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Abstract. Despite the success of deep learning models to detect clin-
ically significant prostate cancer (csPCa) using multiparametric MRI
(mpMRI), it faces two levels of data imbalance: (1) voxel-level class im-
balance within each patient case, where lesion voxels occupy a small frac-
tion of the image volume, and (2) case-level difficulty imbalance, where
cases exhibit heterogeneity in detection difficulty. While existing methods
primarily address voxel-level imbalance via loss reweighting, they often
overlook the uneven distribution of case difficulty, limiting their perfor-
mance. To bridge this gap, we propose Reverse Symmetric Self-Paced
Learning (RSSPL), a model-agnostic case-level learning strategy. Specif-
ically, RSSPL builds upon curriculum learning but prioritises patient
cases in a hard-to-easy manner to better emphasise challenging cases ear-
lier during training, and can be used alongside voxel-level reweighting. To
facilitate this, an anatomy-aware difficulty estimate is proposed to refine
case scheduling by filtering the noise outside the prostate gland. Exper-
iments on csPCa detection across different network backbones and both
standard and imbalance-aware loss functions demonstrate that RSSPL
leads to reduced cross-validation variance and improved detection per-
formance. On the independent Prostatel58 test set, RSSPL achieves a
statistically significant improvement at the patient level, with an absolute
AUROC increase of 3.05% (p < 0.05). Consistent improvement trends
in a brain lesion-detection task further provide preliminary evidence of
RSSPL’s cross-organ transferability.

Keywords: Prostate cancer detection - Multiparametric MRI - Curricu-

lum learning - Symmetric self-paced learning.

1 Introduction

Prostate cancer is the second most frequently diagnosed cancer among men
worldwide [1]. Deep Learning (DL) methods for detecting clinically significant
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prostate cancer (csPCa) using multiparametric MRI (mpMRI) have achieved
non-inferior or even superior performance to radiologists [3]. Typical MRI se-
quences include T2-weighted (T2W), Apparent Diffusion Coefficient (ADC) and
high-b-value Diffusion Weighted Imaging (DWI) sequences and sometimes dy-
namic contrast enhanced MRI (DCE MRI). Conventionally, a patient is classified
as having csPCa if at least one lesion is histopathologically confirmed as Inter-
national Society of Urological Pathology (ISUP) grade group > 2 [2,3]. Conse-
quently, patients with ISUP grade group 1 or benign findings are categorised as
having non-csPCa. Despite the success of DL methods, automated csPCa detec-
tion using mpMRI still faces data imbalance both within and across cases. At
the voxel level, lesions typically occupy only a small fraction of the image vol-
ume, resulting in severe foreground—background imbalance within each case. At
the case level, detection difficulty varies substantially across patients, resulting
in difficulty heterogeneity even when assessing mpMRI within the same csPCa
or non-csPCa category.

Prior work has primarily focused on mitigating voxel-level imbalance within
each case through loss reweighting strategies such as weighted cross-entropy [4],
focal loss [5], and their variants [6-9] to emphasise hard voxels or rare foreground
regions. However, these methods do not explicitly regulate how entire cases are
prioritised during training, instead following a conventional random scheduling
strategy. In large screening-oriented prostate MRI datasets such as PI-CAI [3],
the predominance of non-csPCa cases, coupled with the substantial variation in
lesion appearance among csPCa patients (ranging from large, conspicuous lesions
to subtle, small ones), creates a highly polarised distribution of case difficulty.
Under such conditions, these methods that treat all cases equally may lead to
suboptimal optimisation.

This suggests that the order and priority with which cases are presented
during training may substantially influence model learning. Curriculum Learning
(CL) [10] enables the model to progressively transition from easy to hard cases
during training. However, in csPCa detection using mpMRI, datasets are often
dominated by non-csPCa cases and relatively easier csPCa cases. Prioritising
such cases early in training may delay exposure to more difficult csPCa cases.
This motivates a fundamental question: under highly polarised case distributions,
is the conventional easy-to-hard schedule still optimal?

To this end, we propose the Reverse Symmetric Self-Paced Learning (RSSPL)
strategy to present cases to the model in a hard-to-easy manner during train-
ing, ensuring that rare but informative harder cases are not overwhelmed by the
predominance of easier cases. To implement the proposed scheduling strategy, a
quantitative measure of case difficulty is required. Existing approaches typically
derive this difficulty from model feedback, such as input gradients [11]. However,
in medical imaging, if input gradients are computed over the entire image volume,
these signals can be unstable or misleading when dominated by large background
regions, and they rarely incorporate anatomical knowledge that is clinically rele-
vant. To address this, we estimate case difficulty using input gradients restricted
to the prostate gland, providing a more robust and clinically meaningful sig-
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nal. An overview of the proposed RSSPL is shown in Fig. 1. Through sufficient
experiments on csPCa detection across different network backbones and loss
functions, and additional validation of RSSPL on a brain lesion detection task,
we demonstrate that hard-to-easy scheduling leads to more stable optimisation
under highly polarised distributions of case difficulty. The main contributions of
this paper are:

! .. Input
.

