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Abstract

In ordinal classification, misclassifying neighboring ranks
is common, yet the consequences of these errors are not
the same. For example, misclassifying benign tumor cat-
egories is less consequential, compared to an error at the
pre-cancerous to cancerous threshold, which could pro-
foundly influence treatment choices. Despite this, existing
ordinal classification methods do not account for the vary-
ing importance of these margins, treating all neighboring
classes as equally significant. To address this limitation, we
propose CLOC, a new margin-based contrastive learning
method for ordinal classification that learns an ordered rep-
resentation based on the optimization of multiple margins
with a novel multi-margin n-pair loss (MMNP). CLOC en-
ables flexible decision boundaries across key adjacent cat-
egories, facilitating smooth transitions between classes and
reducing the risk of overfitting to biases present in the train-
ing data. We provide empirical discussion regarding the
properties of MMNP and show experimental results on five
real-world image datasets (Adience, Historical Colour Im-
age Dating, Knee Osteoarthritis, Indian Diabetic Retinopa-
thy Image, and Breast Carcinoma Subtyping) and one syn-
thetic dataset simulating clinical decision bias. Our results
demonstrate that CLOC outperforms existing ordinal clas-
sification methods and show the interpretability and con-
trollability of CLOC in learning meaningful, ordered rep-
resentations that align with clinical and practical needs.

1. Introduction

Ordinal classification, the assignment of data to discrete,
ordered categories, is essential across fields where ranking
impacts key decisions. In healthcare, assessments such as
TNM for cancer staging [22], APACHE for intensive care
[28], and the Glasgow Coma Scale for brain injury [54]
are essential for guiding treatment and predicting outcomes.
This approach is also widely employed in psychology (e.g.,

Code is available at ht tps://github.com/dpitawela/CLOC

Likert scales), education (grading proficiency levels), and
finance (credit scoring), where maintaining ordinal relation-
ships is key to deriving meaningful insights that inform ac-
tionable decisions [24].

Figure | illustrates the impact of various types of classifi-
cation errors in ordinal contexts. Unlike standard classifica-
tion problems, in ordinal classification or ranking problems,
not all label mistakes are equal [8, 13, 58]; misclassifi-
cations with larger rank differences carry more significant
consequences. For example, they often represent greater
discrepancies in disease severity or treatment needs. More-
over, not all adjacent label mistakes are equally signifi-
cant; for instance, an error between two benign tumor cat-
egories may have less impact compared to a misclassifica-
tion at the boundary between pre-cancerous and cancerous
stages, where the shift in diagnosis could significantly alter
treatment and management [2, 52]. Similarly, a misclassi-
fication between minors and adults would have a larger im-
pact than other adjacent ordinal categories [19], as it could
lead to more substantial legal or social implications.

Existing methods have not been designed to address
both of these challenges. Regression attempts to model
ordered categories, but its single continuous output often
loses the ordinal structure and lacks clear boundaries be-
tween ranks [14, 35, 62]. Additionally, its error penalties
are less flexible, as typical regression or models, such as
those minimizing mean squared error, do not inherently ac-
count for the ordinal relationships between classes nor al-
low modification. Ordinal classification methods [8, 40]
are well-suited for tasks involving ordered categories, as
they preserve the ranking structure and focus on maintain-
ing the correct order, rather than merely predicting label
distributions. However, most existing approaches focus on
preserving order and minimizing label overlap in adjacent
ranks, without considering the varying significance of ad-
jacent label errors or examining the impact of margins be-
tween ranked labels.

We propose the new Contrastive Learning for Ordinal
Classification (CLOC) method that is based on an opti-
mization that minimizes the novel Multi-Margin N-Pair
(MMNP) loss. The new MMNP loss is a central contribu-
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Figure 1. An illustration of the impact of classification errors in ordinal contexts. Standard classification treats all errors equally, while or-
dinal classification penalizes larger rank errors more heavily. CLOC further accounts for the varying impact of adjacent errors, particularly
across critical boundaries like benign versus malignant categories or minor vs threshold age of majority. This figure shows samples from
IDRID (cancer grading) [43] and Adience (age estimation) [16] datasets. Longer arrow indicates a greater impact from adjacent errors.

tion of this paper that introduces multiple learnable margins
that allow flexible decision boundaries between adjacent la-
bels, while its cumulative property preserves class ordering.
These multiple learnable margins improve generalization
by preventing overfitting to specific biases or minor vari-
ations in the training data, while also enabling more robust
transitions between classes than previous ordinal classifiers
that rely on fixed, hard decision boundaries. Additionally,
CLOC enables nuanced ordinal classifications, making it
particularly suited for challenging tasks like medical im-
age analysis, where subtle distinctions between some cat-
egories are crucial. Furthermore, these learnable margins
also offer interpretability of the importance between ordinal
categories and provide an option for manual adjustment, al-
lowing flexible control over critical decision boundaries. To
summarize, our key contributions are:

* Novel Contrastive Learning for Ordinal Classification
(CLOC) method that is based on an optimization that
minimizes the novel Multi-Margin N-Pair (MMNP) loss,
which provides learnable margins for flexible decision
boundaries while preserving the ordinal structure.

