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Abstract

Automatic radiology report generation aims to automatically produce clinical descriptions from
chest X-ray images to reduce the documentation burden on radiologists. Existing methods have
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made some progress, but the generated results lack interpretability, and visual features are not ex-
plicitly aligned with textual semantics, which limits further improvement in report quality. To ad-
dress this, we propose ProtoR2Gen, a framework that introduces a set of learnable disease proto-
types as semantic anchors. Through contrastive learning, image features are pulled toward their cor-
responding prototypes, establishing a clear correspondence between visual encoding and text gen-
eration. During inference, the activation distribution of prototypes can be converted into heatmaps
over the image, intuitively showing which anatomical regions the model focuses on. On the IU X-Ray
dataset, ProtoR2Gen achieves a CIDEr score of 0.656, significantly outperforming comparison meth-
ods. Ablation studies and visualization results also demonstrate the effectiveness of the prototype
mechanism in improving semantic alignment and interpretability.
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Figure 1. Overview of the ProtoR2Gen architecture
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2.2. EREIESS

2.2.1. RS RE
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IS LGN E L p, BT AL, RIVAT 49 B E R A B i B B R TR AE A R 12
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Algorithm 1 ProtoR2Gen BtAIZRILFE (Algorithm 1 Joint Training Procedure)
Require: D = {(I;, R)}, FH¥&E K, #itK/N B
Ensure: JIZ8IS4 0 RMEAE P

1 WIgEtk: FSEARAS A VMamba, LLM Llama2, % P~ A(0,1)

2: for epoch = 1 #| 25 do

3 for £ mini-batch {(I;, Ry)}£., do > PG Y

4: = VMamba(1,)

5: vf, v = Proj(v) > ol RIS EL 23

6: Sy; = cosine(v§, p;)/T

T Yp = arg maxj Spj

8: Loroto = »10g 5= M > 18 E AR
exp(8p;)

9: R = LIamaQ(?)b)

10: Lop=—3,logp(R; | Rey, Iy) > BRE AL

11: L = L + Aproto * Lproto > JR ALY

12: pi < pi/llpill> Vi €L, K]

13: end for

14: end for

3. SEI§
3.1. BiEES5IHEHIgHR

SEEGSR A TU X-Ray 04l 4E[2], B8 7470 Tk MG AN 3955 4y, AUHFH Findings #4r, 4% 7:1:2 %I
IR/ BAE R EE . PP FEFR 4% BLEU-1/2/3/4 [2]. ROUGE-L [25]. METEOR [26]f CIDEr [11], DL
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PG w2345 ] VMamba-Base, #ii A\ R~F 224x224; 155 @88~ Llama2-7B, K LoRA (% 16)
Wi, ST q_proj Al v_proj. JRMEL K =64 , L 7=0.07 , JBBURIE A, =0.1. Lfb & AdamW,
FOJE L <1074, IR 25 K, MEOOR/D 8. HEBRIN ISR GEE 5, K] 2.0, it B 100 token. 5K
RAER-R RTX 4090 F58/%, 181 DeepSpeed Fl bfloat16 i .

3.3. SCIGHER

% 1 #%5  ProtoR2Gen #£ IU X-Ray MHASE EVERE. RATS 2 MNIA BT 53T 7 A H L,
[EII E 3 T R2GenCSR 3L 4R [8]1F A Z . ProtoR2Gen (Epoch 8)f CIDEr i5 %] 0.656, #if#iH KIA [28]
(0.559) 4T+ 17.4%, #; R2GenGPT [8] (0.542)3EF+ 21.0%, & [F T f1) R2GenCSR F££8(0.580) 3¢ F 13.1%,
FH R 5] S0 s ST e A AEE L - 8 W5 i . BLEU-4 iA%] 0.173, WS{ET Token-Mixer
[29](0.190)F1 KIA [28](0.183), {HftT R2GenGPT [8](0.161) iX—#% &) EJIIE T JR R P (4% O A AE T
B2 A FMAER 2 n-gram & il

Table 1. Performance comparison on the IU X-Ray test set

< 1. IU X-Ray MR £ LA BERTEL

Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L CIDEr

R2Gen [4] 0.470 0.304 0.219 0.165 0.371 -

R2GenCMN [5] 0.475 0.309 0.222 0.170 0.375 —
PPKED [30] 0.483 0.315 0.224 0.168 0.376 0.351
METransformer [31] 0.483 0.322 0.228 0.172 0.380 0.435
DCL [18] - - - 0.163 0.383 0.586
R2GenGPTT [8] 0.465 0.299 0.214 0.161 0.376 0.542
Token-Mixer [29] 0.483 0.338 0.250 0.190 0.402 0.482
SILC [32] 0.472 0.321 0.234 0.175 0.379 0.368
KIA [28] 0.501 0.325 0.240 0.183 0.375 0.559
R2GenCSRT 8] 0.456 0.287 0.205 0.162 0.366 0.580
ProtoR2Gen (Epoch 6) 0.480 0.312 0.226 0.173 0.371 0.655
ProtoR2Gen (Epoch 8) 0.480 0.312 0.226 0.173 0.371 0.656

