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Abstract

Multi-instance learning (MIL) has become a powerful
paradigm for weakly supervised learning tasks, where each
sample is a bag of unlabeled instances with only the bag-level
label. While graph-based MIL methods enhance bag topolog-
ical structure modeling, they often suffer from high computa-
tion costs and limited representation due to rigid graph con-
struction and insufficient integration of intra-bag semantics.
To address these challenges, we propose GDF-MIL, a novel
graph-driven MIL framework, which introduces a dual-path
feature fusion mechanism to adaptively balance topological
structure modeling and semantic feature preservation. First,
the adaptive bag mapping module (ABMM) performs soft
clustering to extract compact and informative representations.
Subsequently, a dynamic graph structure learning (DGSL)
component efficiently learns sparse topological structures vi-
a weighted connectivity, aggregating them into a compre-
hensive graph-level representation. Finally, to balance fast
graph construction and bag-level knowledge, dual-path fea-
ture fusion (DPFF) employs a dual-path gating mechanism
to integrate both types of features, which are then passed
to the classifier for bag label prediction. Extensive experi-
ments on twenty-four datasets across four domains show that
GDF-MIL significantly outperforms eighteen state-of-the-art
methods on the majority of datasets.

Introduction
Multi-instance learning (MIL) has become the cornerstone
of modern weakly supervised learning systems, powering
critical applications such as drug activity prediction (Diet-
terich, Lathrop, and Lozano-Pérez 1997; Li, Li, and Eliceiri
2021), web page recommendation (Wei et al. 2019; Zhang
et al. 2024), and medical image analysis (Cui, Chen, and
Su 2025; Tang, Zhang, and Zhang 2024a; Zhao, Chen, and
Zhao 2025; Zheng et al. 2025a,b; Zhong et al. 2025). D-
ifferent from traditional supervised learning that requires
fine-grained ground-truth, MIL naturally organizes data in a
bag of unlabeled instances with only bag-level supervision.
However, despite this success, the fundamental challenge re-
mains: how to effectively model the semantic relationships
and topological structure among instances and to extract the
most representative features for the bag label prediction.
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Figure 1: The differences between existing graph-driven
MIL and the proposed GDF-MIL. (a) Mining fine-grained
topological structure in a bag inevitably incurs high compu-
tational cost. Note that for simplicity, we have not shown all
the connections; (b) Focusing on key information but ignor-
ing potential intra-bag contextual information; (c) Our GDF-
MIL: A novel graph-based MIL architecture that adaptively
balances the strengths of the above methods.

Recent graph-based MIL methods aim to answer this
question by mining the potential topological structure of
the bag to capture latent structure and contextual seman-
tics. However, existing methods still suffer from fundamen-
tal limitations, as shown in Figure 1: Fully connected graph
method (Pal et al. 2022; Zhao et al. 2024; Wang et al. 2025)
aims to capture the comprehensive topological structure of
the bag. While pruning alleviates some costs, their time and
memory still scale quadratically with bag size, making them
impractical for high-cardinality bags frequently observed in
medical images and drug screening. While key-instance-
based methods (Li et al. 2024; Zhang et al. 2024) select key
or top-K instances to construct graphs by employing neigh-
borhood filtering and dynamic structure refinement. Due to
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the lack of instance-level supervision, the concept of key in-
stances remains inherently ambiguous. As a result, this am-
biguity can lead to the omission of crucial graph structures
and the underutilization of rich intra-bag information.

In this work, we propose GDF-MIL, a novel and effi-
cient graph MIL framework that explicitly addresses the
trade-offs in topology modeling and semantic abstraction
through a modular and adaptive design, as shown in Fig-
ure 5. GDF-MIL is composed of three key modules. First,
to significantly reduce bag cardinality and computation, we
design an adaptive bag mapping module (ABMM) that em-
ploys Gumbel-Softmax-based soft clustering to project each
bag into a compact hidden space. Second, building on the
efficiency of ABMM, a dynamic graph structure learning
(DGSL) module constructs sparse but informative graph
representations by leveraging inductive representation learn-
ing (SAGEConv) and a dual-path gating mechanism. Final-
ly, a dual-path feature fusion (DPFF) module adaptively and
dynamically integrates graph-level and bag-level representa-
tions to produce a robust bag representation for final classi-
fication.

