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N Multi-Instance Multi-Label Learning (MIML)
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I Abduction Process: Figure 4
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Fig. 4. The detailed illustration of the abduction process. The pseudo labels are first translated into logical variables and facts. Then we try to maximize the consistency between
pseudo labels and the knowledge base by modifying some of the labels under cost constraints. For example, according to the logical rules, the bag-level annotation “no recession”
means that all instances shall not show signs of recession, so the “recession” label of x; is modified. Also, according to the rules, since the instances around the center of the
image are more likely to show signs of affection, as well as all neighbors show no signs of swelling, the label “swelling” of x, is modified, which is consistent with the ground
truth.
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Q miEkESEFESR

[ sEkE: mRhORER
e REHS: EBHEEORES
RIEIESEE: 2017—2020 4

A | BISIRE: FHEETEE (FRRE. FROPER)
Q xmizE
PH Gl MMP SP
Periodontal Gingivitis Mild to Moderate Severe
Health Periodontitis Periodontitis
FEfEER FraRs RHREFRER BEFER

BT AR ERTANS HRE

Q miEsss

= (URMHEIEHRFIRZ (image-level / bag-level)
= FEAEEEmM patch IATIRE

" LSRR RS RIS T AR SRR A Al
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B ERNREE, WXSERFMHAR

QD #uRESiT (Table 1)

Test
E-371]| Train
2017 2018 2019 2020

PH 1531 122 167 159 160
Gl 1573 202 176 215 227

MMP 1575 189 183 189 183
SP 295 28 30 27 23

O FmESmARRS
A | RAOEER » BN FREHRBISHE - | o SNRSTERG

F—ER mam  SKEESHEN 10 4 patches
A 3 384 384 “EE mApatchgmmy 3 128 128

HEEEGSYEEEE: 3 800 1200~3 4000 6000
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Experiments with Diverse Backbones

Table 2 SCIR4EER

Table 2
Experimental results of different methods and models evaluated on several main metrics from 2017 to 2020. We assume that the labels of the original images are ground truth.
The results are organized by groups of backbones and times.

