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A multimodal vision-language model
for generalizable annotation-free
pathology localization
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Existing deep learning models for defining pathology from clinical
* n imaging data rely on expert annotations and lack generalization capabilities

in open clinical environments. Here we presenta generalizable vision—
language model for Annotation-Free pathology Localization (AFLoc).
The core strength of AFLoc is extensive multilevel semantic structure-based
contrastive learning, which comprehensively aligns multigranularity
medical concepts with abundant image features to adapt to the diverse
expressions of pathologies without the reliance on expert image
annotations. We conducted primary experiments on a dataset of 220,000
pairs of image-report chest X-ray images and performed validation
across 8 external datasets encompassing 34 types of chest pathology.
The results demonstrate that AFLoc outperforms state-of-the-art methods
in both annotation-free localization and classification tasks. In addition,
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we assessed the generalizability of AFLoc on other modalities, including

Ha Ha I histopathology and retinal fundus images. We show that AFLoc exhibits
# % j\: % robust generalization capabilities, even surpassing human benchmarks in
I = = localizing five different types of pathological image. These results highlight
the potential of AFLoc inreducing annotation requirements and its

# g }:l XT? applicability in complex clinical environments.
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Accurate diagnosis and precise pathology localization in medical cliniciansto meticulously annotate numerous precise bounding boxes
images Facili ized tr app hes thatimprove  or perform pixel deli ions of localized pathology areas. This
patient outcomes and mitigate the possibility of diagnosticerrors.By  annotation process is costly, particularly in resource-constrained
pinpointing th locati d ofabnormalities, clinicians  clinical settings, and algorithms frequently struggle to generalize to
canmake informed decisions thatlead to more-targeted therapiesand  diverse datasets.

Accepted: 24 October 2025

improved prognoses for patients' .
Over the past decade, supervised deep learning methods have

dadvancementsin di: localization™*.However, the effi-
cacyofthese methods heavily relies on extensively annotated training
datasets, which require domain expertstoinvest considerable time™".

Specifically, clinical localization tasks often require experienced

Several methods have been proposed to reduce the reliance on
large annotated datasets'". Initially, these methodologies acquire
general visual representations through self-supervised learning from
image datasets, followed by fine tuning on smaller annotated data-
sets. This approach enables models to achieve high performance on
specific tasks while decreasing the need and cost of data labelling".
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Abstract

Existing deep learning models for defining pathology from clinical

imaging datarely on expert annotations and lack generalization capabilities
inopen clinical environments. Here we present a generalizable vision-
language model for Annotation-Free pathology Localization (AFLoc).

The core strength of AFLoc is extensive multilevel semantic structure-based
contrastive learning, which comprehensively aligns multigranularity
medical concepts with abundant image features to adapt to the diverse
expressions of pathologies without the reliance on expertimage
annotations. We conducted primary experiments on a dataset 0of 220,000
pairs of image-report chest X-ray images and performed validation

across 8 external datasets encompassing 34 types of chest pathology.
Theresults demonstrate that AFLoc outperforms state-of-the-art methods
inboth annotation-free localization and classification tasks. In addition,

we assessed the generalizability of AFLoc on other modalities, including
histopathology and retinal fundus images. We show that AFLoc exhibits
robust generalization capabilities, even surpassing human benchmarksin
localizing five different types of pathological image. These results highlight
the potential of AFLoc in reducing annotation requirements and its
applicability in complex clinical environments.
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pathology localization Transformer

EB—E: EFEEN: BHIREEN

i)
e\
Ei3)

Accurate diagnosis and precise pathology localization in medical
images facilitate customized treatment approaches that improve
patient outcomes and mitigate the possibility of diagnosticerrors. By
pinpointing the exactlocation and extent of abnormalities, clinicians
can make informed decisions thatlead to more-targeted therapiesand
improved prognoses for patients' ™.
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Over the past decade, supervised deep learning methods have
accelerated advancements in disease localization®®. However, the effi-
cacy of these methods heavily relies on extensively annotated training
datasets, which require domain experts to invest considerable time>"™.
Specifically, clinical localization tasks often require experienced

clinicians to meticulously annotate numerous precise bounding boxes
or perform pixel-wise delineations of localized pathology areas. This
annotation process is costly, particularly in resource-constrained

clinical settings, and algorithms frequently struggle to generalize to
diverse datasets.
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Several methods have been proposed to reduce the reliance on
large annotated datasets'’ ", Initially, these methodologies acquire
general visual representations through self-supervised learning from
image datasets, followed by fine tuning on smaller annotated data-
sets. This approach enables models to achieve high performance on
specific tasks while decreasing the need and cost of data labelling".

