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Chen Jiahong, Huang Guoheng, Tan Zhe
(School of Computer Science and Technology, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Automatic medical report generation technology plays an important role in auxiliary diagnosis and can
greatly reduce the workload of medical workers. As deep learning continues to develop in the medical field,
automatic medical report generation technology has become one of the research hotspots. Currently, the main
challenges in medical report generation are (1) the difficulty of capturing lesion regions in images by models, and
(2) the large semantic gap between visual and language semantics, whose consistency problem is still not well
solved. Therefore, in order to solve the above problems, a Cross-Modal Discrepancy Attention Network (CDAN) is
proposed to bring closer the semantics between different modalities. The network includes a Reverse Attention
(RA) module and a Semantic Consistency (SC) module: (1) the Reverse Attention module explores important areas
in medical images more comprehensively, and (2) the Semantic Consistency module utilizes the features of the
large language model as a reference to guide the visual features to continuously approach the reference language
features, so that the visual semantics can be more accurately converted into language semantics. Experiments show
that the Cross-Modal Discrepancy Attention Network is better than the previous model on both IU X-Ray and
MIMIC-CXR public datasets, with BLEU4 scores reaching 17.9% and 10.9% respectively. Compared with the
baseline model, improvement is significant in performance, which proves that the proposed model is capable of

generating accurate and fluent medical reports.
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Table I Comparative experiment

Dataset Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L
ST® 0.216 0.124 0.087 0.066 — 0.306
ATT2IN™ 0.224 0.129 0.089 0.068 — 0.308
ADAATT! 0.220 0.127 0.089 0.068 — 0.308
COATT™ 0.455 0.288 0.205 0.154 — 0.369
HRGR!"™ 0.438 0.298 0.208 0.151 — 0.322
IU X-RAY
CMAS-RL™” 0.464 0.301 0.210 0.154 — 0.362
R2GENY 0.470 0.304 0.219 0.165 0.187 0.371
CMCL & 0.473 0.305 0.217 0.162 0.186 0.378
R2GenCMN®! 0.475 0.309 0.222 0.170 0.191 0.375
Ours 0.472 0.315 0.230 0.179 0.200 0.386
ST®! 0.299 0.184 0.121 0.084 0.124 0.263
ATT2IN™! 0.325 0.203 0.136 0.096 0.134 0.276
ADAATT! 0.299 0.185 0.124 0.088 0.118 0.266
TOPDOWN!'! 0.317 0.195 0.130 0.092 0.128 0.267
R2GEN' 0.353 0218 0.145 0.103 0.142 0.277
MIMIC-CXR CMCL B 0.344 0.217 0.140 0.097 0.133 0.281
R2GenCMNF" 0.353 0.218 0.148 0.106 0.142 0.278
PPKED" 0.360 0.224 0.149 0.106 0.149 0.284
GNEDNET" 0.361 0.223 0.150 0.108 0.150 0.287
XPRONET®" 0.344 0.215 0.146 0.105 0.138 0.279
Ours 0.367 0.225 0.151 0.109 0.143 0.277
#2 JHELST
Table 2 Ablation experiment
Dataset Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L
BASE 0.458 0.290 0.208 0.159 0.180 0.352
BASE+RA 0.452 0.292 0.210 0.160 0.184 0.354
IU X-RAY
BASE+SC 0.474 0.298 0.215 0.166 0.187 0.360
BASE+RA+SC 0.472 0.315 0.230 0.179 0.200 0.386
BASE 0.307 0.189 0.126 0.099 0.125 0.270
MIMICACXR BASE+RA 0.343 0.208 0.139 0.100 0.135 0.271
BASE+SC 0.360 0.221 0.148 0.106 0.142 0.275
BASE+RA+SC 0.367 0.225 0.151 0.109 0.143 0.277
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[PIAH DGR » T SCAZ i T4 75 5 Reference Report Reference ReportXf T k-3 (T B 14 AN 2 , AHIT
& [FIFE I K908 © B Ji5 7E Example 3FE] 1, R FRITE SR -

Example 1 Ours R2GEN Reference Report
the heart size is normal . the the lungs are clear bilaterally . the lungs are clear . there is no
lungs are clear . there is no specifically no evidence of focal | pleural effusion or pneumothorax .
pleural effusion or consolidation pneumothorax or the heart and mediastinum are
pneumothorax . there is no pleural effusion . cardio mediastinal | normal . the skeletal structures are
pneumothorax . silhouette is unremarkable . normal .
visualized osseous structures of the
thorax are without acute abnormality
Example 2 LLMGVR R2GEN Reference Report
the heart size and pulmonary the heart size and pulmonary the ?ein size and P:‘&?n‘mry .
vascularity appear within normal | vascularity appear within normal ;{asiu a:}llylappear Wlf n nfo ;mal
limits . the lungs are free of focal | limits . the lungs are free of focal s - the ;ngs are reelo Olca
airspace discasc . no pleural airspace disease . no pleural airspace disease . 1o pieura

