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Abstract: Objective Nonischemic dilated cardio myopathy (NIDCM) is a heart condition that can lead to severe out-
comes, such as heart failure or sudden cardiac death. Accurate prognosis plays a crucial role in the early diagnosis and
effective treatment of this disease. Multimodal cardiac magnetic resonance (CMR) imaging captures heart data from differ-
ent perspectives and is essential for prognosis. Each CMR modality provides unique and complementary information about
the heart’s structure and function. However, leveraging these multimodal data sources to predict prognosis poses two main
challenges. First, the regions of interest (Rols) differ among CMR modalities even when imaging the same disease.
Hence, combining these modalities into a cohesive predictive model becomes challenging. The distinct characteristics and
distribution of data from different modalities also create difficulties in capturing comprehensive information about the prog-
nosis of NIDCM. Second, the limited labeled training data exacerbate the problem. Owing to the difficulty in labeling such
data, the available dataset is small. Hence, the risk of a deep learning model falling into local optima increases, hindering
its ability to generalize and achieve good predictive performance. Therefore, a specialized approach that can address the
complexity of multimodal data representations and the limitations of small sample sizes is warranted. Method To overcome
these challenges, we propose a novel model based on hybrid matching distillation and contrastive mutual information esti-
mation. Its design focuses on two aspects: improving the representation of multimodal CMR images and preventing the
model from falling into local optima due to the limited training data. The first component of our method involves combining
different CMR modalities into pairs. Each pair is treated as a unique data source, and the image features corresponding to
these modality pairs are extracted. Given that the prognosis objective is consistent across modalities but their feature distri-
butions vary, a hybrid matching distillation network that enforces logical distribution consistency between the modalities is
employed. It learns to associate and match different image feature distributions across modalities by leveraging the inherent
consistency in prognosis objectives. This matching constrains the extraction of features from each modality, ensuring that
the deep learning network can jointly represent multimodal features. As a result, the network effectively captures the
complementary information from various modalities, leading to a good predictive performance. The second component is a
mutual information contrastive learning strategy applied to estimate potential classification boundaries across the multi-
modal feature distribution. This step introduces a regularization term into the prognosis model to prevent it from falling into
a local optimum during training with a small sample size. The contrastive learning strategy aims to maximize the mutual
information between modalities while learning meaningful feature representations. By estimating the classification boundar-
ies, the model can discern the subtle differences in the feature space and consequently enhance its ability to generalize
from limited data. This strategy regularizes the learning process and ensures that the model captures the most informative
aspects of the multimodal data. The two components of hybrid matching distillation and contrastive mutual information esti-
mation work together to build a robust prognosis model for NIDCM. By utilizing the logical consistency across modalities
and the mutual information between them, the model achieves improved feature representation and avoids overfitting to the
small sample size. Result Experiments were conducted using a clinical dataset of patients with NIDCM to evaluate the per-
formance of the proposed model. The results were compared with those of six state-of-the-art methods to assess the model’s
effectiveness. The performance was evaluated using two key metrics: F1 score and accuracy (Acc). F1 score is particu-
larly useful in assessing the balance between precision and recall, and Acc is important in assessing the overall correctness
of predictions. The proposed model achieved an F1 score of 81. 25% and an accuracy of 85. 61% on the NIDCM dataset.
These results demonstrated significant improvement over the baseline models, highlighting the effectiveness of the hybrid
matching distillation and contrastive mutual information estimation techniques in handling multimodal CMR images for
prognosis prediction. These two complementary approaches allow the model to comprehensively utilize the limited training
data and capture the complex correlations between the different modalities. An additional experiment was conducted on a
public dataset related to brain tumors to further validate the generalization capability of the model. This dataset also fea-
tured multimodal medical images and allowed us to verify whether the proposed method could be applied beyond the
NIDCM domain. The model achieved an F1 score of 85. 07% and an accuracy of 87. 72% on this dataset, outperforming
the four baseline methods once again. These results demonstrated that the proposed model can be applied to other medical
imaging tasks beyond NIDCM, making it a versatile and effective tool for prognosis prediction. Conclusion A prognosis net-

