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Abstract. Medical ordinal classification aims to predict ordered stages
of disease progression. Existing ordinal metric learning methods enforce
globally monotonic embeddings with fixed inter-stage margins to pre-
serve stage ordering, implicitly assuming uniform stage transitions. How-
ever, real-world medical datasets are typically long-tailed, making severe
stages rare yet clinically critical. Applying fixed ordinal constraints leads
such imbalanced data to structural incompatibility: fixed margins cause
boundary compression for sparse severe stage transitions, while data im-
balance biases rank embeddings against rare stages. To address these
issues, we propose the Frequency-aware Multi-Margin Loss (FMML).
FMML introduces Boundary-Level Scaling to adapt inter-stage margins
based on transition sparsity and Anchor-Level Scaling to strengthen su-
pervision for rare stage anchors, effectively preserving ordinal consis-
tency with long-tailed adaptation. Furthermore, since metrics like MAE
fail to capture the systematic directinoal bias, we introduce Long-Tailed
Rank Deviation (LTRD). This metric evaluates ordinal classification
tasks while accounting for both rank errors and data distribution. Ex-
periments on four imbalanced medical grading datasets demonstrate that
the proposed method achieves superior performance. The source code is
publicly available at https://github.com/yinpub/ltrank2026.

Keywords: Data imbalance · Ordinal classification · Contrastive learn-
ing · Distance metric learning · Long-tailed distribution.

1 Introduction

Disease progression is a gradual process, as seen in tumor staging, from early
to late stages [14]. Unlike standard multi-class classification, which treats labels
as independent categories, ordinal classification acknowledges the inherent rank
order of disease stages. This approach is clinically relevant as it reflects progres-
sive pathological shifts inherent in disease maturation. By preserving this latent
ordinal structure, models can better capture biological progression and ensure
predictions consistent with the disease trajectory [9].
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Fig. 1. UMAP visualization of the learned feature embeddings on the GAMMA
dataset. Different colors present different classes. The number of classes 0 far exceeds
that of 1 and 2. The data presents a long-tailed distribution.

To arrange samples according to their ranks in the embedding space, ordinal
metric learning methods typically utilize a margin-based triplet loss with a fixed
threshold between instances [7, 6]. This constraint ensures that samples from
advanced disease stages are separated from healthy samples while remaining
closer to adjacent earlier-stage samples. While this global ranking constraint
works well under balanced conditions, it faces challenges when confronted with
the long-tailed distributions typical of real-world medical datasets. Tail classes
representing rare but critical severe stages lack sufficient sample support [3].
Consequently, as shown in Figure 1(a), their feature representations fail to form
distinct clusters and are easily compressed by the overwhelmingly large head
classes, leading to boundary collapse in the tail region.

Addressing this boundary collapse introduces a fundamental structural con-
flict. Standard long-tailed solutions, such as reweighting or margin expansion,
treat each category independently [17]. They attempt to enlarge the decision
space for rare classes to prevent mis-classification [4]. However, ordinal methods
inherently couple adjacent classes together to maintain the progressive order. If
a long-tailed method independently expands the margin of a specific tail class,
it forces that class into the feature space reserved for its adjacent stages, seen in
Figure 1(b). Therefore, as shown in Figure 1(c), directly combining long-tailed
corrections with ordinal constraints either destroyed the progressive ordering or
fails to overcome the imbalance, preventing accurate grading of severe stages.

To resolve this incompatibility, the inter-class margins need to dynamically
adapt to the data distribution without breaking the global ordinal constraints.
Along this line, we propose Frequency-aware Multi-Margin Loss (FMML). FMML
incorporates two frequency-aware balancing strategies. Boundary-Level Scal-
ing introduces the learnable multi-stage margins, adaptively enlarging inter-
stage separation for sparse and severe disease transitions and thereby preventing
boundary compression by dominant classes. Anchor-Level Scaling strengthens
tail gradients at the embedding level. Unlike conventional imbalanced solutions
applied mainly at the classifier layer, FMML balances head and tail through
ordinal geometry formation, so that long-tailed correction and ordinal metric
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Fig. 2. Overview of the Proposed FMML Framework.

learning become complementary rather than interfering. It facilitates a smoother
boundary formation process, ensuring that tail class structure while simultane-
ously preserving the disease progression ordinal structure, as shown in Fig. 1(d).

