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Abstract. Continual learning (CL) in medical imaging must address
sequential hospital-level domain shifts under strict memory constraints.
We propose an active rehearsal framework that optimizes memory buffer
population through two complementary strategies: (1) an uncertainty-
aware method using Monte Carlo Dropout to disentangle aleatoric and
epistemic uncertainty into a robust informativeness score, and (2) an
unsupervised dissimilarity strategy maximizing latent feature diversity
without requiring selection labels. We evaluate our approach on three
domain-incremental scenarios spanning distinct source (Task A) and tar-
get (Task B) domains: OrganMNIST, Camelyon17 (multi-center histo-
pathology), and HITS-5K (a private multi-center transcranial Doppler
ultrasound cohort). Results demonstrate that our targeted selection mech-
anisms achieve comparable or superior performance than regularization
(e.g., EWC) and standard uniform replay baselines. Notably, on HITS-
5K, all replay strategies exhibit strong positive backward transfer, im-
proving Task B accuracy beyond 93% while reducing forgetting of Task A
to −17%. At higher memory ratios, performance converges, suggesting
that optimized minimal replay suffices for synergistic tasks. Moreover,
qualitative analysis of memory coverage in the latent space validates
the theoretical motivations behind our sampling mechanisms. Our work
demonstrates that adaptive, semantics-aware replay CL improves model
robustness for medical image analysis.

Keywords: Continual Learning · Uncertainty Quantification · Tran-
scranial Doppler Ultrasound · Domain-Incremental Learning.

1 Introduction

In healthcare, severe data drift arises continuously from hardware updates, shift-
ing acquisition protocols, and demographic variations [18,20]. Medical Artificial
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Intelligence (AI) systems must adapt to these dynamic environments without
sacrificing prior diagnostic knowledge, a challenge known as catastrophic forget-
ting. Furthermore, strict privacy regulations (e.g., HIPAA, GDPR) and data silos
often restrict centralized model retraining, requiring other solutions for model
adaptation. Continual learning (CL) addresses these challenges [18], enabling
personalized, center-specific adaptation [21]. While federated learning facilitates
privacy-preserving collaboration, its reliance on static data distributions high-
lights the need for CL mechanisms in lifelong medical AI deployments [7].

To mitigate catastrophic forgetting, CL strategies include regularization, dy-
namic architectures, and replay [5,6]. Replay methods [3,14,26], which store a
constrained episodic memory of past samples, often demonstrate superior robust-
ness and are highly advantageous for sequentially integrating heterogeneous clin-
ical data [17]. However, clinical translation is hindered because standard replay
relies on exhaustive, expert-level annotations, which are impractically expensive
to obtain in medical imaging. While efforts exist to address label scarcity in med-
ical [13,17,25] and broader domains [4,8,23], they often impose complex opera-
tional constraints. An underexplored gap remains in utilizing weakly-supervised
or unsupervised mechanisms to optimize replay buffer curation and alleviate the
annotation burden.

Active CL mitigates this burden by replacing sub-optimal uniform memory
sampling with strategies that leverage predictive uncertainty to identify infor-
mative boundary samples [16,27,28] or dissimilarity metrics to maximize feature
diversity [19]. Building upon these principles, we propose a tailored rehearsal-
based CL framework optimizing memory population across sequential clinical
domain shifts. Specifically, we introduce two complementary selection mecha-
nisms: (1) an uncertainty-aware strategy using Monte-Carlo dropout (MCD) to
distill aleatoric and epistemic uncertainty into a robust informativeness score,
and (2) an unsupervised dissimilarity strategy maximizing latent domain cover-
age without requiring labels for selection. We demonstrate the clinical translation
of this framework via the first CL application to transcranial Doppler (TCD)
ultrasonography for cerebral emboli classification. Extensive evaluations on two
other publicly available datasets reveal our targeted selection mechanisms often
outperform memoryless and regularization baselines, particularly under strict
memory constraints.

