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Abstract Continual learning (CL) is characterized by learning sequentially arriving tasks and behaving as if they were observed

simultaneously. In order to prevent catastrophic forgetting of old tasks when learning new tasks, representative CL methods usually

employ additional loss terms to balance their contributions (e.g., regularization and replay), modulated by deterministic hyperparameters.

However, this strategy struggles to accommodate real-time changes in data distributions and also lacks robustness to subsequent unseen

tasks, especially in online scenarios where CL is performed with a one-pass data stream. Inspired by adaptive weighting in multi-

task learning, we propose an innovative approach named learning uncertain hyperparameters (LUNCH) for adaptive balancing of task

contributions in CL. Specifically, we formulate each CL-relevant hyperparameter as a function of optimizable uncertainty under the

homoscedastic assumption and ensure its training stability through the exponential moving average of network parameters. We further

devise an evaluation protocol that moderately adjusts the hyperparameter values and reports their impact on performance, so as to

analyze the sensitivity of these sub-optimal values in realistic applications. We perform extensive experiments to demonstrate the

effectiveness and robustness of our approach, which significantly improves online CL in a plug-in manner (e.g., up to 11.26% and 5.64%

on Split CIFAR-100 and Split Mini-ImageNet, respectively) as well as offline CL. Our code is included in Supplementary Materials for

examination and will be released upon acceptance.
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1 Introduction

The ability of continual learning (CL) is critical for artificial intelligence systems to accommodate real-world changes,
yet it is limited by catastrophic forgetting of old tasks when learning new tasks [1,2]. In order to strike an appropriate
balance between task contributions within the same parameter space, representative CL methods often employ
additional loss terms to preserve previously learned knowledge, such as regularization of parameter changes [3,4] and
replay of a few old training samples [5, 6]. In general, the strength of these loss terms is regulated by deterministic
hyperparameters obtained from a grid search [7, 8]. However, this strategy is sub-optimal in performance as it
struggles to adapt to real-time changes of data distributions within the observed task sequence, and it is also
lacking robustness to subsequent unseen tasks. These critical challenges tend to be more significant in online CL,
where each task is learned from a one-pass data stream [9, 10].

In this regard, we analyze in depth the role of CL-relevant hyperparameters in balancing task contributions. We
first formulate representative CL methods with a shared mathematical form of the loss function. Besides a loss
term for learning the current task, the loss function typically involves additional loss terms that preserve previously
learned knowledge in terms of the parameter space and the output space with corresponding hyperparameters.
These loss terms amount to approximate multi-task learning (MTL) for all tasks ever seen, i.e., the upper bound
of CL, while largely avoiding the use of old training samples. In MTL, adaptive weighting of task contributions in
hyperparameters is an effective strategy compared to fixed weighting (i.e., using deterministic hyperparameters) [11–
14], but remains under-explored and highly non-trivial for CL due to the dynamic and unpredictable nature of data
distribution.
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Based on the above analysis, we present learnable uncertain hyperparameters (LUNCH), an innovative approach
that enables adaptive balancing of task contributions in CL. Specifically, we formulate each CL-relevant hyperpa-
rameter as a function of optimizable uncertainty, which is initialized at a high value and then decreases during the
learning of changes in data distributions. Under the homoscedastic uncertainty assumption, we derive probabilis-
tic implementations for the loss terms of the parameter space and output space, corresponding to regression and
classification problems, respectively. Whenever a new task is introduced, the uncertain hyperparameters need to be
refreshed to re-balance the contributions, resulting in a performance degradation known as the “stability gap” [15].
In this regard, we perform an exponential moving average of network parameters along the training trajectory, so
as to stabilize training upon reinitialization.

We perform extensive experiments to evaluate our approach. Beyond the widely used average accuracy for
overall performance, we consider two additional evaluation metrics, including the average anytime accuracy and the
worst-case accuracy for real-time changes in data distributions. We further evaluate the sensitivity of sub-optimal
hyperparameter values through analyzing their impact under moderate adjustments. Our approach demonstrates
outstanding performance with significant improvements in effectiveness and robustness across various online CL
benchmarks, benefiting recent strong baselines in a plug-in manner (e.g., up to 11.26% and 5.64% on Split CIFAR-
100 and Split Mini-ImageNet, respectively) and also remarkably facilitating offline CL.

Our contributions can be summarized as follows: (1) we perform an in-depth analysis of CL-relevant hyperpa-
rameters under a unified framework of representative CL methods and task balancing strategies in MTL; (2) we
propose an innovative approach that incorporates optimizable uncertainty into CL-relevant hyperparameters for
adaptive balancing of task contributions, coupled with an exponential moving average of network parameters to
address the stability gap; and (3) our approach significantly improves the effectiveness and robustness of CL, as
validated by extensive experiments.

2 Related work

2.1 Continual learning

Continual learning, also known as incremental learning or lifelong learning, aims to overcome catastrophic forgetting
of old tasks when learning new tasks [1,2]. Numerous efforts have been devoted to addressing this challenging issue.
A majority of representative methods attempt to strike an appropriate balance between task contributions within
the same parameter space. For example, regularization-based methods employ explicit regularization terms to
stabilize network parameters and simulate behaviors of the old model [3, 5, 16]. Meanwhile, replay-based methods
approximate and recover the old data distributions through preserving a small memory buffer or learning a generative
model [5,17,18]. Other methods that optimize network parameters in different parameter spaces are often collectively
referred to as architecture-based methods [19–21], which explicitly avoid the problem of balancing task contributions.
However, this kind of method typically requires the oracle of task identity at test time in order to select an
appropriate parameter space, and is therefore not prioritized in this work. Based on the availability of training
samples, the widely used CL setups can be categorized into online CL and offline CL (detailed in Subsection 3.1),
with the former being considered realistic yet much more challenging.

