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BRI A R TE RO I 43 R DG 3 43 187 B ) 7S 491 R
SR WS PRI RS L 32 A2 i 3 L R o 4 0
PR, WE TR MG R . AR R LT
i BN IR AFIE SRR T I 25, AT AT BETC IR I8 I 45 b 42 A

MR, 25 B EIA G R AT 2k B R A
RUACE ST RTRFIE, B E R g A & 2R R,
MR EIZALRE T o AW, J3 BRIz AL RE T 2 B BR
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Fig. 1 Overall structure of the MDM-MIL model

224 REBMWEGHL, ASOK WS 2R 2% ] h
A—A L, KRR B E— A 1

TEZJCr 2RI, B ={(x,y1), (G, & —
£, Hrbx, ex, B0y, € {0, BRG], @I Y E

XunF
{ Z:%‘O. 1)

A

otherwise

X HLUECHE AR AORR SR X RE TR B R Y, AR B
EBIOF A% . B, HHRHER I R IR BUR
BIRFAE , A SC2E 2] 7R R AR 1 A5 2 ST SSLAE 4
DINO Tl VIT-S/16 =7,

22 BEREBENER

TERG B G T, BRI SCRASIE A B 2
FEPE, ANRIRSCRAIERERS S B AN R g BAR S L 4
BUSTRI AL B, SR MMM AE I Zhid Rerh, o T
H/MEYINGRRR , ST T2 > R TR] AR s R A
T AT AE - BB A Ak PR AT e SCHH s R R IR B 75 191 R
B, BRI ZAb, VR AR 2 B (1] (¥ AH

AIARDCHE, BEfRy o) B 2 MRHETS 2.,
FLECHEETE

wnE 2 Fras, ASSCHE I ADA BEHUZ O AR AT L
WG AR JLASER )«

1) SRR 55— B%R AT B 3 N T T4 R+
BEHL, PN A8 Y nf&iﬁﬁiﬁﬁ&ﬂm*ﬂﬁﬁ
SUHVRAE P G RR R, DI B A 1l DX A AR 1 41 5 1
WAL FAR W SCHAFAE , A SRR B M | 78
DB R APESE s 55 R A3 B 22 B PR,
Wb 3E R 22 Sk 5y SR B, ST REIEAS B AR DG
P ORGSR TS R T AR R ERARAE 1R )
fiE)), B BERTT THRA 4R B SO B, Bk
Uk, B R ST M SRR AR ) (query, Q).
B (key, K)FUE (value, V), #RJ5EE 305 THH M RE
PRI, BB LEERHEIOR .

2) FHEMA SR A B ISR 2 SR
R IE S AR AR A i, BRI S A 7] 1 AL
RBE, nTUSEMIRA, BEKANRDZMEL.

3) i SCIEMIfE . ARG RRE B, 7R

EiBSE: 5 ErSul

Ktk HIASHR I T ADA B, ST AREGR  2IRARIRETIA—DZ2EHHL (MLP) )2, S8
Branchl
Branch2 Recognlze M semantic
branches regularization
...... — E—
Diversity
regularization
BranchM

Patch features

Multi-attention embeddings

Bag feature

B2 a&pgirdhiEmn

Fig. 2 Structure of the adaptive attention module
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Fig. 3 Structure of the random instance concealing module
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FHEEE, AR IIR
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a5, FIH OTSU 43E1 07 i3 05 H A & 1A
S BT R EUR, WSS RS WST 5T
BCEAE S EGH, DA FRERI ARSI, X
SO AL AL BRAG B T4 S AR AL RO R, (R
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3.2 LGB RIEMNFEER

ARSCH T SRR S 5L T PyTorch FE, 4 T 1EANFH]
RGBT Z RS T2 A LA, [ A R A REAE
YEM% A, FIH ResNet-18 X ImageNet ZlEE AT II1%k,
DINO™ Hil Il 45 () VIT-S/16 X 45 % WST 54l £ 47
Y% . BatchSize K/ 1, i FiIfH &2 2% 2 %4 0.0001
(15 Adam'™ It £ 4% 76 Il 5ol it v SR AR R AC(EL . filE )
Adam FEAE#REC TR 100 8, =20 RN 107, NEE
oM 107, AR R 4k Windows 10, GPU & NVIDIA
GeForce 3080Ti GPU,

N HERR PP AR RE , A SR =300 T 46
WEHHR (accuracy, Acc). HHZE T (area under the ROC
curve, AUC) 5 F1 434 (F1-score, F\)o HEFIF (Acc) X

R TR e A T L ) EAs] o Sk

Ace= TP+7T"]Ci£];’,+ FN’ (14)
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FIMAEA I ZR At T, FUEMEEE 1 FORBIR 5325 B
A . AUC X HE A AN i HLAT 3 0 1) 5 1
T8 T 55 W B BT 55 o Fl-score 5575 JEARHY A A
7R (precision) 5 A B3 (recall), & XN

F,=2x Precision X Recall (15)

Precision+Recall
ARSI S AF RN A A . FEARZE 55101
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Camelyon16 ¥4k 5 Fll BRACS #4847 X} e o3 #r
] 5K FH Fl-score Al AUC A%t HAEREDEATIEAG .