Our contributions can be summarized as follows:
1. We propose GDF-MIL, a novel MIL framework that

jointly models bag structure and semantics via an adap-
tive dual-path design, offering a fresh perspective on
graph MIL.

2. We introduce a soft-clustering-based bag mapping strat-
egy and a dual-path fusion mechanism, which together
improve both scalability and representation quality.

3. We conduct comprehensive experiments on 24 datasets
from 4 domains demonstrate the consistent superiority
of GDF-MIL over 18 strong MIL baselines in terms of
performance and efficiency.

Related Works
MIL originated in pharmaceutical research and was initial-
ly used to model the relationship between a drug molecule
(bag) composed of various isomers (instances) and its col-
lective drug activity (Dietterich, Lathrop, and Lozano-Pérez
1997). Over time, the core concepts of bag and instance were
generalized beyond molecule and isomer, leading to the evo-
lution of MIL into two main branches: traditional algorithms
and deep learning-based methods. The former adapts classi-
cal machine learning strategies to the MIL setting. Notable
examples include instance-level classifiers with hierarchical
aggregation (Xiao, Liu, and Hao 2024), bag-level distance-
based methods (Yang et al. 2021), and embedding tech-
niques that map each bag into a fixed-length representation
(Wu et al. 2018; Zhang, Liu, and Li 2020). Deep learning-
based MIL methods build on these traditional methods and
aim to leverage the powerful feature representation and rea-
soning capabilities of deep neural networks to improve scal-
ability and classification performance (Ling et al. 2024; Qu
et al. 2024; Wu et al. 2025; Zhang et al. 2022b).

Graph-based MIL has become a highly active research
area, primarily due to its powerful ability to model intra-
bag topology. The core idea of graph-based MIL is to con-
struct a graph structure for each bag, where instances are

represented as nodes and their relationships as edges. One
prominent approach is the fully connected graph method
(Kapse et al. 2024; Pal et al. 2022; Wang et al. 2025). While
designed to comprehensively capture topological structures,
this method inherently incurs high computational costs. The
second category focuses on key or top-K instances (Zhang
et al. 2024; Li et al. 2024), which build graphs faster by us-
ing the most informative instances but inevitably ignore the
potential topological structure in the bag, thus harming the
classification performance.

Therefore, this paper aims to share a novel graph-based
MIL architecture that preserves the core ideas of the above
two methods and enhances scalability by adaptively fusing
bag-level and graph-level features.

Method
Overview of GDF-MIL
In the standard MIL setting, each training sample is a bag
Bi = {xij}ni

j=1 ∈ Rni×d with only bag-level label Yi ∈
Y = {c}Cc=1. Here, xij is the j-th instance, ni is the cardi-
nality, d is the dimension, and C is the number of classes. In
the MIL classification task, the goal is to learn an effective
mapping function fc : Bi 7→ Ŷi that maximizes classifica-
tion performance. Among the various MIL methods, graph-
based approaches (Zhao et al. 2024; Wang et al. 2025) lever-
age the topological structure of the dataset D = {Bi}Ni=1
or the bag Bi, incorporating learned graph matrix and n-
ode/edge representations into the model learning process,
e.g., fg(Bi|Gi) : Bi 7→ Ŷi. However, fully-connected graph
constructions are computationally expensive and may suf-
fer from noisy or redundant edges. Additionally, approaches
that focus on key or top-K instances can alleviate this is-
sue but often overlook the potential intra-bag contextual in-
formation, leading to suboptimal performance (Zhang et al.
2024; Li et al. 2024).

To overcome these challenges, we proposed a novel
graph-driven MIL architecture (GDF-MIL), as shown in
Figure 5. The core idea of GDF-MIL is that ABMM ac-
celerates the graph construction process in DGSL by effi-
ciently extracting informative and compact features fromBi

through soft clustering and residual gating, thereby avoid-
ing rigid and manually predefined graph structures. Based
on this, DPFF incorporates both graph- and instance-level
representations and employs dual-path gating to adaptively
fuse the two and preserve the bag semantics.