2.2 Hyperparameter of CL

For representative CL methods, an appropriate management of hyperparameters (e.g., learning rates, regularization
strengths, memory buffer sizes) is critical for achieving outstanding performance across tasks. A primary consider-
ation is task balancing, which ensures that the model maintains performance on old tasks while learning new ones
[22, 23]. As the upper bound of CL, multi-task learning (MTL) attempts to address this problem through various
weighting strategies: fixed weighting assigns constant importance to each task, while adaptive weighting adjusts
the importance based on task difficulty or model performance [11–14]. Despite the effectiveness in MTL, adaptive
weighting of CL-relevant hyperparameters is remarkably challenging due to the dynamic and unpredictable nature
of data distribution, and therefore remains largely under-explored in the literature.

3 Preliminaries

In this section, we first describe the problem formulation of CL with a unified framework of representative methods.
We then analyze the selection of hyperparameter(s) in CL on the basis of the inherent connections between CL and
MTL.
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3.1 Problem formulation

Let us consider a sequence of tasks defined by a collection of respective training sets S = {D1, . . . ,DT }, where Dt

for each task t consists of several data-label pairs (xt, yt) with xt ∈ Xt and yt ∈ Yt. The goal of CL is to learn

a mapping fθ :
⋃T

t=1 Xt →
⋃T

t=1 Yt parameterized by trainable parameters θ with sequentially arriving Dt, so as
to achieve superior performance on all observed tasks [1]. Since previous training samples are often unavailable at
the current training stage, it remains extremely challenging to strike an appropriate balance between old and new
tasks, resulting in catastrophic forgetting (i.e., fθ abruptly and dramatically forgets previously learned knowledge
upon new information). Regarding specific setups, training samples for each task can be reused for multiple epochs
in offline CL, but arrive as a one-pass data stream in online CL, which greatly adds to the challenge.

To alleviate catastrophic forgetting when optimizing θ within the same parameter space, many representative
methods have been proposed for CL. These methods can be classified into regularization-based methods, which
incorporate additional regularization term(s) to stabilize knowledge of the parameter space and the output space [3,
16], as well as replay-based methods [10,18], which preserve some old training samples with a small memory buffer.
In particular, replay is often coupled with regularization [5, 6] to encourage the current model fθ to mimic the
behaviors of the old model fθ∗ with parameters θ∗ when processing old training samples.

Following a recent work [24], these two kinds of methods can be described as shared mathematical forms under
a unified framework:

LCL = λn Ln(x, y)
︸ ︷︷ ︸

new task

+λo Lo (fθ(x), z)
︸ ︷︷ ︸

output space

+λp Lp (θ, θ
∗)

︸ ︷︷ ︸

param space

, (1)

where Ln denotes the loss function for learning each new task. Lo and Lp restrict update rates in output space and
parameter space, respectively. The example definitions of Lo and Lp will be described latter in Table 1. It can be
seen that the contributions of new and old tasks are explicitly regulated by the hyperparameters {λn, λo, λp}.

3.2 Hyperparameters in continual learning

With (1), we further analyze the selection of hyperparameters in representative CL methods. Similar to regular
machine learning methods, the optimal hyperparameter values for CL are usually obtained by repeated iterations of
the task sequence S = {D1, . . . ,DT }, which can be further divided into two strategies. One is to run the first several
tasks iteratively to determine the hyperparameter values and use them to learn subsequent tasks [7, 25]; the other
is to run the entire task sequence iteratively in different orders to determine the hyperparameter values and provide
a sensitivity analysis of them [22,23, 26]. Both strategies assume relatively stable changes in data distribution and
employ deterministic hyperparameters for CL, making it difficult to adapt to real-world scenarios that are highly
dynamic and unpredictable [22,27]. In addition, manually adjusting these hyperparameters over time is both costly
and impractical.

In fact, MTL is often considered to be the upper bound of CL. Both CL and MTL aim to achieve the same
objective, i.e., to find a solution θ that performs well for all observed tasks, with the main difference being whether
S is provided sequentially or simultaneously. Formally, the objective of MTL can be defined as follows:

LMTL =
∑

i

wiLi, (2)

where Li corresponds to the loss function for learning each task, and wi denotes the hyperparameter that regulates
the task weight. The loss function of CL in (1) can be seen as an approximation of (2), with the use of old training
samples largely avoided.

Although many MTL methods also employ deterministic hyperparameters selected from a grid search, and even
simplified into an unweighted form wi = wj , adaptive balancing of task contributions has proven to be a superior
strategy [11–13]. In particular, the corresponding {wi} can be modeled as an optimizable function related to the
relative confidence between tasks [12,28]. However, these adaptive weighting strategies remain under-explored and
highly non-trivial for CL, due to the dynamic and unpredictable properties of data distributions. To this end, we
aim to provide an innovative approach to address the above challenges, as detailed below.

4 LUNCH

In this section, we design an innovative adaptive weighting strategy for CL that optimizes CL-relevant hyperpa-
rameters according to training progress. We incorporate optimizable uncertainty into CL-relevant hyperparameters
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Table 1 Definition of representative CL methods that target the same parameter space. F is the Fisher information matrix to approximate

the importance of the network parameters. M denotes the memory buffer consisting of a few old training samples. xaug is the augmentation of

x. z is the output logit of the old models in the training trajectory.