Furthermore, traditional metrics such as Accuracy and Mean Absolute Error
(MAE) cannot capture systematic directional bias in imbalanced ordinal set-
tings. For example, in tumor grading, MAE equally penalizes misclassifying a
normal case (head class) as late stage (tail class) and a late stage case as normal.
The latter is clearly more harmful. It is evident that a suitable metric should
account for the fact that rank errors on tail classes are more harmful. We there-
fore introduce Long-Tailed Rank Deviation (LTRD), a frequency-aware metric
explicitly designed to measure class-wise rank deviation.

Our contributions are: (1) We propose FMML, a novel frequency-aware multi-
margin loss that stabilizes ordinal feature geometry for imbalanced medical clas-
sification. (2) We propose LTRD, an ordinal evaluation metric that captures
class-wise directional bias under long-tailed distributions. (3) We demonstrate
consistent performance gains across four diverse imbalanced medical grading
datasets.

2 Method

Given a dataset D = {(xi, yi)}Ni=1, each sample xi is associated with an ordinal
label yi ∈ {0, 1, . . . ,K − 1} with natural ordering 0 ≺ 1 ≺ · · · ≺ K − 1. Let nk

denote the number of samples in class k. Our objective is to learn an embed-
ding function f : X → Rd that preserves progressive ordinal transitions in the
representation space under severe data imbalance.

2.1 Ordinal Metric Learning with Structured Margins

We adopt a margin-based metric learning framework [8, 11] to structure the
embedding space for ordinal classification. Given normalized embeddings zi =
f(xi)/∥f(xi)∥, similarity is defined as sij = z⊤i zj . We consider consecutive class
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boundaries as elementary separation units. Let m̃h > 0 denote the learnable
margin associated with the boundary between rank h and h + 1. These mar-
gins represent local separation constraints for consecutive stages. Metric learning
construct cumulative class positions ck =

∑k−1
h=0 m̃h, which guarantees a strictly

ordered layout c0 < c1 < · · · < cK−1 along a one-dimensional ordinal axis. Under
this construction, the required margin between any two classes becomes the sum
of the margins of all consecutive boundaries between them. Specifically, the or-
dinal margin between samples i and j is defined as Mij = |cyi −cyj |. Thus, if two
samples are separated by multiple intermediate stages, the imposed separation
equals the accumulation of all intervening boundary margins. The margins are
reparameterized by softplus function to ensure that all values remain positive.
This additive structure directly links global pairwise constraints to local con-
secutive boundaries. In this way, ordinal geometry is encoded directly through
boundary-wise constraints that propagate to global pairwise relationships.

An anchor sample is encouraged to be more similar to positive samples than
to negative samples by at least a predefined margin m, typically via a hinge
constraint of the form

Li = max(0, sin +m− sip).

This formulation enforces a fixed separation between classes in the embedding
space. However, a uniform margin is insufficient for ordinal classification settings.
A constant margin ignores the data distribution structure inherent in the label
space. Tail classes participate less frequently during optimization. As a result,
they fail to establish decision boundaries. Simply amplifying the gradients of
tail classes at the decision layer disrupt boundary formation, since this strategy
remains decoupled from metric learning at the embedding level. Motivated by
this observation, we introduce a learnable multi-margin that explicitly facilitates
the formation of decision boundaries. The metric objective then replaces the fixed
margin m with the ordinal margin Mij , yielding the per-anchor loss

Li =
1

|P (i)||N(i)|
∑

p∈P (i)

∑
n∈N(i)

max(0, sin +Min − sip).