work model based on hybrid matching distillation and contrastive mutual information estimation was proposed to effectively
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addresses the two major challenges in using multimodal CMR images for NIDCM prognosis. Hybrid matching distillation
ensures that the model learns to represent multimodal data by leveraging the logical consistency across different CMR
modalities, thereby improving the model’ s ability to capture the complementarity between modalities. Contrastive mutual
information estimation provides regularization by estimating classification boundaries, preventing the model from overfitting
to small sample sizes. Experiments demonstrated that this approach significantly improves the accuracy and F'1 score of the
prognosis model, outperforming several state-of-the-art methods. The model’ s generalization capabilities were further con-
firmed through its successful application to a brain tumor dataset, proving its versatility across various medical imaging
tasks. In addition to its high predictive performance, this method demonstrates the potential of deep learning in handling
complex medical imaging problems where data scarcity is a concern. By combining hybrid matching distillation with con-
trastive mutual information estimation, this model can handle the intricate relationships between different modalities and
produce robust, reliable predictions even with limited labeled data. Future work should explore the extension of this
method to other forms of multimodal medical imaging beyond CMR, such as combining magnetic resonance imageing (MRI)
and computed tomography (CT) scans for comprehensive diagnosis. Further improving the efficiency of training and reduc-
ing the computational complexity of the model would make it accessible for widespread clinical use. This research opens up
new avenues for multimodal prognosis models and sets a foundation for future innovations in medical image analysis.

Key words: contrastive learning; hybrid distillation; multi-modal cardiac magnetic resonance (CMR) ; mutual estimation ;
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LI(FT] +LI(FT] Tl,+L]Ir (6)

ﬁ ITI ’ Llab*ﬂ L_ioinx%$%§i+7/§r E/‘J 3‘5&%*}5 9% e}
2 ZW/IRE

2.1 HUEE
RS 3 AT 55 2 TN LA NIDCM 5 A 5 4F

JAR AR BB LEAF TR AT 55 . AU TIEIR
N B EE BE DIl R A1 1 SR 4 1) 22 B2 CMR Ay Il
K%ﬁ(i‘ﬁ% K HIE HCPNet 7EIX — 1155 ERTERE. I
bbb R L BAT 2 75 91 i MR 22 JF 7 8ol 42
BraTS2018 (Menze 55 , 2015) K ¥Fffi HCPNet )72 1k
Mo DI REHE S NIDCM H4L% T 34~ CMR 741«
T1-native . T1-enhanced Fil LGE, TE#E47:CoHET1 map-
ping FH o, ZEFTXT FL I HT 47— 1K T1 mapping 1
A, FRN Tl-native K12 . Tl-enhanced F&/R 58 )5
T, 48 0 LR 2L45 7 X5 B3R LLUS B89 9 1 st 35 it
] o LGE J& 2 i JJk i 5 EL AT B AR — B[] J , TE
O JUUDR XS L 50 B 35 1T JC 53 A, S o L BRI S B
T B L 70 R R R B I 3 5 Ak T S A
8o BHRARIA 1356 (FAYE 97: BT 38) , Jrp B
&N 5 EN AT LUETE, BITEARERSE A 5 RN Tk
A Ar o NGRS A LA 31, O T ORIERE
RIRYRR A SR T 4 WSS IE , I e # e o —
A2 U UEHEA T . 2) BraTS2018 £itdis f ok A =
P B2 o I B0 S AT S AL B T BTE 2 (Medical
Image Computing and Computer Assisted Intervention
Society , MICCAT) 2018 4F- 2 v 114 22 450 285 fiki i 958 13- %1
PRERTE . A AR BRI th 1 ~4 240700 3 2 R
[l bR 2 F- 8500, BraTS2018 47 285 il it
# A 4P 4 FF 51 TR ZE (T1-native) |\ T1 AL
(T1-weighted) \ T2 JIAX (T2-weighted ) . T2 ¥ {4 % I,
SR A (T2 fluid attenuated inversion recovery) F T
15 2591 112 5 988 (low-grade glioma, LGG) F1 =5 2% 1] i
5t J8 (high-grade glioma, HGG) 1y 70 2% . 5 243 #|
34#E8 43 : WT (whole tumor) | ET (enhance tumor) il
TC(tumor core) . HGGH 21044 4, LGG A 75 44 f#
Ho WL SR L 4: 1,1t 59758 g
ELASRAS e AR T
2.2 EWINME