PRV H] Findings #73 HEAT VRN AT 1%

BEAh, RS A AR 5 3 s — 8k, AR RadGraph F1 #8FR[12] [27]%F ProtoR2Gen (Epoch 8)
HEAT AN FEVEAS « 105 2 TR, FEALLE complete. simple A1 partial =AMKiEE 4 HIELAS 0.225. 0.344 F1 0.314
(1 F1 433, Horf simple R0RER IR A, 22 BB AL 3h U O e PR SE44 77 TR £ — € REJJ: complete $
FHXTEUIC, S Bt A el o 76 58 B Ok R BE EAA HE T+ 1)
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Table 2. RadGraph F1 factual consistency evaluation
%% 2. RadGraph F1 ESL—H M4 7F4

Hi g Complete Simple Partial

RadGraph F1 0.225 0.344 0.314

3.4. HRASCIE

3.4.1. ETFERENGIR SRS

AL B SR ZE LI (CRM) R R Y M B8 F A7 TRk, B AT I7E VMamba + Llama2-7B HE €L E T,
WHEE T A 525 CRM FISERG45 3. CRM S8 I I ZR8E ARG 2 IEBE A (B k) Al SRR (IE ) %, it
L5 SCRYAE B IR ZEARE, 51 SRR SCTEFE AH OCREAE 22 5 (L3R 2.2.3 7T9).

SEIR L BN 3 Fion. B A CRM J&, CIDEr M 0.612 $2F+ 2% 0.656 (FIXH 2T+ 7.2%), BLEU-4 M 0.168
$EFH2 0.173, ROUGE-L M 0.362 $2F+ 28 0.371. %45 KK, CRM BEWSAG RO s B0 kb X 3k 1y 41
APEIRIE, BB - 5 SO TR .

Table 3. Ablation study of the context residual mechanism

= 3. ETRORENSIHRLSII

A& BLEU-4 ROUGE-L CIDEr RadGraph-F1 (Simple)
#5F CRM (context_pair = 0) 0.168 0.362 0.612 0.318
Jii Fl CRM (context_pair = 3) 0.173 0.371 0.656 0.344

3.4.2. RBEIRALNEREEE
I RE B A A0 R SRR EEAR R R B AR R B A, » FRATIEHR 04 0.05. 0.1 1 0.2 #EAT X EL 34T
ZERANZE 4 FTR .

Table 4. Ablation study of prototype loss weight A,
% 4. BERENE 4, BERSS

roto

Aproto BLEU-4 CIDEr

0 (F4k) 0.162 0.580
0.05 0.170 0.656
0.1 (&30) 0.173 0.655
0.2 0.165 0.620

JE R B B AR SRR . 2 A, = 0.05 1, BLEU-4 I CIDEr B8RRI 24 4, = 0.1,
BLEU-4 iA 3| K{H 0.173, CIDEr fRFF(E 0.655; 2 A, =021, PIOHEAREMRTHELL, KU E MR

ML RORT S F @ A AR T TN . BT UL B AT, SRAEITA B SRE PR A4, = 0.1/E A ERIA
[T

3.4.3. AFRTHSE
DNIEIRE “PERESE T AT BE R T 5 OK (AL 58 BT (VMamba) Iff R BB A 5 73X — W8 TEURE, FRATHRAR
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B gmAD 8 By ResNet-101, FHHARFIE 5 R0 2% (Llama2-7B + LoRA). I Z 5 MR S 5584 — 8, 4553
Wz 5 fiose

Table 5. Ablation results of prototype module under different visual backbones

F 5. AEMRE T TRERREMLIEEER

Mo E+ JR AR BLEU-4 ROUGE-L CIDEr
ResNet-101 x 0.148 0.371 0.508
ResNet-101 v 0.147 0.360 0.543

VMamba x 0.162 0.366 0.580

VMamba v 0.167 0.367 0.656

RIf#4E ResNet-101 k., JEARILHAR SRR 1 s ELAG € 1O TE RES 25 (CIDEr M 0.508 271 % 0.543,
FAXS AT 6.77%), WIS BB (148 25 0 A T X VI ZREE n-gram 7047 (0 a7 S0, T2V T S A BT )15
SRR 5

Convergence of CiDEr on ResNet-101 Backbone
0.6

Peak: 0.537

0.5
0.4
0.3
0.2
0.1

0 1 2 3 4 5 6 7 8 9 10

===Baseline (w/o Prototype) == ProtoR2Gen (w/Prototype)