— We propose RSSPL, a novel framework designed to address polarised case

difficulty in csPCa detection. It is model-agnostic and compatible with voxel-
level reweighting, allowing for seamless integration with different architec-
tures and loss functions to address data imbalance across multiple levels.

— We propose an anatomy-aware difficulty estimation method that integrates

anatomical priors into the learning process, offering a novel way to utilise
clinical knowledge for case-level scheduling.

— We demonstrate consistent performance gains and reduced cross-validation

variance in prostate cancer detection, supporting its clinical viability. Addi-
tional brain lesion experiments provide preliminary evidence of cross-organ
transferability to broader tasks characterised by polarised case difficulty.
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Fig. 1. Overview of the reverse symmetric self-paced learning framework for prostate
cancer detection. Case difficulty is estimated in an anatomy-aware manner and used
to schedule training cases via hard-to-easy strategy.

2 Method

2.1 Anatomy-aware Difficulty Estimation

We estimate case difficulty via input gradients, following recent evidence that
this approach provides more informative model feedback than loss-based meth-
ods [12-14] by explicitly taking input features into account [11]. However, in
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prostate MRI, standard gradients calculated over the entire image often contain
noise from large background regions. To obtain a clinically relevant signal, we
constrain the gradient computation to the prostate gland using a binary mask.
Let fg be the network, x the input volume with its label y, and £(-) the training
loss. We define the input gradient as g = V.¢(fp(x),y). Given a binary gland
mask M derived from the anatomical annotations provided in the dataset, the
difficulty score d(z) is computed as:

aa) = Lo © M3 "
M|+ e

where ® is the elementwise product, |M| denotes the number of foreground vox-

els, and ¢ is a small constant for numerical stability. Dividing by |M | ensures that

the difficulty score is normalised by the gland size, preventing larger anatomical

structures from biasing the estimation.

2.2 Reverse Symmetric Self-paced Learning

Symmetric Self-Paced Learning (SSPL) [11] is a specialised Curriculum Learn-
ing (CL) framework that regulates model attention through a dynamic weight-
ing scheme. It ensures a balanced transition by initially assigning larger weights
to easier cases and lower weights to more challenging ones; as training pro-
gresses, the weights of easy cases gradually decrease while those of hard cases
increase. However, this easy-to-hard schema may be sub-optimal for csPCa de-
tection where case difficulty distributions are highly polarised. Building upon
this framework, we propose Reverse Symmetric Self-Paced Learning (RSSPL).
We extend the dynamic weighting scheme by incorporating the clinically-relevant
difficulty estimation introduced in Sec. 2.1, whilst inverting the learning order
to follow a hard-to-easy schema, shifting the model attention from harder cases
towards easier ones as training progresses.

Rank-based Scheduling Framework To rigorously evaluate the impact of
learning orders, we formulate a rank-based dynamic weighting framework. Let
S = {(zi,y:)}}L, be the training set and ¢;(6) the loss for case i. The weighted
objective is:

N
min y wi(t;0) (:(0), )

where w;(t;0) represents the case weight at normalised training progress ¢t €
[0,1], defined as the ratio between the current epoch and the total number of
epochs. As illustrated in the case scheduler module within Fig. 1, We achieve
the attention transition by defining the weight through a linear interpolation
between two moving endpoints:

ri(o) —1

N—1 (wﬁrst (t) — Wiast (t)), (3)

w;(t;0) = wapst (t) —
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where the rank r; (o) is the sorted index of case ¢ based on its difficulty score d(z;)
(Eq. (1)). And the direction parameter ¢ € {+1,—1} determines the sorting
order, with +1 and —1 denoting ascending and descending ranks, respectively.
The moving endpoints, we,st () and wyast (), represent the weights assigned to
the top-ranked (r; = 1) and bottom-ranked (r; = N) cases, respectively. These
endpoints are formulated as:

Wiipst (t) = min + span - (1 —¢), wWast(t) = min + span - ¢. (4)

Here, min and span modulate the weight range, facilitating a symmetric swap
of attention between harder and easier cases as t increases.