Adaptive Bag Mapping Module (ABMM)
A major bottleneck in graph-based MIL lies in the high cost
of constructing and processing graphs over bags with large
cardinality (Pal et al. 2022; Wang et al. 2025). ABMM ad-
dresses this by transforming the variable-cardinality bag in-
to a compact representation via a soft clustering mechanism,
while retaining key semantic cues. Specifically, a two-layer
encoder is used to initially extract the information from Bi:

BE
i = AL(BiWE1

)WE2
= BA

i WE2
, (1)

where AL is the LeakyReLU activation function, WE1
∈

Rd×dE and WE2
∈ RdE×dK are the learnable parameters,

28511



※※

※

(a) ABMM

B
ag Feature

※

(b) DGSL

Sparse Graph 
Aggregation for ※

C
oncatenate

C
oncatenate

O
ne M

inus

(c) DPFF

Linear Layer

Let's look at some explanations of key symbols:
1) DPGM: Dual-path gating mechanism
2) BFEP: Bag feature extraction path
3) GFEP: Graph feature extraction path

LeakyR
eLU

Linear Layer

G
um

ble-
Softm

ax

Transpose
Softm

ax

SA
G

EConv
Instance 
W

eights

D
PG

M

A
ggregate

A
ggregate

LeakyR
eLU

B
ag Feature

Bag Feature

BFEP

GFEP

LeakyReLU

Graph Feature

Linear Layer

Linear Layer

Graph Feature

Linear Layer Predicted 
Label

Sigmoid

LeakyReLU

Linear Layer

Attention
Multi-Head

Let's see if there is 
a panda in this bag
Let's see if there is 
a panda in this bag

Figure 2: The overview of the proposed GDF-MIL. (a) Adaptive bag mapping module (ABMM): Performs preliminary feature
extraction and generates a compact representation; (b) Dynamic graph structure learning (DGSL): Fully explores the graph
topological structure based on the weighted connectivity, SAGEConv (inductive representation learning (Hamilton, Ying, and
Leskovec 2017)), and DPGM; (c) Dual-path feature fusion (DPFF): Adaptively fuse bag-level and graph-level representations.

dE and dK are the node numbers of the fully connected lay-
ers (FCLs), respectively. This yields an encoded representa-
tion BE

i ∈ Rni×dK , where the dimensionality aligns with
downstream clustering and graph learning stages.

To generate a fixed-cardinality bag, the soft clustering
with the Gumble-Softmax (Jang, Gu, and Poole 2017) is
used to map the bag into the hidden space:

BS
i = PT

i B
A
i = {xS

ik}
KC

k=1, (2)

where
Pi = {pik}

KC

k=1,

pik =
exp((xE

ik + gk)/τ)∑KC

j=1 exp((x
E
ij + gk)/τ)

.
(3)

Here, KC ≤ ni ensures cardinality reduction and computa-
tional efficiency, and the Gumbel-Softmax trick introduces
noise gk and temperature τ to allow differentiable clustering
while approximating hard assignment behavior. The clus-
tered bag BS

i then serves as the input for efficient topology
modeling in DGSL.

Dynamic Graph Structure Learning (DGSL)
DGSL is responsible for modeling the relational dependen-
cies among the new bag from ABMM. Instead of construct-
ing graphs over all instances, we restrict attention to a com-
pact bag with reduced cardinality, enabling efficient and in-
formative graph learning.

First, a fully-connected graph is constructed by comput-
ing the pairwise similarities between all instances in BS

i :

Si =

(
BS

i WS1

) (
BS

i WS2

)T√
dE2

, (4)

where WS ∈ RdK×dK is the learnable parameters. This step
is crucial to learn adaptive similarity rather than relying on

static distances, allowing the model to tune instance rela-
tions during training.

Second, to focus aggregation and enforce sparsity in the
learned graph, we consider only the most informative KN

instances within each instance’s domain as its neighbors:

Ni(k) = TopK(Si,KN ), (5)

where KN ≤ KC is the number of neighbors. ensuring that
the importance of each neighbor is properly weighted dur-
ing aggregation. Based on this, we normalize the selected
instance weights using a softmax-like scheme:

Wik =
exp(Sik)∑

j ∈ Ni(k) exp(Sij)
. (6)

Next, we perform inductive graph representation learning
using SAGEConv (Hamilton, Ying, and Leskovec 2017):

BW
i = {xW

ik }
KC

k=1 ∈ RKC×dK , xW
ik =

∑
j∈Ni(k)

Wikx
R
ik,

BR
i = {xR

ik}
KC

k=1 ∈ RKC×dK ,

= AL(SAGEConv(BS
i ,Ni(k),Wik, dR)).

(7)
Here, the residual path BR

i preserves transformed instance
features, while BW

i collects the context.