2 Methodology

2.1 Problem Description

We formalize domain-incremental CL in medical imaging under a sequential two-
task classification setting with fixed labels, though the methods extend naturally
to longer sequences. Let dataset A with distribution DA originate from hospitals
HA. Subsequently, dataset B arrives from disjoint centers HB (HA ∩HB = ∅),
at which point DA is no longer (fully) accessible. All samples occupy a unified
input-label space (XT , YT ) ∼ DT ∈ X × Y for T ∈ {A,B}.
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The objective is to optimize a robust classifier f∗ : X → Y across both
domains. Let fθA = gψA

◦ hγA denote the base model trained on DA, where
hγA : X → Rd is the feature encoder and gψA

: Rd → Y is the classification
head. Let fθA,B

= gψA,B
◦ hγA,B

represent the sequentially updated model after
learning from the target distributionDB . The goal is to maximize target accuracy
while minimizing forgetting on DA.

2.2 Baselines

Sequential fine-tuning from fθA directly onto DB serves as our naive baseline.
We compare our framework against Elastic Weight Consolidation (EWC) [2,10]
and six replay-based strategies.

Replay methods relax the assumption that data from the source domain DA
is entirely inaccessible during adaptation to the target domain DB . Instead, they
preserve a fixed-capacity episodic memory M of size C containing representa-
tive source samples. At the task boundary, memory updates occur iteratively
at the batch level. Given an active data stream batch B, a selection algorithm
A evaluates the candidate pool S = M ∪ B. The algorithm maps this set to
an updated buffer, A(S,M) 7→ M′, retaining M = min(C, |S|) samples. The
approaches differ in the selection criteria A used for sample retention.

We evaluate three established replay baselines adapted from [23]: Uniform
Replay, Loss Replay, and Dissimilarity Replay. To adapt the originally self-
supervised Dissimilarity Replay to our supervised context, we compute pairwise
samples distances using latent feature representations extracted from the pre-
trained feature encoder hγA as a structural proxy.

2.3 Proposed Sample Selection Mechanisms

The remaining strategies constitute our proposed methodological contributions,
leveraging predictive uncertainty (Uncertainty-Based Replay), class-conditional
uncertainty, and a hybrid selection (Hybrid Pool-Based Replay) approach.

Combination with Uniform Sampling. To balance the exploitation of
highly informative samples with a broader, unbiased coverage of the source do-
main DA, the Loss, Uncertainty-Based, and Hybrid replay methods are
combined with Uniform Replay. Given a targeted selection strategy As and a
fixed uniform allocation ratio ru ∈ [0, 1], the updated buffer M′ is constructed
sequentially from the candidate pool S:

M′ =Mu ∪Ms withMu = Aunif(S, ⌊ruM⌋),
Ms = As(Srem,M − ⌊ruM⌋), (1)

where M = min(C, |S|), s is a sample selection strategy, Aunif is the uniform
sampling algorithm and Srem = S \Mu are remaining samples from the pool.

Importantly, we propose two distinct ways of executing this uniform selection:
an instance-level (global) approach that samples uniformly without accounting
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for class labels, and a class-conditional (stratified) approach that enforces class-
proportional representation.
Uncertainty-based Replay. While Loss Replay prioritizes samples with high
loss—often interpreted as "hard" or highly informative examples—it risks re-
taining outliers or label-noisy samples from the source domain DA. Conversely,
while Dissimilarity Replay promotes geometric diversity within the latent space,
it may overlook semantically critical regions situated near decision boundaries.
To balance these concerns, we propose Uncertainty-Based Replay, a strat-
egy that selects samples based on an uncertainty score, reflecting either inherent
data ambiguity or model ignorance.

Total predictive uncertainty (TU) is standardly decomposed into aleatoric
uncertainty (AU), which captures irreducible data noise (e.g., ambiguous patholo-
gies), and epistemic uncertainty (EU), which reflects model ignorance due to
limited training data. We approximate these quantities using MCD [9,12]. Lever-
aging these decomposed metrics, we formulate a composite memory update score
designed to: (1) be proportional to EU, prioritizing rare edge cases and struc-
turally diverse samples; (2) be proportional to TU, emphasizing points near com-
plex decision boundaries; (3) be inversely proportional to AU, mitigating the
detrimental influence of irreducibly noisy or ambiguous samples.