2.2 Frequency-Aware Modulation

To stabilize ordinal geometry under long-tailed distribution, we introduce two
complementary mechanisms.

Boundary-Level Scaling (Geometric Stabilization). Even with balanced
update strength, boundaries between rare consecutive stages remain vulnerable
to compression due to limited data support. For boundary h between class h
and h+1, we define boundary density bh = nh+nh+1 and modulate the margin
as m̂h = βhm̃h, where βh = (1/bh)

δ with δ ≥ 0. Sparse boundaries therefore
receive enlarged effective margins. This explicitly enforces stronger geometric
separation between rare adjacent stages, preventing shrinkage of their decision
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regions. While anchor-level scaling adjusts optimization behavior, boundary-level
scaling directly modifies embedding geometry. Together, they address both rep-
resentation drift and boundary compression.

Anchor-Level Scaling (Optimization Stabilization). Minority stages par-
ticipate in fewer positive-negative interactions within each mini-batch, leading to
weaker corrective updates and increased risk of representation drift. We there-
fore scale each anchor’s contribution by α(yi) = (1/nyi

)γ with γ ≥ 0, where
nyi denotes the number of samples in class yi. This scaling increases the effec-
tive update strength for rare stages, counteracting optimization imbalance and
reducing feature collapse. Importantly, anchor scaling regulates optimization dy-
namics without modifying the geometric margin structure.

2.3 Frequency-Aware Multi-Margin Loss

Using frequency-modulated cumulative positions ĉk =
∑k−1

h=0 m̂h, the ordinal
margin between two samples is defined as Mij = |ĉyi

− ĉyj
|. For each anchor i,

with positive set P (i) and negative set N(i) within the mini-batch as

Li = α(yi)
1

|P (i)||N(i)|
∑

p∈P (i)

∑
n∈N(i)

max
(
0, sin +Min − sip

)
.

Minimizing this hinge term enforces sin +Min ≤ sip, ensuring that negative
samples are separated from the anchor by at least the ordinal margin. The overall
objective is Ltotal = LCE+λ 1

B

∑B
i=1 Li. This unified formulation jointly enforces

intra-stage compactness and progressive inter-stage separation.

2.4 Long-Tailed Rank Deviation: A Frequency-Aware Ordinal
Metric

Standard metrics such as accuracy or MAE are insufficient for long-tailed or-
dinal classification. In medical grading tasks, it is critical not only to measure
ordinal deviation magnitude, but also to detect systematic bias under imbal-
ance distribution. To address these limitations, we propose Long-Tailed Rank
Deviation, a novel frequency-aware ordinal metric that explicitly captures class-
wise rank deviation and directional distortion. For each class c with Nc samples,
we define the class-wise rank error as

REc =
1

Nc

∑
i:yi=c

|yi − ŷi|+ λ

∣∣∣∣∣∣ 1

Nc

∑
i:yi=c

(ŷi − yi)

∣∣∣∣∣∣ ,
where the first term measures average ordinal deviation and the second term
penalizes systematic over or under estimation. The recommended range is 0 to
1. We set λ to 0.8 in our experiments. The bias term becomes large when a
minority class is consistently predicted toward dominant neighboring stages. To
prevent head-class dominance, we assign weight wc = 1/

√
pc with pc = Nc/N .



6 H. Yin et al.

The final metric is defined as

LTRD =

∑
c wc REc∑

c wc
.

LTRD effectively evaluates ordinal deviation magnitude under imbalanced data,
providing a more sensitive assessment for clinically critical grading tasks.