Moreover, saliency-based methods'* " have been developed toreduce
annotation costs in pathology localization tasks by allowing coarse
localization of target categories in models trained with image-level
annotations. However, these methods still require annotations for
specific downstream tasks. This requirementis particularly challenging
inflexible and dynamic clinical environments, especially for emerging
diseases (for example, COVID-19), where deployed models may fail to
perform effectively’®°.
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Inrecentyears, unsupervised deep learning methods have gained
increasing attention due to theirindependence from annotated data-
sets, particularly in the field of anomaly detection” **. These methods
typically train models using only healthy samples, learning the distri-
bution of normal anatomical structures, which enables the identifi-
cation of abnormal pathology samples during the testing phase”"*%,
They are particularly effective for datawith simple structures and low
intersample variance, allowing them to learn normative distributions
and achieve excellent anomaly detection performance® *. However,
challenges such as the high heterogeneity of pathology images, simi-
larities between different pathologies and large variations in contrast
for the same lesions reduce the usability of these methods in com-
plex scenarios, thereby hindering their practical application in real
medical environments®.,

B 0 R R A S T VR A RO TE B AR 2 2
R 2 I e, U R S A ) 008 o

é )
TEIB AR X R T7 50 DU P A R AR I 25
BERY, AT o) IR W R S A A o0 A, IEAE DN IA By Bt

BB TR U S B AR A )

( )
To BEBF 05 SRR B . RTINS T A5 AT B RR A ) 22 A
WL e AR, RRS 4 ST ALV AL 0 A - U e 5 ) e

WA P RE o

J/

SR, o BRI G B =) 5 53 Sk A R 22 2 1 A
U, DA JR] — 9o KEAEAT L B b A R AR AL S5 B
FEAR 7 IX B VR AR R 2R T S W mT A, A BELA
T AR R BT BB R SR o



A multimodal vision—language model for generalizable annotation-free

g I %.. 'g@ ﬁ¥ pathology localization Transformer

EHEY: 250 VWLNESE H 5Bk

A promising approach is the development of medical vision-
language pre-training methods'***~*". These methods establish effec-
tive correlations between medical reports and medical images, allow-
ing them to flexibly localize disease types not encountered during
pre-training without requiring additional customized annotations®.
However, achieving precise pathology localization solely through the
combination of medicalimages and clinical reports remains challeng-
ing. A primary obstacle is the lack of explicit pathology localization
markers in clinical reports, which often provide only coarse informa-
tion such as ‘upper’ or ‘left’ to indicate disease location. Moreover,
clinical descriptions by clinicians are subjective and variable, further
complicating the task of accurately extracting and localizing diseases
in medical images. To address this challenge, several methods have
been proposed to integrate finer-grained information. For instance,
GLoRIA®® extracts the correlation of the image’s regions and paired
words in reports to learn global and local representations of images.
MedKLIP” uses well-defined medical vocabulary knowledge bases to
provide supervision at the entity level through triplet training para-
digms. However, these fine-grained methods typically focus onindivid-
uallevels of medical concepts and may overlook the variable meanings
of concepts in different contexts. Therefore, these approaches may
struggle to adapt to the diverse expressions of disease descriptors in
clinical practice, often requiring customized textual cues to enhance
localization performance.
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Inthis study, we propose AFLoc, avision-language model based on
contrastivelearning aimed at alleviating the need for costly pathology
localization annotations. AFLoc can autonomously perform pathology
localization and clinical diagnosis with medical images. Unlike tradi-
tional global semantic alignment strategies*®**°, AFLoc introduces a
contrastive learning framework with amultilevel semantic alignment
component, facilitating the comprehensive alignment of medical
concepts from reports with image features. Specifically, the image
encoder generates threelevels of features: shallow local features, deep
local features and global features, which are aligned with word-level,
sentence-level and report-level features extracted by the text encoder.
We extensively validated AFLoc across three types of medical image
dataset, including chest X-ray (8 external datasets), histopathology
(3 external datasets) and retinal fundus images. Our results show that
AFLocoutperformsstate-of-the-art methodsinlocalization and clinical
diagnostic tasks across different modalities. We hope that this study
can help address the challenges posed by annotation scarcity and
modality diversity in clinical environments, while providing insights
for the design of future clinical open-environment methods.
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Result: ZNBEZEBITEFRIEZE TR K EE
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Result: ZNEBZBRITEFRIEZE TR % BE
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Result: ZNBEZEBITEFRIEZE TR K EE
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SRR TARE R IR LA