7E HCPNet Yl 5, (2% J2& 55 T Pytorch SE LAY,
A AN 1 x 107, Y125 500 48 o ] Adam {1k
e 0 9 45 SE AT DE A | Wi PR 20306 4R A1 BraTS2018 Y
batch size 7351 A 4 #1122, HCPNet 2 i #% /& ResNet50
(residual network-50) (He 55, 2016) . 7£ 5% 5 1| 2k
Hh, BERLA A B8 A T R 1 otk OeRs A% 4 ik
HBE5) o T A [ 52 B #R % £ 511 NVIDIA TITAN
RTX GPU 17,
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LF, 882, &, MEZ, Pascal Haigron, 48, FHaE
HEMINEEBEEEENSESMRIERFTE

2.3 PFHERR
AR FER F1HE % (accuracy) B i R
(precision) FIIFF [B] 3R (recal ) VE K PEA $6 b R PEAL AR
RIS 2125 CMR /5 NIDCM i PERE

HERR R AR TR A B T v B AR B A4 IR
AFNGAEAS A B AR IEAE A 25 R v i T30 v
BAFREE s 43 [0 PR Ay A 438 PPAh BT A SEBR 1E ] 2
TR TIUI o B 2 L s SRk DA B R s ]
RHABEAR G Mo PPAL B A IR F AR A T RS 1
AN R HEDR

7 PN S i v K BB R T BR A 4, BE
AP, PO T AN [ 4 G FUS 6T H S g, il
MG INEATT BRIk FUER p(E. @A
p 18, AT DAB 8 AN [R] S 30 250 T FLAESS R0 1o 25 1
ZE 5T

3 ZWERSHH

3.1
K1
eI RS 42 NIDCM L, 4% SCH 7 HCPNet 78
WG g R R TR TERE . 5 B AT e BE A
K 1% £ #5525 J7 5 IMDM (integrate multimodal data
method) (Yan 4§ , 2019) , PMNet (PET-MRI Net) (Li
%%,2022) ,MMRACR (multi modality relation attention

I PR 7 18 & £ 1 75 CMR i /5 NIDCM X Lk

network that employs consistency regularization) ( Yang
4 2022) , Ensemble ResNet(Zhou %5 ,2020) , MyoPS-
Net(Qiu %5, 2023) #1 PFMI ( progressive fusion for mul-

timodal integration) (Shankar %5 , 2024) # Lt , 78
HCPNet 78 2 J¥ 1] CMR EM& Bl I B A 547 i 4%
fiE, Qe 1 FroR , 76 F1RTE B 50X A IR 48 A L
HOHUAS T e 2 5