Metrics & Results Metrics & Results

Methods & Models 2017 2018 Methods & Models 2019 2020

ACC mPRE mSEN mSPE mF1 mAUC ACC mPRE mSEN mSPE mF1 MF1 ACC mPRE mSEN mSPE mF1 mAUC ACC mPRE mSEN mSPE mF1 mAUC
VGG16 0.6987 0.7552 0.7297 0.8903 0.7374 0.8570 0.7104 0.7834 0.7428 0.8946 0.7584 0.8747 VGG16 0.7360 0.7883 0.7752 0.9028 0.7793 0.8886 0.7239 0.7765 0.7443 0.8973 0.7570 0.8870
VGG16-MIML 0.7246 0.7753 0.7592 0.9000 0.7625 0.8824 0.7320 0.8026 0.7601 0.9026 0.7759 0.8625 VGG16-MIML 0.7411 0.7925 0.7786 0.9046 0.7833 0.8961 0.7391 0.7880 0.7557 0.9030 0.7685 0.8954
VGG16-ABMIML 0.7320* 0.7805* 0.7797* 0.9026* 0.7763* 0.8874* 0.7446* 0.8118* 0.7697* 0.9071* 0.7859* 0.8920* VGG16-ABMIML 0.7530* 0.8009* 0.7872* 0.9089* 0.7923* 0.9014* 0.7542* 0.8007* 0.7768* 0.9086* 0.7863* 0.9012*
ResNet18 0.7782 0.8160 0.8110 0.9188 0.8116 0.9284 0.7770 0.8354 0.7961 0.9188 0.8109 0.9259 ResNet18 0.7712 0.8153 0.8031 0.9158 0.8066 0.9356 0.7690 0.8122 0.7890 0.9142 0.7979 0.9342
ResNet18-MIML 0.7911 0.8272 0.8254 0.9239 0.8233 0.9407 0.7896 0.8451 0.8126 0.9234 0.8247 0.9396 ResNet18-MIML 0.7949 0.8338 0.8210 0.9244 0.8252 0.9462 0.7909 0.8296 0.8041 0.9222 0.8146 0.9464
ResNet18-ABMIML 0.8133* 0.8426* 0.8449* 0.9325* 0.8406* 0.9446* 0.8094* 0.8595* 0.8349* 0.9306* 0.8437* 0.9462* ResNet18-ABMIML 0.8068* 0.8426* 0.8458* 0.9289* 0.8426* 0.9496* 0.8044* 0.8394* 0.8249* 0.9273* 0.8305* 0.9514*
ResNet50 0.7930 0.8282 0.8189 0.9243 0.8209 0.9422 0.7968 0.8515 0.8252 0.9260 0.8341 0.9451 ResNet50 0.7932 0.8317 0.8270 0.9247 0.8267 0.9401 0.7926 0.8312 0.8284 0.9233 0.8270 0.9412
ResNet50-MIML 0.8152 0.8449 0.8460 0.9329 0.8425 0.9477 0.8129 0.8605 0.8380 0.9319 0.8463 0.9462 ResNet50-MIML 0.8102 0.8451 0.8573 0.9312 0.9462 0.9479 0.8094 0.8438 0.8389 0.9293 0.8398 0.9486
ResNet50-ABMIML 0.8318* 0.8577* 0.8573* 0.9384* 0.8558* 0.9510* 0.8291* 0.8713* 0.8506* 0.9378* 0.8587* 0.9524* ResNet50-ABMIML 0.8288* 0.8598* 0.8701* 0.9378* 0.8625* 0.9537* 0.8280* 0.8568* 0.8547* 0.9366* 0.8538* 0.9555*
ResNeXt 0.7985 0.8328 0.8243 0.9264 0.8255 0.9407 0.7932 0.8462 0.8222 0.9248 0.8310 0.9410 ResNeXt 0.7966 0.8344 0.8293 0.9259 0.8294 0.9398 0.7943 0.8315 0.8316 0.9247 0.8275 0.9377
ResNeXt-MIML 0.8189 0.8495 0.8380 0.9331 0.8418 0.9522 0.8201 0.8678 0.8439 0.9345 0.8521 0.9498 ResNeXt-MIML 0.8186 0.8514 0.8483 0.9340 0.8470 0.9486 0.8044 0.8392 0.8382 0.9282 0.8354 0.9429
ResNeXt-ABMIML 0.8336* 0.8599* 0.8714* 0.9389* 0.8642* 0.9584* 0.8381* 0.8776* 0.8575* 0.9410* 0.8655* 0.9610* ResNeXt-ABMIML 0.8356* 0.8651* 0.8766* 0.9401* 0.8684* 0.9597* 0.8381* 0.8639* 0.8629* 0.9407* 0.8611* 0.9588*
ViT 0.8004 0.8349 0.8452 0.9270 0.8375 0.9436 0.7968 0.8481 0.8249 0.9261 0.8337 0.9447 ViT 0.7983 0.8346 0.8406 0.9263 0.8352 0.9418 0.8061 0.8400 0.8409 0.9292 0.8362 0.9441
ViT-MIML 0.8207 0.8501 0.8607 0.9344 0.8534 0.9541 0.8183 0.8618 0.8559 0.9340 0.8572 0.9510 ViT-MIML 0.8186 0.8510 0.8650 0.9340 0.8549 0.9477 0.8111 0.8439 0.8539 0.9311 0.8451 0.9462
ViT-ABMIML 0.8429*  0.8741*  0.8777*  0.9421*  0.8748*  0.9657*  0.8399*  0.8789*  0.8728*  0.9417*  0.8740*  0.9625* ViT-ABMIML 0.8458*  0.8727*  0.8836*  0.9436*  0.8764*  0.9640*  0.8465* 0.8707*  0.8781*  0.9438*  0.8724*  0.9690*

FREARM, HFRTEERMN. REEREREBIEXSE 8 T Table 2,

@ soisies TSRS YL gEe—: BEBMEEEELE

s YEbEF: VGG16. ResNet18, ResNet50, = i5tRx: ACC., mPRE, mSEN, mSPE, mF1, s JFEREITHNIETRSLT baseline
ResNeXt, ViT mAUC

= JZE: Baseline, MIML, ABMIML =fhy53 » 7E[E— backbone, FE—MHXEFDAEELER = MIML BT REEGEESE

= &4 epoch SIE = Baseline = MIML: EEEfEiEzs = SINBEHEERE, SETHEH PR

= B 5 /" epoch TEERFITIRRIELL)I = MIML — ABMIML: FZ=HEHEEER = J\mERICIEBRIR S ST R RAY SR
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I Experiments with Diverse Backbones
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Experiments with Detection Models

Table 3 S5EFEMI5ZERIZIEL

Table 3

A brief exhibition of experimental results of our proposed method compared with the detection models. The backbone models in the experiment are all implemented using the

well-established versions.