20 295 B - FURE DL PERE

€ Retinal fundus #3E4 _ EAFLoc N RKIR

LN 0201

N RS

CNR

SICAPV2 (n =1,478)

f#AFLoc fE=TiPrfhatn L3I T iy pitkag. kS, SR
LFRyXTEE A PLIP fHEL, S 4ahia il 7xxxxx (SIEHE) -

> XS RN, SRS THHS BRI, AFLoc BE6S I #E

Tt 2 VL e AL 2

> REGRS NG, BREREERE, hTHASIBEHE MR B R,

H AU S AL AR — TR R Pk ik AL 55 - RE ML, AFLoc fEPi Ak
b LU RBLR W], HAREN — M Jo AR TE R A SUR B 2 AL T R BAA RAF
BRI S 5 B A . RO ) RO 7 B 2R A D L, e b
APREI AR &F Yy PERE! )
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£ E—Ad, BRATES R =PGBS R IR ERAH, Wik T AFLoc fETLHAREMR O F#E1T €L
(annotation-free localization) WBJRES . FZEIGIRINE Y, 20 B4 BGE S A il 5
(1) FETFA [F oA i 18 T RE U B 20 A2 B3 s 1] 5

(2) 29 7R RO EE A TR isasial, filan MS-CXR s it iionii.
XS T — AR e R A 2 KFEE LR DA T AFLoc HyPERE?

— e fEiRIRT (Precise prompt)
faiggiR7x (Simple prompt

2 sl Pt) HiZEt R EREFEAHARE.
Hiit et 4.

|
i+

s severe bibasilar consolidation
e findings suggesting pneumonia TRl I
g 99 9gp s airspace opacity in a right infrahilar location
— "SRRGS IR — Al FXSEASES
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Table 1| Comparisons of localization performance on the
MS-CXR dataset with different descriptive granularities

Description BioViL GLoRIA AFLoc

loU

Simple description  0.187 (0.162, 0.213) 0.240(0.214,0.265) 0.289(0.262, 0.314)

Precise description  0.228 (0.201,0.255)  0.268(0.242,0.295) 0.324(0.298, 0.350)

Dice

Simple description  0.287(0.252,0.321)  0.357(0.322,0.392) 0.418(0.383, 0.450)

Precise description  0.342(0.308, 0.377) 0.392(0.357,0.427) 0.462(0.431,0.492)

CNR

Simple description  0.825(0.694, 0.948) 1128 (1.003, 1.254) 1.351(1.219, 1.481)

Precise description  1.083(0.949, 1.219) 1.287 (1149, 1.421) 1.636(1.501,1.772)

Numbers within parentheses indicate 95% CI. Bold values represent the highest performance
score among the compared methods.

> SERM R A, AR A —A R RANB AFLoc DA K 55 A Mish Xy b J5 i (BioViL Al
GLORIA) —— e i MERE LARS 2T T

» X+ AFLoc, fERIRMR~#ME loU $&F T 12.1%. Dice &% 17 10.5% P& CNR #H T
21.1%. iXseikRE, iR H B IRAH S H B3N 15 BR 5 & R A B Ry e AL AR -
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Result: ZNBREBZBRITEFRIET) BT % BE

20 295 B - FURE DL PERE

AN, TAESFHEARSPEK (zero-shot classification) f£5%5, £ BH X X (CXR) - PLRIARHR
JE B R SR B2 B4 L ER AFLoc BTCARiEi2 Wiae Ty -

YER XTI, AT T M I B R E Al 5 i——ReContrast il RD++ {45 5H

X 2 5 YR AE PEAG 1 AR b R R S MR RO, Fos R, RITEEERA “FHEK
(zero-shot) HH” .
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4 2055 E 27 SR R

(NBEARL) : ETANHEF, FTATE RSNA Pneumonia. SIIM. NIH ChestXrayl4 fil CXR-
LT Hask L7 T A (zero-shot) 73 RKAE5-