XF L7 AL CE ¥ Ak . B Kt ik . CLAM,
DSMIL. TransMIL. DTFD D)} ABMIL, HHr,
b A0 R g R Ak 3 )3 A Xt £ DX 8 P 1915 R LT 1
DI K et A DX B 1 e AR BB 4 3, (HX P
PRI AT e S B — S W ARE(F B ; CLAM i
H R AR T AXRAFE LR, IR Top-k /n il 7T
TN T — 2 AN RFAE 25 (/] ;. DSMIL 38 1+ 5 Kt
IO ], TR R4S 7 401 5 DG S 3 9 R S A
WRGE, e sk e R A A s B
% Fn; TransMIL F ] Transformer Xf £ FEBS 26 R 4T
AR, IR H—ABEVLT IR ILEY class token 1E AT 1) 2R
A RBIEHE(S B, DTED it s | A iyt
IFAEPA AL AL A EERUZ 2R BIRESL , DU 4R
WAERHIE ; ABMIL FH & 1 ML R A 7 1911 93] 1)
TEFTR, AR R RIE R R . 4 1 R ResNet-
18 FRAFFEEAR BT, AR BLAYYE Camelyon16 Fil BRACS
Bl Froxt esgmgi ik, a4 1, 7E Camelyonl6
B4 |, MDM-MIL (¥ Fl-score & 0.823, %5 —
£, 1% DTFD #%1E 0.058, AUC Jy 0.854, BT DTFD;
{E BRACS % % |-, MDM-MIL {4 Fl-score & 0.639,
Foss — &1 ABMIL BRI 0.088, AUC 40.771, 5%
—Z IR CLAM A S22, £ 0.017, £ 2 AR H
VIT-S/16 ¥¢ fiF 4 A% B, A [A] A% & 7E Camelyon16 Fl
BRACS ## 4 F XS S 45 5 & 2 vl , 7
Camelyon16 $(#E4E I, MDM-MIL K428 RE408 T H

B, 7E Fl-score. AUC #8%5 L il&E T35 &1
DTFD #i%1 0.044, 0.008; 7t BRACS ¥#iE I, MDM-
MIL % F1-score Fll AUC #8 45 K/MBIHHEESE —, 4351
Fess 441 DTFD #8415 0.127 1 0.042,

ZE LRI, RSO AR IO AR bR LT R A
FHM . X REHT: 1) S Eat s S5
— U EARHIEE S Z WS ;  2) CLAM Fil ABMIL #B/&
FF L R A BT, X BRI ER A2 AE
BRI Hh A3E T ;. 3) TransMIL AT DSMIL B85 %
R T R I S, {H TransMILAE B /R 491 FH G 1
Aol ] A 2 AN A ), DSMIL &% AR 0 FH B9 243 9 Y 7
BIVE AT, FR T AR AR B PN TR ISR Y S — 1
HERME N RZ, REUMRERAE. B TAHR B
Tz 4, DTFD WMERERAL, il 5| ADhakis i
W, M ER N N R GRS, ST
LSS50 ) A PR A4 AE AR B 18 AR DG, (EAE BEAL
Ry R IR A O Fe T, FEAE S | AR FRAE 1Y)
AR, B SASHR I A A BRI, X IE
TARSCHE S SR AR AE S Uy T A R PR RE R
SRR W B 2 e TN G505, AR A A B B
REJIAR ) T i — 2D s, DT S 2 BT T AR Ay A
P

<
HBo

i

3.4 HRLSEIE
3.4.1 BHRBARME

T B0 UF MDM-MIL BRI B A 50, A4S0y
SI1E Camelyonl6 Fil BRACS Wi Bd 4 b vE47 i fl 52

%1 FR#A A Camelyon16 #= BRACS (#5449 5 £ 25 R 31t (444242 B0 ) ResNet-18)
Table 1 Comparison of classification results of different models on the Camelyon16 and BRACS datasets (feature extractor: ResNet-18)
Dataset Index Average pooling Max pooling CLAM DSMIL TransMIL DTFD ABMIL MDM-MIL (ours)
Flscore 0.595 0.584 0.752 0.745 0.672 0.765 0.759 0.823
Camelyon16
AUC 0.599 0.625 0.783 0.778 0.745 0.862 0.795 0.854
Flscore 0.495 0.499 0.526 0.523 0.468 0.472 0.551 0.639
BRACS
AUC 0.693 0.751 0.788 0.776 0.768 0.749 0.758 0.771

