streaming op-
timization protocol. As shown in Fig. 1 (b), at each step,
the inner loop updates parameters using mixed mini-batches
that combine the current sample with replayed exemplars. As
shown in Fig. 1 (c), the outer loop performs a meta-update
based on the changes induced by the inner loop, encouraging
the model to capture transferable structure across evolving
tasks under the one-pass constraint.

Inner Loop. As shown in lines 10–18 of Algorithm 1
and Fig. 1 (b), we construct a mixed set St = {(x, y)} ∪
sample(rs,M) consisting of the incoming sample (x, y) and
rs replayed exemplars from the memoryM. We then perform
sample-level sequential updates over St. Let (xi, yi) ∈ St
denote the i-th element and g i

θ = ∇θL(xi, yi; θi−1). The

inner-loop update is

θi =

{
θi−1 − sα g i

θ , (xi, yi) ∈ Dt,

θi−1 − α g i
θ , (xi, yi) /∈ Dt,

(2)

where the hyperparameter for replayed samples is α, and s
scales α for the incoming sample. This mechanism is specif-
ically designed to tackle insufficient optimization of newly
arriving samples under OCIL’s one-pass constraint. By scaling
up the gradient update amplitude for incoming samples, we
ensure the model allocates sufficient optimization focus to new
data. This approach avoids under-fitting to new classes while
retaining the contribution of replayed exemplars.

Outer-Loop. As shown in lines 19 of Algorithm 1
and Fig. 1(c), the outer loop performs a first-order meta-
update [19] using the parameter change from inner loop:

θ ← θ0 + β Pm

(
θrs+1 − θ0

)
, (3)

where θrs+1 denotes the parameters after the inner loop, and
β is the outer-loop step size. The projector Pm constrains the
outer-loop meta-update to reduce interference with previously
learned knowledge. More details are given in Sec. III-B.
As illustrated in Fig. 1 (d), combining gradient directions
from new and replayed data steers updates toward a shared
descent direction that reduces both losses. This leads to more
general representation and reduces over-alignment with old-
task representations caused by replay.

b) Online Hyperparameter Meta-optimization: In OCIL,
the data distribution drifts over time, making fixed step sizes
brittle. As shown in lines 20 of Algorithm 1 and Fig. 1(c), we
therefore adapt the inner-loop hyperparameter α online via
meta-learning in the outer loop:

α← α− ηα
∂L(θrs+1)

∂α
, (4)

where α is a parameter-wise step-size vector (with the same
dimensionality as θ). In principle, ∂θ/∂α is a Jacobian. To
make the hypergradient tractable, we keep only its diagonal



part, i.e., we ignore cross-parameter couplings and retain only
per-parameter influence. Under this diagonal approximation,
we use the element-wise chain rule

∂L(θrs+1)

∂α
≈ ∂L(θrs+1)

∂θ
⊙ ∂θrs+1

∂α
. (5)

rs + 1 is the number of inner updates, and inner update is:

θi = θi−1 − (wiα)⊙ g i
θ , i = 1, . . . , rs + 1, (6)

where wi ∈ {1, s} scales the step size (wi = s for the
incoming sample and wi = 1 for replayed exemplars), and
⊙ denotes the Hadamard product. Differentiating (6) w.r.t. α
yields the recursion:

∂θi
∂α

=
∂θi−1

∂α
−wig

i
θ − (wiα)⊙

∂g i
θ

∂θi−1︸ ︷︷ ︸
Hi

∂θi−1

∂α
,

∂θ0
∂α

= 0.

