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Calibratable Disambiguation Loss for
Multi-Instance Partial-Label Learning
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Abstract—Multi-instance partial-label learning (MIPL) is a weakly supervised framework that extends the principles of multi-instance
learning (MIL) and partial-label learning (PLL) to address the challenges of inexact supervision in both instance and label spaces.
However, existing MIPL approaches often suffer from poor calibration, undermining classifier reliability. In this work, we propose a plug-
and-play calibratable disambiguation loss (CDL) for classification and calibration, which modulates a disambiguation objective by a
top-vs-competitor prediction margin. The competitor is instantiated either as the second strongest candidate label or as the strongest
non-candidate label, yielding two variants that respectively emphasize candidate-level separation and candidate-vs-non-candidate
suppression. Theoretically, we analyze CDL as a margin-modulated momentum-based disambiguation loss (MDL) objective, derive a
lower-bound and a pseudo-label confidence-alignment bound for calibration, and show through gradient and momentum analyses how
margin shaping affects weight updates. Experimental results on benchmark and real-world MIPL datasets, together with representative
PLL adaptation, confirm that our CDL significantly improves both classification accuracy and expected calibration error.

Index Terms—Multi-instance partial-label learning, partial-label learning, disambiguation loss, model calibration.
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1 INTRODUCTION

W EAKLY supervised learning enables the construction
of predictive models with limited supervision. Ac-

cording to [1], weak supervision can be classified into three
types: inexact, inaccurate, and incomplete. Inexact super-
vision arises from a coarse alignment between instances
and labels, a common and challenging issue in real-world
applications. Two prominent frameworks that address inex-
act supervision from different perspectives are multi-instance
learning (MIL) [2], [3], [4] and partial-label learning (PLL) [5],
[6], [7]. MIL addresses inexactness in the instance space,
where the positive instances within a bag are unidentified
[8], [9], while PLL focuses on inexactness in the label space,
where the true label remains hidden within a candidate label
set [10], [11], [12].

Recent advancements have introduced multi-instance
partial-label learning (MIPL) to jointly model these two
sources of inexactness [13]. In MIPL, each training example
is a multi-instance bag associated with a candidate label
set. During training, both the positive instances in the in-
stance space and the true label in the label space remain
unknown. Fig. 1 shows a pathology image classification sce-
nario. Whole-slide or high-resolution pathology images are
often divided into patches for computational feasibility [14],
while candidate labels can be collected from crowd-sourced
annotators to reduce expert annotation cost [15], [16]. Such
data naturally contain inexactness in both instance and label
spaces, making MIPL a suitable formulation.

Existing MIPL approaches can be categorized into two
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Fig. 1: Pathology image classification with crowd-sourced
candidate label sets is a MIPL scenario [16], where true
labels are highlighted in red and false-positive labels in
black. The labels include LYM (lymphocytes), MUS (smooth
muscle), STR (cancer-associated stroma), and TUM (colorec-
tal adenocarcinoma epithelium).

paradigms: the instance-space paradigm and the embedded-
space paradigm. The instance-space paradigm generates
a predicted label for a multi-instance bag by aggregating
the prediction probabilities of its constituent instances
[13]. In contrast, the embedded-space paradigm classifies
multi-instance bags directly by aggregating them into a
single feature vector [16]. The latter paradigm often exhibits
superior classification performance owing to its ability to
capture global feature representations. Label disambigua-
tion is central to MIPL, which involves identifying the true
label from the candidate set and significantly influences
classification performance [16], [17]. However, existing
MIPL objectives are primarily designed for disambiguation.
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They do not explicitly ensure that the predicted confidence
reflects the empirical probability of being correct, which
limits their reliability in decision-sensitive applications.

This limitation is evident in Fig. 2 (a), (b), and (c),
the predicted confidences of DEMIPL [16], ELIMIPL [18],
and MIPLMA [19] tend to cluster around 0.25, leading to
poor expected calibration error (ECE). In pathology image
classification, such unreliable confidence estimates are un-
desirable because confidence scores may guide triage, hu-
man review, diagnosis, and treatment planning. Moreover,
calibration losses designed for fully supervised data assume
known true labels. Naively adapting focal-type losses to
MIPL can interfere with pseudo-label evolution and lead
to under-confident or over-confident predictions. Therefore,
MIPL requires a training objective that improves calibration
without weakening label disambiguation.

To this end, we propose a plug-and-play Calibratable
Disambiguation Loss (CDL). CDL modulates a momentum-
based disambiguation objective by a top-vs-competitor mar-
gin, where the competitor is instantiated either as the
second-highest candidate-label probability or as the highest
non-candidate-label probability. The two variants, namely
CDL-CC and CDL-CN, respectively encourage candidate-
level separation and candidate-vs-non-candidate suppres-
sion. Low-margin bags retain strong disambiguation sig-
nals, whereas well-separated bags receive less incentive for
excessive probability sharpening. CDL can be seamlessly
integrated into existing embedded-space MIPL frameworks.
As shown in Fig. 2 (d)–(i), the resulting variants improve
both classification accuracy and ECE.

Our key contributions are as follows: 1) To the best of our
knowledge, this work is the first to identify model calibra-
tion issues in MIPL and show that existing disambiguation-
centered methods can produce poorly calibrated confi-
dence estimates. 2) We propose CDL, a plug-and-play top-
vs-competitor margin-modulated disambiguation loss with
two complementary instantiations. 3) We theoretically ana-
lyze CDL as a margin-modulated MDL objective, establish
its loss-level and calibration-related properties, and explain
its margin-shaping effect through gradient and momentum
analyses. 4) Extensive experiments on benchmark and real-
world MIPL datasets, together with representative PLL
adaptation, demonstrate that CDL consistently improves
both classification accuracy and calibration performance.

2 RELATED WORK

2.1 Multi-Instance Learning
Multi-instance learning (MIL), initially developed for drug
activity prediction [20], has since been applied across di-
verse fields, including text classification [21], [22], [23],
object detection [24], and video anomaly detection [25].
Recent advancements in MIL often incorporate attention
mechanisms to synthesize features from multiple instances
within a bag into a cohesive representation for classification.
For example, Ilse et al. [26] introduced both plain and
gated attention mechanisms, which significantly improved
the performance of binary MIL tasks. An extension of this
paradigm, the loss-based attention mechanism [27] effec-
tively addresses multi-class classification challenges. The
success of attention-based MIL approaches has led to their
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Fig. 2: Reliability diagrams of (a) DEMIPL [16], (b) ELIMIPL
[18], (c) MIPLMA [19], (d) DAMCC, (e) SAMCC, (f) MAMCC,
(g) DAMCN, (h) SAMCN, and (i) MAMCN on the C-KMeans
test set. The diagrams display mean accuracy (ACC) and
expected calibration error (ECE) from ten runs, with (d)-(i)
representing our methods. The bar color intensity reflects
the number of samples assigned to the corresponding confi-
dence intervals.

widespread adoption in applications such as pathology
image classification [28], [29] and time series classification
[30]. These approaches utilize a weighted aggregation of
attention scores and instances to generate a comprehensive
bag-level feature.

Despite the significant advancements, existing MIL ap-
proaches remain ineffective for MIPL scenarios because they
cannot directly handle ambiguous candidate label sets [13].

2.2 Partial-Label Learning

Partial-label learning (PLL) has diverse applications across
numerous real-world domains, such as face naming [31],
[32], [33], object classification [34], [35], bioinformatics [36],
and facial age estimation [37], [38]. Recent developments
have led to the emergence of several deep learning-based
PLL methods. For example, Lv et al. [17] utilized linear
classifiers and multi-layer perceptrons to generate feature
representations from instances, employing progressive dis-
ambiguation techniques to identify the true labels. Building
on this foundation, Feng et al. [39] explored the process
of generating PLL data and introduced two theoretically
robust algorithms for PLL. Similarly, Wen et al. [40] pro-
posed a weighted loss function for disambiguation that pro-
vides a versatile approach applicable to various algorithms.
Furthermore, Xu et al. [41] applied progressive purification
of candidate labels to train classifiers within the instance-
dependent PLL framework. Recently, Wang et al. [42] estab-
lished the first PLL benchmark and introduced theoretically
justified model selection criteria for PLL.
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However, the inherent limitations of these PLL ap-
proaches in handling inexact supervision in the instance
space impede their effectiveness in MIPL scenarios [13].

2.3 Multi-Instance Partial-Label Learning
MIPL extends MIL and PLL to handle dual inexact super-
vision, where both instances within a bag and labels in the
candidate set are ambiguous. Tang et al. [13] first formalized
MIPL and proposed MIPLGP, an instance-space method
that assigns pseudo-negative classes, propagates bag-level
candidate labels to instances, and performs Dirichlet-based
disambiguation with Gaussian process regression. By trans-
forming discrete candidate labels into continuous ones,
MIPLGP enables uncertainty-aware label disambiguation.
However, its bag-level prediction relies on the maximum
instance-level response, limiting its ability to learn global
bag representations. To address this limitation, DEMIPL
[16] adopts an embedded-space paradigm, where bags are
encoded by attention-based aggregation and true labels are
identified through a momentum strategy. Although DEMIPL
captures global bag information, it insufficiently constrains
the full label space and may assign high probabilities to non-
candidate labels. ELIMIPL [18] and MIPLMA [19] mitigate
this issue by explicitly suppressing non-candidate labels,
yielding improved performance over earlier MIPL methods.
However, these approaches remain primarily discriminative
and do not characterize the data-generation mechanism.
PROMIPL [43] addresses this issue with a probabilistic gen-
erative model that infers latent ground-truth labels from the
assumed generation process, but its reliance on a specific
bag prior may restrict cross-dataset generalization. More
recently, FASTMIPL [44] introduced a mixed-effects formu-
lation to model instance-bag dependencies with improved
efficiency, while its generalized linear structure may limit
expressivity on complex data. Wang et al. [45] further ex-
plored MIPL through latent structural learning and neuro-
symbolic integration, extending its application scope but
relying on relatively strong assumptions.

Despite these advances, existing MIPL studies mainly
emphasize label disambiguation, whereas model calibration
remains insufficiently explored.

2.4 Model Calibration
Model calibration is crucial for ensuring that predicted
probabilities accurately reflect true likelihoods of the re-
spective classes [46]. Calibration methods can be broadly
categorized into training-time and post-hoc approaches.
Training-time calibration technologies incorporate regular-
ization techniques during training to address overconfi-
dence in deep neural networks. For example, label smooth-
ing is a prominent technique that reduces overfitting and
enhances calibration by mitigating excessively confident
predictions [47], [48]. Implicit regularization methods, such
as mixup training and focal loss, originally designed to
improve generalization, have also proven effective for cal-
ibration [48], [49], [50], [51], [52]. The post-hoc calibration
methods adjust model outputs after training to better align
predicted probabilities with true likelihoods. Platt scaling
refines binary classifier outputs using learned parameters
[53], [54], whereas temperature scaling, an extension of Platt
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Fig. 3: Reliability diagrams of SAM [18] with FL or IFL on the
FMNIST-MIPL dataset with one false positive label (r = 1).

scaling, rescales logits in multi-class tasks using a learned
temperature parameter [46].

While the above calibration techniques provide substan-
tial benefits for supervised learning tasks, using them in
MIPL is challenging due to the absence of true labels.

3 PRELIMINARIES

3.1 Notations

We formalize a MIPL training dataset as D = {(Xi,Si) |
1 ≤ i ≤ m}, where D consists of m multi-instance bags,
each associated with a corresponding candidate label set.
The instance space is represented by X = Rd, and the label
space is denoted as Y = {1, 2, . . . , k}, which includes k
distinct class labels. Specifically, the i-th multi-instance bag
Xi = {xi,1,xi,2, . . . ,xi,ni

} contains ni instances within a
d-dimensional space. The candidate label set Si and the
non-candidate label set S̄i are subsets of Y , satisfying the
constraints Si ∪ S̄i = Y and Si ∩ S̄i = ∅.

Notably, each bag contains at least one instance associ-
ated with the true label, referred to as a positive instance. In
contrast, negative instances may correspond to background
or irrelevant content, but they should not be associated
with any false-positive labels in the candidate label set.
For example, in pathology image classification [16], positive
instances represent specific cell types, such as lymphocytes
or colorectal adenocarcinoma epithelium, whereas negative
instances include background regions or non-cellular areas.

3.2 Calibration

A well-calibrated model ensures that the confidence scores
of the predictions reflect the true probabilities of correctness
[46], [52], [55], [56], which can be formally expressed as:

P(ŷ = y | p̂ = p) = p, ∀p ∈ [0, 1], (1)

where ŷ and p̂ denote the predicted label and confidence
score, respectively, while y represents the true label. The
confidence score p is the model’s estimated probability that
the prediction ŷ is correct.

The expected calibration error (ECE) quantifies calibra-
tion quality from finite samples by partitioning the pre-
dicted confidences into R bins {Br}Rr=1 and computing:

ECE =
R∑

r=1

|Br|
m

|Ar − Pr| , (2)

where Ar = 1
|Br|

∑
i∈Br

I(ŷi = yi) and Pr = 1
|Br|

∑
i∈Br

p̂i
represent the accuracy and average confidence in bin r,
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Fig. 4: Framework of MIPL approaches within the embedded-space paradigm.

respectively. This metric assesses how well-predicted con-
fidences align with actual correctness, typically employing
R = 15 bins. A model is well-calibrated if its predicted
confidences closely reflect empirical accuracies. Fig. 3 (a)
illustrates perfect calibration using generated data, where, in
each bin, predicted confidences precisely match accuracies,
resulting in perfect calibration, i.e., ECE = 0.

Focal loss (FL) [57] was introduced to mitigate class
imbalance in object detection by reducing the loss weight
for predicted samples with high confidence. Mukhoti et al.
[51] demonstrated that replacing cross-entropy loss with FL
enhances model calibration. Moreover, Wang et al. [48] pro-
posed inverse focal loss (IFL), which improves calibration
performance further. The formulations of FL and IFL are:

LFL = −(1− p̂i,yi
)γ log p̂i,yi

, (3)

LIFL = −(1 + p̂i,yi
)γ log p̂i,yi

, (4)

where yi denotes the true label of the i-th sample.
In standard supervised learning, focal losses signifi-

cantly improve calibration. However, applying FL and IFL
in MIPL is challenging due to the absence of true labels, as
illustrated in Fig. 3 (b) and (c).

3.3 The Pitfalls of Naive Focal Losses in MIPL

One naive approach for extending the focal losses to MIPL
is to select the candidate label with the highest predicted
probability as a surrogate of the true label. However, this
naive implementation does not create well-calibrated mod-
els and also significantly reduces the classification accuracy
in MIPL. To compensate for this, we propose to employ
all candidate labels with different weights. Specifically, we
utilize the Scaled additive Attention Mechanism (SAM) in
ELIMIPL [18] to derive the holistic features of multi-instance
bags, coupled with FL or IFL as the loss function. Since
FL and IFL were originally designed for fully supervised
settings, we refine FL and IFL for MIPL as follows:

LMIPL
FL = −

∑
c∈Si

w
(t)
i,c (1− p̂

(t)
i,c)

γ log(p̂
(t)
i,c), (5)

LMIPL
IFL = −

∑
c∈Si

w
(t)
i,c (1 + p̂

(t)
i,c)

γ log(p̂
(t)
i,c), (6)

where Si is the candidate label set of the i-th multi-instance
bag and p̂i,c is the predicted probabilities of the c-th label.
w

(t)
i,c denotes the weights of the c-th class at the t-th epoch.