%2 TREEA A Camelyon16 f= BRACS #4449 % £ 25 B3tk (B 4242 E H VIT-S/16)

Table 2 Comparison of classification results of different models on the Camelyon16 and BRACS datasets (feature extractor: VIT-S/16)

Dataset Index Average pooling Max pooling CLAM DSMIL TansMIL DTFD ABMIL MDM-MIL (ours)
Flscore 0.587 0.905 0.895 0.932 0.912 0.939 0.903 0.983
Camelyon16
AUC 0.694 0.932 0.943 0.952 0.934 0.976 0.925 0.984
Flscore 0.513 0.572 0.602 0.552 0.605 0.637 0.635 0.764
BRACS
AUC 0.732 0.801 0.859 0.796 0.831 0.863 0.841 0.905
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—3, SCIEER LR 3 R 4,

4% 3 JB/R T ZFEAIAE Camelyonl6 (¥s 4 I H
ANFIRHESR IS 1) SC B0 45 R . @ X Ee i, T LA
B 2 A0 RL LI, B AUC #84n A B 8271, X
P BB i — 58 53 i 18 R B B 7 491 P LA A A X
v OB R 0 Y DG T B MR 3 RSB 2 7F Ace I
AUC L3 A BEHRT, XKW RIC JrikHl ADA B
H IS A T DU B R o A E AR G5 B RS, 43
MrAS TRl s o] B A Sk . RFEE 10 20 3. 4 PO,
A 4 B bR HEESS —, XKW RIC 771k . ADA
BRI MDM = 35 [ 25 45 68 57 g iy 488 THASE D (9 A6 0 12 B
MDM ¥t =527 2] BN B 7R G5 B2E AT 78 53 Rl 6 DT S 4
HhPRAF S B S A 0GR KRR 8 5L 5. 6. 7 AH
o, Uil RIC 771 . ADA Al MDM = #4542
K, EADS FARIMRE A T B E . BRI S|
6. 7. 8F 1., 2, 3, 447X, WTLLE HAFRFRIK
R4 TE, X EEHE T VIT-S/16 A MR8 TohRE R
2 ) B P AHE IR I RE IR BRI i 24 X,

SIFTRGIE A DGR B, TR R IR A R RAIE .

% 4 JBR T ANFRERIE BRACS S8 8 b Al FHAS [
FRAFPEHUER A SE 25 L, e X b T DR BUR AR 2 |
347 LAY 1 AL AUC $8 454 Frde T, (H Ace IR
RO UL T, X R EH] RIC 5L ADA Xf T
B BE RS T T REANGE I B . SRR 4 iy 1 7F
Acc. AUC f8tr F33A BT, 40ilert 5.813. 0.063;
BALS . 6. 7. 8 MHLLEL, B 8 (4EHR Acc A1 AUC 43
Sk 77.852 F1 0.905 WHFFES — o £ bR, ASCHE T
(=AU R R, RENS W R T R A R RE, TR
FH A W B2 2 N R R BGER 1 TN 255 Tk e KK T
BRI £ T 53 B R
3.4.2 BEYURGI R B SR

T Hl p & RIC Jrik i B S5, H, T
BeBEMR BB, p PR B BRI . 5] 4(a)
FE 4(b) s35lRoR THEMAEWEE I, BSETHEAR
(B XN BRI RE . o] LU HORTR] T (B AR 45
TR BRI —E S o T B R R B 57 i 1) 7= 4614~
BadZ, XRATEEFE—LXEERNER, HTES
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Table 3 Results of ablation experiments on the Camelyon16 dataset

Feature extractor Model RIC ADA MDM Acc AUC
1 — — — 79.070 0.758
2 v — — 77.519 0.805
ResNet-18
3 ) v — 81.395 0.827
4 ) \ v 84.496 0.854
5 — — — 93.798 0.958
6 v — — 89.147 0.986
VIT-S/16
7 ) v — 89.152 0.968
8 v v v 98.445 0.984

% 4 £ BRACS Luayilahsihss %
Table 4 Results of ablation experiments on the BRACS dataset

Feature extractor Model RIC ADA MDM Acc AUC
1 — — — 58.140 0.708
2 v — — 58.138 0.785
ResNet-18
3 \ v — 56.977 0.753
4 ) \ \ 63.953 0.771
5 — — — 67.442 0.811
6 \ — — 75.581 0.877
VIT-S/16
7 N N — 72.093 0.884
8 ) v v 77.852 0.905
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Fig. 4 The influence of hyperparameter T on model performance on different datasets. (a) Camelyon16; (b) BRACS
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Abstract