) i A S
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Metrics & Results

Methods & Models

SampleNum = 1200

SampleNum = 2000

ACC mPRE SEN, SEN, SEN,, v/ p SEN,, ACC mPRE SEN, SEN, SEN 1/ p SENp
RCNN 0.7121 0.7418 0.9615 0.4151 0.6600 0.8372 0.7240 0.7510 0.9600 0.3846 0.7200 0.8750
F-RCNN 0.6959 0.7220 0.9423 0.3725 0.6531 0.8333 0.7273 0.7510 0.9231 0.3962 0.7551 0.8636
YOLOv1 0.7231 0.7463 0.8846 0.4118 0.7551 0.8605 0.7323 0.7568 0.9038 0.4340 0.7708 0.8444
YOLOvV?7 0.7474 0.7730 0.9423 0.4400 0.7755 0.8372 0.7577 0.7797 0.8846 0.5000 0.7959 0.8605
ResNet50-ABMIML 0.8041 0.8183 0.7692 0.7800 0.7959 0.8837 0.8196 0.8318 0.8077 0.8000 0.7959 0.8837
ViT-ABMIML 0.8247* 0.8339 0.8077 0.8000 0.7755 0.9302 0.8367* 0.8445 0.8077 0.8400 0.7843 0.9302

JAS > s ZZ A =]

Q@ 2FrLEE Q@ =uEm=Eis @ =EMSEEH
3B 1,200 / 2,000 sk, ViT-ABMIML £/5EEEE E ACC &5 FEER: KSNAEEY Gl A5 EHR(E
KRIKBUIE, FETTEETE. Gl EEE (1200 /2,000 %

1,200 3K 2,000 K A= (1, : )

S9B&: RCNN. Faster-RCNN,
YOLOv1, YOLOV7 RYREASEIL,
WK : (MRBEFEE > 0.5 BIE,
IR IRIENER R e R E RS,

82.47%

+7.73 MEAPE

BRI RIERUEL YOLOV7 By ACC 18

83.67%

+7.90 MES =
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sz
=S

I

ViT-ABMIML: 80% / 84%

aWFEE: 29 37%—44% / 38%—50%

TEEHEN: ZFURIPEREYSEEESRAI,
AJREfERINTTIERE Gl iRFI/ PH,
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The Impact of Pretraining

Table 4 S#ESr: FlZRa972IR

Table 4

Experimental results of pretrained and non-pretrained models. To be brief, we select two representative backbones to demonstrate the

the table indicates that the combination of methods can hardly converge to a feasible solution.

X 5 i ] .
Gh Gt AAL

effectiveness of our approach. The ’NaN’ in

Methods & Models

Metrics & Results

Pretrained Non-pretrained

ACC mPRE mSEN mSPE mF1 ACC mPRE mSEN mSPE mF1
ResNet50 0.7906 0.8265 0.8194 0.9277 0.8214 0.7345 0.7554 0.7579 0.9024 0.7562
ResNet50-MIML 0.8164 0.8389 0.8377 0.9288 0.8362 NaN NaN NaN NaN NaN
ResNet50-ABMIML 0.8308* 0.8584 0.8562 0.9342 0.8563 0.8178* 0.8372 0.8364 0.9162 0.8388
ViT 0.8006 0.8368 0.8387 0.9273 0.8374 0.7534 0.7722 0.7753 0.9062 0.7748
ViT-MIML 0.8165 0.8514 0.8615 0.9327 0.8560 NaN NaN NaN NaN NaN
Vit-ABMIML 0.8432* 0.8683 0.8796 0.9415 0.8728 0.8207* 0.8427 0.8462 0.9356 0.8452

@ LIS

EE®F: ResNet50, ViT;
5 Bl Eb T || 2R S 3EFT) 114

RN EEREHUIREY, AFHRFMAER;

SP ZR£9HHEX 20%, HREL 10%.

NaN: 200 epochs [F7RILER,
FIEHW AN TERATUNRE—RES,

@ g By

e MIML 193 NaN;
DA AB-MIML FEEIBH P EER.

ResNet50
81.78%

+8.33 jl\Eﬁn 0

viT
82.07%

+6.73 MERR

ACC $EEAERS T XIR A3 FF) | At Ay
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@ waillis:

AB-MIML §§ ACC ZARNRS

ResNet50: 83.08% (3 MIML +1.44 pp)

SteH

ViT: 84.32% (& MIML +2.67 pp)

FoIGHINHAINTEY, hERRAT/ISREIRIR.
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The Impact of Noisy Datasets

Table 5 &9 th: FEIEERIZIN

Table 5

A brief overview of experimental results of different methods evaluated on several key metrics of test datasets. We assume that there is a certain ratio of noise in the bag-level
annotation. The methods evaluated using a pretrained backbone are identified by the suffix “(P)”. The “NaN” in the table indicates that the model can hardly converge to a
feasible solution under such settings.

