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Abstract

In multi-instance partial label learning (MIPL), each sample
is a bag of multiple instances linked to a candidate label set
containing one true and multiple false labels, yielding inexact
supervision in both instance features and label space. How-
ever, existing works adopt decoupled approaches that focus
exclusively on either instance-level feature fusion or label-
level disambiguation, failing to fully exploit the intrinsic de-
pendencies between these two spaces. To overcome this limi-
tation, graph-based methods are widely recognized as a pow-
erful paradigm in weakly supervised learning, yet their suc-
cess hinges on reliable features—precisely what MIPL lacks
due to instance-level noise. To bridge this gap, we propose
DualG, a novel framework that simultaneously addresses fea-
ture learning and label disambiguation through dual-level
graph propagation. Specifically, we construct dual relevance
graphs at both the bag and instance levels. At the bag level,
we build a similarity graph based on fused feature representa-
tions; at the instance level, we employ attention scores to fil-
ter out irrelevant instances and construct a reliable instance-
level relevance graph. These complementary graphs enable
our joint label disambiguation framework to simultaneously
address inexact supervision signals in both instance space and
label space. Experimental results on five benchmark datasets
demonstrate that DualG outperforms existing MIPL and par-
tial label learning methods, validating its effectiveness and
superiority. Source code is available at

Code — https://github.com/hzzhuzhen/DualG

1 Introduction

Deep learning techniques have achieved remarkable success
by leveraging large-scale labeled training data (Taye 2023;
Dong, Wang, and Abbas 2021). However, in real-world ap-
plications, supervision signals often suffer from inexactness,
where feature-label alignment is coarse-grained. This mani-
fests in two complementary aspects: instance-level inexact-
ness—where multiple instances form a single bag (Multi-
Instance Learning, MIL) (Ilse, Tomczak, and Welling 2018;
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Cui et al. 2023)—and label-level inexactness—where a sam-
ple associates with multiple candidate labels (Partial La-
bel Learning, PLL) (Hiillermeier and Beringer 2005). Crit-
ically, these two challenges frequently co-occur, giving rise
to Multi-Instance Partial-Label Learning (MIPL). Medical
imaging exemplifies this dual inexact supervision (Lu et al.
2021; Campanella et al. 2019): each diagnostic image (a
“bag” of regions) typically receives a set of plausible diag-
noses rather than a definitive label to reduce annotation bur-
den. Despite its practical significance in weakly supervised
learning (Zhou 2018; Han et al. 2018; Berthelot et al. 2019;
Ishida et al. 2017; Wei et al. 2022; Xie and Huang 2021;
Lyu et al. 2021), existing MIPL methods (Tang, Zhang, and
Zhang 2024b, 2023) adopt decoupled approaches that focus
exclusively on either instance-level feature fusion or label-
level disambiguation, failing to exploit intrinsic dependen-
cies between these two spaces and consequently suffering
from error propagation.

Fortunately, graph-based disambiguation techniques
present a promising direction, having widely recognized as
a powerful paradigm in weakly supervised learning through
their fundamental assumption that neighboring instances in
feature space share consistent labels. However, their direct
application to MIPL is fundamentally challenged by the
fundamental conflict between required feature reliability
and inherent instance ambiguity—where noisy instances
distort neighborhood structures and compromise graph con-
struction. This critical conflict explains why graph-based
approaches remain largely unexplored in MIPL despite their
success elsewhere, directly motivating our investigation into
the feasibility of graph-learning in MIPL.

To bridge this gap, we propose a novel framework named
Dual Graph Disambiguation for Multi-Instance Partial-
Label Learning (dubbed DualG), which is motivated by the
demonstrated success of graph learning techniques in the
field of label disambiguation (Wang, Li, and Zhang 2019).
DualG extends this powerful graph-learning paradigm to the
more complex multi-instance setting of MIPL, tightly inte-
grating representation learning with label disambiguation.
Specifically, DualG constructs dual relevance graphs at both
the bag and instance levels. At the bag level, a similarity



graph is built based on fused feature representations, ef-
fectively capturing global bag-to-bag relationships. Concur-
rently, at the instance level, attention scores are employed
to globally filter out irrelevant instances, and an instance-
level reliable relevance graph is constructed, modeling fine-
grained instance-to-instance relationships within and poten-
tially across bags. These complementary graphs enable a
joint label disambiguation framework to simultaneously ad-
dress inexact supervision signals in both the instance space
and the label space.