* A novel method allowing users to control the model
behavior through controlled margins, with experiments
showing its effectiveness and robustness to biases.

* Enhanced interpretability via multi-margin learning, of-
fering a new tool for interpretable Al and insights into
class separability and decision boundaries in ordinal clas-
sification tasks.

We conducted experiments on five real-world image
datasets (Adience, Historical Colour Image Dating, Knee
Osteoarthritis, Indian Diabetic Retinopathy Image, and
Breast Carcinoma Subtyping), as well as a synthetic dataset
designed to simulate clinical decision biases. Our results
show that CLOC outperforms existing ordinal classification

methods. We also show empirical evidence of both CLOC’s
interpretability and controllability in learning meaningful,
ordered representations that align closely with clinical and
practical needs.

2. Related Work

Ordinal Classification: Early ordinal classification ap-
proaches [4, 23] relied on standard classification or regres-
sion, missing ordinal relationships and non-uniform label
separations. More recent models like ORCNN [40] and
RankingCNN [8] use multiple binary classifiers to predict
rank order, while CNNPOR [37] introduced pairwise ordi-
nal constraints to preserve structure. Methods like SORD
[13] and POEs [34] use soft labels and probabilistic embed-
dings, respectively, to better capture ordinal information.
Unlike these, which assume fixed class-pair error distribu-
tions that limit prioritization of critical boundaries, CLOC
enables class-pair-specific distributions and allows direct,
meaningful adjustments over critical decision boundaries.

Order learning approaches such as pairwise comparators
[36] and Deep Repulsive Clustering (DRC) [30] compare
instances directly to infer rank but are sensitive to reference
quality. Moving Window Regression (MWR) [49] refines
ranks iteratively with global and local regressors, though it
also depends on good reference selection.

Vision-language models like Ordinal CLIP [35], Wang et
al. [58], and NumCLIP [14] utilise CLIP for ordinal re-
gression with rank-specific prompts and regularization, but
these large models (190M+ parameters) are data-intensive.
In contrast, our method efficiently captures ordinal rela-
tionships using a smaller model with contrastive learning,
enabling scalable rank learning without heavy reliance on
probabilistic distributions or large architectures.

Representation learning: Representation learning has
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been widely explored in classification, with contrastive
learning becoming a leading approach, particularly in self-
supervised contexts. The supervised variant, SupCon [27],
has shown superior performance over traditional cross-
entropy loss in tasks such as image recognition [27], long-
tailed classification [57], out-of-domain detection [61], and
anomaly detection [29]. While adaptations for ordinal tasks
exist, such as in gaze estimation [59] and medical imaging
[10, 15], these methods often fail to account for the ordinal
nature of classes.

To address this, Xiao et al. [60] proposed using labeled
distances to capture semantic similarities and maintain local
structure. Li et al. [33] introduced rank-proportional dis-
tance scaling, while Suarez et al. [53] aligned embedding
distances with rank differences. The work by [31] encoded
order and metric relations using sample direction and dis-
tance. Further enhancements include Ordinal Log-Loss [6],
which uses distance-aware weighting, and RankSim [21],
which applies regularization for ordinal consistency. Rank-
N-Contrast [62] introduced regression-aware embeddings
to align distances with continuous targets.

In contrast, our method inherently models ordinal rela-
tionships through contrastive learning without relying on
predefined metrics or additional regularization, leading to
more flexible and robust feature representations.

Contrastive learning: CL focuses on maximizing simi-
larity between positive pairs while separating negative ones,
with temperature scaling and margin adjustments being
critical parameters. Wang and Liu [56] shows that tem-
perature tuning helps balance feature alignment and toler-
ance for semantically similar samples, while Shah et al.
[48] introduces SVM-like margins in CL, though extend-
ing this to ordinal tasks is challenging. Rho et al. [45]
explores single-margin adjustments for better generaliza-
tion, but multi-margin strategies remain unexplored. Key
CL frameworks like SimCLR [9] and DINO [5] focus
on unsupervised learning through augmentations and self-
distillation, respectively. SupCon [27] adapts CL for super-
vised tasks by clustering same-class samples, and Rank-N-
Contrast (RNC) [62] introduces a rank-based loss for ordi-
nal representation. Our approach, CLOC, builds on these
advances with a novel multi-margin loss tailored for ordinal
classification, showing superior performance and introduc-
ing better controllability and interpretability over decision
boundaries across diverse datasets.