> G —iE S 2 BESTNG T EME, ETE
#% M ( saliency-based ) B K % (W
ReContrast f1 RD++) 132|858 K. X
ZW SINBSFEEERAMBTNCARE BHf

a ReContrast  msm ConVIRT  mmm BioViL mm MedKLIP
RD++ mm GLoRIA mmm CheXzero AFLoc

| > MedKLIP 7Ei%fE & &Bsl, XA
TR ORI T T LA, M
| T B TR A 5 5 4 R A

> i, ATE AFLoc FEPUANEFEEE ERUS T
% B2 A TAEFFE & T (AUROC,
rocHiZe FHIFR)

> AFLoc B ARMAN FZHSER, @idsa
PBE AL 5 SCASERAE R P2 52 24 Y 7 Fepi Koo

RSNA Pneumonia SlIM NIH ChestXray14 CXR-LT-Task2  CXR-LT-Task3
(n=3,000) (n=2,353) (n=25,596) (n = 406) (h=78,946)
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0 1P FEE R P52 I S TR

(N RABARE) - ®AYE—2% AFLoc N T WMBHR KIS, PEG#E T JUR RO AR SR . BB
H (MD) ~ #REYHAE (retinopathy) « il (myopia) « HXHR (glaucoma)  SERHEMEL R
(CODA) . P EshkiEiL (RAS) « HNFE (cataract) « #BIEIE (MEM) HI #3054 (ML) o

Table 2 | Comparisons of AUROC on retinal fundus datasets for the zero-shot classification task

Methods Label-free MD Retinopathy Myopia Glaucoma CODA RAS Cataract MEM ML Mean

ReContrast v/ 0.423 0.689 0.921 0.693 0.468 0.408 0.341 0.546 0.812 0.589
RD++ v 0.569 0.518 0.291 0.431 0.634 0.671 0.819 0.569 0.176 0.520
ConVIRT v/ 0.421 0.759 0.870 0.848 0.854 0.466 0.424 0.862 0.698 0.689
GLoRIA v/ 0.914 0.592 0.774 0.926 0.803 0.636 0.610 0.834 0.864 0.772

AFlLoc v/ 0.978 0.837 0.962 0.939 0.899 0.644 0.988 0.978 0.946 0.908
RETFound X 0.935 0.758 0.97 0.918 0.900 0.901 0.995 0.908 0.883 0.908

RETFound uses human-annotated classification labels during fine tuning. Bold values represent the highest performance score among the compared methods.

> B KW BREKRN Y (ReContrast il RD++) FERESehh @ iy R, Hlwm M
(0.921 AUROC) #1 HWE (0.819 AUROC) , {H B0/ (45K 0.589 #I
0.520) kT ME—ESHINHFFE-
> LA W% Wik b, AFLoc TERTA B _LABHUS T & m iy kg, “F3¥ AUROC k%
0.908, EHTHI&E )7 GLoRIA (0.772) . B4, AFLoc ffES RETFound #HY4,
M RETFound & FHH# a7 /08 (fine-tuning) 52 AL,
> AFLoc HASEFIZIEES, FFHAEZ A BIH 2 ) B& RIFRTZAE T
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4 2055 E 27 SR R

(NMEABHWHE) - I T F2Emns, A2 BEERSENKREDARARZZCHMSHRE. THRER T
SICAPv2. WSSS4LUAD fi DHMC LUAD %4 L, AR GELE RS RKMESS (zero-shot
classification) i B #ERE2 (balanced accuracy) Xfkbo

____________________________________ [ e e e e e e e e e e ——————————

AT 238k P AR, A Z2AUROC?

F: ZHIRBERX R AR R BRI, 0 KA S5, (HRRE
TG P R — 20 RAEFF. BIOI R T 5
PP TR) 8L, DR B 5 A FH P A 3R

b CLIP PLIP B CONCH
BiomedCLIP  mmm QuiltNet AFLoc

e
s

o
I

o
o

o
a
H]
—
—

Balanced Accuracy= (Recall; + Recall, + ... + Recall,) / n

> TEFTAXITAY, AFLoc fERTABHRSE IRl B
flkaE, 433176 SICAPv2. WSSS4LUAD # DHMC
LUAD ¥#EsE LR T &R AP 0.512,
0.704 F1 0.442,

Balanced accuracy
=

SICAPv2 WSSS4LUAD DHMC LUAD
(n=2122) (n=4,693) (n=143)