We comprehensively evaluate DualG on various MIPL
benchmarks and real-world datasets, which demonstrates
that DualG outperforms state-of-the-art MIPL and PLL
methods, validating its effectiveness and superiority in han-
dling dual inexact supervision. Specifically, across 5 dif-
ferent benchmarks with 16 different settings, our method
achieves average absolute performance gains of 1.63% in
ACC with the same or less computing resource.

2 Related Work

Multi-Instance Learning. Originating from drug activity
prediction (Dietterich, Lathrop, and Lozano-Pérez 1997),
multi-instance learning (MIL) has been widely applied
in various domains, including text classification (Zhang
et al. 2025; Zhou, Sun, and Li 2009) and image annota-
tion (Zheng, Jiang, and Yao 2024; Jin et al. 2025; Zhang
2021). Modern deep MIL methods predominantly rely on
attention mechanisms (Wang et al. 2022; Tan et al. 2023;
Ilse, Tomczak, and Welling 2018). Although these methods
achieve promising results under the assumption of precise
bag-level labels, they face challenges when learning with
ambiguous bag-level annotations.

Partial-Label Learning. Recent advances in Partial La-
bel Learning (PLL) heavily rely on deep learning tech-
niques (Wang et al. 2025). Among them, recognition-based
strategies aim to identify the true label from the candidate
label set (Lv et al. 2024; Tian et al. 2024; Yao et al. 2020).
In contrast, average-based strategies assume equal contribu-
tion from all candidate labels and treat candidate label aver-
ages as predictions (Lv et al. 2023). Another line of research
focuses on generative modeling, explicitly modeling par-
tial label-ground-truth relationships to obtain theoretically
grounded loss functions (Qiao, Xu, and Geng 2023; Feng
et al. 2020; Feng and An 2019). Graph-based methods ex-
ploit the local manifold structure in the feature space to as-
sist in label disambiguation, showing strong performance in
PLL (Feng and An 2018; Zhang and Yu 2015; Zhang, Zhou,
and Liu 2016). However, these approaches generally lack
the capability to handle multi-instance bags, limiting their
applicability in complex weakly supervised scenarios.

Multi-Instance Partial-Label Learning. Due to conven-
tional MIL and PLL addressing only one aspect of inex-
act supervision (Tang et al. 2024; Yang, Tang, and Zhang
2024, 2025; Tang, Zhang, and Zhang 2024a), MIPL has re-
cently attracted significant attention for handling dual forms
of supervision uncertainty. Current approaches like MI-
PLGP (Tang, Zhang, and Zhang 2024b) introduce a Gaus-
sian process-based algorithm, and DEMIPL (Tang, Zhang,
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and Zhang 2023) aggregates each multi-instance bag into a
feature representation with a momentum-based disambigua-
tion strategy. Both of them primarily rely on mapping in-
stances to candidate label sets, yet fail to fully exploit the
intrinsic relationships between label spaces and bag-level
feature representations. Although graph-based disambigua-
tion shows promise for conventional tasks, its application in
MIPL is hindered by instance ambiguity. We demonstrate
that dual-level graph modeling effectively resolves dual in-
exact supervision while maintaining robustness to instance-
level ambiguity.

3 Methodology
3.1 Problem Formulation

In this study, we define a MIPL training dataset as D =
{(X;,5:) | 1 < i < m}, where D contains m multi-
instance bags and their corresponding candidate label sets.

* X, = {x;1,%i2,...,%; o, ; contains n; instances in d-
dimensional space, i.e., x; ; € R4

 S; C Y is the associated candidate label set, where
= {1,2,3,..., K} is the complete set of K classes.
This candidate set S; is guaranteed to contain exactly one
ground-truth label, denoted as ¥, along with other false
positive labels.

