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Abstract

Continual learning tries to acquire and update
knowledge incrementally, while facing challenges
such as catastrophic forgetting. Replay-based
strategies, such as Goldilocks sampling, focus on
moderately learned examples to improve learn-
ing efficiency. In this study, we investigated
three different approaches to replay sampling:
sensitivity-aware sampling, weighted sample pri-
oritizing, and confidence-based learning speed es-
timate. The results of our trials showed that these
methods produced performance comparable to the
Goldilocks technique, without obvious improve-
ments. These results demonstrate the Goldilocks
strategy’s resilience.

1. Introduction

The field of continual learning (Wang et al., 2024; De-
lange et al., 2021; Hadsell et al., 2020; Parisi et al., 2019)
focuses on enabling models to incrementally acquire and
update knowledge throughout their lifetime. This capability
lays the groundwork for Al systems to evolve in dynamic,
real-world environments. However, catastrophic forgetting
(McCloskey & Cohen, 1989; French, 1999) challenges con-
tinuous learning, as learning new tasks reduces performance
on previously learned tasks.

Different approaches have been explored by researchers
to deal with catastrophic forgetting. In general,
these techniques can be categorized into five groups:
regularization-based, representation-based, optimization-
based, architecture-based, and replay-based approaches
(Wang et al., 2024).

Replay-based methods have drawn a lot of interest. Recent
developments include Goldilocks (Hacohen & Tuytelaars,
2024), a sampling strategy that takes advantage of the rela-
tionship between learning speed and forgetting. Specifically,
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they observed that samples learned at an intermediate speed
are the most effective for rehearsal. Goldilocks sampling
filters out samples that are learned too fast or too slow.

Understanding a model’s sensitivity to its training data
is just as important as its learning speed. The Memory-
Perturbation Equation (MPE) (Nickl et al., 2024) is a recent
work that uses Bayesian principles to quantify sensitivity to
data disturbances. Existing sensitivity measures are unified
and generalized by MPE, making it suitable for a variety of
models and methods. Empirical results (Nickl et al., 2024)
demonstrate that sensitivity estimates obtained during train-
ing can effectively predict generalization performance on
unseen data, offering valuable information to develop more
robust and adaptive learning systems.

Despite these developments, little research has been done
comparing model sensitivity-based approaches with learn-
ing speed aproaches. Furthermore, there are still inefficien-
cies in the selection of samples for rehearsal. For exam-
ple, determining learning speed often requires prolonged
training.(Hacohen & Tuytelaars, 2024). We suggest three
innovative sampling techniques to overcome these issues:

* Confidence-Based Learning Speed Estimation: We
introduce an efficient method for estimating learning
speed based on changes in model confidence over a
small number of epochs.

* Weighted Sample Prioritization: Leveraging the cor-
relation between learning speed and retention, we pri-
oritize examples that are learned more slowly using a
weighted sampling mechanism.

* Sensitivity-Aware Sampling: We incorporate model
sensitivity, estimated through prediction variance and
error, to identify critical examples for rehearsal.

These strategies are designed to optimize replay buffer sam-
pling, addressing inefficiencies and boosting performance
in continual learning scenarios.!

2. Methodology

Continual Learning with replay buffers is defined as the
model f being trained on each task D, for E € N epochs.

!Code is available at https:/gitlab.ethz.ch/sbuehrer/d12024.
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During the training of task ¢, a fixed-size replay buffer
By € D1 U---UDy;_1 is maintained to store examples
from the previously encountered tasks. By satisfying the
restriction |B;| < |D;|, the buffer’s size guarantees that
only a limited portion of the previous task data is kept. In
the case of no memory replay, i.e., B; = 0, the model en-
counters catastrophic forgetting, where the performance on
prior tasks deteriorates as new tasks are learned.

2.1. Experimental Setup

Unless otherwise stated, all methods are evaluated on the
CIFAR-10 dataset (Krizhevsky, 2009), using ResNet-18 (He
et al., 2015) as the base model. Optimization is carried
out with stochastic gradient descent (SGD), employing a
learning rate of 10~%. For each task ¢, the model is trained
for E = 100 epochs. The total number of tasks is set to
T = 2. Algorithm 1 outlines the implementation of learning
speed estimation and weighted sampling.