Experimental results in Fig. 3 reveal that the average
classification accuracy using FL and IFL for calibration is
lower compared to that of ELIMIPL (90.27%). Specifically,
FL suffers from under-confidence, where classification ac-
curacy significantly exceeds predicted confidence, while IFL
exhibits over-confidence, where predicted confidence signif-
icantly surpasses classification accuracy. The results indicate
that while FL and IFL can be adapted for MIPL, their ef-
fectiveness is constrained, resulting in reduced classification
accuracy and notable under-confidence and over-confidence
issues. Thus, despite their strong performance in standard
supervised learning, applying FL and IFL in MIPL requires
further refinement and optimization.

4 THE PROPOSED APPROACH

The framework of the MIPL approaches based on the
embedded-space paradigm is detailed in Fig. 4. First, a fea-
ture extractor Ψ(·) generates instance-level feature represen-
tations Hi from the i-th multi-instance bag Xi. Second, an
aggregation mechanism combines Hi into a unified feature
vector zi. Subsequently, a classifier estimates the probability
distribution p̂i for each multi-instance bag. Unlike the exist-
ing MIPL methods that focus solely on disambiguation, our
approach integrates an additional emphasis on model cali-
bration, thereby providing a more comprehensive solution.

4.1 Aggregation Mechanisms in MIPL
In MIPL, aggregation mechanisms play a crucial role in
integrating information from multi-instance bags. Given
a multi-instance bag Xi = {xi,1,xi,2, . . . ,xi,ni

}, its
instance-level feature representations Hi = Ψ(Xi) =
{hi,1,hi,2, . . . ,hi,ni

} are learned via a feature extractor
Ψ(·). The significance of the j-th instance within the i-th
multi-instance bag is modeled as follows:

ξ(hi,j) = W⊤(tanh(W⊤
t hi,j)⊙ sigm(W⊤

s hi,j)), (7)

where W⊤, W⊤
t , and W⊤

s are learnable weight matrices,
including bias terms. Here, tanh(·) and sigm(·) denote the
hyperbolic tangent and sigmoid functions, respectively, and
⊙ represents element-wise multiplication.
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The central aspect of aggregation mechanisms is the
computation of attention scores. Existing aggregation mech-
anisms in MIPL can be categorized into three types: Dis-
ambiguation Attention Mechanism (DAM) in DEMIPL [16],
Scaled additive Attention Mechanism (SAM) in ELIMIPL
[18], and Margin-aware Attention Mechanism (MAM) in MI-
PLMA [19] and PROMIPL [43]. While all three mechanisms
employ attention mechanisms for aggregation, they differ in
how attention scores are computed.

1) DAM determines the attention scores by applying a
nonlinear transformation to ξ(hi,j):

ai,j =
1/{1 + exp{−ξ(hi,j)}}∑ni

j′=1 1/{1 + exp{−ξ(hi,j′)}}
. (8)

2) SAM refines attention scores by exponentiating
ξ(hi,j) and introducing a scaling factor l:

ai,j =
exp{ξ(hi,j)/

√
l}∑ni

j′=1 exp{ξ(hi,j′)/
√
l}
. (9)

3) MAM dynamically adjusts attention scores during
training by varying the temperature parameter τ (t):

ăi,j =
exp{ξ(hi,j)/τ

(t)}∑ni

j′=1 exp{ξ(hi,j′)/τ (t)}
. (10)

At the first epoch, the temperature parameter is
initialized as a predefined constant and is annealed
at the t-th epoch according to:

τ (t) = max{τm, τ (t−1) ∗ 0.95}, (11)

where τm denotes the minimum temperature pa-
rameter, and τ (0) is the predefined initial value.
To stabilize training, a normalization operation is
applied to the attention scores ăi,j :

ai,j =
ăi,j − āi√∑ni

j′=1(ăi,j′ − āi)2/(ni − 1)
, (12)

where āi = 1
ni

∑ni

j′=1 ăi,j′ represents the mean at-
tention score for the i-th multi-instance bag.

After computing attention scores using one of the three
mechanisms, the bag-level feature zi is obtained as a
weighted sum of the scores and instance-level features:

zi =
ni∑
j=1

ai,jhi,j . (13)

In summary, all three MIPL attention mechanisms have
the same workflow but differ in their computation of the
attention scores.

4.2 Calibratable Disambiguation Loss
As illustrated in Fig. 3, applying FL and IFL to MIPL can
lead to under-confidence and over-confidence in the pre-
dicted probabilities. To tackle these problems, we introduce
a novel calibratable disambiguation loss (CDL) specifically
designed to balance prediction probabilities.

Definition 1 (Calibratable Disambiguation Loss). For the i-
th training bag, let Si denote its candidate label set. At epoch

t, we define the current top-ranked candidate label and its corre-
sponding predicted probability as u

(t)
i = argmaxc∈Si

p̂
(t)
i,c and

q
(t)
i = p̂

(t)

i,u
(t)
i

= maxc∈Si
p̂
(t)
i,c .

The Calibratable Disambiguation Loss (CDL) for multi-
instance partial-label learning is defined as:

LCDL = −
∑
c∈Si

w
(t)
i,c (1− q

(t)
i +Φ(p̂

(t)
i ))γ log(p̂

(t)
i,c), (14)

where w
(t)
i,c denotes the pseudo-label weight for the c-th class at

the t-th epoch. γ denotes the exponential factor, and Φ(p̂
(t)
i )

represents the predictive probability of a competitor.

The modulation (1 − q
(t)
i + Φ(p̂i))

γ can be written as
(1 − βi)

γ , where βi = q
(t)
i − Φ(p̂

(t)
i ) is a top-vs-competitor

margin and is computed from the current predictive
distribution. Therefore, Φ(p̂(t)

i ) makes CDL margin-aware:
it couples the loss weight to the separability between the
top candidate and its competitor, rather than to an absolute
confidence value alone. This encourages the model to
increase q

(t)
i while suppressing Φ(p̂

(t)
i ), thereby reshaping

the predictive distribution toward better-separated and
more reliable probabilities.

For non-candidate labels c̄ ∈ S̄i, the pseudo-label weight
w

(t)
i,c̄ is maintained at zero for all epochs t ∈ {1, 2, . . . , T},

where T denotes the total number of training epochs. Con-
versely, for candidate labels c ∈ Si, the weight is initialized
as w

(1)
i,c = 1

|Si| with | · | representing the set cardinality. For
epochs t ∈ {2, 3, . . . , T}, the weight is updated as follows:

w
(t)
i,c = α(t)w

(t−1)
i,c + (1− α(t))

p̂
(t)
i,c∑

c∈Si
p̂
(t)
i,c

, (15)

where the parameter α(t) = T−t
T regulates the update rate.

CDL can be instantiated in various ways by adjusting
the transformation function Φ(p̂

(t)
i ). Specifically, we explore

two distinct implementations: one where Φ(p̂
(t)
i ) is the

second highest predicted probability among the candidate
labels, i.e., Φ(p̂

(t)
i ) = maxc′∈Si\{ui} p̂

(t)
i,c′ , and the corre-

sponding loss function is defined as:

LCDL-CC = −
∑
c∈Si

w
(t)
i,c (1− q

(t)
i + max

c′∈Si\{ui}
p̂
(t)
i,c′)

γ log(p̂
(t)
i,c),

(16)
and another in which Φ(p̂

(t)
i ) is the maximum predicted

probability among non-candidate labels, i.e., Φ(p̂
(t)
i ) =

maxc̄∈S̄i
p̂
(t)
i,c̄ is formulated as follows:

LCDL-CN = −
∑
c∈Si

w
(t)
i,c (1− q

(t)
i +max

c̄∈S̄i

p̂
(t)
i,c̄)

γ log(p̂
(t)
i,c). (17)

The two CDL instantiations adjust the learning
dynamics through the top-vs-competitor margin βi. When
the prediction is ambiguous and the top candidate is not
well separated from its competitor, βi is small and the
modulation (1−βi)

γ stays close to one. In this case, the loss
is not down-weighted and the model keeps a strong disam-
biguation signal, which helps alleviate under-confidence by
continuing to sharpen the distribution only after sufficient
evidence is accumulated. When the prediction becomes
well separated, βi is large and (1 − βi)

γ decreases, which
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Algorithm 1 Pseudo-Code of CDL

Inputs:
D: MIPL training set {(Xi,Si) | 1 ≤ i ≤ m}, where
Xi = {xi,1,xi,2, . . . ,xi,ni}, xi,j ∈ X , X = Rd, Si ⊂ Y ,
and Y = {1, 2, . . . , k}
T : Total number of training epochs
X∗: Unseen multi-instance bag with n∗ instances
Outputs:
Y ∗: Predicted label for X∗ = {xi,1,xi,2, . . . ,xi,n∗}
Process:

1: Initialize the weights w(1)
i,c = 1

|Si| for the candidate labels

2: for t = 1 to T do
3: Shuffle the training set D into B mini-batches
4: for b = 1 to B do
5: Learn instance-level features using Ψ(·)
6: Compute attention scores based on Eq. (8) for DAM,

Eq. (9) for SAM, or Eqs. (10, 11, 12) for MAM
7: Aggregate instance-level features into bag-level fea-

tures according to Eq. (13)
8: Classify the multi-instance bag and obtain pre-

dicted probabilities
9: Update the weights w(t)

i,c using Eq. (15)
10: Compute the calibratable disambiguation loss ac-

cording to Eq. (16) or Eq. (17)
11: Update model parameters with the SGD optimizer
12: end for
13: end for
14: Learn instance-level features of the unknown multi-

instance bag X∗ in the test set
15: Compute attention scores and aggregate instance-level

features into a single vector z∗
16: Return Y∗ = argmax

c∈Y
p̂∗,c

reduces the incentive to further increase already confident
probabilities and limits excessive sharpening, thereby
mitigating over-confidence. Moreover, CDL is plug-and-
play, enabling seamless integration with existing MIPL
approaches. We propose a systematic integration of the
two CDL instantiations with three established attention
mechanisms: Disambiguation Attention Mechanism (DAM)
[16], Scaled additive Attention Mechanism (SAM) [18],
and Margin-aware Attention Mechanism (MAM) [19]. This
integration yields six variants, i.e., DAMCC, DAMCN,
SAMCC, SAMCN, MAMCC, and MAMCN.

4.3 Pseudo-Code of Calibratable Disambiguation Loss

Based on the provided dataset and parameters, Algorithm
1 presents the pseudo-code of our CDL. Initially, the al-
gorithm uniformly initializes the weights of the candidate
label set (Step 1). During each epoch, the training data is
partitioned into multiple mini-batches (Step 3). The models
then extract instance-level features and compute attention
scores (Steps 5-6). These features are aggregated into bag-
level representations for each mini-batch (Step 7). Subse-
quently, the model classifies each multi-instance bag and
updates the weights of the candidate label set (Steps 8-9).

Finally, the calibratable disambiguation loss is computed,
and the model parameters are updated (Steps 10-11).

For unseen multi-instance bags, the process starts with
extracting instance-level features using Ψ(·) (Step 14). Next,
these features are aggregated into a bag-level representation
using the attention mechanism DAM, SAM, or MAM (Step
15). Finally, the predicted label is obtained by selecting the
category with the highest prediction probability (Step 16).

5 THEORETICAL ANALYSIS

This section theoretically analyzes the proposed calibrat-
able disambiguation loss (CDL). The analysis is organized
around three complementary questions. First, from the loss
perspective, we rewrite CDL as a margin-modulated version
of the momentum-based disambiguation loss (MDL) and
show that CDL preserves an MDL-like fitting signal on
ambiguous low-margin bags. Second, from the calibration
perspective, we relate population top-label calibration to
pseudo-label confidence alignment and then show that the
CDL risk controls this alignment under a non-degenerate
modulation condition. Third, from the optimization per-
spective, we show that CDL is not merely a fixed reweight-
ing of MDL: its gradient contains an additional margin-
shaping term, whose logit-level effect is to increase the
active top-vs-competitor margin, and whose influence is
carried into later pseudo-label weights through the momen-
tum update. For notational simplicity, we omit the training-
epoch superscript and the explicit dependence on model
parameters unless needed.

5.1 Notation and Margin-Modulated Form of CDL
Let (Xi,Si) denote the i-th MIPL example, where Xi is
a multi-instance bag and Si ⊆ Y = {1, 2, . . . , k} is its
candidate label set. Let Yi ∈ Y be the latent ground-truth
label. The bag-level predictive distribution, latent posterior,
and pseudo-label weight vector are denoted by

p̂i =
(
p̂i,1, p̂i,2, . . . , p̂i,k

)
∈ ∆k−1,

ηi =
(
ηi,1, ηi,2, . . . , ηi,k

)
∈ ∆k−1,

wi =
(
wi,1, wi,2, . . . , wi,k

)
∈ ∆k−1,

(18)

where

ηi,c = P(Yi = c | Xi,Si), ηi,c = wi,c = 0 for all c /∈ Si.
(19)

For each bag, define the top candidate label and its
probability as follows:

ui = argmax
c∈Si

p̂i,c, qi = p̂i,ui
= max

c∈Si

p̂i,c. (20)

For CDL-CC, the competitor is the second strongest
candidate label, i.e., ϕi,CC = maxc′∈Si\{ui} p̂i,c′ . For CDL-
CN, the competitor is the strongest non-candidate label,
i.e., ϕi,CN = maxc̄∈S̄i

p̂i,c̄. For either CDL instantiation,
write ϕi = Φ(p̂i), and define the top-vs-competitor margin
and the CDL modulation factor by

βi = qi − ϕi, λi =
(
1− βi

)γ
. (21)

The per-bag MDL objective induced by the current
pseudo-label weights is

ℓMDL
i = −

∑
c∈Si

wi,c log p̂i,c. (22)
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With the notation in Eq. (21), the per-bag CDL objective can
be written as a margin-modulated MDL objective:

ℓCDL
i = λiℓ

MDL
i =

(
1− βi

)γ −
∑
c∈Si

wi,c log p̂i,c

 . (23)

Because wi is supported on Si, the MDL objective admits
the following KL-entropy decomposition:

ℓMDL
i = KL(wi∥p̂i) +H(wi) ,

H(wi) = −
∑
c∈Si

wi,c logwi,c. (24)

For a training set of m bags, define the empirical MDL and
CDL objectives by

LMDL =
1

m

m∑
i=1

ℓMDL
i , LCDL =

1

m

m∑
i=1

ℓCDL
i . (25)

5.2 Linear Lower Bound of CDL

The first result formalizes the loss-level connection between
CDL and MDL. It shows that the modulation does not
remove the MDL fitting signal on low-margin bags, which is
important for preserving disambiguation while allowing the
modulation to down-weight already separated predictions.