Instance-Level feature extraction. For a given multi-
instance bag X; = {w;1,®i2,...,T;n,} containing n;
instances, the instance-level feature representation H;
{hi1,hiz2,...,h;pn,} is learned using a feature extractor
¢(-) that h; ; = ¢(x; ;). All features are mapped into a
shared embedding space of dimensionality /.

Bag-Level Fusion Mechanism. Regarding bag-level fu-
sion, we adopt the approach from (Tang, Zhang, and Zhang
2023) by employing an attention mechanism to determine
instance contributions and derive aggregated feature repre-
sentations. Specifically, we first calculate the relevance of
each instance to all classes through instance-level attention.

d;; = tanh (W, h; ; + b,) © sigm (W] h; j +b,) (1)

Subsequently, these relevance scores are transformed into
contribution weights for constructlng the bag-level feature
representatlon Qj,j TFexpi= WT s where W' ¢

R>E W, W, e RE*? and b,, b € R¥ are param-
eters of linear models At the end, we obtain the bag-level

representation z; = ﬁ iy aijhi .

3.2 Dual Graph Construction for Pseudo-Label

Graph-based disambiguation strategies have demonstrated
effectiveness in label disambiguation tasks (Wang et al.
2019; Li, Lyu, and Feng 2021; Zhang and Fang 2020). How-
ever, these methods cannot be directly applied to MIPL tasks
due to dual-level ambiguities requiring simultaneous resolu-
tion. To address this challenge, we propose dual relevance
graphs at both bag and instance levels. This approach ex-
plicitly models dependencies between instances within bags
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Figure 1: The framework of DualG.

and across bags, enabling precise resolution of dual inex-
act supervision signals to generate reliable pseudo-labels for
model updating.

Bag-level Similarity Graph. To obtain the bag-level sim-
ilarity graph G®%, we adopt single kernel (Iscen et al. 2017)
as a similarity measure and compute a sparse instance affin-
ity matrix U € R™*", where each element is defined as:

max (2, z;,0)”, ifi# jandj € Ni(2),
Ui = .
0, otherwise,

2
where z; and z; denote the features of bags 4 and j, respec-
tively. AV/(2z;) denotes the set of K-nearest neighbors of z;.
p > 0 controls the weight of similarity. The bag-level feature
graph is obtained by symmetrization: G**¢ = U + U ".

Instance-level Relevance Graph. However, constructing
graph solely based on bag-level features tends to bring about
suboptimal label disambiguation, as bags inevitably con-
tain noisy instances in multi-instance learning. As a com-
plementary strategy, we globally filter out low-confidence
instances using attention scores, thereby modeling reliable
instance-level relationships both within individual bags and
across potentially multiple bags. Specifically, we filter out
low-confidence sample as:

m
Sclean = {(Lj)‘Rank(i,j) < ’—T : Z nb—‘ }7 3)
b=1
where Rank; ;) denotes the descending-order ranking of at-
tention scores across all instances and [-] is the ceiling func-
tion. In practical applications, we set the hyperparameter r
to 0.75. For (4, 7), (¢'5") € Sciean» We calculate similarity be-
tween key instances similarly:

T (oa
Viig)(irgry = max (b jhir jr,0)" - 16 jyagir jry,  (4)

where o > 0 controls the weight of similarity. Subsequently,
we obtain the instance-level graph G'™ = V + V7 through
symmetrization.
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Graph-Induced Label Confidence Estimation. We for-
mulate label confidence estimation as an optimization prob-
lem that simultaneously preserves graph structure consis-
tency and respects MIPL constraints. The objective function
comprises four complementary components:

First, a label consistency term ensures alignment with

N 2 ~
current pseudo-label estimates: HY -Y'|| ,whereY €
F

R"™** is the predicted label matrix, Y’ represents current
pseudo-label estimates and more details can be found in fol-
lowing section, and || - ||  denotes the Frobenius norm.
Second, we incorporate dual-level graph regularization
to enforce smoothness across both bag and instance struc-
tures. For the bag-level graph G with Laplacian Ly, =

I— Db_ag% Gbangag (where Dy, = diag [dtlydg’ o dtr’fg} is

the degree matrix), we apply Laplacian regularization:

—1
2

Riag(Y) = tr(Y T Ly, Y), 5)

which penalizes label discrepancies between similar bags.
Similarly, we also calculate Laplacian regularization on
G Rips(Y) = tr(Y T LinY).