> AFLoc FFAERIE MRERBTRIYTT DA 363 A i S IS
HSONFFE ), e REUS AR I 41808
Gt O IBEARFAE DA SCACHEA 1T ST SRR
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|
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|
1
|
1
|
1
|
1
|
1
|
1
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|
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i T J&r AFLoc I PR S I B sE S S ke, AT T A8 @ AR 55 vh ) A BoAR i BuR T B R0
(fine-tuning) FIFRIKZ R,

> SIIM % L, BEEHTRONMN
FRESIEI M, AFLoc By 4k
REFFLEIR T -

Supplementary Tables 7: Comparisons of Dice scores with state-
of-the-art methods on the fine-tuning segmentation task. Performance

-
I
|
I
|
I
|
I
|
I
|
I
|
I
| — H-~ — V. >z
variations are reported for different data amounts using 1%, 10%, and ! > LES [a] B B A T 2 E BL LT,
100% of the data. ! AFLoc % HUS =T A X e
I
|
I
|
I
|
I
|
I
|
I
|
I
|
I
|
I
|
I
|

B Dice 154y, iXUgEE R,
AFLoc g4 200 F A B br i

Data Portion ‘ ConVIRT GLoRIA BioViL MedKLIP AFLoc

1% 0.541 0.567 0.627 0.666 0.772 &
10% 0.612 0.578 0.700 0.721 0.781 AR RAR 4 E kR o
100% 0.735 0.769 0.785 0.794 0.809

Bold values represent the highest performance score among the compared methods.



Result: ZEIZF R ETRERE IZEFFIEEE

ChestXray14 $if4 € kR

Supplementary Tables 8: Quantitative results of disease localization accuracy at
various T(IoU) thresholds for eight pathologies in the NIH ChestXrayl4 dataset.
Compared results were obtained from [55].

> fEAFE IoU HE T, S5WAxTE
H M, AFLoc ¥R R e

I
|
[
|
T(IoU) | Method Mean I 26 4+H
o N - B - W 1 fl‘f j: }I‘
T § B E 5§ § ¢ ¢ i I PERE ST o
3 & & F @ 3 £ £ [
<3 ) 3] g o g g 1
g 2 7 - I
" g : % : > 4 IoU = 0.3 i}, AFLoc i) FE#
< ]
* L ERIREAEGAE Wi T
7 »
Wang ct al. [54] | 0.69 094 066 071 040 014 063 038 | 0.57 : DA ] 0.62 ’ ﬁ T
0.1 Li et al. [55] 071 098 0.87 092 071 040 060 063 | 0.73 ‘ﬂl T > c£
AFLoc 072 100 086 091 078 068 090 082 | 0.83 : S [:t )3 { o
Wang ct al. [54] | 0.47 068 045 048 0.26 005 035 023 | 0.37 I
0.2 Li et al. [55] 053 097 0.76 0.83 059 029 050 051 | 062 I
AFLoc 059 1.00 069 086 066 057 078 065 | 0.73 : > ,fE: ’fﬂ‘ {_{ EGIE , EI] ,fﬁfﬁp]ﬁ% EIJ Dﬂ
JTIS
Wang et al. [54] | 0.24 046 030 028 015 004 017 013 | 0.22 [
0.3 Li ct al. [55] 0.36 0.94 056 0.66 045 0.17 039 044 | 049 : 'fﬁ%’ﬁ: I: (!Il] IoU = 0.5 5Fl] IoU =
AFLoc 043 1.00 049 072 057 052 073 045 | 0.62
' 0.7) , BAEKMEIRMN SR, JUH
Wang ct al. [54] | 0.09 028 020 0.12 0.07 0.0l 0.08 007 | 0.12 I . ’ i ’ >N
0.4 Li ct al. [55] 025 088 037 050 033 011 026 029 | 042 I =] . =
AFLoc 030 1.00 026 052 046 034 057 031 | 0.47 : IE%_E Hﬂi ;I\ E{i (atelecta31s) iﬁ] &
Wang et al. [54] | 0.05 0.18 011 007 0.0l 001 003 003 | 0.06 I “I‘;;] ( i ; ) %EE‘ }JIS IBE 'Iﬂf
0.5 Li ct al. [55] 014 0.84 022 030 022 007 017 019 | 027 [ i infiltration v N
AFLoc 019 099 012 032 033 025 038 021 | 0.35 I ) S
. R ke 7 7
Wang et al. [54] | 0.02 008 005 0.02 0.00 0.01 0.02 003 | 0.03 I
0.6 Li ct al. [55] 007 0.73 015 018 016 003 0.10 0.12 | 0.19 I
AFLoc 0.09 094 005 021 022 019 020 011 | 0.25 :
Wang et al. [54] | 0.01 003 002 0.00 0.00 0.00 001 002 | 0.01 I
0.7 Li ct al. [55] 004 052 007 009 011 001 005 005 | 0.12 I
AFLoc 0.03 0.78 0.02 007 014 008 007 002/ 0.15 [
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PR AT AL RE AL AR