Metrics & Results

Methods & Models

n=0% n=>5% n=10% n=20%
ACC mSEN mF1 ACC mSEN mF1 ACC mSEN mF1 ACC mSEN mF1
ResNet50 0.7345 0.7579 0.7562 0.7300 0.7602 0.7696 0.7024 0.7464 0.7523 0.6605 0.7164 0.7153
ResNet50-MIML NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
ResNet50(P)-MIML 0.8164 0.8377 0.8362 0.8090 0.8254 0.8266 0.7588 0.7893 0.7830 0.7207 0.7536 0.7601
ResNet50-ABMIML 0.8178 0.8364 0.8388 0.8120 0.8298 0.8314 0.7541 0.7842 0.7793 0.7157 0.7636 0.7614
ResNet50(P)-ABMIML 0.8308* 0.8562 0.8563 0.8280* 0.8423 0.8507 0.7852* 0.8040 0.8121 0.7460% 0.7670 0.7614

(01 I3 e @ 20% IEETHILE (03 WU =A5T 3

BF: ResNet50; (P) FEr~%Ffu)l%. RBFIggE, Lbik ACC Fhilllgk AB-MIML (ERIZEET ACC =S,
BEERIBIRSIMATIREREE, IRFEIEARS, MHEEE TR,

BFEER: 0%, 5%. 10%. 20%; AB-MIML (P) MIML (P) JEFT)IIZ: MIML $9%45 NaN,
BENUHBUIGER, SIRSSEME, D =L

& YIGEER, BiR 74.60% 72.07% RRZIRE NHEBRUEN

SP AR, HIEFIEIZETENIRSE, VEBRR: TREWRMAR,

B E LR LU =, AB-MIML i 2.53 PESE BRI TSRS, SSH— AL IE.
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I Robustness across Classes

Table 6 E#ES1r: FAR=RZIRIFRMR

Table 6
Experimental results for class-wise analysis. The models used in the experiment are all pretrained.

Metri 1
Methods & Models etrics & Results

ACC PRE,, PRE,,, PRE; PRE,, SEN,, SEN,, SEN,, s p SENj,
ResNet50 0.7877 0.7290 0.7742 0.8559 0.8529 0.8721 0.6829 0.8112 0.8286
ResNet50-MIML 0.8091 0.7480 0.7813 0.8819 0.9412 0.8676 0.7114 0.8394 0.9143
ResNet50-ABMIML 0.8344* 0.8000 0.7851 0.9043 0.9459 0.8767 0.7724 0.8353 1.0000
ViT 0.7984 0.7364 0.7727 0.8697 0.9394 0.8676 0.6911 0.8313 0.8857
ViT-MIML 0.8171 0.7610 0.7946 0.8782 0.9444 0.8721 0.7236 0.8394 0.9714
Vit-ABMIML 0.8438* 0.7935 0.8069 0.9106 1.0000 0.8950 0.7642 0.8594 0.9714

fEtmisEE: ACC ASFHEIREE,; PRE AHHIEHREE,; SEN AHRHITMEE,

Q@ =PrFEHSes @ sP #%: MEFBRSIRG @ =miRASHR

SP RN 295 3K; AB-MIML 7£ SP % FiyRIseH Bif ACC: 83.44% / 84.38%

HH{=25%9 1,500 5k (W Table 1) , 2BIIRI ResNet50 / ViT, ¥BHEARS.
_ _ ResNet50 - SP B[EIHE ViT - SP ¥5iR=e " .

SR ResNet50. ViT FGRbET, eshe v HERTELRIER) | SR KBNEIRET

A SIS AR T 145 100% 100% SP {4558, PH 1SH=taRTE.

EE4s Baseline, MIML, AB-MIML, YEERIE: SP WFIREESBERE FABRTSM: ResNet50 f MMP BE
ZEERKDHr PH. GI. MMP, SP, BAE, AIRCMME T KBIR DR, BT MIML (83.53% vs. 83.94%)
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Effectiveness of Abductive Methods

Figure 7 HBRIZEFIS Grad-CAM TJi{L
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