Algorithm 1 Confidence Based Learning Speed Estimation
and Weighted Sampling

1: Input: Task data D; = {(x;,y;)}, model f, epochs E,
buffer size |B|

2: Initialize confidence matrix C' € [0, 1]Z* /Pl
3: fore=1to Fdo

4:  Train f on D, for one epoch

5:  fori=1to|D;| do

6: Cle,i] « ce(z,y)

7:  end for

8: end for

9: Compute learning speed LScont(, ¥)
10: Assign weights w(z;, y;)
11: Normalize weights P(z;, y;)
12: Sample buffer B based on P(z;,y;)

2.2. Confidence-Based Learning Speed Estimation

Effectively assessing the learning speed of individual sam-
ples, which has a direct impact on their selection for the
replay buffer, is a major difficulty in continual learning. The
learning speed of an example (z,y) is defined by earlier
research, such as Goldilocks (Hacohen & Tuytelaars, 2024),
as follows:

1 E

LSgodi(z,y) = o > I[fe(z) =yl
e=1
where f, represents the model f after the e-th epoch of
training on task D,, and I[-] is the indicator function that
evaluates to 1 if the prediction f.(x) matches the true label
y, and 0 otherwise. While this method is computationally
efficient, it heavily relies on binary classification outcomes
and struggles to accurately estimate learning speed for tasks

with very few training epochs.

We propose a novel confidence-based learning speed estima-
tion method to get over this restriction. Instead of relying
on binary indicators, we use the model’s confidence scores
during training to compute a new measure of learning speed.
Specifically, for an example (z,y), the learning speed is
calculated as the mean confidence over all epochs:

E
1
LSCOnf('I; y) = E Z Ce(xv y)a
e=1

where ¢ (1, y) represents the confidence score of the model
for (z,y) at epoch e.

By adding up the confidence scores over all epochs, we
effectively obtain the area under the confidence curve, which
serves as a indicator of the learning progress.

2.3. Weighted Sample Prioritization

(Hacohen & Tuytelaars, 2024) observed a strong correlation
between the mean learning speed and the percentage of ex-
amples remembered by the networks. This indicates that
networks are more likely to remember quickly learned ex-
ample. To exploit this, our replay buffer will use a sampling
strategy where examples are randomly selected, but with
weights proportional to the inverse of their learning speed —
assigning higher weights to examples learned more slowly.
The weight assigned to each example (z, y) is computed as:

1
N T

where LS(x,y) is the learning speed as defined in (Hacohen
& Tuytelaars, 2024) and ¢ = 10~% ensures numerical sta-
bility for very small learning speeds. The alpha parameter
controls the strength of the weighting. To determine the
sampling probabilities, the weights are normalized as:

w(z,y)
P = =
(337 y) Z(g;’,y’) w(x’, y/)

By prioritizing examples with lower learning speeds, the
model’s exposure to challenging examples is increased in
the hopes of improving its long-term retention and general-
ization capabilities.

2.4. Sensitivity-Aware Sampling

We sample the replay buffer based on the estimate of the
sensitivity of the model to its training data. We estimate
the sensitivity by multiplying the prediction variance by the
error, as proposed in the MPE of (Nickl et al., 2024). In our
method, we are approximating the deviation on the model’s
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output by using this formula:

£ (O)) = £:(00) ~ V£ (80) V£ (8) [0 (f: (61) — ]

Deviation in the output =wv;¢, prediction variance =e;, prediction error

Where f;(6;) is the ith element of the model output with
model parameters 6 at time t, y; the target label and o is
the activation function. fi(ﬁt\l) are the model parameters
after training the model on a training set without the i-th
example.

Since SGD is our learning algorithm, we are using the sen-
sitivity measure from Table 1 of (Nickl et al., 2024). Fol-
lowing this approximation, we are prioritizing the samples
based on their effect on the model’s output, i.e. we are
extending our replay buffer only with samples that exceed
(or deceed) a certain threshold of deviation, telling us how
significant the sample is to the model’s output and hence
how important it is to be memorized in the buffer.