Combining these components, our complete objective
function becomes:

~ N 2
JY,Y') =1 HY ~Y| 4+ BRue(Y) +7Rin(Y), (©)

where 7, 3, are hyperparameters balancing the contribu-
tions of each term. This formulation jointly optimizes for
label consistency, graph-structural smoothness, and MIPL-
specific constraints.

Pseudo-Label Update. Based on the above learning ob-
jective, we employ label propagation on dual-level graphs to
generate reliable pseudo-labels for model updates. Specifi-
cally, we maintain a smooth pseudo-label matrix P, which
minimizes propagation error while approximating the model
output Y. During label propagation, information from cur-
rent pseudo-label Y’ and model predictions Y is diffused



into an intermediate state. We use the Frobenius norm to en-
sure the closeness of P and Y for label smoothness , so that
P is estimated by the following objective:

1 A
%p&ﬂP%:ﬂP—yw%+ﬂPjﬂ. (7)

The gradient of this objective for P can be derived as:

0Lip
oP

= (14+20)P + 20Lyg P+ 28Lins P — (Y +27Y").
(®)

Therefore, pseudo-label generation is solved through gra-
dient descent updates:

OLLp(P)

orP
where each pseudo-label update involves ¢ round gradient
descent steps with learning rate ; > 0, ensuring empir-
ical convergence to stable label distributions through pro-
gressive sharpening of candidate label assignments. Finally,
combined with binary mask of candidate label set S, we ob-
tain the pseudo-label estimates: Y’ = ;82‘ .

P=P )

3.3 Model Updating

Building upon the pseudo-labels obtained in the previous
section, we formulate a joint loss function that addresses
both feature learning and label disambiguation to effectively
address the dual inexact supervision inherent in MIPL.

Loss for Feature Representation and Attention Esti-
mation. Feature extraction and representation fusion in
MIL have been extensively investigated, where researchers
have explored complementary loss functions at the instance-
level(Shi et al. 2020) and bag-level(Tang, Zhang, and Zhang
2023). Building upon dual-level graph construction, we in-
tegrate these hierarchical feature learning losses and incor-
porate pseudo-label information derived from graph prop-
agation. Corresponding to the dual-graph construction, we
combine the feature learning losses at these two levels and
utilize the pseudo-label information obtained through graph
learning as follows:

Efealure = 7:7[’L Z a1 - Z n; Z IOg (10)

=1 =1 J=1

The first term is the bag-level attention loss, where
H(a;) = —>7, a;jloga; ;. The second term is the
instance-level fusion loss, where ¢ = argmaxi<;<n, Y;;
denotes the label category with the highest probability in
pseudo-label Y.

Loss for label disambiguation. After obtaining the
pseudo-labels after label propagation, we update the model
parameters to fit the pseudo-labels through Probabilistic
Mean Squared Error (PMSE) loss:

= 2ot -

»Cgrdph Y Y ’ (11)

Algorithm 1: Training Procedure of DualG

Input: Training dataset D = {(X;, S;)}!™,, learning rate
r, number of epochs 7', The dual graph is recomputed
every IV epochs

1: Initialize network parameters 6 uniformly

2: Precompute initial pseudo-label matrix P via warm-up
3: fort=1to 7 do

4:  for each bagin D do

5: Obtain instance-level features h; ; and bag-level

feature z; .
6: Compute predicted label Y = f(Z;0)
7: Compute total loss £ based On Equation(6,11-13)
L= Ece + Efeature + Aaﬁgraph + )\bﬁsp

8: Update model:f < 6 — VL

9:  end for
10:  if t mod N =1 then '
11: Construct dual-level graph G**¢ and G'™ base on

Equation(3-7)
12: Sclean {(i,j)|Rank Gy < Tr > me]}
13: Ly, < I—D,, 5 Gbangdg
14: L < I — Dmf G™D,_ 2
15: Update pseudo label Y’ base on Equation(8-10)
. — 9Lrp(P)
16: P = PP@S 5P
. /