HCPNet ifi £ HMD 4 4 8% F= AiF Il CME (19 £t {&
AL ARAS T e 9 FLIE2r R 0. 81, AHEL IMDM
PMNet, MMRACR ., Ensemble ResNet, MyoPS-Net £/
PEMI 53 B4 T 14% 7% . 5% . 2% . 1% F1 2%, A 3L
IR (14 M B R 5 3 0. 86, 5 LA AR UK L, 43 1) 41
THT 9%.6%.8%.3%.0.8% Fl 1%, i % ik 2
0.85, A %% F IMDM. PMNet. Ensemble ResNet.
MyoPS-Net #l PEMI A — & #2 7, 73 il 42 F+ 15% .
11%. 6% . 3% Fl 4%, 4 [l % ik 5] 0. 81, fHA T
IMDM ,PMNet ,MMRACR Il PFMI 45 — & $2FF, 43
WHRETF 14% 5% . 10% F10. 2%, FA BRI R 7
P BB T2 CMR RS s Hh R R . &
M, Z2 A58 24 CMR 1% &2 2% FH 5 o fff LA 5 30X
NIDCM W5 WA SR AE . 78 43738 LRIE ) B —3r
o, HCPNet B3R5 T8 5 19 F1AE, 3% & BT #5500k
AL REPE AR e T — P 45 2R bR A —
E M Ve, BRIZ AN p (EA /N T 0. 01, KB i
PEH 7 A NIDCM 808 i 25 S oA gt 3
PE. 27 b, 7E NIDCM %45 4E I, HCPNet £ Z B4
CMR #iJi5 NIDCM _I- A 3 AP e
3.2 BraTS##E4& S5 MRI il hyE TUF B33 EE
SN,

3 3o 7 0 AR B e 4 BraTS | A0 e, J 8
T AR SCHEARY HCPNet (1938 W PE FZ A6V, an sk 2 o

®1 FEEEENIDCM HiEE TS E R
Table 1 Comparison of prognostic results of different models on the NIDCM dataset
‘ HIFTHES BN FEJLIES F1
Ttk
1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4
IMDM 0.76 0.74 0.70 0.68 0.69 0.69 0.66 0.61 066 0.64 064 0.59 0.67° 0.65 0.62 0.62
PMNet 0.79 075 0.77 077 0.73 0.70 0.73 0.71 0.75 0.71 0.75 0.73 0.74° 0.74 0.71 0.70
MMRACR 0.77 0.77 0.72 0.75 091 0.87 085 0.81 0.70 0.65 0.68 0.69 0.76° 0.70 0.73 0.75
Ensemble ResNet 0.83 079 0.80 081 0.78 0.74 0.75 0.76 081 0.76 0.79 0.79 0.79° 0.75 0.77 0.78
MyoPS-Net 085 0.84 0.80 081 0.81 077 0.79 0.79 0.82 0.75 0.79 0.80 0.80° 0.76 0.80 0.79
PFMI 0.84 084 0.83 080 0.80 0.75 0.79 0.74 080 0.77 0.75 0.75 0.79° 0.78 0.77 0.78
AL 0.86 0.84 0.85 081 085 082 082 080 081 077 078 080 081" 0.79 0.79 0.78

VE IR RS & PP R PR TE T A T B I B LS5 R, FOR G5 p < 0. 05, + FR%itp <0.01,71,2,3,47 W4 4.
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7o HCPNet 7 2 J¥ 51 il i g8 MR RS Bl I HA
BT RE , 76 F1LOMERG R AN [R5 3N 4 b
AR T B 4F B 45 R . 5 IMDM. PMNet,
MMRACR Ensemble ResNet ,MyoPS-Net #1 PFMI 6 |~
B T 2 40 H , HCPNet 2k 45 T f i (1 F1RE4), R
0. 85, MHHLL 6 MR IR T T 6% .9% .10% .
5% 1% 1 1%; HER 285 0. 88, 5 LA |- 6 P AH
Ho L 3 BRI T 4% .6% 6% . 2% . 1% Fl 1% 41 1] %
KE0.87, 5L 6 M ALA L, 43 BT T 8%.
12% . 14% 9% 6% 1 7% ; K i F ik 2 0. 84, A4 T

IMDM ,PMNet ,MMRACR 1 PFMI 145 — & $£ 7}, 43
HHETF 4% 6% 5% F10. 4%,

] BF, p {ELAS 56/ T 0. 01, 6 B AR SO ik 7
BraTS £idi 5 I 45 SRR B A i1t 21k, 28 1
AJ 1, HCPNet BE#% 528 2 )7 51 MRI [ = 808 Al
A6, B9k T HCPNet X fisi i g8 43 288 0 325 07 M Az Ak
P, b %F H NIDCM F1 BraTS FO45 5, 7T L& B0 AH
] 77 L 7E BraTS b A RCR LT 76 NIDCM _E 30,
XE W] T 7E NIDCM %4 4 | 2 838 CMR il J5
NIDCM J2 55y FRIAE AT 55