> BlJg~T AFLoc f& A%

(JSRT. SIIM. ChestX-Detl0

I Retinal Fundus) _ERJENA]
PAL ] o

> XEoRIETE A WA R A
IR X RS LA P8I H I
B4 . BERIFRI A XS Bk
# (ground truth) FWH RF
H—2pE, wERH AFLoc Bpf#E£E{Y
FEH P EREZIENIEOLT, WaE
A URT B AL UER I o

> XM E BRI, AFLoc FEf# H4
PREBIE TR R Rk — 20 %
i, FE5>BIESS M E DAL 55 AT e
RS S A S XPhRET)
X+ g AFLoc Felif A& W B9 7E
N 2XEE,




Result: ZBHME HRExEEIT

Supplementary Tables 9: Quantitative results (IoU) from the ablation study to investigate the
importance of aligning image features with text features at different levels.

Different Levels of Features RSNA ) COVID MS-CXR CheXlocalize Mean
Word- Sentence— Report— Pneumonia  Rural
Local (Shallow) Local (Deep) Global

v 0.239 0.147 0.180 0.133 0.138

v 0.281 0.169 0.318 0.301 0.272

v 0.191 0.056 0.105 0.186 0.145

v v 0.329 0.177 0.264 0.285 0.271

v v 0.254 0.159 0.175 0.200 0.179

v v 0.285 0.211 0.325 0.305 0.281

v v v 0.342 0.211 0.324 0.318 0.299

Bold values represent the highest performance score among the compared methods.

> BRER B—ERCRRE I, AFLoc RyPEREHIE TR, JUILRAE WREHME 1 MERIFHE HITS
UL o —NATRERIMRRER . I RAHESRZ W H BT UE R, HMELHFORZ RIRE; 1 i AT
T TR, FTRETCIATH e St 2 W di 5

> M2, 1 AFRFME 1 AFLoc RIUH X EAFAIPERE, XK A 7 RAHERE IR AL 5
M ETFUER, MiXEE BX TGP WAL (pathology localization) JEHHE.

> 4 AFBERECARFES SR B, o DRE2IB BRI M =ME% Gi%. f120m
) FRGER B, BAURE T SRk, X8R50 38 T RNAMES: 22006 BN G
THRIEZAZ AR e AL e R 2R
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Text encoder | IoU Dice CNR
LLaVA-Med-v1.5-Mistral-7B 0.307 0.441 1.483
BioClinical BERT 0.324 0.462 1.636

> R T RSO G T RS S B AR, BAT SR T 3K 55 0 2 B 25 A 2 0
BIF LLaVA-Med HySCAHiAGSE. LLaVA-Med 7ETFHOR B S M T 55 vh DG A8 MEAESRTT

&

> R, ikbsik 10 B, HPER{IARA K BioClinicalBERT. XAz nl PAVIRT: A e Szl
Yo LN R 5 A B AR BATE 5% LoRBLE 4f

» LLaVA-Med &7 PMC-15M ¥#E&HE LilZn, ZEHEERIET PubMed Central BFEB3C; 1
BioClinicalBERT |27 HEIERHWE (ICU) BEMBETWE (EHR) El%H, X5APRH
15 F B W PR 50 45 B0 o8 fim— 2%
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e e 1
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1 1
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Method: E.HEZFHE

E&4H B SEEGIT | TREEMS L

| stnsmiz
el LB, B SURTRERIET 2 MR RMER, BERERE. SH#ERURHRER. XLt
SCAE H 2 A4 F BUETE AR

f& GLoRIA tft, RH T —H RFEAHEEIAR, @I REZ 4 subword (Fid]) KAMSEEMTIE. M
BioViL NIfEH 7 —A~H 2 M EREAE M B B SGASE, SRR/ 3E B 7 BT BISHR o

fﬁtg, ;ﬁ;ﬁ@%ﬂi@ﬁiiﬁﬁﬁﬁﬂﬁﬁéﬁ SEREITE AR B, I BOCAR S BG 2 W B R

F AR A AFLoc Hr, SUARKHIE A =AW BB Fdt 732K -

“ji]2k (word level)
4 F2% (sentence level)