The Proposed RSSPL Strategy In our RSSPL, we set ¢ = —1, yielding
a descending rank where the most challenging cases (highest d(z;)) are ranked
first. This ensures that rare but difficult cases have larger initial weights and
prioritised via Eq. 3 at the high-gradient phase during early training (¢ — 0).
As training progresses, the symmetric swap in Eq. 4 gradually shifts the model’s
attention towards easier cases, potentially facilitating overall model convergence.

Relation to SSPL This rank-based formulation allows RSSPL to be directly
compared with SSPL. Specifically, when o = +1, it corresponds to SSPL (easy-
to-hard).

3 Experiments

3.1 Datasets and Evaluation Metrics

The public PI-CAI dataset [3] consists of MRI data from 425 csPCa (ISUP > 2)
and 1,075 non-csPCa cases, providing a combination of radiologist-derived and
Al-generated annotations for both lesions and gland zones. Prostatel58 [15] is
another public dataset containing 158 cases (102 csPCa cases and 56 non-csPCa
cases) with radiologist-provided annotations. Both datasets contain three modal-
ities: T2W, ADC, and high b-value DWI. Evaluation follows the PI-CAI proto-
col [3] using patient-level AUROC, lesion-level AP, and their average (AVG) as
the primary metric. For 5-fold cross-validation, results are summarised as mean
+ 2*standard deviation (SD) across the five folds, consistent with established
evaluation protocols [18-20].

3.2 Implementation Details

To ensure fair and consistent comparisons, all methods were implemented within
the nnUNet framework [16] following its automated self-configuring pipeline for
preprocessing (including data augmentation), optimiser settings, and model se-
lection strategies across all experiments. Model development was conducted on
the public PI-CAT dataset [3] using five-fold cross-validation. To ensure a strictly
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Table 1. Prostate lesion detection results. Performance is reported as point estimates
for Prostatel58 test set. For each backbone-loss configuration, SSPL and RSSPL are
compared against the corresponding EW baseline within the same group.

Group Strategy Validation AVG Test AVG (Prostatel58)

EW 64.15 + 8.02 71.21
UNet-CE ~ SSPL 64.65 + 10.25 72.36
RSSPL 68.28 + 8.50 (14.13%) 71.84 (10.63%)
EW 65.86 + 6.16 70.71
UNet-CEF SSPL 67.09 + 8.77 70.43
RSSPL 67.74 + 6.91 (11.88%) 71.07 (10.36%)
EW 68.66 = 6.56 76.55
MNet-CE  SSPL 69.06 + 7.38 76.11
RSSPL 70.34 + 7.16 (11.68%) 78.72 (12.17%)
EW 69.07 + 4.54 77.24
MNet-CEF SSPL 68.78 + 9.77 78.38
RSSPL 71.07 + 6.76 (12.00%) 79.12 (11.88%)

independent evaluation, Prostatel58 [15] was held out from all training and
validation phases and used only for final testing. Postprocessing (e.g., lesion
candidate retrieval) and evaluation were performed using the publicly available
picai_eval toolkit [3]. Difficulty scores for case scheduling were computed once
per epoch and ranked globally. Each model training was performed on an Tesla
V100 32GB GPU for 500 epoches. For the hyperparameters min and span, we
fixed min = 0 and conducted a search over span € {1,2,4,6}, selecting span =
4 based on validation performance.

3.3 Prostate Cancer Lesion Detection Results

To demonstrate that RSSPL is model-agnostic, we evaluated two backbones: the
default U-Net [4] used in nnUNet and the MNet proposed by Yuan et al [17],
which achieved top-ranking position in the PI-CAI Grand Challenge [3]. To
verify RSSPL’s compatibility with voxel-level reweighting, we evaluated two loss
configurations: standard Cross-Entropy (CE) and a combination of CE and Focal
Loss (CEF), an imbalance-aware loss configuration recommended by PI-CAL

Results in Table 1 shows that SSPL exhibits divergent trends between val-
idation and test sets; for instance, while performance improves on the valida-
tion set for MNet-CE, it simultaneously decreases on the test set. In contrast,
RSSPL provides more consistent gains over the EW baseline across all configura-
tions. Notably, RSSPL’s consistently lower 5-fold cross-validation SD compared
to SSPL underscores its superior stability, ensuring the reliable performance es-
sential for clinical tasks. Moreover, RSSPL yields larger test-set gains on MNet
than on UNet (e.g., ~2% vs. <1% AVG improvement on Prostatel58), suggest-
ing that RSSPL interacts synergistically with advanced model architectures to
enhance generalisation.
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Table 2. Paired bootstrap comparison on Prostatel58. Reported are the mean paired
difference (A), 95% CI, and two-sided p-values; significant results in bold.

