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Abstract. Multi-label classification models are commonly trained by
assuming conditional independence among labels, typically through the
use of binary cross-entropy objectives. While this assumption simpli-
fies optimization, it introduces a structural bias that ignores dependen-
cies among labels and can adversely affect the calibration of predicted
probabilities. In this work, we theoretically analyze the impact of this
assumption and show that neglecting label dependencies leads to a mis-
calibration effect that is linked to the conditional dependency of the
labels. Motivated by this observation, we propose Pairwise Correlation
Difference (PCD), a novel auxiliary loss designed to incorporate label
dependency information during training. PCD aligns the pairwise cor-
relations of model logits with those of the ground-truth labels, thereby
encouraging the network to capture conditional dependencies among la-
bels. We combine PCD with the standard binary cross-entropy loss to
form the Correlated Multi-Label Loss (CMLL), which serves as a objec-
tive for dependency-aware training. We provide theoretical justification
for the functional form of the proposed loss and its connection to the
dependency structure of the label distribution. Extensive experiments
on three benchmark multi-label datasets demonstrate that CMLL con-
sistently produces better-calibrated predictions while maintaining com-
petitive classification accuracy compared to existing multi-label learning
objectives. Additionally, we show that the proposed approach exhibits
robustness to the choice of binning schemes used in calibration evalua-
tion.

Keywords: Calibration - Conditional Dependency - Multi-Label Clas-
sification

1 Introduction

Deep Neural Networks (DNNs) including Convolutional Neural Networks (CNNs)
and Vision Transformers (ViTs) [12] have demonstrated superior capacity in su-
pervised learning tasks in computer vision. However, application of DNNs in
safety-critical tasks requires trustworthy ML models which are not only accu-
rate but also predicts accurate estimate of posterior probabilities i.e., the models
should be well calibrated. For example, a perfectly calibrated weather predic-
tion model would predict an 80% chance of rain on multiple days throughout the
year, and it would actually rain on exactly 80% of those days. The importance
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Fig. 1: Overview of the proposed CMLL loss.

of model calibration has been highlighted in several tasks. In disease diagno-
sis [16}[36], the predicted probabilities (confidence) of a model can be used to
determine whether human intervention is necessary. But this can only be used
safely if the DNN is well calibrated. Application of DNNs in cost-sensitive areas
such as decision making in business , fraud detection |2] etc, involves dif-
ferent costs for different misclassification errors. In these cases, building a model
that predicts accurate class posterior probabilities cannot be compromised in
favour of achieving Bayes optimality. Hence, calibration of DNNs has attracted
substantial attention in several areas of computer vision and machine learning

tasks .

While various calibration methods have been proposed, most of them address
binary or multi-class classification problems rather than MLC problems. How-
ever, in real world situations multiple labels are often associated with a single
instance. For instance, in autonomous driving, a single image is often annotated
with multiple scene instances [5] or in medical images like Chest X-Ray [3] where
multiple disease condition might be associated with the same chest X-ray image.
Thus, multi-label learning has garnered significant attention, with a focus on en-
hancing both accuracy and trustworthiness, particularly due to its applications
in safety-critical domains . Some of the most popular approaches to multi-
label learning include designing novel loss functions and leveraging
auxiliary information . For MLC tasks, DNNs can be trained using
Class Probability Estimate (CPE) losses like BCE, SPA [8], ASY [49], and Focal
Loss to obtain calibrated predicted probability estimates but they operate
under the strict assumption of conditional independence among labels. While
some of these methods are proper scoring rules that enjoy Fisher Consistency
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which guarantees perfectly calibrated models in the limit of infinite data, our ex-
periments reveal that their performance is far from perfect and produces poorly
calibrated results. We contend that this limitation arises because these losses do
not adequately captures the dependency among the labels.