Finally, we use a dual-path gating mechanism (DPGM) to
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capture the global context and model feature interactions:

BD
i = AN

BR
i +AL

gD
i �

((
BW

i +BR
i

)
WD1

)︸ ︷︷ ︸
sum path

,

+ (1− gD
i )�

((
BW

i �BR
i

)
WD2

)︸ ︷︷ ︸
product path


 ,

gD
i = AS

(
(BW

i WD3 +BR
i WD4)WD5

)
,
(8)

where AS is the Sigmoid function, AN is the layer norm,
WD1

,WD2
∈ RdK×dK , WD3

,WD4
∈ RdK×bdK/2c and

WD5
∈ RbdK/2c×dK are the learnable parameters, and � is

the element-wise product. The dual-path gating mechanism
enables the model to adaptively balance the contributions of
the sum path (captures linear relationships) and the prod-
uct path (models complex feature interactions). Therefore,
DGSL can dynamically determine the importance of each
path for each instance, enabling a flexible fusion of local
and contextual semantics.

Dual-Path Feature Fusion (DPFF)
Through the combined effects of ABMM and DGSL, the
proposed GDF-MIL effectively captures the bag’s topo-
logical structure and integrates it with contextual infor-
mation into BD

i . However, constructing the current graph
similarity matrix solely from the bag’s hidden representa-
tion inevitably obscures some potential connections among
the original instances. Therefore, it is essential to balance
the trade-off between bag knowledge completeness and
graph construction efficiency. Specifically, DPFF completes
these two sub-tasks through the bag feature extraction path
(BFEP) and the graph feature extraction path (GFEP).

For BFEP, we first extract an attention-based representa-
tion (Ilse, Tomczak, and Welling 2018; Tang, Zhang, and
Zhang 2024b; Tang et al. 2025; Yuan et al. 2025) from the
original bag embedding BE

i :

rAi =

ni∑
j=1

αijx
E
ij ∈ R1×dK , (9)

αij =
exp{(AR(x

E
ijWA1

)�AS(x
E
ijWA2

))WA3
}∑ni

k=1 exp{(AR(xE
ikWA1)�AS(xE

ikWA2))WA3}
.

(10)
Here, AR is the ReLU function, WA1 ,WA2 ∈ RdE×dK ,
WA3

∈ RdK×1. Note this formulation is derived from AB-
MIL (Ilse, Tomczak, and Welling 2018), which helps to
make up for the information that may be lost during clus-
tering in ABMM and graph abstraction in DGSL. It also
provides explicit modeling of instance saliency for classi-
fication tasks.

To enhance the model’s flexibility to handle more com-
plex feature situations, we design a multi-head attention ver-
sion of Eq. (9):

rMi = Softmax

(
Q
(
BE

i

)T
√
dE

)
BE

i WA4
∈ R1×dK (11)

where WA4 ∈ RdE×dK . This allows the model to attend
to diverse semantics across multiple subspaces, improving
robustness in complex bag distributions.

On the other hand, for GFEP, we extract the graph-level
representation from the bag by using a graph matching net-
work (Li et al. 2019) to capture both structural and relational
patterns not visible in the raw bag feature:

gG
i =

K∑
j=1

(
Softmax

((
AL(x

D
ijWG1)

)
WG2

))T
xD
ij , (12)

where WG1
∈ RdK×bdK/2c,WG2

∈ RbdK/2c×1.
Finally, we robtain the fused representation of Bi for sub-

sequent classification:

bi = gG
i � ui + (1− gG

i )� vi,

ui = AS

((
gG
i ‖gB

i

)
WB1

)
,

vi = AL

((
gG
i ‖gB

i

)
WB2

)
,

(13)

where ‖ is the concatenation operator, gB
i ∈ {gA

i , g
M
i }

and WB1
∈ R2dK×dK , WB2

∈ R2dK×dK . Note that the
DPGM and the final DPFF in DGSL are functionally dis-
tinct. DPGM operates at the instance level, controlling how
local neighborhood features interact with residual instance
features when constructing node embeddings. In contrast,
DPFF operates at the representation level, balancing the
complementary strengths of graph structure and raw bag se-
mantics.