(7)
Under a first-order approximation that ignores the second-
order term (wiα)⊙Hi

∂θi−1

∂α , we obtain

∂θrs+1

∂α
≈ −

rs+1∑
i=1

wig
i
θ . (8)

Plugging (8) into (5) gives

∂L(θrs+1)

∂α
≈ − grs+1

θ ⊙
rs+1∑
i=1

wig
i
θ , (9)

where grs+1
θ :=

∂L(θrs+1)
∂θ denotes the gradient of the outer

loss at θrs+1. Summing (6) over i = 1, . . . , rs + 1 gives

θrs+1 − θ0 = −α⊙
rs+1∑
i=1

wig
i
θ , (10)

rs+1∑
i=1

wig
i
θ = −(θrs+1 − θ0)⊘ (α+ ε), (11)

where ⊘ is element-wise division and ε > 0 avoids division
by zero. Substituting (11) into (9) and (3):

α← α− ηα(g
rs+1
θ ⊙

(
θrs+1 − θ0

)
⊘ (α+ ε)). (12)

Directly updating a high-dimensional parameter-wise α can
be noisy. We therefore optionally tie step sizes within prede-
fined parameter groups, yielding a lower-dimensional vector
{αg}g∈G . Let Ig denote the index set of parameters in group
g. Given the element-wise estimate in (12), we aggregate it
within each group:

α← α− ηαAggj∈Ig

(
g rs+1
θ,j (θrs+1,j − θ0,j)

/
(αg + ε)

)
,

(13)
where Agg(·) is mean. We then broadcast αg to all parameters
in group g during the inner updates in (6).

B. Structured Replay with Subspace-Aware Memory Refresh

Under the one-pass and fixed-memory constraints of OCIL,
replay-based methods become increasingly buffer-size sen-
sitive as the task-to-memory ratio grows. Uniform reser-
voir sampling under-represents earlier and long-tail tasks,
degrading historical coverage, and naive buffer refresh further
discards old knowledge, undermining long-term stability. To
alleviate these limitations, we propose an integrated replay
optimization framework that combines structured replay with
subspace-aware memory refresh. Structured replay organizes
the buffer into class-aware buckets and performs cross-bucket
uniform sampling to mitigate imbalance and improve historical
coverage. When the buffer saturates, subspace-aware refresh
enables cyclic memory reuse while preserving prior knowledge
via subspace characterization and projector fusion, reducing
refresh-induced forgetting. This replay module also provides
more compatible historical samples, stabilizing the dual-loop
online meta-learning under strict memory budgets.

a) Structured Replay Strategy.: With fixed memory and
a growing number of classes, uniform reservoir sampling
progressively under-represents earlier and long-tail classes,
leading to a class-imbalanced buffer. Consequently, replay
provides weak coverage of historical data and exacerbates
forgetting. We therefore design a structured replay mechanism
to enforce balanced sampling across tasks. As shown in line 11
of Algorithm 1, Fig. 1(a). Instead of maintaining a single
unordered pool, we partition the replay buffer into Z class-
aware buckets M = {M1, . . . ,MZ}, where each bucket
corresponds to a set of past classes. During training, we
enforce balanced historical coverage via cross-bucket uniform
sampling: we select z buckets (either uniformly at random
or via round-robin cycling) and draw m samples from each,
yielding rs = m × z replay examples. These replay items
are then combined with the incoming sample (x, y) to form
a mixed mini-batch. When the number of buckets is large,
we cycle through {Mj} in a round-robin manner to cap the
batch size. This caps the replay-to-new ratio per mini-batch to
prevent replay gradients from dominating, while round-robin
cycling ensures coverage of older tasks over time.

b) Subspace-Aware Memory Refresh: Structured replay
fixes sample imbalance, but when the buffer is full in fixed-
memory OCIL, refreshing it can drop old samples, weakening
long-term stability. To resolve this, we propose a subspace-
aware memory refresh mechanism that achieves cyclic utiliza-
tion of fixed memory while preserving the integrity of prior
knowledge. As shown in Fig. 1, we represent the orthogonal
subspace of classes in each bucket with a projection operator
and use subspace orthogonality to pick the most orthogonal
buckets for cyclic reuse. During refresh, we fold the replaced
bucket’s projection operator into a global constraint operator
Pm, so that historical knowledge is retained. This mechanism
bridges the gap between memory efficiency and knowledge
retention, further alleviating the stability-plasticity tension. We
elaborate on the detailed workflow below.