3 Experimental Results

3.1 Datasets and Implementation Details

We conduct experiments on four publicly imbalanced medical ordinal grading
datasets: GAMMA [16], BUSI [1], APTOS 2019, and KOA [10]. GAMMA is a
3-class glaucoma grading dataset that includes two imaging modalities: fundus
photography (FP) and optical coherence tomography (OCT). In our experi-
ments, we use only the FP modality. BUSI is a 3-class breast ultrasound dataset
(Normal, Benign, Malignant). APTOS 2019 is a 5-class diabetic retinopathy
grading benchmark based on retinal fundus images, with labels ranging from No
DR to Proliferative DR. KOA is a 5-class knee osteoarthritis grading dataset
based on X-ray images (Grade 0 to Grade 4), representing increasing structural
degeneration of the knee joint. All experimental results are reported using ACC,
MAE, the proposed LTRD, and per-class F1-scores.

We adopt ResNet-50 as the backbone network for all experiments. All input
images are resized to 224 × 224. During training, standard data augmentation
strategies are applied, including random horizontal flipping, slight rotation, and
color perturbation. We use the Adam optimizer with an initial learning rate of
1× 10−4 and a batch size of 8. BUSI and GAMMA are trained for 100 epochs,
while APTOS and KOA are trained for 80 epochs. We set δ = 0.4 and γ = 0.5.
All experiments are conducted on a single NVIDIA RTX 3090 GPU.

Table 1. Performance comparison on BUSI and GAMMA datasets. The best results
are in bold, and the second best are underlined.

Method BUSI GAMMA

Acc↑ MAE↓ LTRD↓ C0 C1 C2 Acc↑ MAE↓ LTRD↓ C0 C1 C2

WCE [5] 0.877 0.174 0.285 0.822 0.903 0.860 0.750 0.280 0.518 0.911 0.500 0.655
BAW [2] 0.877 0.185 0.351 0.806 0.900 0.878 0.770 0.270 0.637 0.933 0.596 0.583
BPaCo [3] 0.872 0.174 0.314 0.822 0.906 0.830 0.770 0.240 0.508 0.941 0.542 0.640
LOS [15] 0.872 0.185 0.347 0.800 0.897 0.868 0.780 0.250 0.561 0.933 0.628 0.591
PCOL [13] 0.862 0.195 0.478 0.781 0.892 0.846 0.700 0.310 0.766 0.922 0.592 0.148
ORL [6] 0.877 0.159 0.283 0.870 0.899 0.835 0.780 0.220 0.480 0.941 0.621 0.600
CLOC [12] 0.867 0.174 0.373 0.818 0.900 0.827 0.770 0.240 0.503 0.925 0.577 0.619

Ours 0.913 0.118 0.205 0.882 0.930 0.897 0.810 0.190 0.460 0.970 0.642 0.652
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3.2 Main Results

The quantitative comparisons are reported in Table 1 and Table 2. As observed,
our method consistently outperforms all existing approaches across four medical
grading benchmarks, achieving the best overall performance in terms of accuracy,
MAE, and LTRD.

Table 2. Performance comparison on APTOS and KOA datasets.

Method APTOS KOA

Acc↑ MAE↓ LTRD↓ C0 C1 C2 C3 C4 Acc↑ MAE↓ LTRD↓

WCE [5] 0.812 0.262 1.019 0.973 0.529 0.707 0.400 0.511 0.675 0.408 0.474
BAW [2] 0.822 0.246 1.037 0.973 0.563 0.743 0.267 0.577 0.653 0.451 0.661
BPaCo [3] 0.839 0.208 0.949 0.975 0.500 0.776 0.313 0.667 0.670 0.409 0.517
LOS [15] 0.847 0.202 0.918 0.988 0.633 0.764 0.375 0.600 0.678 0.406 0.600
PCOL [13] 0.828 0.240 1.139 0.985 0.633 0.781 0.313 0.205 0.596 0.434 0.893
ORL [6] 0.817 0.238 1.230 0.985 0.000 0.730 0.000 0.667 0.681 0.390 0.726
CLOC [12] 0.825 0.221 0.889 0.980 0.571 0.762 0.278 0.539 0.673 0.394 0.516