3. Methodology

Ordinal classification is a special case of multi-class classi-
fication where the labels have a natural ordering or ranking
among them. Let the training dataset be D = {(z;,v:)} Y,
where x; € X is a data sample and y;, € Y =
{r1,7r2,...,7c} is ground truth label from a C-class prob-
lem that follow an ordered rank r; < 7o < ... < r¢
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Figure 2. Set of data samples from different classes/ranks (indi-
cated by colors), with their rank order relative to the anchor z; and
its positive sample 21, where rank 1 < rank 2 < rank 3 < rank 4.
The MMNP loss pulls samples of the same rank closer to the an-
chor while pushing those with larger rank differences farther apart,
resulting in wider margins in the representation space. Addition-
ally, we can control specific margin values (e.g., by applying con-

straints) and use the learned margins to interpret class boundaries.

with C' denoting the number of ranks, and < indicating
the ordering between different ranks. Similar to classifi-
cation, ordinal classification seeks to predict y; € ) from
x;. Data are passed through an encoder ey(-) to gener-
ate feature embeddings, e X —» Z.Z € R? and
followed by a classifier ¢, (-) to get output embeddings,
ey Z2 = ViV e RC. The embeddings are subsequently
converted to § = OneHot(softmax(v)) where v € V,
softmax : R€ — A®~1 and OneHot : A©~! — ), return-
ing a one-hot label representing the class with the largest
prediction. In this context, the terms ‘class’, ‘label’ and
‘rank’ are used interchangeably to refer to the ordinal clas-
sification label.

3.1. Contrastive Learning for Ordinal Classification
(CLOC)

CLOC addresses ordinal classification by learning a rank-
aware representation through contrastive learning with mul-
tiple learnable classification margins. Unlike previous
margin-based learning methods [51], which rely on a fixed,
single margin, CLOC’s multiple learnable margins allow
the model to better capture more nuanced separations be-
tween ranks, offering added flexibility for various applica-
tions. This approach not only provides finer control over
specific margins but also enhances interpretability of the
learned boundaries, addressing limitations in earlier fixed-
margin methods.

Formally, in a C'-class classification setting, we define
C — 1 pairs of consecutive ranks indexing the margins, rep-
resented by the set H = {(r1,72), (12, 73), ..., (rc—1,7¢) }.
The overall optimization of CLOC is based on minimizing
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the following objective function

¢*, 7", m3 =arg min = > lon(y,9) + un(z,y,mn)
oymu N
(z,y)eD
subject to my, > p,Vh € H

ey
where my;, = {mpthen With my € R, 2z = ey(x), § =
cy(2),bor(y, §) = —y " log(§) which is cross-entropy, and
Crrn(z,y) denotes the proposed MMNP loss defined be-
low in Sec. 3.2. Overall, CLOC jointly optimizes ¢,y and
myy to learn a representation for ordinal classification that
allows flexible decision boundaries between adjacent ranks
and preserve the ordinal relationship across ranks.

3.2. Multi Margin N-Pair (MMNP) Loss

As shown in Fig. 2, the MMNP loss, denoted by €57/ (+) in
Eq.(1), follows a contrastive learning setup, where the set
of positive and negative samples for the anchor (z,y) € D,
which produces the embedding z = eg4(x), is defined re-
spectively as S* = {(z;,y;) | (2;,y;) € D,z =
ey(x)), 2 # 2,95 =y} and S~ = {(zk, yx) | (2k,y) €
D,z = eg(xk), Yk # y}. In its simplest form, as an opti-
mization over all pairs jointly, MMNP is given by,

EMJV[(Za Y, mh) =

IS

(25,9;)€EST (21,yk)ES ™

max(0, my ., +¥(z, 21) — ¥(z, 2;))

2)
where 1 (-,-) represents cosine similarity function, and
My .y, = Myyt1 + ... + My, (inverse the index if

yx < y). Thatis, m, .. is the camulative sum of the mar-
gins between the anchor’s rank y and the rank ¥, of a nega-
tive sample. In practice, instead of forming the positive and
negative sets from the whole dataset, we form them within
the mini-batches, as explained in Sec. 3.3.