Task Subspace Characterization and Projector. For each



new task in OCIL, we characterize orthogonal subspace of
classes by constructing an orthogonal-complement projector:

Pt = Id − Dt

(
D⊤

t Dt + γIn
)−1

D⊤
t , (14)

where Dt ∈ Rd×n stacks features extracted from the back-
bone’s penultimate layer (d is the feature dimension and n the
number of samples). Here Id and In are identity matrices of
sizes d and n, respectively, and γ is a small damping term that
stabilizes the inversion in the one-pass setting, where D⊤

t Dt

may be ill-conditioned or singular.
Memory Refresh and Subspace-Based Replacement. For

each bucket Mt, we store its projector Pt. As shown in lines 2-
9 of Algorithm 1 and Fig. 1(a), when the buffer is full, we
trigger a refresh and choose the bucket to replace using a
subspace orthogonality criterion. Concretely, for the incoming
classes we form a representative subset C and compute its loss
gradient at the pre-update parameters θ0, then select

j∗ ← arg max
j∈{1,...,Z}

∥Pj∇θL(C; θ0)∥2 , (15)

where Pj encodes the orthogonal-complement subspace of
bucket Mj . A larger value implies the new task is more orthog-
onal to bucket Mj (i.e., less feature overlap). By replacing the
most orthogonal bucket, the new task becomes more aligned
with the remaining buckets’ subspaces, enabling more effec-
tive replay and strengthening generalizable representations.
Meanwhile, merging the replaced bucket’s projector into the
global constraint introduces the smallest additional restriction
on the new gradients, thereby preserving plasticity.

Projector Merging and Global Constraint Update. As
shown in lines 2-9 of Algorithm 1 and Fig. 1(a), after
selecting Mj∗ for replacement, we merge its projector Pj∗

into the global constraint operator Pm, which summarizes
the orthogonal-complement subspace of previously seen but
unstored data. Because Pj∗ and Pm are only approximately
projectors under regularization (i.e., not perfectly idempotent),
I −Pi cannot project onto the target subspace accurately. We
first symmetrize them to reduce numerical asymmetry:

Pi ← 1
2 (Pi + P⊤

i ), i ∈ {j∗,m}. (16)

We construct a stacked matrix A to integrate the subspace
information of Pj∗ and Pm:

A =

[
I − Pj∗

I − Pm

]
, (17)

where I − Pj∗ and I − Pm correspond to the task-feature
subspaces of the evicted bucket and the previously summa-
rized data, respectively. The approximate null space of A
captures directions that are simultaneously orthogonal to both
subspaces. To extract it efficiently in the streaming setting, we
compute the thin SVD (retaining only non-zero singular values
to reduce computational complexity for streaming scenarios):

A = UΣV ⊤, Σ = diag(σ1 ≥ · · · ≥ σK ≥ 0), (18)

and select the right singular vectors associated with near-zero
singular values using the threshold τ = ε σmax(A), where
ε ∈ [10−8, 10−6]:

K = {k : σk ≤ τ}, V∩ = [vk]k∈K. (19)

Finally, we update the global constraint by projecting onto the
extracted null-space component:

P ∗
m ≈ V∩V

⊤
∩ . (20)

Practical Application of Pm. As in (3), we apply P ∗
m in the

outer loop to project parameter updates onto directions orthog-
onal to the historical subspaces, preserving prior knowledge
while still allowing effective learning on the new task.

Algorithm 1 Training Strategy of Proposed Method

Input: θ0 denotes the model parameters, {Mi}zi=1 denotes
occupied replay memory in Z replay memory blocks,
Pt and Pm denotes the projector that constrains gradient
update. α is the hyperparameter. β is the meta learning
rate.