Method Regularization loss Replay loss

EWC [3] (θ − θ∗)⊤F (θ − θ∗) –

ER [17] – E(x,y)∈M

[

L(x, y)
]

MIR [18] – maxE(x,y)∈M

[

L(x, y)
]

DER [5] E(x,y)∈M

[

‖fθ(x)− z‖2
2

]

–

DER++ [30] E(x,y)∈M

[

‖fθ(x)− z‖2
2

]

E(x,y)∈M

[

L(x, y)
]

RAR [10] – E(x,xaug,y)∈M

[

L(xaug, y)
]

under the unified framework of representative CL methods, and further rectify the “stability gap” introduced by
uncertainty refresh.

We first define the specific forms of several representative CL methods with (1), as shown in Table 1. These
methods mainly focus on addressing the problem of catastrophic forgetting by limiting model updates in either
parameter space or output space, so as to preserve previously learned knowledge. For adaptive balancing of task
contributions, we propose to incorporate optimizable parameters σ2 (called “uncertainty”) into the hyperparameter
set {λn, λo, λp} in (1). From a Bayesian perspective, such uncertainty can capture the model’s confidence in different
types of tasks and accordingly adjust the CL process to balance new and old tasks [29]. During the learning of each
task in CL, the confidence in the predictive distribution p(y | x, θ) should gradually increase, and the corresponding
uncertainty σ2 should gradually decrease from large to small and eventually stabilize at a certain value [28].

In particular, we observe that the loss terms Ln, Lo, and Lp correspond to the new task, the output space,
and the parameter space, respectively, which correspond to addressing a regression or classification problem [31].
Specifically, the classification problem predicts discrete labels (e.g., dark experience replay (DER) employs a cross-
entropy loss Lo with a small memory buffer), while the regression problem predicts continuous numerical values (e.g.,
EWC employs a weighted squared loss Lp to stabilize parameter changes). Here we focus on homoscedastic aleatoric
uncertainty [28], whose corresponding hyperparameters {λn, λo, λp} do not depend on specific input data, but rather
stay constant for all inputs and vary only between different tasks.

For regression problems, the predictive distribution can be defined as a Gaussian distribution under the Laplace
approximation [31], which finds a Gaussian approximation to a continuous probability density

p (y | fθ(x)) = N
(
fθ(x), σ

2
)
, (3)

where σ2 denotes the homoscedastic aleatoric uncertainty. Due to the space limit, the detailed derivation can be
found in Appendix A.1. When using the mean squared error as the loss function L for a regression problem, the
corresponding log-likelihood becomes

− log p (y | fθ(x)) ∝
1

2σ2
‖y − fθ(x)‖

2 +
1

2
log σ2. (4)

For classification problems, we use a Gibbs distribution to capture the predictive distribution scaled by the
learnable “temperature” σ2, which determines the flatness of the discrete distribution (i.e., entropy) [31]:

p (y | fθ(x)) = Softmax

(
1

σ2
fθ(x)

)

, (5)

where σ2 determines the degree of entropy divergence in the deterministic discrete distribution. Then, the corre-
sponding log-likelihood becomes

log p (y = c | fθ(x)) =
1

σ2
fθ(x) − log

[
∑

c′=1

exp

(
1

σ2
f c′

θ (x)

)]

, (6)

where f c′

θ denotes the c′th logit. To simplify the derivation in CL regarding its dynamic and unpredictable nature,

the explicit trick 1
σ2

∑c

c′=1 exp(
1
σ2 f

c′

θ (x)) ≈ (
∑c

c′=1 exp(
1
σ2 f

c′

θ (x)))
1
σ2 becomes an equality when σ2 → 1, which

has been verified in empirically improving the performance. Due to the space limit, the derivation is detailed
in Appendix A.2. Then, the overall log-likelihood of the predictive distribution is

− log p (y | fθ(x)) ≈
1

σ2
log Softmax (y, fθ(x)) + log σ2. (7)
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Figure 1 (Color online) Demonstration of our approach. Sessions 2 and 3 show that the proposed LUNCH incorporates optimizable uncertainty

into CL-relevant hyperparameters, enabling adaptive balancing of task contributions in both the parameter space and the output space.

Then, we can reformulate each CL-relevant hyperparameter in (1) as a function λ(σ2) of the homoscedastic
aleatoric uncertainty σ2 based on the training progress, as shown in Figure 1. The overall objective function
log p

(
y | x;σ2

n, σ
2
o , σ

2
p

)
is defined as follows:

log
(
p | x, y;σ2

n, σ
2
o , σ

2
p

)
= exp

(
− logσ2

n

)
Ln(x, y)
︸ ︷︷ ︸

new task

+exp
(
− logσ2

o

)
Lo (hθ(x), z)
︸ ︷︷ ︸

output space

+ exp
(
− log σ2

p

)
Lp (θ, θ

∗)
︸ ︷︷ ︸

parameter space

+ log σ2
n + log σ2

o + log σ2
p,

(8)

where Ln(x, y), Lo(x, y), and Lp(x, y) represent the loss terms corresponding to the new task, the output space,
and the parameter space, respectively. These terms are weighted by hyperparameters {λn, λo, λp} to balance
the contributions of new and old tasks, where λn(σ

2
n) = exp(− log σ2

n), λo(σ
2
o) = exp(− log σ2

o), and λp(σ
2
p) =

exp(− log σ2
p). As the uncertainty σ2 increases, the relative weights of the loss function L decrease, and vice versa.

The additional term log σ2 discourages rapid changes in σ2, thus stabilizing the norm of relative weights. We also
use the exponential mapping trick [32] to ensure numerical stability, letting fθ directly predict the log variance σ2

to avoid division by zero. As shown in Figure 2(a), we adopt a homoscedastic assumption within each task and a
heteroscedastic assumption across different tasks, which ensures alignment with the nature of CL. First, samples
within the same task typically come from a relatively stable distribution, where the predictive uncertainty gradually
decreases and eventually stabilizes at a certain value (i.e., the homoscedastic assumption). We optimize the overall
objective function in (8) via gradient descent to update both the model parameter θ and the uncertainty {σ2

n, σ
2
o , σ

2
p}.