Multi-Label datasets can show complex dependency structure (For example,
the model might be confident about y4 and yp individually but obliviates the
fact that they can never occur together.) among the labels which if not mod-
eled properly may lead to problems in predicting accurate posterior probability
estimates that is used in further downstream tasks like decision making and un-
certainty quantification. While some literatures suggest that the advantages of
exploiting label dependencies are contingent upon the chosen evaluation met-
ric [10,127], a growing body of subsequent research |7}/32,33,50] demonstrates
that assuming label independence often leads to suboptimal predictive perfor-
mance. There are a few methods [11{7,/10,47] that try to model the dependency
among the labels during classification but the question of whether these or simi-
lar losses also encourage to produce calibrated probability estimates is still open.
Besides, statistical properties of these methods are still not well understood. This
motivates us to design a novel auxiliary loss function: Pairwise Correlation Dif-
ference (PCD) loss. The proposed loss function can be used along with BCE
at the time of training to produce well calibrated probability estimates. PCD
exploits the inherent conditional dependency structure during training so that
the model parameters are aware of it. We provide a rigorous theoretical founda-
tion for CMLL, showing that its design is not heuristic but grounded in learning
theory. Our main contributions can be listed as follows:

— We show that the common assumption of conditional independence among
labels in MLC tasks introduce a structural bias in posterior probability es-
timation, leading to poorly calibrated probability predictions.

— We theoretically analyze this phenomenon and establish that the magni-
tude of the induced bias is proportional to the pairwise covariance of the
occurrence of labels.

— To address this issue we propose a trainable DNN calibration method by
introducing a novel auxiliary loss function, PCD, to be used along with
BCE at the time of training. Together we name the objective function as
Correlated Multi-Label Loss (CMLL). CMLL considers the information of
conditional dependency among the labels during training. An overview of
our approach can be found in figure

— Extensive experiments on three standard multi-label vision benchmarks demon-
strate that CMLL consistently improves calibration while maintaining com-
petitive classification performance, outperforming existing train-time cali-
bration methods.
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2 Related Works
2.1 Calibration of DNNs

Several studies in recent years have revealed that modern neural networks are
poorly calibrated i.e. over confident [201/52]. It is important to note that calibra-
tion and classification accuracy are distinct [20]. Accuracy evaluates thresholded
label decisions, whereas calibration evaluates the reliability of predicted proba-
bilities. Various methods have been proposed for calibration including post hoc
methods such as Temperature Scaling [20154], Histogram Binning [58|, Gaussian
Process based methods [55], calibration via splines |22| Dirichlet Calibration |28];
train-time regularization [25//43l46|/53|; Bayesian Methods [39,51]. Unfortunately,
results on these methods are available only for binary and multi-class problems,
not for multi-label classification problems. For calibration in MLC tasks Cheng
et. al [8] and Ridnik et al. [49] has suggested Asymmetric Proper Loss but their
method assumes label independence. Pal et al. [42] has suggested considering
pairwise predicted probabilities in the training process but their loss function is
based on heuristics. Peng et al. [44] has suggested semantic aware regularization
to incorporate the information of dependency in sequential confidence calibra-
tion but their work is not designed to handle MLC tasks. Some prior work has
attempted to incorporate label dependency information into multi-label learn-
ing. In particular, Chen et al. |6] leverage category-specific features to adapt
label smoothing [38] for multi-label classification. However, the proposed DCLR
framework in [6] relies on a two-stage learning procedure and the method is re-
stricted to a limited class of architectures.

2.2 Multi-label classification

MLC is a special case of multidimensional function learning which has long been
studied in machine learning literature [34}60]. Binary Relevance [59] is one of the
most popular approaches to MLC tasks but it fails to capture the dependency
among the labels. Classifier Chains [47] tires to model these dependency struc-
tures explicitly but computationally very demanding. Transforming MLC tasks
into binary or multi-class classification problem such as Binary Relevance [18] or
adaptation based classifiers such as AdaBoost.MH |25] are popular learning algo-
rithms. However, these methods decompose the task by treating labels indepen-
dently, thereby ignoring label dependencies. Methods like CCA [23], DCCA [1]
claims to model the dependency among labels but statistical properties of these
methods are still not widely understood. Moreover, all of their behaviour from a
calibration perspective remains largely unexplored, particularly in deep learning
settings.