Theorem 1 (Linear lower bound of CDL). Let γ ≥ 1. For
the i-th training bag, assume that p̂i ∈ ∆k−1, p̂i,c > 0 for all
c ∈ Y , and wi ∈ ∆k−1 with wi,c = 0 for all c /∈ Si. Let
ui = argmaxc∈Si

p̂i,c, qi = p̂i,ui
= maxc∈Si

p̂i,c. Let

ℓMDL
i = −

∑
c∈Si

wi,c log p̂i,c, ℓCDL
i = λiℓ

MDL
i . (26)

Then, for each training bag,

ℓCDL
i ≥ (1− γβi)ℓ

MDL
i = (1− γβi) [KL(wi∥p̂i) +H(wi)] .

(27)
Consequently,

LCDL ≥ 1

m

m∑
i=1

(1− γβi)ℓ
MDL
i . (28)

Moreover, if βmax = max1≤i≤m βi, then

LCDL ≥ (1− γβmax)LMDL. (29)

Theorem 1 shows that CDL retains an MDL-like disam-
biguation when the margin βi is small. When βi > 0 is large,
the modulation λi = (1 − βi)

γ reduces the loss contribu-
tion of already well-separated bags. For CDL-CN, the case
ϕi,CN > qi gives βi < 0, and CDL intentionally amplifies
the loss ϕi,CN > qi =⇒ λi =

(
1 + ϕi,CN − qi

)γ
> 1. There-

fore, CDL-CC mainly suppresses separated candidate-level
predictions, while CDL-CN can additionally penalize bags
whose non-candidate probabilities dominate the top candi-
date probability. Having established that CDL remains tied
to the MDL fitting objective, we next connect this pseudo-
label fitting view to the population top-label calibration.

5.3 Population Top-Label Calibration and Pseudo-
Label Approximation
We use a generic MIPL draw (Xi,Si, Yi) to keep the popula-
tion analysis consistent with the empirical notation. The top-
label prediction and its confidence score are defined over the
full label space by

ŷi = argmax
c∈Y

p̂i,c, Ci = p̂i,ŷi
= max

c∈Y
p̂i,c. (30)

Here ŷi is used for calibration and may differ from the
top candidate label used by CDL. The population top-label
calibration error is

Ecal = E [|E[I{Yi = ŷi} | Ci]− Ci|] . (31)

The empirical ECE in Eq. (2) is a binned finite-sample ap-
proximation of Eq. (31). To connect calibration with pseudo-
label learning, define

Econf = E [|ηi,ŷi − Ci|] ,
Epconf = E [|wi,ŷi − Ci|] ,

δTV
w = E [dTV(ηi,wi)] .

(32)

The total variation distance is

dTV(ηi,wi) =
1

2
∥ηi −wi∥1. (33)

Proposition 1 (Calibration is controlled by pseudo-label
confidence error). Fix the current training state. Assume that
p̂i and wi are measurable with respect to Gi = σ(Xi,Si). Then

Ecal ≤ Econf ≤ Epconf + δTV
w . (34)

Proposition 1 provides an upper-bound decomposition
of the calibration error. Specifically, Ecal is controlled by
the pseudo-label confidence error Epconf , which reflects the
discrepancy between the model confidence and the assigned
pseudo-label weight, and the posterior approximation
error δTV

w , which measures the quality of the pseudo-label
weights as approximations to the true posterior distribution.
Thus, this result identifies the optimizable component that
CDL can influence and separates it from the quality of the
pseudo-label approximation. The following theorem then
links this optimizable component directly to the CDL risk.

5.4 Confidence Alignment Bound for CDL
We next show that CDL controls Epconf under a non-
degenerate modulation condition. For the same generic bag
Xi, the corresponding MDL and CDL losses are shown
as Eqs. (22) and (23). Define the population risks and the
expected pseudo-label entropy as

Rw
MDL = E

[
ℓMDL
i

]
, Rw

CDL = E
[
ℓCDL
i

]
, Hw = E [H(wi)] ,

(35)
where

H(wi) = −
∑
c∈Si

wi,c logwi,c. (36)

Theorem 2 (Pseudo-label confidence alignment bound). As-
sume that p̂i is induced by finite logits, so that p̂i,c > 0 for all
c ∈ Y . Assume further that the relevant competitor set in CDL is
nonempty and that the CDL modulation satisfies λi ≥ λ0 > 0.
Then

Epconf ≤
√
2
(
λ−1
0 Rw

CDL −Hw

)
. (37)
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Consequently,

Ecal ≤ Econf ≤
√
2
(
λ−1
0 Rw

CDL −Hw

)
+ δTV

w . (38)

Theorem 2 is conditional on the current pseudo-label
weights. If wi is close to the latent posterior ηi, then δTV

w

is small and controlling the CDL risk improves confidence
alignment. If the pseudo-label weights are inaccurate, the
bound remains valid but can be loose. The assumption
λi ≥ λ0 > 0 is a non-degeneracy condition preventing the
CDL modulation from vanishing. The result explains why
reducing CDL can improve the optimizable calibration com-
ponent, while Proposition 1 clarifies that the final calibration
bound also depends on the posterior quality of the pseudo-
label weights. We next move from this risk-level view to
the local optimization dynamics induced by the margin-
dependent modulation.

5.5 Optimization-Level Margin Shaping and Momentum
Dynamics

Although Eq. (23) writes CDL as a margin-modulated MDL
objective, the modulation factor depends on the current
prediction and hence on the model parameters. Therefore,
CDL is not merely a fixed sample reweighting of MDL. This
subsection makes this distinction explicit at the optimization
level. We first decompose the CDL gradient into an MDL
fitting term and an additional margin-shaping term, then in-
terpret the latter in the softmax-logit space, and finally show
how prediction-level margins are recursively transferred to
future pseudo-label margins through the momentum up-
date. Throughout this subsection, ∇ denotes the gradient
with respect to the model parameters.

Proposition 2 (Gradient decomposition of CDL on differen-
tiable regions). Fix a training bag (Xi,Si), and let θ denote the
model parameters. Suppose that there is an open parameter region
U on which each p̂i,c(θ) is differentiable and strictly positive.
Assume that the top candidate label ui = argmaxc∈Si

p̂i,c(θ)
is uniquely attained and remains unchanged on U . For CDL-CC,
let Ci = Si \ {ui}; for CDL-CN, let Ci = S̄i. Assume that
Ci ̸= ∅ and that the competitor vi = argmaxc∈Ci

p̂i,c(θ) is also
uniquely attained and remains unchanged on U . Define

qi(θ) = p̂i,ui(θ), ϕi(θ) = p̂i,vi(θ), (39)

βi(θ) = qi(θ)− ϕi(θ), λi(θ) =
(
1− βi(θ)

)γ
. (40)

During the current gradient computation, regard the pseudo-label
weights wi as fixed, and write

ℓMDL
i (θ) = −

∑
c∈Si

wi,c log p̂i,c(θ), ℓCDL
i (θ) = λi(θ)ℓ

MDL
i (θ).

(41)
Then, for every θ ∈ U ,

∇θℓ
CDL
i (θ) = λi(θ)∇θℓ

MDL
i (θ)

− γ
(
1− βi(θ)

)γ−1
ℓMDL
i (θ)∇θβi(θ).

(42)

Proposition 2 is the basic differential identity behind
the optimization-level effect of CDL. The first term in (42)
is the MDL fitting term scaled by the current modulation
factor, whereas the second term is absent from MDL. In

a gradient-descent step, this second term contributes the
update component

δβ = ηγ
(
1− βi(θ)

)γ−1
ℓMDL
i (θ)∇θβi(θ), (43)

where η > 0 is the step size. Therefore, whenever ∇θβi(θ) ̸=
0, a first-order Taylor expansion gives

βi(θ+δβ)−βi(θ) = ηγ
(
1−βi(θ)

)γ−1
ℓMDL
i (θ)∥∇θβi(θ)∥2+o(η).

(44)
Therefore, the additional CDL component explicitly pro-
motes an increase of the active top-vs-competitor margin.
At exact ties, the max-based margin is not differentiable; the
differentiable statement applies on each region with a fixed
active top candidate and competitor. The following corollary
translates this abstract parameter-space margin term into a
concrete logit-space effect.

Corollary 1 (Logit-space effect of margin shaping). Fix a
training bag i. Let si,c ∈ R be the logit of class c, and let

p̂i,c =
exp(si,c)∑

a∈Y exp(si,a)
, c ∈ Y. (45)

Assume that, in a neighborhood of the current logits, the top
candidate u and the competitor v are unique, distinct, and fixed.
Then βi = p̂i,u − p̂i,v is differentiable in this neighborhood, and

∂βi

∂si,u
= p̂i,u(1− p̂i,u + p̂i,v) > 0, (46)

∂βi

∂si,v
= −p̂i,v(1 + p̂i,u − p̂i,v) < 0, (47)

∂βi

∂si,c
= p̂i,c(p̂i,v − p̂i,u), c /∈ {u, v}. (48)

Thus a positive step along ∇siβi locally increases the top-
candidate logit and decreases the active-competitor logit.

Corollary 1 provides the logit-space interpretation of
the margin-shaping term in Proposition 2. It shows that
increasing the active margin locally raises the top-candidate
logit and suppresses the active-competitor logit. The
preceding two results describe the current optimization
step. However, the pseudo-label weights are updated
across epochs by a momentum rule in MIPL. The following
lemma records how candidate-level prediction margins are
transferred into future pseudo-label margins. It is stated for
two candidate labels u, v ∈ Si, because the pseudo-label
weight is supported on the candidate set. For CDL-CN, the
non-candidate competitor affects this recursion indirectly
through the candidate-normalized predictions.

Lemma 1 (Momentum recursion for candidate pseudo-label
margins). Fix a training bag (Xi,Si) and two candidate labels
u, v ∈ Si. For t = 2, . . . , T , define

p̃
(t)
i,c =

p̂
(t)
i,c∑

a∈Si
p̂
(t)
i,a

, M
(t)
i,uv = w

(t)
i,u−w

(t)
i,v , ∆

(t)
i,uv = p̃

(t)
i,u−p̃

(t)
i,v.

(49)
Assume that the pseudo-label weights are updated by

w
(t)
i,c = α(t)w

(t−1)
i,c +

(
1− α(t)

)
p̃
(t)
i,c , c ∈ Si. (50)

Then, for every t = 2, . . . , T ,

M
(t)
i,uv = α(t)M

(t−1)
i,uv +

(
1− α(t)

)
∆

(t)
i,uv. (51)
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Equivalently, with Aa:b =
∏b

τ=a α
(τ) and the empty product

defined as one,

M
(t)
i,uv = A2:tM

(1)
i,uv +

t∑
s=2

(
1− α(s)

)
As+1:t∆

(s)
i,uv. (52)

Moreover,

∆
(s)
i,uv =

p̂
(s)
i,u − p̂

(s)
i,v∑

a∈Si
p̂
(s)
i,a

. (53)

Thus past candidate prediction margins enter the current pseudo-
label margin through the momentum coefficients. If α(s) ∈ [0, 1]

for all s, then M
(t)
i,uv is a convex combination of M

(1)
i,uv and

∆
(2)
i,uv, . . . ,∆

(t)
i,uv .

Lemma 1 complements the local gradient analysis by
showing that the margins shaped at the prediction level
are not transient. They enter the subsequent pseudo-label
weights through the momentum rule. This completes the
optimization-level explanation of CDL.

Taken together, the above results provide a coherent
account of CDL from three complementary perspectives. At
the loss level, the margin-modulated form in Eq. (23) and
Theorem 1 relate CDL to MDL and clarify why low-margin
bags still receive an MDL-like disambiguation signal. At
the calibration level, Proposition 1 separates the calibra-
tion error into a pseudo-label confidence-alignment term
and a pseudo-label approximation term, while Theorem 2
connects the former to the CDL risk. At the optimization
level, Proposition 2, Corollary 1, and Lemma 1 explain
how the margin-dependent term reshapes the active top-
vs-competitor margin and how this effect is propagated to
subsequent pseudo-label updates.

These theoretical implications motivate the empirical
evaluation in the next section. In particular, the analysis
suggests that CDL should preserve the disambiguation abil-
ity of MDL, mitigate excessive confidence growth through
margin modulation, and transmit margin information across
epochs through the momentum update. Therefore, we eval-
uate CDL on benchmark and real-world MIPL datasets in
terms of both classification accuracy and calibration quality.

6 EXPERIMENTS

6.1 Experimental Configurations

6.1.1 Datasets

We adopt the experimental protocol established by the prior
research [16], which includes a diverse range of datasets,
including four benchmark datasets and seven real-world
datasets. Specifically, the benchmark datasets are MNIST-
MIPL, FMNIST-MIPL, Birdsong-MIPL, and SIVAL-MIPL, which
span various domains from image analysis to biological data
[36], [58], [59], [60]. Additionally, we include CRC-MIPL, a
real-world dataset for colorectal cancer classification. The
candidate label sets are curated by professionally trained
crowdsourcing workers. In the prior research [16], [18], four
types of multi-instance features have been employed across
different sub-datasets: CRC-MIPL-Row (C-Row), CRC-MIPL-SBN

(C-SBN), CRC-MIPL-KMeansSeg (C-KMeans), and CRC-MIPL-SIFT

(C-SIFT). These features are generated by four image bag

generators [61], including Row, single blob with neigh-
bors (SBN), k-means segmentation (KMeansSeg), and scale-
invariant feature transform (SIFT).

Furthermore, a novel feature extraction strategy is pro-
posed for the CRC-MIPL dataset by leveraging ResNet-34.
Each image is partitioned into N non-overlapping patches,
and ResNet-34 is applied to obtain feature representations
for each patch. Three configurations are investigated, with
N set to 9, 16, and 25, resulting in the new datasets C-R34-9,
C-R34-16, and C-R34-25, respectively. Notably, the C-R34-9
dataset is first introduced in this work. Table 1 provides
further details on these datasets. More information on the
benchmark datasets and the CRC-MIPL dataset can be found
in the literature [13] and [16], respectively.

6.1.2 Comparative Methods
To our knowledge, there are six available methods relevant
to our MIPL settings, namely MIPLGP [13], DEMIPL [16],
ELIMIPL [18], MIPLMA [19], PROMIPL [43], and FASTMIPL
[44]. All corresponding code implementations for these
methods are publicly available. We systematically compare
our six methods against the six MIPL methods to evaluate
their classification accuracy and calibration performance.
The parameters for all compared methods were set fol-
lowing the recommendations from the original literature or
were further optimized to enhance performance.