As the model continues to learn an additional task, the predictive uncertainty is refreshed to accommodate the
underlying new data distribution (i.e., the heteroscedastic assumption) [28]. Specifically, with significant changes
in data distribution over the course of training (e.g., switching from Dt−1 to Dt), we need to refresh the uncertain
hyperparameters for adaptation (i.e., the uncertainty is re-raised, and then gradually decreased):

λn

(
σ2
n

)
= λn

(
σ2
n,init

)
, λo

(
σ2
o

)
= λo

(
σ2
o,init

)
, λp

(
σ2
p

)
= λp

(
σ2
p,init

)
. (9)

This is accompanied by a critical challenge called the “stability gap” [15]: fθ suffers substantial forgetting when
starting to learn new tasks, followed by a phase of performance recovery. As shown in Figure 2(b), “Fixed” assigns
constant importance {λn, λo, λp} in (8) to balance each task, without adaptive weighting in the training process.
In highly dynamic online CL scenarios, the “Fixed” strategy fails to adapt to distribution shifts [22]. On the other
hand, the small σ2 inherited from the previous task and re-initialized σ2 may not be suitable for learning the new
task, followed by a slow phase of performance recovery.

To alleviate the mismatch between the hyperparameters and the current training progress, we employ a temporal
ensemble [33] strategy to offset the bias. Specifically, we collect models along the training trajectory with exponential
moving average (EMA), denoted as fθema . As the data distribution changes, the EMA strategy updates by re-
weighting the loss function, thereby preventing EMA from over-relying on the historical network weights for better
adapting to the new distribution. For the current model fθ parameterized by trainable θ, the EMA at step t is
defined as

θema
t =

βθema
t−1 + (1− β)θt

1− βt
= βtθema

0 +

t∑

i=1

(1− β)βt−iθi, (10)
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Figure 2 (Color online) CL suffers substantial forgetting as each new task is introduced, followed by a phase of performance recovery. The

experiment is performed with RAR on Split CIFAR-10. (a) Uncertainty curve on Split CIFAR-10; (b) accuracy curve on the Split CIFAR-10.

where β controls the strength of EMA, βt denotes β raised to the power of t, and the parameter θi is at the ith
step in the training trajectory before t step. In the training process, we optimize the overall objective function
in (8) via stochastic gradient descent to update both model parameter θ and σ2, while maintaining an exponential-
moving-average copy θema in (10) to collect parameters over the entire training trajectory. At the end of each task,
the deep model temporarily loads θema

t to evaluate validation performance, and then restores original weights for
further training to learn a new task. The temporal ensemble of different models can enhance the stability of online
CL, which has also been observed in a recent study [34]. To stabilize training when refreshing hyperparameters, the
EMA strategy implicitly integrates hyperparameters from different training stages of old tasks, providing informative
priors that facilitate the adaptive optimization of uncertainty.

Finally, we describe the LUNCH training procedure with pseudo-code in Algorithm 1. We use stochastic gradient
descent to optimize model parameters θ and σ2, while θema is only used for evaluation and excluded in gradient-based
updates during the training process. The gray area highlights the key procedure. As can be seen, our approach
is easy to implement and compatible with many representative CL methods, such as empirical replay (ER) [35],
DER [5], and RAR (repeated augmented rehearsal) [10].

Algorithm 1 LUNCH for CL.

1: Input: Deep model fθ with parameters θ, uncertainty {σ2
n, σ

2
o, σ

2
p}, task stream S = {D1, . . . ,DT }.

2: Initialization: θema
0 = θinit, E = 1 for online CL, E > 1 for offline CL.

3: for task t = 1, . . . , T do

4: if t = 1 then

5: for epoch e = 1, . . . , E do

6: Update the parameters θ of fθ only with loss Ln;

7: end for

8: Save the parameters θ of fθ as θema
1 ;

9: Evaluate predictive performance of fθema
1

on D1 and restore original weights;

10: else

11: for epoch e = 1, · · · , E do

12: Compute unified CL loss via (8);

13: Jointly update θ and {σ2
n, σ

2
o, σ

2
p};

14: Update weights θema
t via (10);

15: end for

16: Evaluate predictive performance of fθema
t

on D1:t and restore original weights;

17: Refresh {σ2
n, σ

2
o, σ

2
p} via (9);

18: end if

19: end for

5 Experiments

In this section, we briefly describe the experimental setups and then analyze the experimental results.

5.1 Experimental setups

Benchmark. Here, we consider several benchmarks that are commonly used in the literature of online CL [1].
Specifically, CIFAR-10 dataset includes 10 classes of images sized 32×32, randomly divided into 5 disjoint tasks with
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2 classes each. CIFAR-100 dataset includes 100 classes of images sized 32 × 32, randomly divided into 20 disjoint
tasks with 5 classes each. Mini-ImageNet dataset includes 100 classes of images sized 84× 84, randomly split into
20 disjoint tasks with 5 classes each. The common image resolution for the ImageNet-R dataset is 224× 224, and
it is randomly divided into 20 disjoint tasks with 10 classes each [36].

Implementation. We use ER [35], DER [5] and RAR [10] as the main baselines for CL. Following the implemen-
tation of RAR [10], we train a ResNet-32 backbone with an SGD optimizer of learning rate 0.1 in all experiments.
The batch size is set to 32 for Split CIFAR-10/100, and 64 for both Split Mini-ImageNet and Split ImageNet-R.
The memory buffer is unified to maintain 2000 training samples in total. For offline CL, the number of epochs is
set to 100, which is sufficient for convergence on each task.