Prior to score computation, all uncertainty metrics are min-max normalized
to [0, 1] using statistics from the source domain, yielding ẼU, T̃U, and ÃU. This
preserves informative, high-signal samples while filtering out noise-dominated
ones. The scalar acquisition score for a sample x is defined as:

sUQ(x) = wE · ẼU(x) + wT · T̃U(x)− wA · ÃU(x) (2)

where wE , wT , and wA are weighting hyperparameters. Note that, although TU
is a linear combination of AU and EU, the min-max normalized quantity T̃U
is not. Therefore, including all three normalized terms does not introduce a
redundant linear dependency in the acquisition score and is designed to capture
complementary aspects of the data with a finer control.

Moreover, to prevent the retention of outliers and noisy samples, we discard
a fraction α of the candidate pool exhibiting the highest aleatoric uncertainty,
obtaining a new candidate pool Sclean. Consequently, the memory is updated
by selecting the M ′ = min(Ms, |Sclean|) samples from the candidate pool that
maximize this uncertainty score:

AUQ(S,M ′) :=
{
si ∈ Sclean

∣∣ i ∈ argtopM ′

(
sUQ(Sclean)

)}
(3)

Hybrid Pool-Based Replay. While targeted strategies like Loss Replay or
Uncertainty-Based Replay are designed to identify highly informative examples,
they risk concentrating the memory buffer around narrow regions of the feature
space, reducing overall geometric diversity. To mitigate this, we propose a Hy-
brid Update strategy that integrates informativeness, outlier mitigation, and
latent space coverage into a unified selection approach.

As established, the hybrid algorithm Ahybrid is subsequently applied to the
remaining candidate pool after selecting uniformly a fraction of the capacity.
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Information Maximization, Noise Mitigation, and Aleatoric Filtering: First, we
compute the normalized uncertainties using the MCD framework previously de-
fined and the min-max normalized network loss ℓ̃(x) for all candidates. We define
a composite acquisition score that rewards informative samples while penalizing
irreducible noise:

shybrid(x) = wE · ẼU(x) + wT · T̃U(x) + wL · ℓ̃(x)− wA · ÃU(x) (4)

As for the Uncertainty-Based Replay, aleatoric filtering is applied.
Strategic Pooling: From the filtered set, we isolate a concentrated high-signal
pool P by selecting the top candidates according to the composite score. The
size of this pool is scaled by a multiplier hyperparameter ρ > 1 (e.g., ρ = 3):

P =
{
si ∈ Sclean

∣∣∣ i ∈ argtopmin(|Sclean|, ρMs)

(
shybrid(Sclean)

)}
(5)

Geometric Diversity via Greedy K-Center: Finally, to ensure the selected subset
is geometrically diverse, we perform a greedy K-Center core-set selection on
the embedded feature space hγA(P). If |P| ≤ Ms, then Ms = P. Otherwise,
we initialize the target bufferMs with a randomly selected sample from P. We
iteratively append the sample u ∈ P\Ms that maximizes the minimum distance
to the already selected set:

Ms ←Ms ∪
{
arg max

u∈P\Ms

min
v∈Ms

∥∥hγA(u)− hγA(v)
∥∥
2

}
(6)

until exactly Ms samples are acquired. The final buffer is the union of the uniform
and strategically selected sets: Ahybrid(S,M) =Mu ∪Ms.

3 Experiments and Results

3.1 Datasets, Tasks Definitions, and Experiment Setup

Datasets and Tasks: To evaluate our framework under realistic clinical domain
shifts, we define sequential tasks across three datasets (summarized in Table 1):

OrganMNIST [24] (organs from abdominal CTs): Task A comprises axial
slices (OrganAMNIST); Task B introduces coronal slices (OrganCMNIST). The
original training, validation, and test splits are used, corresponding to approxi-
mately 60%, 10%, and 30% of the data, respectively.