6.1.3 Implementation Details
Our algorithm is implemented using PyTorch and executed
on an NVIDIA Tesla V100 GPU. We utilize stochastic gra-
dient descent (SGD) with a momentum of 0.9 and a weight
decay of 0.0001 for optimization. We adopt the same feature
extractor Ψ(·) as used in previous MIPL methods [16], [18],
[19], [43], [44]. For MNIST-MIPL and FMNIST-MIPL, we ex-
tract instance-level features using a two-layer convolutional
neural network followed by a fully connected network. For
preprocessed datasets, i.e., Birdsong-MIPL and SIVAL-MIPL,
we use a fully connected network for feature extraction.
For CRC-MIPL, we explore four image bag generators and
use ResNet-34 to extract instance-level features. We select
the learning rate from {0.01, 0.05} and adjust it using co-
sine annealing. DAMCC and DAMCN are trained for 200
epochs on CRC-MIPL and 100 epochs on benchmark datasets.
Meanwhile, SAMCC, SAMCN, MAMCC, and MAMCN are
trained for 100 epochs on all datasets. We set the CDL
parameter γ to 1 in all experiments. We report the mean
and standard deviation (std) of classification accuracy and
expected calibration error over ten random train/test splits
with a ratio of 7:3. In our experiments, the expected cali-
bration error is evaluated with 15 bins. For each dataset,
the highest classification accuracy and the lowest expected
calibration error are highlighted in bold to facilitate com-
parison. In the following tables, ↑ and ↓ denote improve-
ments and reductions over DEMIPL [16], ELIMIPL [18], or
MIPLMA [19], respectively. The code of this work can be
found at https://github.com/tangw-seu/MIPLCDL.

6.2 Classification Performance
6.2.1 Accuracy on the Benchmark Datasets
Table 2 demonstrates that our methods outperform the
comparative methods in 67 of the 72 cases. In 12 of the

https://github.com/tangw-seu/MIPLCDL
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TABLE 1: Characteristics of the benchmark and real-world MIPL datasets. The C-R34-9 is introduced in this work as a new
MIPL dataset. “n/a” is abbreviated for not applicable as the instance-level labels of the CRC-MIPL dataset are unknown.

Dataset #bag #ins max. #ins min. #ins avg. #ins max. #pos min. #pos avg. #pos #dim #C avg. #CLs
MNIST-MIPL 500 20664 48 35 41.33 9.1% 7.0% 8.0% 784 5 2, 3, 4
FMNIST-MIPL 500 20810 48 36 41.62 9.1% 7.0% 8.0% 784 5 2, 3, 4
Birdsong-MIPL 1300 48425 76 25 37.25 10.0% 6.9% 8.3% 38 13 2, 3, 4
SIVAL-MIPL 1500 47414 32 31 31.61 90.62% 3.12% 25.6% 30 25 2, 3, 4
C-Row 7000 56000 8 8 8 n/a n/a n/a 9 7 2.08
C-SBN 7000 63000 9 9 9 n/a n/a n/a 15 7 2.08
C-KMeans 7000 30178 6 3 4.311 n/a n/a n/a 6 7 2.08
C-SIFT 7000 175000 25 25 25 n/a n/a n/a 128 7 2.08
C-R34-9 7000 63000 9 9 9 n/a n/a n/a 1000 7 2.08
C-R34-16 7000 112000 16 16 16 n/a n/a n/a 1000 7 2.08
C-R34-25 7000 175000 25 25 25 n/a n/a n/a 1000 7 2.08

TABLE 2: Classification accuracy (mean±std%) on the benchmark datasets with varying numbers of false-positive labels.

MNIST-MIPL FMNIST-MIPL Birdsong-MIPL SIVAL-MIPL

r = 1
MIPLGP 94.87±1.55 84.67±2.98 71.62±2.59 66.87±1.95
PROMIPL 99.92±0.29 92.20±2.39 77.63±1.50 68.20±3.22
FASTMIPL 99.91±0.23 90.99±2.19 79.60±2.35 77.65±3.02
DEMIPL 97.60±0.80 88.01±2.08 74.36±1.57 63.53±4.10
DAMCC (ours) 99.33±0.52 (1.73 ↑) 92.07±2.18 (4.06 ↑) 79.03±1.49 (4.67 ↑) 73.87±2.25 (10.34 ↑)
DAMCN (ours) 99.40±0.55 (1.80 ↑) 91.87±1.90 (3.86 ↑) 80.38±2.11 (6.02 ↑) 75.49±1.99 (11.96 ↑)
ELIMIPL 99.20±0.65 90.27±1.84 77.13±1.80 67.49±2.18
SAMCC (ours) 99.80±0.43 (0.60 ↑) 90.27±1.98 (0.00 ↑) 79.21±2.26 (2.08 ↑) 71.96±2.34 (4.47 ↑)
SAMCN (ours) 99.73±0.44 (0.53 ↑) 90.33±2.09 (0.06 ↑) 79.54±1.97 (2.41 ↑) 73.64±1.75 (6.15 ↑)
MIPLMA 98.47±1.03 91.53±1.61 77.56±2.05 70.33±2.63
MAMCC (ours) 99.93±0.20 (1.46 ↑) 92.73±1.21 (1.20 ↑) 79.54±1.59 (1.98 ↑) 72.40±1.86 (2.07 ↑)
MAMCN (ours) 99.93±0.20 (1.46 ↑) 93.20±1.33 (1.67 ↑) 79.95±1.23 (2.39 ↑) 74.40±2.21 (4.07 ↑)

r = 2
MIPLGP 81.73±3.01 79.07±2.74 67.18±1.50 61.31±2.61
PROMIPL 99.86±0.24 88.83±2.26 71.84±1.96 63.35±2.32
FASTMIPL 99.77±0.41 90.15±2.53 78.91±2.29 70.72±2.67
DEMIPL 94.27±2.72 82.33±2.85 70.13±2.40 55.40±5.09
DAMCC (ours) 99.40±0.81 (5.13 ↑) 89.33±2.88 (7.00 ↑) 77.03±1.64 (6.90 ↑) 70.24±2.39 (14.84 ↑)
DAMCN (ours) 99.53±0.60 (5.26 ↑) 89.40±2.69 (7.07 ↑) 78.00±1.54 (7.87 ↑) 71.93±1.82 (16.53 ↑)
ELIMIPL 98.67±0.99 84.53±2.56 74.46±1.53 61.58±2.54
SAMCC (ours) 98.80±0.83 (0.13 ↑) 85.33±3.24 (0.80 ↑) 77.21±2.03 (2.75 ↑) 66.02±2.79 (4.44 ↑)
SAMCN (ours) 98.93±0.85 (0.26 ↑) 85.40±2.88 (0.87 ↑) 77.54±2.20 (3.08 ↑) 66.87±2.32 (5.29 ↑)
MIPLMA 97.87±1.39 86.67±2.76 76.15±1.55 66.82±3.10
MAMCC (ours) 99.80±0.31 (1.93 ↑) 89.47±1.86 (2.80 ↑) 77.36±2.13 (1.21 ↑) 69.91±2.34 (3.09 ↑)
MAMCN (ours) 99.87±0.27 (2.00 ↑) 90.07±1.50 (3.40 ↑) 78.46±1.92 (2.31 ↑) 71.42±1.75 (4.60 ↑)

r = 3
MIPLGP 62.13±6.39 67.00±5.24 62.51±1.47 56.93±3.21
PROMIPL 78.32±11.64 65.89±4.14 69.33±2.11 53.88±2.41
FASTMIPL 97.43±7.37 81.60±7.01 77.30±2.24 61.49±3.48
DEMIPL 70.93±8.83 65.73±2.48 69.62±2.39 50.31±1.84
DAMCC (ours) 85.27±9.06 (14.37 ↑) 72.87±7.20 (7.14 ↑) 76.90±1.73 (7.28 ↑) 66.76±2.40 (16.45 ↑)
DAMCN (ours) 78.73±15.67 (7.80 ↑) 74.60±4.63 (8.87 ↑) 77.69±1.75 (8.07 ↑) 68.89±1.94 (18.58 ↑)
ELIMIPL 74.80±14.41 70.20±5.54 71.67±1.67 60.02±2.89
SAMCC (ours) 88.40±9.09 (13.60 ↑) 72.53±7.86 (2.33 ↑) 75.13±2.17 (3.46 ↑) 61.62±1.93 (1.60 ↑)
SAMCN (ours) 86.13±9.48 (11.33 ↑) 74.27±4.09 (4.07 ↑) 77.05±1.46 (5.38 ↑) 63.16±1.94 (3.14 ↑)
MIPLMA 74.93±10.32 65.40±5.53 74.56±1.29 62.73±2.38
MAMCC (ours) 95.07±7.26 (20.14 ↑) 74.00±7.57 (8.60 ↑) 77.18±1.57 (2.62 ↑) 67.20±2.73 (4.47 ↑)
MAMCN (ours) 98.00±1.49 (23.07 ↑) 77.73±4.95 (12.33 ↑) 77.82±1.32 (3.26 ↑) 69.13±1.47 (6.40 ↑)

72 cases, the improvement exceeds 10%. FASTMIPL outper-
forms our models in 4 of the 72 cases. We speculate that
FASTMIPL benefits from training all samples in a single
batch, leveraging greater computational resources.

For MNIST-MIPL, the potential for accuracy improvement
is limited for r = 1 and 2. However, for r = 3, DAMCC
and SAMCC achieve significant accuracy improvements
of 14.37% and 13.60%, respectively. Notably, MAMCC
and MAMCN surpass MIPLMA by 20.14% and 23.07%
on MNIST-MIPL with r = 3. On the FMNIST-MIPL and
Birdsong-MIPL datasets, DAMCN achieves improvements
exceeding 8%. Furthermore, on SIVAL-MIPL, both DAMCC

and DAMCN achieve gains exceeding 10% for r ∈ {1, 2, 3},
with a peak improvement of 18.58%. As r increases from
1 to 3, the mean accuracy improvement across benchmark
datasets is 3.27%, 4.57%, and 8.93%. These results indicate
that CDL effectively handles more challenging scenarios.

6.2.2 Accuracy on the Real-World Datasets
The experimental results in Table 3 demonstrate that our
methods consistently achieve superior classification accu-
racy compared to all baseline methods. Some MIPLGP re-
sults are marked as “–” due to computational limitations,
which hinder evaluation on certain datasets. This limitation
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TABLE 3: Classification accuracy (mean±std%) on the real-world datasets. – indicates computational constraints.

C-Row C-SBN C-KMeans C-SIFT C-R34-9 C-R34-16 C-R34-25
MIPLGP 43.13±0.57 33.49±0.63 32.90±1.25 – – – –
PROMIPL 43.51±0.93 51.56±1.23 56.52±1.30 56.25±1.11 60.62±1.02 64.63±0.75 67.24±0.80
FASTMIPL 48.68±3.81 57.21±3.08 57.30±1.28 52.55±2.95 56.78±1.61 61.85±1.48 64.24±1.64
DEMIPL 40.78±1.01 48.58±1.40 52.11±1.20 53.17±1.27 58.84±1.40 62.34±0.82 65.19±0.85

DAMCC (ours) 48.10±0.60 56.54±0.84 62.78±1.30 53.59±1.05 62.13±1.21 63.99±0.87 65.34±0.74
(7.32 ↑) (7.96 ↑) (10.67 ↑) (0.42 ↑) (3.29 ↑) (1.65 ↑) (0.15 ↑)

DAMCN (ours) 49.06±0.71 57.91±0.60 64.78±1.02 55.34±1.05 63.74±0.94 64.97±1.00 66.64±0.85
(8.28 ↑) (9.33 ↑) (12.67 ↑) (2.17 ↑) (4.90 ↑) (2.63 ↑) (1.45 ↑)

ELIMIPL 43.26±0.82 50.90±0.79 54.58±1.18 54.05±1.02 60.97±1.22 63.08±0.66 66.50±0.67

SAMCC (ours) 46.58±0.57 55.91±0.95 62.04±1.78 57.20±0.94 63.95±0.98 67.41±0.70 69.43±0.94
(3.32 ↑) (5.01 ↑) (7.46 ↑) (3.15 ↑) (2.98 ↑) (4.33 ↑) (2.93 ↑)

SAMCN (ours) 47.50±0.54 57.24±0.90 63.84±1.01 57.10±0.76 64.58±1.07 67.81±0.72 69.75±0.83
(4.24 ↑) (6.34 ↑) (9.26 ↑) (3.05 ↑) (3.61 ↑) (4.73 ↑) (3.25 ↑)

MIPLMA 44.37±0.99 52.46±0.70 55.73±1.01 55.29±0.94 59.38±1.24 63.12±0.77 68.70±1.08

MAMCC (ours) 47.66±0.57 56.83±1.06 57.60±1.28 56.97±0.97 64.74±0.98 67.88±0.85 69.83±0.96
(3.29 ↑) (4.37 ↑) (1.87 ↑) (1.68 ↑) (5.36 ↑) (4.76 ↑) (1.13 ↑)

MAMCN (ours) 47.99±0.50 57.40±0.94 59.02±0.96 57.07±0.86 64.73±1.02 67.72±0.78 69.81±1.00
(3.62 ↑) (4.94 ↑) (3.29 ↑) (1.78 ↑) (5.35 ↑) (4.60 ↑) (1.11 ↑)

TABLE 4: Expected calibration error (mean±std%) on the benchmark datasets with varying numbers of false-positive labels.

MNIST-MIPL FMNIST-MIPL Birdsong-MIPL SIVAL-MIPL

r = 1
PROMIPL 59.62±0.16 53.56±2.20 60.77±1.52 59.46±3.12
FASTMIPL 3.47±0.54 5.53±1.35 7.15±1.72 10.90±2.11
DEMIPL 59.40±0.77 51.50±1.54 57.86±1.16 56.89±3.01
DAMCC (ours) 1.08±0.41 (58.32 ↓) 5.09±1.05 (46.41 ↓) 4.68±1.10 (53.18 ↓) 12.74±1.63 (44.15 ↓)
DAMCN (ours) 1.11±0.38 (58.29 ↓) 5.44±1.49 (46.06 ↓) 7.53±1.63 (50.33 ↓) 16.25±1.71 (40.64 ↓)
ELIMIPL 59.26±0.38 51.55±1.44 60.16±1.83 58.83±2.15
SAMCC (ours) 1.45±0.38 (57.81 ↓) 5.60±1.64 (45.95 ↓) 5.85±1.43 (54.31 ↓) 12.85±1.52 (45.98 ↓)
SAMCN (ours) 1.34±0.35 (57.92 ↓) 5.75±1.04 (45.80 ↓) 6.32±2.26 (53.84 ↓) 16.75±1.49 (42.08 ↓)
MIPLMA 58.65±0.85 52.38±1.60 60.89±2.04 61.67±2.58
MAMCC (ours) 1.00±0.15 (57.65 ↓) 4.84±1.43 (47.54 ↓) 4.53±0.68 (56.36 ↓) 12.15±1.02 (49.52 ↓)
MAMCN (ours) 0.94±0.17 (57.71 ↓) 4.18±1.57 (48.20 ↓) 6.87±1.75 (54.02 ↓) 15.91±1.38 (45.76 ↓)