Evaluation metric. We consider multiple evaluation metrics to provide a comprehensive analysis of CL, includ-
ing final average accuracy (FAA), worst-case accuracy (WCA). These three metrics are introduced to evaluate CL
performance from different perspectives [15]. Final average accuracy (FAA) evaluates the average accuracy across
all tasks T after the entire training process. Average anytime accuracy (AAA) evaluates the model’s accuracy over
the entire continual learning trajectory. WCA evaluates the lowest performance of CL methods when hyperparam-
eters significantly deviate from the optimal value. Formally, Di represents the ith task, while fθi denotes the model
parameterized by trainable θi at the ith task. We define the FAA after learning the last task DT as

FAA =
1

T

T∑

i=1

A(Di, fθT ). (11)

We define AAA over the entire CL trajectory [15] as

AAA =
1

T

T∑

j=1

1

j

j
∑

i=1

A
(
Di, fθj

)
. (12)

We define WCA based on the average minimum accuracy called minAcc in previous tasks and then combine it with
the performance of the current task (i.e., the minimum accuracy retained after learning the current task)

minAcct =
1

t− 1

t−1∑

i=1

min
i<j6t

Acc
(
Di, fθj

)
,

WCA =
1

T
Acc (DT , fθT ) +

(

1−
1

T

)

minAccT .

(13)

Evaluation protocol. To evaluate the practical performance of each method, we devise a novel evaluation
protocol that reflects the impact of sub-optimal hyperparameter values. Specifically, we evaluate CL models across
different hyperparameter scales, i.e., { 1

k
λ, λ, kλ}, k > 1, where λ represents the optimal hyperparameter values

obtained from a grid search, and k is a scale factor. By varying the scale of λ, we are able to examine whether the
CL model generalizes well beyond the desired conditions of hyperparameters. We set k = 4 by referring to related
hyperparameter optimization studies [37]: large scaling factors like k = 10 or k = 100 will destabilize training, while
smaller factors like ×2 may not sufficiently evaluate the performance when hyperparameters are far from their
optima. In our evaluation protocol, each CL-relevant hyperparameter spans at least 0.5 log10(·) intervals, ensuring
a comprehensive exploration of the hyperparameter space (e.g., k = 4 approximately 0.602 in log10 scale). The
evaluation protocol offers a reproducible way to evaluate hyperparameter sensitivity in CL.

5.2 Experimental results

Table 2 shows the overall performance of online CL, where λ represents the optimal value of each hyperparameter
obtained from a grid search. It is evident that the improvement in FAA is consistently significant (e.g., ER
is improved by {5.34%, 11.26%, 11.24%} on Split CIFAR-100), indicating the remarkable benefit of the LUNCH
plugin through adaptive task weighting. It also shows significant improvements in AAA and WCA (e.g., RAR is
improved by {5.52%, 3.35%, 2.78%} in AAA on Split Mini-ImageNet and by {5.15%, 4.55%, 7.55%} in WCA on Split
CIFAR-10), suggesting that LUNCH improves the performance of deep models across the training trajectory and
in worst-case scenarios. Additionally, each CL method shows considerable variation with different hyperparameter
initializations. Thus, the results from our protocol can be considered as the expected performance of each CL
method when applied in real-world scenarios to evaluate the generalizability of CL methods.
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Table 2 Overall performance of online CL. The results of all methods are averaged over five runs with different random seeds and task orders.

↑ indicates that higher values are better.

Benchmark Method
1
4λ λ 4λ

FAA(↑) WCA(↑) AAA(↑) FAA(↑) WCA(↑) AAA(↑) FAA (↑) WCA (↑) AAA (↑)

Split CIFAR-10

ER 43.51±0.40 38.58±5.01 57.12±4.06 34.77±8.01 32.97±6.47 54.98±2.67 34.78±3.22 32.97±2.23 43.26±3.24

w/ Ours 47.50±0.58 40.59±4.96 59.73±3.38 45.64±1.14 39.24±3.04 58.22±3.68 47.64±3.99 39.24±2.87 53.07±3.65

∆(↑) 3.99 2.01 2.61 10.87 6.27 3.24 12.86 6.27 9.81

DER 36.55±0.22 36.05±0.22 35.69±0.23 47.63±4.81 41.46±8.15 56.57±0.84 15.92±0.84 15.91±0.84 30.92±0.54

w/ Ours 39.02±1.77 38.97±1.83 42.70±3.36 54.98±3.55 45.78±6.25 58.46±0.79 19.52±1.42 18.66±1.39 34.59±2.07

∆(↑) 2.47 2.92 7.01 7.35 4.32 1.89 3.60 2.75 3.67

RAR 35.59±2.81 27.21±4.36 46.15±2.49 31.97±5.01 24.34±3.73 36.67±3.12 33.35±3.01 31.69±6.47 41.46±2.67

w/ Ours 41.72±2.59 32.36±3.36 52.11±5.27 34.02±2.84 28.89±1.28 42.71±2.15 44.04±1.14 39.24±3.04 53.46±3.68

∆(↑) 6.13 5.15 5.96 2.05 4.55 6.04 10.69 7.55 12.00

Split CIFAR-100

ER 9.99±2.38 5.22±1.32 12.91±2.51 9.66±1.89 5.27±1.33 12.84±1.74 9.66±1.89 5.21±1.33 12.84±1.74

w/ Ours 15.33±5.63 7.79±3.69 16.68±5.73 20.92±3.29 10.95±2.10 20.66±2.18 20.90±3.29 10.95±2.10 20.67±2.18