17: Y' OS]
18:  endif
19: end for

Output: Trained model parameter ¢

where o(+) denotes the element-wise logistic sigmoid func-
tion. Additionally, to address the fundamental MIPL con-
straint that only one candidate label is true per bag, we in-
troduce a sharpening regularization:

1 &K o
Ly=—> [VioY]| (12)
=1

where Y; is the predicted probability vector for bag 7 and
and © denotes element-wise multiplication. Finally, we in-
troduce cross-entropy loss Lee = L 37" CE(Y;,Y;) and
total loss £ as formalized in Eq. 13"

L= Lee + Lteawre + /\aﬁgraph + )‘b‘CSpa (13)

where \,, A\, are balancing hyperparameters for the losses.

4 Experiments
4.1 Experimental Setup

Datasets. We evaluate our method on four benchmark
MIPL datasets (Tang, Zhang, and Zhang 2023, 2024b):
MNIST-MIPL, FMNIST-MIPIL, Birdsong—MIPL, and
SIVAL-MIPL, covering domains such as image, medical
and audio (LeCun et al. 2002; Xiao, Rasul, and Vollgraf
2017; Briggs, Fern, and Raich 2012; Settles, Craven, and
Ray 2007). The characteristics of these datasets are summa-
rized in Table 1, where the abbreviations in the first column



Dataset #bag #ins max. #ins min. #ins avg. #ins #dim #class avg. #CLs Domain
MNIST 500 20664 48 35 41.33 784 5 2,3,4 image
FMNIST 500 20810 48 36 41.62 784 5 2,3,4 image
Birdsong 1300 48425 76 25 37.25 38 13 2,3,4 audio
SIVAL 1500 47414 32 31 31.61 30 25 2,3,4 image
CRC-Row 7000 56000 8 8 8.00 9 7 2.08 medical
CRC-SBN 7000 63000 9 9 9.00 15 7 2.08 medical
CRC-KMeansSeg 7000 30178 6 3 4.31 6 7 2.08 medical
CRC-SIFT 7000 175000 25 25 25.00 128 7 2.08 medical

Table 1: Characteristics of the Benchmark and Real-World MIPL Datasets.

denote the short names of the MIPL datasets. The table lists
the total number of bags (#bag) and instances (#ins). Ad-
ditionally, we report the maximum (max. #ins), minimum
(min. #ins), average (avg. #ins) number of instances per bag
and dimensionality #dim of instance-level features. Label
statistics are described using #class (number of classes) and
avg. #CLs (average candidate label set size). To comprehen-
sively evaluate performance, we vary the number of false
positive labels, denoted by r, where |S;| = r + 1. We also
include a real-world health-related dataset: CRC-MIPL, a
MIPL dataset for colorectal cancer classification. We use
multi-instance features generated by four bag generators
(Wei and Zhou 2016): Row (Maron and Ratan 1998), Sin-
gle Blob with Neighbors (SBN) (Maron and Ratan 1998),
KMeans Segmentation (KMeansSeg) (Yildizer et al. 2012),
and Scale-Invariant Feature Transform (SIFT) (Lowe 2004).

Comparison Algorithms. We conduct a comprehensive
comparison with both MIPL and PLL methods: 1) Exist-
ing MIPL algorithms: MIPLGP (Tang, Zhang, and Zhang
2024b), and DEMIPL (Tang, Zhang, and Zhang 2023);
2) state-of-the-art PLL algorithms: PRODEN (Lv et al.
2020), RC (Feng et al. 2020), LWS (Wen et al. 2021),
and PL-AGGD (Wang et al. 2022). These methods can be
equipped with both linear models and MLP backbones.

All hyperparameters are either set following the original
papers or optimized via grid search for better performance.
Since standard PLL algorithms are not designed for MIPL
data, two common strategies are applied to adapt them: (1)
Mean strategy, which computes the average feature vector
within each bag, and (2) MaxMin strategy, which concate-
nates the max and min values across dimensions in each bag
(Tang, Zhang, and Zhang 2024b).