Output: θ denotes the parameters of a model trained.
1: Mnow ←Mz+1

2: if z = Z then
3: C = sample(Dt)
4: j∗ ← argmaxj∈{1,...,Z}{Pj∇θL(C; θ0, ϕ0)}
5: Pj∗ ← (Pj∗ + P⊤

j∗)/2

6: A←
[
I − Pj∗

I − Pm

]
SVD: A = UΣV ⊤

7: Select K = {k : σk ≤ εσmax(A)} V∩ ← [vk]k∈K
8: P ∗

m ≈ V∩V
⊤
∩ Mnow ←Mj∗ ← {}

9: end if
10: for (x, y) in Dt do
11: St = (x, y) ∪ sample(rs,M)
12: for (xi, yi) in S do
13: if (xi, yi) ∈ Dt then
14: θi = θi−1 − sαgiθ Pt modified
15: else
16: θi = θi−1 − αgiθ
17: end if
18: end for
19: θ = θ0 + βPm(θrs+1− θ0) Mnow = Mnow ∪{(x, y)}
20: α← α− ηα(g

rs+1
θ ⊙

(
θrs+1 − θ0

)
⊘ (α+ ε))

21: end for
22: return θ

IV. EXPERIMENTS

A. Experimental Setup

a) Datasets: We evaluate our method under the online
class-incremental learning (OCIL) protocol on four image-
classification benchmarks, covering both standard and few-
shot regimes. MNIST-P [20] contains 200 classes in 20
sessions constructed by applying fixed pixel permutations to
grayscale digit images, CIFAR-100 [21] contains 100 classes
in 10 sessions, and T-ImageNet [22] is a hierarchical subset of



ImageNet [22] with 64 classes in 16 sessions; for MNIST-P
and CIFAR-100, each class provides 20 training samples. For
T-ImageNet, we keep the first session at its natural sample
count and set the others to 50 samples per class. We further
consider few-shot OCIL on CUB-200 [23], an imbalanced
fine-grained bird benchmark with 200 classes in 10 sessions,
where we keep the first session at their natural sample count
and set the others to 5 samples per class.

b) Implementation Details: We adopt a one-pass setting
(epoch= 1, batch size= 1) in which past data are available
only via a bounded replay buffer, and all methods follow the
same stream order and memory budget on each benchmark.
We use a fully connected network for MNIST-P with a buffer
size of 500, a convolutional network for CIFAR-100 with
a buffer size of 250, and ResNet-50 for CUB-200 and T-
ImageNet with buffer sizes of 250 and 500, respectively. All
experiments are implemented in PyTorch and executed on a
single NVIDIA A800-SXM4-80GB GPU.

c) Metrics: Following [24], we evaluate the model on
all classes in T sessions throughout training. After finishing
session t, we test on every session j ∈ {1, . . . , T} and
obtain an accuracy matrix R ∈ RT×T , where Rt,j is the
test accuracy on session j after learning task t. Let rj
denote the test accuracy on task j from random initializa-
tion. We report the following metrics. Average Accuracy
(ACC): ACC ≜ 1

T

∑T
j=1 RT,j . It measures the mean perfor-

mance over the all classes after learning. Forgetting Measure
(FM): FM ≜ 1

T−1

∑T−1
j=1 (RT,j −Rj,j) . It averages the

performance drop on past sessions since first learning. More
negative means more forgetting. Forward Transfer (FT):
FT ≜ 1

T−1

∑T
i=2 (Ri−1,i − ri) . It measures transfer to the

next session before training, relative to random initialization;
higher is better.

d) Baselines: We categorize the baselines into: (i)
regularization-based methods that restrict updates to pre-
serve past knowledge, including EWC [25], MetaCL [9], and
GEM [26]; (ii) replay-based methods that rely on a mem-
ory buffer (optionally with sample selection or distillation),
including ER [12], MIR [10], EEIL [16], CCL-DC [13],
CLS-ER [15], and ESM-ER [14]. We further include fine-
tuning and a joint-training oracle as lower and upper bounds.