∆(↑) 5.34 2.57 3.77 11.26 5.68 7.82 11.24 5.74 7.83

DER 4.83±0.13 5.83±0.13 7.24±0.18 7.83±0.12 7.13±0.13 7.07±0.18 7.83±0.12 7.33±0.12 9.79±0.18

w/ Ours 9.59±0.43 7.59±0.43 10.34±0.48 12.59±0.43 9.59±0.43 14.44±0.47 13.59±0.33 12.59±0.44 14.34±0.48

∆(↑) 4.76 1.76 3.10 4.76 2.46 7.37 5.76 5.26 4.55

RAR 4.46±0.42 3.34±0.35 9.49±1.72 8.42±2.38 4.82±1.15 10.49±1.48 7.69±0.16 7.97±0.11 7.51±1.05

w/ Ours 6.01±0.19 5.83±0.17 11.29±0.67 15.54±4.10 7.82±1.78 15.71±3.13 14.27±0.11 11.32±0.12 13.51±1.04

∆(↑) 1.55 2.49 1.80 7.12 3.00 5.22 6.58 3.35 6.00

Split Mini-ImageNet

ER 2.13±0.94 3.11±0.93 8.71±1.11 2.75±0.39 2.63±0.23 8.63±0.66 2.91±0.26 2.76±0.26 6.78±1.56

w/ Ours 5.83±0.13 5.78±0.12 10.61±1.19 7.01±0.16 6.18±0.16 11.38±0.33 7.21±0.92 5.97±0.86 11.37±1.86

∆(↑) 3.70 2.67 1.90 4.26 3.55 2.75 4.30 3.21 4.59

DER 3.42±1.31 2.53±0.11 4.21±0.69 2.02±0.48 3.13±0.46 4.84±0.29 3.77±0.39 3.26±0.37 4.28±0.73

w/ Ours 6.58±0.71 5.55±0.73 9.73±0.02 7.66±0.77 6.74±0.77 8.19±0.09 6.42±0.18 6.12±0.31 7.05±0.37

∆(↑) 3.16 3.02 5.52 5.64 3.61 3.35 2.65 2.86 2.78

RAR 3.68±0.22 3.48±0.19 8.29±1.02 2.25±0.46 2.99±0.45 6.50±0.86 3.29±0.97 3.15±0.89 7.64±1.01

w/ Ours 6.82±0.48 7.31±0.11 11.68±1.08 7.67±0.14 6.47±0.13 9.71±0.69 6.97±1.18 6.48±1.17 10.53±0.70

∆(↑) 3.14 3.83 3.39 5.42 3.48 3.21 3.68 3.33 2.89

Table 3 Overall performance of offline CL with FAA as the evaluation metric. The results of all methods are averaged over five runs with

different random seeds and task orders.

Dataset ER ER w/ Ours ∆(↑) DER DER w/ Ours ∆(↑) RAR RAR w/ Ours ∆(↑)

Split CIFAR-10 65.26±0.48 69.49±0.99 4.23 71.53±0.49 74.15±0.38 2.62 73.52±0.65 77.12±0.59 3.60

Split CIFAR-100 45.14± 0.65 48.21± 0.73 3.07 57.85±0.57 61.07± 0.43 3.22 60.64±1.01 63.61±0.95 2.97

Additionally, LUNCH significantly improves the performance of the baseline CL methods on different scale
benchmarks. Figure 3 shows the average results and standard deviations of five runs on Split CIFAR-100 and Split
ImageNet-R. RAR w/ Ours consistently outperforms the original RAR in terms of AAA, WCA, and FAA in a series
of continual learning tasks. The empirical results show the superiority of our proposed LUNCH.

On the other hand, Table 3 shows the mean and standard deviation of five runs after applying our approach to all
baselines (e.g., up to ∼4% in FAA) in the offline scenarios. From Tables 2 and 3, we observe that RAR w/ Ours often
achieves superior performance gains compared to other baselines, mainly because it effectively utilizes advanced
data augmentation to capture useful visual information [10]. Therefore, we use RAR as the primary baseline for
further analysis in the sequel.

CL with pre-trained models. To further evaluate the scalability of LUNCH, we increase model complexity
by using pre-trained ResNet-50 [38] and ViT-B/16 [39] architectures. As shown in Table 4, LUNCH significantly
enhances the CL performance with larger ResNet architectures and Transformers, especially with the pre-trained
ViT-B/16 (e.g., up to 20% improvement in WCA). The empirical results verify the superiority of LUNCH based
on various pre-trained architectures. These results indicate that the proposed LUNCH is not tied to any particular
architecture but instead provides a robust, architecture-agnostic improvement that generalizes well to diverse pre-
trained models and data distributions.

We evaluate domain-incremental learning with an additional experiment of CORe50 [40, 41], which includes
images of 50 objects collected in 11 different scenarios. As shown in Table 5, we integrate LUNCH into multiple
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Figure 3 (Color online) Performance curves of AAA, WCA, and FAA on benchmarks of different scales. (a) AAA on Split CIFAR-100;

(b) AAA on Split ImageNet-R; (c) WCA on Split CIFAR-100; (d) WCA on Split ImageNet-R; (e) FAA on Split CIFAR-100; (f) FAA on Split

ImageNet-R.

representative baselines, including ER [35], DER [5], RAR [10], and a recent prompt-based method S-Prompt [42].
The empirical results indicate that the use of LUNCH can largely improve the performance of domain-incremental
learning and reduce the performance variations.