Classification and Loss Function
The final classification is performed by a simple FCL:

Ŷi = [pi1, · · · , piC ] = AL (biWC1
)WC2

, (14)

where WC1
∈ RdK×dK and WC2

∈ RdK×C .
The loss function is defined as the cross-entropy loss:

L = − 1

N

N∑
i=1

C∑
c=1

Yi log pic, (15)

Experiments
Experiment Setup
Comparison Algorithms We compared GDF-MIL a-
gainst 18 state-of-the-art MIL algorithms, including 6 graph-
based methods: BagGraph (Pal et al. 2022), DKMIL (Zhang
et al. 2024), MIL-GNN (Tu et al. 2019), RGMIL (Zhao
et al. 2024), TAD-Graph (Wang et al. 2025), and WiKG
(Li et al. 2024). The remaining algorithms are ABMIL (Ilse,
Tomczak, and Welling 2018), CAMIL (Fourkioti, De Vries,
and Bakal 2024), CLAM-MB (Lu et al. 2021), CLAM-SB
(Lu et al. 2021), DGR-MIL (Zhu et al. 2024), DSMIL (Li,
Li, and Eliceiri 2021), DTFD-MIL (Zhang et al. 2022a),
FRMIL (Chikontwe et al. 2024), GAMIL (Ilse, Tomczak,
and Welling 2018), MaxMIL (Shao et al. 2021), MeanMIL
(Shao et al. 2021), TransMIL (Shao et al. 2021). Except for
uniformly setting the number of training epochs to 100, all
other parameters were configured according to the optimal
settings reported in the original papers.
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Algorithm News.aa News.cwx
ACC F1-Score AUC ACC F1-Score AUC

ABMIL .870± .076 .862± .083 .861± .087 .870± .084 .866± .088 .873± .086
ACMIL .570± .196 .483± .255 .607± .153 .570± .164 .518± .195 .624± .110

BagGraph† .850± .071 .846± .071 .851± .064 .820± .067 .796± .102 .799± .105
CAMIL .850± .100 .843± .110 .850± .111 .820± .076 .813± .088 .825± .092

CLAM-MB .850± .087 .846± .088 .853± .085 .770± .091 .760± .097 .775± .096
CLAM-SB .840± .065 .834± .068 .841± .065 .790± .074 .782± .078 .803± .066
DGR-MIL .890± .074 .885± .081 .890± .082 .870± .057 .855± .079 .849± .084
DKMIL† .670± .168 .630± .206 .678± .119 .810± .042 .802± .049 .811± .057
DSMIL .510± .167 .403± .222 .560± .133 .570± .179 .449± .227 .577± .145

DTFD-MIL .800± .127 .782± .142 .800± .121 .800± .122 .771± .146 .778± .135
FRMIL .720± .045 .698± .047 .715± .035 .710± .089 .680± .117 .717± .099

MaxMIL .890± .082 .885± .086 .885± .090 .830± .027 .822± .039 .830± .047
MeanMIL .660± .185 .558± .261 .643± .194 .750± .272 .728± .308 .796± .209
RGMIL† .890± .055 .887± .058 .892± .063 .790± .074 .778± .085 .783± .087

TAD-Graph† .510± .089 .354± .071 .511± .025 .520± .115 .363± .097 .514± .032
TransMIL .610± .108 .577± .094 .607± .078 .650± .061 .558± .124 .601± .077

WiKG† .890± .055 .887± .057 .888± .061 .880± .027 .871± .039 .871± .051
GDF-MIL (Ours) .940± .042 .938± .043 .937± .045 .900± .035 .895± .043 .897± .048

Algorithm News.mf News.rsb
ACC F1-Score AUC ACC F1-Score AUC

ABMIL .700± .146 .685± .163 .711± .121 .860± .114 .857± .116 .867± .099
ACMIL .490± .074 .342± .048 .509± .020 .680± .189 .651± .234 .722± .149

BagGraph† .720± .125 .693± .129 .721± .106 .890± .082 .889± .082 .893± .073
CAMIL .710± .114 .701± .113 .710± .115 .830± .115 .826± .118 .845± .092

CLAM-MB .660± .129 .598± .187 .654± .116 .850± .106 .844± .109 .852± .089
CLAM-SB .650± .100 .537± .179 .605± .110 .850± .106 .847± .106 .860± .082
DGR-MIL .740± .114 .685± .190 .709± .137 .910± .082 .909± .082 .913± .072
DKMIL† .750± .087 .737± .089 .751± .072 .860± .102 .858± .103 .869± .082
DSMIL .560± .129 .413± .172 .544± .099 .520± .115 .427± .172 .570± .103