Metric A mean (%) 95% CI (%) p
Lesion-level AP 0.35 [-1.50, 2.27] 0.705
Patient-level AUROC 3.05 [0.78, 5.51] 0.012

Paired Bootstrap Evaluation To evaluate the statistical significance of the
gains reported in Table 1, we focus on the best-performing MNet-CEF config-
uration. Specifically, we conducted stratified patient-level bootstrap resampling
(2,000 replicates) on the Prostatel58 test set to compare the effectiveness of
RSSPL against its corresponding EW baseline, preserving the original propor-
tion of csPCa and non-csPCa patients in each replicate. As shown in Table 2,
RSSPL achieves consistent improvements across the two metrics. Notably, at the
patient level, RSSPL achieves a substantial AUROC increase of 3.05% (p < 0.05).
This significant gain aligns with our design motivation, as RSSPL prioritises rare
yet informative cases at the patient level, ensuring they are sufficiently learned
during training.

ADC High b DWI Prediction from EW Prediction from RSSPL

Fig. 2. Qualitative comparison on Prostate158. The baseline model (MNet-CEF-EW)
fails to detect the lesion (green circle) due to ADC-DWI misalignment, while the
RSSPL-trained model (MNet-CEF-RSSPL) detects it.

Qualitative Analysis We qualitatively evaluated the best-performing MNet-
CEF configuration to demonstrate RSSPL’s advantages over the EW baseline. As
shown in Fig. 2, the baseline model is prone to missing lesions in cases with severe
ADC-DWI misalignment. By prioritising challenging cases, RSSPL enhances the
model’s robustness in detection even in the presence of severe challenges.

Difficulty Signals Ablation Study To evaluate the impact of different diffi-
culty estimation methods, we conducted studies using a standard UNet backbone
with CE loss (Table 3). Compared with loss-based or whole-image input gradient
approaches, integrating anatomical priors into the gradient calculation leads to
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superior performance across all metrics. This supports the use of anatomy-aware
signals for more reliable difficulty assessment.

Table 3. Difficulty signals ablation study results. Gradient-A is short for Anatomy-
aware Gradient. Best results are shown in bold.

Difficulty Signal AVG Patient-level AUROC Lesion-level AP
Loss 67.62 + 5.70 82.99 + 4.93 52.24 + 6.99
Gradient 67.87 £ 7.40 82.87 £ 4.17 52.87 £ 11.24
Gradient-A (Ours) 68.28 + 8.50 83.51 + 3.93 53.06 + 13.33

3.4 Brain Lesion Validation Study

To evaluate the potential transferability of RSSPL, we conducted validation on a
polarised brain lesion dataset, which we constructed by combining 120 cases with
lesions from BraTS2023 [21] and 580 healthy cases from IXT [22]. We conducted
the validation using a standard UNet-CE configuration. For simplicity, the whole-
image input gradient was utilised as the difficulty signal for RSSPL in this task.
Results in Table 4 show that while patient-level AUROC is saturated at 100%
for both strategies, RSSPL achieves a notable increase of over 2% in lesion-level
AP. Although this experiment is not intended as a full benchmark comparison,
RSSPL demonstrates a consistent improvement trend over the baseline training
strategy. This provides preliminary evidence that the proposed RSSPL is not
strictly limited to prostate imaging and may possess broader applicability to
other imbalanced medical imaging tasks.

Table 4. Cross-organ validation results on the brain lesion detection task.

Configuration AVG Patient-level AUROC Lesion-level AP

EW 71.61 + 4.28 100.00 £ 0.00 43.22 £ 8.55
RSSPL 72.97 + 4.19 100.00 £+ 0.00 45.93 + 8.38

4 Conclusion

This study revisits the efficacy of curriculum learning in the context of highly
polarised data distributions. Our findings challenge the conventional easy-to-
hard schema, demonstrating that for tasks such as csPCa detection, prioritis-
ing rare yet difficult cases early provides a more stable and effective optimi-
sation approach. As a model-agnostic strategy, RSSPL offers a plug-and-play
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solution that enhances case scheduling without adding architectural complex-
ity. The cross-organ experiments on brain lesions provide preliminary evidence
of RSSPL’s transferability. For prostate imaging, future work could adapt the
anatomical priors to be more tolerant of imperfect gland segmentation. More
generally, formalising the theoretical foundation of hard-to-easy scheduling, ex-
panding cross-organ validation, and evaluating it against a wider range of recent
training strategies and architectures would strengthen its broader applicability.
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