*2 AREEBEBraTS BIEE FHFUGLERITLL

Table 2 Comparison of prognostic results of different models on the BraTS dataset

IR ULIES
Tk
1 2 3 4 5 1 2 3 4 5
IMDM 0.84 0.80 0.79 0.81 0.81 0.80 0.74 0.79 0.80 0.78
PMNet 0.82 0.78 0.80 0.79 0.81 0.78 0.76 0.73 0.75 0.71
MMRACR 0.82 0.82 0.81 0.76 0.79 0.79 0.75 0.78 0.77 0.75
Ensemble ResNet 0.86 0.80 0.81 0.84 0.81 0.84 0.80 0.81 0.83 0.83
MyoPS-Net 0.87 0.85 0.83 0.87 0.86 0.86 0.85 0.84 0.84 0.86
PFMI 0.87 0.84 0.86 0.83 0.86 0.83 0.81 0.82 0.79 0.82
AR3L 0.88 0.86 0.86 0.87 0.88 0.84 0.83 0.82 0.80 0.81
7 0] Fl
Tk
1 2 3 4 5 1 2 3 4 5
IMDM 0.79 0.78 0.77 0.74 0.79 0.79° 0.77 0.73 0.75 0.74
PMNet 0.75 0.70 0.74 0.73 0.71 0.76 0.76 0.75 0.71 0.73
MMRACR 0.73 0.73 0.73 0.70 0.71 0.75 0.74 0.75 0.73 0.72
Ensemble ResNet 0.78 0.77 0.78 0.75 0.76 0.80° 0.79 0.75 0.77 0.78
MyoPS-Net 0.81 0.80 0.78 0.79 0.76 0.84° 0.84 0.83 0.80 0.81
PFMI 0.80 0.76 0.79 0.80 0.78 0.84* 0.84 0.80 0.83 0.82
AR3L 0.87 0.85 0.81 0.85 0.83 0.85" 0.84 0.83 0.82 0.83

TE IR TR R S AP R PR TE T A T E AL AS R  +RR 4520 p < 0. 05, +3R7R45 R p <0.01,1,2,3,4, 57 44

3.3 NIDCMEBEFARESAHASGTGHTLE
I8

W T HE— 3P4l HCPNet Hh &4 3843 A3 3001
DL K Z B2 CMR 76 NIDCM i 5 o (8 40 6, 5%
AN [R) B A2 i A 2H 5 7 i R B84 48 NIDCM | i 47
SN LA . 5 P ) R Y ResNet50 (He 55,
2016) PEAT T He B, 4 3 s, M 138 B AR S %
HAS RIS 25 2 A D B S e B 6 NIDCM. i 1)

Dil

ATLLEZ B : 1) 5 LGE J¥ AU A He , T1-native 1 T1-
enhanced £ NIDCM [ il J5 H BB 45 3%, T1-native 1E 4
AR F13KF 0. 731 5, A4 T LGE PEREIR &
T 1. 28%; T1-enhanced F b iy A B9 AY | F1 35 3|
0.741 6, #H%¢ T LGE T BB 48 &1 2. 29%. 2) Z LA
CMR 1 FL 4% concat BE & R AL AL F1 355 0. 707 5,
XA 2 7 5B =R 7 AR MER 2B CMR A
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FHEMARBEERERNESREEMRIERIE

