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Abstract: With the increasingly serious global obesity problem, food computing, as a pivotal research domain to improve
human health, has gained prominence in many fields. As the intersection of food computation and cross-modal retrieval,
cross-modal recipe retrieval has demonstrated significant research potential. However, cross-modal recipe retrieval faces
challenges due to the significant semantic gap between recipes and images, along with the complexities of varied
ingredients, cooking methods and textual descriptions. With the expansion of dataset scale and the development of technol-
ogy, methods based on dual encoders, generative adversarial network (GAN) and visual language pre-trained model (VLP)
have gradually become the mainstream techniques in recipe retrieval research. This article reviews the latest development of
recipe image retrieval techniques based on cross-modal alignment, analyzes the strengths and limitations of different
methods, and discusses future development directions.
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Fig. 2 Basic framework of model based on dual-encoder
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Tab.1 Representative methods of cross-modal recipe retrieval based on dual-encoder
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Tab. 6 1k pairs comparison on RecipelM datasets

Jrfe IR el M-t Fif-ER
MedR R@1 R@5 R@I0O MedR R@l R@5 R@IO
JEIS! CVPR'17 52 24.0 51 65.0 5.1 25.0 52.0 65.0
AdaMine!*”! SIGIR'18 2.0 40.2 68.1 78.7 2.0 39.8 69.0 77.4
R — MCEN?! CVPR'19 2.0 482 75.8 83.6 1.9 48.4 76.1 83.7
HF-ICMA! SIGIR"21 1.0 55.1 86.7 92.4 1.0 56.8 87.5 93.0
SEJE®! TOIS21 1.0 58.1 85.8 92.2 1.0 58.5 86.2 92.3
SCANPS! TMM'22 1.0 54.0 81.7 88.8 1.0 54.9 81.9 89.0
ACME™! CVPR'19 1.0 51.8 80.2 87.5 1.0 52.8 80.2 87.6
B R2GANPY CVPR'19 2.0 39.1 71.0 81.7 2.0 40.6 72.6 83.3
JET GAN fFAY .
X-MRSB ACMMM"21 1.0 64.0 88.3 92.6 1.0 63.9 87.6 92.6
RDE-GANE” ACMMM21 1.0 59.4 81.0 87.4 1.0 61.2 81.0 87.2
H-T#" CVPR21 1.0 60.0 87.6 92.9 1.0 60.3 87.6 93.2
LPRP! CVPR'22 1.0 66.9 90.9 95.1 1.0 66.8 89.8 94.6
T-Food (CLIP-ViT) 48! CVPRW'22 1.0 72.3 90.7 93.4 1.0 72.6 90.6 93.4
ST VLP VLPCook (ViT) CVIU23 1.0 73.6 90.5 93.3 1.0 74.7 90.7 93.2
CIpb? ACMMM"23 1.0 77.1 94.2 97.2 1.0 77.3 94.4 97.0
PFA% TMM"24 1.0 72.9 94.0 96.9 1.0 72.6 93.9 96.8
DAR+® ECCV"24 1.0 76.9 94.9 97.4 1.0 71.7 95.4 97.9
DAR++® ECCV24 1.0 773 95.3 97.7 1.0 77.1 95.4 97.9

T - BRI R I A5 5

R 7 7E RecipelM £ & F#1T 10 kXf bk
Tab.7 10 k pairs comparison on RecipelM datasets

. SR S IR - ik k-
MedR R@1 R@5 R@I0 MedR R@1 R@5 R@IO
JEU! CVPR'17 419 — — — 39.2 — — —
AdaMine!”! SIGIR'18 13.2 14.8 34.6 46.1 14.2 14.9 353 452
R —— MCEN[‘”7 CVPR'19 7.2 20.3 433 54.4 6.6 21.4 443 55.2
HF-ICMA™! SIGIR"21 5.0 24.0 51.6 65.4 42 25.6 54.8 67.3
SEJE®! TOIS21 4.2 26.9 54.0 65.6 4.0 27.2 54.4 66.1
SCANPS! TMM'22 5.9 23.7 493 60.6 5.1 25.3 50.6 61.6
ACME™! CVPR'19 6.7 22.9 46.8 57.9 6.0 24.4 479 59.0
JEF GAN Kl R2GANP! CVPR'19 13.9 13.5 335 449 12.6 142 35.0 46.8
X-MRSEY ACMMM21 3.0 32.9 60.6 71.2 3.0 33.0 60.4 70.7
RDE-GANF7 ACMMM21 3.5 36.0 56.1 64.4 3.0 38.2 57.7 65.8
H-T#7 CVPR?21 4.0 27.9 56.4 68.1 4.0 283 56.5 68.1
T-Food (CLIP-ViT) 48! CVPRW'22 2.0 43.4 70.7 79.7 2.0 44.6 71.2 79.7
VLPCook (ViT) 2 CVIU23 2.0 453 72.4 80.8 2.0 46.4 73.1 80.9
T VLP Al CIpb? ACMMM'23 2.0 44.9 72.8 82.0 2.0 452 73.0 81.8
PFA%" TMM"24 2.0 41.9 71.2 80.9 2.0 41.7 70.9 80.7
DAR+®! ECCV"24 2.0 474 75.3 83.8 2.0 48.3 75.9 84.4
DAR++® ECCV24 2.0 47.8 75.9 84.3 2.0 47.4 75.5 84.1

T BRI AR iR SR, —FoR AR IER

% 8 M MBOUS R S HSACKPI MRIE  Transformer SCAH AL Bi-LSTM HOE, (s
MHEF WS JEF GAN BUBFULT VLP BUH  TiE 10 f5I0S%cE. VLD HUMERIERERLE , ()]
(R 126 R AT e, VIT-B/6 BRI SMIRE R b SORERT 35 , i JH T Ve A2 O M 25
Y%y 86 M, & ResNet-50 BUEIAY 3 f5LUE TRUAL I, IHFSEBCR AL , UGS 87 1 00 5 T Y
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Tab.8 Comparison of parameter size and computational efficiency across different model types

Jr kA SRR 15 4t

SCA R aE

SR AT R

HF WS4 JE.AdaMine
JLF GAN #A ACME/R2GAN

ResNet-50 (25 M)
ResNet-50 (25 M)

Bi-LSTM (3 M)
Bi-LSTM+GAN #5 (10 M)

LT VLP #%  H-T/VLPCook ViT-B/CLIP-ViT (86 M) JZ¥X4k Transformer (>20 M)
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