3. Results
3.1. Confidence-Based Learning Speed Estimation

After training for 200 epochs, distinct differences in learn-
ing speed behaviors between the Goldilocks-based and
Confidence-based methods are observed. At the initial stage,
following the first epoch (E = 1, t = 1), the correlation be-
tween the two methods is relatively low (Pearson r = 0.75,
p < 1078), accompanied by high variance in the samples
around the linear regression line (v = 1.4 - 1072)2.

As shown in Figure 1 for later epochs, the strategies increase
in correlation and decrease in variance, By the end of the
training process (£ = 200, ¢ = 1), a strong correlation
between the methods is achieved (Pearson » = 0.83, p <
10~®), and the variance significantly decreases to 02 =
3-1074.

The observed increase in correlation and decrease in vari-
ance suggest that the learning speeds become more inter-
changeable as the number of epochs grows. However, dis-
crepancies remain in the earlier stages of training, particu-
larly at fewer epochs. To further evaluate the effectiveness
of the two approaches, we analyze the test accuracy after
the second task (t = 2).

According to the accuracy heatmaps displayed in Figure 6,
there is no apparent increase in test accuracy using the
confidence-based approach. When different learning speeds,
epoch counts, and parameter settings are used, both tech-
niques produce performance that is equivalent. This lack of
distinction shows that model performance is not much im-
pacted by the learning speed estimation approach selected.

2For a detailed visualization, the correlation scatterplot is pre-
sented in Figure 4 in the appendix.
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Figure 1. Pearson (blue) and Spearman (green) correlations be-
tween Goldilocks-based and Confidence-based learning speeds
across all CIFAR-10 samples. The variance of the linear regression
for learning speed samples is shown in red. Correlation increases
with epochs, while variance decreases.

For the statistical analysis, we tested the following hypothe-
ses:

* Null Hypothesis (Hp): No significant difference in
test accuracy between the Goldilocks and Confidence-
based strategies.

* Alternative Hypothesis (H,): A significant difference
in test accuracy between the two strategies.

The results of the Wilcoxon Signed-Rank Test (Durango &
Refugio, 2018) showed a p-value of 0.128 and a statistic of
95.5. We are unable to reject Hy, suggesting no significant
difference, because p > 0.05. The results are summarized
as Figure 5 for all buffer ratios and learning speeds.

3.2. Weighted Sample Prioritization

We first examine the effect of the o parameter on model
performance and compare it to the baseline where sam-
ples are drawn uniformly from the replay buffer (v = 0).
Figure 7 show the performance of different @ values over
varying numbers of training epochs. The results indicate
no significant advantage of the Weighted Sampling Priori-
tization Strategy compared to drawing samples uniformly
from the buffer. For completeness, Figure 2 provides a
heatmap comparison between the Weighted Sampling and
Goldilocks Strategies, demonstrating that the latter con-
sistently achieves superior performance, showing that the
Weighted Strategy is outperformed by Goldilocks.

3.3. Sensitivity-Aware Sampling

We perform all evaluations on a buffer ratio of 20% and train
for 2, 5, 10 and 15 epochs. The threshold indicates which
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Accuracy Comparison: Uniform vs. Goldilocks vs. Weighted

Uniform | 0.04 31.60 34.72 37.16
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Figure 2. Heatmap showing the mean test accuracy of different
strategies (Uniform, Weighted, and Goldilocks) at buffer ratios
of 0.04 and 0.4 across varying numbers of epochs (1, 5, 10, and
100). For Goldilocks, the Confidence Strategy was used with the
parameters quick 44% and slow 12% for a buffer ratio of 0.4, and
quick 12% and slow 36% for 0.04, as identified as effective in
(Hacohen & Tuytelaars, 2024). For the Weighted strategy, various
well-performing alpha values were selected to optimize accuracy
(compare to Figure 7).

percentile of sensitivity needs to be exceeded or deceeded,
such that they are taken into the replay buffer. We compare
the average test precision over all epochs with the precision
of other strategies.

