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Abstract

Transformer has proven effective in the cross-modal recipe

retrieval task. However, previous methods utilize separate

transformers to encode the title, ingredients, and instruc-

tions, resulting in high computational costs that limit de-

ployment on edge devices. Moreover, these methods over-

look the detailed correspondence between recipe compo-

nents and images, leading to insufficient cross-modal inter-

action. To address these issues, we propose a simple and ef-

ficient model called Unified Transformer with Fine-grained

Contrastive Learning (UT-FCL). In each recipe, UT-FCL

first concatenates each of the ingredients and instructions

texts separately into a single text. It connects these two

texts with the original title to form the recipe. Then,

a transformer-based Unified Text Encoder (UTE) encodes

the concatenated texts and title, reducing model memory

and improving encoding efficiency. We also introduce fine-

grained contrastive learning objectives to capture correspon-

dence between recipe components and the image by measur-

ing mutual information. Extensive experiments confirmed

UT-FCL’s effectiveness compared to existing methods.

1. Introduction

We are focusing on learning joint representations for food

images and cooking recipes. Previous studies [2], [3], [15],

[18], [21] have developed methods to learn embeddings for

images and texts, projecting them onto a shared space for

cross-modal recipe retrieval. While these methods have

made progress, they have drawbacks like reliance on pre-

trained text representations [2], [3], [5], [15], [18], [21] and

complex training pipelines with adversarial losses [18], [21].

Some methods [5], [15] require combining independent mod-

els, needing extra care. Recent studies [14], [16] introduced
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Fig. 1 Overview of the existing methods and proposed method.
LPair: Image-Recipe Pair Loss, LTtlCL: Title Contrastive
Learning Loss, LIngCL: Ingredient Contrastive Learning
Loss, and LInsCL: Instruction Contrastive Learning Loss.

transformers [17] for effective text representations in cross-

modal recipe retrieval on the Recipe1M dataset [15]. The

pipeline of these methods is simplified, as shown in Fig. 1(a).

They first use different transformer encoders to encode the

recipe components, and then aggregate these features by an

aggregation module to obtain the final recipe feature. Sal-

vador et al. [14] use additional transformers to capture sen-

tence relationships in ingredients and instructions for com-

pact features. Shukor et al. [16] extend this with more

transformers to capture component relationships and intro-

duce a multi-modal regularization module. While achieving

good retrieval performance, these methods have higher com-

putational requirements, challenging deployment on edge

devices. In addition, previous methods focus on pairwise

correspondence, overlooking fine-grained alignment between

recipe components and images. Capturing this alignment

can significantly enhance retrieval performance.

To address the aforementioned issues, we propose UT-

FCL, a cross-modal recipe retrieval system based on Unified

Transformer with Fine-grained Contrastive Learning. The

goal is to optimize the trade-off between computational cost

and task performance (Fig. 1(b)). UT-FCL concatenates

the ingredients and instructions texts with the title, creat-

ing concatenated recipe components. These texts and the

title are then encoded by a shared transformer encoder called

Unified Text Encoder (UTE), significantly reducing compu-

tational cost.

Additionally, we introduce Contrastive Learning (CL) [7],
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Title        : Mac n cheese skillet

Ingredients        :
① 2 cups elbow macaroni 
② 1-1/2 cups water 
③ 2 tbsp. sweet onion 
     ......
Instructions        :
① Cook macaroni according to 
package directions.
② Melt butter over medium heat. 
③ Add onion and saute for 2 minutes. 
     ......

Concatenated Ingredients          :
2 cups elbow macaroni  1-1/2 cups 
water 2 tbsp. sweet onion 
     ......

Concatenated Instructions         :
Cook macaroni according to package 
directions. Melt butter over medium 
heat. Add onion and saute for 2 
minutes. 
     ......

Mac n cheese skillet 2 cups elbow 
macaroni 1-1/2 cups water 2 tbsp. 
sweet onion Cook macaroni 
according to package directions. 
Melt butter over medium heat. Add 
onion and saute for 2 minutes. 
     ......
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Fig. 2 Overview of the proposed UT-FCL model. It is composed of three distinct parts;
ϕImg: Image encoder for encoding images, ϕUni: Unified text encoder for encod-
ing recipe components and recipes, and LPair, LRec, LTtlCL, LIngCL and LInsCL:
Training objectives, ”+”: Concatenation operation.