3 Preliminaries

Notations: Let D = (X, )) be a multi-label dataset sampled from an underlying
distribution P defined over X x ). An input instance is denoted by x € X', and
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its associated label vector is
y =Y,y ey,

where Y C {—1,+1}¥ and L denotes the total number of labels. We use X and
Y to denote the corresponding random vectors of inputs and labels, respectively.

For mini-batch training, let Xz and Vg denote the B*" batch of inputs and
labels. Each row of Vg corresponds to the ground-truths for a particular label in

batch B. yg) is the It" row of the matrix that denotes the collection of ground-
truth values for the {*" label across the batch.

Let H denote the hypothesis class under consideration. The goal of multi-
label classification (MLC) is to learn a classifier h € H, h : X — R’ In practice,
we parameterize h using a deep neural network (DNN) with parameters 6, de-
noted by hy = (h(gl), .. .,h((,L)) ¢ X = RY, where hél) represents the output
corresponding to the I*" label.

For a given batch B, we define h} = hy(X5) as the matrix of model outputs

over batch B. The I*" row of this matrix is denoted by hf’l. The predicted label
vector for an input is written as = [§(V, ..., 5T,

Given x € X, the goal of calibrated multi-label learning is to predict the
vector of posterior probability p(x) = [p™")(x),...,p") (x)]" accurately

pW(x) =PV =1|x); Vie {1,...L}

where P(:|x) is the true conditional distribution.

To estimate the posterior probability of a label, a multi-label DNN maps
the input to an embedding hg(x) = [hél)(x), cees héL) (x)]T. Then each hy(x) is
mapped to a label probability estimate through sigmoid function. So,

PV (x) = Qo(y" = 1|x) = o(lu(x)) ; VI € {1,..., L}
where Qg(-|x) is the conditional distribution induced by the DNN.

Definition 1 (Conditional Independence [10]). A random wvector of labels
Y = [YD Y] will be conditionally independent given x € X if

HWX=@=ﬁPWWX=ﬂ (1)
=1

By dependency we will consider conditional dependency in our work. The
random vector will be conditionally dependent if the equality in equation [1] does
not hold.
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Definition 2 (Perfect Calibration [8]). We can say that a DNN for MLC
tasks is perfectly calibrated if p(-) = p(*) ;Vx € X.

Definition 3 (Calibration Error). The miss-calibration or Calibration Er-
ror [42,54] of a multi-label DNN hy can be written as
1
plp
]

Estimating Calibration Error: The expectations in Definition [3] cannot be com-
puted analytically since we only have access to a finite number of samples.
Therefore, to estimate the calibration error in a non-parametric manner, we par-
tition the interval [0,1] into M disjoint bins defined as B, = {(Z%, 2] ;m €
{1,...,M}}. Let Oy, be the fraction of true positive instances within bin 5,,,
and let P, denote the average predicted confidence score of the samples assigned
to bin B,,. Using this binning scheme, we define two widely used calibration
metrics: Maximum Calibration Error (MCE) [39] and Average Calibration Error

(ACE) [40], as follows:

CEL —E U ‘E[y|o- o hy(x)] — o 0 hy(x)

M
ACE = % > |Om = Pl
m=1
MCE = max |On — Pl
me{l,....M}
M is the number of non-empty bins.

It can be noted that Definition [2]is stronger, as it aims to recover the full pos-
terior distribution P(Y | X). In contrast, Definition |3| provides an operational
notion of calibration error used for evaluation. Since posterior recovery implies
minimization of calibration error, optimizing toward the stronger conditional-
distribution objective is consistent with improving calibration. In the following
sections, we move in this direction by incorporating information about the con-
ditional dependency structure into the training process.

4 Structural Bias

Perfect calibration is achieved when the predicted conditional distribution coin-
cides with the true conditional distribution. Proper Scoring Rules (PSR) [17] are
known to be minimized by the true conditional distribution thus asymptotically
recovers calibrated marginals under correct model specification [37]. However,
standard PSRs applied in MLC tasks does not consider conditional dependence
among labels.