Properties of the MMNP Loss: The MMNP loss en-
hances contrastive learning by introducing cumulative mul-
tiple margins m,, ,, in the embedding space. Previous con-
trastive loss based methods used for ordinal classification
repels all negative samples in S~ from the anchor z equally,
regardless of rank differences. In contrast, MMNP loss
repels the negative samples from more distant ranks more
strongly than those from closer ranks and thus preserve the
ordinal relationship in the embedding space. More specif-
ically, minimizing the MMNP loss imposes the condition
¥(z, z1) + My, < Y(z, 2;). It means that given two nega-
tive samples (z;,y;) and (2, Yr, ) with ranks y < y; < Yo,
the similarity between the anchor z and z,, is constrained
to be lower than that with z; due to the cumulative margin
My .y, = My, +my . Additionally, the actual margin
value between samples belonging to two consecutive ranked
classes represents the learned distance to robustly separate
samples from those two classes. Hence the learned margins

can be used to interpret the difficulty in separating samples
from consecutively ranked classes. Furthermore, note from
Eq. (1), that it is possible to constrain my to a minimum
value p, which is helpful when one wants to minimize mis-
takes between critical classes. Discussions about controla-
bility and intepretability are in sections 4.4 and 4.5.

3.3. Training

As shown in Figure 3, CLOC employs a 2-phase training
process [47]. In the first phase, the encoder, classifier and
margins are jointly optimized to determine the margins that
best separate classes and allow rank-aware representation,
establishing a structured guide for representation learning.
In the second phase, these margins are frozen, allowing the
model to refine the representation while adhering to the
learned margins. The two-phase training strategy is em-
ployed to prevent the margins from collapsing to a trivial so-
lution during the co-optimization of the representation and
multiple margins, which we discuss below in this section,
with additional details in Appendix B.

Following the batch construction approach in [51], dur-
ing both training phases, every mini-batch has, at least, sam-
ples from two distinct ranks, with a minimum of two sam-
ples taken from each rank. This setup ensures that each
contrast includes at least one anchor, one positive sample,
and two negative samples.

Phase One: Joint Learning of Margins and Representa-
tion

In this phase, we run the optimization in (1) to learn the
margins m;,, parameters of encoder ¢* and classifier v* for
producing the embeddings. This phase seeks to optimize
two objectives simultaneously: creating an ordered repre-
sentation that is well-suited for classification, and learning
margins that best separate ranks. However, this dual objec-
tive introduces a potential risk of margin collapse, where
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Figure 3. Two phase training for CLOC. In the first phase, the en-
coder, classifier and the margins are trained with the multi-margin
contrastive loss and classification loss. In the second phase, the
margins are frozen allowing the training of the encoder and classi-
fier with the losses.
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all margins go to zero. Margins may converge toward zero
to reduce the overall loss in Eq. (1), as setting margins to
zero simplifies the optimization problem where the feature
extractor is no longer incentivized to produce a nuanced
ranked representation, potentially undermining the goal of
learning structured, rank-separated embeddings.

To reduce the rate of margin collapse and enable train-
ing for a large number of epochs, we implement following
“precautionary” measures: 1) the learnable margins are ac-
tivated using the softplus function, that provides a smooth
lower bound and approaches to zero gradually; 2) the mar-
gins are initialized with random values drawn from a uni-
form distribution in the interval [0.5,1.0), ensuring a mod-
erate start avoiding excessively small or large initial mar-
gins; and 3) early stopping is applied to prevent collapse.

Phase Two: Margin-guided Representation Learning

In the second phase, we optimize (1) only with respect to ¢
and  with the learned margins being frozen. This second
phase ensures that the frozen margins that learned in phase
one guide the feature extractor while continuing to improve
the classification accuracy.

The two-phase training allows integrating the precau-
tionary mechanisms to phase one to address margin col-
lapse. In phase two, with margins fixed, the model exclu-
sively focuses on refining the feature representation for bet-
ter convergence to an optimal solution.

4. Experiments

We conducted three experiments evaluating the controlla-
bility, interpretability, and overall performance of CLOC.

4.1. Datasets

The Adience dataset [16] serves as a benchmark for age
prediction from facial images. It contains 26,580 colour
images of 2,284 subjects, with each image categorized into
one of eight age groups. We use the in-plane aligned ver-
sion and five-folds originally released. Each fold contains
an average of 7,372 images, yeilding 7,372 test images and
29,490 training images per run. Per fold image count along
with the average class distribution, is in appendix A.1.