[8], [19] at different levels: Title Contrastive Learning

(TtlCL), Ingredient Contrastive Learning (IngCL), and

Instruction Contrastive Learning (InsCL) (Fig. 1(b)).

TtlCL enhances fine-grained cross-modal interaction be-

tween title and image features. It treats title-image pairs as

positive samples and the others as negative samples, increas-

ing the Mutual Information (MI) of positive samples while

decreasing the MI of negative samples. Similarly, IngCL and

InsCL consider ingredient and instruction pairs with images

as positive samples, enhancing the MI of positive samples

while decreasing the MI of negative samples in the joint fea-

ture space. These contrastive learning objectives guide the

model to capture the fine-grained correspondence between

recipe components and the image, facilitating the learning

of discriminative features.

To sum up, the main contributions of our work are:

• We propose a novel pipeline utilizing a unified trans-

former; UTE, to directly encode the entire recipe and its

components (title, ingredients, and instructions), reduc-

ing model memory and improving encoding efficiency.

• We propose fine-grained CL objectives; TtlCL, IngCL,

and InsCL, to capture the fine-grained correspondence

between recipe components and the image at each of

the title, ingredient, and instruction level by measuring

MI between recipe text and image at each level.

• We perform extensive experimentation and ablation

studies to demonstrate the effectiveness of UT-FCL

compared to state-of-the-art methods.

2. Learning Image-Recipe Embeddings

UT-FCL learns image-recipe embeddings on a dataset

with N pairs of samples (xn
I , x

n
R). Each sample consists

of an RGB image xI and its corresponding recipe text xR,

which includes a title, ingredients, and instructions. The

proposed method is illustrated in Fig. 2. UT-FCL uses an

Image Encoder (IE) and a Unified Text Encoder (UTE) to

encode images and recipe texts, respectively. The embed-

dings are aligned using the LPair loss and fine-grained con-

trastive learning losses (LTtlCL, LIngCL, and LInsCL). In

addition, UT-FCL considers the case of a recipe-only sam-

ple during training. A self-supervised recipe loss (LRec) is

used for recipe components. Details are provided below.

2.1 Image Encoder (IE) ϕImg

The aim of IE is to learn a mapping function enI =

ϕImg (x
n
I ), which transforms the input image xn

I to embed-

ding enI in the joint image-recipe embedding space. To ac-

complish this, since the image encoder is a replaceable mod-

ule, we explore the usage of three networks: ResNet-50 [9],

ResNeXt-101 [20], and Vision Transformer (ViT) [4]. Fi-

nally, we obtain an image embedding enI .

2.2 Unified Text Encoder (UTE) ϕUni

UTE aims to learn a mapping function ϕUni that projects

the input recipe and its components onto a joint embedding

space for direct comparison with the image embedding enI .

Recent methods [14], [16] employ transformer [17] instead

of LSTM [10] to encode recipes, leveraging their widespread

use and superior performance in natural language process-

ing tasks. These methods utilize specialized transformers for

each recipe component and additional transformers to cap-

ture relationships between sentences or recipe components.

However, they come with increased computational cost. In

contrast, UT-FCL utilizes UTE to process recipes and com-

ponents efficiently and concisely.

Given a word token sequence s =
(
w0, . . . , wK−1

)
whose

component represents a word and K is the total number of

words, UT-FCL aims to obtain a meaningful fixed-length

representation for cross-modal recipe retrieval. In conjunc-

tion with Fig. 2, the original recipe xR consists of three

components: title, ingredients, and instructions. The title

is a single sentence, denoted as xTtl = sTtl, while the ingre-

dients and instructions are sequences of sentences, denoted

as xIng =
(
s0Ing, . . . , s

M−1
Ing

)
and xIns =

(
s0Ins, . . . , s

O−1
Ins

)
,

where M and O represent the number of sentences in the

ingredients and instructions, respectively. The concatena-
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Fig. 3 Proposed transformer-based Unified Text Encoder (UTE).
Given a recipe or recipe component including K + 1 word
tokens, UTE encodes it into a fixed-length representation.