r = 2
PROMIPL 59.64±0.20 50.57±1.96 55.76±1.76 54.83±2.21
FASTMIPL 11.05±1.31 10.02±1.98 5.34±1.19 11.395±2.07
DEMIPL 59.62±1.09 48.84±2.18 51.65±1.63 51.55±3.68
DAMCC (ours) 1.20±0.58 (58.42 ↓) 6.62±2.04 (42.22 ↓) 5.23±0.74 (46.42 ↓) 10.32±1.20 (41.23 ↓)
DAMCN (ours) 0.86±0.42 (58.76 ↓) 6.33±2.41 (42.51 ↓) 5.54±1.38 (46.11 ↓) 14.45±1.63 (37.10 ↓)
ELIMIPL 60.02±1.04 48.89±2.55 57.77±1.56 53.18±2.49
SAMCC (ours) 3.13±0.51 (56.89 ↓) 7.53±1.35 (41.36 ↓) 4.98±0.83 (52.79 ↓) 10.66±1.81 (42.52 ↓)
SAMCN (ours) 2.72±0.32 (57.30 ↓) 6.93±1.74 (41.96 ↓) 6.70±1.21 (51.07 ↓) 16.53±1.97 (36.65 ↓)
MIPLMA 59.31±1.11 48.54±3.00 59.50±1.61 58.31±3.07
MAMCC (ours) 1.20±0.26 (58.11 ↓) 6.26±1.30 (42.28 ↓) 5.01±0.73 (54.49 ↓) 10.60±1.54 (47.71 ↓)
MAMCN (ours) 1.16±0.26 (58.15 ↓) 6.46±1.71 (42.08 ↓) 5.71±0.97 (53.79 ↓) 14.38±1.59 (43.93 ↓)

r = 3
PROMIPL 46.41±11.20 35.26±4.25 54.40±2.22 45.89±2.26
FASTMIPL 21.46±3.29 16.92±4.35 6.77±1.24 13.91±2.48
DEMIPL 44.55±12.76 40.04±3.27 53.42±1.19 46.26±2.70
DAMCC (ours) 12.99±7.43 (31.56 ↓) 23.28±6.11 (16.76 ↓) 5.63±0.88 (47.79 ↓) 9.48±1.60 (36.78 ↓)
DAMCN (ours) 17.99±13.08 (26.56 ↓) 22.16±4.02 (17.88 ↓) 4.52±0.87 (48.90 ↓) 15.09±2.06 (31.17 ↓)
ELIMIPL 43.59±15.00 40.65±5.38 55.31±1.64 51.63±2.85
SAMCC (ours) 9.92±7.18 (33.67 ↓) 22.70±7.34 (17.95 ↓) 5.03±0.89 (50.28 ↓) 9.05±1.45 (42.58 ↓)
SAMCN (ours) 11.24±7.52 (32.35 ↓) 20.89±4.20 (19.76 ↓) 4.87±1.04 (50.44 ↓) 15.35±2.51 (36.28 ↓)
MIPLMA 44.90±10.56 38.04±5.32 58.02±1.22 54.35±2.33
MAMCC (ours) 4.55±5.62 (40.35 ↓) 21.33±7.25 (16.71 ↓) 5.55±1.12 (52.47 ↓) 8.88±1.45 (45.47 ↓)
MAMCN (ours) 1.72±0.92 (43.18 ↓) 18.90±4.59 (19.14 ↓) 5.34±1.32 (52.68 ↓) 14.02±1.42 (40.33 ↓)

indicates that MIPLGP may struggle to integrate with deep
learning-based feature representations.

The integration of CDL with DAM, SAM, or MAM con-
sistently improves classification performance over DEMIPL,
ELIMIPL, and MIPLMA. On the C-KMeans dataset, DAMCC
and DAMCN achieve significant accuracy improvements of
10.67% and 12.67%, respectively. For image bag generators
such as Row, SBN, and KMeans, DAM outperforms SAM
and MAM in classification accuracy. In contrast, for instance-

level feature learning with SIFT or ResNet-34, SAM and
MAM outperform DAM. Furthermore, in the three CRC-MIPL

datasets utilizing ResNet-34, all MIPL approaches exhibit
improved performance as the number of partitioned patches
increases. This trend indicates that in CRC-MIPL datasets,
leveraging deep learning-based features contributes to en-
hancing classification performance.

Additionally, DAM performs well on simple feature rep-
resentations in the CRC-MIPL dataset but struggles with
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Fig. 5: Reliability diagrams of DEMIPL [16], ELIMIPL [18], and MIPLMA [19], and our methods on the Birdsong-MIPL

dataset with varying numbers of false-positive labels. The bar color intensity indicates that more samples are assigned to
the corresponding confidence intervals.

complex ones. In contrast, SAM and MAM excel at complex
feature representations in the CRC-MIPL dataset but are not
the best with simpler ones. Therefore, the choice of attention
mechanism should align with the dataset’s feature com-
plexity. For simple feature representations, DAM is optimal,
whereas complex representations, such as those derived
from deep learning-based feature extractors, benefit from
the advanced capabilities of SAM and MAM.

6.3 Calibration Performance

6.3.1 ECE on the Benchmark Datasets

Table 4 displays the expected calibration error for our meth-
ods with five comparative MIPL methods on the bench-
mark datasets. Notably, MIPLGP follows the instance-space
paradigm, where bag-level predicted labels are aggregated
from the instance-level predictions. This method fits the
predicted probability and label to the most prominent
instance rather than the entire multi-instance bag. Con-
sequently, MIPLGP generally underperforms compared to
MIPL approaches based on the embedded-space paradigm.
Therefore, we exclude the calibration results for MIPLGP.

The calibration results demonstrate that our CDL signifi-
cantly reduces the ECE on the MIPL datasets. On the bench-
mark datasets, CDL reduces the ECE by over 50% in 26 out
of 60 cases, with the minimum reduction being 16.76%, the
maximum reduction being 58.76%, and the mean reduction
being 44.76%. Additionally, MAM outperforms DAM and
SAM in most cases, which is consistent with the accuracy
observed on the benchmark datasets.

To evaluate the calibration performance of our methods
relative to baseline methods, we present reliability dia-
grams on the test set of the Birdsong-MIPL dataset. Fig.
5 presents the reliability diagrams on the Birdsong-MIPL
dataset. The diagrams display the classification accuracies
and ECE based on ten random runs. The baseline meth-
ods, DEMIPL, ELIMIPL, and MIPLMA, consistently produce
predicted probabilities below 0.25. Although these methods
achieve over 70% classification accuracy, their calibration
performance is notably subpar. In contrast, our methods

exhibit significant improvements in both calibration perfor-
mance and classification performance.

6.3.2 ECE on the Real-World Datasets
Table 5 presents ECE across the real-world datasets, compar-
ing our proposed methods against state-of-the-art methods
in MIPL. Our proposed methods consistently achieve lower
calibration error than all the comparative methods, demon-
strating their effectiveness in improving model calibration.
Notably, MAM yields the best overall performance, with
MAMCC attaining the lowest ECE across most datasets. The
most significant improvement occurs on C-R34-25, where
MAMCC reduces the ECE by 33.32% compared to MIPLMA.
Our methods achieve over a 10% reduction in ECE in 33 out
of 42 cases. These results indicate that our CDL effectively
aligns predicted confidences with classification accuracies,
thereby enhancing model calibration.

Our methods exhibit particularly strong performance
gains on the C-R34-9, C-R34-16, and C-R34-25 datasets com-
pared to previous MIPL methods such as DEMIPL, ELIMIPL,
and MIPLMA. Specifically, when combined with DAM, SAM,
or MAM, our CDL achieves up to 19%, 24%, and 33%
lower ECE on the C-R34-25 dataset. These findings high-
light our framework’s ability to leverage fine-grained image
representations for improved calibration, demonstrating its
effectiveness on challenging datasets.

6.4 Discussion
Appendices B and C provide supplementary empirical evi-
dence for CDL. Appendix B analyzes its feature aggregation
and label disambiguation mechanisms, examines sensitivity
to γ, compares CDL with FL/IFL and PLL baselines, and
further evaluates robustness, scalability, computational cost,
and statistical significance. Appendix C presents a CRC-
MIPL engineering study on patch granularity and confidence-
based triage for practical deployment.

Our evaluation confirms that CDL achieves state-of-
the-art performance across the benchmark and real-world
MIPL datasets. The experimental results highlight three
key insights: (1) CDL significantly improves classification
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TABLE 5: Expected calibration error (mean±std%) on the real-world datasets.

C-Row C-SBN C-KMeans C-SIFT C-R34-9 C-R34-16 C-R34-25
PROMIPL 17.99±1.64 25.48±0.65 31.52±1.11 31.42±1.12 34.30±0.99 37.72±0.72 41.31±0.85
FASTMIPL 50.54±3.78 42.17±3.07 41.62±1.27 43.48±2.75 41.01±1.60 36.19±1.46 33.97±1.62
DEMIPL 16.40±1.06 22.59±1.10 27.82±1.09 28.17±0.99 32.89±1.37 36.37±0.80 39.23±0.85

DAMCC (ours) 16.10±0.57 15.13±0.61 10.39±0.71 23.42±1.21 20.90±1.37 20.42±0.84 19.83±0.98
(0.30 ↓) (7.46 ↓) (17.43 ↓) (4.75 ↓) (11.99 ↓) (15.95 ↓) (19.40 ↓)

DAMCN (ours) 10.54±0.86 12.12±0.57 9.67±0.44 21.38±1.08 19.96±0.78 20.12±0.77 19.59±1.01
(5.86 ↓) (10.47 ↓) (18.15 ↓) (6.79 ↓) (12.93 ↓) (16.25 ↓) (19.64 ↓)

ELIMIPL 18.21±0.83 24.91±0.78 28.99±1.18 28.76±1.04 34.47±1.17 36.70±0.67 40.24±0.66

SAMCC (ours) 15.52±0.51 14.58±0.93 10.83±0.69 17.73±0.86 18.38±1.03 16.88±0.60 16.04±0.87
(2.69 ↓) (10.33 ↓) (18.16 ↓) (11.03 ↓) (16.09 ↓) (19.82 ↓) (24.2 ↓)

SAMCN (ours) 9.82±0.86 10.66±0.60 10.95±1.27 18.91±0.68 20.45±0.93 18.53±0.71 16.11±0.84
(8.39 ↓) (14.25 ↓) (18.04 ↓) (9.85 ↓) (14.02 ↓) (18.17 ↓) (24.13 ↓)

MIPLMA 18.40±0.99 25.24±0.68 30.74±0.90 29.48±0.92 33.30±1.25 37.05±0.73 41.58±1.05

MAMCC (ours) 6.01±0.85 6.23±1.14 10.28±0.74 6.80±0.43 9.46±0.81 8.77±0.68 8.26±0.59
(12.39 ↓) (19.01 ↓) (20.46 ↓) (22.68 ↓) (23.84 ↓) (28.28 ↓) (33.32 ↓)

MAMCN (ours) 10.76±0.65 8.97±1.16 11.96±1.03 6.68±0.34 10.25±0.73 9.25±0.68 8.50±0.76
(7.64 ↓) (16.27 ↓) (18.78 ↓) (22.8 ↓) (23.05 ↓) (27.8 ↓) (33.08 ↓)

accuracy, particularly in high-ambiguity scenarios (r = 3),
achieving a mean improvement of 8.93% on benchmark
datasets. (2) CDL simultaneously enhances calibration, re-
ducing ECE by an average of 44.76% on benchmark datasets
due to its dynamic sample weighting mechanism. (3) Vi-
sualization analyses and probability distribution studies
confirm that these improvements result from CDL’s ability
to encourage more separable feature distributions while
adaptively prioritizing ambiguous labels during training.

The two instantiations of CDL consistently enhance both
classification and calibration compared to the baseline mod-
els. In terms of classification accuracy, the second instantia-
tion LCDL-CN outperforms LCDL-CC in most cases. Conversely,
LCDL-CC generally achieves lower expected calibration error
than LCDL-CN. These observations lead to several insights:
First, incorporating non-candidate label confidences can fa-
cilitate improved learning in MIPL models. Second, LCDL-CC
appears more effective when the candidate label set contains
semantically similar labels. Third, LCDL-CN tends to perform
better in scenarios with a high degree of label randomness,
as commonly seen in benchmark datasets. Moreover, per-
formance differences among the three attention mechanisms
on real-world datasets suggest that architectural complexity
should be matched to the characteristics of the feature space.
For example, DAM is more efficient for relatively simple
features, while SAM and MAM are better suited for complex
representations. No single CDL instantiation or attention
mechanism is optimal for both classification and calibration,
highlighting the importance of selecting the appropriate
combination based on specific task requirements.

7 CONCLUSION

This paper investigates the calibration performance of
multi-instance partial-label learning. We propose a calibrat-
able disambiguation loss (CDL), a plug-and-play top-vs-
competitor margin-modulated disambiguation loss. Theo-
retically, we show that CDL can be viewed as a margin-
modulated MDL objective with an adaptive regularization
effect. We further relate top-label calibration to weight align-
ment and analyze how the additional margin-dependent
gradient term and momentum-based weight updates prop-
agate margin information. Extensive experiments demon-

strate CDL’s effectiveness, achieving superior classification
performance in 105 out of 110 cases and superior calibration
performance in 93 out of 95 cases compared to state-of-the-
art MIPL approaches. These results highlight CDL’s robust-
ness in handling high-ambiguity scenarios and improving
the alignment between model confidence and accuracy.

While our approach demonstrates superior classification
and calibration performance on challenging datasets like
the C-R34-25 dataset, it does not achieve perfect calibration,
where the expected calibration error reaches zero. Moreover,
CDL introduces a focusing factor γ to control the strength of
adaptive down-weighting. We use γ = 1 as a robust default
in all main experiments, while tuning within the valid range
can bring additional calibration gains. Finally, we follow
the standard MIPL assumption that the candidate label set
contains the true label. When this assumption is violated
(missing-true-label cases), learning becomes substantially
more difficult, as reflected by our stress test (Appendix B.6).
Future work will investigate adaptive strategies for selecting
γ and extend calibration as well as disambiguation to more
challenging MIPL settings with missing true labels and
improved uncertainty-aware learning frameworks [62].
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APPENDIX A
PROOFS FOR THEORETICAL ANALYSIS

This section provides the complete proofs for the theoretical
results presented in the main text, including the lower-
bound, calibration, gradient, logit-space effect, and pseudo-
label momentum analyses of CDL. Unless otherwise stated,
we use the notation of the main text.

A.1 Proof of Theorem 1
Theorem 1 (Linear lower bound of CDL). Let γ ≥ 1. For
the i-th training bag, assume that p̂i ∈ ∆k−1, p̂i,c > 0 for all
c ∈ Y , and wi ∈ ∆k−1 with wi,c = 0 for all c /∈ Si. Let
ui = argmaxc∈Si

p̂i,c, qi = p̂i,ui
= maxc∈Si

p̂i,c. Let

ℓMDL
i = −

∑

c∈Si

wi,c log p̂i,c, ℓCDL
i = λiℓ

MDL
i . (A1)

Then, for each training bag,

ℓCDL
i ≥ (1− γβi)ℓ

MDL
i = (1− γβi) [KL(wi∥p̂i) +H(wi)] .

