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Cross—-modal adaptive learning for radiology report generation
SUN Hanke

(School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: In the field of automated medical imaging analysis, the demand for precise diagnostics and treatment planning has
spurred the development of radiology report generation technologies. Traditional methods show limitations in synchronizing visual
and text information and handling multimodal data. This study introduces the Integrated Radiology Report and Adaptive Learning
Network (IRRAL-Net) , which employs a cross—modal adaptive memory network and multi—scale adaptive attention mechanisms to
enhance the interaction between visual and text information, optimize visual extractor performance, and achieve tight integration of
features. Experiments on the IU X-Ray and MIMIC-CXR datasets demonstrate that IRRAL~-Net outperforms the conventional CMN
model, with BLEU - 4 scores increasing by approximately 10% and 4. 72% respectively, surpassing existing methods in clinical
relevance and diagnostic accuracy, thus providing radiologists with more accurate and reliable diagnostic tools.
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Fig. 1 Chest X-ray and its related report
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Fig. 2 Automatic generation process of radiology reports based on multimodal feature alignment and adaptive computation
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Table 1 Comparison of IRRAL—Net with other models on the IU-Xray and MIMIC-CXR datasets

PR ERHE TR PE IR

NLG Metrics

Dataset Model
BL-1 BL-2 BL-3 BL-4 MTR RG-L
ST 0.216 0. 124 0. 087 0. 066 - 0.306
ADAATT 0.220 0.127 0. 089 0.068 - 0.308
ATT2IN 0.224 0.129 0.089 0.068 - 0.308
ContrAttn 0. 455 0.288 0. 205 0. 154 - 0.369
IU X-Ray HRGR 0.438 0.298 0.208 0.151 - 0.322
CMAS-RL 0. 464 0. 301 0.210 0. 154 - 0.362
SentSAT+KG 0.441 0.291 0.203 0. 147 - 0.367
R2Gen 0.470 0.304 0.219 0. 165 0.187 0.371
CMN 0.475 0.309 0.222 0.170 0.191 0.375
IRRAL( Ours) 0.478 0.312 0.229 0.187 0.197 0.376
ST 0.299 0.184 0.121 0.084 0.124 0.263
AdaAtt 0.311 0.178 0.111 0.075 0.118 0.246
ATT2IN 0.325 0.203 0. 136 0. 096 0. 134 0.276
MIMIC-CXR TopDown 0.280 0.169 0.108 0.074 0.128 0.250
R2Gen 0.353 0.218 0. 145 0.103 0. 142 0.277
CMCL 0. 344 0.217 0. 140 0.097 0.133 0.281
CMN 0.353 0.218 0.148 0. 106 0.142 0.278
IRRAL( Ours) 0. 362 0.223 0.153 0.111 0. 147 0.286
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Table 2 Results of clinical efficacy indicators on the MIMIC-CXR

dataset

Model Precision Recall F1
S&T 0. 084 0. 066 0.072
SA&T 0. 181 0.134 0.144
AdaAtt 0. 265 0.178 0.197
ATT2IN 0.322 0.239 0.249
TopDown 0. 166 0.121 0.133
R2Gen 0.333 0.273 0.276
CMN 0.334 0.275 0.278
IRRAL (Ours) 0.343 0.282 0.311
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Table 3 Performance comparison of different models in ablation

studies
Model ~ MFA ACL  BL-3 BL-4 MTR RG-L
Baseline 0.105 0.079 0.103 0.244
Model-1 0.132  0.093 0.128 0.249
Model-2 % 0.146  0.106 0.117 0.271
IRRAL vV Vv 0.153 0.111 0.147 0.286
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Fig. 3 Visual comparison of models linking chest X-ray images with diagnostic terms
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