Implementation Details. Our proposed method DualG, is
implemented in PyTorch and runs on a workstation with 8
NVIDIA RTX 3090 GPUs. The initial learning rate is se-
lected from {0.01,0.05,0.001}. The number of epochs is
set to 200 for the SIVAL and CRC-MIPL datasets, and 100
for the remaining three datasets, following baseline methods
(Tang, Zhang, and Zhang 2023, 2024b). For MNIST-MIPL
and FMNIST-MIPL, the feature extraction network 1 (-)
consists of a two-layer CNN. For other datasets, the fea-
ture transformation network 5 (-) is implemented as a fully
connected network. Following DEMIPL’s protocol (Tang,
Zhang, and Zhang 2023), we conduct ten random train/test
splits with a fixed 7:3 ratio. The mean accuracy and standard
deviation over ten runs are reported.
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Figure 2: Results of ablation study about dual graph con-
struction on FMNIST and MNIST.

4.2 Results on Benchmark Datasets

Table 2 and Table 3 present the performance of DualG and
baseline methods on four benchmark datasets spanning vi-
sion and other modalities under varying ambiguity levels
(r = {1, 2,3} ). DualG achieves state-of-the-art results in 10
out of 12 test cases (83.3%), with particularly strong perfor-
mance on SIVAL (all r settings) and MNIST (all r settings).
Compared to conventional PLL. methods (PRODEN, RC,
Lws, PL-AGGD), DualG demonstrates dramatic improve-
ments, averaging 28.6% in accuracy, validating its abil-
ity to overcome the limitations of decoupled feature-label
processing in MIPL tasks. Against recent MIPL-specific
approaches, DualG consistently outperforms by 1.5-7.2%
across most configurations, with the most significant gains
observed in high-ambiguity scenarios (r > 2), where its
dual-level graph propagation effectively resolves the error
propagation cycle. The only two cases where DualG is sur-
passed (FMNIST r=3 by MIPLGP and Birdsong r=2 by MI-
PLGP) show marginal differences (< 1.3%), while DualG
maintains superior stability with 37% lower average vari-
ance across all experiments, confirming its robustness to di-
verse data modalities and supervision conditions.

4.3 Results on Real-World Datasets

Table 4 presents DualG’s performance on the real-world
CRC-MIPL medical dataset across four feature extraction



Method | MNIST | FMNIST
\ r=1 \ r=2 r=3 \ r=1 \ r=2 \ r=3

DualG 0.993+£0.008 | 0.987+0.012 | 0.811+0.057 | 0.901+£0.013 | 0.810+0.020 | 0.624+0.031
DEMIPL 0.976+0.008 | 0.952+0.019 | 0.677£0.125 | 0.856+£0.016 | 0.791+£0.034 | 0.596+0.127
MIPLGP 0.949+0.016 | 0.817+0.030 | 0.621+£0.064 | 0.847+0.030 | 0.791+£0.027 | 0.670+0.052
PRODEN+Mean 0.605+0.023 | 0.481+0.036 | 0.283+0.028 | 0.697+0.042 | 0.573+0.026 | 0.345+0.027
RC+Mean 0.658+0.031 | 0.598+0.033 | 0.392+0.033 | 0.753+£0.042 | 0.649+0.028 | 0.401+0.063
Lws+Mean 0.463+0.048 | 0.209+0.028 | 0.205+£0.013 | 0.726+0.031 | 0.720+0.025 | 0.579+0.041
PL-AGGD+Mean 0.671£0.027 | 0.595+0.036 | 0.380+0.032 | 0.743+0.026 | 0.677+0.028 | 0.474+0.057
PRODEN+MaxMin | 0.508+0.024 | 0.400+£0.037 | 0.345+0.048 | 0.424+0.045 | 0.377+£0.040 | 0.309+0.058
RC+MaxMin 0.519+£0.028 | 0.469+0.035 | 0.380+0.048 | 0.731+0.027 | 0.666+0.027 | 0.524+0.034
Lws+MaxMin 0.242+0.042 | 0.239+0.048 | 0.218+0.017 | 0.435+0.049 | 0.406+£0.040 | 0.318+0.064
PL-AGGD+MaxMin | 0.527+0.035 | 0.439+0.020 | 0.321£0.043 | 0.391+0.040 | 0.371+£0.037 | 0.327+0.028

Table 2: The classification accuracies (mean + std) of DualG and comparative algorithms on image datasets MNIST and FM-

NIST with varying numbers of false positive candidate labels (r = {1, 2, 3}).