(A2)
Consequently,

LCDL ≥ 1

m

m∑

i=1

(1− γβi)ℓ
MDL
i . (A3)

Moreover, if βmax = max1≤i≤m βi, then

LCDL ≥ (1− γβmax)LMDL. (A4)

Proof. Fix an arbitrary training bag indexed by i. Since p̂i ∈
∆k−1, we have 0 ≤ p̂i,c ≤ 1 for every c ∈ Y , and therefore
qi ∈ [0, 1]. By assumption, the competitor probability ϕi is
well-defined and satisfies ϕi ∈ [0, 1]. Hence

βi = qi − ϕi ≤ 1. (A5)

It follows from Eq. (A5) that 1 − βi ≥ 0, so the quantity
(1 − βi)

γ is well-defined for every real exponent γ ≥ 1.
Consider the function f(t) = tγ on [0,∞). Since γ ≥ 1, f is
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convex on [0,∞), and the first-order supporting hyperplane
inequality at t = 1 gives

tγ ≥ f(1) + f ′(1)(t− 1) = 1 + γ(t− 1), t ≥ 0. (A6)

Taking t = 1−βi in Eq. (A6) yields the Bernoulli-type bound

(1− βi)
γ ≥ 1− γβi. (A7)

Next, since p̂i,c > 0 and p̂i,c ≤ 1 for all c ∈ Y , we have
log p̂i,c ≤ 0, and since wi,c ≥ 0, every summand in the MDL
loss is nonnegative. Therefore

ℓMDL
i = −

∑

c∈Si

wi,c log p̂i,c ≥ 0. (A8)

Multiplying both sides of Eq. (A7) by the nonnegative scalar
and using the definition ℓCDL

i = (1− βi)
γℓMDL

i , we obtain

ℓCDL
i = (1− βi)

γℓMDL
i ≥ (1− γβi)ℓ

MDL
i . (A9)

We now verify the KL-entropy decomposition of ℓMDL
i .

Since wi ∈ ∆k−1, wi,c = 0 for c /∈ Si, and p̂i,c > 0 for
all c ∈ Y , the KL divergence is finite and can be written as

KL(wi∥p̂i) =
∑

c∈Y
wi,c log

wi,c

p̂i,c

=
∑

c∈Y
wi,c logwi,c −

∑

c∈Y
wi,c log p̂i,c,

(A10)

where the convention 0 log 0 = 0 is used. By the definition
of entropy,

H(wi) = −
∑

c∈Si

wi,c logwi,c. (A11)

Combining Eqs. (A10) and (A11) gives

KL(wi∥p̂i) +H(wi) = −
∑

c∈Si

wi,c log p̂i,c. (A12)

Because wi,c = 0 for every c /∈ Si, the right-hand side of Eq.
(A12) reduces to the MDL loss:

−
∑

c∈Si

wi,c log p̂i,c = ℓMDL
i . (A13)

Hence
ℓMDL
i = KL(wi∥p̂i) +H(wi). (A14)

Substituting Eq. (A14) into Eq. (A9) proves the per-bag
lower bound Eq. (A2). Averaging Eq. (A9) over all m train-
ing bags gives

LCDL =
1

m

m∑

i=1

ℓCDL
i ≥ 1

m

m∑

i=1

(1− γβi)ℓ
MDL
i , (A15)
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which proves Eq. (A3). Finally, by the definition βmax =
max1≤i≤m βi, we have βi ≤ βmax for all i, and since γ > 0,

1− γβi ≥ 1− γβmax. (A16)

Using ℓMDL
i ≥ 0 again, Eq. (A16) implies

1

m

m∑

i=1

(1− γβi)ℓ
MDL
i ≥ (1− γβmax)

1

m

m∑

i=1

ℓMDL
i . (A17)

Since LMDL = 1
m

∑m
i=1 ℓ

MDL
i , combining Eqs. (A15) and

(A17) gives
LCDL ≥ (1− γβmax)LMDL. (A18)

The factor 1−γβmax is positive exactly when 1−γβmax > 0,
equivalently γβmax < 1. This completes the proof.

A.2 Proof of Proposition 1
Proposition 1 (Calibration is controlled by pseudo-label
confidence error). Fix the current training state. Assume that
p̂i and wi are measurable with respect to Gi = σ(Xi,Si). Then

Ecal ≤ Econf ≤ Epconf + δTV
w . (A19)

Proof. Since p̂i is Gi-measurable and the tie-breaking rule is
fixed, both ŷi and Ci are Gi-measurable. Moreover,

E [I{Yi = ŷi} | Gi] = ηi,ŷi
. (A20)

Using the tower property and the fact that Ci is Gi-
measurable gives

E [I{Yi = ŷi} | Ci] = E [ηi,ŷi
| Ci] . (A21)

Therefore, Jensen’s inequality yields

Ecal = E [|E [ηi,ŷi
− Ci | Ci]|] ≤ E [|ηi,ŷi

− Ci|] = Econf .
(A22)

For the second inequality, the triangle inequality gives

|ηi,ŷi
− Ci| ≤ |wi,ŷi

− Ci|+ |ηi,ŷi
− wi,ŷi

| . (A23)

Since total variation distance dominates the discrepancy of
every singleton event,

|ηi,ŷi
− wi,ŷi

| ≤ dTV(ηi,wi). (A24)

Combining Eqs. (A23) and (A24), and then taking expecta-
tions, gives

Econf ≤ Epconf + δTV
w . (A25)

The proof follows by combining Eqs. (A22) and (A25).

A.3 Proof of Theorem 2
Theorem 2 (Pseudo-label confidence alignment bound). As-
sume that p̂i is induced by finite logits, so that p̂i,c > 0 for all
c ∈ Y . Assume further that the relevant competitor set in CDL is
nonempty and that the CDL modulation satisfies λi ≥ λ0 > 0.
Then

Epconf ≤
√
2
(
λ−1
0 Rw

CDL −Hw

)
. (A26)

Consequently,

Ecal ≤ Econf ≤
√
2
(
λ−1
0 Rw

CDL −Hw

)
+ δTV

w . (A27)

Proof. Since Ci = p̂i,ŷi
, we have

|wi,ŷi − Ci| = |wi,ŷi − p̂i,ŷi | . (A28)

A single-coordinate discrepancy is bounded by the full ℓ1
distance:

|wi,ŷi
− p̂i,ŷi

| ≤
∑

c∈Y
|wi,c − p̂i,c| = ∥wi − p̂i∥1. (A29)

By Pinsker’s inequality,

∥wi − p̂i∥1 ≤
√
2KL(wi∥p̂i). (A30)

Combining Eqs. (A28), (A29), and (A30) gives

|wi,ŷi
− Ci| ≤

√
2KL(wi∥p̂i). (A31)

Taking expectations and applying Jensen’s inequality to the
concave square-root function yield

Epconf ≤
√
2E [KL(wi∥p̂i)]. (A32)

It remains to upper bound the expected KL divergence by
the CDL risk. Since wi,c = 0 for c /∈ Si and p̂i,c > 0, the
KL-entropy decomposition gives

KL(wi∥p̂i) = ℓMDL
i −H(wi). (A33)

Taking expectations gives

E [KL(wi∥p̂i)] = Rw
MDL −Hw. (A34)

Because ℓMDL
i ≥ 0 and λi ≥ λ0 > 0 almost surely,

Rw
MDL = E

[
ℓMDL
i

]
≤ λ−1

0 E
[
λiℓ

MDL
i

]
= λ−1

0 Rw
CDL. (A35)

Combining Eqs. (A32), (A34), and (A35) proves (A26). Fi-
nally, Eq. (A27) follows directly from Proposition 1. The
proof is complete.

A.4 Proof of Proposition 2
Proposition 2 (Gradient decomposition of CDL on differen-
tiable regions). Fix a training bag (Xi,Si), and let θ denote the
model parameters. Suppose that there is an open parameter region
U on which each p̂i,c(θ) is differentiable and strictly positive.
Assume that the top candidate label ui = argmaxc∈Si

p̂i,c(θ)
is uniquely attained and remains unchanged on U . For CDL-CC,
let Ci = Si \ {ui}; for CDL-CN, let Ci = S̄i. Assume that
Ci ̸= ∅ and that the competitor vi = argmaxc∈Ci

p̂i,c(θ) is also
uniquely attained and remains unchanged on U . Define

qi(θ) = p̂i,ui(θ), ϕi(θ) = p̂i,vi(θ), (A36)

βi(θ) = qi(θ)− ϕi(θ), λi(θ) =
(
1− βi(θ)

)γ
. (A37)

During the current gradient computation, regard the pseudo-label
weights wi as fixed, and write

ℓMDL
i (θ) = −

∑

c∈Si

wi,c log p̂i,c(θ), ℓCDL
i (θ) = λi(θ)ℓ

MDL
i (θ).

(A38)
Then, for every θ ∈ U ,

∇θℓ
CDL
i (θ) = λi(θ)∇θℓ

MDL
i (θ)

− γ
(
1− βi(θ)

)γ−1
ℓMDL
i (θ)∇θβi(θ).

(A39)

Proof. Fix an arbitrary θ ∈ U . Since the active top candidate
and the active competitor are fixed on U , the two max
operations reduce locally to ordinary coordinate projections:

max
c∈Si

p̂i,c(θ) = p̂i,ui(θ), max
c∈Ci

p̂i,c(θ) = p̂i,vi(θ). (A40)
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Consequently, the local margin is an ordinary differentiable
scalar function:

βi(θ) = p̂i,ui
(θ)− p̂i,vi(θ). (A41)

Taking the gradient of Eq. (A41) gives

∇θβi(θ) = ∇θp̂i,ui(θ)−∇θp̂i,vi(θ). (A42)

The positivity of the predictive probabilities ensures that the
logarithms in ℓMDL

i are well defined. Moreover, since ui and
vi are distinct labels and the predictive vector is a strictly
positive probability distribution, we have

1− βi(θ) = 1− p̂i,ui
(θ) + p̂i,vi(θ) > 0. (A43)

Hence λi(θ) =
(
1 − βi(θ)

)γ
is differentiable on U . By the

definition of CDL in the margin-modulated form,

ℓCDL
i (θ) = λi(θ)ℓ

MDL
i (θ). (A44)

Applying the product rule to Eq. (A44) yields

∇θℓ
CDL
i (θ) = λi(θ)∇θℓ

MDL
i (θ) + ℓMDL

i (θ)∇θλi(θ). (A45)

It remains to compute ∇θλi(θ). By the chain rule,

∇θλi(θ) = ∇θ

(
1− βi(θ)

)γ
= −γ

(
1− βi(θ)

)γ−1∇θβi(θ).
(A46)

Substituting Eq. (A46) into Eq. (A45) gives

∇θℓ
CDL
i (θ) = λi(θ)∇θℓ

MDL
i (θ)

− γ
(
1− βi(θ)

)γ−1
ℓMDL
i (θ)∇θβi(θ).

(A47)

This is Eq. (A39). When wi is detached during the current
optimization step, the MDL gradient appearing above is

∇θℓ
MDL
i (θ) = −

∑

c∈Si

wi,c∇θ log p̂i,c(θ)

= −
∑

c∈Si

wi,c

p̂i,c(θ)
∇θp̂i,c(θ).

(A48)

If one differentiates through the pseudo-label update itself,
the same product-rule identity still holds, but ∇θℓ

MDL
i (θ)

must then be interpreted as the full derivative, including
the derivatives of wi,c(θ). The ordinary-gradient statement
above is local: at exact ties of the top candidate or the com-
petitor, the max-based margin is generally not differentiable
and must instead be handled with subdifferentials.

A.5 Proof of Corollary 1
Corollary 1 (Logit-space effect of margin shaping). Fix a
training bag i. Let si,c ∈ R be the logit of class c, and let

p̂i,c =
exp(si,c)∑

a∈Y exp(si,a)
, c ∈ Y. (A49)

Assume that, in a neighborhood of the current logits, the top
candidate u and the competitor v are unique, distinct, and fixed.
Then βi = p̂i,u − p̂i,v is differentiable in this neighborhood, and

∂βi

∂si,u
= p̂i,u(1− p̂i,u + p̂i,v) > 0, (A50)

∂βi

∂si,v
= −p̂i,v(1 + p̂i,u − p̂i,v) < 0, (A51)

∂βi

∂si,c
= p̂i,c(p̂i,v − p̂i,u), c /∈ {u, v}. (A52)

Thus a positive step along ∇siβi locally increases the top-
candidate logit and decreases the active-competitor logit.

Proof. The local uniqueness assumption fixes the active
indices u and v, so no derivative of the max operator is
involved. For the softmax map,

∂p̂i,a
∂si,b

= p̂i,a
(
I{a = b} − p̂i,b

)
, a, b ∈ Y. (A53)

Using βi = p̂i,u − p̂i,v and u ̸= v, we obtain

∂βi

∂si,u
= p̂i,u(1− p̂i,u) + p̂i,up̂i,v = p̂i,u(1− p̂i,u + p̂i,v),

(A54)
∂βi

∂si,v
= −p̂i,up̂i,v − p̂i,v(1− p̂i,v) = −p̂i,v(1 + p̂i,u − p̂i,v),

(A55)
∂βi

∂si,c
= −p̂i,up̂i,c + p̂i,vp̂i,c = p̂i,c(p̂i,v − p̂i,u), c /∈ {u, v}.

(A56)

Since the logits are finite, all softmax probabilities are strictly
positive. Moreover,

1− p̂i,u + p̂i,v ≥ 2p̂i,v > 0, 1 + p̂i,u − p̂i,v ≥ 2p̂i,u > 0.
(A57)

The strict signs in Eqs. (A50) and (A51) follow immediately.

A.6 Proof of Lemma 1

Lemma 1 (Momentum recursion for candidate pseudo-label
margins). Fix a training bag (Xi,Si) and two candidate labels
u, v ∈ Si. For t = 2, . . . , T , define

p̃
(t)
i,c =

p̂
(t)
i,c∑

a∈Si
p̂
(t)
i,a

, M
(t)
i,uv = w

(t)
i,u−w

(t)
i,v , ∆

(t)
i,uv = p̃

(t)
i,u−p̃

(t)
i,v.

(A58)
Assume that the pseudo-label weights are updated by

w
(t)
i,c = α(t)w

(t−1)
i,c +

(
1− α(t)

)
p̃
(t)
i,c , c ∈ Si. (A59)

Then, for every t = 2, . . . , T ,

M
(t)
i,uv = α(t)M

(t−1)
i,uv +

(
1− α(t)

)
∆

(t)
i,uv. (A60)

Equivalently, with Aa:b =
∏b

τ=a α
(τ) and the empty product

defined as one,

M
(t)
i,uv = A2:tM

(1)
i,uv +

t∑

s=2

(
1− α(s)

)
As+1:t∆

(s)
i,uv. (A61)

Moreover,

∆
(s)
i,uv =

p̂
(s)
i,u − p̂

(s)
i,v∑

a∈Si
p̂
(s)
i,a

. (A62)

Thus past candidate prediction margins enter the current pseudo-
label margin through the momentum coefficients. If α(s) ∈ [0, 1]

for all s, then M
(t)
i,uv is a convex combination of M

(1)
i,uv and

∆
(2)
i,uv, . . . ,∆

(t)
i,uv .
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Proof. Applying Eq. (A59) to u and v, respectively, and
subtracting the two identities, we obtain

w
(t)
i,u − w

(t)
i,v = α(t)

(
w

(t−1)
i,u − w

(t−1)
i,v

)

+
(
1− α(t)

) (
p̃
(t)
i,u − p̃

(t)
i,v

)
.

(A63)

By the definitions of M (t)
i,uv and ∆

(t)
i,uv , this proves Eq. (A60).