B. Results and Analysis

a) Average Accuracy on Standard OCIL: To evaluate
overall continual learning capability of methods under the
standard OCIL protocol, as shown in Tab. I, we measure
the final Average Accuracy (ACC) on three benchmarks: T-
ImageNet, CIFAR100, and MNIST-P. Our method yields con-
sistent and substantial improvements across all three bench-
marks, surpassing the previous state-of-the-art method CCL-
DC-ER by +1.6% ACC on T-ImageNet (40.2% vs. 38.6%),
+3.3% ACC on CIFAR100 (43.1% vs. 39.8%), and +3.0%
ACC on MNIST-P (75.0% vs. 72.0%). Notably, on CIFAR100
and MNIST-P, our method even exceeds joint training, suggest-
ing that the proposed dual-loop meta-learning strategy learns

TABLE I: Average Accuracy (ACC, %) on T-ImageNet, CI-
FAR100, and MNIST-P under standard OCIL, and on CUB-
200 under few-shot OCIL. Results are reported as mean ± std
over N runs.

T-Imagenet CIFAR100 MNIST-P CUB200

Methods ACC(%) ACC(%) ACC(%) ACC(%)

Fine tune 28.4 ±1.1 31.7 ± 1.0 46.8 ± 0.6 17.2 ± 1.0
EWC 32.1 ±0.6 34.5 ± 0.6 66.6 ± 0.2 29.5 ± 1.1
MAS-MetaCL 33.2 ±0.4 37.5 ± 0.9 57.7 ± 0.6 28.7 ± 1.2
PI-MetaCL 32.5 ±1.4 38.2 ± 0.4 56.0 ± 0.4 31.5 ± 1.0
GEM 33.5 ±0.3 32.3 ± 0.4 65.7 ± 0.5 26.4 ± 1.0
EEIL 31.3 ±1.2 33.1 ± 0.3 63.2 ± 0.4 21.5 ± 1.0
ER 35.0 ± 0.5 36.1 ± 0.4 68.8 ± 0.2 31.2 ± 1.0
MIR-ER 36.8 ± 0.5 38.2 ± 0.5 70.2 ± 0.1 32.8 ± 1.0
CLS-ER 37.8 ± 0.4 39.0 ± 0.4 71.0 ± 0.3 33.5 ± 1.0
ESM-ER 36.0 ± 0.4 35.9 ± 0.3 69.8 ± 0.4 31.8 ± 1.0
CCL-DC-ER 38.6 ± 0.4 39.8 ± 0.4 72.0 ± 0.2 34.6 ± 1.0
Ours 40.2 ± 0.4 43.1 ± 0.2 75.0 ± 0.3 38.1 ± 0.9
Joint training 40.3 ± 0.2 40.0 ± 0.5 68.2 ± 0.2 35.6 ± 0.8

more transferable and general representations from the non-
stationary stream rather than simply fitting each session. In
combination with subspace-aware memory refresh that pre-
serves class-level coverage, this design mitigates catastrophic
forgetting and eases the stability–plasticity tension under fixed
memory constraints.

b) Stability and Plasticity on Standard OCIL: We further
evaluate stability and plasticity of methods under the standard
OCIL protocol. On T-ImageNet, CIFAR100, and MNIST-P, we
assess the Forgetting Measure (higher means less forgetting)
for stability and the Forward Transfer (higher means better
transfer) for plasticity. These results are shown in Fig 2 (a), (b)
and (c). Our method consistently excels at Forward Transfer
across all benchmarks, indicating strong plasticity in a non-
stationary one-pass stream. This aligns with our dual-loop on-
line meta-learning, which meta-learns parameters and update
rules at the sample level. While some baselines achieve better
forward transfer on certain datasets, they typically show more
forgetting (further to the left). Methods with slightly higher
Forgetting Measure generally have much lower forward trans-
fer (further down), reflecting an imbalanced stability-plasticity
behavior. In contrast, our method remains closer to the top-
right region across three benchmarks, demonstrating improved
plasticity without sacrificing stability. This validates that dual-
loop meta-learning and subspace-aware memory refresh work
together: the former learns generalizable representations and
robust updates, while the latter preserves representative class
coverage under fixed memory.