Below we analyse Kullback—Leibler (KL) divergence between the true joint
conditional distribution and the factorized distribution induced by independence
assumption. We show that this factorization introduces a structural bias when-
ever labels are conditionally dependent. In our context, the term structural refers
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to the functional form imposed on the joint conditional distribution. Under the
conditional independence assumption, the joint distribution is constrained to

factorize as
P(y | x) = HP(y” %)

which enforces a specific structural form of the distribution.

Let Dgr.(-||-) denote the Kullback-Leibler divergence. The expected KL di-
vergence between P and (Qy can be written as

Ry = Ex~p[Drr(P(Y[X)||Qo(Y[X))] (2)

The Kullback-Leibler (KL) divergence quantifies the discrepancy between two
probability distributions. If the KL divergence between the true conditional dis-
tribution and the induced conditional distribution is zero, then the two distri-
butions coincide almost everywhere. In this case, the induced conditional distri-
bution exactly matches the true conditional distribution, which corresponds to
perfectly calibrated probabilistic predictions. For notational simplicity we have
written Y|X instead of Y|X = x.

As the term Qp(y|x) is the distribution induced by the DNN on the as-
sumption of conditional independence, the term can be written as product of
independent marginals i.e.

Qo(ylx) = HQ@ @ x) (3)

Lemma 1. For multi-label classification with L number of labels the KL diver-
gence between true conditional distribution and distribution induced by the DNN
on the assumption of conditional independence can be written as

Drrn(P(Y[X)[|Qo(Y]X))

= Dkr(P yIXIIHP y@x)) +ZDKL WVR)Qo(y %) (4)

Proof. We have

Drr(P(Y|X)[|Qo(Y[X))

_ Oloe LX)
_zy:P(yI )1 & T, 00 (v )
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By adding and subtracting the log product of actual marginals [], P(y¥|x) we
get

Drr(P(Y[X)]|Qo(Y]X))

) Py I, Py )
= 2 POk los Fppr g + 2 Pk los FRa e

)|x
= Dk (P(y|x) ||HP @)x)) +ZP v|x) Zlog 0 y(zlx))

» Ply®|x
= Dk (P Y|X||HP (y"[x)) +ZZ(Z Wy )IX))long((yy(mX))

i= 1y<z> y(
= Drr(P(y)|| [ P('1x)) +ZDKL y1x)[|Qs (¥ x))

The quantity Dxr(P(y[x)||[]; P(y'?|x)) characterizes the structural bias
induced by the assumption of conditional independence. Specifically, it mea-
sures the divergence between the true conditional distribution and its product of
marginals approximation obtained by treating labels as independent. If the labels
are truly independent then P(y|x) = [, P(y¥|x) and D1 (P(y|x)||[T; P(y?|x))
becomes zero, introducing no structural bias.

The second term on the right-hand side of equation [4 corresponds to the
marginal discrepancy, as it decomposes into a sum of Kullback-Leibler diver-
gences between the true and predicted marginal distributions for each label. This
term can be minimized by optimizing a strictly proper scoring rule (e.g., BCE
loss) independently for each label, since strictly proper scoring rules are known
to minimize the KL divergence between the predicted and true marginals [8,37].

5 Correlated Multi-Label Loss
From the previous section, we observed that the quantity

D (P(y[)ll H P(y?x))

corresponds to the degree of conditional dependence among the labels. When
labels are conditionally dependent, this term is strictly positive and quantifies
the structural error incurred under an independence assumption. This implies
that this term contains the information of conditional dependency. However, di-
rectly using the information revealed by this term in the objective function is
not feasible since the true conditional distributions P(y | x) and P(y® | x) are
unknown. Consequently, the functional form of the above KL divergence cannot
be evaluated explicitly. To address this limitation, we seek a tractable approx-
imation of Dy (P(y|x)||T[; P(y‘?|x)) and show that it is proportional to the
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empirical covariance between pairs of labels. The following theorem formalizes
this.

Theorem 1. LetY = [Y(l), ey Y(L)] represent the random vector of labels and
the KL divergence admits a local quadratic expansion. Then it can be shown that

D (P(y[x)]| HP(y(i)IX)) oc Cov (Y™, Y )

m#n;Ym,ne{l,...,L}

Proof is available in the supplementary material.

