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[Abstract]

In medical imaging, acquiring large-scale and balanced datasets is challenging due to privacy
constraints and high annotation costs, and acne severity data are typically small-scale and highly
imbalanced, making accurate classification of minority severe grades particularly important. This study
proposes a dual-head self-supervised learning framework tailored for small-scale, imbalanced settings. To
integrate the strengths of global alignment in SimCLR and ranking optimization in AUC-CL, two
projection heads are constructed in parallel on a shared encoder, where InfoNCE loss and hard negative
mining-based AUC ranking loss are respectively applied. Experimental results on ACNE(04 demonstrate
that the proposed method outperforms conventional supervised and existing self-supervised approaches
overall, with notable improvements in Fl-score and significant gains in classification performance for

minority severe grades.
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I. Introduction
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II. Related works

2.1 Self-Supervised Contrastive Learning
A7t (Self-Supervised Learning, SSL)2 o]
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III. The Proposed Method

3.1 Method Framework
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IV. Experiments and Results
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4.2 Confusion Matrix by Acne Severity Grade
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Table 1. Confusion Matrix for SimCLR
Predicted Label
Grade 0 | Grade 1 | Grade 2 | Grade 3
Grade 0 95 16 0 0
True Grade 1 24 84 9 1
Label | Grade 2 0 17 17 4
Grade 3 0 1 2 22
Table 2. Confusion Matrix for AUC-CL
Predicted Label
Grade O | Grade 1 | Grade 2 | Grade 3
Grade O 92 18 1 0
True Grade 1 17 89 12 0
Label | Grade 2 0 6 27 5
Grade 3 0 1 6 18
Table 3. Confusion Matrix for Method
Predicted Label
Grade O | Grade 1 | Grade 2 | Grade 3
Grade O 92 19 0 0
True Grade 1 24 92 9 1
Label | Grade 2 0 10 26 2
Grade 3 0 1 2 22
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Table 4. Classification Performance Comparison

Method Class Precision | Recall | F1-score

Grade 0 0.8 0.86 0.83

Grade 1 0.71 0.71 0.71

. Grade 2 0.61 0.45 0.52

SImCLR Grade 3 0.81 0.88 0.85

Avg (Macro) 0.73 0.72 0.72

Accuracy - - 0.75

Grade 0 0.84 0.83 0.84

Grade 1 0.78 0.75 0.77

Grade 2 0.59 0.71 0.64

AUC-CL Grade 3 0.78 0.72 0.75

Avg (Macro) 0.75 0.75 0.75

Accuracy - - 0.77

Grade O 0.85 0.83 0.84

Grade 1 0.75 0.78 0.77

Proposed Grade 2 0.7 0.68 0.69

P Grade 3 0.88 0.88 0.88

Avg (Macro) 0.8 0.79 0.8

Accuracy - - 0.79
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2 52 B RISt Table 4+ 7} @fiiof ojjst
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4.3 Comparison with Baseline Methods
Aloket =H9] 27 4= B7Is7] sl 7189 tix
% 719t 20l SimCLR 9 AUC-CLZ}o] v]w AldS
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Table 6. Effect of Hyperparameters A and k

(Macro)
F1-score
0.77
0.8
0.76
0.6

A k (Top-k /Ratio)

0.1
0.2
0.5
0.2

5 (10%)
5 (10%)
5 (10%)
10 (20%)

4.4 Ablation Study

Aok 3ol 2 s WekE EA5k] 93l ablation
studyS 485ttt Table 62 Aot k 3 ®g}of| T2
macro-F1 4% ¥ists Boj&t} N=0.2, k=5 (10%) 47X

Table 5. Comparison with Baseline Methods for ACNEO4

Method Accuracy Precision Recall F1-score
Supervised 7454 £ 0.40 0.7241 £ 0.0077 0.7427 £ 0.0220 0.7306 + 0.0083
SimCLR 75.68 £ 1.03 0.7326 + 0.0035 0.7457 = 0.0191 0.7332 + 0.0073
AUC-CL 77.05 £ 0.59 0.7527 = 0.0121 0.7652 + 0.0114 0.7553 + 0.0073
Proposed 79.68 £ 0.71 0.7841 + 0.0144 0.7851 £ 0.0236 0.7920 + 0.0022
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4.5 Applicability
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V. Discussion
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Table 7. Performance Comparison Under 5% and 10% Imbalance Ratios

Ratio Method Accuracy Precision Recall F1-score
Supervised 67.24 £ 3.32 0.6450 + 0.0119 0.7604 = 0.0209 0.6122 = 0.0306

5% SimCLR 74.64 £ 150 0.6599 = 0.0010 0.7888 + 0.0018 0.6478 £+ 0.0041
AUC-CL 75.07 £ 0.89 0.6394 £+ 0.0036 0.7513 = 0.0095 0.6383 + 0.0181
Proposed 76.35 + 0.65 0.6830 + 0.0030 0.8093 + 0.0123 0.6932 + 0.0010
Supervised 80.34 + 1.32 0.6531 + 0.0091 0.7594 = 0.0154 0.6692 = 0.0098

10% SimCLR 84.47 £ 0.25 0.7103 £+ 0.0041 0.8156 = 0.0029 0.7232 = 0.0067
AUC-CL 85.15 + 0.41 0.7293 + 0.0057 0.7822 + 0.0311 0.7336 = 0.0097
Proposed 87.04 + 0.25 0.7170 = 0.0068 0.8241 + 0.0096 0.7426 + 0.0077
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