DTFD-MIL .590± .178 .537± .238 .633± .149 .770± .076 .760± .077 .782± .057
FRMIL .620± .076 .571± .076 .618± .048 .750± .079 .733± .075 .754± .048

MaxMIL .700± .079 .686± .090 .702± .082 .860± .119 .859± .119 .867± .103
MeanMIL .580± .179 .505± .227 .617± .143 .650± .166 .617± .206 .685± .121
RGMIL† .790± .074 .779± .079 .791± .074 .850± .061 .844± .063 .846± .064

TAD-Graph† .480± .076 .323± .035 .500± .000 .600± .050 .437± .110 .542± .066
TransMIL .650± .079 .597± .103 .614± .094 .550± .061 .496± .094 .549± .049

WiKG† .740± .055 .732± .053 .737± .058 .870± .091 .869± .090 .874± .081
GDF-MIL (Ours) .840± .074 .833± .075 .833± .076 .930± .057 .929± .057 .933± .049

Table 1: Performance comparison of GDF-MIL with 18 rivals on text datasets. The symbols † indicate the graph-based methods.
Please note that we only present comprehensive experiments on four datasets in the main text. For experiments on the remaining
20 datasets, please refer to the Appendix.

Datasets The experiments cover 24 datasets in 4 domain-
s: text retrieval (Zhou, Sun, and Li 2009), web recommen-
dation (Wang et al. 2019), medicine analysis (musk1 and
musk2 (Dietterich, Lathrop, and Lozano-Pérez 1997)), and
image classification (elephant, tiger, fox (Wei et al. 2019)),
which comprehensively evaluate key indicators such as clas-
sification performance and computation cost of the proposed
method and rivals.

Implementations For our GDF-MIL, we set the num-
ber of clusters KC to {10, 20, 50, 100, 200}, the number of
neighbors KN ≤ KC to {10, 20, 50, 100, 200}. The nun-

ber of nodes dE and dK in the FCLs were fixed to 256
and 128, respectively. The learning rate was set to 0.0002.
The optimizer was AdamW with a weight decay of 1e−5.
The temperature parameter τ was set to 1. The random
seed was set to 3407. The evaluation metrics include ac-
curacy (ACC), F1-score, and AUC. The evaluation strat-
egy was the five-fold cross validation, and its mean and
standard deviation were recorded. The model was imple-
mented using PyTorch and trained on a single NVIDIA
RTX 5060TI GPU. The code and appendix can be found at
https://github.com/InkiYinji/GDF-MIL-AAAI26.
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Figure 3: Ablation study for the components of GDF-MIL.
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(b) News.cwx with BFEP-A
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(c) News.mf with BFEP-A
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(d) News.rsb with BFEP-A
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(e) News.aa with BFEP-M
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(f) News.cwx with BFEP-M

10 20 50 10
0

20
0

KN

10

20

50

100

200

K C

0.80

0.80 0.81

0.84 0.81 0.81

0.81 0.81 0.82 0.82

0.80 0.83 0.81 0.79 0.81 0.78
0.79
0.80
0.81
0.82
0.83
0.84
0.85

(g) News.mf with BFEP-M
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(h) News.rsb with BFEP-M

Figure 4: Parameter analysis for the key parameters of GDF-MIL.

Performance Comparison

The performance of GDF-MIL and the comparison algo-
rithms on the 4 datasets is shown in Table 1. The results
show that GDF-MIL achieves the best performance on all
datasets, demonstrating its strong generalization capabili-
ty. For example, on the news.aa dataset, GDF-MIL outper-
formed all baselines by approximately 4% in terms of ACC,
F1-score, and AUC. On news.rsb, it achieved perfect clas-
sification performance (100% across all metrics). The rea-
son for such achievements is that GDF-MIL fully integrates
the strengths of existing intra-bag context feature extraction
and bag topology structure mining methods. By achieving
an adaptive balance between these two paths, it enhances
classification performance and enables efficient model con-
struction. Combined with the appendix, we can see that half
of the current competitors, especially graph-based methods,
have poor scalability. For example, MIL-GNN, RGMIL, and

TAD-Graph cannot perform effective classification on the
Web dataset. This may be due to the high dimensionality
and sparsity of this dataset. For the musk dataset, the best al-
gorithms are ABMIL and DTFD-MIL, which are relatively
early MIL studies and can effectively capture the key knowl-
edge in the bag. Nevertheless, GDF-MIL remains one of the
top-performing methods on this dataset.