tion of texts is denoted as [·; ·; ]. Specifically, UT-FCL

concatenates multiple sentences of ingredients and instruc-

tions into the concatenated ingredients x̂Ing and instruc-

tions x̂Ins, represented as x̂Ing =
[
s0Ing; . . . ; s

M−1
Ing

]
and

x̂Ins =
[
s0Ins; . . . ; s

O−1
Ins

]
. Next, UT-FCL connects the ti-

tle xTtl and the concatenated ingredients x̂Ing and instruc-

tions x̂Ins to obtain the concatenated recipe components

x̂R = [xTtl; x̂Ing; x̂Ins].

Considering the training flexibility, we use the trans-

former [17] as UTE for encoding recipes and recipe compo-
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Table 1 Comparison with other methods. medR and Recall@k
are reported on the Recipe1M test set. Best metrics
are in bold, and the second best metrics are underlined.
ViT: Vision Transformer. Ranking Size: N = 1k.

Method
Image-to-Recipe

medR ↓ R1 ↑ R5 ↑ R10 ↑
M-SIA [12] 1.0 59.3 86.3 92.6
DaC [5] 1.0 55.9 82.4 88.7
H-T [14] 1.0 60.0 87.6 92.9

UT-FCL 1.0 61.6 87.9 93.2

H-T (ViT) [14] 1.0 64.2 89.1 93.4
T-Food (ViT) [16] 1.0 68.2 87.9 91.3

UT-FCL (ViT) 1.0 68.1 90.0 94.5

Table 2 Effects of different objectives on the Recipe1M dataset.
Best metrics are in bold. Ranking Size: N = 10k

Objective Image-to-Recipe
TtlCL IngCL InsCL medR ↓ R1 ↑ R5 ↑ R10 ↑

5.1 23.4 50.6 62.9

" 4.0 27.7 55.2 66.6

" 4.0 28.5 55.9 67.3

" 4.0 27.8 55.5 66.9

" " 4.0 30.0 57.9 69.1

" " 4.0 28.3 56.0 67.3

" " 4.0 29.6 57.2 68.6

" " " 3.6 30.7 58.5 69.6

ResNet-50 as the IE outperformed existing methods across

most metrics. When using ViT as the image encoder, our

method achieved competitive results compared to H-T and

T-Food, performing best or closely in all metrics. T-Food

incorporates additional transformers to capture recipe com-

ponent relationships, building complex structures that en-

hance performance but require higher computational cost.

In contrast, the proposed method utilizes a simpler encoder

structure, delivering superior retrieval performance with re-

duced computing requirements.

3.3 Ablation Studies

Learning Objectives Analysis : Table 2 shows the con-

tributions of different training objectives on the Recipe1M

dataset. Baseline represents LPair + LRec objectives, and

UT-FCL includes all five objectives. ResNet-50 served as

the image encoder for all variants. UT-FCL with all losses

achieved the best performance, indicating the effectiveness

of the proposed CL objectives in enhancing retrieval per-

formance by capturing the fine-grained correspondence be-

tween recipe components and images.

Image Encoder Analysis : We assessed the impact of dif-

ferent IE on retrieval performance by comparing DaC and

H-T. Results are presented in Table 3. Comparing the same

method with different IE (Rows 1–2, 3–5, and 6–8), we ob-

served that ViT > ResNeXt-101 > ResNet-50, with ViT

achieving the best performance.

Unified Text Encoder Analysis : UTE is a single trans-

former network, and we examined the influence of attention

heads and layers on retrieval performance. Table 4 shows

the results, where all variants used ResNet-50 as the IE.

The findings suggest that increasing the number of heads

has a more significant impact on retrieval performance than

increasing the number of layers. Hence, the number of at-

tention heads and layers in UTE plays a crucial role. To en-

Table 3 Comparison of different image encoders. Image-to-
Recipe retrieval results reported on the test set of
Recipe1M, with rankings of size N = 10k.