As we can see from Theorem [I] if we can model the pairwise covariance then we
will be able to capture the dependency structure of the labels. Motivated by this
observation, and to exploit the dependency information captured by the first
term on the right-hand side of Eq. @] we introduce a novel tractable auxiliary
surrogate objective, termed as Pairwise Correlation Difference (PCD) loss. For
clarity and consistency with practical implementation, we define the PCD loss
in batch form as follows.

Lren(B Z Z 7@ ong 6 obg ) — (V) YY) (5)
i=1 j=i+1
7 is the Pearson’s correlation and ¢ : R — [—1, 1] is an increasing function.
Intuitively, if a DNN perfectly captures the conditional dependence struc-
ture among labels, then the pairwise correlation between the predicted logits
of two labels should align with the corresponding pairwise correlation of the
ground-truth labels. Therefore, minimizing the discrepancy between these two
correlations provides an auxiliary objective that encourages the model to learn
conditional dependency during training which in turn helps to produce bet-
ter calibrated results. We thus define the PCD loss as the difference between
the pairwise correlations computed from model logits and those computed from
ground-truth labels, thereby explicitly regularizing the model toward capturing
label interactions.

We use PCD loss in conjunction with BCE loss and we name it as Correlated
Multi-Label Loss (CMLL) which we use as the objective function. The BCE
loss helps the model to learn the marginals and PCD loss helps to learn the
conditional dependency during training. The loss can be written as

Lemrn(B) = Lpcr(B) + Lpep(B)
|B| L
|B| ;; [ )log )+ (1 — yfli))(log(l — pgj)))]
L L

> > ]r(a:ohfwohf’j)—T<yg>,yg>>\] (6)

i=1j=i+1
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where A is a hyper-parameter controlling the relative weight of auxiliary PCD
loss.

We set A = 1 in our experiments. This choice preserves the original scaling
between the primary loss and the PCD term. Also, this selection is theoretically
motivated by equation ] in Lemma 1, where both quantities appear in their orig-
inal proportional form. Setting A = 1 therefore maintains consistency with the
theoretical results and reflects the balance suggested by the theoretical results.

6 Experiments and Results

6.1 Models and Datasets

To evaluate the benefits of the proposed loss function, we conducted experiments
on three publicly available datasets - PASCAL VOC, MSCOCO, and WIDER-
A to test the effectiveness of our models. A brief summary of the datasets is
outlined below:

— PASCAL VOC 2012 [13]: The PASCAL VOC 2012 dataset extends the orig-
inal PASCAL VOC challenge and comprises 5717 training images and 5823
test images annotated across 20 object categories.

— MS-COCO |[31]: The Microsoft Common Objects in Context (MS-COCO)
dataset is a large-scale benchmark in computer vision, containing 82081
training images and 40137 test images. Unlike traditional single-label datasets,
MS COCO reflects real-world scenarios by including images with complex
scenes and multiple objects from 80 object categories.

— WIDER-A [30]: The WIDER Attribute (WIDER-A) dataset is a large-scale
benchmark designed for human attribute recognition. It consists of images
collected from diverse scenarios with significant variations in pose, appear-
ance, illumination, and occlusion. The dataset contains 28345 train images
and 29179 test images. Each person instance in the dataset is annotated
with 14 attributes, covering aspects such as clothing style, accessories, and
physical characteristics.

The proposed loss function is tested on both CNN-based models (ResNet-50 [24])
and transformer-based models (ViT-B/32 [12]). For the multi-label classification
task, the standard softmax prediction head of the models is replaced with a sig-
moid activation function to allow probability estimation for each class.