Iterating Eq. (A60) from epoch 2 to epoch t gives

M
(t)
i,uv =

(
t∏

τ=2

α(τ)

)
M

(1)
i,uv

+
t∑

s=2

[
(
1− α(s)

)
(

t∏

τ=s+1

α(τ)

)
∆

(s)
i,uv

]
,

(A64)

which is Eq. (A61). Moreover, the identity Eq. (A62) follows
from Eq. (A58):

∆
(s)
i,uv = p̃

(s)
i,u − p̃

(s)
i,v =

p̂
(s)
i,u − p̂

(s)
i,v∑

a∈Si
p̂
(s)
i,a

. (A65)

Finally, if α(s) ∈ [0, 1], all coefficients in (A61) are nonnega-
tive. Their sum is(

t∏

τ=2

α(τ)

)
+

t∑

s=2

[
(
1− α(s)

)
(

t∏

τ=s+1

α(τ)

)]
= 1. (A66)

Hence (A61) is a convex combination, and the proof is
complete.

APPENDIX B
FURTHER EXPERIMENTAL ANALYSIS

B.1 Mechanisms Underlying the Effectiveness of CDL
The calibratable disambiguation loss (CDL) significantly
improves both classification and calibration performance
compared to baseline methods DEMIPL, ELIMIPL, and MI-
PLMA. To elucidate the reasons behind its effectiveness, we
analyze its impact on two critical components of MIPL ap-
proaches based on the embedded-space paradigm: feature
aggregation and label disambiguation.

B.1.1 Enhancing Feature Aggregation
To evaluate the impact on feature aggregation, we visual-
ize the bag-level feature representations, i.e., zi from Eq.
(13), for the baseline methods DEMIPL, ELIMIPL, MIPLMA,
and our proposed methods on the MNIST-MIPL dataset.
Unlike the standard MNIST dataset, which comprises 10
target classes, the MNIST-MIPL dataset focuses on 5 target
classes, with negative instances sourced from the remaining
5 classes [4]. For r = 1 and r = 2, DEMIPL, ELIMIPL,
and MIPLMA produce reasonably good results. However,
when r = 3, the feature representations aggregated by
the three methods become increasingly disordered, with
features from different classes becoming mixed. In contrast,
our methods consistently produce well-separated feature
representations for r ∈ {1, 2, 3}. Specifically, for r = 1
and r = 2, the class clusters are compact and distinctly
separable. Although the clusters are somewhat dispersed
at r = 3, our methods remain notably more distinct and
separable compared to those generated by the baseline
methods DEMIPL, ELIMIPL, and MIPLMA.

Therefore, the visualizations in Fig. A1 demonstrate that
our proposed CDL significantly improves the aggregation
of bag-level feature representations, resulting in more com-
pact and distinguishable clusters. This enhancement directly
contributes to superior classification performance.

B.1.2 Optimizing Label Disambiguation and Calibration
The disambiguation performance and calibration perfor-
mance of a model are directly influenced by its predicted
probabilities. As shown in Fig. 2, the baseline methods
DEMIPL, ELIMIPL, and MIPLMA generate low predicted
probabilities for true labels on the training set, leading to
poor calibration performance. In contrast, our methods yield
significantly higher predicted probabilities for true labels
compared to these baseline methods. To further investigate
the effect of CDL on predicted probabilities, we present
the average predicted probabilities for true labels (T-labels),
false-positive labels (FP-labels), and non-candidate labels
(NC-labels) on the training set of the C-KMeans dataset.

As illustrated in Fig. A2, for DEMIPL, ELIMIPL, and
MIPLMA, the probabilities for true labels are comparable
to those for false-positive labels. In contrast, our methods
achieve markedly higher probabilities for true labels com-
pared to false-positive labels. Although our methods also
show higher probabilities for false-positive labels relative to
DEMIPL, ELIMIPL, and MIPLMA, the proportion of proba-
bilities for false-positive labels relative to candidate labels
is substantially lower. Additionally, our methods achieve
significantly lower predicted probabilities for non-candidate
labels compared to the baseline methods.

According to the definition of CDL, there exists an in-
verse relationship between the maximum predicted prob-
abilities on candidate labels and the outcome of Φ(·). For
samples with high maximum predicted probabilities on can-
didate labels, the outcome of Φ(·) is relatively small, result-
ing in lower loss values for these samples. Samples with low
maximum predicted probabilities produce a larger outcome
of Φ(·), leading to higher loss values. As a result, the model
focuses more on these high-loss, low-margin cases and in-
creases their separability, which alleviates under-confidence.
When a bag becomes well separated, the modulation de-
creases and automatically limits further sharpening, which
helps mitigate over-confidence.

B.2 Parameter Sensitivity

In our proposed CDL, the only hyperparameter is the expo-
nential factor γ. Consistent with focal loss [5], [6], we treat
γ as a constant throughout our experiments. To evaluate
the sensitivity of our methods to γ, Fig. A3 presents the
accuracy and expected calibration error of DEMIPL, ELIM-
IPL, MIPLMA, and our six methods with γ ranging over
{1, 2, 3, 4, 5} on the C-R34-25 dataset.

Across all γ settings, our methods consistently
outperform DEMIPL, ELIMIPL, and MIPLMA in both
classification and calibration performance. As γ increases
from 1 to 5, we observe a general improvement in
calibration performance, though the gains diminish at
higher values. Notably, ELIMIPL and MIPLMA exhibit
greater robustness to variations in γ compared to DEMIPL,
likely due to their more sophisticated attention mechanisms,
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Fig. A1: t-SNE visualization of aggregated bag-level feature representations produced by the attention mechanisms in
DEMIPL [1], ELIMIPL [2], MIPLMA [3], and ours on the test set of the MNIST-MIPL dataset, which comprises five classes.
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Fig. A2: Probabilities at the last epoch on the training set
of the C-KMeans dataset. T-labels, FP-labels, and NC-labels
denote the average probabilities for true, false positive, and
non-candidate labels, respectively.

which provide better resistance to hyperparameter
fluctuations. Furthermore, the two CDL instantiations yield
comparable results, indicating that CDL’s effectiveness is
largely independent of the specific instantiation.

B.3 Comparison with FL and IFL
To evaluate the effectiveness of CDL compared to focal loss
(FL) and inverse focal loss (IFL), we integrate FL and IFL
into MAM, resulting in two variants: MAMFL and MAMIFL.
The corresponding loss functions are defined in Eqs. (5)
and (6), respectively, where the weights w

(t)
i,c of candidate

labels are initialized as w
(1)
i,c = 1

|Si| at t = 1 and up-
dated using Eq. (15). Therefore, the only distinction between
MAMFL/MAMIFL and our proposed MAMCC/MAMCN lies
in the exponential term of the loss functions.

Fig. A4 presents the classification accuracy and expected
calibration error of MIPLMA, MAMCC, MAMCN, MAMFL,
and MAMIFL on the Birdsong-MIPL and SIVAL-MIPL datasets,
with the number of false-positive labels r ∈ {1, 2, 3}. As
shown in Fig. A4, MAMFL and MAMIFL improve the cal-
ibration of MIPLMA by reducing ECE. However, this im-
provement comes at the expense of classification accuracy,
which declines more significantly as the number of false-
positive labels increases. Furthermore, both MAMFL and
MAMIFL underperform compared to our proposed CDL in

both classification and calibration. These findings indicate
that FL and IFL are insufficient for handling classification
and calibration challenges in MIPL.

B.4 Comparison with PLL Methods
We compare our methods with three popular PLL methods:
PRODEN [7], LWS [8], and POP [9]. PRODEN is a classical PLL
method based on deep learning that employs progressive
disambiguation loss to identify true labels from candidate
label sets. LWS introduces a weighted disambiguation loss
to refine the true labels. POP is an instance-dependent PLL
method that trains the classifier using progressive purifi-
cation of candidate labels. To adapt MIPL data for PLL
methods, we employ two strategies from the existing MIPL
literature [4] to convert MIPL data into PLL data. 1) Mean:
For each bag, we compute the average value of instances
in each feature dimension as the representative feature
value for that dimension. This strategy generates a holistic
feature vector that retains the same dimensionality as the
original instances. 2) MaxMin: We derive the maximum and
minimum values across all instances for each feature dimen-
sion and concatenate these values. This strategy produces a
holistic feature vector with a combined dimensionality of 2d.

Fig. A5 presents the classification accuracy and expected
calibration error of our six methods and the three PLL
methods on the CRC-MIPL dataset using ResNet-34 features.
Our methods consistently achieve the highest classification
accuracy and the lowest expected calibration error across
all three datasets. The results demonstrate that our methods
substantially outperform the comparative PLL methods.

B.5 CDL for PLL Methods
The proposed CDL is a plug-and-play loss function that can
be seamlessly incorporated into both MIPL and PLL frame-
works. To adapt CDL for PLL, we propose two variants for
POP [9], namely POP-CC and POP-CN. The POP-CC variant
integrates the first instantiation LCDL-CC into POP, whereas
POP-CN incorporates the second instantiation LCDL-CN.

Table A1 reports the classification accuracy and ECE
of these three methods on the CRC-MIPL datasets, using
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TABLE A1: Classification accuracy and expected calibration error (mean±std%) of POP, POP-CC, and POP-CN on the CRC-
MIPL datasets using ResNet-34.

C-R34-9 C-R34-16 C-R34-25
Mean MaxMin Mean MaxMin Mean MaxMin

Accuracy
POP 49.83±1.28 43.23±1.08 54.86±1.37 44.96±0.93 59.06±1.41 46.16±1.49
POP-CC 61.85±1.67 53.74±1.61 66.36±1.43 56.11±0.78 69.17±1.07 57.51±1.21
POP-CN 62.25±1.55 53.15±1.66 66.75±1.05 56.00±1.25 69.18±1.01 57.74±1.04

ECE
POP 25.01±1.43 29.74±2.01 22.00±1.22 28.87±1.23 19.49±1.52 27.26±1.41
POP-CC 16.91±2.14 18.50±2.21 13.90±1.38 16.98±1.54 12.94±1.27 16.29±1.53
POP-CN 16.66±1.45 19.53±1.83 13.70±1.31 17.13±1.71 13.08±1.05 16.35±1.60
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Fig. A4: Classification accuracy and expected calibration
error (mean and std) of MIPLMA, MAMCC, MAMCN,
MAMFL, and MAMIFL on the Birdsong-MIPL (a, b) and
SIVAL-MIPL (c, d) datasets.

features extracted by ResNet-34. Both variants significantly
outperform the vanilla POP, achieving higher classification
accuracy and lower expected calibration error, highlighting
the effectiveness of CDL in improving both classification
and calibration. Notably, the accuracy and expected cali-
bration error of POP-CC and POP-CN are highly similar,
indicating that both CDL instantiations are equally effective
in enhancing POP’s classification and calibration capability.
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feature extractor.

B.6 Additional Robustness Analysis

Following the taxonomy of [10], we explicitly distinguish
class noise and attribute noise in MIPL, and we include both
a discussion and controlled experiments to substantiate the
robustness of our method.
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Fig. A6: Classification accuracy and expected calibration error of MIPLMA, MAMCC, and MAMCN on the SIVAL-MIPL
dataset (r = 1) with varying class noise and attribute noise.
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Fig. 4. Runtime of training and testing on the MNIST-MIPL dataset (r = 1) as a function of the ratio of the full training samples.Fig. A7: Runtime of training and testing on the MNIST-MIPL dataset (r = 1) versus the fraction of full training samples.

MIPL naturally contains noise in both spaces: the candi-
date label set is ambiguous and contains false positives; and
each bag contains many irrelevant/background instances,
and the informative instances are unknown and can be
sparse, which introduces instance-level outliers. To quan-
titatively evaluate robustness under different noise sources,
we conduct experiments on the SIVAL-MIPL dataset with
r = 1 and consider two perturbations: (i) Class noise. We
randomly select an α proportion of bags and remove the
ground-truth label from their candidate label sets, so that
these bags are associated with only false-positive labels.
We vary α ∈ {0, 0.1, 0.2, 0.3, 0.4, 0.5}. Note that this is a
stringent test that violates the standard MIPL assumption
that the true label is included in the candidate label set,
and it simulates severe label noise. (ii) Attribute noise.
We randomly drop a β proportion of instances in each
bag, which may remove informative instances (including
positive ones) and thus increases the difficulty of the bag.
We vary β ∈ {0, 0.1, 0.2, 0.3, 0.4, 0.5}.

Fig. A6 reports the accuracy and ECE of MIPLMA,
MAMCC, and MAMCN. Under both class noise and attribute
noise, our methods consistently achieve higher or compara-
ble accuracy and much lower ECE than the baselines. For
example, under severe class noise (α = 0.5), all methods
degrade in accuracy, but MAMCC and MAMCN remain
noticeably better calibrated (ECE ≈ 35% vs. ≈ 80% for
MIPLMA) and retain slightly higher accuracy. Under severe
attribute noise (β = 0.5), MAMCC and MAMCN maintain
accuracy around 65% while keeping ECE around 20%,
whereas MIPLMA exhibits substantially worse calibration
(ECE ≈ 70%). Interestingly, removing a small number of
instances may improve performance or leave it unchanged.
We speculate that this is because randomly removing some
uninformative instances allows the model to focus more on
learning from informative ones. Since informative instances
are sparse in MIPL, increasing the removal ratio degrades
the model’s performance. Overall, these results support our
robustness claim: CDL improves not only classification per-

formance but also, importantly, calibration when the data
contain class noise and attribute noise. This observation is
also consistent with our theoretical analysis that CDL acts
as an adaptive regularizer and alleviates poor calibration
arising from ambiguous supervision.

B.7 Scalability Experiments
We conduct additional scalability experiments by progres-
sively increasing the training set size from 10% to 100% of
the full training samples. As shown in Fig. A7, the runtime
of all methods increases in an approximately linear manner
with respect to the proportion of training samples. More-
over, the curves of our methods remain nearly parallel to
those of their corresponding baselines, suggesting that our
methods preserve the same asymptotic scaling trend with
respect to data size as the comparative methods. In addition
to the scalability curves, we summarize the computational
and resource costs in Table A2, including floating point
operations (FLOPs), number of parameters (Params), max-
imum GPU memory usage (MM), total runtime (Runtime)
for training and testing, and the average accuracy (Acc) over
10 runs. Notably, all methods have identical FLOPs (95.58M)
and parameter counts (0.13M), indicating that our methods
do not increase the model size or theoretical computational
complexity. In practice, our methods incur only modest
overhead relative to the corresponding baselines, the maxi-
mum GPU memory increases by approximately 1.2%–2.1%,
and the total runtime increases by about 12.5%–19.5% when
using the full training set. Overall, these results demonstrate
that our method scales favorably with increasing training
data and exhibits good scalability in terms of both runtime
growth and resource consumption.

B.8 Statistical Comparison
To systematically compare the performance of our meth-
ods and the compared methods, we employ the Friedman
test [11], a widely used nonparametric procedure for com-
paring multiple methods across multiple datasets. Given l
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TABLE A2: The computational costs on the MNIST-MIPL (r = 1) with full training set.