The Historical Colour Image Dating (HID) dataset
[41] is a benchmark for evaluating algorithms that predict
the decade a colour image was captured. The dataset spans
five decades, from the 1930s to the 1970s, and consists of
1,325 images, with 265 images for each decade. Similar to
[20, 41], we run standard five-fold cross-validation by ran-
domly selecting 50 images for testing, with the remaining
215 images for training from each decade. Appendix A.2
visualizes samples from this dataset.

The Knee Osteoarthritis (KOA) dataset [7] aims to as-
sess severity by the Kellgren-Lawrence (KL) grading sys-

tem, where grade O represents a healthy knee and grade 4
indicates severe KOA. The dataset consists of 8,260 X-ray
images, left and right joints combined. We train with 6,604
images and evaluate with 1,656 images. The class distri-
bution of splits is in appendix A.3. The Indian Diabetic
Retinopathy Image Dataset (IDRiD) [43] is designed
to classify retinal fundus images into diabetic retinopathy
grades defined by international clinical Diabetic Retinopa-
thy (DR) scale. This scale identifies 5 grades, from 0 be-
ing no apparent DR to 4 being severe DR. The dataset con-
tains 516 fundus images, split into 413 training images and
103 testing images, where each is assigned one of the 5
DR grades. The appendix A.4 details the class distribution
of splits. The BReAst Carcinoma Subtyping (BRACS)
dataset [3] facilitates classification of breast tumors from
histological images. The grading system identifies 7 differ-
ent subtypes of lesions ranging from grade 0 being normal
to grade 6 being invasive carcinoma. The dataset includes
4,539 regions of interests from 189 patients split into 3,969
training and 570 testing samples. The class distribution of
the dataset is in appendix A.5.

4.2. Experimental Setting

For Adience, the in-plane aligned version of the dataset
is used, following the standard five-fold, subject-exclusive
cross-validation protocol outlined in [16, 32]. The image
size is set to 224x224 pixels, with random horizontal and
vertical flips, affine transformations, and color jittering ap-
plied as data augmentations.

For HID, as described in [20, 41], standard five-fold
cross-validation is performed by randomly selecting 50 im-
ages for testing and using the remaining 215 images for
training from each decade. Training involves a random crop
of 224x224 pixels, along with random horizontal and verti-
cal flips, affine and perspective augmentations, and the Au-
toAugment protocol from [12] with a probability of 0.01.
For testing, a center crop of 224x224 pixels is used.

For KOA, a center crop of the image at 120x200 pix-
els is applied, followed by histogram equalization. During
training, random affine transformations, Gaussian blur, and
perspective augmentations are used.

For both IDRID and BRACS, the image size is set to
224x224 pixels. During training, random horizontal and
vertical flips, rotations, and Gaussian blur are applied. Ad-
ditionally, random color jittering is used for IDRID, while
random perspective augmentations are applied for BRACS.

For all experiments, an ImageNet pre-trained ResNet-50
[26] encoder is utilized, followed by two linear layers as the
classifier. Both training phases use Adam optimizer with a
learning rate of 0.001, with p = 0 (as per eq.1) and trains for
500 epochs. Early stopping is applied in Phase One when
training accuracy reaches 95% and in Phase Two after 10
unimproved epochs. All experiments are performed on an
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Method Accuracyt Mean Absolute Error],
Adiance  HID KOA IDRID BRACS | Adiance  HID KOA IDRID BRACS
Comparison with Ordinal Classification Methods
ORCNN [40] | 0.5670 0.3870 0.4597 0.5833 0.4677 | 0.5400 0.9500 0.8335 0.5972 0.8732
POE [34] 0.6050 0.5468 0.6410 0.5730 0.5160 | 0.4700 0.7600 0.4440 0.6770 0.8280
GOL [31] 0.6250  0.5620 0.6439 0.6311 0.5754 | 0.4300 0.5500 0.4330 0.6890 0.7060
MWR [49] 0.6260 0.5780 0.6380 0.6408 0.5649 | 0.4500 0.5800 0.5800 0.6752 0.8121
RnC " [62] 0.4679  0.5664 0.5886 0.5825 0.4632 | 0.8600 0.7288 0.5396 0.6152 0.8491
Comparison with Contrastive Learning Methods
SimCLR [9] 0.3053 0.3988 0.5286 0.4563  0.3544 1.5303  1.0880 0.6964 1.0679  1.4859
SupCon [27] 0.5774 04812 05955 0.5243 0.5667 | 0.5131 0.8040 0.4896 0.7476  0.7877
DINO [5] 0.4691  0.5004 0.5069 0.5437 0.5263 | 0.8230 0.8564 0.7555 0.7476 1.0719
RnC " [62] 0.4679  0.5664 0.5886 0.5825 0.4632 | 0.8600 0.7288 0.5396 0.6152 0.8491
CLOC (Ours) | 0.6302 0.6208 0.6673 0.7379 0.6035 | 0.4100 0.5534 0.4167 0.4078 0.7054

Table 1. Comparison of test set accuracy and mean absolute error of CLOC with contemporary ordinal classification methods (above) and
contrastive learning methods (below) across five benchmark datasets. ('RnC is both an ordinal classification and a contrastive method.)