The results in 3 show that we are matching the performance
of Goldilocks with a slight improvement in most of our
experiments. There is a possibility that a certain correlation
between high sensitivity of the model towards the samples
and the time needed to learn samples exists. Interestingly,
we are observing slightly better results when removing the
most sensitive examples compared to removing the least
sensitive examples.

4. Discussion
4.1. Confidence-Based Learning Speed Estimation

Despite variations in how learning speed is estimated the
confidence-based strategy produces test accuracy results that
are comparable with the Goldilocks-based approach. How-
ever, it requires significantly more memory. Given these
trade-offs, we recommend continuing with the Goldilocks
strategy for its lower memory consumption. While having
classification scores for each epoch and sample is useful
for visualization, we suggest for future works to optimize
memory usage by iteratively updating the learning speed
after each epoch.

Accuracy Heatmap for Sensitivity-Aware Sampling
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Figure 3. In this figure, one can detect similar results of test ac-
curacy when using the sensitivity sampling method compared to
the Goldilocks method (Hacohen & Tuytelaars, 2024). In this
experiment we compare our method to Goldilocks method with
both the slowest and fastest 10% removed. We tried out several
attempts of choosing to remove the least 20%, least 50%, most
20% and to remove both the most 10% and the least 10% sensitive
samples from the buffer.

4.2. Weighted Sample Prioritization

The Weighted Sampling Prioritization Strategy revealed
no clear performance benefits compared to the baseline,
where samples are drawn uniformly from the replay buffer.
Compared to the Goldilocks Strategy, it performs worse.

4.3. Sensitivity-Aware Sampling

Due to performance constraints, we limited the training to
a maximum of 15 epochs, as gradients are calculated |B|
times per iteration. Extracting gradients of the model output
with respect to parameters from the existing PyTorch com-
putational graph proved challenging (Paszke et al., 2017),
as noted in the original paper (Nickl et al., 2024). Given
this issue and the negligible performance gain, we do not
recommend the Sensitivity-Aware sampling method.

Further work should focus on saving the gradients during
backpropagation of the loss to increase its performance. By
resolving this issue, it would be easier to detect the long-
term effect of the sensitivity towards the learning effect.

An interesting idea would be to weight the sensitivities of
later epochs higher than those at the start of training, since
deviations in the model output at a later stage should reveal
more insights on the importance of examples. Additional
work could focus on the correlation between learning time
and sensitivity, which would benefit future research on this
topic.
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A. Confidence Based Learning Speed Estimation
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Figure 4. Scatterplots illustrating the correlation between Goldilock-based and Confidence-based learning speed estimations for CIFAR-10
samples. Statistical correlation measured with Pearson, Kendall, and Spearman. All p-values are extremely low (approaching zero with
float 64 precision).
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Figure 5. Bar plot showing the paired accuracy differences between the Confidence and Goldilocks strategies, calculated as Confidence
- Goldilocks. The plot visualizes how the difference varies across different epoch counts and buffer ratios. The red dashed line at
zero indicates no difference in accuracy between the two methods. The legend corresponds to the buffer ratio settings. The Wilcoxon
Signed-Rank Test, with a statistic of 95.5 and a p-value of 0.128, shows no significant difference between the two strategies.
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Figure 6. Heatmaps illustrating the mean test accuracy for various learning speeds, epoch counts, and buffer ratio settings. The top
heatmap represents the results for the Goldilocks-based strategy, while the bottom heatmap shows the Confidence-based strategy. The
accuracy values are averaged across different removal percentages of the slowest learning samples, with buffer ratios of 10% and 40%.
The results indicate no significant performance difference between the two methods, as both exhibit similar accuracy trends under identical
conditions.

B. Weighted Sample Prioritization
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Figure 7. Heatmaps showing the mean test accuracy for various « values for the Weighted Sample Prioritization across different numbers
of training epochs. The case av = 0 represents the baseline scenario where samples are drawn uniformly from the replay buffer.
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