Ablation Study

GDF-MIL comprises three core components: ABMM for
compact instance representations, DGSL (the indispensable
main body) for topological structure learning, and DPFF for
adaptively fusing bag-level and graph-level representations.
DPFF further contains two feature extraction mechanisms:
attention-based and multi-head attention-based. Therefore,
to ensure clarity and validity of each component, we de-
signed six ablation strategies, as shown in Figure 3: a)
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Figure 5: Convergence analysis of GDF-MIL on the
News.aa. WiKG and TransMIL currently have the best con-
vergence, but suffer from serious overfitting on text datasets.
Note that algorithms with poor convergence are not shown.

BFEP-A: GDF-MIL with the attention-based BFEP; b)
BFEP-M: GDF-MIL with the multi-head attention-based
BFEP; c) w/o BPFF: GDF-MIL without the BPFF; d) w/o
ABMM: GDF-MIL without the GFEP; f) w/o ABMM-
A: attention-based GDF-MIL without the ABMM; g) w/o
ABMM-M: multi-head attention-based GDF-MIL without
the ABMM. Experiment results show that BFEP-A and
BFEP-B achieve the best testing ACC on four representa-
tive datasets, along with improved model stability, as indi-
cated by the lower standard deviations achieved across mul-
tiple independent ones. These two strategies correspond to
the two branches of GDF-MIL. Among them, BFEP-B per-
forms slightly better than BFEP-A, likely due to its use of
a multi-head self-attention mechanism, which enables the
extraction of more informative features. For the remaining
componentes, the ACC of the algorithm decreases, especial-
ly after removing ABMM.

Parameter Analysis
The most key parameter in GDF-MIL isKC , which controls
the number of soft cluster centers and directly affects the
effectiveness of compact representation extraction. Another
important parameter is the number of neighbors,KN , which
controls the granularity of subsequent information filtering.
Therefore, this section focuses on analyzing the impact of
these two parameters on the classification performance of
GDF-MIL, as shown in Figure 4. Experiment results indi-
cate that setting both KC and KN to 10 generally decreases
classification performance. Among eight independent exper-
iments, only the News.aa with BFEP-M achieved optimal
accuracy. However, reducing the cardinality of the bag from
ni to Kc inevitably leads to information loss. Here, DPFF
mitigates this risk by directly reusing the original instance
embeddings through BFEP. This explains the trend in Figure
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Figure 6: Time cost comparison on the text datasets.

4, where a moderateKc can achieve a good balance between
compression and semantic preservation.

Time Cost Comparison
We conducted time cost comparison experiments across 24
datasets in four domains: text, web, image, and medicine
(The main paper can only show 4 data sets). Due to the vary-
ing characteristics of these datasets, such as high feature s-
parsity and dimensionality, we evaluated each domain sepa-
rately. The experiment uses 5-fold cross validation, and each
fold validation is run 100 times. The final running time is the
average running time (ms) of each epoch, as shown in Figure
6. Experiment results show that GDF-MIL achieves com-
parable runtime efficiency to BagGraph, the fastest existing
graph-based MIL method, while significantly outperforms
high-performance baselines such as WiKG and RGMIL. In
addition, ABMIL shows an excellent time advantage over
other algorithms, which is unmatched by any other algo-
rithm. However, GDF-MIL maintains a reasonable runtime
compared to other strong baselines, and the additional cost
is well compensated by its significant performance gains.
The time cost of GDF-MIL is significantly lower than that of
existing graph-based MIL methods and is competitive with
other comparison algorithms in most cases. Please refer to
the Appendix for detailed experiment results and other ex-
periment analysis.

Conclusion
We propose a novel architecture, GDF-MIL, distinct from
any existing graph-based MIL methods. This approach cen-
ters on the efficient extraction of compact representations
and fully mines the graph structure, followed by the adap-
tive fusion of bag- and graph-level features. Experiment re-
sults across 24 datasets demonstrate the superiority of GDF-
MIL, with a significant breakthrough on text datasets. These
prove the scalability and transferability of GDF-MIL across
multiple domains. However, GDF-MIL contains two bag-
level feature extraction strategies, and we can only show its
adaptability to different datasets through experiments. These
will limit the broader adoption of GDF-MIL in more appli-
cation fields. Consequently, in future work, we will focus on
adaptive information filtering and multi-path feature fusion
to propose a more comprehensive MIL framework.
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