Ours 0.858 0.191 0.851 0.983 0.667 0.804 0.412 0.588 0.702 0.375 0.491

On the imbalanced subsets, our method achieves the strongest overall class-
wise performance, demonstrating its ability to mitigate minority drift and bound-
ary compression under long-tailed distributions. For head classes, our method
remains on par with or superior to state-of-the-art baselines, indicating that the
gains on tail stages do not compromise dominant class stability. Our approach
not only surpasses competing methods in metrics but also achieves well balanced
performance across all stages, confirming the effectiveness of jointly modeling or-
dinal structure and class frequency in long-tailed medical grading tasks. Some
long-tailed methods improve tail class performance, but this improvement often
comes at the expense of performance on other classes. The tradeoff mainly re-
sults from the fact that these methods disrupt the ordinal structure. This further
highlights the balanced nature of our method.

3.3 Ablation Studies

We conduct ablation experiments on BUSI and GAMMA (Table 3) to eval-
uate the contribution of each frequency-aware component. Starting from the
multi-margin ordinal contrast baseline, introducing anchor-level scaling consis-
tently improves overall accuracy while reducing both MAE and LTRD, indi-
cating enhanced optimization stability under imbalance. Further incorporating
boundary-level scaling leads to additional reductions in ordinal deviation, sug-
gesting improved stage discrimination and more stable inter-stage spacing. The
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Table 3. Ablation study on BUSI and GAMMA.

Method BUSI GAMMA

Acc↑ MAE↓ LTRD↓ Acc↑ MAE↓ LTRD↓

Baseline 0.863 0.188 0.400 0.750 0.250 0.570
w/o Anchor-level Scaling 0.873 0.179 0.392 0.770 0.240 0.552
w/o Boundary-level Scaling 0.908 0.152 0.324 0.780 0.230 0.503
FMML 0.913 0.118 0.205 0.810 0.190 0.460

full FMML model achieves the best performance across all metrics on both
datasets, demonstrating that anchor-level and boundary-level scaling provide
complementary benefits for long-tailed ordinal learning.

3.4 Parameter Sensitivity of Scaling Factors γ and δ

Fig. 3. (a)-(b) Effect of anchor-level scaling. (c)-(d) Effect of boundary-level scaling.

As shown in Fig. 3, both the anchor-level exponent γ and the boundary-level
exponent δ exhibit clear non-monotonic effects on LTRD and MAE. Moderate
values of γ stabilize minority updates and alleviate representation drift, while ap-
propriate δ enlarges sparse inter-stage margins and mitigates boundary compres-
sion. However, excessively large scaling factors lead to over-amplified optimiza-
tion or geometric distortion, disrupting global ordinal consistency and smooth
stage transitions. These results demonstrate that a proper balance between op-
timization stabilization and geometric modulation is essential for maintaining
stable ordinal structure.

4 Conclusion and Future Work

This work identifies a fundamental incompatibility between ordinal learning and
long-tailed corrections, which leads to unstable feature geometry and conse-
quently unreliable grading. To address this, we propose FMML, which adaptively
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adjusts inter-stage margins while preserving global ordinal consistency. By re-
shaping ordinal geometry in a frequency-aware manner, FMML enables reliable
representation learning under severe imbalance. We further introduce LTRD to
quantify rank bias in long-tailed ordinal settings. FMML effectively addresses
ordinal classification problems under long-tailed distributions.
Future Work. Distribution mismatch in long-tailed ordinal classification is an
important yet underexplored problem. This issue is especially critical in med-
ical grading tasks. For example, during outbreaks of emerging diseases, initial
training data may exhibit an extremely long-tailed distribution, dominated by
early stage cases. By the time of deployment, the distribution of severe cases
may have already shifted. In addition, patients labeled as early stage during
training can later progress to severe stages, creating an individual level stage
shift. Such evolving distribution shifts impose additional robustness challenges.
In the next stage, we will focus on addressing distribution mismatch to improve
the robustness of ordinal models in dynamic clinical environments.
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