Objective In clinical practice, pathological examination is considered the "gold standard" for diagnosing various types of cancer. In the
field of pathological image intelligent diagnosis, the detection performance of deep learning models typically relies on large-scale and high-
quality manually annotated datasets. Due to the high cost and expertise required in annotating medical images, large-scale annotation is
often infeasible, resulting in challenges such as limited training data and significant domain variation in clinical scenarios. Therefore,
achieving accurate, efficient, and generalizable medical image recognition under limited annotation conditions has become a important
challenge in the field of intelligent medical image processing. Mainstream methods adopt multiple instance learning (MIL), which enables
whole slide image(WSI) classification using only slide-level labels. However, MIL-based approaches still suffer from issues such as overly
concentrated attention allocation and model overfitting when handling complex pathological patterns.

Methods To address these challenges, this study proposes a MIL framework based on a mixed distillation training strategy. First, Starting
from publicly available datasets, the processes of image segmentation, image partitioning, and image feature extraction for digital
pathology slides have been implemented. The OTSU segmentation method is used to remove the background images that do not contain
any pathological information. Each WSI in the dataset is divided into non-overlapping image patchs to facilitate model training and feature
extraction. These preprocessing steps help improve the efficiency and accuracy of the model, enabling it to focus more on learning the key
pathological features. The self-supervised Vision Transformer-S/16(ViT-S/16) was used to train the model on unlabeled pathological image
data. The ViT-S/16, which is a self-supervised learning method based on contrastive learning, can learn key feature representations from
images. This process enables the model to learn transferable features from unlabeled data and provide better initialization for the
downstream classification task. Then, a mixed distillation mechanism multiple instance learning (MDM-MIL) model integrating dual-path
adaptive attention and random instance concealing is designed. The adaptive attention module dynamically adjusts the degree of focus on
different texture features and captures semantic relationships between them to further enhance the classification accuracy. The first path
adaptive gated attention submodule calculates the attention scores of all instances, and then aggregates the attention scores adjusted by
random instance masking to integrate the remaining instance information. The second path uses an adaptive multi-head attention
submodule to calculate the attention scores of all instances, and then aggregates the attention scores adjusted by random instance masking
to integrate the remaining instance information. This adaptive method not only enhances the model's ability to recognize local features but
also significantly improves its understanding of global context. Meanwhile, the random instance concealing (RIC) mechanism randomly
masks instances with high attention scores during training, forcing the model to explore additional informative regions and mitigating
overfitting to a few critical patches. Mixed distillation mechanism (MDM) integrates the feature information of the remaining instances
from the two paths after being processed by the RIC method, thereby enhancing the learning efficiency and classification accuracy of the
model. This method captures semantic relationships between different texture features of an image to further increase the classification
accuracy. Finally, the classifier achieved accurate classification results on a dataset of breast cancer whole slide pathological images. This
paper proposes a multi-instance learning model based on a mixed distillation strategy to address the issues of excessive attention allocation
and model overfitting in existing multi instance learning. This model combines a collaborative training dual-path adaptive attention model
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Technology Project) (2022YFS0020), Science and Technology Project of the Sichuan Provincial Health Commission (23LCYJ020), Mianyang Central
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with a random instance masking method, and ultimately uses a mixed distillation strategy to concatenate the aggregation results of the dual
paths. The model can fully learn more key instance feature information while considering the correlation between various types of
instances, ultimately improving the performance of the model and alleviating model overfitting.

Results and Discussions This study has the characteristics of uneven distribution of categories and weakened sample labels.
Therefore, AUC and Fl-score are comprehensively adopted as the main evaluation indicators to ensure the scientificity and
comprehensiveness of the performance assessment. Experimental results demonstrate the superiority of the proposed method. On the
Camelyonl6 dataset, the model achieves an accuracy of 98.445%, an AUC of 0.984, and an F1-score of 0.983. On the BRACS dataset, the
corresponding values reach 77.852%, 0.905, and 0.764, respectively, showing significant improvements over existing MIL approaches. The
experimental results on the Camelyon16 and BRACS datasets show that compared with other advanced multiple instance learning models,
This model has significantly better classification metrics, indicating that our model has more advantages in pathological image
classification.

Conclusions This thesis proposes novel algorithm designs and conducts comparative experimental evaluations on corresponding public
datasets, achieving superior results compared to the current state-of-the-art methods. This paper contributes to the advancement of
automatic analysis techniques for pathological images based on deep learning, which holds significance in assisting cancer diagnosis, and
improving the efficiency of clinical analysis.

Keywords: image classification; self-supervised learning; multi-instance learning; random instance concealing; adaptive attention; mixed

distillation
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