QIR DG 25 A ke , B8 2 AR SCHE I B4 Concat Bk
G 1 T Rl R M NS AT LUE
F1 A T 24 Tl-native FF 5145 A R F# 2. 40% T
B A~ T1-enhanced 7 3 i AT [ 3. 41% . 8¢ T 88>
LGE 5 iy N B 1. 12% , 3X Fge 4 26 70 77 20 AR M
PRIE NIDCM TS 19378 o 3) A SCHE H ) HCPNet 8
ResNet50-T1 native . ResNet50-T1 enhanced . ResNet50-
LGE F1 ResNet50-Concat 7£ F1 4 HIHETH T 8. 10%
7.09%.9. 38% F1 10. 50%; 7£ 1 1 % L 7 5] $2 7+
7.58%.7.58% .13. 64% Fl1 8. 34% ; 7EAE 1 K | 4333l
FETF 11.56% ., 10. 13% ., 12. 95% Fl1 12. 78%; 7£ 43 1]
Ay 4R T 4.34% . 4. 34% . 7. 47% F1 10. 07%.
25 I, HCPNet f1 F] T-XF Z 534 CMR #i A #1754 2L
TR, NI TF 24525 CMR U5 NIDCM f9PERE

3 AEBESEHNHINIDCM TG4 R 3Tt
Table 3 Comparison of NIDCM prognosis results for

different modal inputs

NIDCM
MR KR JlR Fl
0.7803 0.7294 0.7622 0.7315

Tk

ResNet50-T1-native
ResNet50-T1-enhanced 0.7803 0.7437 0.7622 0.7416
ResNet50-LGE 0.7197 0.7155 0.7309 0.7187
ResNet50-Concat 0.7727 0.7172 0.7049 0.707 5
AR 0.8561 0.8450 0.8056 0.8125

T IR R R 45 51 B AL 2

3.4 HERZLIE

TH AT 2T (6 4) B3 T HCPNet H 1) 44 4 B
IR AL TR R T VR

1)-CME %7~ CME fEHepk i ml . vl LU 2], 78
FEARZRE/NIES T ,FL R R 1. 58%. i X H
5T, CME 8 1E 1E £ 3678 (1 1 7, A 4
AL A BRI UE I T X b A A 25 5 A
TFEARER AL . 2)-HMD 275 184 VG e 78 13 A e
P RL ., NFEES Y CMR 8% 3 Sk R TG L Fl
T 10. 50%, FH AIE BT HMD S230 T 2184 CMR &
NIDCM Tl J5 i A SR AE . 3) 7E 2-seq HF, HHLT1-
native fll T1-enhanced /E & HCPNet F%i A , /> T 3k
H LGE F# 8 15 B AN FE , F1 R R# 9. 95%, WEHH TR
[i) 5 371 22 [) R K & 1 6 NIDCM T 5 A8 %0tk . 4)

1E 2-seq-HMD H1, T1-native f1 T1-enhanced i& 42 5 %
A AT HMD IR A VE BE ZE 48 v i) 43 A Al logit, F1AH
BT 2-seq LG R R 2. 73%., X #PIRI LS
CMR EMGAH KA 2B 25 CMR EHL S NIDCM
REZEM . UL EmASEER T e A
AR R R 3] TN AT sk A

BB S50 o T E— 25174 HCPNet HAR ]
REER AV AL, DL NIDCM S 451185 AS il 30 43 1) vl 4
R . TUFE W E, B, E, HE, [
ANREEH, i 4 iR . 1)NIDCM £ T1-native F1T1-
enhanced ¥ 9 I TS EE TP E A E % . LGE £
LR L OERE, YRR T3 5 NIDCM #975
Je A AN TR AR G L UERH T HCPNet 9 HMD i3k
RERS LA RIS CMR 5 Fh R . )4 E,, K,
E. 5 E,. - T 8 B, AU 8 T 22 1A 56 X 35
(LRERLRAE) | 1M HL2Y IE 13850 3 41 A [R] 9 IX sk (21
B ZRAE ) , U BH HMD F 2 B FRoR Al & Bk &
Fore 3t E E, 1 E,, XA 5 B 455
E,., YT Z M2 CMR W5 NIDCM 25 509 i, vl LR
th,E,, 7ENIDCM | 2453 CMR % NIDCM 15 5
AT H IR, 50 R W T CME FEIC & AL 1 Y
A RE