CLOC \ Error rate between class boundaries | \ Overall 1.0 i . i )
Margins [ C1-C2 [ C2-C3 [ C3-C4 [ C4-C5 ] C5-C6] C6-C7] C7-C8 | Acct 0s Margin learning without precautions
IDRID o6 Marei
Learned | 0.1282 00270 0.0980 _ 0.0937 07379 ' argins start o go to zero
Controlled ‘ 0.1025  0.0000  0.1176  0.1562 0.6990 04 i
KOA 202 i
Learned ‘ 02220 0.1700 ~ 0.0985  0.0620 0.6673 Soo
Controlled | 0.2480  0.0900  0.1160  0.0620 0.6431 =
HID oo Margin learning with precautions
Learned 0.0300 0.1300 0.1500  0.2500 0.6280 =08
Controlled | 0.0200  0.1700 ~ 0.0800  0.2700 0.5640 06
Bracs 04
Learned 0.1750  0.0931  0.0545 0.0555 0.1950  0.0602 0.6035
Controlled ‘ 02560  0.0740  0.0420  0.0490  0.0850  0.0180 0.4281 02
Adience D-O-—(DNNNLOOO(D(DQOQ&DOO\—MMLnLDCnLnﬁ‘NOONN&DLn
Learned 08410 0.0955 0.1096 0.1899 02991 0.1522 0.2968 | 0.6134 CrRRINEHLIBI2BRRIBFZI5529RER
Controlled | 0.8600  0.1210  0.0640 02382 03247  0.1294  0.1718 | 0.5591 Epochs 7777

Table 2. Comparison of the overall accuracy and error rates for each pair of
adjacent ranked classes between the original CLOC (Learned), where all mar-
gins are learned, and a modified version with fixed margins at critical decision
boundaries (Controlled). Critical decision boundaries are highlighted in table 2.

RTX 4090 GPU.

We quantitatively assess performance by measuring ac-
curacy and mean absolute error (MAE) on samples belong-
ing to the test set of the datasets introduced above.

4.3. Comparison with Related Methods

Our experimental results, summarized in Table |, compare
CLOC against both ordinal classification and contrastive
learning baselines across five datasets. For ordinal classi-
fication, we include ORCNN [40], POE [34], MWR [49],
GOL [31], RnC [62] and for contrastive learning methods,
we cover SimCLR [9], DINO [5], SupCon [27], and RNC
[62]. Each contrastive learning method is evaluated using
a ResNet-50 backbone pre-trained on ImageNet, with the
full model re-trained on each respective training set and as-
sessed on the corresponding test set. The results show that
CLOC outperforms all other methods across every dataset.
In particular, notice that for some datasets, such as HID and
IDRID, CLOC is substantially better than competing meth-
ods, with accuracy 0.6202 (compared to 0.5664 of the sec-
ond best—RnC) on HID and 0.7379 (compared to 0.6408 of

Figure 4. Training phase one with and without mar-
gin collapse “precaution” measures. Notice that training
continues for larger number of epochs without margin
collapse when “precaution” measures are applied.

the second best-MWR) on IDRID.

In addition, we provide an experiment with large num-
ber of classes in Appendix C.1 and a computational time
comparison with related methods in Appendix C.2.

4.4. Controllability and Robustness to Biases

As shown in Figure 1, there can be truly consequential clas-
sification boundaries in a dataset, such as between cancer
and non-cancer classification in a diagnostic medical imag-
ing dataset, or at the age of majority in a face dataset. As
explained in Sec. 3.2, our method allows the use of con-
straints in the learning of such critical margins, which is
empirically demonstrated in this section.