Figure 2. CIDEr curves over epochs under two settings on ResNet-101

[ 2. ResNet-101 _E#FHi&E T CIDEr BEVIZE X FZE 1L sk

F<] 2 221 T ResNet-101 |~ CIDEr B I ZR4EE IR A8 A il 28 o 7 JR T AR B AE 285 1 4> epoch BIiA 3 CIDEr
0.495, TJCIRBIILLLAEZE 4 A epoch UAH] 0.391; JEBIBAILESE 7 4 epoch 1A R IEE (0.537), - THELk
TEEH 9 A~ epoch A TAFIMIIE(E(0.482) . IX 3R B JE BRUAE 25 P4 A8 U 55, 7RI ZR-5 I RN A 0 4 AL 2
AL T A R HI BB EAE S, I T B SO . A, TR AU R TE LRI SR (0.537) 5
MEALE(0.543) 2 [ W ZALA 0.006, BE/NTHELLNT 0.026, FBHHAMG] T 0 I IEER e AR E P
] o

3.5. BT

3.5.1. ERIER
JRIUREHALIE I 0.6M S50 (<0.65%), Y Ry (B N B AL R 12 3.5%, BAF HHJLPEAAE . 45531
T JE AL 5] T (0t T2 2] DART 2086 T ST A S T S P RE AR T
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Table 6. Model efficiency comparison

= 6. BMAIHERITLL

A SHEM) YGRS IA] (/NS fepoch)  HHEFIN A] (ms/ 1) M T7(GB)
Fezg 91.7 3.98 112 75.7
ProtoR2Gen 92.3 4.12 116 76.1

3.5.2. G

BRI R, AT T BEN LI = A EEA, X EE 34 5 ProtoR2Gen AR S 5, 4
K 3 FioRe TEIEF RGN, Pt e v A s S ia i i BA A A . 78 B8 8 R 25 i i, P38
REER H iZ BT, Wi LS ERE” WL, W BRI — I ZGE PS8R A
izl BEARUE R -2 20 o5 2 B0 s e A, 5 O SR R RE AR

Base: the lungs are clear bilaterally . specifically no evidence of focal consolidation
pneumothorax or pleural effusion . cardio mediastinal silhouette is unremarkable .
visualized osseous structures of the thorax are without acute abnormality .

both lungs are clear and | Ours: the lungs are clear bilaterally . specifically no evidence of focal consolidation
expanded . heart and | pneumothorax or pleural effusion . cardio mediastinal silhouette is unremarkable .
mediastinum normal . visualized osseous structures of the thorax are without acute abnormality .

consolidation pneumothorax or pleural effusion . cardio mediastinal silhouette
is unremarkable . visualized osseous structures of the thorax are without acute
abnormality .

| ’ ‘ Base: the lungs are clear bilaterally . specifically no evidence of focal
4 ©
L 4

lungs are clear . no pneumothorax K . X .
or pleural effusion . normal heart Ours: the lungs are clear bilaterally . specifically no evidence of focal

and mediastinal contours . normal consolidation pneumothorax or pleural effusion . cardio mediastinal silhouette

pulmonary vasculature . bony is unremarkable . visualized osseous structures of the thorax are without acute

thorax intact . abnormality .

1 Base: the cardiomediastinal silhouette and pulmonary vasculature are
| within normal limits . the lungs are clear of focal airspace disease

' ‘ pneumothorax or pleural effusion . there are no acute bony findings .

heart size and mediastinal contours appear . . .
within normal limits . no focal pulmonary Ours: the lungs are clear bilaterally . specifically no evidence of focal

opacity pleural effusion or pneumothorax .| consolidation pneumothorax or pleural effusion . cardio mediastinal
there is levoscoliosis of the thoracic spine . | silhouette is unremarkable . there is levoscoliosis of the thoracic spine .

Figure 3. Comparison of generated report samples

& 3. & piREHEGIRTEE

4. +1ig

ProtoR2Gen LA 25 3] [ R Wt 55 ¥ 25 A SCep A, HOA A00VE v MR AIE 25 1 8 P A% - LA RRG
7KL G S5t LR A ARRDSS, R oh NS SR S A B, T 2 B MR R e B
% JEURBK B SO A, AR SRR 2 T — AN AT OB R T S, IR E AR TS, R A A A
BSPRIBIVERRON, B DR . bR SRR LB I I T - R RN RS S, 5
RIS IGRIL A . H % IR TR DI, 5% MR G TS ST, P B A SR NS L
R AT T . SR, 4R TR T RR: (1) BB K =64 WA, K EENARRKHN: Q)
{XFE TU X-Ray B34, ZALMERRI; (3) ST MAL G Z BTSN RURTE; (4) B IR4R 0 B
AHURIE(G; (5) CRM RIE RBEAKR R, 25 U AT RS 08 IEREA . AR HR 2 SR IR 1
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5. &g
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