Camelyon17 [11] (metastasis detection from histopathology): Task A uses
data from Hospitals 1 and 2; Task B uses Hospitals 3 and 4. To expedite ex-
periments, this dataset was undersampled to 2,500 samples per hospital-class
stratum. 70% and 10% of the samples are used for training and validation sets.

HITS-5K (Private): 4,771 verified transcranial Doppler ultrasound signals
(Solid Emboli, Gaseous Emboli, or Artefact) from 51 patients across 11 clinical
centers. To simulate institutional shifts, data is split at the hospital level into
Task A, Task B, with disjoint subject-level train/test subsets within each task
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Dataset Classes Task shift Task A samples Task B samples
OrganMNIST 11 organs view plane 41,052/17,778 15,367/8,216
Camelyon17 2 (metastasis presence) hospital 48,852/17,667 69,849/40,403
HITS-5k 3 HITS types hospital 2817/947 868/139

Table 1: Description of the datasets with the train/test distribution of samples.

to prevent patient leakage. 15% of the training samples are randomly selected
to form the validation set.
Architectures and optimization: We use dataset-specific models: a custom 3-
block CNN for OrganMNIST, MobileNetV3-Small for Camelyon17, and a 2D
Time-Frequency CNN [22] for HITS-5k. OrganMNIST and Camelyon17 net-
works expose their flattened penultimate representations for latent dissimilar-
ity calculations and include classification-head dropout for MCD uncertainty
estimation. To establish a rigorous baseline, we first optimize Task A hyper-
parameters (learning rate lr, weight decay wd) using Optuna [1] (30 trials) to
maximize Task A balanced accuracy. Using the optimal configuration, we train
nrep independent base models (nrep = 10 for OrganMNIST/HITS-5k; nrep = 5
for Camelyon17) from scratch. Crucially, to isolate CL penalty effects, Task
B hyperparameter search initializes directly from the best Task A model, ex-
plicitly maximizing the average balanced accuracy across Tasks A and B. We
optimize a 3D space (lr, wd, λreplay/λEWC) over 30 trials for standard baselines.
For uncertainty-aware and hybrid methods, the search space expands (adding
aleatoric drop fraction, pool multiplier, and wa, we, wh, wl coefficients), so tri-
als are scaled to 75 to ensure equitable convergence (except for hybrid strategy
with Camelyon17, 30 trials kept). The ratio ru , controlling the balance between
uniform and active sampling, was fixed to 0.5.
Evaluation & Statistics: Performance is quantified via standard classification
metrics (Accuracy, Balanced Accuracy) alongside CL-specific metrics (Forget-
ting). Due to stochastic memory selection divergence, the nrep runs act as
independent samples. To control the family-wise Type I error rate when si-
multaneously evaluating three key objectives (Final Accuracy Task A, Final
Accuracy Task B, Forgetting Task A), we assess significance using the non-
parametric Mann-Whitney U test with a Bonferroni correction (αadjusted =
0.05/3 ≈ 0.0167). All the codes used to run the different experiments can be
found at: https://github.com/yamilvindas/uncertainty_based_CL.

3.2 Results

Catastrophic forgetting mitigation and memory size: Results can be found in
Figures 1 (a)-(c). Baseline dynamics vary significantly by dataset: while Or-
ganMNIST is intrinsically robust (baseline forgetting 1.96 ± 0.85%, compara-
ble to EWC, p = 0.521), Camelyon17 exhibits severe catastrophic forgetting
(8.93± 2.56%). Conversely, the HITS-5k baseline exhibits a remarkable intrinsic
positive backward transfer, yielding a negative forgetting rate of -9.25 ± 7.14%

https://github.com/yamilvindas/uncertainty_based_CL
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(a) OrganMNIST