Method medR ↓ R1 ↑ R5 ↑ R10 ↑
DaC [5] (ResNet-50) 5.0 26.5 51.8 62.6
DaC [5] (ResNeXt-101) 4.0 30.0 56.5 67.0

H-T [14] (ResNet-50) 4.0 27.9 56.4 68.1
H-T [14] (ResNeXt-101) 4.0 28.9 57.4 69.0
H-T [14] (ViT) 3.0 33.5 62.1 72.8

UT-FCL (ResNet-50) 3.6 30.7 58.5 69.6
UT-FCL (ResNeXt-101) 3.0 31.6 60.1 71.0
UT-FCL (ViT) 2.7 37.4 65.4 75.4

Table 4 Comparison of different Unified Text Encoder (UTE)
settings. Experimental results reported on the test set
of Recipe1M, with rankings of size N = 10k.

Head# Layer#
Image-to-Recipe

medR ↓ R1 ↑ R5 ↑ R10 ↑
4 2 4.0 27.9 55.2 66.5
4 4 4.1 27.5 54.8 66.3
8 4 3.6 30.7 58.5 69.6

Table 5 Comparison with Hierarchical recipe Transformer in
terms of model efficiency and computational cost. Both
methods use ResNet-50 as the image encoder.

Method
# of parameters

Memory
Feature

Recipe Image Extraction
Encoder Encoder Time

H-T [14] 39,998,976 25,606,208 263 MB 5,884.74 s
UT-FCL 21,263,872 24,557,120 181 MB 2,951.90 s

hance performance, an appropriately complex encoder with

sufficient text feature extraction capability should be used.

3.4 Model Efficiency and Computational Cost

We further measured the model efficiency and com-

putational consumption of UT-FCL against the recent

transformer-based H-T, presented in Table 5. We can ob-

serve that UT-FCL greatly outperforms H-T in three met-

rics. UT-FCL adopted simple network structures to achieve

efficient cross-modal retrieval. Thus, it supports the claim

that it requires low computational cost.

4. CONCLUSION

In this paper, we proposed UT-FCL, a simple and efficient

model for cross-modal recipe retrieval. UT-FCL utilizes

a unified transformer-based encoder; UTE, to encode the

entire recipe and its components, reducing model memory

and improving encoding efficiency. We also introduced fine-

grained CL objectives to capture component-image relation-

ships. These objectives guide the IE and UTE to generate

effective representations by maximizing the MI of positive

samples and minimizing that of negative samples. Extensive

experiments on Recipe1M dataset confirmed the efficiency

of UT-FCL. Subsequently, we will focus on cross-modal in-

teraction of recipes and images, and explore ways to extract

more informative features.

Acknowledgments

This work was supported in part by the JSPS KAKENHI

Grant Number 22H00548, China Scholarship Council, Post-

graduate Scientific Research Innovation Project of Hunan

Province under Grant QL20220096.

4



The 26th Meeting on Image Recognition and Understanding

References

[1] Bell, A. J. and Sejnowski, T. J.: An information-
maximization approach to blind separation and blind de-
convolution, Neural Comput., Vol. 7, No. 6, pp. 1129–1159
(1995).

[2] Carvalho, M., Cadène, R., Picard, D., Soulier, L., Thome,
N. and Cord, M.: Cross-modal retrieval in the cooking con-
text: Learning semantic text-image embeddings, Proceedings
of the 41st International ACM SIGIR Conference on Re-
search & Development in Information Retrieval, pp. 35–44
(2018).

[3] Chen, J.-J., Ngo, C.-W., Feng, F.-L. and Chua, T.-S.: Deep
understanding of cooking procedure for cross-modal recipe
retrieval, Proceedings of the 26th ACM International Con-
ference on Multimedia, pp. 1020–1028 (2018).

[4] Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn,
D., Zhai, X., Unterthiner, T., Dehghani, M., Minderer, M.,
Heigold, G., Gelly, S., Uszkoreit, J. and Houlsby, N.: An im-
age is worth 16x16 words: Transformers for image recognition
at scale, Computing Research Repository arXiv Preprints,
arXiv:2010.11929 (2020).

[5] Fain, M., Twomey, N., Ponikar, A., Fox, R. and Bollegala,
D.: Dividing and conquering cross-modal recipe retrieval:
from nearest neighbours baselines to SOTA, Computing Re-
search Repository arXiv Preprints, arXiv:1911.12763 (2019).