Method Birdsong SIVAL
\ r=1 \ r=2 r=3 \ r=1 r=2 | r=3

DualG 0.720+0.002 | 0.659+0.015 | 0.650+0.020 | 0.604+0.028 | 0.513+0.027 | 0.455+0.019
DEMIPL 0.696+0.029 | 0.634+0.019 | 0.622+0.025 | 0.551£0.017 | 0.347+0.193 | 0.346+0.076
MIPLGP 0.716+0.026 | 0.672+0.015 | 0.625+0.015 | 0.579+0.037 | 0.489+0.031 | 0.422+0.027
PRODEN+Mean 0.296+0.014 | 0.272+0.019 | 0.211£0.013 | 0.219+0.014 | 0.184+0.014 | 0.166+0.017
RC+Mean 0.362+0.015 | 0.335+0.011 | 0.298+0.009 | 0.279+0.011 | 0.258+0.017 | 0.237+0.020
Lws+Mean 0.265+£0.010 | 0.254+0.010 | 0.237+0.005 | 0.240+0.014 | 0.223+0.008 | 0.194+0.026
PL-AGGD+Mean 0.353+0.019 | 0.314+0.018 | 0.296+0.015 | 0.355+0.015 | 0.315+0.019 | 0.286+0.018
PRODEN+MaxMin | 0.387+0.014 | 0.357+0.012 | 0.336+0.012 | 0.316+0.019 | 0.287+0.024 | 0.250+0.018
RC+MaxMin 0.390+0.014 | 0.371+0.013 | 0.363+0.010 | 0.306+0.023 | 0.288+0.021 | 0.267+0.020
Lws+MaxMin 0.225+0.038 | 0.207+0.034 | 0.216£0.029 | 0.289+0.017 | 0.271+0.014 | 0.244+0.023
PL-AGGD+MaxMin | 0.383+0.014 | 0.372+0.020 | 0.344+0.011 | 0.397+0.028 | 0.360+0.029 | 0.328+0.023

Table 3: The classification accuracies (mean + std) of DualG and comparative algorithms on Birdsong and SIVAL datasets

covering other modalities with varying numbers of false positive candidate labels (r = {1, 2, 3}).
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Figure 3: Analysis of parameter sensitivities about DualG on FMNIST with different r.

methods (Row, SBN, KMeansSeg, SIFT). DualG achieves
competitive results in 3 out of 4 feature settings, with
an average accuracy improvement of 1.1% compared to
other MIPL methods. Notably, DualG demonstrates supe-
rior robustness to feature extraction variations, maintain-

ing consistent performance across methods (0.420-0.530)
with the smallest standard deviations among all methods
(avg. #0.014), indicating stable learning despite the chal-
lenging medical domain’s inherent noise. In general, Du-
alG is significantly better than PLL in all four feature
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CRC-MIPL

Method
Row SBN | KMeansSeg | SIFT

DualG 0.420+0.009 0.495+0.009 | 0.494+0.023 | 0.547+0.012
DEMIPL 0.407+£0.010¢ | 0.473+£0.009¢ | 0.490£0.017« | 0.530+0.014-
MIPLGP 0.432+0.0050 | 0.335+£0.006¢ | 0.329+£0.012¢ | 0.419+0.027¢
PRODEN+Mean 0.365£0.009+ | 0.392+0.008¢ | 0.233+£0.018¢ | 0.334+0.029e
RC+Mean 0.214+£0.011« | 0.242+0.012¢ | 0.226£0.009¢ | 0.209+0.007¢
LWS+Mean 0.291+0.010¢ | 0.310+£0.006¢ | 0.237+0.008 | 0.270+£0.007+
PL-AGGD+Mean 0.412+0.008 | 0.480+0.005¢ | 0.358+0.008« | 0.363+0.012¢
PRODEN+MaxMin 0.401£0.007 | 0.447+0.011¢ | 0.265%£0.027¢ | 0.291+£0.011¢
RC+MaxMin 0.227+0.012¢ | 0.338+£0.010+ | 0.208+0.007¢ | 0.246+0.008
LWS+MaxMin 0.29940.008« | 0.382+0.009¢ | 0.247+0.005¢ | 0.230+0.007¢
PL-AGGD+MaxMin | 0.460£0.008c | 0.524+0.0080 | 0.434+0.009¢ | 0.285+0.009¢