Ablation study. We conduct an ablation study to demonstrate the effectiveness of each component, including
the uncertain hyperparameters and the temporal ensembling strategy EMA. We compare several variants to analyze
their individual contributions. As shown in Table 6, RAR w/ Unc introduces optimizable uncertainty into CL-
relevant hyperparameters without temporal ensembling, RAR w/ EMA only incorporates the temporal ensembling
strategy with deterministic hyperparameters, and RAR w/ Both represents the full version of LUNCH that leverages
both components. It is obvious that both the learnable uncertain hyperparameters and the temporal ensembling
strategy contribute to CL, and removing either results in performance degradation.

To evaluate the impact of memory budgets, we conduct additional experiments on CIFAR-10 using a pre-trained
ResNet-50 with varying memory sizes [100, 500, 1000, 1500, 2000] and observe consistent synergistic effects as shown
in Table 7, without a clear dominant component.

Additionally, we evaluate the computational costs of different methods integrating LUNCH (i.e., w/ Ours) or
not (i.e., w/o Ours). As shown in Figure 4, it is evident that there is minimal difference in time between the
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Table 4 Performance comparison on CIFAR-10 and CIFAR-100. The better results are in bold.

Dataset Method
ResNet-50 ViT-B/16

FAA AAA WCA FAA AAA WCA

CIFAR-10

ER 76.47±0.87 82.22±0.30 71.35±0.36 87.33±3.16 92.89±1.39 84.10±4.07

ER + LUNCH 79.81±0.16 84.08±0.58 76.48±0.61 95.54±0.14 97.68±0.16 95.53±0.13

DER 77.42±0.02 82.74±0.03 71.94±0.10 91.54±1.38 95.39±0.48 90.70±1.33

DER + LUNCH 80.09±0.31 85.23±0.30 76.78±0.45 95.57±0.52 98.02±0.27 95.57±0.52

RAR 69.94±0.05 72.97±0.96 65.53±0.61 84.34±1.42 89.35±1.25 76.48±3.11

RAR + LUNCH 72.71±0.46 73.96±0.67 68.93±0.22 91.90±0.32 95.20±0.29 90.02±1.05

CIFAR-100

ER 23.00±0.21 36.72±0.19 18.21±0.23 29.99±0.44 55.08±0.04 25.11±0.23

ER + LUNCH 27.92±0.93 36.93±0.74 25.10±0.07 62.95±0.60 76.26±0.62 59.83±0.42

DER 23.29±0.17 36.39±0.44 18.41±0.09 32.48±0.82 58.35±0.39 27.80±0.92

DER + LUNCH 28.49±1.00 38.26±0.76 25.58±0.49 64.11±1.02 77.18±0.81 61.59±0.97

RAR 22.22±0.27 27.78±0.19 15.95±0.20 24.76±0.65 46.43±0.32 18.51±0.40

RAR + LUNCH 25.70±0.65 29.56±0.15 22.80±0.77 56.64±0.85 72.57±0.75 53.41±0.93

Table 5 Domain-incremental learning on CoRE50. The better results are in bold.

Method FAA AAA WCA

ER 91.36±0.58 93.41±0.19 89.05±0.09

ER + LUNCH 93.78±0.71 95.07±0.50 90.77±0.27

DER 93.75±0.58 94.53±0.30 91.90±0.85

DER + LUNCH 94.34±0.17 95.29±0.12 92.80±0.08

RAR 90.85±0.41 92.05±0.28 89.41±0.01

RAR + LUNCH 92.99±0.20 93.98±0.19 90.67±0.19

S-Prompt 92.27±0.43 93.55±0.49 88.86±0.68

S-Prompt + LUNCH 93.55±0.17 95.11±0.12 90.26±0.12

Table 6 Ablation study of LUNCH with RAR as the baseline. The better results are in bold.

Dataset Metric RAR w/ EMA w/ Unc w/ Both

Split CIFAR-10

FAA 42.07 46.79 49.25 55.28

WCA 37.41 37.81 45.81 49.97

AAA 58.23 60.05 59.23 61.06

Split CIFAR-100

FAA 9.19 9.43 9.33 11.77

WCA 5.21 5.93 5.55 7.39

AAA 11.78 12.37 12.17 14.78

Split Mini-ImageNet

FAA 3.21 4.74 4.43 7.42

WCA 3.26 3.32 4.69 7.12

AAA 10.62 11.62 12.99 16.12

Table 7 The FAA scores (%) under different memory sizes. The better results are in bold.

Method 100 500 1000 1500

RAR 71.7 72.1 73.4 75.2

w/ EMA 72.8 73.7 74.5 75.8

w/ Unc 74.2 74.2 75.3 76.1

w/ Both 75.1 77.2 78.5 79.3

w/o Ours and w/ Ours cases. Our method improves performance without significantly increasing the extra com-
putational costs, thus making it practical for CL applications with limited computational resources. Since EMA
requires an additional copy of model parameters, it inevitably increases storage usage. In most real-world scenarios,
the additional storage overhead of CL remains within acceptable limits, while in resource-limited environments,
techniques such as mixed precision optimization [43] may be necessary to reduce extra storage costs.

Sensitivity analysis. We further extend our evaluation protocol to verify the effectiveness of LUNCH in
improving the robustness of other hyperparameters, such as the learning rate decay, batch size, and weight decay.
These hyperparameters are also relevant to CL yet in an implicit manner [22, 44]. For ease of implementation,
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Figure 4 (Color online) Comparison of the extra computational time with and without LUNCH (Ours).

Table 8 Pre-defined sets of hyperparameter values.