Controlling the learning of critical margins: This experi-
ment examines the effectiveness of manually fixing the mar-
gin to reduce errors between adjacent classes that intersect
a key decision boundary. For the IDRID and KOA datasets,
the key decision boundaries that influence treatment choices
lie between grades 1 and 2 [39, 55]. BRACS has two critical
boundaries to separate benign grade 2 from atypical grade
3, and atypical grade 4 from malignant grade 5. For the Adi-
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Figure 5. UMAP visualizations of learned representations for the IDRID dataset that focuses on cancer grade classification. Notice that
proposed CLOC, effectively captures the inherent ordinal structure of cancer grades and maintains a larger margin at critical decision
boundary, compared to other decision boundaries. Additional visualizations of GOL [31] and POE [34] are in Appendix C.4.

ence dataset, a practical critical decision boundary would be
between age groups 8-13 and 15-20 to separate minors from
threshold age of majority. For completeness, we assume a
hypothetical critical boundary between the era of 50s and
60s in the HID dataset.

During the 2-phase optimization, we fix a larger value
for the aforementioned critical decision margins and only
optimize the remaining margins. The rest of the experiment
settings were identical to Section 4.2.

Table 2 presents a comparison of overall accuracy and in-
dividual error rates between adjacent ranks for the learned
margins approach (where all margins are optimized) and the
controlled margin approach (where margin values are fixed
at the critical decision boundary). Under the controlled mar-
gin condition, we observe a reduction in classification errors
between classes near the critical boundary, albeit at the cost
of lower overall accuracy.

Robustness to Biases: This experiment simulates a sce-
nario of diagnostic bias. Studies in the medical domain
have shown that practitioners have different subjective as-
sessments [ 1, 42] and often lean towards positive diagnoses
in high-stake cases [11, 46], a tendency explained by Error
Management Theory (EMT) [25] and risk aversion. EMT
suggests that when errors have unequal costs, people tend
to err on the side of the less costly mistake; in medicine,
a false negative (missed diagnosis) is typically viewed as
more severe than a false positive. This bias, combined with
doctors’ inherent risk aversion to potentially missing a crit-
ical diagnosis, drives them to favor caution, increasing the
likelihood of positive diagnoses even at the expense of false
positives.

The experiment simulates diagnostic bias in the IDRID
training set at a critical decision boundary between grades
1 and 2 by randomly relabeling 60% of the grade 1 samples
as grade 2 and 30% of the grade 2 samples as grade 1. We

report both the results of using learnable margins, where the
model learns all margins automatically, and the results of a
manually set margin that enforces a fixed, larger margin be-
tween grades 1 and 2. Tab. 3 presents a comparison with
related methods on simulated biased training data. The re-
sults demonstrate that CLOC with a fixed critical decision
margin is significantly more robust to label noise compared
to CLOC with fully learnable margins. Compared to related
methods, CLOC achieves accuracy gains exceeding 7.9%
over the second best—-GOL (Tab. 3).

4.5. Interpretability

The multi-margin property of CLOC offers a novel way
to interpret data by the representation margins between or-
dinal classes. First, users can quantitatively examine the
margins to infer the relative separation between ranks. For
instance, in the IDRID dataset, the margins between con-
secutive grades are 0.35, 0.41, 0.23, and 0.30, where the
largest margin (0.41) highlights the critical decision bound-
ary—indicating the most challenging region for separation.
A similar trend is observed in the Adience dataset, with
margins of 0.11, 0.08, 0.20, 0.12, 0.13, 0.09, and 0.12,
where the largest margin (0.20) occurs between age groups
8-13 and 15-20, again marking a critical boundary.

In addition, we further assess the interpretability of
CLOC by comparing its UMAP [38] visualizations to those
of nominal classification (CE), SupCon, and RnC on the
IDRID dataset. As shown in Fig. 5, CLOC effectively pre-
serves the ordinal structure of the IDRID grades and estab-
lishes a wider margin between grades 1 and 2, the dataset’s
most critical decision boundary. In contrast, RnC maintains
the correct grade order but lacks inter-class separability. CE
and SupCon form distinct clusters but fail to capture the
ordinal relationships, showing the advantage of CLOC in
maintaining order while improving class separation.
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Method ‘ Accuracy? MAE]| Atend of ‘

Accuracy T ‘

Mean Absolute Error |

KOA IDRID BRACS ‘ Adiance  HID KOA IDRID BRACS

Ablation study 1: With C' — 1 margins each set to 1

phase 2 ‘ 0.6306 0.6492 0.6612 0.7184 0.5912 ‘ 0.4000  0.5432 0.4257 0.4272 0.8228

Ablation study 2: With a single learnable value for C' — 1 margins

0.5803  0.5916 0.6413 0.6893  0.5544
0.5939  0.5944 0.6594 0.7184  0.5860

0.5500  0.6436 0.4644 0.5437  0.8649
0.5100  0.6396 0.4457 0.4078 0.7860

Ablation study 3: With C' — 1 learnable values for C' — 1 margins (CLOC)