c) Performance on few-shot OCIL.: To further test the
stability-plasticity balance under extremely limited supervi-
sion, we evaluate on CUB200 under the few-shot OCIL setting
(see Sec. IV-A for the protocol). As shown in Tab. I, our
method achieves the best final ACC on CUB200, reaching
38.1%±0.9. This improves over the prior SOTA CCL-DC-ER
by +3.5 points (34.6%±1.0). Notably, this gain is larger than
on the standard OCIL benchmarks: +1.6 on T-ImageNet, +3.3
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Fig. 2: Stability–plasticity on (a) T-ImageNet, (b) CIFAR100 and (c) MNIST-P under standard OCIL, and on (d) CUB200
under few-shot OCIL. We plot Forgetting Measure (x-axis) against Forward Transfer (y-axis), where higher is better for both.
Each marker denotes a method, and the top-right region corresponds to a better balance between stability and plasticity.

on CIFAR100, and +3.0 on MNIST-P. This suggests that our
advantage is even more pronounced when the stream is more
data-scarce, and the stability-plasticity tension is amplified.
The stability-plasticity plot in Fig. 2(d) supports the same
conclusion. Compared with the standard OCIL benchmarks,
our method on CUB200 achieves a more decisive dominance.
It outperforms all baselines on both forward transfer and
forgetting measure. This behavior aligns with our design:
dual-loop online meta-learning meta-learns parameters and
update rules at the sample level to improve data efficiency
and plasticity. Meanwhile, subspace-aware memory refresh
maintains representative class coverage within a fixed memory
budget, stabilizing learning and reducing interference.

d) Robustness to Buffer Size.: To evaluate the robustness
of replay-based methods to memory capacity under the one-
pass OCIL constraint, we vary the replay buffer size on
CIFAR100 and report ACC for M ∈ 50, 100, 250, 500 in
Fig. 3(a). Our method consistently achieves the best accuracy
and degrades more slowly as the buffer shrinks, indicating
stronger robustness to buffer size. Importantly, the perfor-
mance gap widens in the low-memory regime: at M=50 and
M=100, we outperform the strongest competitor CLS-ER by
+4.7% and +4.8%, while at M=250 and M=500 we improve
over CCL-DC-ER by +3.3% and +2%, respectively. This
robustness comes from our structured replay with subspace
aware memory refresh. Class aware bucketing and cross bucket
sampling maintain coverage of early and long tail classes as
the class to memory ratio grows. When the buffer is full, the
subspace aware refresh cyclically reuses fixed memory and
constrains updates using discarded class subspaces, reducing
the loss of task specific information that often makes replay
highly sensitive to buffer capacity. Together, these mechanisms
alleviate the buffer sensitivity bottleneck in one pass OCIL and
maintain stable performance across memory budgets.

e) Efficiency Analysis: In data-stream learning, low pro-
cessing time is crucial to keep pace with incoming data. We
therefore report the wall-clock training time measured at the
end of the last task. All methods are evaluated under identical
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Fig. 3: Impact of replay buffer size on average accuracy and
computational cost on CIFAR-100 under standard OCIL. (a)
Average accuracy (%) trends across replay buffer sizes M
(number of stored exemplars). (b) Total training time (hours)
under the same setting, with M=250 fixed for all methods.

settings. As shown in Fig. 3(b), lightweight regularization
methods are the fastest, while replay-based methods natu-
rally require more time. Importantly, our method has a run-
time comparable to standard replay baselines (e.g., ER/CLS-
ER/ESM-ER,12–13 hours), indicating only a modest overhead.
In contrast, more computation-intensive replay strategies (e.g.,
GEM, MIR-ER, CCL-DC-ER) are substantially slower, taking
roughly 15–18 hours. Overall, the results suggest that our
approach achieves a favorable efficiency profile, matching the
runtime of strong and practical replay baselines while avoiding
the substantial overhead of more expensive methods.

