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Represent the given food image for recipe prediction.
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Find me a food image that matches the given cooking recipe:
Title: {title}, Ingredients: {ingredients}, Instructions:

{instructions}
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A cooking recipe: Title: {title}, Ingredients: {ingredients},

Instructions: {instructions}
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7% 2: RecipelM 1281} % Image-to-Recipe #Z & Recipe-to-Image MR DGR, mEOFEREZXF T, XA OMRE TR TRT,

1k 10k
Method Venue Image-to-Recipe Recipe-to-Image Image-to-Recipe Recipe-to-Image
medR| R@I7T R@57 R@I0T medR| R@1T R@57 R@IOT medR| R@1T R@57 R@107 medR| R@IT R@57T R@I07T

Salvadoretal.[11] CVPR’17 52 24.0 51.0 65.0 5.1 25.0 52.0 65.0 419 - - - 39.2 - - -
H-T[5] CVPR’21 1.0 60.0 87.6 929 1.0 60.3 87.6 932 4.0 279 56.4 68.1 4.0 283 56.5 68.1
T-Food [6] CVPRW’22 1.0 723 90.7 93.4 1.0 72.6 90.6 93.4 2.0 434 70.7 79.7 2.0 44.6 712 79.7
Yang et al. [28] ICDAR’24 1.0 81.8 95.9 97.8 1.0 81.2 96.0 979 1.0 56.5 81.0 87.6 1.0 55.7 80.2 87.1
FARM [30] WACV’24 1.0 73.7 90.7 93.4 1.0 73.6 90.8 93.5 2.0 44.9 71.8 80.0 2.0 443 71.5 80.0
DAR [29] ECCV’24 1.0 71.3 95.3 97.7 1.0 71.1 95.4 97.9 2.0 47.8 759 84.3 2.0 47.4 75.5 84.1
Wang et al. [31] MM’25 1.0 79.1 94.6 97.0 1.0 783 95.0 972 1.0 517 78.2 859 1.0 522 78.4 86.0
Ours (V1-2B) - 1.0 84.1 97.3 98.8 1.0 81.5 96.6 98.4 1.0 59.7 83.5 89.9 1.0 55.8 81.1 88.0
Ours (V1-7B) - 1.0 87.5 98.0 99.2 1.0 85.1 97.6 99.1 1.0 65.5 87.4 92.5 1.0 61.5 85.0 91.0
Ours (V2) - 1.0 83.8 96.9 98.7 1.0 81.7 96.5 98.3 1.0 59.1 83.3 89.8 1.0 55.7 81.0 88.0

£3: 774 VF a— = FHIROMERELLE

1k 10k
Method

Image-to-Recipe

Recipe-to-Image

Image-to-Recipe

Recipe-to-Image

medR| R@IT R@57 R@107T medR| R@IT R@57 R@I0T medR| R@IT R@57 R@107 medR| R@IT R@57 R@I0T

V1-2B (Zero-shot) 4.65 29.5 519 61.2 7.7 18.4 42.8 579 40.4 114 25.7 333 69.9 6.2 14.1 20.1
Ours (V1-2B) 1.0 84.1 97.3 98.8 1.0 81.5 96.6 98.4 1.0 59.7 83.5 89.9 1.0 55.8 81.1 88.0
V1-7B (Zero-shot) 2.1 40.8 66.5 76 2 39.8 69 79 14.9 17.6 36 14.5 15.8 34.5 44.7
Ours (V1-7B) 1.0 87.5 98.0 99.2 1.0 85.1 97.6 99.1 1.0 65.5 87.4 92.5 1.0 61.5 85.0 91.0
V2 (Zero-shot) 2 45.1 73.4 82.4 2 47.3 74.7 83.3 10.1 20 40.6 50.7 9.1 22.3 427 52.5
Ours (V2) 1.0 83.8 96.9 98.7 1.0 81.7 96.5 98.3 1.0 59.1 83.3 89.8 1.0 55.7 81.0 88.0
4 FRERL VYT — ORI BT % 7 — RILFRDOFNR
1k 10k
A CEH L7z B
HEFmCHH BH T

24 b MR FIR

Image-to-Recipe

Recipe-to-Image

Image-to-Recipe

Recipe-to-Image

medR| R@17T R@57 R@10T medR| R@1T R@57 R@10T medR| R@I7 R@57 R@I0OT medR| R@IT R@57T R@I0T

v VI-7B w/o Aug. 2.0 40.4 71.7 81.7 2.0 40.0 70.9 80.9 13.1 13.6 34.0 459 13.5 14.9 347 45.7
VI-7B 2.0 44.4 75.6 84.5 2.0 41.5 72.8 82.6 10.0 16.1 38.9 51.0 12.3 152 36.0 47.4

v V1-7B w/o Aug. 3.0 349 62.8 74.8 1.9 474 75.0 83.5 21.1 15.1 30.1 392 89 224 42.6 525

V1-7B 23 38.8 68.0 79.7 1.2 524 78.9 86.6 155 172 33.8 43.7 6.2 25.8 47.8 579

v V1-7B w/o Aug. 1.0 74.0 91.6 95.0 1.0 70.8 90.3 94.2 2.0 48.9 723 79.9 2.0 44.0 68.8 771

V1-7B 1.0 74.2 91.6 953 1.0 70.9 90.0 94.3 2.0 48.9 725 80.1 2.0 43.7 68.4 77.0

v Y V1-7B w/o Aug. 2.0 44.8 74.5 84.4 1.0 58.3 83.9 90.3 10.0 19.4 39.5 50.6 4.1 30.1 54.1 64.0
V1-7B 2.0 46.9 78.2 87.1 1.0 623 87.1 92.4 8.8 214 41.9 53.1 3.1 34.0 58.9 68.9

v v VI-7B w/o Aug. 1.0 80.2 95.7 97.9 1.0 71.5 94.8 97.6 1.0 55.1 79.0 86.2 1.3 50.2 75.8 83.8
V1-7B 1.0 80.6 95.6 98.0 1.0 77.8 95.1 97.6 1.0 54.8 79.3 86.5 1.3 50.4 76.0 84.2

Y v VI-7B w/o Aug. 1.0 85.9 97.5 98.8 1.0 83.6 97.0 98.6 1.0 63.2 85.6 91.2 1.0 59.4 83.0 89.4

VI-7B 1.0 85.9 97.4 98.8 1.0 83.2 96.9 98.5 1.0 63.2 85.7 91.2 1.0 59.1 82.9 89.3

v Y v V1-7B w/o Aug. 1.0 87.6 98.2 99.1 1.0 853 97.7 99.1 1.0 65.6 87.3 92.6 1.0 61.8 84.9 90.9
V1-7B 1.0 875 98.0 99.2 1.0 85.1 97.6 99.1 1.0 65.5 87.4 92.5 1.0 61.5 85.0 91.0
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