effusion or pneumothorax is seen .
calcified granuloma are present .
degenerative changes are present in

effusion or pneumothorax is seen . | effusion or pneumothorax is seen .
degenerative changes are present

in the spine .
_— the spine .
Example 3 RA R2GEN Reference Report
heart size within normal limits . no | the cardiomediastinal silhouette and the heart is normal in size and
focal alveolar consolidation no pulmonary vasculature are within contour . there is a vague arca of
definite pleural effusion seen . normal limits in size . the lungs are | airspace disease identified within the
no typical findings of pulmonary clear of focal airspace disease right midlung on the pa view . this is
edema . mediastinal calcification and | pneumothorax or pleural effusion . | not <unk> on the lateral view . there
dense right upper lung nodule suggest| there are no acute bony findings . is no pneumothorax or effusion .

a previous granulomatous process .

2 AR XL

Fig.2 Comparison of generated reports

97 S b UE B AR SCRT R A RS A R XT BEAZI 5 X 380 A [RIFE B 1) %3 - fEExample 197,
W 5 T X EHR T, nTRE T 2 id PositiveAttention w, A, PR D7 [X 35 4 8 Hp L8 il 358 DX 38, 1) T A8 B
FiNegativeAttention s 2 (1 u, Fu, FE4E, a0 E3FTR, “low lung volumes” , Jf H.u, I 573 [X 35k i ] B 45 1)
PG A 2T X SR R I ) X0, 0 X3 ) A1, S B A 1% “right hemidiaphragm” #iid . 75
T RV FE AR IR DX 35, A B8 (%) S0 - R Tl A 4 15 Example 2H7, u, Fllu, # 4 HH A2 IR T 245 Y “lung”
M B il 1) 7 — B0 % T Example 1 il X35, 1w AT 04, » X6 Tung” X 3B 15 58 41T, o
Example 3, u, Flu, % H J&F X802 B AN, B4R o AR SO e DX v L Bl B R A B Tungs

Example 1 Example 2 Example 3
Reference Reference Reference
frontal and lateral views of the chest were frontal and lateral views of the chest arc obtained . frontal and lateral views of the chest are obtained .
obtained . there are relatively low lung the lungs remain hyperinflated suggesting chronic there are low lung volumes which accentuate the
volumes . mild clevation of the right obstructive pulmonary disease . no focal bronchovascular markings particularly at the lung
hemidiaphragm persists . there is persistent consolidation pleural effusion or evidence of bases . mild bibasilar atelectasis is scen . no focal
right base atelectasis . no new focal pneumothorax is seen . the cardiac and ” consolidation pleural effusion or evidence of
consolidation is seen . there is no pleural mediastinal silhouettes are stable and pneumothorax is seen . the cardiac silhouette is top
effusion or pneumothorax . the cardiac and unremarkable . hilar contours are also stable . | 4 normal . the aorta is calcified and tortuous .
u, iastinal si are u, degenerative changes are again secn along the spine .
Predict Predict Predict
frontal and lateral views of the chest were frontal and lateral views of the chest were frontal and lateral views of the chest were
obtained [T obtained . the lungs are hyperinflated with = obtained . there are low lung volumes which
Volumes . there s mild clevation of the flattening of the diaph i pocsigiefiobroschoyuseulanmarkinesh
! L ; L O i G T T i given this there is mild elevation of the right
right hemidiaphragm . no definite focal chronic obstructive pulmonary disease . no omidiaphtagm o definie focal
consolidation is seen . there is no pleural focal consolidation pleural effusion or | consolidation is seen . there is no pleural
effusion or pneumothorax . the cardiac and evidence of pneumothorax s seen . the cardiac | effusion or pneumothorax . the cardiac
iastinal sill are and mediastinal silhouettes are unremarkable . silhouette is top normal to mildly enlarged . the
U, U, U, aorta is slightly tortuous .

K35 ST e

Fig.3 Visualisation of semantic consistency
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are hyperinflated” i % 5 ¥ ##1& . 7/E Example 37,
uy, P, FEVE P B L XA R3], 3D 7 A AR A
X35 IR 2%, AT A AT “Tung” AT “aorta” [X 35 1] 5+
TR B RHIE T, 2D SR B TR AR )
FiiR 5 R AR R I EHR X I — B, B s 518
X =85 S1. R oh, @l v WA w, Mlu, , B8 T
ty Pty FVE PR DX AN B AN [R], 2 B s v v 2 BB
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4 258
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A RN 245, et PG r R e DX SmuE DA A 2R o
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