C. Ablation Study

We analyze two core components of our framework: the
dual-loop online meta-learning training strategy (OM) and
the structured replay strategy with subspace-aware memory
refresh (SR). OM is designed to improve adaptation in the one-
pass, non-stationary OCIL stream, while SR aims to mitigate
the fixed-memory limitation by maintaining more balanced



TABLE II: Ablation results (ACC%, higher is better) on
standard OCIL (T-ImageNet/CIFAR100/MNIST-P) and few-
shot OCIL (CUB-200). SR: SGD + structured replay with
subspace-aware refresh; OM: dual-loop online meta-learning
+ ER; Ours: OM + SR (full model).

T-Imagenet CIFAR100 MNIST-P CUB200

Methods ACC(%) ACC(%) ACC(%) ACC(%)

SR 36.9 ±1.1 38.3 ± 1.0 70.5 ± 0.6 31.6 ± 0.4
OM 35.2 ±1.2 39.1 ± 0.3 71.3 ± 0.4 33.2 ± 1.0
Ours 40.2 ± 0.4 43.1 ± 0.2 75.0 ± 0.3 38.1 ± 0.9

and informative replay. We evaluate OM-only and SR-only
variants on standard OCIL (T-ImageNet/CIFAR100/MNIST-
P) and few-shot OCIL (CUB200) under the same protocol
and memory budget as the full model. Tab. II reports the
average accuracy. Across all benchmarks, the full model
consistently outperforms either component alone, showing
that OM and SR offer complementary rather than redun-
dant benefits. Specifically, Ours improves ACC from 35.2 to
40.2 on T-ImageNet (+5.0 over OM) and from 36.9 to 40.2
(+3.3 over SR), with similar gains on CIFAR100 (43.1 vs.
39.1/+4.0 and 38.3/+4.8) and MNIST-P (75.0 vs. 71.3/+3.7
and 70.5/+4.5). The largest improvement appears on few-shot
CUB-200, where Ours reaches 38.1 compared to 33.2 (+4.9)
and 31.6 (+6.5), indicating stronger synergy under scarce
supervision. Notably, OM and SR show different strengths
across stream difficulty. On more homogeneous benchmarks
(CIFAR100/MNIST-P/CUB200), OM outperforms SR, sug-
gesting meta-updates work well when replay shift is mild. On
T-ImageNet, where classes are hierarchical and more diverse,
SR performs better, supporting the view that higher hetero-
geneity exacerbates buffer imbalance and weakens the effect
of meta-learning. Overall, OM and SR are complementary,
and removing either component causes a clear performance
drop, confirming that both are necessary to achieve robust
gains across diverse online continual learning scenarios.

V. CONCLUSION

We proposed a Dual-Loop Online Meta-Learning frame-
work with Subspace-Aware Memory Refresh for one-pass
OCIL, targeting catastrophic forgetting, the stability–plasticity
trade-off, and buffer sensitivity. Across four benchmarks, our
method achieves state-of-the-art accuracy, with particularly
strong gains in few-shot and low-memory settings, while
keeping runtime comparable to practical replay baselines.
Ablations further verify the complementarity of online meta-
learning and structured replay: the former improves plasticity
via sample-level meta-updates, and the latter enhances stability
and robustness through class-aware memory management.
Future work will extend this task-agnostic training strategy
to more complex tasks (e.g., reinforcement learning).
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