SimCLR [9] 0.4661 1.0583 Training ‘ Adiance
SupCon [27] 0.4660  0.9029

DINO [5] 03883  1.1262

ORCNN [40] 03786 1.0970

POE [34] 05240  0.7210

GOL [31] 06117 0.6700 phase 1 ‘

MWR [49] 04039 09420 phase 2

RnC [62] 05437  0.8544

CLOC (Learned) | 0.6602

CLOC (Fixed) 0.7087  0.4272 phase 2

0.6302  0.6208 0.6673 0.7379  0.6035

0.4100  0.5534 0.4167 0.4078 0.7054

0.5340 phase 1 ‘0.5852 0.6028 0.6600 0.7282  0.5930 ‘ 0.5500  0.6292 0.4426 0.4078 0.7333

Table 3. Comparison of CLOC (learned
or fixed margin) vs. related methods on
biased training sets at critical boundaries.

4.6. Ablation Studies

We experiment with three variations of CLOC, by manip-
ulating margin parameters in different ways: 1) setting a
fixed value of 1 to all margins, 2) learning a single value for
all C' — 1 margins, and 3) learning every C' — 1 margin. All
experiments follow the same setup described in Sec. 4.2.

Table 4 reports results for these ablation studies. It is
evident that learning all C' — 1 margins results in higher ac-
curacy and lower MAE compared to learning a single value
for all margins. When all margins are set to 1, two out of the
five datasets perform better, with a significant improvement
only in the HID dataset. Overall, the results indicate that
learnable multiple margins improves performance, indicat-
ing that fixed, uniform margins between consecutive classes
may not effectively capture the nuanced differences among
them. This finding highlights the advantage of learnable,
class-specific margins to better model these distinctions.

We also observe that introducing a second training phase
focused on learning representation using margins learned
in phase one consistently improves accuracy compared to
jointly optimising representation and margins.

Figure 4 shows margin learning in Phase One on IDRID
with and without precautions introduced in Sec. 3.3,
demonstrating that with “precautionary” measures, training
can continue for more epochs without margin collapse. Ap-
pendix C.3 shows CLOC’s accuracy increases as the num-
ber of parameters in different base models increases.

5. Discussion

Beyond overall accuracy: our result highlights a crucial
insight: overall accuracy, while commonly used, may not
adequately reflect the true importance of different outcomes
in practical applications. By allowing flexible error pri-
oritization, CLOC proves especially valuable in contexts
where critical decision thresholds influence high-stakes out-
comes, such as in medical applications. This finding opens
a promising research direction focused on developing more
refined metrics for classification, tailored to reflect the vary-
ing weights of errors in real-world contexts where some

Table 4. Ablation study: 1) fixing all margins to one, 2) learning a single value for C' — 1
margins, and 3) learning C' — 1 margins (CLOC).

mistakes carry more serious consequences than others.
Connection between margins and decision boundaries:
The coincidence of the largest learned margins with crit-
ical decision boundaries is intriguing (Section 4.5). One
possible explanation is that the initial decision guidelines
were defined based on distinct visual differences, which
aligned the decisions with the most prominent visual fea-
tures, making it easier to achieve separation in the repre-
sentation space. Additionally, expert annotators may exer-
cise greater caution near key boundaries, leading to more
precise labeling and clearer representations. It is impor-
tant to emphasize that the margin value alone does not of-
fer a definitive explanation, as the confounding factors like
visual distinctiveness and annotator caution are difficult to
disentangle. Instead, much like other interpretable Al meth-
ods [18, 44], the margin value acts as an additional tool
for understanding model behavior, providing valuable in-
sights, particularly in high-stakes applications where deci-
sion boundaries are crucial.

Limitation: CLOC’s performance decreases on datasets
with a large number of classes, potentially due to the com-
plexity of optimizing numerous margins (Appendix C.1).
However, CLOC excels in ordinal classification, especially
in medical applications, which typically feature moderate
class numbers and decision boundaries.

6. Conclusion

We introduced CLOC, a new contrastive learning method
for ordinal classification that learns an ordered representa-
tion based on the optimization of multiple margins with a
novel multi-margin n-pair loss. CLOC learns flexible mar-
gins that adapt to the varying importance of adjacent la-
bel errors while maintaining ordinal relationships. Exper-
iments on five real-world and one synthetic dataset show
that our approach outperforms others. Beyond improved
overall accuracy, CLOC offers enhanced controllability and
interpretability, enabling practitioners to prioritize error re-
duction between specific ranks and set decision boundaries
based on application needs, making it effective for complex
tasks like medical image analysis.
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