(b) HITS-5k

(c) Camelyon17

(d) Loss Replay (e) Uncertainty ByClass

Fig. 1: Continual learning performance scaling and latent space mem-
ory representation. (a)–(c) Evaluation of final Task B balanced accuracy
(↑) and task A catastrophic forgetting (↓) across varying memory capacities for
OrganMNIST (top row), HITS-5k (second row), and Camelyon17 (third row).
Horizontal reference markers denote the baseline performance configurations:
memoryless training (dark red dashed line), EWC regularization (black dashed
line), and the 100% full-memory gold standard (green dotted line), alongside
their respective standard deviation error bands. (d)-(e) Qualitative represen-
tations of spatial memory coverage (bottom row) visualized on a representative
model trained under a constrained 10% buffer capacity on the HITS-5k dataset.
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(also statistically comparable to EWC, p = 0.427). Under severe memory con-
straints (1% capacity), active selection has a positive effect. For Camelyon17,
all CL strategies except Loss Replay and Hybrid Replay reduce forgetting, at
the expense of task B accuracy. Uncertainty Replay drastically cuts forgetting
to 2.99±2.62%, vastly outperforming Uniform Replay (7.42±1.70%). Similarly,
for OrganMNIST, Dissimilarity, Hybrid, and Uncertainty Replay improve base-
line forgetting (p ≤ 0.002) while keeping similar Task B performance, whereas
Uncertainty ByClass and Uniform Replay favor Task B accuracy (p < 0.001).
For HITS-5k, results differ: Dissimilarity, Hybrid, Uncertainty ByClass, and Uni-
form Replay amplify the backward transfer to approximately -17% (p < 0.002)
and simultaneously raise Task B accuracy from 91.06% to over 93%. At higher
capacities (10% and 50%), OrganMNIST performances converge closely to the
full-memory gold standard. Hybrid Replay and Uncertainty Replay ByClass out-
perform the global uncertainty strategy, improving both Task B accuracy and
reducing forgetting. This suggests that balanced memory coverage across the
feature space is beneficial for this dataset, which is further supported by the
consistent performance of Uniform Replay across memory capacities. However,
on HITS-5k at 10% capacity, all methods perform similarly due to substantial
variance (standard deviations up to ±10%). This indicates that for highly syn-
ergistic tasks like HITS-5k, maintaining a minimal episodic buffer is sufficient
to unlock maximal cross-task facilitation, rendering complex sampling heuristics
unnecessary at scale.
Memory coverage: To further analyze these results, we apply t-distributed stochas-
tic neighbor embedding (t-SNE) [15] (perplexity 30) to the latent training data
representations from hγA,B

. Figure 1(d)-(e) compares the resulting embeddings
for the best- and worst-performing methods: Uncertainty ByClass and Loss Re-
play, respectively. While the overall manifold remains expectedly class-based
(Solid Emboli vs. Gaseous Emboli), samples from Task A and Task B form dis-
tinct sub-clusters within each class, confirming the hospital-level domain shift.
Regarding memory coverage, Loss Replay predominantly selects samples near
cluster boundaries—likely the most challenging examples. In contrast, Uncer-
tainty ByClass achieves a more balanced coverage across both central and bound-
ary regions, likely explaining its superior performance. Furthermore, across mul-
tiple training runs, Loss Replay exhibits lower consistency in selected memory
distributions, indicating higher sensitivity to initial Task A training.

4 Conclusion

We evaluated several replay-based continual learning strategies in a hospital-shift
scenario across three real-world medical imaging datasets. Overall, replay meth-
ods effectively mitigate catastrophic forgetting, even under low-memory con-
straints. However, the best-performing strategy varies across datasets, highlight-
ing that no single approach universally dominates. This underscores the value of
our proposed methods, which leverage uncertainty estimates and parametrized
hybrid criteria, for adapting to diverse clinical deployment settings. The per-
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formance variability reflects real-world differences in data distributions, domain
shifts, and class characteristics. Visual analysis of memory sample coverage via
representation space projections provides valuable insight into how each strat-
egy preserves knowledge, helping to align method choice with task semantics.
This suggests that future continual learning systems in healthcare should sup-
port adaptive memory management, informed by both uncertainty and data
representativeness.
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