6.2 Baselines

We use BCE, Focal Loss (FL) [37], ASY [49] and three recently proposed losses
TWL [26], LDACE-CCL [42]|, SPA [8] to compare our result with. Among all
these losses BCE and SPA are proper losses. The parameters are selected as
proposed in their respective original works.
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6.3 Evaluation Metrics

To measure the accuracy in classification tasks we follow [15] and [49] and use
Hamming Loss (HL) and mean Average Precision (mAP). By following Cheng et
al. [8], to measure calibration error of DNNs trained with aforementioned losses,
we employ two metrics based on reliability diagram [9,/41] — Average Calibration
Error (ACE) [40] and Maximum Calibration Error (MCE) [39]. We have taken
the number of bins M = 10 to produce our results.

6.4 Implementation Details

Both the ResNet-50 and the ViT-B/32 models, together with the loss functions,
are implemented in Pytorch and are trained using a single NVIDIA A6000 GPU.
The ResNet-50 model is optimized using Adam optimizer with a learning rate of
le —4 and weight decay of 1le — 5. The ViT B/32 model is trained using AdamW
optimizer, employing the same learning rate of le — 4 and a weight decay of
le — 2. The input image resolution for the models is set to 224 x 224. All the
models are trained for 100 epochs with a batch size of 32. For evaluation, we
select the model corresponding to the best validation loss. For all the experi-
ments, the value of A in CMLL loss (Equation @ is set to 1. The source code,
including data preprocessing scripts, model definitions, and training codes are
given in https://github.com/theimageprocessingguy/CMLL.

Method
Model| Metric oo

LDACE|CMLL
- CCL |(Ours)
H. Loss ||0.0663|0.1142| 0.0687 {0.1239]0.0845| 0.0711 [0.0219
mAP 1 |0.9025/0.8105{0.9273|0.8853|0.9152| 0.9045 | 0.9251
H. Loss ||0.1063]|0.1890| 0.1038 |0.1520|0.1248| 0.0745 | 0.0761
mAP 1 |0.8972(0.8918| 0.9240 |0.8983(0.9158| 0.9274 |0.9368

ACE | ]0.1533|0.3363| 0.1403 |0.2595|0.2807| 0.2514 [0.1265
MCE | ]0.3215(0.4703| 0.2825 |0.3804|0.4287| 0.4002 |0.2189
ACE | ]0.0824]0.2284|0.1197|0.2917|0.3182| 0.3992 |0.0247

MCE | [0.2346|0.3563| 0.2773 [0.3411|0.4867| 0.2132 |0.0761
Table 1: The performance results corresponding to the PASCAL VOC 2012 dataset.

BCE [TWL| FL |ASY | SPA

RN50

Classif.

ViT

RN50

Calib.

ViT

6.5 Results and Discussion

Table summarizes our results. We can see that our proposed loss CMLL
performs better in all three cases in terms of producing calibrated probabilities.
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Model| Metric Method

LDACE|CMLL
- CCL |(Ours)
H. Loss |]0.0324]0.0479|0.0214(0.0271|0.0264| 0.0284 | 0.0241
mAP 1 |0.9385[0.9184| 0.9005 [0.9406|0.9461| 0.9666 |0.9698
H. Loss |]0.0324|0.1156|0.0295|0.0590|0.1159| 0.0306 | 0.0310
mAP 1 (0.9207[0.9253| 0.9147 [0.9417|0.9245| 0.9531 |0.9775

ACE | [0.0654/0.2057| 0.1254 {0.2137|0.1277| 0.1385 |0.0030
MCE | [0.1766(0.4170| 0.2366 |0.3125|0.1907| 0.2347 |0.0052
ACE | [0.0829(0.2573|0.1143 |0.2137|0.1584| 0.1582 |0.0020
MCE | ]0.2426(0.4371| 0.2607 |0.3925|0.2935| 0.2809 |[0.0038
Table 2: The performance results corresponding to the MS-COCO dataset.

BCE [TWL| FL |ASY | SPA

RN50

Classif.

ViT

RN50

Calib.