M F (report level)

;E;ﬁﬁ%*%ﬁﬁ%)‘(%ﬂ? (multigranularity semantics) , 7] DA iI2H HXSwHREEEREN
%o



Method: EZEZHE

E&4H B SEEGIT | TREEMS L

| #a5: BERT simpoabiE

BERT Fy£#5 =2 Bidirectional Encoder Representations from Transformers. BJLUIRfEA—NET
transformerfV3@8 KRR AmiEes. BEARARRMNERAE, B RIMNEGRLE, mEXEtE LT,

r\ The patient has no lung opacity. J

BERT 7EI2##% opacity X/ MARKS, £REETEAZ|GIEA no lung, FRLEERGERXR—IMNETEIBEX,
MR =8I opacity YRKIEERE

BERT RYALIERF=:

B—%: 4rid (tokenization) : BERT LAY — token. JEE, iXH[f token A~
—BETEEEE ., unremarkable TTEEME IR : un+##remark+##able. (=4“token/subword)

Fo8: EREFRS: ) token Fo i BRI R B A— id.
B=®: TRMEIE: §1 token id &MY K —A M, XN embedding.
BOUL: ETXHwIG: X mEi#H N BERT £ 2 Transformer Encoder.



Method: E.HEZFHE

E&4H B SEEGIT | TREEMS L

I BfFEAR RAMXAY%EEE: BioClinicalBERT
W—EFIREAD x., EF: QM™E, PMEF.

1. 1AL 5%#IER token / subword
NFE N, ESWYIRK ;4 token/subword.
G R ESIRE RS — token 55, KEFFRIZEH, € eRY

2. #iA BioClinicalBERT
tokenized report #IX A text encoder €0 e RLXHXD

LRbertfIEH#, HEtokenlKE, DERHEE

3. 183 subword-level feature <

REUEIEARITIRE, RATALIGE subword  Loup € R
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E&4H B SEEGIT | TREEMS L

I BfFEAR RAMXAY%EEE: BioClinicalBERT
W—EFIREAD x., EF: QM™E, PMEF.

4. FRBIRRFFHE
—AMA A BEXT M2 4 subword. {EEFERE T H—MARIFTA subword $+IEICE, BE—4
MR, HEHRE: QIMARRHE.

5. RSURIFFE
EETRE—NaFHEFE subword $HEMTY, BE—PNaTFaE. ELBPIRIRFFE.

6. 1FEIRELRIFE
BIEEMIRENFAHEX subword FHER G, B —1MEREE. ARE-DTRERFHE.
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E%45iH B SEEGIT | TREEMS L

I B{FEA XAEE%Y%ME2E: ResNet-50
DHRE: XERIIFE. RERPIFIE BIFL.
1. REGXERIPFFHE
M BEEANTREMER REVXERERIFE.  vs € RPNV
DEFIAEE, MEEGNFXELZE

2, FERERBHIE y
M BT TREMBOIRIRRBIHE v er™

3. BABFE
BxRE—E&ERHmEMESMmL, vyer?

ATIUHENEEERGNXANSEEE, EEX=FERRIFENIN T —1 projection layer (3%
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E&4H B 2HECIHST | TREEMS L
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58 3¢ ; ; 2 © BB REIHE v AISCAH T AL ty
en-[:eoxc:er %
Reports Tex;E ::::re : * %’_\é}% )%j %Bq%‘:'ﬁli Vd ﬂ],ﬁ‘] ?%&%ﬁ tS Xil‘;f ©

TR 25, RALEGS
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2. THEA
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3. itER
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i A At B A9 SR
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N\

M
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M
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L B REAENE
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TR THIF HN=P,RFREXFHN=Q, RELXFFHN=1



Method: E.HEZFHE

E&4H B 2HECIHST | TREEMS L

| BbEA  aFgR. RERBEER . A%k

ude[R s P*D

4. TTEAITFHRXFLH K
BN FHEREI A 2% £Y softmax

/ Text to image infoNCE

1< exp(Z(vy, t)/T3) exp(Z(vl, t)/13)
LDS = E Z B - + log B -
A S e by | S exp@dh ) )

|

EEEG vy, ILEFEEEERIA L, TE batch WEMIA t&
Image to text infoNCE
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E&4H B 2HECIHST | TREEMS L

| ek sagnE. 2RESEE . A%

vs € ROM QD
TTEAFRITEHE:

Text to image infoNCE

~

exp(Z(Wi, £.)/T3) exp(Z(Vi, £,)/T3) )
B . + log — ,
> ka1 EXP(Z(vs, t8)/13) Dk=1 exp(Z(v&, t,)/T3)

:

EEE G v, ILEEBEERA L, TH batch REAMIAK &)
Image to text infoNCE

| B
Lsw = ~3 E(log
i
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E&4H B 2HECIHST | TREEMS L

| ek sagnE. 2RESEE . A%

v, € RPXM Q+D

TR BERN R

Text to image infoNCE

~
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B . + log — ,
> ka1 EXP(Z(vs, t8)/13) Dk=1 exp(Z(v&, t,)/T3)

:
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Image to text infoNCE
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E&4H B 2HECIHST | TREEMS L

| Bmisk  megxF. 2REE . BERE
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* 1) The core strength of AFLoc 1s extensive multilevel semantic
structure-based contrastive learning, which comprehensively aligns
multigranularity medical concepts with abundant image features to
adapt to the diverse expressions of pathologies without the reliance on
expert image annotations.
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* 2) Over the past decade, supervised deep learning methods have
accelerated advancements in disease localization.

R

&) X.: over the past decade, xxx (77 %) have accelerated advancements in xxx (4R3% )
FETHFL, xxF kiR T xxAUR X E

* 3) Specifically, clinical localization tasks often require experienced
clinicians to meticulously annotate numerous precise bounding boxes
or perform pixel-wise delineations of localized pathology areas.
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* 4) Initially, these methodologies acquire general visual representations
through self-supervised learning from 1mage datasets, followed by fine
tuning on smaller annotated datasets.
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* 5) This requirement 1s particularly challenging in flexible and dynamic
clinical environments, especially for emerging diseases (for example,
COVID-19), where deployed models may fail to perform effectively.
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* 6) In recent years, unsupervised deep learning methods have gained
increasing attention due to their independence from annotated datasets,
particularly 1n the field of anomaly detection.

* They are particularly effective for data with simple structures and low
intersample variance, allowing them to learn normative distributions
and achieve excellent anomaly detection performance
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*7) A promising approach 1s the development of medical
visionlanguage pre-training methods
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* 8) A primary obstacle i1s the lack of explicit pathology localization
markers 1n clinical reports, which often provide only coarse
information such as ‘upper’ or ‘left’ to indicate disease location.
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* 9) We hope that this study can help address the challenges posed by
annotation scarcity and modality diversity in clinical environments,
while providing insights for the design of future clinical open-
environment methods.
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* 10) However, existing methods encounter various challenges, notably
stemming from the scarcity of annotated data related to generalization
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* 1) However, the efficacy of these methods heavily relies on
extensively annotated training datasets, which require domain experts
to invest considerable time.
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* 2) However, these methods still require annotations for specific
downstream tasks. This requirement 1s particularly challenging in
flexible and dynamic clinical environments, especially for emerging
diseases (for example, COVID-19), where deployed models may fail
to perform effectively.
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* 3) A primary obstacle is the lack of explicit pathology localization markers
in clinical reports, which often provide only coarse information such as
‘upper’ or ‘left’ to indicate disease location. Moreover, clinical descriptions
by clinicians are subjective and variable, further complicating the task of
accurately extracting and localizing diseases in medical images.
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* 4) However, these fine-grained methods typically focus on individual levels
of medical concepts and may overlook the variable meanings of concepts in
different contexts. Therefore, these approaches may struggle to adapt to the
diverse expressions of disease descriptors in clinical practice, often
requiring customized textual cues to enhance localization performance.
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* 5) Unlike traditional global semantic alignment strategies, AFLoc
introduces a contrastive learning framework with a multilevel
semantic alignment component, facilitating the comprehensive
alignment of medical concepts from reports with image features.
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*5) In contrast, multitask deep learning enables the simultaneous
analysis of different tasks within a single model. By sharing feature
representations and interactions among related tasks, multitask
learning 1s more data efficient and has been shown to reduce
overfitting and 1mprove model generalization across various
applications, including computer vision, disease diagnosis, and drug
discovery.
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