Hyperparameters Value sets

Learning rate decay [0.025, 0.05, 0.1, 0.2, 0.4]

Batch size [32, 64, 128, 256, 512]

Weight decay [0.0005, 0.001, 0.002, 0.004]

Table 9 Impact of sub-optimal hyperparameter values in terms of batch size, learning-rate decay, and weight decay. We report the FAA

averaged over five runs with different random seeds and task orders.

Dataset ER ER w/ Ours ∆(↑) DER DER w/ Ours ∆(↑) RAR RAR w/ Ours ∆(↑)

Split CIFAR-10 23.11±1.21 27.38±1.13 4.27 24.11±1.37 29.84±0.84 5.73 33.11±1.96 38.49±2.04 5.38

Split CIFAR-100 8.74±1.09 14.99±1.41 6.25 10.31±1.11 13.42±0.49 3.11 11.47±0.73 15.21±1.12 3.74

we randomly sample a set of sub-optimal hyperparameters from a predefined value list (i.e., moderately rescaling
optimal hyperparameters in Table 8). The average multiple runs to evaluate the practical performance of each
method, thus avoiding overestimation of CL capabilities in practical use. As shown in Table 9, we observe that our
approach achieves better performance compared to the corresponding baselines, and in particular, the improvement
of RAR is more significant. Aligning with the results of previous analysis, LUNCH can significantly alleviate
hyperparameter sensitivity, especially with more advanced methods.

Of note, the above results pose the particular challenges of hyperparameter sensitivity in CL. A majority of CL
methods are developed with the “optimal” hyperparameter values obtained from a grid search, and thus may fail to
produce desirable results based on such hyperparameter values when there exist large changes in data distribution.
In contrast, our protocol of evaluating hyperparameter sensitivity can faithfully reflect this issue, and the proposed
LUNCH can effectively address it as a plug-in manner.

6 Discussion and conclusion

In this work, we propose an innovative approach for adaptive weighting of task contributions in CL, which optimizes
CL-relevant hyperparameters according to training progress and thus alleviates catastrophic forgetting. In partic-
ular, we formulate each CL-relevant hyperparameter as a function of learnable uncertainty under a homoscedastic
assumption, and ensure training stability via the exponential moving average of network parameters along the train-
ing trajectory. Extensive empirical results demonstrate the benefits of our approach in improving the effectiveness
and robustness of the corresponding baselines in a variety of CL scenarios. We hope that this work will inspire
more explorations of adaptive weighting in CL scenarios and shed light on building general, practical, and effective
CL methods in this field.

This work also has some potential limitations. First, we follow the implementations of representative online
CL methods, which mainly employ a ResNet-based backbone. We leave examining the effectiveness of uncertain
hyperparameters with a ViT-based backbone as a potential future work. Second, we focus on CL methods within the
same parameter space. Therefore, the proposed uncertain hyperparameters are not applicable to many architecture-
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based CL methods that focus on multiple parameter spaces. Since this work is essentially fundamental research in
machine learning, the potential negative impact is not obvious at the current stage.
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Appendix A Uncertainty quantification

Appendix A.1 Regression tasks

The derivation of uncertainty in regression is shown in followings:
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Thus, we can derive the joint distribution of multiple regression tasks:
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Appendix A.2 Classification tasks

We use the maximum likelihood estimation as our objective function:
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For classification problems, we use the cross entropy loss function:

p(y = c | x, θ) = − log (Softmax (y = c, fθ(x))) ,

log p(y = c | xθ) = log

(

∑

c′

exp(fc
′

θ
(x))

)

− fc

θ
(x).

(A5)

We can rewrite and derive the corresponding forms:

log p
(

y = c | fθ(x), σ
2
)

=
1

σ2
fc

θ
(x)− log

∑

c′

exp

(

1

σ2
fc

′

θ
(x)

)

+
1

σ2
log
∑

c′

exp (fθ(x))−
1

σ2
log
∑

c′

exp (fθ(x))

=
1

σ2
fcθ (x)−

1

σ2
log
∑

c′

exp (fθ(x))

+ log

(

∑

c′

exp (fθ(x))

) 1
σ2

− log
∑

c′

exp

(

1

σ2
fc

′

θ
(x)

)

= −
1

σ2
L(y = c, θ)− log

∑

c′
exp

(

1

σ2 f
c

θ
(x)
)

(
∑

c′
exp

(

f ′

θ
(x)
))

1
σ2

.

(A6)

Under the assumption (
∑

c′
exp(fc

′

θ
(x)))

1
σ2 ≈ 1

σ2

∑

c′
exp( 1

σ2 f
c
′

θ
(x)) that allows us to simplify the objective function:

− log p
(

y = c | fθ(x), σ
2
)

≈
1

σ2
p(y = c | x, θ) + log σ2. (A7)
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Thus, we can derive the joint distribution of multiple classification tasks (take two tasks as examples):

p
(

θ, σ2

1 , σ
2

2

)

∝
1

σ2

1

L1(θ) +
1

σ2

2

L2(θ) + log σ2

1 + log σ2

2 + · · · , (A8)

p
(

y1, y2 | fθ(x), σ
2

1
, σ2

2

)

= Softmax

(

y1;
1

σ2

1

fθ(x)

)

· Softmax

(

y2;
1

σ2

2

fθ(x)

)

, (A9)

− log p
(

y1, y2 | fθ(x), σ
2

1
, σ2

2

)

= log Softmax

(

y1;
1

σ2

1

fθ(x)

)

+ log Softmax

(

y2;
1

σ2

2

fθ(x)

)

, (A10)

− log p
(

y1, y2, . . . | fθ(x), σ
2

1 , σ
2

2 , . . .
)

=
1

σ2

1

L1(θ) +
1

σ2

2

L2(θ) +
1

2
log σ2

1 +
1

2
log σ2

2 + · · · . (A11)
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