ViT

Model| Metric Method
LDACE|CMLL
BCE [TWL| FL | ASY | SPA - CCL | (Ours)
< RN50 H. Loss || 0.1979 [0.1753|0.1912|0.2248|0.2129| 0.2044 |0.1741
@ mAP 1 | 0.8198 |0.6334|0.8087|0.8195|0.8049| 0.7839 |0.8248
g ViT H. Loss ||0.1891(0.3312|0.2067|0.1976(0.1910| 0.2026 | 0.1936
mAP 1 | 0.8180 |0.7546(0.7932|0.7935(0.7921| 0.7919 |0.8226
{RN50 ACE | [0.1352(0.2194]0.1235|0.2729|0.2538| 0.2480 |0.1232
é MCE | ]0.3209 [0.3995]0.2492|0.3255|0.3215| 0.3773 | 0.2256
6 ViT ACE | [0.0795 |0.2787]0.2124|0.2301|0.2214| 0.1864 |0.0145
MCE | |0.2783 |0.3768]0.2824|0.2885|0.3215| 0.3051 |0.0233

Table 3: The performance results corresponding to the WIDER-A dataset.

The results of ACE and MCE endorses that. BCE, ASY and SPA performs worse
than CMLL because none of them cannot capture the dependency between the
labels. This result supports our argument that incorporating label interdepen-
dencies is essential for achieving better calibration. FL., TWL and LDACE-CCL
both performs far worse in terms of ACE and MCE, owing to the fact that none
of them are strictly proper. This observation supports our initial claim that
explicitly modeling conditional dependencies during training is crucial for de-
signing loss functions that improve calibration. In terms of HL. and mAP, CMLL
performs well in most of the cases. This implies that CMLL does not affect the
accuracy to produce well calibrated posterior probabilities.

In the tables the best performances are highlighted in bold and the
second best performance is highlighted with underlines. Across all three datasets
and both architectures, CMLL consistently outperforms other loss functions in
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ACE*100 vs Number of Bins for MS-COCO ACE*100 vs Number of Bins for PASCALVOC ACE*100 vs Number of Bins for WIDER-A
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Fig. 2: The first row shows how the Average Calibration Error (ACE) varies with the
number of bins, while the second row shows the variation of the Maximum Calibration
Error (MCE) with respect to the number of bins.

terms of calibration while maintaining competitive accuracy. For the PASCAL-
VOC 2012 dataset, training ViT-B/32 with CMLL yields the lowest ACE and
MCE values of 0.0247 and 0.0761, respectively, representing a significant im-
provement. The HL and mAP also achieves mostly better results. On the MS-
COCO dataset, both Resnet-50 and ViT-B/32 show substantial gains in calibra-
tion when trained with CMLL, without compromising accuracy. Similarly, on
WIDER-A, ViT trained with CMLL demonstrates remarkable improvements in
both calibration and accuracy.

In Tables [I} 2} and [8] we report calibration results using a fixed number of
bins M = 10. Although the quantitative results are presented for this specific
choice, we further demonstrate that the calibration metrics ACE and MCE are
robust with respect to the number of bins. As shown in Figure [2 the values
of both metrics remain relatively stable across different bin settings, thereby
confirming that our findings are not sensitive to the choice of number of bins.

7 Conclusion

In this work, we theoretically show that assuming conditional independence
among labels during training introduces a structural bias in multi-label clas-
sification models, which in turn negatively affects their calibration. To address
this issue, we propose Pairwise Correlation Difference (PCD), a novel auxiliary
loss designed to incorporate information about conditional label dependencies
during training. We combine PCD with the standard binary cross-entropy (BCE)
loss to form the Correlated Multi-Label Loss (CMLL), which enables the model
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to learn dependency-aware representations while optimizing the primary classi-
fication objective.

We provide theoretical justification for the functional form of both PCD and
CMLL, showing how the proposed loss captures second-order dependency in-
formation among labels. Extensive experiments on three multi-label benchmark
datasets demonstrate that CMLL consistently produces better-calibrated pre-
dictions compared to standard training objectives. Furthermore, we show that
the proposed calibration approach is robust to the choice of binning schemes
used for evaluation. Importantly, CMLL achieves competitive classification per-
formance and performs on par with state-of-the-art multi-label loss functions in
terms of accuracy.

In future work, we plan to extend this framework to study the behaviour of
CMLL under covariate shift and out-of-distribution settings, as well as derive
theoretical generalization bounds for the proposed loss function.
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