Algorithm FLOPs (M) Params (M) MM (MiB) Runtime (s) Acc
DEMIPL 95.58 0.13 1822 198.47 97.60±0.80%
DAMCC (ours) 95.58 0.13 1858 237.11 99.33±0.52%
DAMCN (ours) 95.58 0.13 1858 235.65 99.40±0.55%
ELIMIPL 95.58 0.13 1824 207.47 99.20±0.65%
SAMCC (ours) 95.58 0.13 1863 243.40 99.80±0.43%
SAMCN (ours) 95.58 0.13 1863 246.16 99.73±0.44%
MIPLMA 95.58 0.13 1848 218.86 98.47±1.03%
MAMCC (ours) 95.58 0.13 1870 246.16 99.93±0.20%
MAMCN (ours) 95.58 0.13 1870 251.02 99.93±0.20%

TABLE A3: Summary of the Friedman statistics FF (l =
11, N = 19) and the critical value in terms of each eval-
uation metric (l: # comparing methods; N : # datasets).

Evaluation metric FF critical value (α = 0.05)
Accuracy 116.6938 1.8836Expected calibration error 50.3444

1

Calibratable Disambiguation Loss for
Multi-Instance Partial-Label Learning

Wei Tang, Yin-Fang Yang, Weijia Zhang, and Min-Ling Zhang, Senior Member, IEEE

Abstract—Multi-instance partial-label learning (MIPL) is a weakly supervised framework that extends the principles of multi-instance
learning (MIL) and partial-label learning (PLL) to address the challenges of inexact supervision in both instance and label spaces.
However, existing MIPL approaches often suffer from poor calibration, undermining classifier reliability. In this work, we propose a plug-
and-play calibratable disambiguation loss (CDL) that simultaneously improves classification accuracy and calibration performance. The
loss has two instantiations: the first one calibrates predictions based on probabilities from the candidate label set, while the second
one integrates probabilities from both candidate and non-candidate label sets. The proposed CDL can be seamlessly incorporated into
existing MIPL and PLL frameworks. We provide a theoretical analysis that establishes the lower bound and regularization properties of
CDL, demonstrating its superiority over conventional disambiguation losses. Experimental results on benchmark and real-world datasets
confirm that our CDL significantly enhances both classification and calibration performance.

Index Terms—Multi-instance partial-label learning, partial-label learning, disambiguation loss, model calibration.

✦

TABLE 1
Summary of the Friedman statistics FF (l = 11, N = 19) and the
critical value in terms of each evaluation metric (l: # comparing

methods; N : # datasets).

Evaluation metric FF critical value (α = 0.05)
Accuracy 116.6938 1.8836Expected calibration error 50.3444

1234567891011

SAMCC

PROMIPL

MIPLMA

ELIMIPL

DEMIPL

MAMCN

DAMCN

MAMCC

SAMCN

FASTMIPL

DAMCC

(a) Accuracy

1234567891011

FASTMIPL

DEMIPL

ELIMIPL

MIPLMA

PROMIPL

MAMCC

MAMCN

SAMCC

DAMCN

DAMCC

SAMCN

(b) Expected calibration error

Fig. 1. Critical difference (CD) diagrams comparing the proposed meth-
ods (in red) with the baseline methods using the Nemenyi test. Methods
that are not connected in the CD diagram are regarded as having
significantly different performance at significance level α = 0.05.

• Wei Tang, Yin-Fang Yang, and Min-Ling Zhang are with the School
of Computer Science and Engineering, Southeast University, Nanjing
210096, China, and the Key Laboratory of Computer Network and In-
formation Integration (Southeast University), MoE, China.
E-mail: {tangw, yangyf, zhangml}@seu.edu.cn.

• Weijia Zhang is with the School of Information and Physical Sciences, The
University of Newcastle, Callaghan, NSW 2308, Australia.
E-mail: weijia.zhang@newcastle.edu.au.

• Corresponding author: Min-Ling Zhang.

To systematically compare the performance of the com-
peting methods, we employ the Friedman test [1], a widely
used nonparametric procedure for comparing multiple
methods across multiple datasets. Given l methods and
N datasets, let ri,j denote the rank of the j-th method
on the i-th data set (mean ranks are assigned in case of
ties). The average rank of method j is Rj = 1

N

∑N
i=1 ri,j .

Under the null hypothesis that all methods have equivalent
performance, the Friedman statistic FF is approximately F -
distributed with (l−1) and (l−1)(N−1) degrees of freedom
in the numerator and denominator, respectively:

FF =
(N − 1)χ2

F

N(l − 1)− χ2
F

, (1)

where

χ2
F =

12N

l(l + 1)




l∑

j=1

R2
j −

l(l + 1)2

4


 . (2)

Table 1 reports the Friedman statistics FF and the cor-
responding critical values for both accuracy and expected
calibration error. At significance level α = 0.05, the null
hypothesis of equal performance among the competing
methods is rejected for all metrics. This implies that at
least one method performs differently from the others, and
therefore a post-hoc analysis is required to characterize the
relative performance of individual methods.

To this end, we apply the Nemenyi test [2], which
compares all pairs of methods based on their average ranks
(smaller ranks correspond to better performance). In this
test, the absolute difference between the average ranks of
two methods is compared with the critical difference (CD):

CD = qα

√
l(l + 1)

6N
, (3)

where qα is the critical value of the Studentized range
statistic for significance level α.
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To systematically compare the performance of the com-
peting methods, we employ the Friedman test [1], a widely
used nonparametric procedure for comparing multiple
methods across multiple datasets. Given l methods and
N datasets, let ri,j denote the rank of the j-th method
on the i-th data set (mean ranks are assigned in case of
ties). The average rank of method j is Rj = 1

N

∑N
i=1 ri,j .

Under the null hypothesis that all methods have equivalent
performance, the Friedman statistic FF is approximately F -
distributed with (l−1) and (l−1)(N−1) degrees of freedom
in the numerator and denominator, respectively:

FF =
(N − 1)χ2

F

N(l − 1)− χ2
F

, (1)

where

χ2
F =

12N

l(l + 1)


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l∑
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j −

l(l + 1)2
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Table 1 reports the Friedman statistics FF and the cor-
responding critical values for both accuracy and expected
calibration error. At significance level α = 0.05, the null
hypothesis of equal performance among the competing
methods is rejected for all metrics. This implies that at
least one method performs differently from the others, and
therefore a post-hoc analysis is required to characterize the
relative performance of individual methods.

To this end, we apply the Nemenyi test [2], which
compares all pairs of methods based on their average ranks
(smaller ranks correspond to better performance). In this
test, the absolute difference between the average ranks of
two methods is compared with the critical difference (CD):

CD = qα

√
l(l + 1)

6N
, (3)

where qα is the critical value of the Studentized range
statistic for significance level α.

Fig. A8: Critical difference (CD) diagrams comparing the
proposed methods (in red) with the baseline methods using
the Nemenyi test. Methods that are not connected in the
CD diagram are regarded as having significantly different
performance at significance level α = 0.05.

methods and N datasets, let ri,j denote the rank of the j-th
method on the i-th dataset (mean ranks are assigned in case
of ties). The average rank of method j is Rj = 1

N

∑N
i=1 ri,j .

Under the null hypothesis that all methods have equivalent
performance, the Friedman statistic FF is approximately F -
distributed with (l−1) and (l−1)(N−1) degrees of freedom
in the numerator and denominator, respectively:

FF =
(N − 1)χ2

F

N(l − 1)− χ2
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, (A67)

where
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l(l + 1)
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R2
j −

l(l + 1)2

4


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Table A3 reports the Friedman statistics FF and the cor-
responding critical values for both accuracy and expected
calibration error. We exclude MIPLGP from the statistical
significance analysis because computational constraints pre-
vent its evaluation across multiple datasets. At significance
level α = 0.05, the null hypothesis of equal performance
among the competing methods is rejected for all metrics.
This implies that at least one method performs differently

from the others, and a post-hoc analysis is required to char-
acterize the relative performance of individual methods.

To this end, we apply the Nemenyi test [12], which
compares all pairs of methods based on their average ranks
(smaller ranks correspond to better performance). In this
test, the absolute difference between the average ranks of
two methods is compared with the critical difference (CD):

CD = qα

√
l(l + 1)

6N
, (A69)

where qα is the critical value of the Studentized range
statistic for significance level α.

In our experimental setting, we have qα = 3.219 at
significance level α = 0.05, yielding CD = 3.4638 (with
l = 11 and N = 19). Consequently, the performance
of two methods is deemed significantly different if their
average ranks over all datasets differ by at least one CD.
To visualize the relative performance of the proposed and
baseline methods, Fig. A8 shows the CD diagrams for both
accuracy and expected calibration error. Each method is
positioned on the axis according to its average rank. Any
pair of methods whose average ranks differ by less than one
CD is connected by a thick horizontal line, indicating that
their performances are not significantly different at level
α = 0.05. Conversely, methods that are not connected are
regarded as having significantly different performance.

From the CD diagrams and the accompanying statis-
tics, we make the following observations: 1) The proposed
methods obtain the best accuracy in 78.95% of the cases.
Most proposed variants appear on the right side of the CD
diagram and form a single connected group, which indicates
top average ranks with no significant differences within the
group. Most baselines lie to the left and are not connected
to this group, implying significantly worse accuracy. An
exception is FASTMIPL, whose rank is comparable to the
top group. In contrast, SAMCC and DAMCC do not signif-
icantly outperform several baselines. These patterns show
that accuracy gains are not uniform across all variants. 2)
The proposed methods achieve the lowest ECE in 94.74%
of the cases. We can observe a clearer separation in the CD
diagram. All proposed methods are grouped on the far right
and are disconnected from the baseline cluster on the left.
This pattern indicates statistically significant improvements
in calibration for every proposed method relative to all
baselines, whereas differences within the proposed methods
are not statistically significant.

Overall, the CD diagrams show that our methods deliver
consistently better calibration and competitive, often supe-
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Fig. 3. Classification accuracy and expected calibration error of MIPLMA, MAMCC, and MAMCN on the SIVAL-MIPL dataset with varying class
noise and attribute noise.
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Fig. 4. Runtime of training and testing on the MNIST-MIPL dataset (r = 1) as a function of the ratio of the full training samples.
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rior, accuracy compared with the baselines on the bench-
mark and real-world datasets.

APPENDIX C
ENGINEERING CASE STUDY

C.1 Engineering Impact of Patch Granularity on the
CRC-MIPL

In practical pathology pipelines, a common engineering
decision is the patch granularity used to represent a slide
as a multi-instance bag: using more patches can capture
finer tissue heterogeneity, but also increases the bag size
and may change the confidence behavior of the model.
To examine the performance on the CRC-MIPL dataset, we
adopt the ResNet-34 to learn patch-based features and
vary the number of non-overlapping patches per image as
N ∈ {9, 16, 25}, yielding C-R34-9, C-R34-16, and C-R34-25.

Fig. A9 summarizes how both classification and cali-
bration performance evolve as the patch granularity in-
creases. From an engineering perspective, increasing N con-
sistently improves classification accuracy across methods,
indicating that finer patch representations provide more
informative bag evidence for colorectal cancer (CRC) clas-
sification. However, the same increase in granularity can
make disambiguation-only baselines less reliable in terms
of calibration. As shown in Fig. A9 (b,d), while their ac-
curacies improve, their ECE grows notably as N increases,
suggesting that their confidence scores become less suitable
for downstream confidence-based decisions. In contrast, our
CDL-based variants maintain low and stable ECE across all
N while achieving higher accuracy. This behavior is desir-
able in engineering deployments, where calibrated confi-
dence is needed for confidence-aware operation modes such
as triaging low-confidence cases to human review, setting
safe decision thresholds, or prioritizing uncertain samples
for further inspection. Overall, this study shows that CDL
enables practitioners to benefit from finer patch granularity
without sacrificing confidence reliability, strengthening its
applicability to real CRC pathology pipelines.

We recommend selecting N based on a three-way trade-
off among (i) accuracy gain, (ii) calibration reliability (ECE),
and (iii) computational budget. A practical rule is to increase
N until accuracy improvements begin to saturate while ECE
remains acceptable for the intended operating mode. In our
CRC pipeline, larger N provides consistent accuracy gains;
with CDL, calibration remains stable, so N can be chosen
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Fig. 5. Classification accuracy and expected calibration error of MIPLMA, MAMCC, and MAMCN on the C-R34-25 dataset with varying top-k%
predictions.

Fig. A10: Classification accuracy and expected calibration
error of MIPLMA, MAMCC, and MAMCN on the C-R34-25
dataset with varying top-k% predictions.

primarily by the desired throughput. On a single NVIDIA
RTX 3090 GPU, our training time is approximately 39.97,
41.34, and 43.31 minutes for N = 9, 16, 25, respectively,
and CDL incurs only about ∼10% runtime overhead over
the corresponding disambiguation-only baselines. There-
fore, when resources allow, N = 25 is a strong default to
maximize accuracy; N = 16 offers a favorable trade-off
between performance and cost; and N = 9 can be used
when throughput is the dominant constraint.

C.2 Confidence-Based Triage on the C-R34-25 via Top-
k% Predictions

In engineering deployments of pathology-style MIPL sys-
tems, a common operating mode is confidence-aware deci-
sion making: the model automatically reports only the most
confident predictions, while low-confidence cases are de-
ferred for further review. To assess whether a model’s confi-
dence is practically actionable, we analyze classification and
calibration on the top-k% most confident predictions.

For each test bag in the C-R34-25 dataset, we compute
the predictive confidence s = maxc p̂c (maximum predicted
class probability), and rank all test bags by s in descend-
ing order. For k ∈ {10, 20, . . . , 100}, we retain the top-
k% predictions and evaluate: (i) Accuracy@Top-k% and (ii)
ECE@Top-k% on the retained subset. This evaluation directly
reflects how reliable the model is on uncertain cases.

Fig. A10 compares MIPLMA with our CDL-enhanced
variants MAMCC and MAMCN. Two observations are most
relevant for triage. First, MAMCC and MAMCN achieve
markedly higher Accuracy@Top-k% in the low-coverage
regime (e.g., top-10% and top-20%) and then decrease
smoothly as k increases, suggesting that CDL yields a
more informative confidence ranking: the most confident
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predictions are substantially more likely to be correct. Sec-
ond, MAMCC and MAMCN maintain consistently low ECE
across k, indicating that their probability estimates remain
numerically reliable for thresholding and downstream de-
cision policies. In contrast, MIPLMA exhibits both lower
Accuracy@Top-k% and much larger ECE, implying that
its confidence scores are less effective for filtering and are
poorly aligned with empirical correctness. This trend aligns
with the under-confident behavior observed for MIPL base-
lines in the reliability analysis (as shown in Fig. 2).

In deployment, one can choose an operating point k or
a confidence threshold τ according to the desired safety-
throughput trade-off: (i) use Accuracy@Top-k% to estimate
the expected correctness of auto-reported cases (risk ≈
1− Accuracy@Top-k%), and (ii) use ECE@Top-k% to assess
whether the reported confidence scores can be trusted for
thresholding and risk communication. Then, the system
auto-reports the top-k% predictions or those with s ≥ τ and
routes the remaining low-confidence cases to human review
or further testing. Because MAMCC and MAMCN achieve
high accuracy at low coverage and low ECE across operat-
ing points, they enable safer and more reliable confidence-
based triage on CRC pathology data than MIPLMA.
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