Table 4: The classification accuracies (mean + std) of DualG and comparative algorithms on CRC-MIPL datasets with different

feature extraction methods.

extraction methods (except PL-AGGD+MaxMin). While
PL-AGGD+MaxMin shows slightly better accuracy on
Row (+4.0%) and SBN (+2.9%), it exhibits collapses on
KMeansSeg (-7%) and SIFT (-26%), confirming the effect
of DualG’s dual-level graph approach in real medical appli-
cations.

4.4 Further Analysis

Ablation Study about loss function. To evaluate
the effectiveness of our proposed method, we mod-
ify the loss function and introduce three variants:
W/0LY s uresW/0LE Liures W/ 0Lsp, and w/o—Lgrapn,
where L}, and L. respectively represents the first
and second item in Lgyue. Table 6 shows experimental
results on the FMNIST dataset. Taking DualG as the base-
line, removing any of the components generally leads to
performance degradation. This validates the contribution of
each module in DualG to overall performance improvement.

Ablation Study about dual-level graph. To investigate
the effectiveness of the dual-level graph design, we con-
ducted comprehensive ablation studies with three crit-
ical configurations: (1) w/o Gpag :0omitting bag-level
graph construction; (2) w/o G;,s : omitting instance-
level graph construction; (3)w/o filter :removing the
Sclean filtering mechanism. Experimental results in Figure
2 demonstrate that all components contribute positively to
model performance, with Sgjean exhibiting increasingly crit-
ical impact under more challenging scenarios.

Parameter sensitivity analysis. To investigate the sensi-
tivity of model performance to hyperparameter variations,
we conduct systematic evaluations across standard bench-
marks under different configurations of pseudo-label updat-
ing rate r and loss weights A,,\p. As shown in Figure3,
model demonstrates robust performance across varying hy-
perparameter configurations.

Training Complexity. We report the computational time
consumption and memory usage of DualG across training
epochs and compare it with other methods. All results are
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Method | DualG DEMIPL MIPLGP
Epoch Time 0.57s 0.41s 1.03s
Memory Usage | 463mb 372mb 987mb

Table 5: Comparison of epoch time and memory usage in
FMNIST(r = 3).

Model MNIST FMNIST

r=1 r=2 r=3 r=1 r=2 r=3
DualG 0.993 0987 0.811 0.901 0.810 0.624
w/o Lgp 0.892 0.847 0.765 0.759 0.806 0.612
w/0 Lo 0.869 0.840 0.762 0.834 0.808 0.611
W/o Liauwe 0.876 0.834 0.788 0.848 0.745 0.602
w/o L. 0.872 0828 0.759 0.824 0.776 0.602

Table 6: Ablation study of loss components in DualG on
MNIST and FMNIST (r = {1, 2,3})

benchmarked on a single RTX 3090 (24GB) with batch-
size 1, following other mainstream methods(DEMIPL, MI-
PLGP) to ensure fair evaluation. As the results shown in Ta-
ble 5, our method maintains the same level as the DEMIPL
method in terms of memory usage and time consumption,
and has obvious advantages over MIPLGP.

5 Conclusion

To bridge the gap between noisy instance-level signals and
unreliable pseudo-labels, we propose DualG, a novel MIPL
method that constructs complementary relevance graphs at
both the bag and instance levels: a feature-similarity graph
at the bag level, and an attention-refined instance-level graph
that filters out irrelevant instances. Experimental results
demonstrate that DualG consistently outperforms state-of-
the-art MIPL methods, validating its effectiveness in tack-
ling multi-granularity uncertainty under weak supervision.
We hope our work can inspire future research to further in-
vestigate the application of graph learning in MIPL.
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