F4 TEELRY HCPNet 8882200
Table 4 The impact of different modules on the

performance of HCPNet
NIDCM
Tk
e REER HiER Fl
2-seq 0.7576 0.7046 0.7292 0.7130
2-seq-HMD 0.7273 0.6786 0.7083 0.6857
-HMD 0.8485 0.7172 0.7222 0.707 5
-CME 0.8485 0.8281 0.7801 0.7967
IREREEES 0.8561 0.8450 0.8056 0.8125

I AR FRR S T I LA R, “2-seq” R HAT Tl-native
FIT1-enhanced /E R4S SCHEHR B 5T

3.5 BSEXIELIE

% B3 2R RRREAR D AR N S B
X TR [R] S HgURR A SCl i AN [R] 9 88 S 800 56
KU T R AR B i

WS FIER , AR SCIRE T 24127 2] % batch [1)
HAEKIUE, AHEF T FE N1 x 1071 x 1071 x 107
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RN IR 1.2.3.4.5 1 batch size BE BN ZEO
Z A5 NIDCM £048 T i S2 g0 25 X k. EL S v
ATDAR IR 1) 28 20 30/ 1 x 107, S EFEA R 1Y
YILREEEL (5005 ) T AL BN S L5 2% 21 %0 1 x
1075 17 2527 2 R ad K (1 x 107) SR PERE L £ F
R UL, ARSCIS P TR B 2 S F T 1 x 107, &
EHFARZBEME S 5N . 2) 4 batch size Y

FHEFRIRES

0.82 8033 08125 08070

0
0.80
07817 9782 —G7¢00 0798 1
0.78 0.7852

0.777 1

@076 0.770 4

= 07317
0.74 0.730 6
0.72 0.711 0 M *

T207031 G
0.70 * *|£l><10"+1><10’4 - 1x10-
! 2 3 4 5
batch size

K5 IS EARRIPERERT L
Fig. 5 Comparison of model performance with different

hyperparameters

4 &

Z 25 CMR % 8] 515 58 5 AME FI A e v 2
7%, FEEZ LS CMR EMEAEXT NIDCM B9 #il e 3%

Hen O 130 4) BB B MERE = A BT Y . 3X R W
300 3 1 0 U A R A AS B R S A TSR
FPERE 1Y batch size 23K 5 B, B 8 B PEBEA 5 L
Th P T HERERY R, BRI, AR batch size
J AR EM S EE . 3 TEAFR B SEHA S
T, RHM 52 %8 1 x 107 F batch size 7 4 44
R B AR Y RE

FHIESERLE:

LGE
K4 ANEFFI CMR R FEAA R RT L

Fig. 4 Comparison of representation and joint representation of different sequence CMRs

TIE PRI 5 [T Fh 7905 AT 55 B v TR, A5 s 4 2500 1
BN, BB 28 5 B A SR BB e At o A i 4~k
G AR SCEE R T —BiHT 10 22 5 9 R AE X LE 27 ) HE
20 LR A VUL 2508 5 0 e A A R U
LKA AL (HCPNet) , I T/NEEA ) Z 8835 CMR Xf
NIDCM W 1) o %7 LT 1R A DAL 28 IR A
A He HA AR YA D 2% 1R A e ) F 22 4
A7 — B R AN 5] PR R AE 43 A JC RV L, DL 24 5
TR B 2 2] N 2 v Z B RRAE 1 S BRI 5| A 3R
fiE s X b B AR TR EAG T 2B A T ERY
AYIEINGE VABCAE Ry 100 A 78 (1) 1 D) P00, 3k A 76
FEAT BRI ECHE A R B et , 5o IR T 24535 CMR
T v DA 2 R 5 dre O 1 ) R () B ) 2
A CMR Z (8] () ¥ 76 B4 B0 98 R B 27 > B R A /)N
FEA S 5 T B RLIE AL |, e &l 15 24852 CMR XF
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