[6] Gutmann, M. and Hyvärinen, A.: Noise-contrastive estima-
tion: A new estimation principle for unnormalized statistical
models, Proceedings of the 13th International Conference on
Artificial Intelligence and Statistics, pp. 297–304 (2010).

[7] Hadsell, R., Chopra, S. and LeCun, Y.: Dimensionality re-
duction by learning an invariant mapping, Proceedings of the
2006 IEEE Computer Society Conference on Computer Vi-
sion and Pattern Recognition, Vol. 2, pp. 1735–1742 (2006).

[8] He, K., Fan, H., Wu, Y., Xie, S. and Girshick, R.: Momen-
tum contrast for unsupervised visual representation learning,
Proceedings of the 2020 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pp. 9729–9738 (2020).

[9] He, K., Zhang, X., Ren, S. and Sun, J.: Deep residual learn-
ing for image recognition, Proceedings of the 2016 IEEE Con-
ference on Computer Vision and Pattern Recognition, pp.
770–778 (2016).

[10] Hochreiter, S. and Schmidhuber, J.: Long short-term mem-
ory, Neural Comput., Vol. 9, No. 8, pp. 1735–1780 (1997).

[11] Hyvärinen, A. and Oja, E.: Independent component anal-
ysis: Algorithms and applications, Neural Netw., Vol. 13,
No. 4—5, pp. 411–430 (2000).

[12] Li, L., Li, M., Zan, Z., Xie, Q. and Liu, J.: Multi-
subspace implicit alignment for cross-modal retrieval on
cooking recipes and food images, Proceedings of the 30th
ACM International Conference on Information and Knowl-
edge Management, pp. 3211–3215 (2021).

[13] Miech, A., Alayrac, J.-B., Smaira, L., Laptev, I., Sivic, J.
and Zisserman, A.: End-to-end learning of visual represen-
tations from uncurated instructional videos, Proceedings of
the 2020 IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 9879–9889 (2020).

[14] Salvador, A., Gundogdu, E., Bazzani, L. and Donoser, M.:
Revamping cross-modal recipe retrieval with hierarchical
transformers and self-supervised learning, Proceedings of the
2021 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, pp. 15475–15484 (2021).

[15] Salvador, A., Hynes, N., Aytar, Y., Marin, J., Ofli, F., We-
ber, I. and Torralba, A.: Learning cross-modal embeddings
for cooking recipes and food images, Proceedings of the 2017
IEEE Conference on Computer Vision and Pattern Recog-
nition, pp. 3020–3028 (2017).

[16] Shukor, M., Couairon, G., Grechka, A. and Cord, M.: Trans-
former decoders with multimodal regularization for cross-
modal food retrieval, Proceedings of the 2022 IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pp. 4567–4578 (2022).

[17] Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones,
L., Gomez, A. N., Kaiser,  L. and Polosukhin, I.: Attention
is all you need, Adv. Neural Inf. Process. Syst., Vol. 30, 11
pages (2017).

[18] Wang, H., Sahoo, D., Liu, C., Lim, E.-p. and Hoi, S. C.:
Learning cross-modal embeddings with adversarial networks
for cooking recipes and food images, Proceedings of the 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 11572–11581 (2019).

[19] Wu, Z., Xiong, Y., Yu, S. X. and Lin, D.: Unsupervised

feature learning via non-parametric instance discrimination,
Proceedings of the 2018 IEEE Conference on Computer Vi-
sion and Pattern Recognition, pp. 3733–3742 (2018).

[20] Xie, S., Girshick, R., Dollár, P., Tu, Z. and He, K.: Ag-
gregated residual transformations for deep neural networks,
Proceedings of the 2019 IEEE Conference on Computer Vi-
sion and Pattern Recognition, pp. 1492–1500 (2017).

[21] Zhu, B., Ngo, C.-W., Chen, J. and Hao, Y.: R2GAN:
Cross-modal recipe retrieval with generative adversarial net-
work, Proceedings of the 2019 IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pp. 11477–11486
(2019).

5


